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Abstract

This thesis shows research performed into the topic of speak diarization for meeting rooms.
It looks into the algorithms and the implementation of an oi ne speaker segmentation and
clustering system for a meeting recording where usually mar than one microphone is available.
The main research and system implementation has been done wa visiting the International
Computes Science Institute (ICSI, Berkeley, California) for a period of two years.

Speaker diarization is a well studied topic on the domain of lboadcast news recordings. Most
of the proposed systems involve some sort of hierarchical w$tering of the data into clusters,
where the optimum number of speakers of their identities arainknown a priory. A very commonly
used method is called bottom-up clustering, where multiple nitial clusters are iteratively merged
until the optimum number of clusters is reached, according b some stopping criterion. Such
systems are based on a single channel input, not allowing a ict application for the meetings
domain. Although some e orts have been done to adapt such syems to multichannel data, at
the start of this thesis no e ective implementation had been proposed. Furthermore, many of
these speaker diarization algorithms involve some sort of mdels training or parameter tuning
using external data, which impedes its usability with data di erent from what they have been
adapted to.

The implementation proposed in this thesis works towards stving the aforementioned prob-
lems. Taking the existing hierarchical bottom-up mono-chanrel speaker diarization system from
ICSI, it rst uses a exible acoustic beamforming to extract speaker location information and
obtain a single enhanced signal from all available microphoes. It then implements a train-free
speech/non-speech detection on such signal and processes tresulting speech segments with
an improved version of the mono-channel speaker diarizatiorsystem. Such system has been
modi ed to use speaker location information (when availabk) and several algorithms have been
adapted or created new to adapt the system behavior to each pécular recording by obtaining
information directly from the acoustics, making it less dependent on the development data.

The resulting system is exible to any meetings room layout regarding the number of mi-
crophones and their placement. It is train-free making it eay to adapt to di erent sorts of data
and domains of application. Finally, it takes a step forward into the use of parameters that are
more robust to changes in the acoustic data. Two versions oftte system were submitted with
excellent results in RTO5s and RT06s NIST Rich Transcription evaluations for meetings, where
data from two di erent subdomains (lectures and conference) was evaluated. Also, experiments
using the RT datasets from all meetings evaluations were ugkto test the di erent proposed
algorithms proving their suitability to the task.






Resum

Aquesta tesi doctoral mostra la recerca feta en larea de ladiaritzaco de locutor per a sales de
reunions. En la present s'estudien els algorismes i la impheentaco d'un sistema en diferit de
segmentaco i aglomerat de locutor per a grabacions de reuans a on normalment es £ aces a
nmes d'un miciofon per al processat. El bloc mes important de recerca s'ha fet durant una estada
al International Computer Science Institute (ICSI, Berkeley, Caligornia) per un perode de dos
anys.

La diaritzaco de locutor s'ha estudiat forca per al domin i de grabacions de adio i televiso.
La majoria dels sistemes proposats utilitzen algun tipus daglomerat jearquic de les dades en
grups aaistics a on de bon principi no se sap el rumero de lagtors optim ni tampoc la seva
identitat. Un netode molt comunment utilitzat s'anomena \ bottom-up clustering” (aglomerat
de baix-a-dalt), amb el qual inicialment es de neixen molts gups aastics de dades que es van
ajuntant de manera iterativa ns a obtenir el nombreoptim d e grups tot i acomplint un criteri
de parada. Tots aquests sistemes es basen en l'aralisi d'ucanal d'entrada individual, el qual
no permet la seva aplicaci'o directa per a reunions. A mes a g8, molts d'aquests algorismes
necessiten entrenar models 0 a nar els parameters del sistea usant dades externes, el qual
di culta I'aplicabilitat d'aquests sistemes per a dades diferents de les usades per a l'adaptaco.

La implementaco proposada en aquesta tesi es dirigeix a $eentar els problemes mencionats
anteriorment. Aquesta pren com a punt de partida el sistema gistent al ICSI de diaritzaco
de locutor basat en l'aglomerat de \baix-a-dalt". Primer es processen els canals de grabaco
disponibles per a obtindre un sol canal daudio de qualitat major, a mes d'informaco sobre la
posico dels locutors existents. Aleshores s'implementain sistema de deteccd de veu/silenci que
no requereix de cap entrenament previ, i processa els segnteme veu resultant amb una verso
millorada del sistema mono-canal de diaritzacd de locutor Aquest sistema ha estat modi cat
per a lus de l'informacd de posico dels locutors (quan es tingui) i s'han adaptat i creat nous
algorismes per a que el sistema obtingui tanta informacd om sigui possible directament del
senyal acustic, fent-lo menys depenent de les dades de deselwpament.

El sistema resultant es exible i es pot usar en qualsevol tips de sala de reunions pel
que fa al nombre de micofons o la seva posicd. El sistemaa nes, no requereix en absolut
dades tentrenament, sent nes senzill adaptar-lo a diferets tipus de dades o dominis d'aplicaco.
Finalment, fa un pas endavant en lus de parametres que sigin mes robusts als canvis en les dades
aastiques. Dos versions del sistema es van presentar amlesultats excel.lents a les evaluacions
de RTO5s i RTO6s del NIST en transcripco rica per a reunions a on aquests es van avaluar amb
dades de dos subdominis diferents (conferencies i reunignsh nes a nes, es fan experiments
utilitzant totes les dades de les evaluacions RT per a demosdr la viabilitat dels algorismes
proposats en aquesta tasca.
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Chapter 1

Introduction

The purpose of this initial chapter it to present the problems and motivations that sparkled and
impulsed the development of this thesis work and exposes what aimed to achieve. Working
towards this, section 1.1 introduces the topic of the thesisand the motivations behind it. Section
1.2 de nes the set of objectives pursued with its developmen Finally, section 1.3 outlines the
contents to be found in each of the remaining chapters in thisdlocument.

1.1 Context and Motivations of this Thesis

People like to talk

Speech is still one of the most used way that humans have to comunicate their ideas and to
convey information to the world outside of ourselves. In fat, the quantity of available information
by means of speech (telephone, radio, television, meetingkectures, internet, etc) that is being
stored is very big and rapidly increasing given the cheaperad cheaper ways of storage available
nowadays. Following the two maxima that say "time is money" and "information is power", it
becomes clear how desirable it is to have access to all thisformation, but as we only have two
ears and limited time, we would like someone else to accessfibr us and to tell us only what
is important, not waisting time in listening to multiple hou rs of contentless recordings. Some
other times we might be interested in accessing some partidar bit of this information which we
do not know where it is, lost inside of our \Alexandria audio library". This is one area where
speech technology can make a big contribution by means of thoiques like audio indexing, where
information is automatically extracted from the audio, whi ch allows the processing, search and
recovery of the desired content much easier. Considering agpallelism, acoustic indexing could
be considered to an audio-based library what a good librariaris to a paper-based library.

1



2 1.1. Context and Motivations of this Thesis

People do not like, usually, to talk alone

Most of the times when a person speaks, his/her speech is died to someone or something
else, which we expect to communicate with. In fact, even wherwe are talking to an animal, a
machine or a little baby we are adapting our speech so that thenessage is conveyed to this outer
entity. When dealing with information extraction from a rec ording, it becomes very important
to answer guestions like: \what was said?" as it conveys the rassage, but also \who said it?" as
information varies depending on who utters the spoken words

Within the speech technologies, The broad topic ofacoustic indexing studies the classi cation
of sounds into di erent classes/sources. Such classes caube as broad as [cats, dogs, humans] or
more concrete like [pit bull, pug, German shepherd]. Algorihms used for acoustic indexing worry
about the correct classi cation of the sounds, but not necesarily about the correct separation of
them when more than one exist in the same audio segment. Thegrirely classi cation techniques
have sometimes been calledudio clustering, which bene t from the broad topic of clustering,
well studies in many areas.

When multiple sounds appear in the same audio signal one musturn his attention to
techniques called asaudio diarization to process them. As described in Reynolds and Torres-
Carrasquillo (2004), audio diarization is known as the proess of annotating an input audio
signal with information that attributes (possibly overlap ping) temporal regions of signal to their
speci ¢ sources/classes (i.e. creating a \diary" of eventsin the audio document). These can
include particular speakers, music, background noise souaes, and other signal source/channel
characteristics. It is very dependent on the application whch particular classes are de ned, be-
coming as broad or narrow as intended. In the simplest case,n@ could refer as audio diarization
to the task of speech versus non-speech detection.

When the possible classes correspond to the di erent speakgin a recording these techniques
are called speaker diarization They aim at answering the question \Who spoke when?" given
an audio signal. Algorithms doing speaker diarization needto locate each speaker turn and
assign them to the appropriate speaker cluster. The output 6 the system is a set of segments
with a unique ID assigned to each person that intervenes in tle recording, leaving it to speaker
identi cation systems to determine the person's identity given each ID. Until the present time,
the domains that have received most research attention witin the speaker diarization community
have been

Telephone speech: Speaker diarization systems started bgj evaluated by NIST (National
Institute for Standards and Technology2006) using single channel telephone speech signals,
within the speaker recognition evaluations in the late 199Gs.

Broadcast News (radio and TV broadcasts): Mainly with the impulse of DARPA's EARS
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program (DARPA E ective, A ordable, Reusable Speech-to-Text (EARS) 2004) rich tran-
scription of broadcasted news content became the primary rgearch domain for speaker
diarization roughly from 2002 to 2004. Rich transcription consists on the addition of extra
information (generally called metadata, including speake diarization information) to the
speech-to-text transcriptions.

Meetings (lectures and conferences): Mainly due to the impise of the European CHIL

and AMI projects (Computers in the Human Interaction Loop (CHIL) website (2006),

Augmented Multiparty Interaction (AMI) website (2006)) the focus of research shifted
from broadcast news to meetings around 2004. Although of it€urrent prominence, many
smaller projects had studied and recorded meetings previaly in the 1990's.

When talking about speaker diarization is equivalent to sayng speaker segmentation and
clustering of an audio document as both these techniques are normally esl together in diariza-
tion. On one hand, speaker segmentation (also calledpeaker change detectionaims at nding
changes of speaker in an audio recording. It di ers fromacoustic change detectionin that it
does not consider changes in the background sounds during angle speaker segment to be a
change to consider. On the other hand, speaker clustering agpomerates audio segments into
homogeneous groups, coming from a similar/same source. Irhé general de nition it does not
constrain the process to a single le as all it requires is thaeach segment contain only a single
speaker. When used in conjunction with speaker segmentatiofor speaker diarization, it clusters
the segments created by the segmentation of one single rechbing.

Finally, also related to speaker diarization there are tecmiques regardingspeaker tracking
where the identity of one or more speakers is known a priory ath the aim is to locate their
interventions within the audio document.

In a general point of view, speaker diarization algorithms ae a very useful part of many
speech technology systems, for example:

Speaker indexing and rich transcription: By indexing the audio according to the speakers
and adding extra information to speech transcripts it becones easier for humans to locate
information and for machines to process it. typical automatic uses of such output might
be speech summarization and translation.

Speaker segmentation and clustering helping Automatic Spech Recognition (ASR) sys-
tems: Segmentation algorithms are used to split the audio ito small segments (maintaining
all acoustic units intact) for the ASR systems to process. Abo, speaker diarization algo-
rithms are used to cluster all the input data into speakers tovards model adaptation.
Sometimes the clustering is performed into broader speakerlusters (less than the actual
amount of speakers) to maximize the amount of adaptation da&.
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Preprocessing modules for speaker-based algorithms: Spesaldiarization can be used be-
fore speaker tracking, speaker identi cation, speaker varcation and other single speaker-
based algorithms, to split the data into individual speakers.

This thesis verses about speaker diarization pursued on theneetings environment. While
doing so, and following the guidelines proposed by NIST in tle Rich Transcription (RT) evalu-
ations, it processes the data without any prior information on the number of speakers present
in the meeting or their identities. Furthermore, the system is intended for use without any
assumption on the meeting room layout, which usually contans multiple microphones record-
ing synchronously. These microphones are of di erent kindsand it is assumed that their exact
location is unknown to the system.

This thesis is being presented in partial full Iment of the requirements for the PhD in The-
ory of Signal and Communications in the UPC, where | have take the necessary doctorate
courses and previously prepared the thesis proposal. The pposed system was implemented at
the International Computer Science Institute during a two years research stay with funding from
the AMI project on the rst year and the Spanish visitors prog ram on the second. The imple-
mentation of speaker diarization for meetings takes into acount all available prior knowledge
in speaker diarization for the broadcast news environment pesent at ICSI at the start of this
project. It is based on a modi ed version of the Bayesian Infemation Criterion (BIC) which
does not require the tuning of any penalty term. It performs an agglomerative clustering of the
initial acoustic data after it has been Itered with a speech/non-speech detector to eliminate all
non-speech information. The clustering nished when no cluger pair is available for merging.

Improvements are proposed for the system in three main areasio extend the applicability
of the system to multiple microphone recordings it implemens a Iter&sum beamforming and
adds several algorithms to improve the output signal when merophones are very dissimilar. The
beamforming algorithm also started being used by the ASR syem at ICSI in the meetings Rich
Transcription evaluations with great results directly att ributed to this module. Another area is
the speech/non-speech detection where a new train-free systewas implemented to allow for an
accurate Itering of the silence segments in a meeting. Findy, within the inherited broadcast
news system, several algorithms are either added or improgeto increase the robustness of the
system and to allow for it to extract as much information as possible from each recording allow-
ing for fast adaptation to new domains. These include the aubmatic initial number of clusters
and model complexity selection algorithms, two puri catio n algorithms to allow better compar-
isons between clusters and a a more robust training. Finallythe time delay of arrival between
microphones in the beamforming module is successfully used the diarization to increase the
amount of information used to perform the diarization.



Chapter 1. Introduction 5

1.2 De nition of the Thesis Objectives

The main objective of this thesis is the development of a robst speaker diarization system
towards its use in the meetings domain. In order to fully accanplish this, a set of concrete
objectives is established (without any order of importancé:

The speaker diarization system is to be built using the expetise accumulated at ICSI
in the research done in broadcast news. First, the di erence between broadcast news
and meetings need to be analyzed. Then the mono-channel speakdiarization system
used in broadcast news is to be adapted to the meetings domaihy rst addressing the
points where both domains di er, and then improving current algorithms to improve its
performance.

The resulting system is to be as independent as possible to gmoom distribution, number
of microphones and placement, and kind of meeting. It shoulchlso be easy to be adapted
to new domains with as little development time as possible. Vithin the meetings do-
main, algorithms should be able to obtain automatically all necessary parameters in each
meeting and algorithms should work for all possible meetingconditions with acceptable
performance. When porting the system to new domains it shoud perform well from the
start.

The algorithms implemented for the meetings system should @duceshow akiness, which
accounts for sudden changes to the system performance, witlhthe same set, upon slight
modi cation of its parameter settings. It should also improve within sets robustness with
similar results when running the same system in di erent data than the development. This
can be achieved by research in system parameters that focusidhe particular character-
istics of the individual audio excerpts instead of the wholeset, thus becoming more robust
to changes in the used set. These parameters need to have a gterformance response
around the optimum to allow for small changes not to dramatically a ect the outcome.

In a similar fashion, the system is also aimed at being traindfee (no external data is
used to train acoustic models prior to the test). This allows both a quick adaptation to

domains and a robust performance when new data within the sam domain has a di erent

acoustic content than the development data. This was alreagl a goal of the broadcast news
system, where only the speech/non-speech detector needed b® trained. The proposed
system aims at replacing this module by a train-free alternatve and to implement all new

algorithms and improvements to be independent of any data otside of the test set for
models training. Still development data will be used to set he system parameters.

The system is developed for participation in the NIST Rich Transcription (RT) evaluations
for 2005 and 2006 in order to benchmark the performance of theechnology and algorithms
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implemented in comparison to other systems given the same da. All decisions taken and
parameter settings are in tune with the existing rules in these evaluations, which intend
to measure general system performance, without emphasis iany particular application.

Last but not least, emphasis is put at the publication of resuts and improvements made
to the system to allow for other research groups to know the reearch progress made at
ICSI in terms of speaker diarization. Furthermore, e orts are made into making the system
available for people to use it, either entirely or some of itsmodules, and both internally

or by external users, giving support when possible.

1.3 Outline of the Thesis

This thesis is split into seven main chapters on the topic of obust speaker diarization for
meetings. A brief description follows of what is to be found n each chapter.

Chapter 2 takes a look into the proposed problem: how to robutly and optimally determine
\who spoke when?" in a meeting domain where multiple micropltones are usually available for
recording. In order to address it, a review of what feature paameters have been previously
used in speaker-related problems is followed by an analysisf the state of the art in speaker
segmentation, which plays an important part in many speakerdiarization algorithms. Then a
review of previously proposed diarization algorithms and mplementations sets the grounds for
a description of the projects, databases and systems that,a the date, have had its main focus
in the meetings domain. Finally, and given the multichannel nature of a meeting room, acoustic
enhancement theory is introduced to process multiple micrphones, and the main techniques are
reviewed for the purpose of obtaining a single \enhanced" cannel from multiple inputs.

Chapter 3 Leads the reader through the system implementatia, basing it in the diarization
system that existed for broadcast news prior to this thesis wrk. An initial review of the ideas
behind the system and the implementation of the broadcast ne/s speaker diarization system is
followed by an analysis of the di erences and needs in ordera adapt it to the meetings domain.
Finally, a description of the meetings implementation in canparison to the prior system is
pursued. Each of the blocks and algorithms that have been resed, refurbished or created from
scratch for the meetings domain are introduced, while leavig for later chapters the description
in detail of the novel algorithms presented in this thesis.

Chapter 4 describes in detail all the novel techniques intraluced in this thesis for the pro-
cessing of single channel acoustic data. These include a nespeech/non-speech decoder which
improves the previous version by being totally train-free ard more adapted to the diarization
process. Also, several algorithms for speaker clusters dafption and modeling, including al-
gorithms for description of the number of clusters, model caplexity selection, a new training
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algorithm and two cluster puri cation algorithms.

Chapter 5 describes in detail the particular characteristics of using multiple channels in a
meeting room and how the diarization processing can bene tfom them. A Iter&sum beam-
forming algorithm is selected for the task. The algorithm basic description and its implemen-
tation is described, explaining both well known and novel agorithms used for it. Also in this
chapter a description of the use of the Time Delay of Arrival (TDOA) between channels as a
parallel feature stream for the diarization module is purswed. Finally, a novel algorithm for the
weight determination between TDOA and acoustic features isdescribed.

Chapter 6 describes the experiments to show the appropriateess of all techniques. First,
it describes the setup for running the experiments and then Bows and explains the results for
each one, comparing it to a baseline derived from the originlabroadcast news system prior to
this thesis work or from intermediate (well established) pants.

Chapter 7 describes the content and motivations behind the NST Rich Transcription evalua-
tions, which has been the tool used to assess the quality andtcompare the proposed diarization
system to other research systems and is the source of all datats used in the experiments. A
description of ICSI's submissions for 2005 and 2006 is expled in detail and results for those
evaluations are given.

Finally, chapter 8 summarizes the major contributions and results obtained in this thesis
and proposes some improvements and future work.






Chapter 2

State of the art

In this chapter the main techniques used over the recent yea on the task towards speaker
diarizaton (i.e. speaker segmentation and clustering) andn acoustic beamforming are reviewed.
Initially, the features that have been found suitable for speaker diarization are explained. Then,
a look at the algorithms and systems to deal in general with tke task at hand are introduced.

Finally some ground is set on techniques oriented towards péorming speaker diarization in

meetings, being this the main domain of application of this hesis.

Speaker diarization can be de ned in terms of being a subtypeof audio diarization, where
the speech segments of the signal are broken into the di erdrspeakers (Reynolds and Torres-
Carrasquillo 2004). It generally answers to the question "Who spoke when?" and it is sometimes
referred to as speaker segmentation and clustering. In the @main of application of this thesis
it is performed without any prior knowledge of the identity of the speakers in the recordings
or how many are there. This, though, is not a requirement to cdl it speaker diarization as
partial knowledge on the identities of some people in the reardings, the number of speakers
or the structure of the audio (what follows what) might be available and used depending on
the application at hand. None of these informations is provded in the RT evaluation cam-
paigns organized by NIST (NIST Spring Rich Transcription Evaluation in Meetings website,
http://www.nist.gov/speech/tests/rt/rt2005/spring  2006) which is the task used to evaluate all
the algorithms presented in this thesis.

According to Reynolds and Torres-Carrasquillo (2004), thee are 3 main domains of appli-
cation for speaker diarization that have received special tiention over the years:

Broadcast news audio: Radio and TV programs with various kirds of programming, usually
containing commercial breaks and music, over a single chamh

Recorded meetings: meetings or lectures where multiple pete interact in the same room
or over the phone. Normally recordings are made with severamicrophones.

9
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Phone conversations: single channel recordings of phone ro@rsations between two or
more people. It is very much used in the speaker recognitionampaigns but in disuse in
diarization.

Furthermore, one could consider other particular domains,like air tra ¢ communications,
dialog in the car, and others.

As part of speaker diarization, speaker segmentation and sgaker clustering belong to the
pattern classi cation family, where one tries to nd categorical (discrete) classes for continuous
observations of speech and, by doing so, it nds the boundags between them. Speech recognition
is also a pattern classi cation problem. As such, they all need to work on a feature set that
represents well the acoustic data and de ne a distance mease/method to assign each feature
vector to a class.

In general, clustering data into classes is a well studied &hnique for statistical data analysis,
with applications in many elds, including machine learnin g, data mining, pattern recognition,
image analysis, bioinformatics and others.

When using clustering techniques for speaker or acoustic utering one needs to previously
de ne the segments that are going to be clustered, which mighbe of di erent sizes and char-
acteristics (speech, non-speech, music, noises). In creatj the segments using segmentation
techniques one needs to be able to separate the speech streamo speakers and not words or
phones. Any speech segment is populated with voiced and unieed phones, and short pauses
between some phones or when punctuating. A speaker segmetitn and clustering algorithm
needs to de ne the properties of the speaker's data to be aggned to a single speaker and de ne
techniques to assign such data into a single cluster. To do sone needs to use the appropriate
acoustic models, their size and training algorithms so thatthey identify di erences correctly in
the acoustics at the speaker level.

The rst section in this chapter takes a look at the features that have been proven useful
for speaker based processing (like speaker diarization).r&phasis is given to alternatives to the
traditional features, to focus on speaker characteristicghat better discriminate and help identify
the speakers present in a recording.

Following the features review, an overview of the main techiques that have been used in
the area of speaker segmentation and speaker diarization pursued. Speaker segmentation is a
rst step in many speaker diarization systems and thereforeit is found useful to review what
techniques have been mainly used in the past and to create a gund theory for the speaker
diarization review. After explaining the main speaker diarization systems focus will be geared
towards speaker diarization for meetings, which is the foca of implementation in this thesis.

In meetings one usually encounters several available micphones for processing, are all
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located inside the meetings room in several locations arouhthe speakers. Although most of
these microphones are not de ned to form a microphone arrayn theory, in practice it is found
useful to use microphone array beamforming techniques in ader to combine the microphones
data into one \enhanced" channel and then process only this lsannel using the diarization
system. This has the advantage that the speaker diarizationsystem stays totally transparent
of the particularities of each meeting room setting and pro@sses only one channel in any case,
improving in speed, versus any other solutions involving sme sort of processing of all channels
in parallel.

In the last section of this state of the art review the main techniques currently available
in acoustic beamforming will be covered, which have been apigd in the implemented system
in order to take advantage of the multiplicity of available microphones. First, an overview of
the techniques used to obtain an \enhanced" signal as an outpt from multiple input signals is
covered, and then possible ways to estimate the delay betwaesach of these channels is explored,
necessary in order to align the acoustic data, used the majdty of beamforming algorithms.

2.1 Acoustic Features for Speaker Diarization

Speaker diarization falls into the category of the speaker-Bsed processing techniques. Features
extracted from the acoustic signal are intended to convey iformation about the speakers in the
conversations in order to enable the systems to separate tie optimally.

Likewise speaker recognition and speech recognition systes, well used parametrization fea-
tures in speaker diarization are Mel Frequency Cepstral Coeients (MFCC), Linear frequency
cepstral coe cients (LFCC), Perceptual Linear Predictive (PLP), Linear Predictive Coding
(LPC) and others.

Although the aforementioned parametrization techniques yeld a good performance in current
speaker diarization and recognition systems, they are usuly not focused on representing the
information relevant to distinguishing between speakers ad to isolate such information from
other interfering sources (like non-stationary noises, balkground music and others). Nevertheless
speaker recognition and diarization systems like the one msented in this thesis use MFCC
parameters with a higher number of coe cients as it is known that the higher coe cients do
incorporate speaker information.

In this section some research is pointed out that propose afirnative parameters focusing on
the speaker characteristics and/or particular conditions of the tasks that they are applied to, all
within the speaker-based area, which can constitute an advaiage if used alone or in conjunction
with the most common parametrization techniques. Although the use of these parameters is still
not general, these should constitute the tip of the iceberg b parameters exploiting speaker
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information to come.

In Yamaguchi, Yamashita and Matsunaga (2005) it proposes ageaker segmentation system
using energy, pitch frequency, peak-frequency centroid angeak-frequency bandwidth, and adds
three new features: temporal feature stability of the powerspectra, spectral shape and white
noise similarities; all three related to the cross correlaibn of the power spectrum of the signal.

In order to avoid the in uence of background noises and othernon-speaker related events,
in Pelecanos and Sridharan (2001) and more recently in Ouedt, Boulianne and Kenny (2005),
feature warping techniques are proposed to change the shaps the p.d.f. of the features to a
Gaussian shape prior to their modeling. They have been appdid with success in Sinha, Tranter,
Gales and Woodland (2005) and Zhu, Barras, Lamel and Gauvairf2006) for speaker diarization
in broadcast news and meetings respectively.

In the area of speech activity detection (SAD) there have beg also several features proposed
in the latter years. In Kristjansson, Deligne and Olsen (20%) some well known features and other
new ones are proposed, based on autocorrelation of the sigr@ on the spectrum characteristics.

In Nguyen (2003) a new theoretical framework for natural isenetric frontend parameters
based on di erential geometry is presented and applied to spaker diarization, improving per-
formance when used in combination to standard MFCC parametes.

In Moh, Nguyen and Junqua (2003), Tsai, Cheng and Wang (2004pand Tsai, Cheng, Chao
and Wang (2005) speaker diarization systems are proposed lgonstructing a speaker space from
the data and projecting the feature vectors in it prior to the clustering step. Similarly, Collet,
Charlet and Bimbot (2005) proposes the technique of anchor radeling (introduced in Sturim,
Reynolds, Singer and J.P.Campbell (2001)) where acoustiacdmes are projected into an anchor
model space (previously de ned from outside data) and perfans speaker tracking with the
resulting parameter vectors. They show that it improves robustness against outside interfering
signals and they claim it to be domain independent.

When more than one microphone is collecting the recordingsfér examples in meeting rooms)
Pardo, Anguera and Wooters (2006a), Pardo, Anguera and Woatrs (2006b), ICSI Meeting
Recorder Project: Channel skew in ICSI-recorded meeting62006), Lathoud and McCowan (2003)
show that it is useful for speaker diarization the use of the ime-delays between microphones.

Finally, in Chan, Lee, Zheng and hua Ouyang (2006) they propse the use of vocal source
features for the task of speaker segmentation using a systetmased on Delacourt and Wellekens
(2000). Also in Lu and Zhang (2002b) a real-time 2-step algorihm is proposed by doing a
bayesian fusion of LSP, MFCC and pitch features.
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2.2 Speaker Segmentation

Speaker segmentation has sometimes been referred to as skeachange detection and is closely
related to acoustic change detection. For a given speech/alio stream, speaker segmentation/
change detection systems nd the times when there is a changef speaker in the audio. On a
more general level, acoustic change detection aims at ndig the times when there is a change
in the acoustics in the recording, which includes speech/ne-speech, music/speech and others.
Acoustic change detection can detect boundaries within a spaker turn when the background

conditions change.

Although erroneously, the term \speaker segmentation” hassometimes been used instead of
speaker diarization for systems performing both a segment#n into di erent speaker segments
and a clustering of such segments into homogeneous groupssAt will be pointed out later
on, many systems obtain a speaker diarization output by mean of rst performing a speaker
segmentation and then grouping the segments belonging to # same speaker. Other times this
distinction is not so clear as segmentation and clustering @& mixed together. In this thesis a
system will be called to perform speaker segmentation whenllaframes, assigned to any partic-
ular speaker ID, are contiguous in time. Otherwise the systm will be said to perform speaker
segmentation and clustering (or equivalently speaker diaization).

In a very general level, two main types of speaker segmentain systems can be found in the
bibliography. The rst kind are systems that perform a single processing pass of the acoustic
data, from where the change-points are obtained. A second baal class of systems are those that
perform multiple passes, re ning the decision of change-pait detection on successive iterations.
This second class of systems include two-pass algorithms wieein a rst pass many change-
points are suggested (more than there actually are, theref® with a high false alarm error) and
in a second pass such changes are reevaluated and some areaided. Also part of the second
broad class of systems are those that use an iterative procgisig of some sort to converge into
an optimum speaker segmentation output. Many of the algorihms to nd the change-points
reviewed in this section (including all of the metric-based tchniques) can either work alone or
in a two-step system together with another technique.

On another level, a general classi cation of the methods avéable for speaker segmentation
will be used in this section to describe the di erent algorithms available. In the bibliography
(Ajmera (2004), Kemp, Schmidt, Westphal and Waibel (2000),Chen, Gales, Gopinath, Kanvesky
and Olsen (2002), Shaobing Chen and Gopalakrishnan (1998Rerez-Freire and Garcia-Mateo
(2004)) three groups are de ned: metric-based, silence-badeand model-based algorithms. In this
thesis this classi cation will be augmented with a fourth group (called \others") to amalgamate
all other techniques that do not t any of the three proposed classes. In the next section the
metric-based techniques are reviewed in detail and in 2.2.2he other three groups are treated.
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2.2.1 Metric-Based Segmentation

Metric based segmentation is probably the most used technige up to date. It relies on the
computation of a distance between two acoustic segments toetermine wether they belong to
the same speaker or to di erent speakers, and therefore wethr there exists a speaker change
point in the audio at the point being analyzed. The two acoustic segments are usually next to
each other (in overlap or not) and the change-point consideré is between them. Most of the
distances used for acoustic change detection can also be diggl to speaker clustering in order
to compare the suitability that two speaker clusters belongto the same speaker.

Let's consider two audio segments i(j) of parameterized acoustic vectorsX; and X; of
lengths N; and N; respectively, and with mean and variance values i; j and ;; j. Each one
of these segments is modeled using Gaussian proces$és( i; i) and M;( j; ), which can
be a single Gaussian or a Gaussian Mixture Model (GMM). On theother hand, let's consider
the agglomerate of both segments intoX, with mean and variance ;  and the corresponding
Gaussian procesM (; ).

In general, there are two di erent kinds of distances that can be de ned between any pair of
such audio segments. The rst kind compares the su cient statistics from the two acoustic sets
of data without considering any particular model applied to the data, which from now on will
be called statistics-based distances. These are normally very quick to compute and givegood
performances ifN; and N; are big enough to robustly compute the data statistics and tre data
being modeled can be well de ned using a single mean and varae.

A second group of distances are based on the evaluation of thikelihood of the data according
to models representing it. These distances are slower to cgoate (as models need to be trained
and evaluated) but can achieve better results than the statstics-based as bigger models can
be used to t more complex data. These will be referred adikelihood-basedtechniques. The
following are the metrics that have been found of interest ued in the literature for either case:

Bayesian Information Criterion (BIC): The BIC is probably the most extensively used
segmentation and clustering metric due to its simplicity and e ectiveness. It is a likelihood
criterion penalized by the model complexity (amount of free parameters in the model)
introduced by Schwarz (1971) and Schwarz (1978) as a model Isetion criterion. For a
given acoustic segmentX;, the BIC value of a model M; applied to it indicates how well
the model ts the data, and is determined by:

BIC (M) =log LOGM ) 5#( M )log(Ny) (2.1)

Being logL (Xi; M ;) the log-likelihood of the data given the considered model, is a free
design parameter dependent on the data being modeledy; is the number of frames in the
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considered segment and #M ;) the number of free parameters to estimate in modeM ;.
Such expression is an approximation of the Bayes Factor (BFYKass and Raftery (1995),
Chickering and Heckerman (1997)) where the acoustic modelsre trained via ML methods
and N; is considered big.

In order to use BIC to evaluate whether a change point occurs btween both segments it
evaluates the hypothesis thatX better models the data versus the hypothesis thatX; + X;
does instead, like in the GLR, by computing:

BIC(i;j)= R(;j)+ P (2.2)
The term R(i) can be written for the case of models composed on a single Gssian as:

oy N N Ny
R(@j)= Slogl xJ —logi xij  —logi x;] (2.3)
where P is the penalty term, which is a function of the number d free parameters in the

model. For a full covariance matrix it is

P = %(p+ %p(p+l)) log(N)

The penalty term accounts for the likelihood increase of bigier models versus smaller ones.

For cases where GMM models with multiple Gaussian mixtures ee used, eq. 2.2 is written
as

BIC (M i)=log L(X;M) (ogL(X;;M;)+log L(X;iM )  #( itj)log(N) (2.4)

where #( i;j) is the di erence between the number of free parameters in tle combined
model versus the two individual models. For a mathematical poof on the equality of
equations 2.3 and 2.4 please refer to the appendix section.

Although BIC (i;] ) is the di erence between two BIC (i) criterions in order to determine
which model suits better the data, it is usual in the speaker darization literature to refer
to the di erence as BIC criterion. For the task of speaker segnentation, the technique was
rst used by Chen and Gopalakrishnan (Shaobing Chen and Gopkakrishnan (1998), Chen
and Gopalakrishnan (1998), Chen et al. (2002)) where a singl full covariance Gaussian
was used for each of the models, as in eq. 2.3.

Although not existent in the original formulation, the  parameter was introduced to adjust
the penalty term e ect on the comparison, which constitutes a hidden threshold to the BIC
di erence. Such threshold needs to be tuned to the data and tlerefore its correct setting has
been subject of constant study. Several people propose ways automatically selecting
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(Tritschler and Gopinath (1999), Delacourt and Wellekens (2000), Delacourt, Kryze and
Wellekens (1999a), Mori and Nakagawa (2001), Lopez and EBi (2000a), Vandecatseye,
Martens et al. (2004)). In Ajmera, McCowan and Bourlard (2003) a GMM is used for each
of the models M, M; and M;) and by building the model M with the sum of models
M; and M; complexities, it cancels out the penalty term avoiding the reed to set any
value. The result is equivalent to the GLR metric where the madels have the complexity
constraint imposed to them.

In the formulation of BIC by Schwarz (1978) the number of acoustic vectors available to
train the model were supposed to be in nite for the approximation to converge. In real
applications this becomes a problem when there is a big misnteh between the length
of the two adjacent windows or clusters being compared. Sompeople have successfully
applied slight modi cation to the original formula, either to the penalty term (Perez-Freire
and Garcia-Mateo 2004) or to the overall value (Vandecatseyand Martens 2003) to reduce
this e ect.

Several implementations using BIC as a segmentation metribiave been proposed. Initially
Shaobing Chen and Gopalakrishnan (1998) proposed a multipl changing point detection
algorithm in two passes, and later Tritschler and Gopinath (1999), Sivakumaran, Fortuna
and Ariyaeeinia (2001), sian Cheng and min Wang (2003), Lu ad Zhang (2002a), Cettolo
and Vescovi (2003) and Vescovi, Cettolo and Rizzi (2003) fébwed with one or two-pass
algorithms. They all propose a system using a growing windowvith inner variable length
analysis segments to iteratively nd the changing points. In Tritschler and Gopinath (1999)
it proposes some ways to make the algorithm faster and to focuon detecting very short
speaker changes. In Sivakumaran et al. (2001), Cettolo and &&covi (2003) and Vescovi
et al. (2003) speedups are proposed in ways of computing the ean and variances of the
models. In Roch and Cheng (2004) a MAP-adapted version of the wdels is presented,
which allows for shorter speaker change points to be found. 8 using MAP, this work
opposes to the way the models are described to be trained in thoriginal formula (which
de nes an ML criterion).

Even with the e orts to speed up the processing of BIC, it is canputationally more in-
tensive than other statistics-based metrics when used to arlgze the signal with high
resolution, but its good performance has kept it as the algathm of choice in many appli-
cations. This is why some people have proposed BIC as the sewb pass (re nement) of
a 2-pass speaker segmentation system. As described earlian important step in this di-
rection is taken with DISTBIC (Delacourt and Wellekens (2000), Delacourt et al. (1999a),
Delacourt, Kryze and Wellekens (1999b)) where the GLR is use as a rst pass. Also in
this direction are Zhou and Hansen (2000), Kim, Ertelt and Skora (2005) and Tranter and
Reynolds (2004), proposing the to use Hotelling'sT 2 distance, and Lu and Zhang (2002a)
using KL2 (Kullback-Leibler) distance. In Vandecatseye et d. (2004) a normalized GLR
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(called NLLR) is used as a rst pass and a normalized BIC is usd in the re nement step.

Some research has been done to combine alternative sourcdsrdormation to help the BIC
in nding the optimum change point. This is the case in Perez-Feire and Garcia-Mateo
(2004) where image shot boundaries are used.

In sian Cheng and min Wang (2004) a two-pass algorithm using BC in both passes is
proposed. This is peculiar in that instead of producing a rst step with high FA and a
second step that merges some of the change-points, the rst ep tries to minimize the FA
and the second step nds the rest of unseen speaker changes.

Generalize Likelihood Ratio (GLR): The GLR (rst proposed for change detection by
Willsky and Jones (1976) and Appel and Brandt (1982)) is a likelihood-based metric that
proposes a ratio between two hypotheses: on one han#fiy considers that both segments
are uttered by the same speaker, thereforeX = X;  X; M (; ) represents better the
data. On the other hand, H; considers that each segment has been uttered by a di erent
speaker, thereforeX; M;( i; i) and X; M;( j; j) together suit better the data. The
ratio test is computed as a likelihood ratio between the two typotheses as

. Ho LOX;M(; )
GLR(i;j)= — = 2.5
&) Hi  LOGMiC i i)LXMiC s 1) (29)
and determining the distance asD(i;j ) = log(GLR (i;j )) which upon using an appro-

priate threshold one can decide wether both segments belontp the same speaker or
otherwise. The GLR di ers from a similar metric called the standard likelihood ratio test
(LLR) in that the p.d.f.'s for the GLR are unknown and must be e stimated directly from
the data within each considered segment, whereas in the LLRhe models are considered
to be known a priory. In speaker segmentation the GLR is usudy used with two adjacent
segments of the same size which are scrolled through the sign and the threshold is either
pre- xed or it dynamically adapts.

In Bonastre, Delacourt, Fredouille, Merlin and Wellekens (2000) the GLR is used to seg-
ment the signal into speaker turns in a single step processmfor speaker tracking. The
threshold is set so that miss errors are minimized (at the casof higher false alarms),
as each segment is then independently considered as a pot@itspeaker in the tracking
algorithm.

in Gangadharaiah, Narayanaswamy and Balakrishnan (2004) @awo-speaker segmentation
is performed in two steps. On the rst step GLR is used to over-ggment the data. On
a second step, \seed" segments are selected for both speakeand the rest are assigned
to either speaker with a Viterbi decoding / ML approach witho ut modifying the de ned
change-points.
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On the same two-speaker detection task, in Adami, Kajarekar ad Hermansky (2002) the
rst second of speech is considered to be from the rst speakeand the second speaker is
found determining the change-points via GLR. A second step asigns segments of speech
to either speaker by comparing the GLR score of each of the twspeakers computed across
the recording and selecting the regions where either one isigher.

On the task of change detection for transcription and indexng in Liu and Kubala (1999)
a penalized GLR is used as a second step, to accept/reject chge-points previously found
using a pre-trained phone-based decoder (where the ASR phonetshas been reduced into
phone clusters). The penalty applied to the GLR is proportional to the amount of training
data available in the two segments as

GLRYij)= OtR(1)

= N1+ Ny (2.6)

where is determined empirically. On the same tone, Metze, Fugen, Bn, Schultz and Yu
(2004) uses the GLR for a segmentation step in a transcriptia system for meetings.

Probably the most representative algorithm of the use of GLRfor speaker segmentation
is DISTBIC (Delacourt and Wellekens (1999), Delacourt et al (1999a), Delacourt et al.
(1999b), Delacourt and Wellekens (2000)) where GLR is propsed as the rst step of a
two-step segmentation process (using BIC as the second met)i. Instead of using the
GLR distance by itself, a low pass ltering is applied to it in order to reduce ripples in
the computed distance function (which would generate falsenaxima/minima points) and
then the di erence between each local maxima and adjacent niiima is used to assert the
change-points.

Gish distance : It is a likelihood-based metric obtained as a variation to the GLR pre-
sented in Gish, Siu and Rohlicek (1991) and Gish and Schmidt994). To derive it, the
GLR function is split into two parts ( cov and mean) and the background dependent part
is ignored, leading to the equation

iSij iS2i* )

W] ) (2.7)

. N
Dgish (i3] ) = Elog(

N1
N1+ N>

where S; and S; represent the sample covariance matrices for each segment,=

and W is their sample weighted averagew = Nl’\ilstl + Nl’\iZNZSZ.

In Kemp et al. (2000) the Gish distance is compared to other tehniques for speaker
segmentation.

Kullback-Leibler distance (KL or KL2): The KL and KL2 distances (Siegler, Jain, Raj
and Stern (1997), Hung, Wang and Lee (2000)) are well used due their fast computation
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and acceptable results. Given two random distributionsX , Y, the K-L distance (also called
divergence) is de ned as

KL (X;Y)= Ex (IogI;::) (2.8)

Where Ex is the expected value with respect to the PDF of X. When the twodistributions
are taken to be Gaussian, one can obtain a close form solutidio such expression (Campbell
1997) as

KLOGY)= ICx GG Gl ISt SO x (x0T 29)

For GMM models there is no close form solution and the KL distarce needs to be computed
using sample theory or one needs to use approximations as shin below. The KL2 distance
can be obtained by symmetrizing the KL in the following way:

KL2(X;Y)= KL (X;Y)+ KL (Y;X) (2.10)

As previously, if both distributions X and Y are considered to be Gaussian one can obtain
a closed form solution for the KL2 distance in function of thar covariance matrices and
means.

Given any two acoustic segmentsX; and X, can be considered as X and Y and therefore
obtain the distance between them using these distances.

In Delacourt and Wellekens (2000) the KL2 distance is considred as a rst of two steps for
speaker change detection. In Zochova and Radova (2005) KL2 iused again in an improved
version of the previous algorithm.

In Hung et al. (2000) the MFCC acoustic vectors are initially processed via a PCA dimen-
sionality reduction for each of the contiguous scrolling sgments (either two independent
PCA or one applied to both segments) and then Mahalanobis, KLand Bhattacharyya

distances are used to determine if there is a change point.

Divergence Shape Distance (DSD): In a very similar fashion as how the Gish distance
is de ned in Gish et al. (1991), the DSD is derived from the KL distance of two classes
with n-variate normal pdfs by eliminating the part a ected by the mean, as it is easily
biased by environment conditions. Therefore, it correspods to the expression

D)= SUIC G)XC* G Y] (2.11)
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In Kim et al. (2005) it is used in a single-step algorithm and its results are compared to
BIC.

The DSD is also used in Lu and Zhang (2002a) as a rst step of a tew step segmentation
system, using BIC on the re nement step. In Lu and Zhang (200®) some speed-ups are
proposed to make previous the system real-time.

The same authors present in Wu, Lu, Chen and Zhang (2003b), WuLu, Chen and Zhang

(2003a) and Wu, Lu, Chen and Zhang (2003c) an improvement to he algorithm using DSD

and a Universal Background Model (UBM) trained from only the data in the processed
show. Evaluation of the likelihood of the data according to the UBM is used to categorize
the features in each analysis segment and only the good quslispeech frames from each
one are compared to each other. They use an adaptive threshibl(adapted from previous

values) to determine change points.

Such work is inspired by Beigi and Maes (1998) where each segmt is clustered in three
classes via a k-means and a global distance is computed by comimg the distances between
classes. There is no word in this work regarding to which paiitular distance is used between
the classes.

Cross-BIC (XBIC): This distance was introduced by the author in Anguer a and Hernando
(2004b) and Anguera (2005), which derives a distance betweetwo adjacent segments by
cross-likelihood evaluation, inspired on the BIC distance ly comparison to a distance
between HMM presented in Juang and Rabiner (1985):

XBIC (X1;X2) = L(X1;M 2( 2; 2))+ L(X2:M 1( 1; 1)) (2.12)

In Malegaonkar, Ariyaeeinia, Sivakumaran and Fortuna (20®) they propose a similar
metric and study di erent likelihood normalization techni ques to make the metric more
robust, achieving better results than BIC for speaker segmetation.

Other distances : There are many other metrics that are able to de ne a distan@ between
two sets of acoustic features or two models. Some of them haveeen applied to the speaker
segmentation task.

In Omar, Chaudhari and Ramaswamy (2005) the CuSum distance Basseville and
Nikiforov 1993), the Kolmogorov-Smirnov test (Deshayes andPicard 1986) and BIC are
rst used independently to nd putative change points and th en fused at likelihood level
to assert those changes.

In (Hung et al. 2000) the Malalanobis and Bhattacharyya distances (Campbell 1997) are
used in comparison to the KL distance for change detection.
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In Kemp et al. (2000) the entropy loss (Lee 1998) of coding thedata in two segments
instead of only one is proposed in comparison to the Gish and K distances.

In Mori and Nakagawa (2001) applies VQ (Vector quantization) techniques to create
a codebook from one of two adjacent segments and applies a VQigiortion measure
(Nakagawa and Suzuki 1993) to compare its similarity with the other segment. Results
are compared to GLR and BIC techniques.

In Zhou and Hansen (2000) and Tranter and Reynolds (2004) Hatlling's T2 distance is
proposed, being it a multivariate analog of the t-distributi on. It is applied for the rst of
a two-step segmentation algorithm. It nds the distance between two segments, modeling
each one with a single Gaussian where both covariance mates are set to be the same.

All of these metric-based techniques compute a function whas maxima/minima need to
be compared with a threshold in order to determine the suitablity of every change point. In
many cases such threshold is de ned empirically given a delepment set, according to a desired
performance. Such proceeding leads to a threshold which isonmally dependent on the data
being processed and that needs to be rede ned every time dataf a di erent nature needs to be
processed. This problem has been studied within the speakedenti cation community in order
to classify speakers in an open set speaker identi cation tsk (see for example Campbell (1997)).
In the area of speaker segmentation and clustering some pubhtions propose automatic ways
to de ne appropriate thresholds, for example:

In Lu, Zhang and Jiang (2002), Lu and Zhang (2002b) and Lu and Aang (2002a) an
adaptive threshold is made dependent on theP previous as

x
Th; = % D@ p 1;i p) (2.13)
p=0

where is an ampli cation coe cient (usually set close to 1).
The same adaptive threshold is used in Wu et al. (2003b), Wu etl. (2003a) and Wu et al.

(2003c) to evaluate the di erence between the local maxima ad the neighboring minima
distance points.

In Rougui, Rziza, Aboutajdine, Gelgon and Martinez (2006) adynamic threshold is de-
ned in comparing speaker clusters (rather than speaker sements) where a population of
clusters is used to decide on the threshold value. It is de nd as

Th =max(hist(d(Mi;M;);8i 6 j) (2.14)

where hist denotes the histogram andd() is the distance between two models, which in
that work is de ned as a modi ed KL distance to compare two GMM models.
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2.2.2 Non Metric-Based Segmentation

In this section the other three classes of speaker segmentah are reviewed, namely
silence/decoder-based, model-based and other segmentatie@chniques.

Silence and Decoder-Based Segmentation

These techniques detect speaker changes hypothesizing th@ost changes between speakers will
be through a silence segment. These have been traditionallimplemented towards using the
segments for speech recognition, as it is very important to btain clean speaker changes without
cutting any words in half. Systems falling into this category are energy-based and decoder-based
systems.

The energy-based systems use an energy detector to nd the puatis where it is most probable
to exist a speaker change. The detector normally obtains a awe with minimum/maximum
points in potential silences. A threshold is usually used todetermine them (Kemp et al. (2000),
Wactlar, Hauptmann and Witbrock (1996), Nishida and Kawahara (2003)). In Siu, Yu and Gish
(1992) the MAD (Mean absolute deviation statistic), which measures the variability in energy
within segments, is used instead in order to nd the silence pints.

In contrast, decoder-guided segmenters run a full recognitin system and obtain the change
points from the detected silence locations (Kubala, Jin, Mdasoukas, Gnuyen, Schwartz and Ma-
choul (1997), Woodland, Gales, Pye and Young (1997), Lopezral Ellis (2000b), Liu and Kubala
(1999), Wegmann, Scattone, Carp, Gillick, Roth and Yamron (1998)) they normally constrain
the minimum duration of the silence segments to reduce falsalarms. Some of these systems
use extra information from the decoder, such as gender label(Tranter and Reynolds 2004) or
wide/narrow band plus music detectors (Hain, Johnson, Ture&k, Woodland and Young 1998).
The output has normally been used as an input to recognition gstems, but not for indexing or
Diarization as there is not a clear relationship between theexistence of a silence in a recording
and a change of speaker. In such systems they sometimes takeesse points as hypothetic speaker
change points, and then using other techniques de ne which bthem actually mark a change of
speaker and which do not.

Model-Based Segmentation

Initial models (for example GMM's) are created for a closed st of acoustic classes (telephone-
wideband, male-female, music-speech-silence and combinati® of them) by using training data.
The audio stream is then classi ed by ML (Maximum Likelihood) selection using these mod-
els (Gauvain, Lamel and Adda (1998), Kemp et al. (2000), Baks, Chen, Gopalakrishnan and
Gopinath (1997), Sankar, Weng, Stolcke and Grande (1998), Kbala et al. (1997)). The bound-
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aries between models become the segmentation change point®ne could also consider the
decoder-guided systems to be model-based, as they model eadmopeme and silence, but here
they try to distinguish among broader models, instead of moels derived from speech recognition
and trained for individual phones.

This segmentation method resembles very closely the speakelustering techniques where
the identity of the di erent speakers (in this case acoustic classes) is known a priory and an ML
segmentation is found. Both areas have a robustness problegiven that they require initial data
to train the models. As will be shown in the speaker clusterimy section, in the later years there
has been research done on the topic of blind speaker clustag, where no initial information of
the clusters is known. There is some of this research that agjgs these techniques to speaker
segmentation, in particular some clustering systems make se of an ML decoding of evolutive
models that look for the optimum acoustic change points and peaker models at the same time.

In Ajmera, Bourlard and Lapidot (2002) and Ajmera and Wooter s (2003) the iterative decod-
ing is done bottom-up (starting with a high number of speaker dhanges as product of a rst step
processing and then eliminating them until obtaining the optimum amount) and in Meignier,
Bonastre and Igournet (2001) and Anguera and Hernando (2002 it is done top-down (starting
with one segment and adding extra segments until the desire@mount is reached).

In Meignier, Moraru, Fredouille, Besacier and Bonastre (2@4) they analyze the use of evo-
lutive systems where pretrained models are also used mode{j background conditions, showing
that in general the more prior information that can be given to the system the better performance
it achieves.

All of these systems use Gaussian Mixture Models (GMM) to moe! the di erent classes and
an ML/Viterbi decoding approach to obtain the optimum chang e points. In Lu, Li and Zhang
(2001) SVMs (Support Vector Machines) are used as a classireinstead of GMM models and
the ML decoding, training them using pre-labelled data.

Segmentation Using Other Techniques

There are some speaker segmentation techniques proposedthre literature that are not a clear
t to any of the previous categories. These are therefore metioned here.

In Vescovi et al. (2003) and Zdansky and Nouza (2005) dynamiprogramming is proposed to
nd the speaker change points. In Zdansky and Nouza (2005) BC is used as marginal likelihood,
solving the system via ML where all possible number of changeoints is considered. In Vescovi
et al. (2003) they also use BIC and explore possible computain reduction techniques.

In Pwint and Sattar (2005) a genetic algorithm is proposed where the number of segments
is estimated via the Walsh basis functions and the location 6 change points is found using a
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multi-population genetic procedure.

In Lathoud, McCowan and Odobez (2004) segmentation is basedn the location estimation
of the speakers by using a multiple-microphone setting. The derence between two locations is
used as a feature and tracking techniques are employed to estate the change points of possibly
moving speakers. Further work on using location cues for clstering will be presented in the next
section.

2.3 Speaker Diarization

In some occasions the use of the term speaker diarization ionfused with speaker clustering.
One must refer as speaker clustering the techniques and algthms that agglutinate together all
segments that belong to the same speaker. This does not entavether such segments come from
the same acoustic le or dierent ones. It also does not say agthing about how acoustically
homogeneous segments within a single le are obtained. Theetrm speaker diarization refers
to the systems that perform a speaker segmentation of the inpt signal and then a speaker
clustering of the created segments into homogeneous grouger some hybrid mechanism doing
both at the same time), all within the same le or input stream .

In the literature one can normally nd two main applications for speaker diarization. On
one hand, Automatic Speech Recognition (ASR) systems makese of the speaker homogeneous
clusters to adapt the acoustic models to be speaker dependeand therefore increase recognition
performance. On the other hand, speaker indexing and rich tanscription systems use the speaker
diarization output as one of (possibly) many information pieces extracted from a recording, which
allow its automatic indexation and other further processing areas.

This section reviews the main systems present in the literatre for both applications. It
mainly focuses on systems that propose solutions to a blindpeaker diarization problem, where
no information is known a priori about the number of people ortheir identities. On one hand,
it is crucial for systems oriented towards rich transcription of the data to accurately estimate
the number of speakers present, as error measures penalizayaincorrectly assigned speaker
segment. On the other hand, in ASR systems it becomes more ingrtant to have su cient data
to accurately adapt the resulting speaker models, therefar several speakers with similar acoustic
characteristics are preferably grouped together.

At a high level point of view one can di erentiate between online and o ine systems. The
systems that process the data o ine have access to all the rearding before they start processing
it. These are the most common in the bibliography and they arethe main focus of attention of
this review. The online systems only have access to the datehtit has been recorded up to that
point. They might allow a latency in output to allow for a cert ain amount of data to become
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available for processing, but in any case no information onte complete recording is available.
Such systems usually start with one single speaker (whoevestarts talking at the beginning of

the recording) and iteratively increase the number of spea&r as they intervene. The following
are some representative systems used for online processing

In Mori and Nakagawa (2001) a clustering algorithm based on he Vector Quantization
(VQ) distortion measure (Nakagawa and Suzuki 1993) is propeed. It starts processing with one
speaker in the code-book and incrementally adds new speakevghose VQ distortion exceeds a
threshold in the current code-book.

In Rougui et al. (2006) a GMM based system is proposed, using anodi ed KL distance
between models. Change points are detected as the speech bews available and data is assigned
to either speaker present in the database or a new speaker iseated, according to a dynamic
threshold. Emphasis is put into fast classi cation of the speech segments into speakers by using
a decision tree structure for speaker models.

All systems presented below are based on o ine processing,ldnough some of the techniques
presented could potentially be used also in an online implemntation. These systems can be
classi ed in two main groups, on one hand the hierarchical alistering techniques reach the
optimum diarization by iterative processing of di erent nu mber of possible clusters obtained
by merging or splitting existing clusters. On the other hand, other clustering techniques rst
estimate the number of clusters and obtain a diarization ouput without deriving the clusters
from bigger/smaller ones.

2.3.1 Hierarchical Clustering Techniques

/A\Top-down clustering

y

[ \ 1 Optimum # clusters

f

[ ] Bottom-up clustering

Figure 2.1: Graphic interpretation of the most common clustering techiques

Most of the reviewed o ine clustering algorithms use hierarchical schemes, where speech
segments or clusters are iteratively split or merged until he optimum number of speakers is
reached. In gure 2.1 a pedantic abstraction of the two mostly used techniques in speaker
clustering is shown. Bottom-up clustering systems are thosavhich start with a big number of
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segments/clusters and via merging techniques converge tdie optimum amount of clusters. On
the other hand, top-down systems usually start with one or vey few clusters and work its way
up (in the number of clusters, down in the gure) via splittin g procedures to obtain the optimum
amount. In the design of either system, two items need to be deed:

1. A distance between clusters/segments to determine acotis similarity. Instead of de ning
an individual value pair, usually a distance matrix is descibed, which is created with the
distance from any possible pair. In many cases the distance etrics used for speaker clus-
tering resemble those used in speaker segmentation computeising the metrics presented
in section 2.2.

2. A stopping criterion to stop the iterative merging/split ting at the optimum number of
clusters (which might be di erent depending on the application).

Classi ed by the type of clustering, the following are the most representative techniques
described in the literature:

Bottom-up Clustering Techniques

This is by far the mostly used approach for speaker clusterig as it welcomes the use of the
speaker segmentation techniques to de ne a clustering staing point. It is also referred as ag-
glomerative clustering and has been used for many years in pizrn classi cation (see for example
Duda and Hart (1973)). Normally a matrix distance between al current clusters (distance of
any with any) is computed and the closest pair is merged iteréively until the stopping criterion

is met.

One of the earliest research done in speaker clustering fopsech recognition was proposed in
Jin, Kubala and Schwartz (1997), using the Gish distance (Gsh et al. 1991) as distance matrix,
with a weight to favor neighbors merging. As stoping criterion, the minimization of a penalized
version (to avoid over-merging) of the within-cluster dispersion matrix is proposed as

X p_
Wjin = Nk k K (2.15)
k=1
where K is the number of clusters considered,  is the covariance matrix of clusterk, with Ny
acoustic segments and j indicating the determinant.

Around the same time, in Siegler et al. (1997) the KL2 divergace distance was used as a
distance metric and a stopping criterion was determined wih a merging threshold. It shows that
the KL2 distance works better than the Mahalanobis distancefor speaker clustering. Also in Zhou
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and Hansen (2000) the KL2 metric is used as a cluster distancmetric. In this work they rst
split the speech segments into male/female and perform cldsring on each one independently;
this reduces computation (the number of cluster-pair combirations is smaller) and gives them
better results.

In general, the use of statistics-based distance metrics (riorequiring any models to be
trained) is limited in speaker clustering as they implicitly de ne distances between single mean
and covariance matrices from each set, which in speaker cltexing falls short many times in
modeling the amount of data available from one speaker. Som@eople have adapted these
distances and obtained multi-Gaussian equivalents.

In Rougui et al. (2006) they propose a distance between two G models based on the KL
distance. Given two modelsM; and M, with K1 and K, Gaussian mixtures each, and Gaussian
weights W1(i);i =1 :::K1and Wy(j);j =1 :::K», the distance fromM1 to M5 is

X1 2
dMiM2) = Wai) min KL (Na();N2() (216)
i=1

where N.(i) is one of the Gaussians from the model.

In Beigi, Maes and Sorensen (1998) a distance between two GMNhodels is proposed by
using the distances between the individual Gaussian mixtues. A distance matrix of d(i;j ); 8i;j
between all possible Gaussian pairs in the two models is pressed (distances proposed are the
Euclidean, Mahalanobis and KL) and then the weighted minima for each row and column is
used to compute the nal distance.

In Ben, Betser, Bimbot and Gravier (2004) and Moraru, Ben and Gravier (2005) cluster
models are obtained via MAP adaptation from a GMM trained on the whole show. A novel
distance between GMM models is derived from the LK2 distancdor the particular case where
only means are adapted (and therefore weights and varianceare identical in both models). Such
distance is de ned as

Vv
0w -d -d)) 2
¢ Wm( 1(m; d) i 2(m; d))

m=1 d=1 m;d

D(M1;My) = (2.17)

where 1(m;d) and »(m;d) are the meand™ components for the mean vector for Gaussiam,
2.4 is the d variance component for Gaussiarm and M, D are the number of mixtures and
dimension of the GMM models respectively.

In Ben et al. (2004) a threshold is applied to such distance toserve as stopping criterion,
while in Moraru et al. (2005) the BIC for the global system is used instead.
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Leaving behind the statistics-based methods, in Gauvain et k (1998) and Barras, Zhu,
Meignier and Gauvain (2004) a GLR metric with two penalty ter ms is proposed, penalizing for
large number of segments and clusters in the model, with tumg parameters. Iterative Viterbi
decoding and merging iterations nd the optimum clustering, which is stopped using the same
metric.

Solomonov, Mielke, Schmidt and Gish (1998) also uses GLR andompares it to KL2 as
distance matrices and iteratively merges clusters until itmaximizes the estimated cluster purity,
de ned as the average over all segments and all clusters of éhratio of segments belonging to
cluster i among the n closest segments to segmerit (which belongs toi). The same stopping
criterion is used in Tsai et al. (2004), where several methosl are presented to create a di erent
reference space for the acoustic vectors that better represts similarities between speakers. The
reference space de nes a speaker space to which feature vexg are projected, and the cosine
measure is used as a distance matrix. It is claimed that suchnojections are more representative
of the speakers.

Other research is done using GLR as distance metric, includig Siu et al. (1992) for pilot-
controller clustering and Jin, Laskowski, Schultz and Waibel (2004) for meetings diarization
(using BIC as stopping criterion).

The most commonly used distance and stopping criteria is aga BIC, which was initially
proposed for clustering in Shaobing Chen and Gopalakrishna (1998) and Chen and Gopalakr-
ishnan (1998). The pair-wise distance matrix is computed foreach iteration and the pair with
biggest BIC value is merged. The process nishes when all pars have a BIC < 0. In some
later research (Chen et al. (2002), Tritschler and Gopinath(1999), Tranter and Reynolds (2004),
Cettolo and Vescovi (2003) for Italian language and Meinedoand Neto (2003) for Portuguese
language) propose modi cations to the penalty term and di erences in the segmentation setup.

In Sankar, Beaufays and Digalakis (1995) and Heck and Sankaf1997) the symmetric rela-
tive entropy distance (Juang and Rabiner 1985) is used for spaker clustering towards speaker
adaptation in ASR. This distance is similar to Anguera (2005 and equivalent to Malegaonkar
et al. (2006), both used for speaker segmentation. It is de ed as

1
D(M1;M2) = 5[0 ;; ,+ D 4 ,] (2.18)

whereD ., is de ned as

D ., =log p(XijMi) logp(XijMj) (2.19)

An empirically set threshold on the distance is used as a stgung criterion. Later on, the same
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authors propose in Sankar et al. (1998) a clustering based oa single GMM model trained on all
the show and the weights being adapted on each cluster. The giance used then is a weighted
by counts entropy change due to merging two clusters (Digalkis, Monaco and Murveit 1996).

In Barras et al. (2004), Zhu, Barras, Meignier and Gauvain (2005), Zhu et al. (2006) and later
Sinha et al. (2005) propose a diarization system making usef@peaker identi cation techniques
in the area of speaker modeling. A clustering system initidly proposed in Gauvain et al. (1998)
is used to determine an initial segmentation in Barras et al.(2004), Zhu et al. (2005) and Zhu
et al. (2006), while a standard speaker change detection atgithm is used in Sinha et al. (2005).
The systems then use standard agglomerative clustering viBIC, with a  penalty value set to
obtain more clusters than optimum (under-cluster the data). On the speaker diarization part, it
rst classi es each cluster for gender and bandwidth (in broadcast news) and uses a Universal
Background Model (UBM) and MAP adaptation to derive speaker models from each cluster. In
most cases a local feature warping normalization (Pelecarsoand Sridharan 2001) is applied to
the features to reduce non-stationary e ects of the acousticenvironment. The speaker models
are then compared using a metric between clusters called css likelihood distance (Reynolds,
Singer, Carlson, O'Leary, McLaughlin and Zixxman 1998), ard de ned as

vy 1 p(XajM2 uygm) . 1 p(X2jM1 usm)
POX1iX2) = {1007 juBM) - N,'°9 p(XojUBM) (2:20)

where M; ygm indicates that the model has been MAP adapted from the UBM mocel. An
empirically set threshold stops the iterative merging proess.

The same cross-likelihood metric is used in Nishida and Kawadra (2003) to compare two
clusters. In this paper emphasis is given to the selection ahe appropriate model when training
data is very small. It proposes a vector quantization (VQ) based method to model small segments,
by de ning a model called common variance GMM (CVGMM) where Gaussian weights are set
uniform and variance is tied among Gaussians and set to the véance of all models. For each
cluster BIC is used to select either GMM or CVGMM as the model to be used.

Some other people integrate the segmentation with the clustring by using a model-based
segmentation/clustering scheme. This is the case in Ajmerat al. (2002), Ajmera and Wooters
(2003) and Wooters, Fung, Peskin and Anguera (2004) where amitial segmentation is used to
train speaker models that iteratively decode and retrain onthe acoustic data. A threshold-free
BIC metric (Ajmera et al. 2003) is used to merge the closest alsters at each iteration and as
stopping criterion.

In Wilcox, Chen, Kimber and Balasubramanian (1994) a penalzed GLR is proposed within
an traditional agglomerative clustering approach. The peralty factor favors merging clusters
which are close in time. To model the clusters, a general GMM4d built from all the data in
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the recording and only the weights are adapted to each clusteas in Sankar et al. (1998). A
re nement stage composed of iterative Viterbi decoding andEM training follows the clustering,
to rede ne segment boundaries, until likelihood converges

In Moh et al. (2003) a novel approach to speaker clustering igproposed using speaker tri-
angulation to cluster the speakers. Given a set of clusterCy;k = 1:::K and the group of
non-overlapped acoustic segmentXs;j = s:::S which populate the di erent subsets/clusters.
The rst step generates the coordinates vector of each clugr according to each segment (mod-
eled with a full covariance Gaussian model) by computing thelikelihood of each cluster to each
segment. The similarity between two clusters is then de nedas the cross correlation between
such vectors as

X
Ckij) = p(CiXs)P(CjjXs) (2.21)
S
merging those clusters with higher similarity. This can al® be considered as a projection of the
acoustic data into a speaker space prior to the distance comyation.

Top-down Clustering Techniques

In the current literature there are fewer systems that start from one cluster and iteratively split
until the stopping criterion is met than the previously presented systems, doing otherwise.

In Johnson and Woodland (1998) a top-down clustering method § proposed for speaker
clustering towards ASR, and in Johnson (1999) and Tranter aml Reynolds (2004) it is applied
to speaker diarization. The algorithm splits the data iteratively into four sub-clusters and allows
for merging clusters that are very similar to each other. In Johnson and Woodland (1998) it
proposes two di erent implementations of the algorithm. On one hand it proposes an MLLR
likelihood optimization technique to obtain resulting clu sters well adapted to the ASR MLLR
adaptation step. On the other hand it proposes the Arithmetic Harmonic Sphericity (AHS)
metric (Bimbot and Mathan 1993) to assign speech segments tthe created sub-clusters at each
stage, and uses a minimum occupancy stopping criterion. Th&HS is de ned for single Gaussian
models as

d(X1;X2) =log[tr ( x, x}) ( x; x2)] 2log(D) (2.22)

where D is the dimensionality of the data and tr is the trace function.

In Johnson (1999) and Tranter and Reynolds (2004) the AHS-basd algorithm is used for
speaker diarization and the stopping criterion is changed ¢ be a cost-based function depending
on several criteria.
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In Meignier et al. (2001) and Anguera and Hernando (2004a) amnitial cluster is trained with
all the acoustic data available. Iterative decoding/MAP adaptation of new models is performed
where new clusters are split using a likelihood metric averged over a window. The variation of
the overall likelihood of the data given all models is used aa stopping criterion. In Anguera and
Hernando (2004a) a similar approach is followed and a repasiry model is further introduced
to improve the purity of the created clusters.

Combination of Clustering Methods

While bottom-up clustering is much more popular than top-down clustering, it is not clear
which one can achieve better results and in which conditionsOn the topic of broadcast news
transcription, in Hain et al. (1998) both techniques were canpared. On one hand, bottom-
up clustering uses a divergence-like distance measure and aimimum cluster feature count as
stoping criterion. On the other hand, top-down clustering uses the arithmetic harmonic sphericity
distance and also the cluster count as stopping criterion.

Given that both Top-down and bottom-up techniques could eventually complement each
other, some people have proposed systems that can combine ftiple systems and obtain an
improved speaker diarization.

In Tranter (2005) a cluster voting algorithm is presented to allow diarization output im-
provement by merging two di erent speaker diarization systems. Tests are performed using two
top-down and two bottom-up systems.

In Moraru, Meignier, Besacier, Bonastre and Magrin-Chagnadleau (2004) and Fredouille,
Moraru, Meignier, Besacier and Bonastre (2004) two di erert combination approaches are pre-
sented to combine top-down and bottom-up outputs and are applked to broadcast news and
meetings processing. A rst technique, calledhybridization, proposes one system as initializa-
tion to the second system. The second technique is calleBusion and proposes a matching of
common resulting segments followed by a resegmentation ohe data to assign the non-common
segments.

2.3.2 Other Clustering Techniques

There are some papers in the literature that do not t into an hierarchical clustering context.
The systems reviewed here all de ne an algorithm or metric todetermine the optimum number
of speakers and a method for nding the optimum speaker clustring given a that number.

In Tsai and Wang (2006) a genetic algorithm is proposed to obain an optimum speaker
clustering that optimizes the overall model likelihood by initial random cluster assignment and
iterative evaluation of the likelihood and mutation. In ord er to select the optimum amount of
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speakers they use BIC computed on the resulting models.

A relatively new learning technique called Variational Bayesian learning (VB) or Ensemble
learning (Attias (2000), MacKay (1997)) is used in Valente and Wellekens (2004), Valente and
Wellekens (2005) and Valente (2006) for speaker clusteringhe VB training has the capacity
of model parameter learning and model complexity selectionall in one algorithm. The models
trained with this technique adapt their complexity to the am ount of data available for training.
In the proposed systems it computes the optimum clustering ér a range of di erent number of
clusters and uses a distance called free energy to determirlee optimum.

In Lapidot (2003) self-organizing maps (SOM) (Lapidot, Gunterman and Cohen (2002),
Kohonen (1990)) are proposed for speaker clustering given lenown number of speakers. This is
a VQ algorithm for training the code-books representing eachof the speakers. An initial non-
informative set of code-books is created and then SOM is itefied, retraining them until the
number of acoustic frames switching between clusters is ¢ to 0. In order to determine the
optimum number of clusters a likelihood function is de ned (derived from the code-words in the
code-books by assigning a Gaussian pdf) and BIC is used.

2.3.3 Use of Support Information in Diarization

When used for certain applications it is feasible to obtain a improvement in speaker diarization
by using information other than the acoustics. In this section the use of the transcripts from the
recording and the time delays between channels in a multi-mimphone setting are visited.

Helping Diarization Using the Spoken Transcripts

A very interesting area of study to improve speaker Diarizaion in certain conditions is the use of
the transcripts from the acoustic signal in order to extract information that can help assigning
each speaker turn to each cluster. Such transcripts can be t¢@ined via an automatic speech
recognition system.

In Canseco-Rodriguez, Lamel and Gauvain (2004a), Canseco-Radguez, Lamel and Gauvain
(2004b) and Canseco, Lamel and Gauvain (2005) the use of sutihguistic information is studied
for the domain of broadcast news, where people normally presit themselves and interact with
the other speakers calling them by their names. In these, thg propose a set of rules to identify
the speaker presenting himself, and the speakers who he petes and who speaks after him. The
rules are applied to speaker turns generated with a decoderased system which is the output
of an ASR system, but no further speaker diarization techniqies are proposed.
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Speaker Diarization Using Multi-Channel Information

One outstanding characteristic of the meetings domain is ttat multiple microphones are usually
available for processing. The time di erences between mi@phones can be used as a feature to
identify the speakers in a room by their locations as the spegh uttered by each speaker takes
a di erent time to reach each of the microphones according totheir position in the room. Such
feature has two main drawbacks from the acoustic features. @ one hand it is prone to errors
when speakers are located in symmetry to the microphones. Otine other hand, they become less
tractable when two speakers move inside the room, which accmts then for tracking algorithms
to be used.

For the task of speaker segmentation, in Lathoud, McCowan ad Odobez (2004) a speaker
tracking approach is proposed using only between channel dirences. In Lathoud, Odobez and
McCowan (2004) the same is extended to speaker clustering dnalgorithms are proposed for
detection of concurrent events. Ellis and Liu (2004) and Pado et al. (2006a) also use only delays
for clustering.

Given the literature, the delays between channels can not oiperform the acoustic features,
although in Ajmera, Lathoud and McCowan (2004) it is shown that the combination of delays
and MFCC parameters can improve clustering. In Pardo et al. 0O06b) it reaches the same
conclusion and further improves results by using a weightedcombination of the delays and
MFCC likelihoods.

2.4 Speaker Diarization in Meetings

On recent years there has been increasing emphasis on resgafor speech and video processing
for the meeting room domain. Within the di erent projects th at are interested in this area, two
di erent alternative meeting settings have been proposed.On one hand, some consider a lecture
environment where a single speaker gives a talk in front of araudience, which intervenes at
di erent points of the lecture with questions and remarks. In this situation there is always a
main speaker, facing an audience, and many people listenindacing the speaker. On the other
hand, the conference room environment is a gathering of ped® where mostly everyone speaks
and discussions are being carried on one or more common togito all attendees.

2.4.1 Current Meeting Room Research Projects

There are many research institutions carrying out researchon one topic or another related to
meetings. In here some of the projects that have led the reseeh e orts in the latest years are
pointed out.
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The Interactive Multimodal Information Management (IM2), ongoing program sponsored by
the Swiss government, aims at the study of multimodal interaction, covering a wide range of
activities and applications, including the recognition and interpretation of spoken, written and
gestured languages, computer vision, and the automatic inexation and management of multime-
dia documents. Other important related themes are informaion content protection, data access
control, and the structuring, retrieval and presentation of multimedia information ( Interactive
Multimodal Information Management (IM2) website 2006). Linked to IM2, the project named
m4 (multimodal meeting manager) was supported by the EU IST Rogramme and ran from
2002 to 2005. It was concerned with the construction of an awdmated meeting browser to be
able to browse, query and structure meetings taking place ira room equipped with multiple
sensors Multimodal Meeting Manager (M4) website 2006).

The project Computers in the Human Interaction Loop (CHIL) aims at the creation of
computers to help in the normal human-human interaction, in a non obtrusive way. CHIL is
an Integrated Project (IP) within the European Union (EU) si xth framework program which
started in 2004 for three years. Within the many lines of resarch it opened, several intelligent
meeting rooms with audio and video sensors were built where ata is collected and research
is performed on the lecture-type meetings Computers in the Human Interaction Loop (CHIL)
website2006).

The project Augmented Multimodal Interaction (AMI) is focu sed on the use of advanced
signal processing, machine learning models and social imaction dynamics to improve human-
to-human communications, particularly during business meéings between local and remote (vir-
tual) participants ( Augmented Multiparty Interaction (AMI) website 2006). The AMI project is
also an IP project within the European sixth framework program, focusing on the conference-
type meetings. AMI has been granted a continuation project ¢€alled AMIDA) within the Euro-
pean Union seventh framework program.

There are other projects with emphasis on multimodal interaction and human-to-human
communications. Some of them are the \Similar" network of exellence Similar Network of
Excellence website2006), the Pascal network Pattern analysis, Statistical modeling and Com-
putational learning (Pascal) website2006) and Humaine emotions researchHumaine emotion
research website2006) in Europe, and Video analysis and content extraction ér defense intel-
ligence (VACE) (Video analysis and content extraction for defense intelligece (ARDA-VACE
II) 2006) and Cognitive Assistant that Learns and Organizes (CA.O) ( Cognitive Assistant that
Learns and Organizes (CALO) website2006) in the USA.
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2.4.2 Databases

In order for research to be performed in speech technologigthere is a constant need for data
collection and annotation. In this respect there have beenaveral e orts over the years to collect

data on the meeting environment. On the particular area of sgaker diarization systems for
Meetings, there needs to be meetings databases accuratelyahscribed into speaker segments.
Nowadays a few databases are already available and a few moege currently being recorded

and transcribed, some of them are:

ICSI Meetings Corpus (CSI Meetings Recorder corpus(2006), Janin, Baron, Edwards,
Ellis, Gelbart, Morgan, Peskin, Pfau, Shriberg, Stolcke am Wooters (2003)): 75 meet-
ings with about 72 hours in total. They were recorded in a sindge meeting room, with 4
omnidirectional tabletop and 2 electret microphones mouned on a mock PDA.

CMU Meeting Corpus (CMU Meetings Corpus website(2006), Burger, Maclaren and Yu
(2002)) : 104 meetings of an average duration of 60 minutes Wi 6.4 participants (in aver-
age) per meeting (only 18 meetings are publicly available though LDC). They are focused
on a given scenario or topic, changing from meeting to meetig. Initial meetings have 1
omnidirectional microphone, newer ones have 3 omnidirectinal tabletop microphones.

NIST Pilot Meeting Corpus (NIST Pilot Meeting Corpus website 2006): Consists of 19
meetings with a total of about 15 hours. Several meeting typs are proposed to the atten-
dants. Audio recordings are done using 3 omnidirectional thle-top microphones and one
circular directional microphone with 4 elements.

CHIL Corpus: Recordings were conducted in 4 di erent meetirg room locations consisting
on lecture type meetings. Each meeting room is composed of weral distant microphones,
as well as speaker localization microphones and microphonarrays. Each meeting also
contains several video cameras.

AMI corpus (Augmented Multiparty Interaction (AMI) website 2006): About 100 hours of
meetings with generally 4 participants were recorded, traiscribed and released through
their website. These are split into two main groups: real meéings and scenario-based
meetings (where people are briefed to talk about a particulatopic). One or more circular
arrays of 8 microphones each are centrally located in the tale. no video was collected.

M4 audio-visual corpus (McCowan, Gatica-Perez, Bengio, Latloud, Barnard and Zhang
2005): Created within the auspices of the M4 project (EU sposored), used multiple mi-
crophones and cameras to record each participant.

VACE multimodal corpus (Chen, Rose, Parrill, Han, Tu, Huang, Harper, Quek, McNeill,
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Tuttle and Huang 2005): Is a video and acoustics meeting dathase created within the
ARDA VACE-II project recording mainly military related meet ings.

LDC meetings data: The Linguistic Data Consortium (LDC) has been in charge of tran-
scribing and distributing most of the databases in this list. Also, in an e ort to contribute
to the NIST Meetings evaluation campaigns, it recorded a setof meetings (Strassel and
Glenn 2004) within the SPINE/ROAR project ( Speech in noisy environment2006).

2.4.3 NIST RT Speaker Diarization Systems for Meetings

The National Institute for Standards and Technology (NIST) (National Institute for Standards
and Technology2006) has been organizing multiple evaluations over the yea on many aspects
of speech technologies. In the area of speaker diarizatiorvauations, they started in year 2000
with interest in telephone speech (2000, 2001, 2002), broadst news (2002, 2003, 2004) and
meetings (2002, 2004, 2005, 2006). In the latest two yearspdus has been geared exclusively
towards the meetings environment.

The datasets used in the meetings evaluations were hand-trascribed by LDC. This acoustic
data constitutes the basis for the development and evaluatn of the algorithms proposed in
this thesis. Initially, in 2002, the speaker segmentation aisk was enclosed within the speaker
recognition evaluation (SRE-02) and used data from the NIST neeting room research project.
This changed for 2004-2006 when speaker diarization has beanpart of the Rich Transcription
(RT) evaluation (RT04s, RTO5s and RTO06s), grouping it with t he speech-to-text evaluation
(STT) on meetings data. The datasets used for these evaluabins contain data from CMU, ICSI,
LDC, NIST, CHIL and AMI.

In the following sections the main ideas in the systems presged to each of the NIST meetings
evaluations are explained, together with the particular algorithms that were created explicitly
for processing of meetings data.

NIST 2002 Speaker Recognition Evaluation

In 2002 NIST started the series of speaker diarization evalations for meetings including them in
the speaker recognition evaluation. In that occasion systms were evaluated for broadcast news
recordings, telephone conversations and meetings recordjs. In that case only one channel of
audio data was provided for any of the cases, therefore multle channel techniques were not
necessary. The meetings data used was recorded by NIST.

There were four participants in that evaluation, namely CLI PS-IMAG, LIA, ELISA consor-
tium and MITLL. The systems can be grouped in two:
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The ELISA consortium (Moraru, Meignier, Besacier, Bonastre and Magrin-Chagnolleau
2002) was formed at that time by three laboratories in France(LIA, CLIPS-IMAG and Lab.
Dynamique du langage, DDL). They presented two systems (bdt based on hierarchical
clustering, a top-down and a bottom-up system), which they presented independently (LIA
and CLIPS-IMAG individual submissions) and then combined (ELISA submission) in the
same way as in Moraru, Meignier, Besacier, Bonastre and Magr-Chagnolleau (2004) and
Fredouille et al. (2004). The ELISA consortium and/or its in dividual components have
been constant and active participants in all the speaker diaization evaluations since 2002.
In Moraru, Besacier, Meignier, Fredouille and francois Borastre (2004) they describe the
evolution of their system over these years.

MIT Lincoln Labs (MITLL) presented a system inspired in speaker identi cation tech-
niques (Dunn, Reynolds and Quatieri 2000). It rst performs a speaker segmentation
using a modi ed GLR metric like in Wilcox et al. (1994) and fol lows with a GMM-UBM
modeling technique to cluster segments into the di erent speakers.

NIST 2004 Rich Transcription Spring Meeting Evaluation

Within the NIST 2004 Spring Rich Transcription Evaluation ( NIST Spring Rich Transcrip-
tion Evaluation in Meetings website, http://www.nist.gov/speech/tests/rt/rt2005/spring 2006)
speaker diarization was evaluated in meeting recordings iriwo di erent conditions: Multiple
Distant Microphones (MDM) and Single Distant Microphone (SDM). The MDM condition uses
multiple microphones located in the center of a meetings take, and the SDM case uses only
one of these microphones, normally the most centrally locatd. This is the rst time that this
task was performed for meetings environment on the MDM condion. A full description of the
di erent tasks evaluated and the results of such evaluationcan be found in Garofolo, Laprun
and Fiscus (2004). Following are the approaches (in brief) hat the participants proposed for
the MDM and SDM conditions:

Macquarie University in Cassidy (2004) proposes the same syem for SDM than for MDM,
using always the SDM channel. A BIC based speaker segmentain step is followed by an
agglomerative clustering using Mahalanobis distance beteen clusters and BIC as stopping
criterion.

The ELISA consortium in Fredouille et al. (2004) proposes a wo-axis merging strategy. An
horizontal merging consists on the collapse and resegmeritan of the clustering output of

their two expert systems (based on BIC and EHMM) as proposedn the RT03 and SRE02
evaluations (Moraru, Meignier, Fredouille, Besacier and Bnastre 2004). This is done for
each individual MDM channel or for the SDM channel. The vertical merging is applied
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when processing multiple channels and uni es all the individual channels into one single
resulting output by merging all channels at the output level. It uses an iterative process
that searches for the longest speaker interventions that a& common to all outputs and
nally assigns to the closest speaker those segments of shiaturation where the di erent
channels do not agree on.

Carnegie Mellon University (CMU) in Jin et al. (2004) presents a clustering scheme based
on GLR distance and BIC stopping criterion. In order to obtain the initial segmentation
of the data it does a three steps process, rst a Speech Actity Detection (SAD) is done
over all the channels, then the resulting segments for all chnnels are collapsed into a
single segmentation and the best channel (according to an engy/SNR metric) is chosen
for each segment. Finally GLR change detection is applied osegments> 5s to detect any
missed change point. The speaker clustering is done using éofpal GMM trained on all the
meeting excerpt data and adapted to each segment and uses GL® compute the cluster
pair distances to be used in an agglomerative clustering proessing with BIC stopping
criterion.

NIST 2005 Rich Transcription Spring Meeting Evaluation

The RTO05s evaluation welcomed a di erent kind of meetings to be evaluated. These are the
meetings in a lecture environment, where a speaker is giving lecture in front of an audience and
there are eventual questions and answer periods. In this elaation systems could be presented
for either or both subtasks (lecture room and conference rom data). The sets of microphones
used was extended from the previous evaluations due to the éstence of two new kinds in the
lecture room data (entirely recorded by the partners in the CHIL project). These were labelled
as MM3A (Multiple Mark 11l microphone arrays) which consist ed on one or several 64 elements
microphone arrays developed by NIST and positioned on one dhe walls of the meetings room;
and MSLA (Multiple source localization microphones) which are four sets of four microphones
each, used primarily for speaker localization, but availatke also for speaker diarization. For a
more thorough description of the tasks and microphone typesplease refer to Fiscus, Radde,
Garofolo, Le, Ajot and Laprun (2005). The following is a brief description of the approaches
taken in this evaluation:

The Macquarie University system (Cassidy 2004) participaed only on SDM which expands
its work from the RT04s system. In the RTO05s submission it uss the KL distance between
clusters and does a post-processing of the segments using ager identi cation techniques

to re ne the segments-to-speakers assignment.

The TNO speaker diarization system (van Leeuwen 2005) presgs a system for MDM using
a single channel. It rst uses a Speech Activity Detector (SAD) to Iter out non-speech
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frames. Then it does a segmentation and clustering using angglomerative clustering via
BIC.

The ICSI-SRI speaker diarization system (Anguera, Wooters,Peskin and Aguilo 2005)
uses a lter&sum module to obtain an enhanced signal on the MM condition, and then
uses an iterative agglomerative clustering using a BIC-alik metric. This system and its
improvements for RTO6s are described in this thesis.

The ELISA consortium system (Istrate, Fredouille, Meignier, Besacier and Bonastre 2005)
is di erent from their system in RTO4s in that a preprocessing step is performed on the
MDM channels to obtain a single enhanced channel. It is basedn a weighted sum of
the individual channels, weighted by their relative Signalto Noise Ration (SNR) without
any relative delays estimation. Three di erent clustering systems are then proposed. The
rst system is based on EHMM (Meignier et al. 2001), doing a tgp-down clustering. The
second and third systems are both bottom-up, one using speakehange detection via GLR
and agglomerative clustering via BIC, and the other using BIC for change detection and
UBM-BIC in the agglomerative clustering part. All systems use a resegmentation stage at
the end in order to re ne the speaker segments. For this evalation either system was run
individually, with no collapse of the di erent outputs.

NIST 2006 Rich Transcription Spring Meeting Evaluation

The RTO06s evaluation continues its parallel testing of conérence room data and lecture room
data. This year ve laboratories participated in the evaluation, making it a very good evaluation
in terms of new systems and ideas. For a full description refeto Fiscus, Ajot, Michet and
Garofolo (2006). An overview of the systems in RT06s follows

The Athens Information Technology (AIT) system (Rentzeperis, Stergiou, Boukis, Pnev-
matikakis and Polymenakos 2006) uses a speaker segmentatiand then clustering steps.
The classic BIC implementation (Shaobing Chen and Gopalakishnan 1998) is used for
speaker segmentation as their primary system. A contrastie system uses a silence-based
method cutting segments in silence points. A rst step of the clustering process it also
uses BIC to merge adjacent segments believed to be from the & speaker. Finally, all
segments are modeled with GMM and a likelihood based technige is used to cluster them.

The LIMSI system (Zhu et al. 2006) adapts their high-performance system presented for
RTO4f (Zhu et al. 2005) in order to process lecture room data.lt is based on a 2-stage
processing where a BIC agglomerative clustering precedesspeaker identi cation module
where cross likelihood (Reynolds et al. 1998) is used to nis the clustering. In this system
the speech activity detection module is reworked to adapt itto the lecture acoustics by
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using a likelihood ratio between pretrained speech and silece models. The MDM condition
is processed by randomly selecting one of the channels in theet and running the system
in that one alone.

The LIA system (improvements of the E-HMM based speaker diarzation system for meet-
ings records 2006) presents a single system based on the EHMidp-down hierarchical
clustering that has been presented in previous evaluationsin this submission there are a
few improvements to the system. One improvement deals with fhe selection of new speakers
added to the system, which is modi ed to take into account all currently selected speakers
to make it more robust and allow for all speakers to fall at leat in one cluster. Also, a
segment puri cation algorithm is proposed following Anguera, Wooters, Peskin and Aguilo
(2005) in order to purify the existing clusters from segmens belonging to other speakers.
Furthermore, some feature normalization techniques were @plied at the frontend level. Fi-
nally, an algorithm to detect overlapping speech was proposd, although it did not succeed
in lowering the nal diarization error rate.

The AMI team (Leeuwen and Huijbregts 2006) was formed by TNO ad University of

Twente. They presented three systems to the evaluation. Therst system is very similar

to what was presented by TNO in RT05s (van Leeuwen 2005). The ther two systems use
a hierarchical clustering following the work at ICSI and presented in Anguera, Wooters,
Peskin and Aguilo (2005). One of the two systems improves inuntime by considering a
Viterbi-based clusters merging criterion. Each cluster is faken out of the ergodic HMM
model (one at a time) and a Viterbi decoding gives the likelilbod of the rest modeling the
data. The cluster which causes the least loss in likelihoodsi eliminated and merged with
the rest. The system iterates while the overall likelihood hcreases.

The ICSI system (Anguera, Wooters and Pardo 2006b) is basedrothe system for RT0O5s

(Anguera, Wooters, Peskin and Aguilo 2005) and includes may new ideas which will

be covered in the rest of this thesis. The main step forward ighe total independence
from training data achieved by the creation of a new hybrid speech/non-speech detector
(Anguera, Aguilo, Wooters, Nadeu and Hernando 2006) and thenclusion of delays as an
independent feature stream.

2.5 Multichannel Acoustic Enhancement

Possibly the most noticeable di erence when performing spaker diarization in the meetings

environment versus other domains (like broadcast news or fephone speech) is the availability, at

times, of multiple channels which are laid out inside the me&ngs room, synchronously recording

what occurs in the meeting.
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In order to take advantage of this fact one needs to explore ararea of signal processing
that diers from standard speech modeling techniques poined out in previous sections and
which constitutes a complex topic of research by itself. Thé is the area of microphone array
beamforming for speech/acoustic enhancement (see for exauie Veen and Buckley (1988), Krim
and Viberg (1996)). Although the task at hand di ers from some of the assumptions taken in
the beamforming theory, it will be found bene ciary to take it as a background for the use of
all the microphones available.

Microphone array beamforming techniques usually take advatage of the fact that the same
acoustic signal arrives to each of the microphones (forminghe shape decided for the array) at a
slightly di erent time due to the delay of propagation of the signal through the air. By combining
the signals of all microphones (in di erent ways) one can sinalate a directional microphone whose
acoustic beam focuses on the speaker or acoustic event whishpredominant, at each instant, in
the meetings room. There are multiple acoustic beamformingechniques which require di erent
degrees of knowledge on the microphone characteristics arttle location of the speakers.

First, a theoretical overview of acoustic signal beamformmg is given in 2.5.1, followed by a
look at the most predominant acoustic beamforming techniges in 2.5.2. In the task at hand one
does not know a priory how many speakers there are, or their lgations in the room, therefore
several possible techniques to nd the Time Delay of Arrival (TDOA) between microphone pairs
will also be reviewed in 2.5.3.

2.5.1 Introduction to Acoustic Array Processing

One singular trait of meeting rooms is the existence in someedtings of multiple microphones
recording the meeting synchronously. This is taken advantge of in this thesis to obtain a better
signal to be further processed by the speaker diarization sstem. In this section the basic concepts
behind microphone array processing are introduced to servas a background on the developed
techniques for this thesis.

Acoustic Signal Propagation

In general, in terms of signal propagation, an active speakecan be considered as an acoustic
source which emits an acoustic signal that propagates throgh the air until it reaches each of
the microphones in the room. In order to de ne an equation for such acoustic signal one can
consider it as a longitudinal wave that propagates generatig areas of compression and expansion.
Using Newton's equations of motion of the volume in a uid, and considering a semi-ideal case
(McCowan (2001), Brandstein and Ward (2001)) one obtains:
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1 2
5 2x(t; r) ?—zx(t; r)=0 (2.23)

were 5 2 is the Laplacian operator, x(:) is the wave eld (of any sort) as a function if time and
space,r is the 3D position of the wave andc is the speed of sound (about 330 m/s in air).

In microphone array processing this equation can be solvedof two particular cases. On
one hand, when the acoustic wave eld is considered monochnoatic and plane (for far- eld
conditions) it is solved as

x(t;r) = A(t)e Wt kr) (2.24)

wherew = 2 f is the considered frequency (in radiants per second)A(t) is the wave eld
amplitude and k is the wavenumber and is de ned as

2 . . .
k= —[sin cos sin sin cos ]

where is the wavelength ( = c=f), and are the polar coordinates for elevation and azimut
(respectively) of the waveform position in space.

On the other hand, when the wave is considered spherical (pfmagating in all directions), as
used in near- eld conditions, it is solved as

x(t;r) = fir(t)ei (wt kr) (2.25)

where nowr = jrj determines the scalar distance to the source in any directio and k is the
scalar version of the wavenumberk =2 = for all directions.

From these formulas one can observe how any acoustic wave cére sampled both in time
and space in a similar way (both dimensions being in the expoential). Time sampling is done
to obtain a digital signal and space sampling is done by a miaphone array. In both cases one
can reconstruct the original signal as long as it complies wh the Nyquist rule (Ifeachor and
Jervis 1996) (or else there will be spacial/temporal aliagig).

Passive Apertures

In order to describe the e ect of the signal when received by amicrophone array, the theory
behind transmission/reception of propagating waves need# be reviewed. Anaperture is de ned
as a spacial region designed to emit (active) or receive (pas/e) propagating waves. The concept
of aperture is very broad and is used for many di erent kinds d waves.
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Amount of signalseen *
by the aperture

Figure 2.2: Example of a passive aperture response to di erent incomingignals

As can be seen in gure 2.2, a passive aperture has a particulapacial orientation in space
and therefore alters the receiving signal in a di erent way for each frequency and location. In this
context the aperture function or sensitivity function (A(f; r), with impulsive response (t;r)) is
de ned as such response of the aperture to the incoming sigha( ; r)oF X (f; r), resulting on
Xgr(f; r) as

Z

Xr(t;r) = . x(;r) (¢ ;rd XRr(f; r) = X(f; r)A(f; r) (2.26)

F
0

The aperture function is de ned for a particular direction of arrival. In order to measure
and characterize the response of an aperture for all direabins, the directivity pattern (or beam

pattern) is de ned as the aperture response to each frequencand direction of arrival. It is given
by:

Z,
Dr(f; )= FfA(f;r)g= A(f; r)é? Tdr (2.27)
1

where F, is the 3D fourier transform, r now indicates a point along the aperture and is the
direction vector of the wave

1 . . .
= Z[sin cos sin sin cos ]
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Linear Apertures Theory

Over the general directivity pattern in eq. 2.27 one can appy some simpli cations, oriented
towards array processing:

The aperture has a linear shaper =[x; 0; 0]

A far- eld signal is received (therefore jrj > E, with L being the total length of the
aperture.

The aperture function is constant for all frequencies.

In this case the directivity function simpli es to

Dr(f; x)= Lsinc( xL) (2.28)

which contains zeros of reception at x = mT with m being a scalar value.

At all e ects, a linear sensor array can be considered as a sapted version of a continuous
linear aperture. One can obtain the aperture function of the array as the superposition of all
individual element functions (e,( )) which are equivalent to the array function and measure the
element's response for a particular direction of arrival. The aperture function is now written as:

A(fx) = Wn(f)en(f;x  Xn) (2.29)

for an array with N elements, where g, is the element function for elementn, w(f) is the
complex weighting for elementn and x, is the position of such element in thex axis.

For the far- eld case, and considering all elements with idetical element function, the di-
rectivity function can be computed as

D(f; &)= wn(f)e? xxn (2.30)

In where the complex weighting can be expressed as module amthase in the following way:

Wn(f)= an(f)e n(M (2.31)
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wherea, (f ) can be used to control the shape of the directivity and' ,(f ) to control the angular
location of the main lobe, being both scalar functions.

Beamforming techniques that use a microphone array for acastic enhancement of the signal
play with these two parameters to obtain the desired shapingand steering of the lobes of the
directivity pattern to certain locations in the space. Some of these techniques use the approxima-
tion of far- eld signals done in here and others (fewer) consier near- eld waves, with di erent
directivity pattern development.

2.5.2 Microphone Array Beamforming

The application of the general signal beamforming theory tothe case of acoustic beamforming
has some peculiarities and has been broadly studied in the g& In general it is considered that

the acoustic signal is generated by a far- eld source (theradre it arrives at the microphones as a
at wave) and that it has usually been considered as having a marrow-band frequency response
(not taking into consideration the di erent behavior of the arrays to multiple frequencies).

There are two main groups of beamforming techniques that carbe found in the bibliography.
These are data-independent (or xed) and data-dependent (or @aptive). The techniques that
are data-independent x their parameters and maintain them throughout the processing of the
input signal. Data dependent techniques update their paraneters to better suit the input signal,
adapting to changing noise conditions. Moreover, there areseveral postprocessing techniques
that are applied after the beamforming, some of them very lirked to the beamforming process.

Fixed beamforming techniques are simpler to implement tharthe adaptive ones, but are more
limited in their ability to eliminate highly directive (and sometimes changing) noise sources. The
simplest beamforming technique in this group is the delay&$®m (D&S) technique (Flanagan,
Johnson, Kahn and Elko (1994), Johnson and Dudgeon (1993))he output signal y[n] is de ned
as:

1 X
y(n) = M Xm(n m) (2.32)

m=1

given a set ofM microphones, where each microphone has a delay of, relative to the others.

In this technique all channels are equally weighted at the otput. The D&S beamforming is a

particular case of a more general de nition of a Iter&sum beamforming where an independent
Iter is applied to each channel:

XN
y(n) = Wm [N]Xm(n m) (2.33)

m=1
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One application of such techniques is the Superdirective Bemforming (SDB) (Cox, Zeskind
and Kooij (1986), Cox, Zeskind and Owen (1987)), where the cannel lters (or also called
superdirective beamformers) are de ned to maximize the aray gain (or directivity factor), which
is de ned as the improvement in signal to noise ratio betweenthe reference channel and the
\enhanced" system output.

For the case of near- eld signals (like when a microphone arnais located right in front of
the speaker in a workstation) the SDB has been reformulated Tager (1998a), Tager (1998b),
McCowan, Moore and Sridharan (2000)) by using the near- eld popagation functions for the
acoustic waves, where waves are not considered planar anymneo

Considering the speech signal to be narrow-band simpli es th design of beamforming sys-
tems but does not represent well the reality. To deal with brcadband signals in an e ective
manner, several sub-array beamforming techniques have begmoposed (Fischer and Kammeyer
(1997), Sanchez-Bote, Gonzalez-Rodriguez and Ortega-Garci@003)) where the set of micro-
phones is splitinto several sub-arrays which focus their proessing in a particular band, collapsing
all the information into the \enhanced" signal at the end.

The adaptive beamforming techniques present a higher capdy at reducing noise interference
but are much more sensitive to steering errors due to the apmximation of the channel delays.

The Generalized Sidelobe Canceller (GSC) technique (Griths and Jim 1982) aims at en-
hancing the signal that comes from the desired direction wHe cancelling out signals coming
from other sources. This is achieved by creating a double péat for the signal in the algorithm.
A standard beamforming path is modi ed by an adaptive path consisting of a blocking matrix
and a set of adaptive Iters that aim at minimizing the output noise power. The blocking matrix
blocks the desired signal from the second path. At the end bdt paths are subtracted to obtain
the output signal. In order to nd the optimum coe cients for the lower part, an algorithms
like the Least Mean Squares (LMS) can be used.

Although widely used, in practice the GSC can su er from distortion of the output signal
normally called signal leakage. This is due to the inability of the blocking matrix to completely
eliminate the desired signal from the adaptive path (which & very common in speech due to
its broadband properties). This problem is treated in Hoshuyama, Sugiyama and Hirano (1999)
where the blocking matrix is designed with control of the allowed target error region.

A di erent kind of adaptive beamforming techniques are those that allow a small amount
of distortion of the desired signal as it is considered not toa ect the quality of the signal as
perceived by human ears. One of such techniques is named theVWOR (Adaptive Microphone-
array system for Noise Reduction), introduced by Kaneda andOhga (1986), Kaneda (1991) and
Kataoka and Ichirose (1990). It introduces a known ctitiou s desired signal during noise-only
periods in order to adapt the Iters to cancel such signal andtherefore improve the quality of
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the speech parts. One drawback of this technique is the neediff accurate speech/non-speech
detection.

Some e orts have been reported applying the adaptive beamfianing techniques to the near-
eld case. In McCowan, Marro and Mauuary (2000) and McCowan, Pelecanos and Sridharan
(2001) adaptive beamforming and super-directive beamfornmg are combined for this e ect.

In real applications none of the previously described beangirming techniques achieves the
levels of improvement on the signal set theoretically. In pactice a post-processing of the acoustic
signal is necessary in order to obtain the optimum output qudity. In Zelinski (1988) a Wiener
post- Itering is applied where time delays information is used to further enhance the signal
in the Iter. In Marro, Mahieux and Simmer (1998) it does a very thorough analysis of the
interaction of Wiener Itering with a lter&sum beamformin g, showing that the post- Iter can
cancel incoherent noise and allows for slight errors in the stimated array steering. Other post-
ltering approaches applied to microphone arrays beamforning are proposed in Cohen and
Berdugo (2002) and Valin, Rouat and Michaud (2004).

There are many post-processing techniques aimed to the \enhed" single channel signal
resulting from the beamforming. Some of them take into accont acoustic considerations (Rosca,
Balan and Beaugeant (2003), Zhang, Hansen and Rehar (20049r acoustic models (Brandstein
and Griebel 2001) to better enhance the signal.

2.5.3 Time Delay of Arrival Estimation

In order to apply almost any of the array beamforming techniques in an acoustic signal, and
given that the location of the acoustic source is not given, ae needs a way to estimate the TDOA
between channels or the Direction of Arrival (DOA) of the signal. In practice the DOA estimation

is much less used for signal enhancement in this domain as itequirements and computational
cost are normally higher than for TDOA. DOA estimation has also been considered less suitable
than TDOA for broadband signals.

There have been many techniques proposed in the past in ordeto estimate the TDOA
between a pair of sensors, like the use of LMS adaptive Itersused in sonar (F. Reed and
Bershad (1981), Schmidt (1986)).

However, the approaches that have become more popular on ret years have been those
based on the cross-correlation of the signals. Given two reasignals, x1 and x», the cross-
correlation between them is de ned as:

Rxix,(M) = E[Xa(n) Xp(n m)] (2.34)
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although, as in practice one cannot work with in nite signals, it is estimated as:

X
Rux, = x1(n) xz(n m)= x1(n) x,(n  m) (2.35)
n= N

where each signal has length N. In order to do this computatia in a more e cient way, both
signals are rst Fourier transformed, the product is computed and then the inverse Fourier
transform is applied.

When the cross-correlation between two signals is computed ere one of the signals is a
(similar) delayed version of the other by a time T, the main peak of the cross-correlation will
be located at either time T (depending on which signal isx; and x»). In real applications
though, there are many disturbing factors that will a ect th e position of the peak or will mask
it. These factors can be noise, reverberation and others. Téa case of reverberation has been
greatly studied in the literature (Champagne, Bedard and Stphenne (1996), Brandstein and
Silverman (1997)).

Addressing this problem, the Generalized Cross Correlatio (GCC) was introduced (Knapp
and Carter 1976). It implements a frequency domain weightirg of the cross correlation according
to di erent criteria, in order to make it more robust to exter nal disturbing factors. The general
expression for the GCC is:

RECC(m) = F Y(X1(w) Xp(w) (w)) (2.36)

where is a weighting function. If =1 for all w the standard cross correlation formula is
obtained.

The rst weighting function that will be considered is the Roth correlation (Roth 1971), which
weights the cross correlation according to the Signal to Nae Ratio (SNR) value of the signal.
Its results approximate an optimum linear Wiener-Hopf Iter (Trees 1968). Frequency bands
with a low SNR obtain a poor estimate of the cross correlationand therefore are attenuated
versus high SNR bands.

1

X(w) X (w) (2:37)

ROTH (W) =

A variation of the ROTH weight is the Smoothed Coherence Facbr (SCOT) (Carter, Nuttall
and Cable 1973) which acts upon the same SNR-based weightingrcept, but allows both signals
being compared to have a di erent spectral noise density fution.
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— n 1
scoT(W) = P X, (W) Xa(w) X, (W) (2:39)

In environments with high reverberation, the Phase Transfam (PHAT ) weighting function
(Knapp and Carter 1976) is the most appropriate as it normalizes the amplitude of the spectral
density of the two signal and uses only the phase informatiorto compute the cross correlation.
It is applied to speech signals in reverberant rooms by Brandtein and Silverman (1997).

1

W) X, (W] (239)

PHAT (W) =

The GCC-PHAT achieves very good performance when the SNR of th signal is high, but
deteriorates when the noise level increases. This is the sagion used as weighting function in
the beamforming implementation proposed in this thesis.

Another weighting function of interest is the Hannan & Thomson (Knapp and Carter (1976),
Brandstein, Adcock and Silverman (1995)), also known as Mainum Likelihood (ML) correla-
tion, which also tries to maximize the SNR ratio of the signal For speech applications, Brandstein
et al. (1995) proposed the approximation:

X1 (W)jj X 2(wW)]

iNT(W)j2iX 2(W)j2IN2(W)j2j X 1(w)j2 (2.40)

mL (W) =

where N1(w) is the noise power spectra.

Finally, the Eckart Iter (Eckart 1952) maximizes the de ec tion criterion, i.e. the ratio of the
change in mean correlation output due to signal present comared to the standard deviation of
correlation output due to noise alone. The weighting function achieving this is:

S1(W)S; (w)

eckart = N )N, (W) N(W)N, (w) (241)

where S;(w) is the speech power spectra.






Chapter 3

Speaker Diarization: from Broadcast
News to Meetings

When applying a known technique to a new task it is preferableto do it starting from some
well rooted theory and some implementation that has been preen to be successful in a task
similar to the proposed one, while analyzing its shortcomiig on this new domain and propos-
ing improvements to it. This is the case of the diarization system presented for the meetings
environment, which is based on the system previously devefied at the International Computer
Science Institute (ICSI) for the task of broadcast news. It has been developed by proposing al-
ternatives to the algorithms that had some room for improvement or that needed to be adapted
to better t the new domain. Also, given that the broadcast news system is designed to run only
on a single-channel recording, the necessary algorithms havalso been implemented to adapt
the signals from multiple channels/microphones to be able ¢ process them with the presented
system.

This chapter covers the description of both the broadcast ners system and the new meetings
domain system, bridging the gap between both by analyzing tle di erences that have been
observed during development.

In the rst part, the broadcast news system is described in déail, pointing out the main
ideas behind it and its implementation, and baseline resuls are shown regarding its performance
for the NIST Rich transcription evaluations for broadcast news (RT03s and RT04f) in which
ICSI participated.

Following the broadcast news description, a comparison ona@ne of the parameters measur-
able on both domains (meetings and broadcast news) is o eredThe di erences between them
are pointed out, as well as the areas where this thesis propes improvements in converting a
system from one task to the other.

Finally, a description of the meetings domain speaker diazation system is given. The detailed

51
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description of all the novel algorithms involved in the new g/stem is split between the current
and next two chapters. In this chapter a detailed descriptin is given of those algorithms that
have been adapted from di erent sources but that are not con&lered a novelty of this thesis
by themselves. It also gives an overview description of theast of the algorithms (novel in this
thesis) to obtain a complete view of the overall system.

The techniques considered to be the primary contribution ofthis thesis will be described in
chapters 4, focusing in those algorithms within the single-hannel speaker diarization system,
and 5 which deals with the use of the multiple channels in a me@ég room to further improve
the system.

3.1 The ICSI Broadcast News System

The broadcast news (BN) system currently used at ICSI and whech has been used as a base
for the meetings system, was originally created by JitendraAjmera circa 2003. He built the
system while he was a PhD student at EPFL (Lausanne, Switzednd) and IDIAP (Martigny,
Switzerland) and implemented it at ICSI while visiting for 6 months. During Ajmera's stay,
ICSI participated in the NIST 2003 Rich transcription of bro adcast news spring evaluation with
the developed system, and soon afterwards in the RTO3f (\whospoke the words" evaluation).
The diarization system was then improved and ICSI participated again in the RTO4f evaluation
(Wooters et al. 2004), also in broadcast news.

The system is a bottom-up agglomerative clustering approactthat uses a modi ed version
of the BIC distance (Ajmera et al. 2003) in order to iteratively merge the closest clusters until
the same BIC distance determines the system to stop. Speakesregmentation of the data is not
done explicitly before the clustering part, but it is done via Viterbi decoding of the data given
the current speaker models at every iteration. For a thoroudn description of the system refer to
Ajmera (2004).

The philosophy behind the system and all research that has ben done towards implemen-
tation of the meetings system is based on these key concepts:

1. Make the system as robust as possible to data within the sae domain which the system
has not been adapted to.

2. Allow for a fast adaptation of the system to use it in new donmains (i.e. broadcast news,
meetings, telephone speech, and others).

These key concepts were put into practice by imposing the fédwing guidelines:
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Use as few training data as possible so that the system can beagly adapted to new
domains and is not over-tuned to the data it is trained on.

Avoid as much as possible the use of thresholds and tuning pameters. If not possible,
try to de ne parameters that once tuned can achieve good peidrmance in di erent kinds
of data.

The implementation of the broadcast news system used as a bekne for the meetings domain
was presented to the RTO4f broadcast news evaluation (Woots et al. 2004), which is the latest
broadcast news evaluation conducted by NIST within the EARS (E ective A ordable Reusable
Speech-to-Text) program. It diers from the original diariza tion system created by Ajmera
(Ajmera and Wooters 2003) in four main points. First the inclusion of a speech/non-speech
detector to Iter out the non-speech segments prior to doing any further processing to the data
and the discontinuation of use of a speech/music classi er ged in the RT03s evaluation. Also,
the parameterization used was MFCC, instead of PLP used unti then. Finally, the inclusion
of am iterative segmentation-training loop in the algorithm to allow models to converge to the
clusters data.

It can be seen in gure 3.1 the main blocks constituting the system. In the following sections
a detailed description of the di erent blocks is given.

3.1.1 Speech/non-Speech Detection and Parameters Extract ion

The use of a speech/non-speech detector in speaker diarizati is important to ensure that
acoustic models for each of the clusters correctly representhe speech data and is not \contam-
inated" by non-speech information. In the ICSI system each dlister is initially modeled using
a small number of Gaussian mixtures (usually 5) given that they are trained using ML over a
small amount of data. This causes that the inclusion of non-spech data into the training makes
clusters resemble each other much more and make the systemae to clustering errors, together
with non-speech errors.

The speech/non-speech detector for the BN system is a two-clasdetector, in which each
class is modeled by a three-state HMM, with a minimum duration of 30 msec. The non-speech
model includes both music and silence. The features used irhé SNS detector (MFCC12) are
di erent from the features used for clustering. This detector that was initially used for ICSI-
SRIs BN STT system on RTO04f. It was trained on 80 hours of 1996 KB4 BN acoustic data.
No tuning was made to adapt the detector to speaker diarizaton for the RT04f evaluation.

In order to illustrate the advantages of using a speech/non-peech (spnsp) detector (also
sometimes referred as Speech Activity Detection, SAD) in téle 3.1 (taken from Wooters et al.
(2004)) diarization error rates are shown on the RTO4f data &t using di erent kinds of spnsp
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detectors. The Diarization Error Rate (DER) is the percentage of time that the system miss-
attributes speakers/non-speech segments. It can be brokenadvn into speaker errors, which ac-
counts for miss-attributed speaker segments, false alarmg$-A) and missed speech errors (MISS),
which account for non-speech labelled as speech, and vicesar For an exhaustive de nition of

each on of these types of error refer to section 6.1.3.

The rst column shows the baseline system composed of the RTEf system. It has an overall
non-speech error of 5.1% and a speaker error of 17.8%. By addjthe speech/non-speech detector
proposed for broadcast news it not only improved the non-spesh errors but also reduces the
speaker error, due to the reduction in clustering errors as ated above. Finally, it is interesting
to see how much can be achieved in terms of DER if a perfect sppsdetector was built. Such
detector is obtained by extracting the speaker segments fnm the reference segmentation and
running the diarization with those as spnsp input. It can be sen that the proposed spnsp
detector is still about 1.2% worse than the perfect detector The speaker error is lower in the
proposed spnsp detector than in the ideal one. This could initate that some non-speech data
can still be bene ciary to train discriminant speaker models. In this implementation the system
obtained a 0.2% and 0.1% MISS errors in the perfect spnsp andaseline systems which was
later reduced to 0%.

System used | %MISS | %FA | %SPKR | %DER
RTO3f system 0.1 5.0 17.8 22.95
+SRI/spnsp 1.5 1.2 154 18.17
+ideal spnsp 0.2 0.0 16.8 16.98

Table 3.1: DER improvement by using a speech/non-speech detector

With respect to the parameters used in the system, as it happes with other speech processing
areas, acoustic modeling for speaker diarization is perfoned based of acoustic features extracted
from the input signal. For the broadcast news system at ICSI he features used have been
modi ed over the years nally settling down into the use of MF CC features with 19 coe cient,
without any deltas or double deltas and without the zeroth cepstral coe cient, linked to the
energy of the signal. For broadcast news these features wemmputed over a 60 millisecond
analysis window in 20 milliseconds intervals. Multiple tegs were done resulting on the selection
of these features. On one hand, the increase in computatiomvolved in using the delta and
double delta coe cients was considered unacceptable givenhat the system gave mixed results
when using them. On the other hand, MFCC19 were chosen as opged to PLP12, which were
used on RTO3f, due to a slightly better performance when usig them together with the spnsp
detector.

As can be seen in table 3.2 also from Wooters et al. (2004), thkaseline system using PLP
and no spnsp detector produces better overall results thanhe counterpart MFCC system, but
this second one is better when spnsp is added. In the diarizain system for meetings a possible
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combination to use delays as features is proposed which issal applicable to all other kinds of
feature vectors.

System used | %MISS | %FA | %SPKR | %DER
RTO3f PLP 0.1 5.0 15.8 20.93
+SRI spnsp 1.6 1.2 155 18.36
RTO3f MFCC 0.1 5.0 17.8 22.95
+SRI spnsp 15 1.2 15.4 18.17

Table 3.2: Comparison of PLP12 and MFCC19 parameterizations on RTO4f

3.1.2 Clusters Initialization and Acoustic Modeling

The system implemented at ICSI for broadcast news is based oan agglomerative clustering
process that iteratively merges clusters until getting to the optimum number of clusters. In order
to initialize the system one needs to obtain an initial set ofclusters K (where K > K o, the
optimum number of clusters representing the number of speadrs in the recording). During the
implementation of the original system two alternatives were considered, on one hand, a k-means
algorithm was tested in order to split the data into K clusters containing homogeneous frames.
Another alternative was to split the data into even sized pieces. The second was nally selected
due to its simplicity and the good results that it achieved on most data.

The linear initialization of the data into clusters is a simple algorithm that clusters the data
according to its temporal proximity rather than acoustic pr oximity, allowing for models to be
trained with acoustic data of very di erent acoustic characteristics that belongs to the same
speaker.

In order to create K clusters the clusters initialization algorithm rst split s the show into P
partitions (where P = 2 for Broadcast news). Then for each partition the data is sgit into K
segments of the same size and labelled: 1: K. The initial data for cluster k (wherek 1:::K)
is the union of the data labelled k for each of the partitions. This technique is thought to
work better than a more elaborate frame-level k-means algortim because it takes into account
the possible acoustic variation of the speech belonging to aingle speaker. By clustering the
data with k-means one cannot ensure that the resulting clustes contain frames from the same
speaker, but maybe it contains acoustic frames that belong @ the same phonetic class from
several speaker.

Each initial cluster obtained via linear initialization it will most certainly have data belonging
to more than one source/speaker. In order for the clusters tachieve some speaker homogeneity
before stating the merging iterations the algorithm performs three iterations of models training
and Viterbi segmentation of the data. Next section goes intomore detail how clusters are mod-
eled. The resulting clusters tend to contain data from a sinde speaker or at least a majority of
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There are some occasions when using linear initializationHat it creates clusters with acoustic
segments from more than one speaker, causing them potentiaherging errors and therefore a
decrease in performance. In the improvements for the meetgs room data a new initialization
algorithm and a segment puri cation algorithm, that detect s and splits such clusters, will be
proposed.

states (clusters)

\
\

Qe e Q’
/
i

o sub-states RN

Figure 3.2: Acoustic models for speaker clustering

The broadcast news clustering algorithm models the acousti data using an ergodic hidden
Markov model (HMM) topology, as seen in gure 3.2, where eachinitial state corresponds to
one of the initial clusters. Upon completion of the algorithm's execution, each remaining state is
considered to represent a di erent speaker. Each state comtins a set ofM _D sub-states, imposing
a minimum duration of staying in any model. Each one of the substates has a probability density
function modeled via a Gaussian mixture model (GMM). The same GMM maodel is tied to all
sub-states in any given state. Upon entering a state at timen, the model forces a jump to the
following sub-state with probability 1:0 until the last sub-state is reached. In that sub-state,
we can remain in the same sub-state with transition weight , or jump to the rst sub-state of
another state with weight =M , where M is the number of active states/clusters at that time.
The diarization system for broadcast news used values = 0:9 and = 0:1 with the intention
of favoring the system to stay in the same cluster and therefte model speaker turns bigger than
M _D frames. As will be shown, this implicitly models the maximum length for a speaker term.
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In the meetings system it is modi ed to reduce such constrair.

Each of the GMM models initially has a complexity of 5 Gaussian mixtures, which was
optimized using development data from previous evaluatios. Upon deciding that two clusters
belong to the same speaker, one of the clusters/models is elinated from the HMM topology,
M is reduced by 1 and the resulting model is trained from scrath with a complexity being the
sum of the previous two models. This ensures that the compleaky of the overall system after
any particular iteration remains constant and therefore the overall likelihood of the data given
the overall HMM model can be compared between iterations.

3.1.3 Clusters Comparison, Pruning and Clusters Merging

Given M clusters with their corresponding models, the matrix of distances between every cluster
pair is created and the closest pair is merged if it is determied that both clusters contain
data from the same speaker. In order to obtain a measure of siitarity between two clusters
modeled by a GMM a modi ed version of the Bayesian Information Criterion (BIC) is used,
as introduced by Ajmera in Ajmera, McCowan and Bourlard (2004) and Ajmera and Wooters
(2003). As explained in the state of the art chapter, the BIC value quanti es the appropriateness
of a model given the data. It is a likelihood-based metric thatintroduces a penalty term (in the
standard formulation) to penalize models by their complexty.

Given two clusters Cj and C; composed ofN; and N;j acoustic frames respectively, they are
modeled with two GMM models M j and M j. The data used to train each of the models is the
union of the data belonging to each one of the segments labelil as belonging to clusterC.. In
the same manner a third modelM i, is trained with Cj+; = C; C;j.

In the standard BIC implementation to compare two clusters (Shaobing Chen and
Gopalakrishnan 1998) the penalty term adds a factor that is used to determine the e ect
of the penalty on the likelihood. The equation of the standad BIC for GMM models is

BIC (Ci;Cj) = L(Ci+jiM i+j)) (L(GijM i)+ L(CjiM })))
2 #Miy; #M;  #Mj)log(N; + Nj) (3.1)

where #M. is the number of free parameters to be estimated for each of thmodels, i.e. relative
to the topology and complexity of the model.

It is considered that two clusters belong to the same speakeif they have a positive BIC
value. Such value is a ected by the penalty term (including the , which acts as a threshold
determining which clusters to merge and which not to). The peaalty term also modies the
order in which the cluster pairs are merged in an agglomeratie clustering system, as each pair
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will have a di erent number of total frames and/or models complexities, which will cause the
penalty term to be di erent. In systems based on BIC this pen alty term ( ) is usually tuned
based on development data and it always takes values greatéhan 0. In some cases two di erent
values are de ned, one for the merging criterion and the othe one for the stopping criterion.

When training models to be used in BIC, these need to be trained using an ML approach,
but there is no constraint in the kind of model to use. Ajmera's modi cation to the traditional
BIC formula comes with the inclusion of a constraint to the combined model M. j:

#Mi+j=# M; +# Mj (3.2)

This is an easy to follow rule as modeM;.; is normally built exclusively for the comparison.

By Applying this rule to the BIC formula one avoids having to decide on a particular
parameter and therefore the real threshold which is appliedo consider if two clusters are from
the same speaker becomes 0. The formula of the modi ed-BIC bemes equivalent to the GLR,
but with the condition that 3.2 applies.

The lack of an extra tuning parameter makes the system more rbust to changes in the
data to be processed, although, as the BIC formula is just an pproximation of the Bayesian
Factor (BF) formulation, sometimes the robustness increae comes with a small detriment on
performance.

In the broadcast news system that has been described, the metlM ;. is generated directly
from the two individual models i andj by pooling all the Gaussian mixtures together. Then the
data belonging to both parent models is used to train the new nodel via ML. Training is always
performed using an Expectation Maximization (EM-ML) algori thm and performing 5 iterations
on the data.

Once the BIC metric between all possible cluster pairs has been computed, it searches for
the biggest value and if BIC max (Ci; Cj) > 0 the two clusters are merged into a single cluster.
In this case, the merged cluster is created in the same way a¢l;.; is created, although it is
not a requirement. The total complexity of the system remains intact through the merge as the
number of Gaussian mixtures representing the data is the sam clustered in M-1 clusters.

The computation of BIC for all possible combinations of clu sters is by far the most com-
putationally intensive step in the agglomerative clustering system. Given that the models are
retrained and the data is resegmented after each merge it obins models at each iteration that
are quite dissimilar to the models in the previous iteration, therefore it is recommended to com-
pute all values again. Some techniques were tested to spequlthis process by looking at the
behavior of the BIC values. Some are:
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In every iteration merge more than one cluster pair, selectig them to be the pairs with
highest BIC value and positive. This generates mixed resulk as modi es the way that the
models are grouped.

Compute the BIC value only for clusters which have changed casiderably between iter-
ations, maintaining the same value as previous iterations dr those with almost the same
segments assigned. This also resulted in mixed results, depding on the shows evaluated.

Do not compute the BIC value for clusters pairs that obtain a negative value at any given
iteration. This reduces the computation as only positive BIC values will be considered in
subsequent iterations. It was implemented with success intte broadcast news system.

3.1.4 Stopping Criterion and System Output

Introduced in the system presented for the RTO4f evaluation after each cluster pair merge a set
of three iterations of models training and Viterbi segmentaion of the data given the models is
performed. This achieved a small improvement on the RT04f ealuation data but proved to be
positive and to increase robustness in the system.

After any cluster pair merges the cluster structure changes with one less cluster in the
system. When performing a Viterbi segmentation many segmenboundaries change and some
segments are reassigned to di erent clusters. Such new cltess are used to retain the models
which are used again to segment the data. After three iteratons the segmentation has usually
converged and a new merging step is started.

In order to stop the clustering processing at the optimum number of clusters, two di erent
alternatives were proposed as stoping criterion in the RTO# evaluation system. On one hand,
the clustering can be performed while there is any positive BIC distance between any two
clusters, it is called the BIC stopping criterion. On the other hand, the overall likelihood of the
data given all the acoustic models can be compared betweeneitations and stop the processing
when it starts decreasing (and revert to the previous segmedation), it is called Viterbi stopping
criterion.

It must be noted that the Viterbi criterion can be applied onl y because the overall system
complexity remains constant between iterations and therebre overall likelihoods are comparable.
Note also that the Viterbi stopping criterion is in fact the B IC criterion applied over the overall
model, comparing a model with M clusters and a model with M-1 clisters and stopping when
M-1 is better than M.

Table 3.3 shows the resulting scores when using either BIC odviterbi stopping criterions on
the RTO4f dataset. Although Viterbi stopping criterion ach ieves an absolute 1.55% improvement
over BIC, the breakout by shows indicated mixed results and gerall results are the opposite for
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other sets.

Criterion | %MISS | %FA | %SPKR | %DER
BIC 1.5 1.2 15.1 17.91
Viterbi 15 1.2 13.6 16.36

Table 3.3: Comparison between BIC and Viterbi stopping criterions for RT04f data

The nal system for broadcast news uses a BIC stopping criteion as it does not require an
extra clustering iteration for the stopping point to be found.

Once the system stops merging, the segmentation is output o a le. At this stage all re-
moved non-speech regions are taken into account and insertento the output where appropriate
so that the output le is synchronous with the reference le used to evaluate its performance.

3.2 Analysis of Dierences from Broadcast News to Meetings

Taking the broadcast news speaker diarization system as a lsibone to build a meetings di-
arization system requires the adaptation of the previous sgtem to the new requirements. While
doing so, it was considered important to keep as much as podde the same structure and to
make all the changes adaptable to obtain a system that could un with a correct performance
in both broadcast news and meeting domains.

In this section, rst an analysis is performed of some of the grameters that might di er from
meetings to broadcast news, by looking at the input signals ad reference segmentation les.
This is intended to be a practical comparison between the twodomains in order to identify the
strengths and weaknesses of each one. Then, a more theorelicomparison is proposed between
both domains and some high level changes are proposed to adajine original broadcast news
system to the meeting domain.

3.2.1 Input Data Analysis: Broadcast News versus Meetings

In this section some parameters are computed both in meetirgyand broadcast news shows in
order to draw some conclusions on the nature of the input datao the speaker diarization system.

In order to constraint the analysis to a known set of data, it has been performed on the RT04f
broadcast news evaluation set and on the RT06s meetings evation set.

The RTO04f set is composed of 12 shows, both from radio and telésion programs. The
evaluation region in each of the shows is approximately 40 nmutes, although the recording
might be longer. The RT06s set is composed of two subsets, fahe lecture data and conference
data subdomains. The conference room data is composed of 8 etang excerpts, with a length of
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around 15 minutes each. The Lecture room set is composed of 2&8ture excerpts with varying
times.

Signal to Noise Ratio

The rst parameter obtained from the input signals is the signal to noise ratio (SNR). It was
computed using thestnr tool from the NIST Speech Quality Assurance Package (SPQA) NIST
Speech tools and APIs2006) which is also used in the acoustic beamforming systenvaluated
in the experiments section. This program estimates the SNR ba le, de ned as

peak speechpower
mean.noise power

where power refers to the Root Mean Square (RMS) of the signadver a sliding window of 20ms,
with a scrolling size of 10ms. A histogram is created using taB RMS values and then the noise
and speech values are computed.

To determine the noise average power, a raised cosine funoti is tted to the peak in the left
hand side of the histogram (lowest values) using a search abgithm to minimize the Chi-Square
distance between the histogram and the function. The midpant of such function is considered
the mean noise power. Then the obtained raised cosine is suigicted from the histogram in order
to estimate the speech power distribution. The peak speech qver is de ned as the histogram
bin midpoint where the 95% of the power falls below it. Given that the speech power contains
additive noise, the computed noise power is subtracted fronit to use it in the SNR formula.

As speech and noise do not exist independently in the recordesignal, this method is only
an approximation of the SNR. The result from this tool might n ot be comparable to the result
from other tools, but according to the authors it is consistent to results using the same tool and
therefore adequate to compare the quality di erence of seval signals as it is intended in this
section. It must be noted that for a few cases this algorithm § known to give erroneous results,
therefore it should be taken as an information source and theaverage should be taken to avoid
misreadings.

In order to compute the SNR values, both for the meetings and dér the broadcast news
recording, only the regions determined to be part of the evalation were considered. As pointed
out before, some of the recordings contain more acoustic datthan the evaluated region, which
sometimes is excluded due to problems with the microphonesr( meetings) or because it contains
commercials or very noisy acoustics (in broadcast news).

First of all, the SNR is computed for the les in the RT04f data set. As it can be seen in
table 3.4 the speech peak power remains constant at a very Higvalue, with an average of 65db,
while the noise average power is very variable and ranges fnmo around 15db to around 62db.
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Such averages are taken over the SNR values in log domain, aralm at indicating the overall
quality of the dataset.

Some of the shows contain news material where reporters giwbeir chronicles from the eld,
with a high level of background noise, while the conductor isin the studio, with a very good
quality microphone in a controlled environment. The shows tat contain less or none of the
eld recordings achieve a very good SNR (around 50db) while thers perform very poorly (for
example the CNN headline news, ABC and CNBC shows).

Show.ID Speech Peak Power Noise ave. Power| SNR
20031202050216CNN_ENG 66.5 14.75 51.75
20031202203013CNBC _ENG 60 57.75 2.25
20031203183814ABC _ENG 66.75 60.75 6
20031204130035CNN_ENG 67.25 53.75 13.5
20031206163852CSPAN_ENG 61 30.5 30.5
20031209193152ABC _ENG 65 61.25 3.75
20031209193946PBS_ENG 63.25 20.75 42.5
20031215204057CNNHL _ENG 68.25 61.75 6.5
20031215231058WBN _ENG 67 16.5 50.5
20031217184122ABC _ENG 66.75 22.75 44
20031218004126PBS_ENG 65 55.5 9.5
20031219202502CNBC _ENG 62 32 30
average 64.89 40.66 24.22

Table 3.4: Estimated SNR for RT04f Broadcast News shows

In the meetings domain the SNR is computed separately for theeonference and lecture room
sets. On the conference room set each of the rooms contains ariable number of microphones,
mostly separated into 2 groups: the microphones situated irthe middle of the table (labelled
MDM) and the head-mounted microphones, worn by some of the paicipants (labelled IHM).
Although the speaker diarization system presented in this hesis does not analyze the IHM case,
the SNR for these microphones is also computed for comparisgourposes.

Tables 3.5 and 3.6 show average SNR for the MDM and IHM channelin the RTO6s meetings
in the conference room. In both tables the number of microphaes available is indicated in the
second column. Then, the third though fth columns indicate the average (in the linear domain)
of the SNR values for all channels in each meeting. As the vaety of microphones causes them
to have very diverse guality levels, the last two columns indcate the maximum and minimum
SNR values to give an idea of how disperse these are. Finallthe averages (in the log domain,
as done in the broadcast news results) are computed for all netings.

The speech quality for all cases is approximately the same ¢aund 65db). The noise level for
the MDM channels is much higher than the Broadcast news chanels, which causes a decrease
in SNR of almost 5db. The Average noise level is lower for theHM channels than for the MDM
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or the broadcast news shows which leads to an overall betterNR. This is due to the proximity
of these microphones to the speakers and that a meeting roomoatains less noise than some
broadcast news shows. It is interesting to point out the outsanding quality of the IHM channels
used in the Edimburgh recordings (within the AMI project), b ut at the same time these meetings
have some of the worse quality MDM microphones.

In overall, the MDM channels in the conference room are of lesquality than the average in
the broadcast news, but they remain more constant in qualityacross meetings.

Show ID # channels | Ave. Speech| Ave. Noise | Ave. | Min. | Max.
Power Power SNR | SNR | SNR
CMU _20050912-0900 2 67.95 49.22 18.52 18 | 18.75
CMU _20050914-0900 2 61.72 47.56 14.02 | 13.5 | 14.25
EDI _20050216-1051 16 56.06 39.45 18.30 | 7.25 | 195
EDI _20050218-0900 16 60.56 41.88 1843 | 16.5 19
NIST _20051024-0930 7 73.07 56.41 25.15 | 15.75| 26
NIST -20051102-1323 7 72.02 55.48 19.47 | 155 | 20.25
VT _20050623-1400 4 59.72 36.51 26.96 | 21.25| 27.5
VT _20051027-1400 4 63.64 37.89 25.34 | 22.25| 25.75
average 64.34 45,55 20.77 { {

Table 3.5: Estimated SNR for RT06s Conference Meetings, MDM channels

Show. ID # channels | Ave. Speech| Ave. Noise | Ave. | Min. | Max.
Power Power SNR | SNR | SNR
CMU _20050912-0900 4 70.14 42.39 40.39 | 16 41
CMU _20050914-0900 4 72.89 40.89 46.39 | 32 47
EDI _20050216-1051 4 57.39 13.89 63.14 | 43.5 | 63.75
EDI _20050218-0900 4 60.89 23.39 61.39 | 335 62
NIST _20051024-0930 9 70.59 41.36 38.79 | 18.5 | 39.76
NIST _20051102-1323 8 68.91 41.79 39.59 | 16 40.5
VT _20050623-1400 5 68.24 42.30 36.06 | 25.5 | 36.75
VT _20051027-1400 4 58.19 25.40 41.12 | 31 | 41.75
average 65.91 33.93 45.86 { {

Table 3.6: Estimated SNR for RT06s Conference Meetings, IHM channels

Finally, table 3.7 shows the computed averages for the RTO6seetings in the lecture room
dataset. In the same way as in 3.5, for each recording severdistant microphones are available.
The Average between microphones is done in the linear domainvhile the average over all
recordings is done in the log domain.

Although all meeting recordings were done within the CHIL project, the speci cations on
the room layout and on the acoustic environment change within each lecture room. The speech
average peak power changes immensely among the rooms (fromband 50db on AIT recordings
to around 80db on UKA decordings) remaining stable within the same lecture room. The same
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Show. ID # Ave. Speech| Ave. Noise | Ave. | Min. | Max.
channels Power Power SNR | SNR | SNR
AIT _20051010/Segment1 4 51.15 23.14 27.90 | 24.25| 28.5
AIT _20051011.B/Segmentl 4 51.65 22.30 2891 | 255 | 295
AIT _20051011.C/Segmentl 4 48.22 22.81 26.66 | 22.25| 27.25
AIT _20051011.D/Segment1 4 49.90 22.64 27.16 24 | 27.75
IBM _20050819/Segment1 3 58.84 46.75 12.09 | 9.75 | 125
IBM _20050822/Segment1 3 61.77 4757 13.77 10 14.25
IBM _20050823/Segment1 3 59.03 48.02 13.02 9 13.5
IBM _20050830/Segment1 3 60.59 47.41 13.30 11 13.75
ITC _20050503/Segment1 5 59.25 42.78 16.85 | 14.75| 17.5
ITC _20050607/Segment1 5 60.54 45.28 36.30 15 37
UKA _20050420.A/Segmentl 5 77.55 58.55 22.30 | 13.25| 23
UKA _20050420.A/Segment2 5 77.55 58.55 20.70 14 | 21.25
UKA _20050427.B/Segment1 5 81.30 64.05 18.30 13 19
UKA _20050504 A/Segment1 5 82.80 67.30 17.25| 145 | 17.75
UKA _20050504 B/Segment1 5 82.80 69.05 13.63 13 14
UKA _20050504 B/Segment2 5 81.55 67.30 14.83 | 12.25| 15.5
UKA _20050525 A/Segment1 5 82.55 67.30 1549 | 6.25 16
UKA _20050525 A/Segment2 5 82.80 67.80 14.84 | 8.75 | 15.25
UKA _20050525 B/Segment1 5 78.05 67.80 10.07 | 4.25 | 10.5
UKA _20050525 C/Segmentl 5 82.55 68.80 1424 | -25 | 145
UKA _20050615 A/Segment1 5 79.30 66.30 13.60 | 12.25| 14.25
UKA _20050622 B/Segmentl 5 67.64 59.33 11.30 | 8.25 | 12.0
UKA _20050622.C/Segment1l 5 74.07 60.35 16.55| 13.0 | 17.25
UKA _20050622.C/Segment2 5 75.06 61.31 15.31 | 12.25| 16
UPC _20050706/Segment1 4 79.66 51.65 31.89 | 275 | 325
UPC _20050720/Segmentl 4 71.15 56.40 16.65 | 6.25 | 17.25
UPC _20050722/Segmentl 4 71.15 53.90 17.07 | 16.75| 17.25
UPC _20050727/Segmentl 4 67.90 50.42 17.18 | 16.75| 17.5
average 69.87 53.03 18.47 { {

Table 3.7: Estimated SNR for RTO6s Lecture Room Meetings, MDM channels

thing happens with the noise average power, which is the lowst for the AIT recordings and
the highest for the UKA. This indicates that the recording settings were not set equally for all
settings, being such di erence possibly due solely to the amli cation applied to the signal by
the recording equipment.

Regarding the SNR over all the channels, the AIT recordings & constantly achieving SNR
values on the twenties, while the other shows are usually onhe tens, with a global average of
18.47, which is slightly lower in average than the meetingsn the conference room subdomain.
The di erences between minimum and maximum SNR values remai in the same line as in 3.5.
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Average Total Speaking Time

Apart from looking at the acoustic signal, the reference transcriptions were also analyzed. The
rst parameter computed both on the meetings and broadcast rews is the speaking time per
speaker in each of the shows. This is important as it is neceasy to create models that can

train optimally to the data, and therefore need to be adjusted if the amount of data per speaker

changes across domains. Tables 3.8, 3.9 and 3.10 show the riugn of speakers, average time per
speaker and maximum and minimum speaking times.

Show_ID # ave. time | max. time min. time ave. time | max. time min. time
spkr. manual manual manual FA FA FA
CMU _20050912-0900 | 4 373.01| 620.49 | 169.77 || 283.71 | 487.14 | 105.96
CMU _20050914-0900 368.04 | 544.88 | 131.66 | 277.61 | 444.69 | 102.46
EDI _20050216-1051 301.65| 432.01 | 184.03 | 224.01 | 306.88 | 111.21
EDI _20050218-0900 318.01 | 489.42 | 210.46 | 238.46 | 361.15 | 162.5
NIST _20051024-0930 182.45| 503.49 | 32.83 118.46 | 384.29 1.15
NIST _20051102-1323 179.25| 336.05 | 46.04 121.47 | 257.0 2.76
VT _20050623-1400 258.16 | 438.16 | 155.11 || 195.60| 342.06 | 118.84
VT _20051027-1400 244.27 | 581.27 | 103.53 || 184.21 | 457.39 70.19

OO OS~DDM

Table 3.8: Average total speaker duration in RTO6s conference room dat

In all cases the average values vary greatly even within theame domain. For example, the
CSPAN show in broadcast news contains an average speaker kgh several orders of magnitude
higher than any of the other shows. This is due to the rather conmon total show lengths
imposed by NIST for the evaluations but the variability in th e number of speakers existent in
each recording. from these results it is clear that an automtic way of selecting the speaker
models complexity is necessary in order to be able to model eh of the possibilities correctly,
as the more data available from a speaker, the more complex thmodels need to be to be able
to represent the same level of detail for that speaker compad to others.

Another observation is on the minimum and maximum speaking imes columns. The maxi-
mum speaking time indicates how long has the main speaker inhe recording spoken. In both
the lecture room and broadcast news recordings this columnends to contain values very much
higher than the average speaking time. In lectures it is the ase when the excerpt mainly con-
tains the lecturer giving his talk (sometimes lling the ent ire excepts and sometimes with a small
question and answers section). In the broadcast news showsis usual when the show contains
an anchor speaker that directs the ow of the program. In the conference room meetings the
NIST shows also tend to have a dominant speaker.

The minimum speaking time column indicates the length of time that the speaker with less
interventions speaks. In many of the lecture room meetings lis is nonexistent as the lecturer
speaks for the whole time. In the other cases, many of the recdings in lectures and broadcast
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Show.ID # speakers | Ave. time | max. time | min. time
AIT _20051010/Segment1 4 52.68 202.06 2.00
AIT _20051011B/Segmentl 4 65.01 233.91 0.66
AIT _20051011.C/Segment1 4 57.94 160.63 5.67
AIT _20051011.D/Segment1 5 52.80 228.07 0.48
IBM _20050819/Segment1 4 63.07 156.09 28.83
IBM _20050822/Segment1 2 127.47 253.48 1.46
IBM _20050823/Segment1 4 70.86 172.02 30.65
IBM _20050830/Segment1 1 251.27 { {
ITC _20050503/Segment1 4 66.81 234.06 6.16
ITC _20050607/Segment1 4 64.64 207.49 2.82
UKA _20050420.A/Segmentl 3 80.53 228.30 3.69
UKA _20050420.A/Segment2 2 121 178.31 63.68
UKA _20050427.B/Segmentl 1 157.51 { {
UKA _20050504 A/Segment1 1 219.16 { {
UKA 20050504 B/Segment1l 1 253.86 { {
UKA _20050504 B/Segment2 3 86.74 222.55 6.13
UKA 20050525 A/Segmentl 1 240.71 { {
UKA _20050525 A/Segment2 4 60.09 153.77 3.53
UKA _20050525 B/Segment1 2 114.11 226.36 1.87
UKA _20050525 C/Segmentl 2 119.76 238.52 1.00
UKA _20050615A/Segment1 3 55.28 147.78 6.00
UKA 20050622 B/Segmentl 1 211.22 { {
UKA _20050622.C/Segment1 3 80.38 214.86 8.38
UKA 20050622 C/Segment2 1 230.59 { {
UPC _20050706/Segmentl 5 43.91 182.58 5.96
UPC _20050720/Segment1 5 56.16 255.72 3.17
UPC _20050722/Segmentl 5 57.71 234.39 2.88
UPC _20050727/Segmentl 5 87.78 139.46 62.73

Table 3.9: Average total speaker duration in RT06s lecture room data

news, and the NIST recordings in conference room, contain vg short durations. These speakers
are di cult to model as not much data is available and could create many problems and errors
when comparing their models with the longer speaking ones. fiis is why it is sometimes desirable
to talk of agglomerative clustering systems (like the one pesented in this thesis) as having the
goal of obtaining the optimum number of nal clusters, instead of the exact nhumber of existing
speakers. Although detecting these short speakers and labieg them as independent clusters is
always desirable, it can normally lead to other errors and tlerefore should be considered as a
secondary priority.

In Table 3.8 two di erent transcriptions were used to compute these parameters. On one
hand, one set of transcriptions were generated by hand, disibuted by NIST and used in the
evaluations. On the other hand, another set of reference trascriptions were generated automat-
ically via forced-alignment of the reference speech-to-textranscriptions to the IHM channels.
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Show. ID # speakers | Ave. time | max. time | min. time
20031202050216CNN_ENG 15 65.92 462.31 5.7
20031202203013CNBC_ENG 13 69.41 322.5 1.07
20031203183814ABC _ENG 28 38.67 196.86 2.06
20031204130035CNN_ENG 13 99.79 479.12 13.73
20031206163852CSPAN_ENG 4 345.62 941.21 7.76
20031209193152ABC _ENG 30 33.84 292.49 1.26
20031209193946PBS_ENG 15 86.52 349.40 0.47
20031215204057CNNHL _ENG 10 110.62 312.53 8.15
20031215231058WBN _ENG 29 39.52 536.04 0.44
20031217184122ABC _ENG 25 42.56 181.38 1.87
20031218004126PBS_ENG 27 47.52 353.56 0.4
20031219202502CNBC_ENG 25 38.48 351.59 1.10

Table 3.10: Average total speaker duration in RTO4f broadcast news data

The forced-alignments are the ones used in this thesis in thexperiments section. For a more
detailed description on the di erences and motivation behind the forced-aligned transcriptions
refer to the experiments chapter 6.

Average Number of Speakers

Another parameter that describes the dierent subdomains d application is the number of
expected speakers to be clustered. Given that the number ofhitial clusters needs to be higher
than the optimum number of clusters, it is important to de ne an upper boundary on the number
of speakers so that systems are ensured to be able to reach tloptimum point. Although an
optimal speaker diarization system using hierarchical aglpmerative clustering should be able to
start at a very high number of clusters and work its way down, in reality it makes a di erence in
the resulting performance the correct estimation of an appopriate upper limit for the number
of clusters. This is explained more in detail in section 4.2.

The average number of speakers and their minimum and maximunvalues are represented
for the three datasets in table 3.11. One can observe how in geral the broadcast news shows
contain a vast amount of speakers (averaging 19), althoughni the shows considered there was
one case (CSPAN) with 4 speakers. This creates a very big vaation (or standard deviation)
between the values. The system processing the broadcast newdata needs to ensure a good
performance both when many speakers are present (with smal speaking time) and when less
are available. Without any automatic initial number of speakers detection algorithm, the system
starts at 40 clusters.

In the case of meetings, the lecture room data contains manyecordings where only the
lecturer speaks, and other with several people, going to a mamum number of four speakers.
The standard deviation is therefore smaller compared to bradcast news. On conference rooms
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the number of speakers range between 4 and 9, with an averagém25 speakers present. Without
automatic detection the systems start at 10 or 16 clusters fomeetings and at 5 or 10 for lecture
room.

Domain # excerpts | ave. spkrs| min. spkrs | max. spkrs | std spkrs
Meetings conference 8 5.25 4 9 2.05
Meetings lecture 28 3 1 5 1.49
Broadcast news 12 19 4 29 8.35

Table 3.11: Average number of speaker for Rt0O4f and RT06s

Average Speaker Turn Duration

Given the HMM acoustic modeling presented in the previous setion, a minimum duration is
applied to the segment length when performing the acoustic dcoding of the data using the
Viterbi algorithm. Such segments constitute the speaker tuns and therefore it is important to
analyze how long in average these are in the di erent subdomias, in order to adapt (if necessary)
this parameter of the system to allow for smaller/larger turns.

In Table 3.12 the average, maximum and standard deviation othe speaker turn duration is
given both for conference room meetings data and for the lecre room data. In the case of the
conference room data, both the manual transcriptions and tle forced-alignments are analyzed.
When analyzing this property, two speaker turns from the sane speaker but separated with a
silence are considered di erent turns, and their durationscounted separately.

Domain Average duration | max. duration | std duration
Meetings conference hand alignment 3.96 85.92 5.74
Meetings conference forced alignmen 1.89 14.64 1.90
Broadcast news 8.61 107.54 10.08

Table 3.12: Speaker turn durations for RT04f and RT06s

It is clear that in the lecture room data the speaker turns arein average of much greater
length, given that many times a lecturer speaker for elongaeéd amounts of time. In some cases
though it was seen that the transcriptions contained errorswhen small silence segments needed
to be transcribed as such and were included within the speakesegment adjacent to it. The
maximum speaker turn length for these is of 1:45 minutes appmx.

On the conference room data there is a di erence between thewo transcriptions sources.
This is mainly due to the discrepancies on the transcription of small silences. According to
NIST rules for the evaluations, any silence segment of lengt greater than 0.3 seconds needs to
be considered as such. This can be implemented e ciently in he forced-alignment transcriptions
but it is more di cult to be followed by the human transcriber s, leading to longer segments being
annotated.
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To further illustrate the distribution of the speaker turn d urations, Figure 3.3 shows the
histogram of all three analyzed cases, showing the duratiashistogram of the rst 10s, with a
resolution of 0.1 second. It can be observed that both transgptions for the meetings conference
room recordings have a similar shape, being very pointy araod 0.3s, while the broadcast news
shows re ect a broader shape. Such a small peak duration in th conference data has a reason to
be in that overlap segmentes were also used when computing ¢hspeaker turn duration. These
segments occur when two or more people are speaking at the santime and can just refer to
people uttering a rmative/negative responses or short sentences.

il - BNIRTO4f
————— Meetings!RT06s

Meetings!RTO6s!FA

Figure 3.3: Speaker turn duration histograms

In overall, the speaker turn length of meetings is much sma#r than the average in broadcast
news, which is modeled by the system with a minimum duration é 3 seconds. Such duration
would be enough if the meetings system was evaluated using ¢hhand-alignment