
Helsinki University of Technology
Department of Engineering Physics and Mathematics

Ulpu Remes

Speaker-Based Segmentation and Adaptation

in Automatic Speech Recognition

Master’s thesis submitted in partial fulfillment of the requirements for the degree
of Master of Science in Technology

Espoo, April 26, 2007

Supervisor: professor Erkki Oja
Instructor: docent Mikko Kurimo



Preface

This work was done in the Laboratory of Computer and Information Science at the
Helsinki University of Technology during the years 2006 and 2007. It was supported
by the Academy of Finland and the Finnish National Technology Agency (Tekes)
in the projects New adaptive and learning methods in speech recognition and New

methods and applications for speech technology. I thank professor Erkki Oja for su-
pervising the thesis. I thank my instructor docent Mikko Kurimo for the opportunity
to work in the speech group and for the valuable advice he has given. This work
would not have been possible without the prior work done in the speech group, and
thus, I have the current and former speech group members to thank. I would like
to take this opportunity to especially thank Janne Pylkkönen, Teemu Hirsimäki and
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Huolella opetettu puheentunnistusjärjestelmä toimii varsin hyvin opetusvai-
heesta tutuissa olosuhteissa, mutta uusi puhuja tai ympäristö usein heikentää
järjestelmän suorituskykyä. Puheentunnistustuloksia voidaan siksi parantaa an-
tamalla järjestelmän mukautua kullekin puhujalle paremmin soveltuvaksi. Puhu-
jakohtainen mukautuminen ei kuitenkaan ole mahdollista, ellei järjestelmä tiedä,
kuka milloinkin on äänessä. Puhetallenteita ei ole tavallisesti jaettu osiin puhujan
mukaan, joten tarvitaan automaattisia menetelmiä puhujien erotteluun. Puhuja-
kohtaisen segmentoinnin tavoitteena on jakaa annettu aineisto puheenvuoroihin,
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Tässä työssä selvitetään, kuinka puhujanvaihdokset voidaan havaita erilaisuus-
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uutislähetyksistä. Saadut tulokset osoittavat, että puhujakohtainen segmentointi
ja mukautuminen yhdessä parantavat puheentunnistustuloksia merkittävästi.
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Symbols and abbreviations
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EM Expectation-maximisation
FAR False acceptance rate
FFT Fast Fourier transform
FRR False rejection rate
GMM Gaussian mixture model
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MFCC Mel-frequency cepstral coefficients
ML Maximum likelihood
MLLR Maximum likelihood linear regression
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YLE Finnish Broadcasting company: Finnish television news
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Chapter 1

Introduction

Speech recognition has long been a dream that is just about to come true. There are,
after all, applications where speech recognition works quite well, but most often these
have the system trained to recognise certain commands rather than continuous speech
with unlimited vocabulary, and to have a computer convert generic language into
written text still remains a formidable challenge. Speech recognition with unlimited
vocabulary is difficult, because without any limitations, there is no context either:
for a machine, it seems perfectly sensible to have a cup of coffee with dream and
sugar. Different speakers and environments increase the chance to misunderstand
and hence make the speech recognition task even more challenging.

Speech recognition actually works quite well when trained for one speaker in low-
noise conditions, but change the conditions, and the system performance will surely
degrade. Thus, robustness is one major question in speech recognition, and a ques-
tion with many answers it is. We may train the system with speech data collected
from various environments in order to improve the noise robustness, and similarly, we
can use data from several different speakers to make the system speaker-independent.
However, speaker independent systems are not quite as accurate as speaker depen-
dent systems, for they model the average speaker, and although some speakers come
very close to this model, equally many are not well-represented [50].

We truly make automatic speech recognition difficult, for we all sound different even
if the words uttered are the same. Sometimes we notice this ourselves, and some-
times not. We can observe cultural differences in intonation and pronunciation, for
example, and we notice environmental differences like traffic noise or poor telephone
connection. However, differences inherent to anatomical characteristics like vocal
tract shape and length we do not pay any attention to, and yet for a speech recog-
niser, they are as fatal as any other differences.

Speaker adaptation techniques alter the speaker-independent model to better match
a specific speaker. Speakers still need to provide the system with some speech data,
but speaker adaptation does not need anywhere near as much data as training would
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CHAPTER 1. INTRODUCTION 9

do, and if necessary, it is possible to do adaptation on-line. A common approach to
speaker-based adaptation would be linear transformation methods like constrained
maximum likelihood linear regression (CMLLR). In CMLLR, the features chosen
to represent the speech signal are treated with speaker-specific linear transforma-
tions to have them better match the speaker-independent model [21]. CMLLR and
other speaker adaptation methods have proven very efficient in improving speech
recognition results.

In order to estimate the speaker-specific transformations, we would, however, need
to know the speakers. We do not need to recognise the speakers in the sense that
we would find a name or some other identity for each speaker, but we need to know
when speakers change, and we need to know if some have spoken several times. In
news broadcasts, for example, where speakers change frequently and new speakers
appear, such information is not often available in advance, but speaker segmentation
methods are needed before we can apply speaker adaptation.

Speaker-based segmentation is expected to divide the audio to speaker turns that
determine which speaker is active at the time. Thus, each turn is associated with one
speaker only, whereas speakers may take several turns. Given no prior information on
the speakers, we must first find the speaker change boundaries that define where one
turn ends and another begins, and then label the speaker turns correctly. Speaker-
based segmentation is also essential in many speech technology applications like
retrieval and browsing of large automatically transcribed audio files and the analysis
of spoken dialogs and multi-party meetings.

In this work, we are primarily interested in finding a speaker segmentation method
that could provide the speaker turns for speaker-based adaptation. To this end,
we discuss some popular speaker change detection methods and distance metrics,
and compare the two most common approaches in speaker turn labelling: we have a
well-known speaker model based method [9] and a new method that couples speaker-
based segmentation and adaptation. Our method is quite similar to that proposed
in [76], where speaker-dependent models were utilised in labelling speaker turns. The
main difference between that method and the method proposed here is that we use
speaker-dependent feature transformations as opposed to speaker-dependent models.

Speaker-based segmentation and adaptation are tested in speech recognition frame-
work with the large vocabulary continuous speech recognition (LVCSR) system de-
veloped in the Laboratory of Computer and Information Science at the Helsinki
University of Technology. The speech recogniser can be trained for different lan-
guages and has been tested with Finnish and Estonian [41] for example. The system
does speaker adaptation and normalisation if given speaker-labelled audio files. In
this work, a metric-based speaker change detection method and the two methods dis-
cussed for speaker turn labelling were implemented in the system to enable automatic
speaker-based segmentation. Several tests were conducted with Finnish and English
broadcast news audio to measure the system performance. The results indicate that
speaker-based segmentation and adaptation significantly improve the speech recogni-
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tion results, and the new speaker labelling method based on speaker-specific feature
transformations is found to have a performance comparable to that of the well-known
speaker model based method [9].

This thesis begins with a short introduction to speech recognition in Chapter 2.
Emphasis is on acoustic modelling, for the speaker adaptation techniques discussed in
Chapter 3 operate on the acoustic models or features. Speaker segmentation methods
are presented in Chapter 4, and in Chapter 5 we test speaker-based segmentation
and adaptation with English broadcast news data and Finnish television news audio.
We evaluate the results from speaker segmentation as well as speaker adaptation or
speech recognition perspective. Chapter 6 then summarises the results and discusses
possible future improvements, thus concluding this work.



Chapter 2

Speech Recognition

Large vocabulary continuous speech recognition (LVCSR) is among the most chal-
lenging areas in automatic speech recognition. Continuous speech is harder to recog-
nise than isolated words, for there are no pauses to indicate when a word should
end and another begin. And of course, the larger the vocabulary, the easier it is
to confuse the recogniser. It is hard for humans to understand this, for we do not
remember the time when we were still learning, when spoken words made no sense,
had no ideas attached to them. Given that automatic systems most often do not
understand natural language, it is quite surprising, actually, how well they manage
speech recognition. Following discussions related to automatic speech recognition
are largely based on [59].

Speech is most often represented with the signal waveform, but this representation
is not well-suited for speech recognition as it is quite complex and passes on more
information than the spoken words alone: for example, one can read emotions from
the speech signal waveform, for emotions reflect to fundamental frequency, amplitude
variations and speech rate [71]. We do not wish to recognise emotions, so we would
like to represent the speech signal with features that conserve only the information
that is essential for speech recognition. LVCSR systems then seek to find the word
sequence W that has most likely produced the observed features O = {o(τ)},
where o(τ) denotes the features at time τ . Probabilities for different word sequences
given that we have certain observations are expressed with the posterior probability
P (W |O) ∝ P (O|W )P (W ), where P (O|W ) is the feature likelihood and P (W ) the
word sequence probability. Observations are matched against acoustic models to
calculate the feature likelihood, and language models are used to obtain the word
sequence probabilities. This information is utilised in the decoder to produce the
speech recognition result. The speech recognition process is illustrated in Figure 2.1.

In the following sections, we focus on the features and the acoustic models, for speaker
segmentation and adaptation are applied on this territory. Features are discussed
in Section 2.1 and acoustic models in Section 2.2. Language models are described
with a few words in Section 2.3 just in order to complete the picture, and although

11



CHAPTER 2. SPEECH RECOGNITION 12

DECODER
acousticfeature

extraction models
language

recognised textspeech signal

P ( W|O )max P ( W )P ( O|W )

models

Figure 2.1: Speech signal is represented with features that are linked to letters and
words through acoustic models and a lexicon or a pronunciation dictionary. Acoustic
information is passed on to the decoder for speech recognition, and language models
aid the decoder in constructing meaningful sentences [59].

the decoder is very important in a large vocabulary continuous speech recognition
system, it does not need to be discussed within the limits of this work.

2.1 Feature extraction

Speech recognition process begins with speech signal parametrisation. We seek to
find features that would preserve the information carried in the speech signal about
the words spoken, but at the same time, we wish the features to be invariant to
changes in speaker or environment. It is believed that the discriminative information
in speech signal is stored where the human ear is most sensitive, for studies on
speech and language evolution indicate that our auditory sensitivities have initially
restricted the sounds that were considered for speech [39]. The human auditory
system along with the speech signal characteristics has given inspiration for several
speech modelling techniques like perceptual linear predictive (PLP) [30] and relative
spectral (RASTA) [31] analysis.

Speech information is primarily conveyed in the short-time spectrum. Changes in
speech signal are relatively slow, so the signal is almost stationary over a short pe-
riod of time, and can be modelled with a spectrum. Speech signal is hence divided
to frames, which are overlapping time windows with duration most often between
10 ms and 25 ms, and a short-time spectrum is calculated from each frame. The
spectral information is extracted from the speech waveform with, for example, linear
predictive coefficients (LPC) or fast Fourier transform (FFT) and treated with cep-
stral transformation to separate the harmonic components and the more important
vocal tract shape information [26, 59].

Before calculating the short-time spectrum or even dividing the signal to frames, it
is filtered with a first-order finite impulse response (FIR) high-pass filter given as

H(z) = 1 − az−1, (2.1)
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where a is typically between 0.9 and 1.0, and values around 0.95 are most popu-
lar [59]. Pre-emphasis filtering flattens the spectrum, for speech signal spectrum
usually decreases towards the higher frequencies due to physiological characteristics
of the human speech production system [17]. Spectrum does not, however, decrease
with fricatives like /s/ or /f/. Another motivation for pre-emphasis filtering is that
hearing is more sensitive on frequencies above 1 kHz.

For a sampled signal, the spectrum may be calculated with the discrete Fourier
transform (DFT), although the computationally more efficient FFT method is most
often used in applications. The short-time DFT spectrum in frame τ is calculated as

S(k, τ) =
N−1
∑

n=0

w(n)s(n, τ) exp(−j2πkn/N) (2.2)

where N is the frame length in samples, s(n, τ) the time-domain speech signal and
w(n) a window function. Speech signal is windowed in order to minimise the discon-
tinuities at the frame edges. The standard choice for w(n) is Hamming window [59].

Studies have shown that humans have a good frequency resolution in low frequencies,
but distinguishing high frequencies is difficult for us. Thus, a human might say that
pitch is halved when the frequency decreases from 200 Hz to 100 Hz, but also when
the frequency decreases from 3500 Hz to 1000 Hz. Perceptual frequency scales like
mel scale approximate the logarithmic frequency scale of the human ear. To construct
a mel-frequency spectrum from the linear FFT spectrum, M triangular bandpass
filters are placed onto the frequency axis with uniform spacing in the logarithmic
mel scale, and the average energy is computed over each band. Filter bandwidths
are such that the width is constant in the logarithmic scale [15].

Finally, a discrete cosine transform is applied to the mel-scale log-energy spectrum to
calculate the cepstral features known as mel-frequency cepstral coefficients (MFCC),

c(n, τ) =
2

M

M
∑

m=1

log |P (m, τ)| cos

(

m
2π

M
n

)

, (2.3)

where P (m, τ) is the average energy calculated from the m-th filter output [17]. The
first 10 - 16 MFCC are adopted as features, for they describe the spectral envelope,
which in turn characterises vocal tract shape. Spectral envelope can thus discriminate
between different phonemes, whereas harmonic components carried in the higher
MFCC are not relevant from speech recognition perspective. The other reason for
selecting the MFCC features would be that they are almost decorrelated and can
be modelled reasonably well with multivariate Gaussian distributions with diagonal
covariances. Also, since cepstral transformation separates linear time-invariant (LTI)
channel effects and the input signal, removing time-average from the output cepstrum
delivers the original speech signal [17].

In addition to the MFCC, logarithmic speech signal power is also used as a feature.
The first and second differentials are calculated for the MFCC and power in order to
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include temporal dynamics to the features. The delta features are calculated as [59]

∆(n, τ) =
L

∑

l=1

l (c(n, τ + l) − c(n, τ − l))/
L

∑

l=1

l2, (2.4)

where L is the delta-window length in frames. Second differentials or delta-deltas are
calculated in replacing the c(n, τ) with ∆(n, τ) in Equation 2.4. MFCC and power
features along with their first and second differentials form the feature vectors o(τ).

2.2 Acoustic modelling

Phonemes make up spoken words and utterances, just like letters make up written
text. In handwritten character recognition, each character is represented with some
features and statistical pattern recognition is applied to match the features with a
specific letter. We similarly wish to match our features with phonemes. However,
phonemes do not correspond to certain features like this, but rather they correspond
to feature chains. Phonemes have a time structure, and the acoustic models are
needed to account for this. Hidden Markov models (HMM) are a common choice for
acoustic modelling, for they are simple, and thus computationally feasible, but still
able to catch the important properties of speech quite well [60].

Hidden Markov models [60] are based on Markov chains, statistical models consisting
of states and transition probabilities between the states. At any time t, the system
is described as being in one of the states {1 . . . N}. We denote the state at time t as
qt. Given a discrete-time Markov chain, the probability of being in certain state j at
the next instant of time is only dependent on the current state i,

P (qt+1 = j | qt = i, qt−1 = k, . . .) = P (qt+1 = j|qt = i). (2.5)

This probability is called the transition probability from state i to state j and it is
often denoted with aij [60]. Transition probabilities are not dependent on the time t.

The hidden Markov models differ from the classic Markov chain in that the states are
not observable, and thus, we cannot see which state the system is in or which states it
has visited before. Instead, we get to observe features sampled from state-dependent
distributions. Different states can most often generate the same features, but with
different probabilities, as illustrated by a simple example in Figure 2.2. The state-
dependent probabilities for different features are called observation probabilities. In
speech recognition, the states correspond to phonemes or other acoustic units that
we wish to recognise, and thus, we would like to find the state sequence hiding behind
the features extracted from the speech signal.

We can use the observed features to track which states the system could have trav-
elled if both the transition and the observation probabilities are known. Note that
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1 2

0.5 0.9

0.5

0.1

P(G) = 0.5
P(B) = 0.4
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P(G) = 0.2
P(B) = 0.3

P(R) = 0.1

O = { B G B B R B R R G R R B G G B R R G B G G }

Figure 2.2: Assume there are two large bowls filled with red (R ), green (G ) and
blue (B ) balls, and we are given the ratios between different balls in bowls 1 and 2.
First, a bowl is selected at random and someone is asked to pick a ball eyes-closed.
She will announce which colour ball she picked and return the ball to the container.
Then she can either draw another ball from the same bowl or ask for the other bowl
and draw a ball from there. If she currently has bowl 1, she is indifferent about this
choice, but if she has bowl 2, she is not likely to change the bowl. When she draws
a ball from either bowl, we get to hear the colour, but we do not see the bowl nor
do we know her decision about changing the bowl. This entire process generates
a colour sequence that can be modelled with a two-state hidden Markov model as
illustrated above [60].

we cannot just maximise the feature likelihood with respect to the state sequence,
for some state sequences that could have well produced the observed features may
contain state transitions that are very unlikely. Thus, we seek for the state sequence
q that maximises the joined probability P (O,q|Λ), where O = {o(τ)} are the ob-
served features and Λ the HMM model parameters. This state sequence can be found
with the Viterbi algorithm introduced in [70]. Observed features o(τ) are assumed
statistically independent.

The transition and observations probabilities, HMM model parameters, are learned
from data with re-estimation formulas derived from maximising the auxiliary func-
tion [60]

Q(Λ|Λ′) =
∑

q

P (O,q|Λ′) log P (O,q|Λ) (2.6)

over Λ. The old model parameters are denoted with Λ′. Maximising the auxiliary
function is guaranteed not to decrease the feature likelihood P (O|Λ). This optimisa-
tion procedure is similar to the EM algorithm with calculating the auxiliary function
value given the model set Λ′ (expectation) and maximising it over Λ (maximisation).

In order to properly model the continuous observations, HMM states are associated
with probability density functions. The most common are the mixture of Gaussians.
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With a Gaussian mixture model (GMM), the observation probabilities are given as

bj(o(τ)) =
K

∑

k=1

cjk N (o(τ)|µjk,Σjk), (2.7)

where cjk is the weight, µjk the mean and Σjk the covariance of the k-th Gaus-
sian in state j [60]. Gaussian mixture models make a reasonable model for the
MFCC features often used in speech recognition. Re-estimation formulas for HMM
parameters with states modelled as Gaussian mixture models are given in e.g. [60].
Gaussians could also be replaced with another log-concave or elliptically symmetric
distribution.

Also, the acoustic units we model need not be phonemes, but other basic speech units
could be chosen as well. In fact, phonemes alone are not adequate in representing the
spectral and temporal properties of speech, and thus, they are often accompanied
with some context information. Triphones, phonemes together with their left and
right context, are a common choice for acoustic units. The selected units are modelled
as HMM chains with some 3 - 5 states. HMM states may also be associated with
duration models [58].

HMM models have served well in speech recognition applications although they are
somewhat limited in modelling speech; the Markov assumption itself is inappropriate
for one should expect that the dependencies in speech carry further than to the
next state alone [60]. An alternative for the HMM based acoustic modelling would
be template matching, where acoustic units are associated with a set of possible
representations, sequences of speech frames, and pattern matching techniques with
dynamic time alignment are then applied to compare the template sequences and
the input speech signal [59].

Note that the phoneme or other acoustic unit models are not sufficient in deciphering
normal continuous speech, for neighbouring phonemes affect heavily on each other,
and thus, recognising a phoneme may be impossible without knowing the context.
A phoneme is not necessarily even pronounced, if it is taken to be obvious from the
context on word or sentence level. Also, there are no silences in between the words
in continuous speech so setting the word boundaries would be impossible without
knowing the words.

A lexicon holds the phonetic transcriptions for all the words known to the system.
In Finnish, all phonemes apart from /ng/ correspond to a certain letter, but in En-
glish, for example, a pronunciation dictionary is needed to map words to phonemes.
Lexicon may also contain several transcriptions for a word. With a lexicon, we form
word models from the acoustic unit models as illustrated in Figure 2.3. Each word
in the lexicon has a unique path connecting the acoustic unit models. Word models
are utilised in calculating the feature likelihoods P (O|W ).
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/t/

/v/ /a/

/e/

/o//t/

Figure 2.3: Finnish words auto, aava and aate as phoneme sequences with
phonemes modelled as three-state HMM chains. Words are stored in a lexicon often
represented as a tree where each path from the root to the leaves corresponds to a
different word.

2.3 Language modelling

Language models have information of the words and their relations. They can be
used to discard improbable words and to decide between acoustically similar words.
Suppose, for example, a word has been recognised as being either “hours” or “ours”
based on acoustic information and the word models. If we believe the preceding word
is “three”, the latter interpretation would not make much sense, and the utterance
is more likely “three hours”.

Language models estimate the word sequence probabilities P (W ) most often with
an n-gram model. In n-gram modelling, we assume the word probabilities can be
estimated based on the n − 1 preceding words alone. Hence, the word probability
is given as P (wt) = P (wt|wt−1 . . . wt−n+1). Word sequence probability, then, is the
product of the word probabilities. In most cases, the word probabilities need to be
estimated from a textual training corpus by computing the relative frequencies for
the word sequences of length n. Relative frequencies calculated for different n may
also be interpolated for a more reliable probability estimate [59].

Language models cannot contain all possible words and word forms, for there would
be too many. It is customary to choose only the words most frequent in the training
corpus to the lexicon. This certainly is a problem in languages like Finnish or Turkish,
for example, where inflections are common. Thus, shorter units such as syllables
or morphemes would be more suited than words for language modelling [32]. An
unsupervised method for extracting morpheme-like subword units from text corpus
is presented in [14]. A corpus segmented to morphs may be used to train morph-
based language models, that are expected to cover the language better than models
using the same number of words could do. It should be noted, though, that word
boundaries are not recognised automatically as with words, but the recogniser needs
to hypothesise a word boundary after each morph.



Chapter 3

Speaker-Based Adaptation

Variation in speaker characteristics as well as in environmental conditions degrade
the speech recognition performance as the acoustic models become mismatched with
the speech data. Speaker-based adaptation and normalisation seek to compensate
the mismatch between the speaker-independent model and the speech data. Speaker
adaptation methods work in the model-space transforming the acoustic models to
better match the new speaker and conditions, whereas speaker normalisation meth-
ods modulate the speech signal for a better resemblance with the average speaker
represented by the acoustic models.

The most common method for speaker-based normalisation is vocal tract length
normalisation (VTLN), which is used to compensate the variation different vocal
tract lengths introduce to speech spectrum (see Figure 3.1). VTLN methods re-scale
the frequency axis to normalise the spectrum. There is usually one parameter that
defines how the frequency axis should be scaled. This may be estimated based on
formant positions [20], but it is more common to perform a grid search over possible
parameter values and choose the frequency warping that maximises the likelihood of
normalised features [74]. VTLN methods do not generally produce error reductions
quite as notable as speaker adaptation methods [75], but if normalisation is applied to
the acoustic training data, VTLN methods can substantially improve the recognition
results when the amount of training data is very limited [20].

Speaker adaptation methods come in many forms, but most common so far have been
the maximum a posteriori (MAP) methods and linear transformation methods such
as maximum likelihood linear regression (MLLR). Also, there are some interesting
speaker clustering or speaker space methods like cluster adaptive training (CAT) [22]
and eigenvoice techniques [40]. The general idea is to combine the speaker-dependent
models for the unknown test speakers from a set of canonical models, that have been
estimated from the training data. The speaker clustering/speaker space adaptation
methods are strong in that they can give a good performance on small amount of
adaptation data [72]. However, if the environmental conditions are considerably
different in training and test data, the canonical speaker models need to be adapted

18
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Figure 3.1: Women have on average a shorter vocal tract than men, and thus, the
formants in speech signal spectrum are located at higher frequencies when speaker
is female. Female speaker may exhibit formants even 20 % higher compared to male
speakers [20]. In order to normalise speech to correspond to the speaker-independent
models trained with both male and female speakers, female speech spectra are most
often compressed and male speech spectra are stretched.

to match the test environment in order to get proper results [52].

It is not uncommon to combine speaker normalisation and adaptation, either. Error
reductions are essentially additive when maximum likelihood linear regression is ap-
plied after vocal tract length normalisation [56, 69, 75]. However, VTLN methods
do not improve the results as much if followed with constrained maximum likelihood
linear regression (CMLLR) instead [69]. CMLLR differs from MLLR in that lin-
ear transformations are applied to features rather than acoustic model parameters.
Pitz and Ney [55] proved analytically that frequency warping corresponds to linear
transformation in cepstral space, and thus, to constrained maximum likelihood linear
regression with the restriction to one adjustable parameter. The result was derived
with plain cepstrum, but is expected to hold for mel-warped cepstrum alike.

Speaker-based adaptation has also been researched in the Laboratory of Computer
and Information Science. Siivola [63] introduced an online speaker adaptation method
derived from maximum a posteriori adaptation and self-organising maps (SOM).
Creutz [13] experimented with MAP and MLLR adaptation, and proposed a method
for duration adaptation to compensate for variations in speech rate. A method for
selecting adaptation data with certain phonetical profile was also developed and
tested.

In this work, we concentrate on the linear transformation methods and the con-
strained maximum likelihood linear regression (CMLLR) in particular, but also
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MAP and MLLR are discussed briefly. Speaker adaptation methods are assessed
based on their needs for adaptation data and their convergence properties, for ide-
ally, we would be able to get a good estimate for the speaker adapted model based
on a limited amount of adaptation data, and should more data become available,
the adapted model would converge to the true speaker-dependent model. The true
speaker-dependent model is the model we would get if we trained the acoustic models
with speech data from this specific speaker.

3.1 Maximum a posteriori estimation

In maximum a posteriori (MAP) parameter estimation, generally, the parameter
values are chosen from the mode of the distribution p(X|Λ)p(Λ), where X is the
observed data and Λ denotes the model parameters. With prior distribution p(Λ),
not much data is needed to get valid parameter estimates. Thus, MAP estimation
would seem well suited for speaker adaptation purposes.

The prior distribution is commonly chosen from the same family as the posterior
distribution. However, for mixture Gaussian HMM models such conjugate prior
does not exist in finite dimension. Gauvain and Lee [25] thus proposed on alternative
approach where the GMM means are updated as

µ̂k =
υ µ

(0)
k +

∑

τ γk(τ)o(τ)

υ +
∑

τ γk(τ)
(3.1)

where µ̂k is the adapted mean for Gaussian k and µ
(0)
k the prior mean value, γk(τ)

are the posterior probabilities for being in Gaussian k at time τ given the observed
features o(τ), and υ is a meta-parameter that gives the bias between the observation-
based maximum likelihood mean estimate and the prior mean [72]. Similar rules may
be used to update the mixture variances and weights [25].

As the amount of adaptation data increases towards infinity, the MAP estimates con-
verge to the maximum likelihood estimates and the adapted model becomes similar
with the true speaker-dependent model [25]. When the adaptation data is limited
in size, however, problems arise from that the MAP approach is a local approach
in the sense that only parameters that are observed in the adaptation data are up-
dated. Thus, the adaptation rate is usually slow, and the models adapted based on
one short utterance from a specific speaker do not necessarily make any difference in
recognising other utterances from the same speaker.

3.2 Linear transformation adaptation

Model parameters may also be adapted with a linear transformation. The advantage,
here, is that the same transformation may be used on several, if not all, model
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parameters, so that even the parameters not observed in the adaptation data may be
adapted to the new speaker. Regression classes, that share the transformation, may
be defined based on broad phonetic classes or clustering similar mixture components
with a regression class tree method [42].

Legletter and Woodland [43] proposed the maximum likelihood linear regression
(MLLR) for Gaussian mean parameter adaptation, and Gales and Woodland [23]
further extended the MLLR framework to adapting the model covariances. In MLLR,
the Gaussian mean parameters are updated according to a linear transformation as

µ̂ = Aµ + b, (3.2)

where A and b are the mean transformation matrix and bias. If both the means and
covariances are adapted, it is common to optimise the transformation parameters in
two stages. Thus, we first keep the covariances fixed and estimate the mean transfor-
mation parameters so that the adapted models maximise the feature likelihood in the
adaptation data set. Then we trade places and fix the mean and find the maximum
likelihood transformation for the covariances. The covariances Σ are updated as [23]

Σ̂ = LHLT , (3.3)

where L is the Choleski factor of the covariance matrix Σ and H is the covariance
transformation matrix, or with an alternative rule proposed in [21],

Σ̂ = HΣHT . (3.4)

When H is a simple diagonal transformation, the same results are obtained with
both approaches, but with full transformations, the transformation matrices as well
as the final results depend on whether Equation 3.3 or Equation 3.4 is chosen [21].

Linear transformation methods usually outperform the MAP adaptation when rel-
atively small amount of data is available for parameter estimation. However, linear
transformation methods also do not benefit from more adaptation data after certain
limit, and thus, the speaker-dependent performance may never be reached. This
would, of course, depend on how many different transformations are estimated for
the model [72].

MAP and MLLR adaptation are both applied to the model parameters directly.
Thus, in speaker-based adaptation, the methods create a new model for each speaker.
A transformation applied to features rather than model parameters would be better
in a multi-speaker environment, since we then needed to store just the speaker-
specific transformations, and our memory requirements would be significantly re-
lieved [45]. Feature transformations are also more convenient than model transfor-
mations in speaker adaptive training (SAT). In this technique, the HMM parameters
and the speaker-specific transformations are both estimated in model training, and
the acoustic models are expected to become less dependent on the speaker specific
characteristics than traditional speaker-independent models [50].
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Digalakis et al. [19] constrained the transformation so that the models are updated as

µ̂ = A′µ + b′ (3.5)

Σ̂ = A′ΣA′T , (3.6)

where A′ and b′ are the transformation matrix and bias for the constrained maxi-
mum likelihood linear regression (CMLLR). CMLLR is fundamentally a model-space
transformation, but in practice, adaptation can be done in the feature space and the
original model parameters need not to be touched.

To rewrite the model-space transformation as a feature-space transformation, re-
member that we wish to set the transformation parameters so that the transformed
model parameters would maximise the feature likelihood. In practice, we are to
maximise the auxiliary function Q(Λ|Λ′) which becomes

Q(Λ|Λ′) = K−
1

2

K
∑

k=1

T
∑

τ=1

γk(τ)[Kk +log(|Σ̂k|)+(o(τ)− µ̂k)
T Σ̂

−1

k (o(τ)− µ̂k)], (3.7)

where the model parameters Λ and Λ′ include the linear transformation matrix A′

and bias b′ and the Gaussian means and covariances. The transformed mean and
covariance in Gaussian k are denoted with µ̂k and Σ̂k, and γk(τ) are the posterior
probabilities of being in Gaussian k at time τ given the observed features o(τ).
K is a constant dependent only on the HMM transition probabilities, and Kk is the
normalisation constant associated with Gaussian k [21]. If we substitute Equation 3.5
and Equation 3.6 in Equation 3.7 and rearrange, we have

Q(Λ|Λ′) = K−
1

2

K
∑

k=1

T
∑

τ=1

γk(τ)[Kk+log(|Σk|)−log(|A|2)+(ô(τ)−µk)
TΣ−1

k (ô(τ)−µk)],

(3.8)
where the model transformation has been written as a feature transformation with

ô(τ) = Ao(τ) + b = Wζ(τ), (3.9)

where the transformation matrix for features A = A′−1 and bias b = A′−1
b′, and

W is the extended transformation matrix and ζ(τ) is the extended observation vector
at time τ [21]. CMLLR is not strictly feature-space because the transformation
also affects likelihood calculations. Feature log-likelihoods have to be corrected by
1
2
ln |A|2 if likelihoods need to be comparable between features not adapted similarly.

We wish to set the linear transformation parameters so that the transformed features
maximise the auxiliary function. Digalakis et al. [19] introduced the maximum like-
lihood solution for a diagonal feature transformation matrix A, and Gales [21] later
extended the CMLLR estimation to cover full scaling matrices. Estimation is again
based on the expectation-maximisation (EM) algorithm [18] and requires iterative
optimisation over rows. The maximum likelihood estimate for the i-th row in W is
given as

wi = (αpi + k(i))G(i)−1 (3.10)
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where pi is the extended cofactor vector pi = [ 0 ci1 . . . cin] and cij = cof(Aij), and n
the feature dimension. Factor α is solved from a simple quadratic equation presented
in [21]. Statistics G(i) and k(i) are calculated as

G(i) =
T

∑

τ=1

ζ(τ)ζ(τ)T

K
∑

k=1

σk(i)
−2γk(τ) (3.11)

k(i) =
T

∑

τ=1

ζ(τ)T

K
∑

k=1

σk(i)
−2µk(i) γk(τ), (3.12)

where µk(i) and σk(i)
2 denote the i-th components of the mean and variance of

Gaussian k and, again, γk(τ) are the posterior probabilities of being in Gaussian k
at time τ . Here, the model covariances are assumed diagonal, but similar estimation
formulas are derived for full-covariance models in [65]. Note, that G(i) and k(i) are
summations over a time interval, and thus, they may be calculated incrementally as
more data becomes available.

3.3 Robustness in linear transformation methods

In order to calculate the posterior probabilities for the Gaussians, we need to have
the state sequence that produced the observed features, or consistently, the words
that were spoken. If we indeed have a word-level transcription of the adaptation
data, the adaptation is supervised. In unsupervised adaptation, then, the true words
uttered are not known, and we must use a decoder given hypothesis instead. Linear
transformations are well-suited for unsupervised adaptation since many parameters
share the same transformation, and thus, occasional errors in the transcription are
averaged out.

Linear transformations also generalise well on unseen data from the same speaker and
conditions. However, if not enough data is provided for parameter estimation, the
results are unreliable and may increase the error rates compared to the baseline [72].
To ensure that the performance is never poorer than with the speaker-independent
model, a threshold needs to be set to prevent speaker adaptation from being used if
enough data is not available. The threshold might be some 1000-1500 frames (around
10 seconds) for estimating a full scaling matrix from 39 dimensional observations [72].
This corresponds on average to two spoken sentences. For diagonal or block-diagonal
matrices, less data is needed.

Various solutions have been proposed for making the linear transformation based
speaker adaptation feasible also when the amount of adaptation data is severely lim-
ited. Chesta et al. [10] introduced a Bayesian counterpart for the standard MLLR,
the maximum a posteriori linear regression (MAPLR). Gunawardana and Byrne [29]
proposed discounted likelihood estimation procedure for the linear transformation
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parameters. In discounted likelihood linear regression (DLLR), the adaptation statis-
tics are interpolated with the speaker independent statistics to avoid overtraining.

Lei et al. [44] introduced a feature-space equivalent for MAPLR, where the MAP
estimate for W is calculated according to Equation 3.10 from the smoothed statistics

G̃(i) = G(i) + S(i)−1 (3.13)

k̃(i) = k(i) + S(i)−1m(i), (3.14)

where G(i) and k(i) are as defined in Equations 3.11 and 3.12, and m(i) and S(i)
are the prior mean and covariance for the i-th row in W. In Bayesian estimation, the
prior is assumed to be known, but we may take the empirical Bayes approach [61]
and estimate the prior from data. Setting the prior is still a problem, since we might
not have enough data similar to the test data to estimate the prior from.



Chapter 4

Speaker-Based Segmentation

Speaker-based segmentation aims at dividing the input audio to personalised speaker
turns. Given no prior information on speakers, the task is to find where speaker
changes take place and then label the detected speaker turns as illustrated in Fig-
ure 4.1. Speakers are not connected to any certain label, but the labels should be
assigned so that the speaker turns with the same speaker share a common label, and
this label is not assigned to any speaker turns from another speaker. In other words,
the speaker turns should be clustered so that each cluster corresponds to a single
speaker.

Numerous speaker change detection (SCD) methods have been proposed for finding
the speaker change boundaries. In this work, the focus is on metric-based speaker
change detection, where the speaker change boundaries are found using a distance
measure that illustrates the dissimilarity between two speech segments. Model-based
speaker change detection methods would use for example Gaussian mixture models
trained for different acoustic classes and assign speech segments to the classes ac-
cording to maximum likelihood principle. Speaker change boundaries would then be
assumed where a change in the acoustic class occurs. Speaker change boundaries
may also be placed where there is silence in the speech stream. Silences are detected
either by the decoder or directly by measuring and thresholding the energy of the
audio signal [38]. Additionally, Canseco-Rodriguez et al. [8] proposed using linguistic
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Figure 4.1: Speaker segmentation first divides the input audio to speaker turns and
then labels the detected turns. The above dialog is taken from the Fisher corpus [11].
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information for speaker change detection in broadcast news transcription task where
certain phrases are common when reporters begin and end their stories.

An alternative for speaker change detection would be to partition the audio into
equally-length speech segments and label them as we would label the speaker turns.
Speaker change boundaries are then set where the speaker label changes. To make
sure there is speech from one speaker only in each segment, the segments have to be
made very short. The segment length is typically set between 0.25 and 2 seconds.
Speaker change detection should create longer segments and thus provide more data
for labelling [45].

Relation between speaker recognition and labelling speaker turns without any prior
information on speakers is similar to that between general classification and cluster-
ing tasks. In speaker recognition, we would train a model for each speaker and use
the speaker models to decide who spoke the given utterance. This corresponds to a
classification task. When speakers are not known beforehand, the classification is to
be done unsupervised: speaker turns are clustered based on some similarity measure
and the clusters thus discovered are adopted as classes. They are associated with
unique class labels, and the speaker turns are then labelled according to the cluster
they belong to. Each cluster is assumed to correspond to a separate speaker, and
class labels are thus referred to as speaker labels in the following discussions.

We will discuss two methods for speaker turn clustering. In speaker model based
clustering, each speaker turn is associated with a feature distribution model. It is
assumed, that the models are different for different speaker, but quite similar for
speaker turns that share the same speakers. Thus, speaker turns may be clustered
according to the distance or dissimilarity between their respective models.

The other option we are interested in is based on the assumption that a speaker-
specific transformation estimated for speaker adaptation purposes is unique in the
sense that each speaker has an optimal transformation, and this transformation is
not optimal for any other speaker. Thus, if we estimate a transformation for a
specific speaker, no other speaker can benefit from this transformation as much as
he would benefit from a transformation estimated specifically for him. Provided that
we get reliable estimates for the speaker-specific transformations, we can recognise
different speakers based on these transformations. Transformations can be used as
speaker models [67] or speaker turns can be clustered so that the clustering solution
may be expected to maximise the feature likelihood as the features are adapted with
speaker-specific transformations estimated for each cluster separately [37].

In the following sections we discuss some methods commonly used in speaker-based
segmentation. Section 4.1 concerns some general issues related to metric-based
speaker change detection methods and presents common distance measures for speaker
model comparison. Section 4.2 discusses speaker model based clustering, and in
Section 4.3 speaker turn clustering is approached form the speaker adaptation per-
spective. Other speaker turn clustering methods such as spectral clustering [53] still
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remain outside the scope of this work. Also, emphasis is on methods that can be
applied to online clustering. Offline methods assume that all the data that is to be
clustered is available from the beginning, but in online clustering, the speaker turns
are clustered sequentially, and any information about the forthcoming speaker turns
is not used in decision making.

4.1 Speaker change detection

Features extracted from speech signal characterise both the spoken message and
the speaker and acoustic conditions. However, features collected from more than
few seconds of speech are expected to fill the feature space in a way that depends
primarily on the speaker and acoustic conditions, and not the particular text spoken
[26]. Thus, if there are no changes in acoustic conditions, speaker change at time t
can be detected comparing feature sets X = {xn} and Y = {ym} that correspond
to speech uttered before and after time t.

The feature sets are often marked with moving windows placed at time t and
shifted with a fixed step ∆ t that determines the resolution of detected speaker
turns [16, 38, 48]. As an alternative, Liu and Kubala [46] suggested testing for
speaker change at hypothesised phone boundaries. The phone level time resolution
makes speaker change detection less time consuming while maintaining an accuracy
comparable to the frame level approach. Hypothesised phone boundaries may not
be accurate, but in speaker adaptation, the transformations are estimated based on
phonetic transcriptions, and thus, even if the speaker change boundary had been
found at a frame that does not correspond to a hypothesised phone boundary, it
would likely be moved to the next phone boundary location when the speaker-specific
transformations are estimated. The phone level approach with moving windows is
illustrated in Figure 4.2.

Another common approach uses a variable-size increasing window to mark a search
area that should contain one speaker change at the most. To test for speaker change,
the search area is bisected at time t to make the feature sets X and Y (Figure 4.3).
Speaker changes are tested at evenly spaced time intervals or at the hypothesised
phone boundaries, for example. The window size is gradually increased and testing
is repeated inside the window until a speaker change is found. Then, a new window
is initialized and set to begin at the detected speaker change boundary. A more
detailed description is presented in [9].

With the variable-size window we get as much features as possible for making the
final decision, but we also test for speaker change at the same locations several times
during the search and the method is thus more time consuming than the moving
windows approach. Also, the window size must not increase too much in one step
in order to avoid having more than one speaker change boundary inside the search
area. Tritschler and Gopinath [68] proposed a rule that increases the window size
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X1 Y1 d1 > threshold

Figure 4.2: Speaker change is tested at consecutive hypothesised phone boundaries
with moving windows. If distance between the features X and Y passes a certain
threshold, we conclude there is a speaker change boundary in between the windows.

more when speaker change boundaries are not likely to occur and suggested not to
re-calculate the distances at the first possible speaker change boundary locations
inside the current window as it is very unlikely that a speaker change boundary
should be found at this area. Zdansky [73] later introduced some modifications that
make it possible to have multiple speaker change boundaries inside the search area.

Delacourt and Wellekens [16] proposed a two-step speaker change detection scheme
that first uses the moving windows approach for initial speaker change detection
(step 1) and then takes all the features from inside the detected speaker turns as
feature sets X and Y in order to validate the detected speaker change boundaries
(step 2). This second pass is expected to remove the many false boundaries that
speaker change detection might create. The procedure is often referred to as speaker
change boundary refinement [48] or local clustering [53].

The speaker change boundaries are observed as local maxima at the trajectory of
the chosen distance or dissimilarity measure d = d(t). Significant local maxima are
detected in comparing the distance to a threshold value T . Liu and Kubala [46] seg-
ment the audio to speech and non-speech before applying speaker change detection,
and since most speaker changes are expected to happen at non-speech, they set the
threshold higher for speech frames. Lu and Zhang [48] propose an adaptive threshold
for speaker change detection under varying environmental conditions, and Delacourt
and Wellekens [16] choose the significant local maxima based on local comparisons
rather than the absolute distance.

In an application where speaker turns are clustered after speaker change detection,
missing true speaker change boundaries is more severe than detecting false bound-
aries, for clustering can remove spurious speaker turn boundaries, whereas missed
boundaries cannot be recovered. Missing true boundaries also leaves speech data
from two or more speakers inside one speaker turn and degrades clustering perfor-
mance. It is thus customary in speaker segmentation task to set the threshold in
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Figure 4.3: Speaker change is tested at each hypothesised phone boundary inside
the current window. The window is divided to features sets X and Y at the hypoth-
esised phone boundaries. Speaker change is detected when the distance between the
feature sets passes a certain threshold. If no speaker change is found, the window
size is increased and testing is repeated at every hypothesised phone boundary inside
the window. If, then, a speaker change is detected, we set a new window to begin
from the speaker change boundary. In case there are multiple hypothesised phone
boundaries where the distance between feature sets passes the threshold, speaker
change boundary is placed where the distance is greatest.
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speaker change detection so that false detections are more likely than missing true
boundaries [68].

Various distance measures have been used to compare the feature sets and detect
speaker changes. The most common choices would be the generalised likelihood ratio
(GLR) [27, 47, 36] and the Bayesian information criterion (BIC) [9, 53, 68]. These
will be discussed in further detail along with another popular distance measure, the
Kullback-Leibler (KL) divergence [48, 7, 53, 62]. Other possibilities would include
the entropy loss tested in [38] and the similarity measures introduced for speaker
recognition in [6] and later applied to speaker change detection task in [16].

Generalised likelihood ratio

To determine if feature sets X = {xn} and Y = {ym} represent the same speaker,
we assume the features are statistically independent and can be modelled as coming
from a multivariate Gaussian distribution. The question is, now, whether or not the
features are from the same Gaussian distribution, and we wish to test the hypothesis:

H0: X and Y are generated by the same speaker

H1: X and Y are generated by different speakers

The likelihood that features in X and Y are from the same Gaussian distribution
and thus represent the same speaker is L0 = p(X,Y |Λ) and the likelihood that the
features come from different distributions is L1 = p(X|Λ1)p(Y |Λ2), where Λ1 and Λ2

denote the model parameters. Taking the common likelihood ratio test for testing
that several normal distributions are identical and replacing the unknown model
parameters with their maximum likelihood estimates we arrive at the generalised
likelihood ratio (GLR) test. The test criterion is

R =
max L0

max L1

(4.1)

with the maximum likelihood values calculated as max p(X|Λ) = [ (2πe)p |Σ̂| ]−
1

2
N ,

where p is the feature dimension, N the feature set size and Σ̂ the maximum likeli-
hood estimate calculated for the model covariance [5]. Note that max L1 ≥ max L0,
and the equality holds when the maximum likelihood model estimates for the feature
sets X and Y are exactly the same. This cannot happen unless the true probability
distributions are Gaussians, which is not generally true for features used in speech
recognition [4].

The generalised likelihood ratio is always greater than zero and less than unity. Thus,
we may define a distance measure comparable to the generalised likelihood ratio by
taking the negative of its logarithm [27]. The generalised likelihood ratio distance is
calculated as

dGLR = −
1

2
[N log |S1| + M log |S2| − (N + M) log |S|] , (4.2)
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Figure 4.4: Assume we have two one-dimensional feature sets with identical sample
covariances S1 and S2. If the feature sets have the same mean, the sample covariance
S calculated over both feature sets is close to the covariances S1 and S2, but if the
mean is different in the two feature sets, the sample covariance S becomes greater.
Thus, the generalised likelihood ratio distance which is based on comparisons be-
tween the sample covariances is also dependent on the differences observed in the
mean value. As the mean is more sensitive to various environmental conditions than
the covariance, distance measures that do not depend on the mean estimates are
sometimes preferred [27, 48].

where S1 is the sample covariance matrix calculated from features X, S2 the sample
covariance matrix calculated from features Y , and S the sample covariance matrix
calculated from features X ∪ Y . N , M denote the number of features in X and
Y , respectively. Note that the distance depends on both the mean and covariance
estimates (see Figure 4.4). To test the similarity between the covariances only, the
sample covariance matrix S should be replaced with (N S1 + M S2)/(N + M) [27].

To determine if the feature sets represent the same speaker, we compare the dis-
tance to a threshold. Threshold T is selected so that when the distance is over the
threshold, there may be a speaker change in between the feature sets. The threshold
can be found experimentally, or it can be determined based on information theoret-
ical measures such as minimum description length (MDL) or Bayesian information
criterion (BIC).

Gish et al. [27] noticed that the generalised likelihood ratio and thus the proposed
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distance measure are dependent on the speech segments length. They proved exper-
imentally that distance between the same two speakers was measured greater when
more data was available. This can be explained as resulting from not having enough
data to reach the asymptotic region where the distribution would not change, and
also from that Gaussian model is an approximation of the true feature distribution.
Thus, if we wish to have a static threshold for the distance, we have to keep the
window size constant. Gish et al. [27] also observed that the GLR distance measure
provides a better discrimination among speakers if both speech segments are similar
in length.

If one should insist on using the variable-size window scheme, the distance should
be explicitly made dependent on the number of features in each feature set. Liu and
Kubala [46] propose θ log(N + M), where θ is set experimentally, to be subtracted
from the distance. This is similar to the BIC threshold proposed in [9].

Bayesian information criterion

The likelihood that the features in X and Y represent the same speaker is effectively
a measure of how well a Gaussian model can explain the observations, whereas the
likelihood that we have different speakers is comparable to how well a model with
two Gaussian components can perform this. This favours the interpretation that
feature sets are not from the same speaker, for the model with two Gaussians is
clearly more complex.

Bayesian information criterion introduces a complexity penalty to the model likeli-
hood. With N features and K model parameters the BIC complexity penalty for
log-likelihood is 1

2
K log N . The BIC defined threshold for speaker change detection

would thus be 1
2
∆K log N . The model for different speakers has one Gaussian more

than the model for one speaker, so ∆K = p + 1
2
p(p + 1), where p is the feature

dimension and we assume full covariance matrices are estimated for the Gaussians.

GLR distance and the threshold are often presented as the BIC distance measure [9]

dBIC = dGLR −
1

2
(p +

1

2
p (p + 1)) log(N + M)), (4.3)

where p is the feature dimension and N , M the number of features in X and Y . This
has the decision boundary at zero and no separate threshold is needed. However,
the results are often better when we have the GLR distance with a carefully chosen
threshold [38]. Also, a common approach is to include scaling parameter λ in the
complexity penalty term [4, 16, 68]. Adjusting the scale is essentially equivalent to
adjusting the GLR distance threshold.

GLR distance and BIC distance are the most commonly used criteria for speaker
change detection. Although BIC distance does not need a threshold, it is often
equipped with a scaling parameter at least. Thresholds and scaling parameters are
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very sensitive to changes in the acoustic conditions and have to be tuned for the new
audio each time. An alternative proposed in [4] is to have a GMM with two mixture
components to model the feature sets X and Y when they are assumed to have a
common distribution. The models then have the same complexity and the likelihood
comparison favours neither model over another, so no threshold is needed.

BIC distance is a little sensitive to not having enough data for parameter estimation.
Thus, it may be reasonable not to use the BIC criterion in the first pass, but rather
detect speaker changes with some other measure first and use the BIC distance for
local clustering [16].

Kullback-Leibler divergence

To determine whether the feature sets X and Y represent the same speaker or dif-
ferent speakers, we have estimated models for both options and compared the like-
lihoods. Another option would be to directly compare the models estimated for the
feature sets: if the models for X and Y are similar, we may assume the features
were generated by the same speaker, whereas gross differences in the models would
indicate a speaker change.

Distance measures for speaker models are often derived from the Kullback-Leibler
divergence [48, 7, 53, 62]. Other possibilities for Gaussian features would include
the Mahalanobis distance and the Bhattacharyya distance [7]. The Kullback-Leibler
divergence measures the distance from the true probability distribution f(x) to some
probability distribution g(x) as [12]

KL(f ||g) =
∫

f(x) [log f(x) − log g(x)] dx. (4.4)

This may be seen as the expected log-likelihood ratio for testing the hypothesis that
f(x) should be chosen over g(x) to model the features x, when indeed f(x) is the
correct model. The Kullback-Leibler divergence is not symmetric. The distance is
measured from one model to the other, not between the models. Siegler et al. [62]
thus defined the Kullback-Leibler distance measure for speaker segmentation with
the symmetrised divergence as dKL = KL(f ||g) + KL(g||f).

With Gaussian features, the KL distance between the feature sets is calculated as [7]

dKL =
1

2
tr[(S1 − S2)(S

−1
2 − S−1

1 )] +
1

2
tr[(S−1

1 + S−1
2 )δδT ], (4.5)

where S1 and S2 are the sample covariance matrices calculated from the features and
δ is the difference between the sample mean vectors, δ = (m1 − m2). The distance
dKL ≥ 0 and the equality holds when the models are exactly the same, which is not
possible unless the true feature distributions are Gaussians. The features used in
speech recognition are not generally Gaussian distributed [4].
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The first component on the right side of the Equation 4.5 may be characterised as
the measure of differences in shape and the second the measure of differences in size
of the probability distributions. The shape component, or divergence shape distance,
is a common choice for distance measure in speaker change detection and clustering,
for it does not depend on the estimated means that may be biased due to various
environmental conditions [7, 48].

4.2 Speaker model based clustering

Speaker turn clustering addresses the problem of grouping the unlabelled speaker
turns so that utterances from one speaker all are in the same group and utterances
from different speakers are all in separate groups. In speaker model based clustering
the speaker turns are represented with a model, most often a Gaussian or a GMM.
Similarity between two models is measured with the same metrics that are used in
speaker change detection.

With a similarity measure for the speaker models defined, all common clustering
approaches like hierarchical clustering or k-means clustering may be used in finding
the groups of speaker turns corresponding to one speaker. In hierarchical clustering
we sequentially find the two models closest to each other and merge them. We can
either recalculate the model parameters using all the features assigned to the cluster,
or we can update the distance between this cluster and the other clusters or models
according to certain rules.

The most important question is, then, how to choose the number of clusters, as we
have no prior information on speakers. The hierarchical clustering scheme produces
a clustering tree, a dendrogram, where at each stage there is one cluster less than at
the previous stage. In order to select the number of clusters, we need to evaluate the
overall clustering solution at each stage. A solution would be to calculate the data
likelihood and compare with the BIC criterion [9]. The generalised likelihood ratio
should not be used as such, since model complexities differ throughout the tree and
have to be compensated.

The change in the BIC measure is equivalent to the BIC distance between the two
clusters that are merged. Thus, for hierarchical clustering methods, the BIC measure
may be optimised in a greedy fashion so that we calculate the BIC distance between
the two closest clusters before they are merged and stop clustering if the distance
is negative [9]. This approach is easily extended to online clustering, where a new
utterance is included to the cluster most similar to it if the BIC distance between
them is positive, whereas negative BIC distance leads to creating a new cluster [68].

Other possibilities in evaluating the clustering solution include calculating the pe-
nalised within-cluster dispersion [35] or estimating the cluster purity [66]. The pe-
nalised within-cluster dispersion performed well in a speaker adaptation and may
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be recommended for offline speaker clustering. However, when applied to an online
clustering task, the measure had a tendency to severely underestimate the number
of clusters [47]. The nearest neighbour purity estimator [66] gives a good estimate
of the true cluster purity only if there are sufficiently many clusters. Since there are
initially no clusters in online clustering, and we do not know how many there will
be in the end, the nearest neighbour purity estimator does not necessarily suit this
task very well.

Theoretically, online clustering should have a reduced performance compared to the
offline methods since it makes local comparisons instead of searching globally for
the optimal partition. In speaker turn clustering, however, the results are often
better when an online clustering scheme is used [47, 68]. Online clustering probably
benefits from the structure of typical speaker segmentation test data like broadcast
news audio, where the utterances of one speaker are often close in time [68]. In
broadcast news, it is common to have separate news stories that follow one another
and have different reporters and interviewees each.

Perfect speaker turn clustering method would not benefit from the broadcast news
structure. The difference between offline and online methods performance indicates
there may be problems with either the speaker models or with the distance metric.
It is possible the problem is in modelling the short speaker turns: in our broadcast
news audio, there are many speaker turns shorter than 5 seconds. A model estimated
for such speaker turn may be vulnerable to variations not dependent on the speaker,
and thus, speaker turns from different speakers may have models too similar. When
the speaker turns in broadcast news are labelled with an online method, several
speaker turns from the same speaker are encountered before too many speaker turns
from other speakers come available, and they are more likely clustered together. A
speaker model calculated from several speaker turns probably represents the speaker
better than a model calculated from a single speaker turn, and with a better model,
some future misclassifications may be prevented.

4.3 Speaker-based adaptation and clustering

We wish to use the speaker segmentation results in speaker-based adaptation, which
means speaker-specific transformations will be estimated based on the personalised
speaker turns. Speaker adaptation methods are intended to maximise the feature
likelihood P (O|W ). Thus, we could consider finding the clustering solution that
directly maximises the feature likelihood calculated after speaker adaptation, as
proposed in [37]. Instead of calculating distribution models, we would estimate
speaker-specific transformations for all the clusters. Each speaker turn would then
be assigned to the cluster with the transformation that maximises the feature like-
lihood in this speaker turn. Note, that we cannot use hierarchical clustering, where
each turn is taken as a cluster at first, for the maximum likelihood transformation
would always be the one estimated from this speaker turn only. Clustering based on
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direct maximisation is best used where the number of clusters does not change, like
in k-means clustering.

In k-means clustering, the utterances are divided to k clusters and the clustering
solution is updated by moving speaker turns from one cluster to another. To max-
imise the feature likelihood calculated after speaker adaptation, we would estimate
the speaker-specific transformations for all the clusters, and then for each speaker
turn we would sequentially try all the transformations and estimate how well the
adapted features match the hypothesised transcription of the speaker turn. Speaker
turn would then be moved to the cluster corresponding to the winning transforma-
tion. After all speaker turns had been found the best cluster, we would recalculate
the transformations for the new clusters and repeat reorganising the speaker turns.

Since we have no information on the speakers, we should repeat k-means clustering
for several values of k and choose our final solution in much the same way as we would
choose the number of clusters in hierarchical clustering. Obviously, this approach is
very time consuming, and we conclude that directly maximising the feature likelihood
is better suited for an online clustering approach.

Zhang et al. [76] propose an online speaker turn clustering method that is based
on maximisation of the feature likelihood calculated after speaker adaptation. They
use MLLR, MAP and vector-field smoothing (VFS) for adaptation. Speaker turns
are decoded using a speaker-independent model and speaker-dependent models that
have been created with speaker adaptation, and the maximum likelihood model is
selected. If this is the speaker-independent model, a new adapted model is created
based on the speaker turn, and if the selected model is one of the speaker-dependent
models, the model is updated with the new data.

In the television and broadcast news audio that we have for speaker segmentation
experiments the speaker turns are very short, less then 30 seconds on average, and
automatically detected speaker turns are expected to be even shorter, since speaker
change detection methods tend to produce spurious speaker change boundaries.
Thus, we need a transformation that generalises well even when estimated based
on relatively small amount of data. MLLR would be one such transformation. How-
ever, the MLLR-adapted models need much memory space, so we should consider
finding a transformation that may be applied directly to features [45].

CMLLR is a model-space method, but the CMLLR estimated transformations may
be applied to directly to features as described in Section 3.2. In order to estimate the
transformations, we need to recognise the input audio and generate a state sequence
hypothesis, a time-aligned sequence of acoustic units that are needed to produce the
recognised text. The estimated transformations are applied to the features generated
with the speaker-independent model, and the same state sequence hypothesis may
then be used to evaluate the feature likelihoods that we compare in order to find the
best transformation for a given speaker turn. Note that we do not need to re-decode
the speaker turns in order to do the comparisons.
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Thus, speaker turns are clustered as illustrated in Figure 4.5. Features extracted from
the speaker turn are adapted with transformations estimated for previous speakers,
if such exist. State information is read from the hypothesis and the log-likelihoods
are calculated as [21]

L(o(τ)) = ln P (o(τ)|µ,Σ,A,b) = ln P (ô(τ)|µ,Σ) +
1

2
ln |A|2, (4.6)

where ô(τ) are the transformed features and A, b are the transformation matrix
and constant bias. Log-likelihoods are summed over time and thus they become
likelihood values for the existing transformations. At speaker change boundary, we
then find the highest log-likelihood value. Should this belong to the features calcu-
lated with the speaker-independent model, a new speaker cluster is created and the
feature information collected from the speaker turn is used to estimate a CMLLR
transformation for the new cluster. If instead the maximum likelihood features were
produced with a speaker dependent transformation, the speaker turn is added to the
corresponding cluster. The feature information is merged with previously collected
information (see Section 3.2) and a new transformation is estimated for the cluster.
Thus, the proposed method does not only label the speaker turns, but also esti-
mates the speaker-specific CMLLR transformations, and we do not need a separate
transformation estimation step as with the speaker model methods.

Often a transformation estimated for one speaker can also improve the likelihood
score of another. This would result in both speakers being clustered to the same
group. To handle the problem, we add a threshold to accepting the decision made
in comparing the likelihoods: if the ratio between the likelihood value calculated for
the unadapted features and the highest speaker adapted likelihood does not surpass
a given threshold, we take it that the selected transformation would not benefit our
current speaker significantly, and we decide we have a new speaker. Such threshold
should not be very sensitive to differences in the audio, for speaker adaptation with
CMLLR is expected to introduce notable improvements to the likelihood score if the
transformation is correct for the speaker.
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Figure 4.5: (Previous page) Our speaker clustering method processes one speaker
turn at a time. Information extracted from previous speaker turns is preserved in
speaker-specific CMLLR statistics and transformations that correspond to a cer-
tain speaker label, and no information on the forthcoming speaker turns is utilised.
Speaker turn is adapted with all CMLLR transformations and labelled so that the
feature likelihood is maximised. If speaker adaptation can notably increase the
feature likelihood, the speaker turn is assigned to the cluster with the transforma-
tion corresponding to the maximum likelihood score, and the transformation is then
updated with the new data. If speaker adaptation does not increase the feature
likelihood much, a new speaker label is created and a new transformation estimated.
Likelihood score for the features calculated with the speaker-independent model is
denoted with L0, and the maximum likelihood score for the adapted features with
LMAX.



Chapter 5

Experiments

We test speaker segmentation methods and speaker-based adaptation in a large vo-
cabulary speech recognitions task with English broadcast news data and Finnish
television news audio. News broadcast data is difficult for automatic speech recog-
nition systems, for there are typically several speakers and different environments.
Speaker adaptation could improve the recognition results, but it is first needed that
we find the speaker change boundaries and label the detected speaker turns. Short
speaker turns that are typical for broadcast news audio make the speaker segmen-
tation and adaptation task challenging, but on the other hand, online clustering
methods that we use for labelling the speaker turns may benefit from the broadcast
news structure.

In this work, we seek to find a speaker segmentation method that could provide the
speaker turns for speaker adaptation purposes. Thus, speech recognition results are
in a key role when we evaluate the outcome. For all the experiments, we utilise the
large vocabulary speech recognition system developed in the Laboratory of Com-
puter and Information Science at the Helsinki University of Technology. The speech
recognition system is described in Section 5.1 along with the speaker segmentation
methods implemented for this work. The selected broadcast news data is discussed
in Section 5.2. Section 5.3 describes the evaluation metrics, and the results are
presented in Section 5.4.

5.1 System

Our large vocabulary continuous speech recognition system is much like the sys-
tem described in Chapter 2. Speech signal is represented with 12 MFCC and the
log-energy along with their first and second differentials. Features are calculated in
16 ms windows with 8 ms overlap. Cepstral mean subtraction (CMS) and a maxi-
mum likelihood linear transformation that is estimated in training are applied to the

40
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Figure 5.1: CMUDICT format phoneme representations for sugar and dream [1].

features. For acoustic modelling we have state-clustered Hidden Markov triphone
models constructed with a decision-tree method [54]. Our English model has 5062
states modelled with 32 Gaussians. Finnish model has 1860 states that are each
modelled with 8 Gaussians. State durations are modelled with gamma probability
functions in both English and Finnish [58].

Acoustic models for English have been trained with Fisher telephone conversations
data [11]. The selected training data set has 180 hours of conversational speech data
from wide variety of speakers. The different pronunciations for American English
are well-represented as there are different regional dialects as well as speech from
non-native speakers. For Finnish models, we have used data taken from the Finnish
SPEECON database [34]. The selected 26-hour data set has clean speech recorded
with a close-talk microphone from 208 male and female speakers. Among utterances
are words, sentences and free speech.

Our speech recognition system uses a growing n-gram language model [64]. English
models are word-based and have been trained with the English newswire corpus Gi-
gaword [28]. The pronunciation dictionary for English contains 60000 most frequent
words selected from this corpus. Words are mapped to phonemes with the CMU-
DICT phoneme set as illustrated in Figure 5.1 [1]. For Finnish, we use morphs as
the base recognition unit [32]. Finnish language models have been trained with book
and newspaper data from the Finnish text collection [2]. Since all words and word
forms can be represented with morphs, we have an unlimited decoding vocabulary
for Finnish. Our decoder is an efficient time-synchronous beam-pruned Viterbi token
pass system [57].

Methods for speaker-based segmentation were implemented for this work. Speaker
change detection and speaker turn clustering are written as separate programs.
Speaker change detection reads the audio files and state sequence hypothesis gen-
erated with the speech recognition system. It uses the moving windows approach
with generalised likelihood ratio (GLR) or Kullback-Leibler (KL) distance (see Sec-
tion 4.1). GLR distance may be used with a threshold calculated with Bayesian
information criterion (BIC) and is then referred to as BIC distance. For speaker
turn clustering, we have two alternatives: a speaker model based method that uses
the BIC criterion (Section 4.2) and a method that combines speaker turn clustering
and adaptation as described in Section 4.3. For simplicity, we will refer to the meth-
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ods as BIC–STCL (BIC based speaker turn clustering) and ADA–STCL (adaptation
based speaker turn clustering). Both speaker turn clustering methods are online in
the sense that they label the given speaker turns sequentially. For speaker-based
adaptation, we selected constrained maximum likelihood linear regression (CMLLR)
that could be found in our speech recognition system and needed not be implemented
for this work.

5.2 Test datasets

Speaker-based segmentation and adaptation will be tested with English broadcast
news and Finnish television news audio. Broadcast news are often used for testing
speaker segmentation. There are several different speakers and the news material
is well-suited for speech recognition since planned speech from the newscasters and
reporters should correspond well to the news data that has been used in training
the language models. However, there are interviews with conversational speech and
parts where music is played. Finnish television news also present foreign language
material. Thus, we cannot recognise all material in broadcast news and have to
select suitable test datasets.

In our English broadcast news and Finnish television news, the news broadcasts
comprise several short news stories that each have a similar structure. The news-
casters usually list the main news events when the news begin and lead the program
from thereafter. Each news story begins with an introduction from the newscaster.
Introductions may be very short, but in Finnish television news, the newscasters also
deliver short news that do not include interviews. Longer news stories are given for
a reporter often located at the scene. Reporters again introduce the news story and
share background information. News stories often have speech extracts with political
speeches or interviews with civil authorities and first-hand witnesses. The reporters
and interviewees usually appear in one news story alone.

We have selected three test sets from the Voice of America (VOA) news broadcasts.
VOA 1 contains mostly planned speech from the newscaster and the reporters, but
VOA 2 and VOA 3 have also interviews, where there is hesitation and other such
phenomena typical for free speech. Interviews are, however, often related to politics
or economy, and they do not represent normal conversational speech. Interviews
including conversational language or laughter, for example, were discarded from the
test sets. VOA 2 and VOA 3 have also parts where music is played in the background,
although most parts with background music were not accepted in the test sets. Music
and movie extracts were also not included. More information on the VOA evaluation
sets is given in Table 5.1. They are each collected from one news broadcast.

In addition to the evaluation sets, we collected a 51-minute development dataset
from two VOA news broadcasts. This set is used to find the optimal LM scale that
determines whether the decoder should trust on the acoustic models or language
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Table 5.1: Evaluation sets
empty line here
VOA 1 VOA 2 VOA 3 0YLE0

total audio (min) 19 38 41 51
# speakers 10 28 27 41
# speaker turns 41 88 80 128

models more and to set the thresholds in speaker change detection. Development
set has planned speech from the reporters and some interviews. It can be segmented
to 128 speaker turns and has speech data from 41 different speaker. Some speakers
from the development set are also present in the test set.

One evaluation set is taken from the Finnish Broadcasting company (YLE) evening
news. The selected audio contains only planned speech from the newscasters and
reporters, but may have some music or other noise in the background. Interviews
were discarded for the language is quite informal in them. Music and foreign language
speech were not included either. Thus, we have mostly news story beginnings with
the introductions from the newscaster and the reporter. There is speech data from 7
television news broadcasts and from 49 different speakers as indicated in Table 5.1.
We also have a short 10-minute development set for finding the threshold parameters
for the YLE television news data. LM scale is optimised using a dataset with Finnish
broadcast news and radio talks. They contain planned speech with no background
noise.

VOA and YLE datasets are segmented into news stories. We keep this segmentation,
so the news story changes are automatically marked as speaker change boundaries,
and only the speaker change boundaries within the news stories need to be found with
speaker change detection. There are 125 unmarked speaker change boundaries in the
VOA evaluation sets and 58 unmarked boundaries in the YLE evaluation set. When
we evaluate the speaker change detection performance, we consider the unmarked
speaker change boundaries alone. Thus, there are no automatic true detections due
to the news story boundaries. Note, however, that when speaker turn clustering and
speaker adaptation are tested with automatically detected speaker turns, they will
benefit from the news story boundaries that are accurate.

When speaker turns are labelled, the news story boundaries are taken as regular
speaker change boundaries, and thus, they do not convey any additional information
for speaker turn clustering. Speaker labels are given for one dataset at a time, so a
speaker who appears in more than one news stories in the same dataset should be
given the same label every time, but if this speaker should appear in another dataset,
he or she will receive a new label.

Experimental results suggest that speaker segmentation and adaptation performance
decreases when the number of speakers increases [3]. YLE evaluation set has the
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least amount of speech data per speaker, and could thus be considered the most
difficult evaluation set. However, the YLE evaluation set is all planned speech with
16 kHz sampling rate, whereas the VOA broadcast news are sampled with 8 kHz.
With higher frequencies lost, speech recognition results may become less accurate
for female speakers.

In order to compare speaker adaptation with the true speaker turns and with the
speaker turns detected and labelled using speaker segmentation methods, the evalu-
ation sets were hand-segmented to speaker turns with speaker-specific labels. In the
YLE evaluation set, the speaker turns are marked very carefully and do not include
the silences in between the speaker turns. The detected speaker change boundaries
are considered correct if they are found in the silence period. However, there may
not be more than one detected speaker change between any two speaker turns. The
silences are very short, and in the VOA evaluation sets, the silences between speaker
turns are not even marked. Instead, single speaker change boundaries have been set
between the speaker turns.

5.3 Evaluation metrics

Speech recognition performance is commonly measured with word error rate (WER).
In Finnish, however, letter error rate (LER) is better suited for the purpose, for
words tend to be rather long. Finnish words most often correspond to more than
one English word and consist of several concatenated morphemes like the word
“kahvin+juoja+lle+kin” which would be “also for a coffee drinker” in English. Word
and letter error rates are derived from the Levenshtein distance also known as edit
distance [49]. The idea is to compare recogniser output to a reference text and count
the dissimilarities: units replaced with another unit (substitution error), units added
(insertion error) and units missed (deletion error). Error rate is then calculated as

WER / LER =
S + I + D

N
· 100%, (5.1)

where S, I, D denote the unit substitution, insertion and deletion errors, respectively,
and N is the total unit count in the reference text. In addition to words and letters,
phonemes are sometimes used as units.

Speaker adaptation performance is evaluated through changes in word and letter
error rates. Error rates are calculated for the news stories, and the average result is
reported. However, the average results may be better after speaker adaptation if the
changes are notable enough in some news storied even if the results on other news
stories would have decreased. In order to state that a method is expected to improve
speech recognition results on random news stories, we need to test the differences for
statistical significance. We have paired data, for the same news stories are evaluated
before and after speaker adaptation. Dependent t-test is the standard test to de-
termine if paired measurements are identical in mean. However, for the t-test to be
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valid we need to assume the samples are normally distributed. Wilcoxon signed-rank
test is a nonparametric alternative that may be applied when the distribution is not
known for certainty [51].

Wilcoxon signed-rank test first calculates the difference in word or letter error rates
between the test sets A and B for each test sample separately. In this work, samples
correspond to news stories. The differences are then ranked according to the absolute
value. The smallest absolute change in the word or letter error rate is given rank
1, the second is given rank 2 and so on. Positive ranks are those that correspond
to positive differences: the results are better in the test set B than in the test
set A. Negative ranks correspond to negative differences respectively. In two-tailed
Wilcoxon test [51], both positive and negative ranks are summed, and the lesser of
the two sums is adopted as test measure. The differences between error rates in
test sets A and B are regarded as statistically significant if the test measure exceeds
certain critical value that depends on the sample size. Critical values used in this
work are calculated at significance level p = 0.05.

Note that the Wilcoxon signed-rank test compares only the differences in the per-
formance measure and does not consider the performance level. Thus, the difference
between LER 15 % and LER 16 % is regarded as equal with the difference between
LER 6 % and LER 5 % although the latter improvement is more difficult to achieve.
It could be more appropriate to use logarithmic word and letter error rates if a rank
test is conducted on the results, for some news stories are much more difficult than
others, and the differences in word and letter error rates are quite notable.

When combined with speaker adaptation, speaker segmentation performance reflects
to speaker-specific transformation estimates, and thus, to speech recognition results.
If the speaker turns are to be used for something else than speaker adaptation, other
evaluation metrics may be more suited, for speaker adaptation may sometimes favour
a solution that deviates from the correct speaker segmentation result. For example,
it may be beneficial to create different speaker labels for speaker and environment
combinations rather than just different speakers, assuming that there is sufficiently
speech data available for each combination.

To evaluate speaker segmentation results in isolation from speaker adaptation we
focus on the speaker turns. Speaker change detection performance is evaluated with
the SCD evaluation metrics suggested in [46]. Given the true speaker change intervals
[ai , bi], where ai = bi if we have no silence marked in between the speakers, the errors
are defined as follows: false acceptance occurs when a hypothesised speaker change
boundary does not fall into any interval [ai−α , bi+α], and false rejection occurs when
there are no detected speaker change boundaries within [aj −α , bj +α], where α is a
tolerance factor. False acceptance and rejection errors are illustrated in Figure 5.2.

The results are reported in terms of false acceptance rate (FAR) and false rejection
rate (FRR). False acceptance rate determines the percentage of false acceptances
among the detected speaker change boundaries, and false rejection rate the percent-
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Figure 5.2: Detected speaker change boundaries are regarded as correct if they are
within distance α from a true speaker change boundary defined as an interval [ai , bi].
False acceptance (FA) errors occur when speaker change boundaries are detected
outside the accepted speaker change intervals [ai−α , bi+α], and false rejection (FR)
errors when accepted speaker change intervals are passed without any speaker change
boundaries being detected.

age of true speaker change boundaries that were not detected. We are more willing
to tolerate false acceptances than false rejections in speaker change detection, as false
boundaries can be made disappear in speaker turn clustering. However, false bound-
aries do make the detected speaker turns shorter, and may thus hamper speaker turn
clustering performance. False acceptance rate and false rejection rate are inversely
related: many true speaker change boundaries are detected when the threshold T is
set low, but also many false detections will then be made, and the other way around
if the threshold T is set high.

Speaker turn clustering performance may be evaluated with average cluster pu-
rity (ACP) and average speaker purity (ASP) introduced in [3]. They may be calcu-
lated at utterance or frame level, but when speaker turn clustering is preceded with
speaker change detection, the frame-level evaluation is more suited. Cluster purity
is then defined as the probability that two frames taken from one cluster at random
and with replacement both came from the same speaker [66]. The first frame taken
from cluster i is spoken by speaker j with probability nij / c i, where nij denotes the
number of frames in cluster i that are spoken by speaker j and c i the total number
of frames in cluster i. Since the first frame is returned to the cluster before the
second is drawn, the probability that both frames are spoken by speaker j is n2

ij / c2
i.

Furthermore, the probability that the two frames are spoken by any common speaker
is given as

p i =
S

∑

j=1

n2
ij / c2

i, (5.2)

where S is the number of speakers. Cluster purity p i = 1 if the frames in cluster i
are all from the same speaker, and close to 1 if most are from a common speaker.
If there is data from many different speakers in the cluster, the purity is smaller.
For example, if frames in cluster i would be evenly divided between k speakers, the
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cluster purity would be 1 / k [66]. Speaker purity for speaker j is similarly given as

q j =
C

∑

i=1

n2
ij / s2

j, (5.3)

where C is the number of clusters, nij the number of frames in cluster i that are
spoken by speaker j, and s j the total number of frames spoken by speaker j. Speaker
purity is the probability that two frames taken from one speaker at random and with
replacement both are in the same cluster and have the same speaker label.

The average cluster purity thus measures to what extent the frames in a random
cluster all come from the same speaker, and the average speaker purity similarly
measures to what extent the frames from a random speaker are all labelled the same.
The average cluster and speaker purity are calculated as the weighted averages [3]

ACP =
1

C

C
∑

i=1

p i c i (5.4)

ASP =
1

S

S
∑

j=i

q j s j . (5.5)

Note that these measures should not be used alone to evaluate a clustering solution,
for the average cluster purity would score high if there were as many clusters as there
are frames, and on the other hand, the average speaker purity would score high if
the frames were all in the same cluster. Neither would be a sensible solution to our
problem. There are other measures like Rand Index [33] and BBN Metric [66] that
combine the average cluster and speaker purity in the sense that they favour pure
and large clusters.

5.4 Results

Speaker segmentation and adaptation experiments are conducted as follows: First
the input audio is decoded with the speaker-independent models to obtain a state
sequence hypothesis. Speaker change detection is then applied in order to divide
the audio to speaker turns. Results from experiments with different distance metrics
used in speaker change detection are presented in Section 5.4.1. Speaker turns are
clustered, and labelled according to the clustering solution. Speaker model based and
speaker adaptation based clustering methods are compared in Section 5.4.2. With
personalised speaker turns, speaker-specific transformations may be estimated for
speaker adaptation. The input audio is re-decoded after speaker adaptation and the
final speech recognition results are presented in Section 5.4.3.
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5.4.1 Speaker change detection

Speaker change detection (SCD) aims at locating speaker change boundaries and
thus dividing the input audio to speaker turns. Speaker change detection techniques
were discussed in Section 4.1. In this work, we will use the moving windows approach.
Window size is 700 frames. We use a state sequence hypothesis generated with the
speaker-independent model and test for speaker change at every hypothesised phone
boundary. A single Gaussian with diagonal covariance is used in modelling the fea-
ture distribution inside both windows, and the three distance measures presented in
Section 4.1 are tested in calculating the distance between the two windows. Speaker
change is found where the distance passes a threshold T which is set experimentally.
Note that the Bayesian information criterion (BIC) defined complexity penalty given
in Equation 4.3 is calculated for a single full-covariance Gaussian model. For single
Gaussians with diagonal covariances, the complexity penalty is p log(N +M), where
p is the feature dimension and N , M are the number of features in the feature sets
we wish to compare.

We notice the generalised likelihood ratio (GLR) distance (Equation 4.2) and the
BIC distance, GLR distance with the BIC complexity penalty as a threshold, have a
similar behaviour if the scaling parameter λ is included in the complexity penalty and
tested with different values like the threshold T that we use with the GLR distance.
Without the scaling parameter, the BIC distance performance is not comparable to
that of GLR distance with a hand-set threshold. Since the two distance measures
have near to identical behaviour when the BIC distance has the scaling parameter,
we need not test both, but will use the GLR distance alone. The preliminary tests
with the different threshold and scaling parameter values were conducted with the
VOA development set.

The preliminary tests with different threshold values aim at finding the optimal
threshold for the selected distance measure. In testing with the GLR distance, we
also noticed that changing the threshold most affects the false acceptance rate and
not the number of false rejections. This suggests that the GLR distance finds most
speaker changes with high robustness, but on the other hand, is blind to the rest.
When we tested Kullback-Leibler (KL) distance with different threshold values, both
false acceptances and false rejections were affected. Setting the threshold T so that
false acceptance and false rejection errors are equally likely, we would have FAR and
FRR around 20 % for both distance metrics. Threshold values are, however, set to
favour false acceptances over false rejections as discussed in Section 4.1.

Results from testing GLR distance (Equation 4.2) for speaker change detection are
shown in Table 5.2 and results from speaker change detection with the KL distance
(Equation 4.5) in Table 5.3. Tolerance factor α (see Section 5.3) is set to 2 seconds
for the VOA evaluation sets and to 0.5 seconds for the YLE evaluation set. The
tolerance factor is set more tight for the YLE evaluation set because the silences in
between the true speaker turns are marked in the reference files (see Section 5.2).
Since the silences are typically very short, the results between the VOA and YLE
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Table 5.2: Speaker change detection results using moving windows approach and
generalised likelihood ratio distance. False acceptance rate (FAR) and false rejection
rate (FRR) are calculated with tolerance factor 2 seconds for the VOA evaluation
sets and tolerance factor 0.5 seconds for the YLE evaluation set.

empty line here
VOA 1 VOA 2 VOA 3 0YLE0

FAR (%) 26.3 23.9 12.2 51.0
FRR (%) 12.5 12.1 17.3 15.5

Table 5.3: Speaker change detection results using moving windows approach and
Kullback-Leibler distance measure. False acceptance rate (FAR) and false rejection
rate (FRR) are calculated with tolerance factor 2 seconds for the VOA evaluation
sets and tolerance factor 0.5 seconds for the YLE evaluation set.

empty line here
VOA 1 VOA 2 VOA 3 0YLE0

FAR (%) 30.4 32.1 20.7 50.5
FRR (%) 0.0 8.6 11.5 17.2

evaluation sets would be more comparable if the tolerance factor for VOA would be
closer to 1 second. The false acceptance rate and the false rejection rate for the VOA
evaluation sets with 1 second tolerance factor are, however, very high compared to
the YLE results, and do not allow comparing between the GLR and KL distances
as comfortably as the results calculated with the tolerance factor in 2 seconds. Note
that small deviations in the speaker change boundary locations are not expected to
degrade the speaker adaptation performance.

The average false rejection rate calculated over the VOA evaluation set test results
is 14 % with the GLR distance metric (see Table 5.2) and 7 % with the KL distance
metric (see Table 5.3), and the speaker change detection results are better with the
KL distance metric in every VOA evaluation set individually, too. However, speaker
change detection with the KL distance also produces more false boundaries than
speaker change detection with the GLR distance. The average speaker turn length
after KL distance based speaker change detection is 24 seconds. This should be
enough for our speaker turn clustering or speaker adaptation methods, and thus, we
will use KL distance for speaker change detection in the VOA evaluation sets. For
the YLE evaluation set, we will use GLR distance, for it has a better false rejection
rate then KL distance. The average speaker turn length is around 18 seconds with
both distance metrics, and altogether, the two metrics were quite equal when tested
on the Finnish television news audio.

As the detected speaker turns are on average shorter than the true speaker turns,
we could benefit from local clustering. This is expected to remove spurious speaker
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Table 5.4: Speaker change detection results after local clustering. Speaker turns
for the VOA evaluation sets were detected using moving windows approach and
Kullback-Leibler distance, and for the YLE evaluation set using moving windows
approach and generalised likelihood ratio distance. False acceptance rate (FAR) and
false rejection rate (FRR) are calculated with tolerance factor 2 seconds for the VOA
evaluation sets and tolerance factor 0.5 seconds for the YLE evaluation set.

empty line here
VOA 1 VOA 2 VOA 3 0YLE0

FAR (%) 6.7 8.6 4.7 43.5
FRR (%) 12.5 8.6 21.2 17.2

change boundaries, and thus, to decrease the the false acceptance rate (see Section
4.1). We use local clustering with the BIC distance metric and model the feature
distribution in every speaker turn as a single Gaussian with full covariance matrix
(Equation 4.3). Local clustering is tested without a threshold or a scaling parameter,
and the results are presented in Table 5.4.

Local clustering removes the false boundaries efficiently from the VOA evaluation
sets, and after the procedure, the average false acceptance rate calculated over the
test sets is 7 %. Before local clustering we had the average FAR 28 % as indicated
in Table 5.3. However, local clustering also deletes some correct speaker change
boundaries from VOA 1 and VOA 3 evaluation sets, and the average false rejection
rate increases to 14 %. The detected speaker turns are also too few in number. If
we set a negative threshold for the BIC distance, we can have the average FRR 8 %
and FAR 18 %, but then we also have two threshold parameters to optimise: one
for speaker change detection and one for local clustering. Local clustering does not
change the results on the YLE evaluation set as much as the VOA results.

5.4.2 Speaker turn clustering

We test speaker turn clustering first with the true speaker change boundaries and
then with automatically detected boundaries in order to assess how sensitive our
clustering methods are to errors introduced in speaker change detection. We will
test BIC criterion and speaker model based clustering method (BIC–STCL) discussed
in Section 4.2, and speaker adaptation and likelihood score based method (ADA–
STCL) that combines speaker turn clustering and constrained maximum likelihood
linear regression (CMLLR) as described in Section 4.3. Both methods are online in
the sense that they label speaker turns one at a time based on information extracted
from the previous and not the forthcoming speaker turns. A new speaker turn can
be given a new speaker label or the label can be selected amongst the most recently
used speaker labels. The number of available speaker labels is set to 10 in order to
limit the processing time.
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Table 5.5: BIC–STCL results when the system is given the true speaker change
boundaries. Average cluster purity (ACP) measures how well clusters are limited
to one speaker, and average speaker purity (ASP) measures how well speakers are
limited to one cluster.

empty line here
VOA 1 VOA 2 VOA 3 0YLE0

ACP 1.00 0.95 0.97 1.00
ASP 0.93 0.93 0.93 0.47

Table 5.6: ADA–STCL results when the system is given the true speaker change
boundaries. Average cluster purity (ACP) measures how well clusters are limited
to one speaker, and average speaker purity (ASP) measures how well speakers are
limited to one cluster.

empty line here
VOA 1 VOA 2 VOA 3 0YLE0

ACP 0.98 0.85 0.88 0.97
ASP 0.97 0.90 0.85 0.96

In BIC–STCL, speaker turns are modelled as single full-covariance Gaussians and
the distance or dissimilarity between the models is measured with the BIC distance
(Equation 4.3). Results on VOA and YLE evaluation sets are presented in Table 5.5.
In this experiment, the true speaker change boundaries were provided for the system.
The average cluster purity (ACP) calculated over the VOA evaluation sets is then
0.97 and the average speaker purity (ASP) is 0.93. The results indicate that the
speaker turns clustered together usually originate from the same speaker, and on the
other hand, the speaker turns from one speaker are usually limited to one cluster.
Note that mislabelled speaker turns exist even when ACP is close to 1.00, for there
may be more speaker labels than there are speakers. The extra labels are not many
in the VOA evaluation sets, but our YLE evaluation set with ASP 0.47 could spare
some twenty speaker labels.

ASP 0.50 would mean that some 30 % of the available data is practically discarded
when speaker-dependent transformations are estimated. However, in YLE evaluation
set, there is an imbalance between the speakers, and the low ASP value is partly due
to system assigning more than one label to a newscaster from whom there is more
speech data than what we have from the other speakers. The mistake does not
necessarily show in the speaker adaptation results, as there should be enough data
under both labels to estimate the speaker-dependent transformations properly.

Results from speaker turn clustering with the ADA-STCL method are in Table 5.6.
VOA 1 and YLE evaluation sets have been labelled better than with the BIC–STCL
method, but the performance on VOA 2 and VOA 3 is substantially inferior to the
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Table 5.7: BIC–STCL results when the system is given automatically detected
speaker change boundaries. Speaker change boundaries for the VOA evaluation sets
were detected using moving windows approach and Kullback-Leibler distance, and for
the YLE evaluation set using moving windows approach and generalised likelihood
ratio distance. Average cluster purity (ACP) measures how well clusters are limited
to one speaker and average speaker purity (ASP) measures how well speakers are
limited to one cluster.

empty line here
VOA 1 VOA 2 VOA 3 0YLE0

ACP 1.00 0.91 0.90 0.98
ASP 0.97 0.84 0.89 0.45

Table 5.8: ADA–STCL results when the system is given automatically detected
speaker change boundaries. Speaker change boundaries for the VOA evaluation sets
were detected using moving windows approach and Kullback-Leibler distance, and for
the YLE evaluation set using moving windows approach and generalised likelihood
ratio distance. Average cluster purity (ACP) measures how well clusters are limited
to one speaker and average speaker purity (ASP) measures how well speakers are
limited to one cluster.

empty line here
VOA 1 VOA 2 VOA 3 0YLE0

ACP 0.98 0.84 0.83 0.96
ASP 0.97 0.87 0.82 0.84

previous results. These sets are difficult in the sense that there are sections such as
interviews that contain unplanned speech. It is possible those sections contain more
recognition errors than CMLLR estimation can tolerate, and the estimated trans-
formations are not close enough to the optimal speaker-dependent transformations
that could discriminate between speakers.

The previous tests were conducted with the true speaker change boundaries, but in
speech data collected from any real-world situation, the speaker change boundaries
are most likely missing. Thus, also the speaker turn clustering methods should be
evaluated based on their performance when the true speaker turns are replaced with
automatically detected ones. We use moving windows approach and KL distance
measure (Equation 4.5) for speaker change detection in the VOA evaluation sets
and GLR distance measure (Equation 4.2) for speaker change detection in the YLE
evaluation set. Results from speaker turn clustering with the detected speaker turns
are presented in Table 5.7 and Table 5.8.

Both ACP and ASP have generally decreased compared to the test with true speaker
turns, but this was inevitable given that we are completely missing some speaker
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change boundaries. VOA 1 results have not decreased since there were no missing
boundaries. BIC–STCL results on VOA 1 are actually better than the results ob-
tained with the true speaker turns, for ASP value has raised from 0.93 to 0.97. It
is likely that the spurious speaker change boundaries introduced in speaker change
detection have divided some speaker turns in a manner that whatever prevented the
system from recognising the true speaker has been segmented out as illustrated in
Figure 5.3. Note that the same phenomenon can lead into decrease in ASP as also
illustrated in Figure 5.3.

To find out whether errors in speaker turn clustering are due to the detected speaker
turns not having enough data, we test if local clustering (see Section 4.1) can improve
the results. BIC distance based local clustering with a hand-set negative threshold T
as discussed in the previous section does not change the results much from those
presented in Table 5.7 and Table 5.8. BIC–STCL results for VOA 3 improved as
ASP value increased to 0.89, but there were no other changes, and ADA–STCL
results did not change. Thus, it appears the methods are not inefficient because
there would not be enough data to estimate the speaker models or speaker-specific
CMLLR transformations, but the reason is strictly in the misplaced speaker change
boundaries.

Last, we have the ADA–STCL likelihood score threshold (see Section 4.3) to discuss.
For the experiments reported here, the threshold was set so that there should be
at least 10 % likelihood improvement due to the speaker-dependent transformation
in order to have the transformation approved for current speaker. Most often the
difference is over 15 % if the transformation is correct and should be approved, and
less than 5 % if not. Completely removing the threshold would lead to a huge drop
in ACP values. With YLE evaluation set ACP would be under 0.70 and with VOA
data under 0.55 in all individual evaluation sets.

5.4.3 Speaker-based adaptation

Speaker segmentation and adaptation are tested under three different conditions:
with the true speaker turns and speaker labels, with the true speaker change bound-
aries but with the speaker labels missing, and with no prior information on speakers.
Thus, we first recognise the audio with the speaker-independent model in order to
produce a state sequence hypothesis. Then, if speaker change boundaries are not
marked, we use speaker change detection to find them, and if speaker labels are
missing, we use speaker turn clustering. CMLLR transformations (see Section 3.2)
are estimated based on given speaker turns and the audio is re-decoded after speaker
adaptation. Thus, speaker adaptation is evaluated based on performance in auto-
matic speech recognition task. Speech recognition performance is evaluated with
word error rate (WER) and letter error rate (LER).

Speech recognition and speaker adaptation results on VOA and YLE evaluation sets
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Figure 5.3: Sudden changes in background conditions often create false speaker
change boundaries in automatic segmentation. False boundaries are not welcome in
general, but in times they might actually improve speaker clustering performance.
If there is, for example, background music present in the speaker turn for some
time, it is possible that the speaker in this turn is not recognised. If this speaker
turn should then be divided into parts with and without background music, speaker
clustering would likely label the other part correctly thus increasing average speaker
purity as illustrated in the first example. On the other hand, if the speaker turns had
been labelled correctly when the true speaker change boundaries were available, false
boundaries may instead encourage speaker clustering to errors as illustrated in the
second example. Note, however, that although there is a serious decrease in the aver-
age speaker purity, excluding the parts with background music may prove beneficial
when estimating the speaker-specific transformations for speaker adaptation.
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Table 5.9: Speech recognition and speaker adaptation results. We have baseline
results with the speaker-independent model and without adaptation (A), and speech
recognition results after speaker-based adaptation when the speaker-dependent CM-
LLR transformations are estimated based on (B) true speaker turns and labels or
(C) true speaker turns clustered with BIC–STCL or (D) true speaker turns clustered
with ADA–STCL. Furthermore, we have speech recognition results when speaker
segmentation and adaptation are applied without any prior information about the
speakers i.e. when the transformations are estimated based on speaker turns detected
using moving windows approach and Kullback-Leibler distance for the VOA evalu-
ation sets and generalised likelihood ratio distance for the YLE evaluation set and
clustered (E) with BIC–STCL or (F) with ADA–STCL.

empty line here

(a) WER (%)

VOA 1 VOA 2 VOA 3 0YLE0

A 25.3 30.3 29.5 23.0
B 22.6 27.3 25.9 19.8
C 22.5 28.5 26.0 19.9
D 22.5 28.3 26.0 19.5
E 22.3 28.2 25.6 20.0
F 22.3 28.3 26.0 19.4

empty line here

empty line here

(b) LER (%)

VOA 1 VOA 2 VOA 3 0YLE0

A 12.3 15.6 16.2 7.9
B 10.7 13.7 13.8 6.0
C 10.6 14.5 13.8 6.3
D 10.6 14.4 13.8 5.9
E 10.4 14.3 13.6 6.4
F 10.4 14.4 13.9 5.9

are presented in Table 5.9. Baseline results for the VOA evaluation sets range from
WER 25 % to WER 30 % and for YLE data we have WER 23 %. English material
usually has a lower word error rate than Finnish material because Finnish words
can correspond to several English words. VOA news broadcasts having a lower word
error rate than YLE television news may be due to a mismatch between training
and test conditions, for the acoustic models for English were trained with telephone
conversations [11], and the language models are trained with news material [28].
News material would seem an appropriate choice, but in fact, the VOA broadcast
news are more relaxed than most conventional news in both topic and style.

Results indicate that CMLLR speaker adaptation significantly improves the speech
recognition performance. The relative error reductions in letter error rates are some
13 % on average in the VOA evaluation sets when the speaker-dependent CMLLR
transformations are estimated based on true speaker information (Table 5.9 B). In
the YLE evaluation set, the relative error reduction is on average 24 %. The results
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from speaker adaptation with the true speaker turns and speaker labels are the
reference we wish our speaker segmentation and adaptation results to reach.

Results from speaker adaptation when the speaker turns are clustered and labelled
automatically (Table 5.9 C and D) are indeed very similar to the previous results.
Speech recognition results on VOA 2 are on average not on the same level with the
results with the true speaker turns and labels, but the difference is not statistically
significant. VOA 3 results have not changed notably, and VOA 1 and YLE results
are on average better than with the true speaker turns and labels when the YLE
evaluation set is clustered with ADA–STCL, but the difference is again not statisti-
cally significant. Statistical significance is tested with the Wilcoxon signed-rank test
(see Section 5.3).

It is noteworthy that the speaker adaptation results on the VOA evaluation sets for
BIC–STCL clustered speaker turns are not better than the speaker adaptation results
for ADA–STCL clustered speaker turns even though the average cluster and speaker
purity were much better for BIC–STCL (see Table 5.5 and Table 5.6). This suggests
that a speaker segmentation method may be well-suited for speaker adaptation even
if it does not label the speaker turns correctly, but rather makes its own decisions
on this matter. On the other hand, there is a clear difference between BIC–STCL
and ADA–STCL average results on the YLE evaluation set. The difference is not
statistically significant according to the Wilcoxon signed-rank test, but nonetheless
illustrates how a notable difference in average speaker purities can affect the speaker
adaptation results.

When no prior information on speakers is given, results are still much the same.
Results (Table 5.9 E and F) are significantly better than the baseline results with no
speaker adaptation, but there are no significant differences compared to the results
with the true speaker turns and labels or to the previous results. The BIC–STCL
results on the VOA evaluation sets and the ADA–STCL results on VOA 1 are on
average better than in the previous test with the true speaker turns given (Table 5.9
C and D), and thus, it appears automatic speaker segmentation can, to some extent,
even benefit speaker adaptation. However, results on VOA 2 are on average better
when the speaker-dependent CMLLR transformations are estimated based on the
true speaker turns and labels. The average cluster and speaker purities are about
the same for VOA 2 and VOA 3, but VOA 2 contains a little more conversational
speech and has more word recognition errors than the other evaluation sets, and
speaker adaptation with the true speaker turns and labels also improved the VOA 2
results less than the results on other evaluation sets.

Whether one should generally choose BIC–STCL or ADA–STCL for speaker turn
clustering remains an open question. Speaker segmentation and adaptation results
on VOA 2 and VOA 3 evaluation sets are on average better when the detected
speaker turns are clustered with BIC–STCL, but on the other hand, results on VOA 1
are the same for both speaker turn clustering methods, and ADA–STCL results
on the YLE evaluation set are on average better both with the true and detected
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Table 5.10: Speech recognition results when the CMLLR transformations used for
adaptation are estimated (A) based on news stories, without speaker segmentation
and (B) based on detected and labelled speaker turns. Speaker turns are detected
using moving windows approach and Kullback-Leibler distance for the VOA evalu-
ation sets and generalised likelihood ratio distance for the YLE evaluation set and
labelled with BIC–STCL in the VOA evaluation sets and with ADA–STCL in the
YLE evaluation set.

empty line here

(a) WER (%)

VOA 1 VOA 2 VOA 3 0YLE0

A 23.3 29.1 26.6 20.1
B 22.3 28.2 25.6 19.4

empty line here

empty line here

(b) LER (%)

VOA 1 VOA 2 VOA 3 0YLE0

A 11.0 15.0 14.4 6.3
B 10.4 14.3 13.6 5.9

speaker turns. Speech recognition results for VOA 1 and YLE are more accurate
than the results for VOA 2 and VOA 3. The recognition errors probably affect the
CMLLR transformation estimation needed in ADA–STCL more when we have the
automatically detected speaker turns. Automatically detected speaker turns are on
average shorter than the true speaker turns, and thus, the errors in the state sequence
hypothesis may not be averaged out as normally happens. Since BIC–STCL does
not utilise the state sequence hypothesis, its performance is not directly dependent
on the speech recognition result.

All and all, speaker adaptation has introduced some significant error reductions with
the true and the automatically generated speaker turns equally well. However, we do
not actually know, whether this indicates that the detected speaker turns are good.
CMLLR transformations are quite simple and thus not capable in learning the finer
speaker characteristics, and it is possible the transformations are equally effective
whenever estimated and applied on the same, relatively small, data collection. To
determine whether this is the case, we estimate a CMLLR transformation for each
news story, and compare the results.

Results from news story based adaptation (Table 5.10) are on average inferior to the
speaker adaptation results with either the true or detected speaker turns, and thus,
using speaker segmentation would still introduce relative error reductions around
5 % on the VOA evaluation set and some 6 % on the YLE evaluation set. Statis-
tical testing finds the differences in error rates insignificant, which, however, does
not mean that speaker segmentation and adaptation do not work, but rather that
speaker adaptation does not work as we assumed with this particular data. We
expected speaker adaptation would remove speaker-dependent characteristics, but
CMLLR also compensates environmental differences. Acoustic models for neither
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English nor Finnish were trained with broadcast news data, and thus, the environ-
mental differences may affect speech recognition more than the differences between
individual speakers. Results could have been different had we tested speaker seg-
mentation and adaptation on data that matches the acoustic models and language
models better and speaker adaptation could focus on truly modelling the speakers.
For example, the CSR [24] corpora with news articles read from the Wall Street
Journal could suit our models well.

Since there are most often only 1 – 3 different speakers in a news story, news story
adaptation may also be too close to speaker adaptation. If the audio had not been
divided into news stories, and we would have estimated a common transformation for
the whole news broadcast, there would probably be a much greater difference between
those results and speaker adaptation results. Also, if we had the speaker turns, but
we would not have them clustered but would just estimate a CMLLR transformation
for each speaker turn, the speaker adaptation results would probably degrade because
there would not be enough data to properly estimate the transformations. In this
sense, it is a fair comparison between speaker adaptation and adaptation based on
news stories, for there are approximately as many detected speakers as there are
news stories when the VOA evaluation sets are clustered with BIC–STCL and the
YLE evaluation set with ADA–STCL.



Chapter 6

Conclusions and Discussion

Inspiration for this work came from the desire to apply speaker adaptation in au-
tomatic speech recognition of news broadcast data where we have multiple speakers
and no prior information on them. We wanted to automatically segment the data
to speaker turns that are labelled according to the speaker. We used a common
speaker change detection method and compared speaker model based clustering and
a new clustering method that seeks to maximise the feature likelihood when fea-
tures are adapted using constrained maximum likelihood linear regression (CMLLR)
estimated for each cluster separately.

We were interested in finding speaker turns that would be accurate enough to guide
speaker-based adaptation, and hence speech recognition results were used to evaluate
the speaker segmentation performance. However, we wanted to assess the speaker
segmentation performance also in isolation from speaker adaptation in order to find
any characteristics the chosen methods may have. Also, if one wanted to use speaker
segmentation for spoken document content analysis or alike, it would be important
that the speaker turns as such are correct.

We tested metric-based speaker change detection with Kullback-Leibler distance and
generalised likelihood ratio based distance. Results were quite even between the two
metrics. Most speaker change boundaries were found, but as noted in [38], metric-
based speaker change detection has a tendency to produce many false boundaries.
Local clustering can be used to remove some false boundaries, but this did not affect
the speaker turn clustering or speaker adaptation performance in our experiments.
In this work, a speaker change is detected if the distance passes a hand-set threshold,
but in the future, it would be better to have an adaptive threshold [48].

Both speaker turn clustering methods had average cluster purity and average speaker
purity well over 0.8 both with the true and detected speaker turns, and the speech
recognition performance after speaker adaptation was the same when the speaker-
specific CMLLR transformations were estimated based on the true speaker turns and
labels, and when automatic speaker segmentation methods were used to produce the

59
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speaker information. It is mentioned in [3] that average cluster and speaker purities
should be greater than 0.70 on average in order to benefit speaker adaptation in
applications like broadcast news transcription.

The average speech recognition results on VOA 1 and YLE improved when CMLLR
transformations were estimated based on the true speaker turns with automatically
set speaker labels instead of the true speaker labels. Similar results were reported
in [76]. Furthermore, when speaker change detection was used to generate the speaker
turns, we noticed further improvements in the average speech recognition results
calculated after speaker adaptation. We observed from the YLE television news
audio, that speaker change detection would often set false speaker change boundaries
around sections with some short-term noise, and the sections were then given a
different label than the other speech data from the same speaker. It seems reasonable,
that the recognition results improve, if we estimate separate CMLLR transformations
for certain speaker with and without background music, for example. If speaker
segmentation results were not intended for speaker adaptation we would not wish to
have mislabelled speaker turns, but in our case, a mistake is welcome if it improves
speaker adaptation and speech recognition performance.

The speaker turn clustering methods tested in this thesis have one difference. We
found that the speaker adaptation based speaker turn clustering method introduced
in Section 4.3 achieved much better average cluster and speaker purities with test
sets that had better speech recognition results. Thus, speaker model based clustering
is probably more suited for speaker turn clustering if one fears the speech recognition
results contain many errors. More tests with different data should, however, be con-
ducted to compare the speaker turn clustering methods, since the speaker adaptation
based method performed notably better than the speaker model based method when
applied on the Finnish television news audio.

Another difference between the YLE and VOA evaluation sets is found when com-
paring the speaker adaptation and speech recognition results. Speaker adaptation
improved the letter error rate 24 % on average when applied on the YLE evaluation
set and around 13 % when applied on the VOA evaluation sets. The baseline results
without speaker adaptation are also better for the YLE evaluation set, and since the
CMLLR transformations are estimated based on the speech recognition results, the
recognition errors in VOA could degrade the speaker adaptation performance. How-
ever, the acoustic models for English are also much more complex than the acoustic
models for Finnish: English models have over 150 000 Gaussians, whereas Finnish
models have around 15 000. It is possible that one transformation common to all
states may not be an adequate solution for a model so complex, and we should prob-
ably divide the state models to regression classes and estimate the speaker-specific
transformations for each class independently [42]. This is common with, for example,
maximum likelihood linear regression, but not with CMLLR.

After testing with adaptation based on news stories rather than speaker turns, we
came to the conclusion that speaker adaptation did not concentrate on learning
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speaker characteristics but rather on some general differences between the training
and test conditions. Broadcast news feature some different environments and back-
ground noises, whereas the training data for the English acoustic models contained
only telephone conversations, and the training data for the Finnish acoustic models
contained clean speech recorded with a close-talk microphone. CMLLR transforma-
tions can also handle environmental differences, so we still do adaptation, but not
speaker adaptation. The problem with mismatched environmental conditions is more
severe with some other speaker adaptation methods like the eigenvoice approach [52].

If we wanted speaker adaptation to focus on speaker-specific details only, we should
probably estimate a CMLLR transformation over several speakers to compensate for
the mismatch between the training and testing conditions. The problem with news
broadcasts is that in addition to different speakers, there are different environments
that would each need a different transformation.

Speaker segmentation has been researched extensively over the years, and it would be
difficult to find a rock unturned, a method that is truly new to this field. However, we
have implemented a speaker segmentation system that works quite well and enables
us to use speaker adaptation in speech recognition tasks with multiple speakers
involved, and using CMLLR and the likelihood maximisation scheme in speaker
turn clustering proved quite successful. It would be interesting to test the method
using models trained with speaker adapted data and see if the results change. Models
trained with speaker adapted data do not learn to compensate for speaker variation
like normal speaker-independent models.

The problem with our current system is that it cannot separate speech and music.
Broadcast news are often punctuated with music, and thus, an automatic broadcast
news transcription system would essentially need to distinguish between speech and
music sections. Speaker segmentation would then be applied to the speech sections
only. Other research areas related to broadcast news transcription task would be
language recognition and modelling conversational speech. Language recognition is
needed to separate sections spoken in the target language from the sections spoken
in other languages that the system cannot recognise, and similar techniques can be
applied to dialect detection also. Modelling conversational speech would improve
speech recognition performance on interview sections, where incomplete sentences,
filled pauses and other such phenomena are common. Last, speech recognition under
noisy conditions could improve the results, for sections with background music were
found rather common in the YLE television news and in the VOA broadcast news.
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