Recognizing Sloppy Speech
Hua Yu

CMU-L TI-05-190

LanguageTedinology Institute
Sdool of Computer Science
CarnegieMellon University

Pittsburgh, PA 15213
www.lti.cs.cmu.edu

Thesis Committee:
Alex Waibel
Tanja Sdwltz
Richard Stern
Mari Ostendorf(University of Washington)

Submitted in partial ful | Iment of the requirements
for the degree of Doctor of Philosophy
In Languageand Information Technolayies

Copyright ¢ 2004Hua Yu






Abstract

As speed recognition movesfrom labsinto the real world, the sloppy speet problem
emergesas a major challenge. Sloppy speed, or corversational speed, refersto the
speaking style peopletypically usein daily cornversations. The recognition error rate
for sloppy speet hasbeenfoundto doublethat of readspeed in many circumstances.
Previous work on sloppy speet has focused on modeling pronunciation changes,
primarily by adding pronunciation variants to the dictionary. The improvemen,
unfortunately, has beenunsatisfactory

To improve recognition performanceon sloppy speet, we revisit pronunciation
modeling issuesand focus on implicit pronunciation modeling, where we keep the
dictionary simple and model reductions through phonetic decisiontrees and other
acoustic modeling medanisms. Another front of this thesisis to alleviate known
limitations of the current HMM framework, sud asthe frame independenceassump-
tion, which can be aggravated by sloppy speed. Three novel approadieshave been
explored:

exible parameter tying: We show that parametertying is an integral part of
pronunciation modeling, and introduce exible tying to better model reductions
in sloppy speed. We nd that enhancedtree clustering, together with single
pronunciation dictionary, improves performancesigni cantly.

Gaussiantransition modeling: By modeling transitions between Gaussiansin
adjacen states, this alleviatesthe frame independenceassumptionand can be
regardedas a pronunciation network at the Gaussianlevel.

thumbnail features: We try to adieve segmetal modeling within the HMM
framework by using these segmefntlevel features. While they improve perfor-
mancesigni cantly in initial passesthe gain becomesnarginal when combined
with more sophisticatedacousticmodeling techniques.

We have also worked on system dewelopmert on three large vocabulary tasks:
Broadcast News, Switchboard and meeting transcription. By empirically improving
all aspectsof speed recognition, from front-ends to acousticmodeling and decaling
strategies,we have achieved a 50%relative improvemert on the BroadcastNewstask,
a 38%relativeimprovemer on the Switchboard task, and a 40%relative improvemert
on the meeting transcription task.
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Chapter 1

The Sloppy Speech Problem

Sloppy speet refersto the casualstyle of speed that peopleusein daily corversa-
tions, as opposedto read speed, or carefully articulated speed. It is a natural form
of communication that peoplewould hardly anticipate to becomea major problem
for automatic speet recognition.

In the early 1990s,Hidden Markov Models (HMMs) are working quite well on
\read speed" tasks, sud asthe Wall Street Journal (WSJ) task, wherethe data is
recordedfrom peoplereadingnewspagersin quiet rooms. As speet recognitionmoves
from cortrolled lab conditions into real world scenarios,the speed style problem
becomesmore and more pronounced.

In the NIST Hub4 (BroadcastNews)evaluation, the BroadcastNewsdata cortains
a variety of di erent conditions, amongthem a signi cant portion of spontaneous
speet. While state-of-the-art systemscan achieve word error rates (WERS) of below
10% on clean, planned speed, they perform much worseon the spontaneousspeet
part of the samecorpus. WER typically doubles.

Another major bendimark test, the Hub5 (Switchboard) evaluation, speci cally
targets corversationalspeed over telephonelines. WERs on this data are quite high,
around 40% in the beginning years. While peopleinitially suspectedthe telephone
bandwidth and the relatively high signal-to-noiseratio, an experimert by Weintraub
et al. clearly shaved that speaking style is the key issue[Weintraub et al., 1996]. In
the corpuslater known asthe SRI Multi-Register corpus, both read and spontaneous
speed are collectedunder similar conditions. The spontaneouspart was collectedin
the sameway asin Switchboard. Speakerswere asked to comebad later to readthe
transcript of their corversation. This createsa perfect parallel corpusfor comparing
speakingstyles. Recognitionexperimerts shawv that with everything else(microphone,
spealer, sertence) being equal, the WER on spontaneousspeet more than doubles
that on read speed in the SRI Multi-Register corpus.

While the Switchboard task has beenthe main focus for the LVCSR comnunity
over the past 8 years, automatic meeting transcription has gradually gainedimpor-
tance. It is a much harder task. Our initial experimerts on internal group meeting
data have a WER of over 40%[Yu et al., 1998]. We carried out a cortrolled exper-
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iment similar to the SRI Multi-Register experimert, where we asked three meeting
participants to comebadk to read transcripts of an earlier meeting. Recognition re-
sults shov a similar trend: ewerything elsebeing equal, real meeting data is much
harder than the read version. WER increasesrom 36.7%for read speet to 54.8%
for the actual meeting data.

All evidencesuggeststhat sloppy speedt is prevalert in the real world, be it
broadcast news, telephone conversations, or meetings, and the corverntional HMM
framework is inadequateto handle it.

In this chapter, we try to de ne a framework for studying sloppy speet and
presern somelinguistic analysis. Sincethe ultimate goalis better recognition perfor-
mance, it is helpful to keepthe following questionsin mind: why and when people
speaksloppily, and why sloppy speet doesnot seemto bother us ashuman listeners.
A better understanding of these issueswill guide us towards a better modeling of

sloppy speed.

1.1 Dening Sloppy Speech

One of the main sourcesof variability in speet is speakingstyle. There area plethora
of descriptive terms for speaking styles: careful / clear / formal / casual/ informal
/ conversational/ spntaneous/ scripted / unscripted / reading, etc. Sloppy speed
is loosely ass@iated with conversational speed or spontaneousspeet. But to give
a more accurate de nition, we will needa framework to put all speaking styles in
perspective.

De ning speaking styles is not an easytask. Here we follow mostly the work of
[Eskenazi,1993],wherestyles are de ned from the point of view of human commnuni-
cation:

Style re ects the action of the ervironment upon the individual and the
individual upon the ervironmert. It is his perception of the various \sta-
tus" levels of his listener and of the type of situation in which he nds
himself. It is alsoa projection of himself, his badkground, and is a setting
of the type and tone of corversation he wishesto have. All of this is a
mixture of consciousand unconscious(voluntary/in voluntary) e ort on
his part and is not always perceived in the sameway it wasintended.

In other words, style is a consciousor unconsciouschoice of the spealker, when
reacting to the current situation. For example,one would use a formal tone when
speakingin public, but usea casualstyle when chatting with friends.

Styles often changewithin the samecorversation, so doesthe degreeof attention
to the clarity of the discourse.A changein speakingstyle may be causedby a change
in either

the self-imagethat the spealer wishesto project;
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the type of information to be communicated;

the situation in which the corversationtakesplace(including badkground noise,
arrival or departure of other persons,the dialogue cortext);

the imagethe speaker hasof the listener (can't hearwell, personalbadground,
etc.).

For example, a speaker would speak di erently in a noisy ervironment than he/she
would in a quiet room.

VERY INTELLIGIBLE "UPPER STRATA"
reading to a child formal conference
important info to a friend speaking to a foreigne
FAMILIAB/ NON-FAMILIAR
sportscast
everyday conversation
"LOWER STRATA" LEAST INTELLIGIBLE

Figure 1.1: Speed Style Space

This de nition leadsto a characterization of styles along three dimensions,as
shown in Figure 1.1.

Intelligibility measureshe degreeof clarity the spealer intends his messagdo
have. It variesfrom minimum e ort to beclear,to much e ort whenthe channel
is noisy, or the listener hasa problem understanding.

Familiarity betweenthe spealker and the listener plays a major role in determin-
ing styles. Extremes may go from identical twins to talking to someonefrom
another culture and another language.

Scial Strata takesinto accoun the cortext in which the corversationis taking
place, aswell asthe badgroundsof the participants. This goesfrom a totally
colloguial or \lower class"tone to a \highly cultivated" or \upp er class"tone.

Figure 1.1 attempts to organizespeaking styles in this three-dimensionalspace.
For example,whenreadingto a child, onetries to be a good cultural vehicleand easily
understood beforea very familiar listener. Another exampleis everyday corversation,
which happens between acquairtances, in a casual (less intelligible) and informal
manner. Sloppy spee typically refersto this kind of speed style. As discussed
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before,stylesoften changewithin the sameconversation. For example,whenit comes
to important information, the speaking style can becomemore intelligible. This
impliesthat in a corpussuc as Switchboard, the degreeof sloppinesscanvary widely.
Somepart of the data can be, or comevery closeto clear speed.

It shouldbe noted that the de nition of speed style is not the only oneavailable.
There areother de nitions. Herewe are mostly interestedin nding agood framework
to discussthe sloppy speet problem.

1.2 Characteristics of Sloppy Speech

Sloppy speed di ers from clear speed in many aspects, suc asarticulation, phonol-
ogy, and prosady.

1.2.1 Articulation Factors

Seeral studies have comparedthe degreeof attention to the articulation between
sloppy speed and clear/read speet. A good review canbe found in [Eskenazi,1993].
Attention to articulation is de ned to be the degreeof attainment of articulatory

targets, sudch as a given formant frequencyor stop releases.In general,articulatory

targets are reached much more often in clear/read speed than in sloppy speed, for

both consonars and vowels. Especially for vowels, there is much evidencesuggesting
increasedarticulatory e orts in clear speed, or equivalertly, decreasedarticulatory

e orts in sloppy speed:

Formant valuestend to adieve the extremesof the \v owel triangle" in clear
speet, comparedto more \central" valuesin sloppy speet. Variability of
formant valuesis alsofound to be smallerin clearspeed, indicated by a smaller
cluster in a plot of F1/F2 values.

Transition rates measurethe movemert of the formants at the onsetand the
o set of avowel. They re ect the coarticulation of the vowel with its neighbors
and indicate whether articulatory targets are achieved for the vowel or not.
Someauthors relate this to the casualnes®f speed. Somestudies nd greater
transition ratesin clear speed, and more CV (consonart-vowel) coarticulation
in spontaneousspeed.

1.2.2 Phonology

Sloppy speet exhibits increasedphonologicalvariability. In the Switchboard Tran-
scription Project [Greerberg, 1996], linguists manually transcribed a portion of the
Switchboard corpus at the phonetic level [Greerberg et al., 1996]. It is clear that
many words are not pronouncedin the canonicalway. Phonemescould be either
deleted, or have their phonetic properties drastically changed,to sud a degreethat
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only the barest hint of a phonemesegmen can be found. Table 1.1 shavs the num-
ber of variants for someof the most commonwords encourered in the Switchboard
Transcription Project. Accordingto Table 1.1, the word and has87 di erent pronun-
ciations. Someof the most frequert variants are listed in Table 1.2.

word # occurrences # PVs mostcommon
pronunciation

I 649 53 ay
and 521 87 aen
the 465 76 dh ax
you 406 68 vy ix
that 328 117 dh ae
a 319 28 ax
to 288 66 tclt uw
know 249 34 now
of 242 44 axv
it 240 49 ih
yeah 203 48 vy ae

Table 1.1: Pronunciation variability for the most commonwords in the phonetically
segmeted portion of the Switchboard Transcription Project (from [Greerberg, 1998])).
\#PVs" is the number of pronunciation variants (distinct phonetic expressions)or
eadt word.

Greerberg also questionedthe appropriatenessof the phonetic represemation in
this project. Portions of the data are found to be quite hard to transcribe phonet-
ically. It was reported that 20% of the time ewven experiencedtranscribers cannot
agreeupon the exact surfaceform being spoken. The transcribing processwas unex-
pectedly time consuming(taking on averagenearly 400 times real time to complete
[Greerberg, 1996]). For this reason,it was decidedto transcribe only at the sylla-
ble level later on. Greerberg arguesthat syllablesare a more stable, and therefore,
a better unit for represeming conversational speet. Syllablesare much lesslikely
to be deleted. Within the three constituerts of a syllable, onsetsare generally well
presened, nucleusexhibits more deviation from the canonical,while codas are often
deletedor assimilatedinto the onsetof the following syllable [Greerberg, 1998].

1.2.3 Prosody

When comparing clear speet and casual speed, it was found that non-uniform
changesin duration make speeti more comprehensiblebe it for sloving down, or
for speedingup speed. Somestudiesfound clear speet to have longer durations in
general. When spealers lengthentheir speet to be more clear, they lengthen many
parts of the speed, especially the stable parts. Howewer, the key hereis non-uniform
changes:faster speet is not necessarilylessintelligible than normal or slow speed.
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# occurrences phonetic transcription

82 aen

63 ehn

45 iX n

35 axn

34 en

30 n

20 aendcld
17 ih n

17 gaen

11 aend

Table1.2: Pronunciation variants of the word \and" in the Switchboard Transcription
Project

It wasalsofound that fundamertal frequency(F0) rangeis greaterin clear speet
than in casualspeet. Somefound it to be even greaterin read speet than in clear
speed. There is also evidencethat the FO maxima/median is higher in clear speet
than in casualspeed. In cortrast, amplitude doesnot seemto be a main factor in
comparing clear speed againstsloppy speedt. It is found that only a subpopulation
of spealers speak louder whentrying to be clearer.

As spealkersdo not have enoughtime to plan their speed, sloppy speed cortains
much more ungrammatical pausesand dis uenciesthan clearspeed. Dis uenciesare
especially worth more discussion,which we descrike next.

1.2.4 Dis uencies

Shriberg showved that the majority of dis uenciesin spontaneousspeet can be an-
alyzed as having a three-region surface structure: reparandum, editing phaseand
repair [Shriberg, 1999]. Typical dis uenciesand their analysesare listed in Table 1.3.
The initial attempt is known asthe reparandum, a regionthat will later be replaced.
The end of this region is called the interruption point, marked with a \.", where
the speaker has detectedsomeproblem. The editing phasemay be empty, cortain a
silent pause,or contain editing phrasesor lled pauses\l mean",\uh”, \um"). The
repair region, which can be either a repetition or a correctedversionof the reparan-
dum, restoresthe uency. Theseregionsare cortiguous, and removal of the rst two
(reparandum and editing phase)yields a lexically \ uen t* version. Most phonetic
consequencesf dis uency are locatedin the reparandumand the editing phase.But
certain e ects canalsobe seenin the repair (such asprosadic marking), which means
we cannot simply remove the rst two phasesand expect a perfectly uent repair.
Dis uencies a ect a variety of phonetic aspects, including segmen durations, in-
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Type (Prior Reparandum Editing Repair (Continuation)

cornext) Phase
Filled pause .oum we're ne

it's . uh after ve
Repetition have the . the tools
Repair to res-. relax  at home
Falsestart  all this . this paper

it's . did you?

Table 1.3: Typical dis uencies and their analyses

tonation, voice quality, vowel quality and coarticulation patterns.

Proper modeling of dis uenciesis important for speet recognition. For example,
lled pausesoccur so frequertly that most speet recognition systemsde ne spe-
cial words for them. From a word-error-rate point of view, someof the dis uencies
are more troublesomethan others. Broken words (or partial words) usually disrupt
recognition as there are no proper HMMs to accourt for them. Not only will they
be recognizedincorrectly, neighboring words may su er as well. As for repetition,
repairs, and false starts, aslong as they are well-formed word sequencesthey don't
posea seere problem for acoustic modeling. They have potential languagemodel-
ing consequencethough, sincelanguagemodels are usually trained on written text,
wheredis uencies are rare [Scwltz and Rogina, 1995].

The ability to detect dis uenciesis equally important. Even when ASR can pro-
duce accuratetranscriptions of corversational speed, the presenceof dis uencies is
still annoying sinceit disrupts the ow of the text. It might be helpful to automat-
ically detect and mark dis uencies so that the text can be renderedin a desirable
way.

1.3 The WH-questions of Sloppy Speech: When,
Why and How?

Is sloppinessin speet causedby ignoranceor apathy?
| don't know and | don't care.
Williams Sare

If we know when sloppy speet occursand how it di ers from clear/read speed,
we can potertially build a better model and deploy it at the right time. The previous
sectionsprovide the necessarnpadkground to answer thesequestions: when, why and
how peoplespeak sloppily.

Section 1.1 provides the answer to the rst question. Sloppy speed is likely to
occur when the conversation parties are familiar with ead other, when the sccial
setting is informal, and the spealker doesnot intend to achieve high intelligibilit y. For
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example,we can expect important information to be more intelligible than chitchat,
content words moreintelligible than function words, and soon. This hasbeenveri ed
from data analysis. Fosler-Lussieret al. showed that a word is more likely to be
reducedwhenit is predictable,and/or it isin fast speed [Fosler-Lussierand Morgan,
1998]. Jurafsky et al. shaved that wordswith high languagemodel probabilities tend
to be shorter, more likely to have a reducedvowel, and more likely to have a deleted
nal t or d [Jurafsky et al., 2001]. This suggeststhat we could potentially use LM
perplexities or dialog statesto predict when and how reductions are likely to occur.
In general, howewer, predicting reductionsis di cult, sincethere are many factors
and someof them, sud asthe internal state of the spealer, are not easyto model.

Sectionl.2looksat the questionhow sloppy speet di ers from clear/read speed.
A related questionis whether reductionsfollow certain rules, and if so, what kinds of
rules. At the articulator level, | suspect that reductionscan be explained,to a large
extert, from a medianical point of view. If we have a working articulatory model,
many reductions can probably be modeled by \target undershating”. At a higher
level, it is likely that which reduction form to useis largely determinedby a speaker's
pronunciation habit.

It is alsousefulto considerthe entire comnmunication process.from both the pro-
duction side and the perceptionside. Humans are obviously much more comfortable
with sloppy speed than current ASR systemsare. The reasonis that sincewe in-
verted sloppy speed, it must suit our purposeswell, otherwisewe would not be using
it. Greerberg arguesthat there exists an auditory basisfor pronunciation variation
[Greerberg, 1998]:

The auditory systemis particularly sensitive and responsiwe to the be-
ginning of sounds,be they speed, music or noise. Our senseof hearing
ewlved under considerableselectionpressureto detect and decale con-
stituents of the acousticsignal possessingotertial biological signi cance.
Onsets, by their very nature, are typically more informative than medial
or terminal elemerts, serving both to alert, as well as to segmeh the
incoming acoustic stream. Over the courseof a lifetime, cortrol of
pronunciation is beweled so as to take advantage of the ear's (and the
brain's) predilection for onsets

\Cue trading" can also be explained from the communication perspective. In
sloppy speed, the speaker only needsto supply enoughdiscriminative information
in order to be understood. For example,when it is obvious from the cortext what
words are going to follow, the speaker can assumethat a relaxed pronunciation will
be ne. Humanschooseto be sloppy almost always at non-essetial places,wherethe
impact on comnunication is minimal: function words are more likely to be reduced
than cortent words; our tone/volumetaperso after we expressedhe main ideaand
just want to nish a sertence.

It could be misleading, though, to think of a spealer as an e cient encaler.
While we may exploit redundanciesin various ways, we don't consciouslyadjust our
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pronunciation patterns onthe y . Our pronunciation habits are establishedgradually
over the yearsand are quite stable.

1.4 Thesis Structure

The thesis has two main parts: an approadespart where novel approadesare de-
signedto e ectiv ely handlesloppy speed, and a systemspart wherewe focuson build-

ing better systemsfor three large vocabulary tasks. We start with a brief overview
of the current ASR framework and a detailed analysis of pronunciation modeling.
This provides motivations for the proposednew approadies: exible parametertying,

Gaussiantransition modeling and thumbnail features,descrited in Chapter 3,4, and
5, respectively. The secondpart describesour e orts in systemdewelopmer for three
tasks: BroadcastNews(Chapter 6), Switchboard (Chapter 7) and meeting transcrip-

tion (Chapter 8). All of them cortain sloppy speedt, but the amourt and the degree
of sloppinessvary. Chapter 9 concludesthe thesis.
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The Sloppy Speech Problem




Chapter 2
Background and Related Work

In this chapter, we briey review the current ASR (Automatic Speed Recognition)
framework and related work in pronunciation modeling. The goal is to motivate
approadheswe undertake in this thesis,namely, to addressweaknessesf the current
HMM framework and to implicitly model pronunciation changes.

For a detailed review of LVCSR (Large Vocabulary Continuous Speet Recog-
nition), readersare referredto [Young, 1995]and more recerly [Young, 2001]; for
a detailed review of pronunciation modeling, see[Strik and Cucdiarini, 1999]and
[Saraclaret al., 2000].

2.1 Overview of Automatic Speech Recognition

Automatic speed recognition has made signi cant progressover the last decade. A
modern LVCSR system is very complex, yet the basic framework remains largely
unchanged. From a modeler's point of view, it can be roughly divided into se\eral
major componerts: front-end, acoustic model, lexical model and language model
(Figure 2.1). Typically, the front-end parameterizeghe input speet waveforminto a
sequencef obsenation vectors (frames); the acousticmodel computeslikelihood for
eadt frame; lexicon speci es how a word is pronounced;the languagemodel estimates
a probability for ead word sequence.
Armed with the aforemerioned knowledgesourcesthe seart problemisto nd

the best hypothesisthrough a huge spaceof all possibleseriences:

H = argmaxP(HjO) = argmaxP (OjH)P(H)
H H

where O (obsenation) is an utterance, H (hypothesis)a word sequenceP (OjH) is
the acousticlikelihood of an hypothesis,P (H) is the languagemodel probability, and
H is the best hypothesisfound. Traditionally, sophisticated data structures and
algorithms are necessaryto make the seard problem tractable, due to the use of
cross-vord acoustic models and trigram (or higher order) languagemodels. [Mohri
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acoustic model

speech tront-end recognition
—_— //seafCh\ hypothesis
lexicon language model

Figure 2.1: Large Vocabulary Speed Recognition

et al., 2002]showved that many of these componerts can be corveniertly viewed as
weighted nite-state transducers. Together,they de ne a huge transducerthat con-
verts a sequenceof input framesinto a sequenceof words. Rather than dynamically
expanding the seart space,Mohri showed that it is possibleto pre-compute the
seart network by exploiting redundanciesin the transducerin a principled way.

2.1.1 Mo deling Sequences with HMMs

The acousticmodeling problemis concernedwith computing the probability P (OjH ).
To make the problem tractable, two important stepsare taken:

O is parameterizedas a sequenceof frames(o,; ;0r);

H is split into a linear sequenceof models(my; ;my), wherem; modelsone
third (begin, middle, or end) of a phone. This multi-stage processis illustrated
in Figure 2.2. A word sequenceas rst corverted into a phonesequencehrough
dictionary lookup; triphones are simply phonesin cornexts; ead triphone is
then divided into three substates:begin/middle/end; nally , ead sub-triphone
is mapped to a mixture model through phonetic decisiontrees.

The bene t of thesetwo stepsis that we cannow reducethe original problemP (OjH),
which involves two sequencesto a seriesof local computations, namely, P(qjs;),
where, is the tth frame and s; is the state/model at time t. The componert model
P(ajst) is typically the well understood Gaussianmixture model.

To castP(0y; ;orjmy; ;my) in terms of P(qjs;), HMMs are the most fa-
vored framework. The application of HMMs to ASR is well explainedin [Rabiner,
1989]. If we further take the Viterbi approximation and ignoreHMM transition prob-
6bi|ities | both are commonpractices| P(o;; ;orjmy; ;my) becomessimply

thl P(ajst), where(s;; ;srt) is the most likely state alignmert. Weaknesse®f
the current modeling practice becomesclearin this particular form?.

INote these weaknesse®xist even without the Viterbi assumption, which is used here mainly to
simplify the argumert.
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words (silence) days later (silence) ‘
- I? -
phones sii deyz | ey dx axr sil ‘
- |’> -
triphones ’ sil il dey deyz eyZl zl ey | €Ydx edeaxr dx axrsi Sil ’
b
Sub-triphones’ eyZi-€ zl ey-b zl ey-m zl ey-€ 1 €ydx-b 1 eydax-m | eydx-e ’
b
models mj, Mmj7 My M2y Ms3 my M33

Figure 2.2: Mapping from words to models

Ead frameis assumedo be conditionally independert of any other frame given
the current state. This is widely known asthe frame independenceassumption.
Clearly there are correlations between successige speet framessincethey are
producedby a cortinuous process.

The linear model sequencas criticized as a \b eads-on-a-string"approad [Os-
tendorf et al., 1996b]. It ignoresany higher level model structure and performs
mostly template matching.

2.1.2 Mo deling Variations

From a generative model point of view, acoustic modeling is all about modeling
variations. Variations could comefrom di erent spealers, di erent speaking styles,
di erent acousticenvironments, speakingrates, and so on. Various medanismsare
deployed to deal with them: Vocal Tract Length Normalization (VTLN), Cepstral
Mean Normalization (CMN), Spealker Adaptive Training (SAT), pronunciation net-
works, and mixture models?2. The rst three belongto the categoryof normalization
approades,ead trying to factor out a particular causeof variation:

By estimating spealker-speci ¢ warping factors, VTLN allows building gender-
normalized models [Kamm et al., 1995, Lee and Rose, 1996, Eide and Gish,
1996, Zhan and Westphal, 1997];

By estimating channel-sgeci ¢ o sets and variations, CMN makes models less
sensitive to channel conditions [Acero, 1990, Westphal, 1997].

By estimating spealer-speci ¢ transforms, SAT trains acoustic models in a
spealer-normalizedspace[Anastasalos et al., 1996,Bacdiani, 2001].

2Decision-tree-basedstate tying is alsoone sud mecanism. It helpsto robustly model variations
causedby di erent phonetic contexts.
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Variations in pronunciations can be accommalated by adding alternative model
sequencessud as pronunciation variants or pronunciation networks, which we will
discussin the next section.

Variations not captured by the aforemenioned medanismsare left to mixture
models. The probability density function of a single Gaussianis unimodal. By
increasingthe number of componerts, a mixture model becomesincreasingly mul-
timodal. In theory, it can appraximate any arbitrary distribution.

From this discussion,one can already seethat there are seeral ways to model
pronunciation variations. We can either add an extra pronunciation variant, or in-
creasethe number of Gaussiansin a mixture model, or even use speaker adaptation
techniques. It might be di cult to determinewhat is the bestoption for a particular
situation, but it should be clear that the boundary betweenpronunciation modeling
and acousticmodeling is not clearly drawn.

2.2 Pronunciation Mo deling at the Phone Level

Pronunciation modeling for sloppy speed hasreceiwed lots of attention sincethe start
of the Switchboard evaluation. The majority of pronunciation modeling work hasfo-
cusedon the phonelevel, by adding pronunciation variants to the lexicon[Lamel and
Adda, 1996, Finke and Waibel, 1997, Holter and Svendsen,1997,Nock and Young,
1998,Ravishankar and Eskenazi,1993,Sloboda and Waibel, 1996,Byrne et al., 1998].
This is the most natural choice, since phonesare the de facto unit in lexical repre-
seration. Variants may be addedby either erumerating alternative pronunciations
or using pronunciation networks, as showvn in Figure 2.3.

IH/0.052 INULL/0.082
INULL/0.064 AX/0.062 D/0.746 INULL/0.175 UW/0.936 INULL/0.061
0 1 2 (3) O, U
HH/0.935 EH/0.331 w R/0.938
AE/0.466
Figure 2.3: Pronunciation network for the word sequenceHADYOUR!NULL indi-

cates a deletion) (Reproduced from the WS97 pronunciation modeling group nal
presenation by M. Riley, et al.)

Cheating experimerts have showvn that WERs can be greatly reduced,when the
\right" pronunciation variants are added to the dictionary [Saraclar et al., 2000,
McAllaster et al., 1998].

Howewer, nding the \right" variants provesto be a dicult task. The rst prob-
lem is to obtain phonetic transcriptions for all the words. This can be done either
manually or automatically. Manually editing a lexicon has the drawbads of being
both tedious, time consumingand error-prone. Automatic proceduresinclude

rule-basedapproad [Nock and Young, 1998,Ravishankar and Eskenazi, 1993],
wherephonologicalrules are usedto generatealternative pronunciations. Rules
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are typically obtained from linguistic studiesand are therefore hand-crafted;

phone recognizers[Nock and Young, 1998, Ravishankar and Eskenazi, 1993,
Sloboda and Waibel, 1996];

decisiontrees [Fosler-Lussierand Morgan, 1998, Riley et al., 1999],which map
baseform pronunciations to surface forms estimated from either phonetically
labeled data or automatic phonetranscriptions;

and many others.

While adding pronunciation variants increaseshe chancethat a word can be better
matched to the speed signal, it alsoincreasesacoustic confusability within the lex-
icon. One needsto be careful about how much to add, in order to balancebetween
solving old errors and introducing new ones. Di erent criteria have been proposed
to selectvariants, sud as the frequency of occurances[Ravishankar and Eskenazi,
1993, Riley et al., 1999], maximum likelihoods [Holter and Svendsen,1997], con -
dencemeasuregSloboda and Waibel, 1996], or the degreeof confusability between
the variants [Sloboda and Waibel, 1996]. Sewral works nd it helpful to use pro-
nunciation probabilities with eat pronunciation variant [Peskin et al., 1999, Finke
et al., 1997]. Multi-w ords can also be addedto the lexicon, in an attempt to model
cross-vord variation at the lexicon level [Nock and Young, 1998, Finke et al., 1997].
For example,to can be pronouncedas AX when precededby going, asin:

GOINGO GAANAX

Despite extensiwe e orts, improvemerts from this line of work are quite small.

2.3 Revisiting Pron unciation Mo deling

Phone-lewel pronunciation modeling focuseson expanding dictionaries so that they

contain morephonesequencegsurfaceforms) that better match with acoustics.There
are two major issuesin this approad. First, dictionaries, aswell as phone sets, are
essehally a phonemicrepresemation, not a phonetic represetation. Second,phone
sequencesre only an intermediate represemation, which will further be mapped to

model sequencedby decisiontrees. It is model sequence$ not phonesequences$ that

we ultimately usefor training and decaling. We will elaborate on thesetwo issues
next.

2.3.1 Issues with Dictionaries and Phone Sets

A dictionary is the knowledgesourcethat descriteshow eat word is pronounced,in
terms of a set of phones. The acousticidentity of a word is completely determined
by a dictionary. If two words have exactly the samepronunciation in the dictionary
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(homophones),they would be acoustically indistinguishable. A good dictionary is
therefore essetial for good system performance. A phone setis equally important,
sinceit speci es the granularity of the dictionary.

Over the years,various researt groups have deweloped di erent dictionaries and
phone sets, sudh as the Sphinx dictionary, Pronlex (or Comlex), the LIMSI dictio-
nary, aswell asour own dictionary. While they may have beenderived from a limited
number of sources,their di erences are signi cant and re ect beliefs of di erent re-
searters on what constitutes a good design. Seldomcan one nd two dictionaries
that use exactly the samephone set. The phone setsare all di erent for the four
dictionaries mertioned above, let alone the actual pronunciation ertries. To illus-
trate the issuesn dictionary design,we quote herefrom the PRONLEX [PRONLEX]
documertation:

Our ideais that the bestcurrent basisfor speed recognitionis to start
with a simpleand internally-consistert surfacephonemic(allophonic) rep-
resenation of citation formsin standard American dialect(s). Predictable
variation due to dialect, reduction, or transcription uncertainty will be
added in a secondstage. In ead sudh case,we have tried to de ne a
standard transcription that will be suitable to support generationof the
set of variant forms.

An illustrativ e example: someAmerican dialects distinguish the vowelsin

sawedand sod, while others do not; the ending -ing can be pronounced
with a vowel more like heed or onemorelike hid , and with a nal conso-
nant like that of sing or like that of sin. This doesnot take accoun of
considerablevariation of actual quality in thesesounds:thus some(New
Yorkers) pronouncethe vowel of sawedas a sequenceof a vowel like that

in Suefollowed by onelike that in Bud while in lessstigmatized dialects
it is a singlevowel (that may or may not be like that in sod).

Combining all these variants for the transcription of the word dogging
we would get 12 pronunciations| three versionsof the rst vowel, two
versions of the secondvowel, and two versionsof the nal consonan
Then someoneslsecomesalong to tell usthat someMidwesternspealers
not only mergethe vowelsin sawedand sod but also move both of them
towards the front of mouth, with a sound similar (in extreme cases)to
the more standard pronunciation of sad. Now we have4 2 2= 16
pronunciations for the simple word dogging | with a comparable 16
available for logging and hogging and so forth, and plenty of variants
yet to catalogue.

Our approad is to give just one pronunciation in sud a case. Some
speed recognition researbers will want to useour lexicon to generatea
network of predictable alternative transcriptions, taking accoun of dialect
variation and reduction phenomena. Others may prefer to let statistical
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modeling of acousticcorrelateshandle someor all of sud variation.

Wewant to presen a consister transcription for ead lexical set| sothat
in our example,dogging is not transcribed in one of the 16 ways while a
seconddi erent choiceis madefor logging , and a third onefor hogging.
We also want to choosea transcription that will support generation of
all variants, so that distinctions made in somedialects should be made
in our transcription if possible. Finally, we do want the transcription to
indicate those variants that are lexically specic. Thus many casesof
the pre x re- have both reducedand full variants (e.g. reduction ), but
marny othersdo not (e.g. recapitalization ). The di erence apparenly
dependson how separablethe pre x is from the rest of the word, but our
lexicon simply hasto list explicitly the caseshat permit reduction.

This designissueis more acute for sloppy speet. Peopletend to introduce
more phonesand more variants to accour for the fact that there are more varia-
tions/reductions in sloppy speed. For example,the last vowel of the word AFFECTIONE
can be pronouncedin a slightly reducedway. Somedictionaries model this by using
two variants: AX(asin DATAand IX (asin CREDI).

In a sensethe certral issuewe are grappling with is a choice betweenphonemic
represemations and phonetic represemtations. Phonemesare well de ned. The mini-
mal pair test is usedto decidewhether a new phonemeis necessaryr not. Minimal
pairs are pairs of words whosepronunciation di er at only onesegmeh sudt assheep
andship, | ice andrice . Linguists introducea newphonemeonly whensud a min-
imal pair involving that phonemecan be found. Sincethe de nition of phonemes
does not rely on sound similarity or dissimilarity, it is easyto maintain simplicity
and consistencyin a dictionary. In cortrast, if we are to adopt a phonetic represen-
tation | if we try to faithfully capture the phonetic details | we would lose the
simplicity and almost inevitably the consistency First, the dictionary to start with
Is most likely a phonemicone. Second transcribing soundwith a nite setof phones
is like quartization. There will be uncertainties with boundary cases,which open
the door for mistakes and inconsistencies.As the PRONLEX documertation above
illustrated, it is better to keepthe dictionary simple and leave predictable variations,
transcription uncertainties to automatic procedures.

2.3.2 Implicit Pron unciation Mo deling

As indicated in Section 2.1.2, there are seeral medanismswe could useto model
pronunciation variations. Besidespronunciation variants or networks, we can always
use the poor-man's model | adding more Gaussiansto the mixture model. Pho-
netic decisiontrees are an important, yet commonly ignored, part of pronunciation
modeling as well.

As shown in Figure 2.4, a given word sequencds rst converted | by looking
up a dictionary | into a phone sequencewhich is subsequetly translated into a
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word sequence

pronunciation
dictionary
Pronunciatior

phone sequence Model
phonetic
= decision tree

state/model sequence

Figure 2.4: Pronunciation model as a mapping from synbolic level to model level

state/model sequenceusing a phonetic decisiontree. The state sequenceis ulti-
mately usedto align with acousticobsenations, while the phone sequenceas merely
an intermediate represemation. If we take a broaderview of pronunciation modeling
asthe mapping from a symbolic (word) level to a model/state level, we can seethat
decisiontrees, or state tying schemesin general,are an integral part of this process.

As a historical commern, decisiontree basedstate tying was originally introduced
to model coarticulation e ects. For example, the apping of T in BETERcan be
modeled by introducing an alternative lexical enry BETTER(2)

BETTER B EHT AXR
BETTER(2) B EHDXAXR

where DXis the \ap" phone. But not every T can be apped. One hasto go
through the ertire dictionary to mark all sudh cases.This is tedious and error-prone.
Since most apping can be predicted from cornexts, an alternative solution is to
keep the dictionary unchanged, and instead let the decisiontree to automatically
determine the right model for eah T. This exampleillustrates the idea of implicit
pronunciation modeling. Rather than explicitly represeming pronunciation changes
in the dictionary, we try to model them implicitly through decisiontrees.

Implicit pronunciation modeling can be adiieved through other meansas well.
In the example of AFFECTIONAT&mMeuse the following two variants to allow for
reductionsin the nal syllable:

AFFECTIONATE AXF EHK SHAXN AXT
AFFECTIONATE(AXF EHK SHAXN IX T

We suspect that there is a cortinuous spectrum betweenthe vowel IX and AX all

of them being a potential reduction form. Hence, just adding one variant to the

dictionary won't capture all possiblevariations. As a matter of fact, both PRONLEX

and the LIMSI dictionary useonly AX The phonelX is not usedat all. In this case
all the variations are captured by the Gaussianmixture model of AX This is again
an examplefor implicit pronunciation modeling.
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The idea of implicit pronunciation modeling was rst proposedby Hain [Hain,
2002],together with the term single pronunciation dictionary. State level pronunci-
ation modeling [Saraclaret al., 2000]also keepsa simple dictionary, while modeling
pronunciation variations at the state level. The rst two approatesin this thesisare
motivated by implicit pronunciation modeling. Flexible parametertying aims at im-
proving the traditional state tying scheme;Gaussiantransition modeling is conceied
to be a pronunciation network at the Gaussianlevel.

2.3.3 Drawbacks of Explicit Pron unciation Mo deling

To emphasize,here we list the drawbadks of explicit pronunciation modeling, i.e.
directly modifying a dictionary:

Manually editing a lexiconis both labor intensive and error prone;

Explicit pronunciation modeling focusesprimarily on the phonelevel. The role
of decisiontreesand the mapping to the model level are largely overlooked:;

Adding variants increasedexical confusability during recognition;

If not performedproperly, adding variants canalsoincreasemodel confusability.
As illustrated in Figure 2.5, when a variant replacesphone A by phone B, we
are distributing to model B the data that wasoriginally usedto train model A.
In caseswvherethe variant is spurious,model B will be cortaminated with data
belongingto A, making A and B more confusable.

A’straining data

o X° » modd A

L . variants
B’straining data .

~

oS ° > model B

[e]

Figure 2.5: Model Contamination

In summary, explicit pronunciation modeling by adding pronunciation variants is
not assimple asit seemgo be. It should be exercisedwith great care.
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2.4 Roadmap for the Prop osed Approac hes

We follow two main themesin this thesisto better model sloppy speed. First, we
share with previous works the intuition that pronunciation modeling is important.
Two of the proposedapproates are designedfor this purpose: exible parameter
tying (Chapter 3) and Gaussiantransition modeling (Chapter 4). Second,we try to
alleviate invalid assumptionsin HMMs, sud asthe frame independenceassumption.
While they may not be a seriouslimitation for read speed, they are now for sloppy
speed due to increasedcoarticulation and reductions. Both Gaussiantransition
models and thumbnail features(Chapter 5) belongto this category

2.5 Related Work

Many researbershave sough to move beyond the phonelevel. We break down these
e orts into the following categories:

Syllable-based Mo deling Greerberg [Greerberg, 1998]arguedthat it is better to

model pronunciations at the syllable level. Syllablesare much more stable than
phones,in the sensethat they are easily identi able and much lesslikely to
be deletedin sloppy speed. Howewer, how to model reductionsremainsto be
a key issue. Switching to the syllable level doesn't necessarilymake it easier.
Another issueis trainabilit y, asthe number of syllablesis far greater than the
number of phones. In the 1997 Johns Hopkins summerworkshop, researbers
tried a hybrid phone/syllable approad, where they model the most frequert
syllableson top of a convertional triphone system[Ganapathiragju et al., 1997].
This approad yielded small improvemerts.

Articulatory  Feature based Mo deling Dengproposeda feature-basedmodeling

schemeto better integrate modern phonologicaltheory, namely autosegmetal
phonology and articulatory phonologyinto ASR [Deng, 1997]. The basicidea
is to represemn eat phoneas a vector of articulatory features,sud as voicing,
lip rounding, tongue position, etc. When constructing a word model, feature
spreadingand overlapping are allowed to model asyndirony betweendi erent
articulators. Thereforeit o ers a more exible lexical represemation over the
convertional \b eads-on-a-string"model. Ultimately, a word is represerted as
a xed nite-state graph, whereead state is speci ed by the articulatory fea-
tures. Deng arguesthis is also a more parsimoniousstate space,comparedto
convertional triphone modeling. We feel this sdheme relies critically on the
soundnessof the underlying linguistic theory. New dewelopmerts in linguistic
researt on sloppy speed represemation, aswell asbetter integration with the
data-driven framework, may be crucial to its success.

Another model for asyndirony in speed production is loosely coupled HMMs
[Nock and Young, 2000]. Instead of modeling with a single HMM chain, mul-
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tiple HMM chains are used,ead represemting an articulator. Obsenations are
conditioned on all HMM chains, which are loosely coupled to accommalate
asyndironous transitions. Training can be made tractable under certain ap-
proximations, but theseapproximations have seriouslimitations and should be
revisited.

State-Lev el Pron unciation Mo deling Based on researt from the 1997 Johns
Hopkins pronunciation modeling workshop, Saraclar proposedstate-lewel pro-
nunciation modeling [Saraclaret al., 2000]. Rather than introducing pronuncia-
tion variants at the phonelevel, he choseinsteadto model variations with more
mixture componerts at the state level. As an example,to allow the word HAD
(baseform/HH AE D/ to bealternatively realizedasthe surfaceform /HH EH D/,
he allows the model of AEto share Gaussiansfrom EH as shown in Figure 2.6.
This approat was motivated in part by soft-tying [Luo and Jelinek, 1999]. A
small improvemert is obsened when comparedto the traditional approad of
adding pronunciation variants.

(a) Phone-level pronunciation model (pronunciation variants)

099 099

AE+EH

(b) State-level pronunciation model

Figure 2.6: State-le\el pronunciation model for phone AEto be realizedas phoneEH
conext independert models.

Implicit Pron unciation Mo deling Recenly, Hain proposedimplicit pronuncia-
tion modeling [Hain, 2002], which sharesmuch of the same motivation with
us. As shown in Figure 2.2, the mapping from a phonesequencdo a model se-
guenceis traditionally provided by the phonetic decisiontree, and is completely
deterministic. Hain introducedhidden model sequencdHMMs, asshown in Fig-
ure 2.7, as a replacemen for the decisiontree, sothat a probabilistic mapping
betweenthe two sequencesan be acieved.
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ax ah Y

@

Figure 2.7: Hidden model sequencenodel for the word above. Each node is a phone
level HMM. Probabilities are asseiated with transitions.

The new model (mapping) can be estimated using the EM (expectation max-
imization) algorithm. To have a consistert pronunciation dictionary to begin
with, he alsointroducesthe conceptof single pronunciation dictionary, where
only a single pronunciation is allowed for ead word. The single pronuncia-
tion dictionary can be extracted from a multi-pronunciation dictionary using
mostly a frequency-basedcriterion. Hain showed that the single pronuncia-
tion dictionary adievessimilar or better performanceover the original multi-
pronunciation dictionary on both the Wall Street Journal task and the Switch-
board task. Hidden sequencemodeling givesan additional small improvemen
on top of single pronunciation dictionary.

Mo de-Dep endent Pron unciation Mo deling This line of work attempts to ac-

tively predict pronunciation changesto curtail increasedconfusability [Osten-
dorf et al., 1996a]. The idea s that if pronunciation changesare systematic,
one could potertially be able to predict the set of possiblepronunciation vari-
ants in a certain cortext. Mode is a hidden variable that re ects the speaking
style, sudh assloppy, clear, or exaggerated.Mode canbe conditioned on various
acoustic features such as speaking rates and SNR (Signal to Noise Ratio), or
linguistic featuressud asthe syntactic structure. Along the sameline, Finke
proposedto weigh eat variant by a factor depending on the \speakingmode”
[Finke et al., 1999]. Speaking mode can be either speaker idertit y, speed rate,
emotion, or anything that helpsto predict the exactform of pronunciation. This
is a powerful idea, but many details still needto be worked out, for example,
how to robustly idertify the speaking mode.

Joint Lexicon and Acoustic Unit Inventory Design While not speci cally tar-

getedat sloppy speed, joint lexicon and acousticunit inventory designseeksa
fully data-drivenrepresemation of the lexicon. A main motivation for this work
is to improve the quality of a lexicon. The current lexicon designis purely ad
hoc and error prone. Perhapsmore importantly, it is likely to be inconsisten
with the data-driven nature of acoustic modeling. Bacchiani et al. [Bacdiani
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and Ostendorf, 1999], Holter et al. [Holter and Svendsen,1997],and Singh et
al. [Singh et al., 2002] have shonn positive results on the ResourceManage-
ment task. This is an ambitious line of work. As they pointed out, there are
marny important issuesto be explored, sud asthe assumptionof a singlelinear
pronunciation per word and how to generalizeto unseenwords.
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Chapter 3

Flexible Parameter Tying

As an integral part of pronunciation modeling, parameter tying schemes,suc as
phonetic decisiontrees, determine the mapping from phonesto models/states. In
this chapter, we rst review decisiontree basedstate tying, then introduce two new
parameter tying methods for implicit pronunciation modeling: Gaussiantying and
enhancedtree clustering.

3.1 Decision-T ree-Based State Tying

State tying arisesout of the needfor robust cortext dependent modeling. Realization
of a phoneis heavily in uenced by its neighboring phones,a phenomenonknown as
coarticulation. It is therefore necessaryto treat ead phonedi erently dependingon
its left and right contexts. A phone with a cortext window of 1 | the preceding
phoneand the following phone| is calleda triphone. Sincethere are a large number
of them, it is impossibleto model every triphone individually. Decisiontrees are
typically usedto cluster them to achieve parametersharing [Young et al., 1994]. As
illustrated in Figure 2.4, decisiontrees also play an important role in the mapping
from phonesto models. Here we give a brief overview of the Janus tying schemeand
alsointroduce seeral important Janus terms which will be usedlater on.

The context dependert modeling unit in Janus is called a polyphone Compared
to triphones, polyphonescan have wider contexts. They can be either triphones,
quinphones( 2 phones),septaphones( 3 phones),and soon.

In Janus, the parametersof a Gaussianmixture model are split into two com-
ponerts: a codelmok, which correspnds to a set of Gaussians;and a distribution,
which speci es the mixture weights. This division allows for more exibilit y in pa-
rametertying. Two polyphonescan shareboth the distribution and the codebook, in
other words, the samemaodel; or they can sharejust the codebook, but have di erent
mixture weighs; or they can usecompletely di erent codebooks.

Janus usesa two-stagedecision-tree-basedtate tying scheme[Finke and Rogina,
1997]. The sametree is usedfor tying both the codebooks and the distributions.
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(b) Distribution clustering

Figure 3.1: Two stageclustering of acousticmodels. After the rst stage,one code-
book is createdfor ead leaf node (shadednode). The secondstageonly adds more
distributions.

The \standard" Janus decisiontree growing schemeis shown in Figure 3.1. In the

rst stage,the decisiontree is grown to a certain size,say, 2000leaf nodes. A fully

cortinuous Gaussianmixture model (a codebook and a distribution) is assignedto

eadt leaf node. In the secondstage,we cortinue to grow the tree to the nal sizeof,

say, 6000leaf nodes. Only a distribution (mixture weighs) is de ned and trained for

ead leaf; the number of codebooks remainsunchanged. Overall, we have 6000tied

states, which are parameterizedas 6000distributions sharing 2000codebooks. Since
the secondstageintroducesonly more mixture weighs, there is only a small increase
in the overall number of parameters. This is similar in essencé&o soft-tying [Luo and
Jelinek, 1999].

Note that the secondstage can be skipped, in which casewe have exactly one
distribution for ead codebook, a con guration known as \fully-continuous" system
in someliterature. Sincethe secondstage increasesmodeling granularity without
heavily increasingthe number of parameters,two-stageclustering typically leadsto
better performance,comparedto a fully-continuous systemwith the samenumber of
parameters.

The criterion for tree splitting canbe either information gain or likelihood changes.
A polyphoneis typically modeled by a Gaussianmixture model, i.e. a distribution
over someunderlying codebook (for example, cortext independernt codebooks). We
have alsotried to usea single Gaussianmodel for eat polyphone, asis the casein
HTK [Younget al., 1995]. This hascertain advantagesin implemertation: we do not
needany codebooks to begin with, and parameter estimation for a single Gaussian
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is much easierthan updating a Gaussianmixture model. In terms of performance,
thesetwo implemertations turn out to be comparable.

3.2 Flexible Parameter Tying

3.2.1 Why Flexible Parameter Tying

In the traditional decisiontree basedtying scheme,onedecisiontree is grown for eath
sub-state(begin/middle/end) of eat phone. With 50 phonemesn the phoneset, 150
separatetrees are grown (Figure 3.2). Sinceparametertying is only possiblewithin
the sametree, the drawbadk is that no parametersharing is allowed acrossdi erent
phonesor sub-states. Howewer, this needsnot to be the case. For example, it is
reasonableo expect that neighboring states, sud asthe end state of one phoneand
the beginning state of the next phone, may have many similarities. A more exible
tying schemewould be more desirable.

CH-beg CH-mid CH-end AA-b eg AA-mid AA-end

/\/\/\ /\/B\ m m /{\/\ /\/\/\

Figure 3.2: The traditional clustering approad: onetree per phoneand sub-state

Flexible tying is especially neededor sloppy speet. Dueto reducedpronunciation
e orts, dierent phones(especially vowels) tend to exhibit more similarities. For
example, vowel formants tend to take more certral valuesin the \v owel triangle”,
as opposedto more extreme valuesin clear/read speet [Eskenazi, 1993]. There are
alsoevidencesn the Switchboard transcription project, whereincreasedconfusability
causedi culties in determining the phonetic idertities for certain segmets, which
leadsto slow transcription progressand low transcriber agreemen [Greerberg et al.,
1996].

Sharing parametersacrossphonesalsoalleviatescertain problemsin a dictionary,
namely, over-speci cation and inconsistencies Examplesof theseinclude the handling
of T and DX AXand IX, as mertioned in Section2.3.2. Somedictionaries chooseto
di erentiate them, while othersdo not. In dictionariesthat do, they are probably not
marked consistertly throughout the dictionary. By allowing parametersharingacross
phones,we no longer facethis tough decision:if certain phonesare indistinguishable
under certain cortexts, they will be allowed to sharethe samemodel; if they shav
signi cant di erencesunder certain other cortexts, they will beallowedto usedi erent
models.

Next we presert two approatiesto achieve exible parametertying.
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3.2.2 Gaussian Tying

Gaussiantying is a direct extensionof the state level pronunciation modeling (SLPM)
[Saraclar et al., 2000], introduced in Section2.5. If a baseformphone, say, AX is
alternately realized as the surfaceform IX in certain contexts, SLPM augmerts the
mixture model of AXwith all Gaussiandrom the mixture model of IX. Gaussiantying
generalizesSLPM in that it allows sharing of a selectedsubsetof Gaussiangrom the
IX model (rather than all of them), henceproviding a ner level of cortrol.

Gaussiantying is a generalparametertying framework, covering all di erent fami-
liesof tied mixture models. Let G, the Gaussianpool, bethe completesetof Gaussians
in a system. A model, m;, is then de ned by mixture weighs over a subsetof G.

X
p(jm;) = i G ()

i2Si

where S G is the set of Gaussiansused by m;. Any acoustic modeling scheme
canbe completely speci ed by the weights matrix ( j ), wherethe ith row represes

model m;, the j th columnthe j th Gaussianin G. HenceGaussiantying coversa wide

range of tying schemes,sud astied mixture [Kimball and Ostendorf, 1993],senones
[Hwang et al., 1996],genonegDigalakis et al., 1996]and soft tying [Luo and Jelinek,

1999].

Note that most tying schemesallow only tying within the samephone and the
samesub-state (begin/middle/end), correspnding to a very constrainedform of the
tying matrix. But aswe discussedearlier, this may be undesirable.

We applied Gaussiantying asaway to x this de ciency of an existing state-tying
framework. While Gaussiantying allows more exibilit y, it is not trivial to determine
the optimal form of tying. We exploredthe following approades:

similarity basel tying: Gaussianghat are closetogetherin the model spaceare
tied. Three similarity measuresare tried:

{ Euclideandistance betweenGaussianmeans(variancesare ignored)
{ KL2 (symmetric Kullback-Leibler) distance:

KL2(A;B) =

wl\!‘)ﬂ\)
+
)>N‘UJI\)

+( A B)Z(iz"' iz)
A B

{ Likelihood loss: this measureshow much we losein likelihood if we choose
to model the data as a single Gaussianrather than two.

With a chosendistance measure,greedyiterativ e bottom-up clustering is per-
formeduntil a desirednumber of Gaussiansare tied. One designissueconcerns
the sizeand quality of a cluster. Big clustersare likely to be problematic, as
it causesoo much smoothing and reducesdiscrimination betweenmodels. We
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tried two solutions: simply imposing a hard limit on the cluster size, or us-
ing complete linkage clustering rather than single linkage clustering in order
to create\tigh t* clusters. In general,the improvemen is quite small, despite
extensiwe experimertation.

error corrective tying: The idea is similar to [Nakamura, 1998]. We monitor

competition betweenmodelsonthe training data. In a perfectworld, the correct
model, as speci ed by transcripts, should achieve the bestlikelihood. If thereis

a strong competing model, we can augmernt the referencemodel with Gaussians
from the competing model.

For error corrective tying, we considertwo model sequenceside by side: the
\correct" model sequenceobtained by viterbi alignmert, and the most likely
model/Gaussian sequence.lf a particular Gaussiang of model m°\out-v otes"
a correct model m frequenly enough,g is addedto the mixture of m.

We conducteda cheating experimert to verify the concept. Model competition
statistics is collected on the test set itself, using referencetext for the correct
model sequence.On our Broadcast News system, we are able to reduce WER
from 19.1%to 15.1%(on 1998Hub4etest set) by error-corrective tying. How-
ewer, the gain doesn't hold when we repeat the sameprocedureon the training
data.

The ine ectiv enessof these methods might be blamed on their post-processing
nature. It canbedicult to x an existing sub-optimal tying sheme(as determined
by decisiontrees). This leadsus to enhancedtree clustering.

3.2.3 Enhanced Tree Clustering

With enhancedtree clustering, a single decisiontree is grown for all sub-statesof
all the phones(Figure 3.3). The clustering procedure starts with all polyphonesat
the root. Questionscan be asked regarding the identity of the certer phone and its
neighboring phones,plus the sub-stateidertity (begin/middle/end). At ead node,
the questionthat yields the highestinformation gain is chosenand the tree is split.
This processis repeated until either the tree reades a certain size or a minimum
court threshold is readed at a leaf node. Comparedto the traditional multiple-tree
approad, a single tree allows more exible sharing of parameters. Any node can
potentially be sharedby multiple phones,aswell as sub-states.

Using a singletree for clustering triphones hasbeenproposedin seeral occasions.
[Paul, 1997] pointed out that single tree clustering is useful when the amourt of
training (or adaptation) data is very small. Successig state splitting and maximum-
likelihood successig state splitting can be usedfor HMM topology designand state
tying basedon both cortextual and temporal factors, which e ectiv ely achievescross-
phone/cross-substateying [Takami and Saggama, 1992 ,0Ostendorfand Singer,1997].
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Howewer, single tree clustering has never been asseiated with or consideredin the
context of pronunciation modeling. Our thesiswork is novel in this aspect.

O=v owel?
/\
O=obstruen t?

n y n
-1=syllabic? 0=mid? 0O=end?

+1=0bstruen t?

Figure 3.3: Enhancedclustering using a singletree. \ 1="\0="\+1="  questions
ask about the immediately left phone,the certer phone,and the right phone,respec-
tively.

Singletree clustering is quite easyto implemert. The only changenecessarys to
expandthe questionsetsothat it includesquestionsabout the identity of the certer
phoneand its substate. Computational costis the main di cult y for growing a single
big tree, particularly for the rst few splits. As the number of unique quinphoneson
the Switchboard task is around 600k, the cost of evaluating a questionis quite high.
The traditional approad doesnot have this problem, since polyphonesare divided
naturally accordingto certer phonesand sub-states,and ead tree hasonly a fraction
of the polyphonesto work with. For this reason,we conductedtwo experimerts to
investigatethe e ects of cross-phonedying and cross-substateying separately

Exp erimen t setup

Experimerts are performedon the Switchboard (SWB) task. The test setis a 1 hour
subsetof the 2001 Hub5e ewvaluation set. The full training set includes 160 hours
of SWB data and 17 hours of CallHome data. A 66 hour subsetof the 160 hours
SWB data is also usedfor fast experimertation. The front-end will be described in
Section7.1. We usea 15k vocabulary and a trigram languagemodel trained on SWB
and Call[Home.

The baselineacousticmodel is a quinphonemodel that usesa two-stagestate tying
scheme,with 24k distributions sharing 6k codebooks, and a total of 74k Gaussians.It
has a word error rate (WER) of 34.4%. Unlessotherwise stated, all results reported
here are basedon rst-pass decaling, i.e. no adaptation or multi-pass decaling.

Cross-Substate Clustering

In this experimert, we build onetree for eat phone,which coversall three sub-states.
Three new questionsregarding sub-stateidertities are addedto the questionset. We
nd thesethree questionsto be highly important. For most phones,they are chosen
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asthe top two questionsand the tree splits naturally into three subtrees,onefor eah
substate. This result is therefore not any di erent from the traditional clustering
wherewe explicitly usethree separatetrees.

This outcomeis surprising. The fact that substate idertit y achievesthe highest
information gain seemsto indicate that the model resolution is not su cient along
the time line. In other words, acousticcharacteristicschangesigni cantly during the
courseof a phone,more sothan any contextual e ects. This probably merits further
investigation.

Cross-Phone Clustering

We grow six triphone trees for cross-phoneclustering: one for ead of the substate
of vowels and consonais. We could have built only three trees, without di erentiat-
ing betweenvowels and consonats. The primary reasonis to reducecomputation.
Even with the vowel/consonart division, it still takes48 hoursto grow a tree. The
vowel/consonart division is chosenbecausewe suspect that there is little parameter
sharing betweenvowels and consonats.

As shown in Table 3.1, initial experimert on the 66 hours training subsetgivesa
small, albeit signi cant, improvemen (from 34.4%to 33.9%).

Single Pron unciation Dictionary

Motiv ated by Hain's work on singlepronunciation dictionaries (SPD) [Hain, 2002],we
tried to reducethe number of pronunciation variants in the dictionary. The procedure
to derive a new lexicon is even simpler than Hain's. First, we court the frequency
of pronunciation variants in the training data. Variants with a relative frequencyof
lessthan 20%are removed. For unobsened words, we keeponly the baseform(which
is more or lessa random decision). Using this procedure,we reducedthe dictionary
from an average?2.2 variants per word to 1.1 variants per word. Unlike in [Hain,
2002], we are not strictly enforcing single pronunciation, so that we can keep the
most popular variants, while pruning away spuriousones. For example,the word A
hastwo variants in the nal dictionary:

A AX
A(2) EY

Simply using SPD with traditional clustering givesa 0.3% improvemert, which
is comparableto Hain's results. More interestingly, cross-phoneclustering responds
quite well with SPD. Overall, we achieve a 1.3%gain by cross-phoneclustering on a
single pronunciation dictionary (Table 3.1).

So far we have usedonly the 66 hour training set and triphone clustering. The
gain holds when we switch to the full 180 hour training data and quinphone clus-
tering. Due to the high computational cost, we only comparedtwo systems: one
with multi-pronunciation lexicon and no cross-phoneclustering, and the other with
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Dictionary Clustering WER(%)
66 hrs, triphone | 180hrs, quinphone
multi- regular 34.4 33.4
pronunciation | cross-phone 33.9 -
single regular 34.1 -
pronunciation | cross-phone 33.1 31.6

Table 3.1: Cross-PhoneClustering Experimerts. 66 hrs and 180 hrs denotethe size
of di erent training sets.

single-prorunciation lexicon and cross-phoneclustering. WER improvesfrom 33.4%
to 31.6%,a 1.8% absolutegain.

Analysis

As the treeis grown in a purely data-drivenfashion,onemay wonderhow much cross-
phone sharing there actually is. Could it be possiblethat questionsregarding certer
phonesare highly important, and get asked earlier in the tree, resulting in a system
which is not much di erent from a phonetically tied system? The top portion of the
tree for the begin state of vowels is shovn in Figure 3.4, which clearly shows that

guestionsabout certer phoneidertities are not necessarilypreferred over cortextual

guestions. We alsoexaminedthe leaf nodesof the six trees,and found 20%to 40% of
the leaf nodes are sharedby multiple phones. Consonans that are most frequertly

tied together are: DXand HH L and W Nand NG Vowelsthat are most frequenly tied

togetherare: AXRand ER AEand EH AHand AX Table 3.2 lists phonesthat frequertly

sharethe samemodel in ead tree. For eat of the 6 trees, we list the top 5 most
frequertly sharedphonetuples, together with the frequencies:how many times they
end up at a sameleaf node.

-1=v oiced?
e
-1=consonant? O=high-v owel?
/s o/
O=fron t-v owel?ﬂ Aozhigh-v owel? -l1=obstruen t?ﬂ A-lz LiRVe

Figure 3.4: Top part of Vowel-begtree (beginning state of vowels). \ 1=" questions
ask about the immediately left phone,\0=" questionsask about the certer phone.

The fact that cross-phonelustering helpsmorewith SPD (from 34.1%to 33.1%),
than with aregulardictionary (from 34.4%to 33.9%),shavsthe advantage of implicit
pronunciation modeling. Comparingto directly modifying the dictionary, it is better
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vowel-beg vowel-mid vowel-end

120 | AE EH 114| EH IH 144 | AH AX

87| IH IX UH 113| AXR ER 123 | IH IX UH UwW
82| IX UH 103| AX IX UW | 117 | AXR ER

69 | IX UH UW 91| AY OY 69 | AE EH

61| OW OY 63| IX UH 69 | AXR EN ER

consonattbeg consonaimid consonatftend
164 | N NG 166 | DX HH 95 | DXHHNY
156 L W 118 | DX N 84 | DX HH
117 | M NG 111| T TH 68 | M NG

71| DXHHMN 96 | L W 50| DXHHNNGY
70| DT 85/DT 49 PT

Table 3.2: Phonesthat frequertly shareto the samemodel in ead tree

to keepit simpleand consisten, and useautomatic procedureso model pronunciation

variations.

3.3 Conclusion

We discussedwhy exible parametertying is important for the modeling of sloppy
speet, and preseried two novel technigues, of which enhancedtree clustering is
found to improve recognition performanceon the Switchboard task together with a

simpli ed pronunciation dictionary.

It is worth mertioning that enhancedtree clustering could also be usedfor the
modeling of multilingual speet and non-native speet. Phone setsare typically not
well de ned in those scenarios.The samelPA phoneshave slightly di erent courter-
parts in di erent languages.One may want to take advantage of their similarities to

achieve robust modeling.
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Chapter 4

Gaussian Transition Mo del

4.1 Motiv ation

4.1.1 Single Mo del Sequence or Multiple Mo del Sequences?

While exible parametertying improvesthe mapping from a phone sequenceo a
model sequenceit usesonly a singlemodel sequencdor a given phonesequenceTo-
getherwith a single pronunciation dictionary, only one model sequencas allowed for
ead word. Whereasin the pronunciation variants approad, sincemultiple variants
are used,a word can be mapped to multiple model sequences.

Intuitiv ely, the latter is better at capturing trajectory information. If there are
indeed two distinct pronunciations, they can be correctly modeled by two model
sequenceslf a single model sequences usedinstead, the two trajectorieshave to be
collapsedinto one, with local variations modeled by Gaussianmixture models, but
the distinction betweenthe two trajectorieslost.

The readermay recall that there are argumerts for the former approad as well.
Indeed,asshawn in Figure 2.6, state level pronunciation modeling favors mergingtwo
variants into a singlemodel sequencend increasingthe number of Gaussiansn ead
mixture.

In this chapter, we introduce Gaussiantransition models (GTM), which can be
regardedas implicit pronunciation networks at the Gaussianlevel. This way, we do
not needto explicitly changethe dictionary, while still being ableto capture di erent
ways of pronunciation.

4.1.2 A Pronunciation Network at the Gaussian Level

To introduce the idea of GTM, considerthe probability of a sequenceof frames
O = (0;; ;o07) givenasequencef statesS = (s;; ;St), with ead state modeled
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as a Gaussianmixture model:

-
p(OjS) = p(0¢jSt) 4.1)
t=1
Y X
= tk; O, (O1) (4.2)
=1 ki
X X X Y
= tke Ok, (Ot) (4.3)
ki ka2 kt t=1

where gy () is the kth Gaussianin the tth state, y is the mixture weigh. Equa-

tion 4.1followsfrom the conditional independenceassumptionof HMMs. Rearranging
terms in Equation 4.2 leadsto Equation 4.3.

(a) Linear Sequence of Mixture Models

(c) Pruned Gaussian Transition Model

Figure 4.1: GaussianTransition Network

These equations have an intuitiv e interpretation, as shown in Figure 4.1. Fig-
ure 4.1(a) corresppndsto Equation 4.1, a sequencef Gaussianmixture models. Fig-
ure 4.1(b) correspnds to Equation 4.3, a full Gaussiantransition betwork. If we
considereat Gaussiang, (1) to be a n@deling unit by itself, eadr ~, g, (:) repre-
serts a unique trajectory, weighted by =, «,. Hence,all possibletrajectories are
allowed in the traditional HMM-GMM (Equation 4.2).

GTM restricts the setof allowabletra jectoriesby modeling transition probabilities
betweenGaussiansin adjacert states.

a = P(a=gja 1= 9) (4.4)
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wherea; is thqurobability of transition from Gaussiang; to Gaussiang;, subject to
the constraint ;& = 1. Figure 4.1(c) shavs a GTM after pruning away unlikely
transitions. Q

From the pronunciation modeling point of v&w eat trajectory ~, gy, (:) canbe
regardedasa particular pronunciation variant, ~, , isthe correspnding pronunci-
ation probability. Figure 4.1(c)is then a pronunciation network, similar to Figure 2.3,
albeit at the Gaussianlevel rather than the phonelevel. It can potentially capture
ne pronunciation changesthat is too subtle to be represeted as a di erent phone
sequence.

4.1.3 The Conditional Indep endence Assumption

GTM alsoalleviatesa well known problem in HMMs: the conditional independence
assumption. Speet production di ers from a random processin that articulators

move alonga low dimensionalmanifold. As aresult, the speed trajectory is relatively

smaoth in the featurespace.But an HMM, asa generative model, doesnot necessarily
generatea smaooth trajectory, dueto the conditional independenceassumption. Under

this assumption, all speed frames are conditionally independert, given the hidden

state sequence.This makesHMMs ine ectiv e in modeling trajectories.

This is bestillustrated by consideringa genderindependert HMM, using Gaussian
Mixture Model (GMM) as output density function (Figure 4.2). Assuming certain
mixture componerts are trained mostly on male spealers, while other componerts
of the samemixture are trained on females. Sampling the HMM producesa frame
sequencaandomly switching betweenmale and femaleat any time *.

Frames: - - DDDDDUDUDUDUDDDDD

Models. . .

Figure 4.2: De ciencies of HMM-GMM as a generative model (shaded area stands
for male speed, non-shadedareastandsfor female.)

Variations in speaker, cortext and speaking style can all produce completely dif-
ferert trajectoriesfor the samephonesequencelf modeledby a singlestate sequence
asin aregular HMM, trajectorieswill be mixed up, resulting in poor discrimination
betweentrajectories. By modeling Gaussiantransitions, GTM allows us to capture
trajectory information within the single state sequence.For example,in Figure 4.2,
GTM can capture the di erence between\legal" and\illegal" transitions: a \male"
Gaussianis most likely to follow \male" Gaussiansrather than \female" Gaussians.

1Sampling a Gaussianmixture model can be performed by rst selectinga Gaussian,then sam-
pling from the chosenGaussian.
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4.1.4 Relevant Approac hes

In the caseof sloppy speedt, previous e orts have focusedon dictionary expansion
by adding alternative pronunciations. The net result of dictionary expansionis a
phonelevel pronunciation network for eat word. But many reductionsaretoo subtle
to be classi ed as either phonemesubstitutions or deletions. Partial reduction or
partial realization may actually be better modeledat a sub-phonemdevel. Gaussian
transition models provide a way to model sud variations implicitly . It allows ner
model resolution, comparedto pronunciation modeling at either the phonemelevel
or even the state level [Saraclaret al., 2000].

lyer et al. proposedthe parallel path HMM to better model multiple trajectories
[lyer et al., 1998]. This is probably the closestproposalto GTM, and it also stays
within the HMM framework. The basicideais to usemultiple paths for eat phone-
level HMM, therefore maintaining trajectory information and avoiding path mixing
up. Paths are allowed to crossover only at phone boundaries. Howewer, the number
of parallel paths is normally quite limited (two or three). Choosingthe right number
of paths is alsoan unsolved problem.

In comparison,the GTM modelsmultiple pathsimplicitly through Gaussiantran-
sitions. It is able to model a large number of trajectories. It also ts nicely into the
HMM framework. Howewer, asa rst order model, GTM hasa relatively short mem-
ory comparedto parallel path HMMs.

Hidden model sequencemodeling aims at deriving a stochastic mapping from
phone sequenceso HMMs automatically [Hain, 2001]. As shaowvn in Figure 2.7, it
can also model multiple trajectoriesfor the samephone sequence.The optimization
criterion is maximum likelihood, similar to that of GTM. While hidden model se-
guencemodel operatesat the HMM (phone) level or the state level, GTM looks at
the Gaussianlevel. GTM canthereforeachieve a more ne-grained modeling of subtle
pronunciation changes.

Segmen models also attempt to exploit time-dependenciesin the acoustic sig-
nal [Ostendorfet al., 1996b],by modeling trajectories either parametrically or non-
parametrically. Sincethese approatestypically fall outside the HMM framework,
it is hard to take full advantage of the e cient HMM training and recognition algo-
rithms.

4.2 Training of the Gaussian Transition Mo del

The GTM modelstransition probabilities betweenGaussiansn adjacert states,asin
Equation 4.4, wherea; are the parametersto be estimated.

The GTM models can be readily trained using the standard Baum-Weld algo-
rithm. Ead Gaussianin a mixture will be treated as a state by itself. GTM pa-
rameterscan then be estimated as regular HMM transition probabilities. Belowv we
give the Baum-Weldh formulae, following notations of [Rabiner, 1989]. The formulae
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are essetially the same,only that eat Gaussianis now a state by itself, i.e. i; ) de-
note individual Gaussiangather than mixture models,and b (0) is a single Gaussian
distribution rather than a Gaussianmixture.

The forward probability:

t1(])

P(0:0;  Op1;Gs1 = )
N !

t()a;  B(0t+1) (4.5)

The badkward probability:

(i)

Q(Otﬂ Ou2  Orja = g)
aj g (0t+41) +1() (4.6)

Accumulating statistics:

P(a = g)
e(i) (i)
i) ()

t(i)

P(G=0,0+1 = g)
P pt(i)aij q (0t+1) t+1(J)
i (D)@ (0t) ()

(5 ])

Updating transition probability:

P
Pt t(l(llj))

Note that GTM changesthe parameterization of the acousticmodel. A corven-
tional acousticmodel consistsof mixture weights, Gaussianmeansand variances,and
state transition probabilities. With Gaussiantransition probabilities, there are two
changes.

aj =

We have now two setsof transition probabilities, one for state transitions and
another for Gaussiantransitions. It is easierto think that transitions take
placein two steps. First, we decidewhetherto stay in the samestate, or transit
into a di erent state, accordingto the HMM transition model. After knowing
which state to transit to, we apply GTM to determine Gaussianoccupancy
probabilities, in other words, how likely it is to transit to a Gaussianin that
state.
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Theoretically, mixture weights are no longer needed. They are replaced by
GTMs. After the aforemeriioned two-steptransition, both the forward proba-
bility and the backward probability are already determinedfor ead Gaussian.

Mixture weights can be regardedas a special caseof GTM, wherea; = j, in
other words, the transition probability into Gaussianj is simply the mixture
weight ;, regardlessof which Gaussianit comesfrom.

In practice, dueto data insu ciency, we can't always estimatea GTM for every
state transition. In thesescenarioswe naturally usemixture weighs asa badk-
0 solution. Details will be givenin the next sectionon how to handle bad-o
transitions in GTM training.

4.2.1 Trainabilit y and the Handling of Back-o Transitions

GTM cantake a largenumber of parameters.First, atransition betweentwo mixtures
of n componerts ead requires n? transition probabilities. Second,in an LVCSR
systemwith thousandsof mixture models, the potential number of transitions could
be millions. Hencedata su ciency becomesa concern.In our experimerts, we choose
to model only frequert transitions, i.e. state transitions that receive enoughcourts
during training. For everything else,we revert to the traditional HMM-GMM model:
aj = j, where ; is the mixture weigh for the jth Gaussian.

This implies that we needto switch between full transition (GTM) casesand
traditional GMM transitions at certain points in the forward-badkward algorithm.
For better understanding, it is helpful to considera badk-o transition betweentwo
GMMs as a \sum-and-distribute” operation (Figure 4.3).

Let us considerthe computation of forward and badkward probabilities. For for-
ward probabilities (Equation 4.5), there are two cases:

For frequert state transitions, sincethey are modeledby GTMs, they are com-
puted asis. No mixture weights are needed.

For infrequert state transitions,
| |
X o X !
t(a; B(0w1) = (1) B (01)

i2S1 i2S1

whereS; denotesoneof t.h,e \from" states, ; isthe mixture weight for Gaussian
j of the \to" state. As ,5 (i) dependsonly on the \from" state, it can
be storedas ((S;) to save computation. This is the \sum" part in Figure 4.3.
After we sumover all possible\from™” states,ead target Gaussiangetsa pieceof
the total sumaccordingto the correspnding mixture weight (the \distribution”
step).

Similarly, there are two casedor badkward probabilities:



4.2 Training of the Gaussian Transition Mo del 43

S S,

- O | O |7

(a) Transition between two mixture models

(c) The back off case: sum and distribute

Figure 4.3: Handling badck-o0 transitions in GTM training

Frequer state transitions (with GTM models) are computedasiis;

For infrequert state transitions,

X
g b (0t+1) t+1() = i (0t1) t+1()

j2S; j2Sy

where S; is the \to" state, ; is the mixture weight for Gaussianj in S;. It's
obvious that this doesn't depend on the incoming state. To save computation,
this quartity can be storedas 1 (S,).

Furthermore, it can be establishedthat

(k) = ()P ki (O1)
(I ) X(I) m mgim(ot)
(i) = e(ik)

k
t(ik) = «(i); 8k

wherei; k denotesthe kth Gaussianin the ith state. (i) and (i) are state-le\el
(rather than Gaussianlevel) probabilities asde ned before. Sincethey are usedquite
often, storing them separatelyspeedsup training in the badk o case.
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With badk-o transitions, wealsoneedto accunulate statistics for mixture weighs.
When ; isusedin a badk o case,we needto add

X P .
t(I,J) = ( i t(l)aij)h(otﬂ.) t+1(])

i P P(O)
= (i (1)) jB(01) na(j)

P(O)

to its su cien t statistics.

4.2.2 HMM-GMM as a Special Case of GTM

Basedon what we have establishedin the previoussection,if we always havea; = j,
GTM reducesto the standard HMM-GMM. In other words, HMM-GMM is a special
caseof GTM wheretransition models| which happensto be mixture weights | are
tied for all Gaussiansn the samemixture.

4.2.3 Pruning

GTM, similar to HMM transition models, might su er from the sameproblem that
the dynamic rangeof their scoress too small, comparingto HMM obsenation proba-
bilities. Final acousticscoresare normally dominatedby obsenation scores.GTM, or
HMM transition models have only a marginal impact on either scoresor recognition
accuracies. In our experience,HMM transition probabilities can often be ignored.
HMM topologies,on the other hand, are quite important. As will be showvn in Sec-
tion 6.2,there could be a big di erence by just adding or removing an extra transition
to the \standard" 3-state left-to-right topology.

In terms of trajectory modeling, while GTM o ers better discrimination between
trajectories,all trajectoriesare nonethelesstill permitted, including both \legal” and
\illegal" ones. The di erence in scores,introducedby GTM, might be overwhelmed
by acousticlikelihoods.

Onesolutionis to prune away unlikely transitions. Asin Figure 4.1(c), this creates
a transition network at the Gaussianlevel. Like removing the skipping arc in HMM
topologies,this could lead to a model that is more compactand more prudert.

In reality, howewer, it is dicult to nd a good pruning strategy. A frequency
basedapproad is taken in this work. But it is possiblethat unseentrajectories will
be pruned away dueto a limited training set.

4.2.4 Computation

GTM training is computationally very demanding. A transition betweentwo mixture
models is now expandedto a full transition network betweenall Gaussians. Com-
putational complexity is multiplied a factor of n?, wheren is the averagenumber of
Gaussiangper mixture.
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For badk-o transitions, one can take advantage of the \sum and distribute” op-
eration (Figure 4.3) to speedup the computation.

4.3 EXxp eriments

Experimerts are carried out on the Switchboard (SWB) task. The test setis a 1 hour
subsetof the 2001 Hub5e evaluation set. Acoustic training usesa 66 hours subsetof
the SWB data. The front-end will be describedin Section7.1. The acousticmodel has
roughly 6000distributions, sharing 6000 codebooks, with a total of 86K Gaussians,
on average 14 Gaussiansper model. Cross-phoneclustering is used together with

single pronunciation dictionary, as described in Chapter 3. We usea 15k vocabulary
and a trigram languagemodel trained on SWB and CallHome.

As discusseddefore,we only model frequent model transitions with GTMs. Before
training, we court the number of transitions for ead model pair on the training data.
Only state transitions with courts above a certain thresholdare modeledwith a GTM.
Of the 6000 mixture models in the acoustic model set, a total of 40K model pairs
(out of a potential 6K 6K=36M) hasbeenobsened. The most frequert 9400model
pairs are selectedfor GTM modeling. It turns out that most of them (6000 pairs, or
64%) are transitions within the samemodel (corresponding to self-loopsin HMM).

Sinceeat model/state transition is comprisedof a number of Gaussiantransition
models| onefor eat Gaussianin the sourcemodel| there still may not be enough
data to robustly update ead individual GTM. Therefore,we also apply a minimum
court criterion during training: a transition model is updated only if the Gaussian
receivesenoughtraining courts, otherwisethe model remainsunchanged.

One iteration of Baum-Weldh training gives signi cant improvemert in term of
likelihood. Log likelihood per frame improvesfrom 50.67to 4918, while corven-
tional HMM training canonly improve the log likelihood by lessthan 0.1 on the same
data. Consideringthe baselineacoustic model has already been highly optimized,
this indicatesimproved acousticmodeling.

Pruning | Avg. # Transitions | WER
Threshold per Gaussian (%)
baseline 14.4 34.1
le-5 9.7 33.7
le-3 6.6 33.7
0.01 4.6 33.6
0.05 2.7 33.9

Table 4.1: GaussianTransition Modeling Experimerts on Switchboard

We tried seweral di erent minimum court values. The bestis found to be 20, at
which point a majority of the transition models (86%) are updated. Within them, we
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further prune Gaussiantransitions if their probabilities fall belowv a certain threshold.
Table4.1shonvsword error ratesfor GTM modelspruned againstdi erent thresholds.
N-Best rescoringis usedin these experimerts where N=100. The average number
of transitions is measuredfor Gaussiansin the updated transition models. The best
performance,a 0.5%gain, is obtained after pruning away almost2/3 of the transitions.

In further experimerts, we tried to retrain on top of somepruned GTM models,
as well as seweral di erent parameter settings, but found that the improvemer is
marginal at best, even worsein somecases.

4.4 Conclusion

In this chapter, we presened a new Gaussiantransition model, which is motivated
both as an implicit pronunciation modeling approad), and as a way to alleviate the
frame independenceassumption. Unfortunately, only a marginal gain has beenob-
sened in experimernts.

One possibleexplanation is that the frame independenceassumptionhas already
beenmitigated by the useof dynamic featuresin the front-end. By capturing depen-
denciesbetweenadjacent frames, dynamic featuresexpandthe coverageof the nal
feature vector from a singleframe (20 milliseconds)to a segmen of typically 100
milliseconds. This, in a rough sense,s segmetal modeling already, which makesit
lesse ective to model dependenciesat the model level.

There are se\eral possibilitiesfor future investigations. First, the pruning strategy
needsto be revisited. Currently, the pruning thresholdis setby hand, in a\trial-and-
error”" fashion. Also, frequencybasedpruning may not be well suited for structural
discovery. Secondthe current GTM is designedfor mild variations in pronunciation,
not deletions. It could be worthwhile to extendthe GTM to handle deletions.



Chapter 5

Thumbnail Features

5.1 Motiv ation

Cornvertional speed analysis (front-end) provides a sequenceof framesas input to
the acousticmodel. Due to the frameindependenceassumption,ead triphone model
canonly have a very \short-sighted" view of the data, oneframe at a time. Dynamic
features| deltaanddoubledeltas| alleviatethe problemby increasingthe coverage
(window size) of a frame, as will be explainedin Section6.3. This greatly improves
performance. Howewer, having a xed window size may still be suboptimal. In
Figure 5.1, if the samephonemeis realizedtwice in di erent speeds,it will end up
with dierent number of frames. When a xed window sizeis used for dynamic
features,it will cortain a di erent image eat time: the ertire phonethe rst time,
but more than a phone the secondtime. This createsunnecessaryvariations that
must be modeled by the underlying Gaussianmixture model.

dynamic features ///1\

NN

raw signal

Figure 5.1: Problemswith a xed window sizefor dynamic features. The dynamic
featuresshown are the results of staking 7 adjacen frames( 3). Dueto speed rate
di erences, the two featureshave quite di erent shapes.

To overcomethis problem, we proposethe thumbnail feature, where we directly
compute a feature vector on a segmetal basisand model it assud. A segmeh can
be either a senone(sub-phone),a syllable, a phone, two phones(diphone), etc. It is
not limited to any xed duration. In our work, we chooseto subsampleframesin
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a segmen to derive the segmetral feature, which can be thought of as a thumbnail
imageof the ertire senone/phone/syllable.In other words, we are now modeling eac
segmeh aswhole, rather than a sequenceof frames.

The idea of deriving segmetal features by subsamplingis not new. A good
review of related works can be found in [Ostendorf et al., 1996b]. As discussedin
[Ostendorf et al., 1996b], there are certain problems with this kind of approades.
First, segmetal featuresare dependent on segmeh boundaries,which are not known
a priori; second,di erent hypothesesare conditioned on di erent events, making a
fair comparisonbetweenthem dicult. In this chapter, we descrike our particular
solution to theseissues. The MIT SUMMIT speed recognizer,a segmetbased
system, usesthe so-calledanti-phone models to cope with the scorecompatibility
issue. We will discussit in Section5.4.

5.2 Computing Thumbnail Features

5.2.1 Hyp othesis Driv en Features

There is a saliert distinction betweenthumbnail featuresand corvertional features.
Unlike corvertional features (front-ends), thumbnail features cannot be computed
beforehandand xed during recognition. To compute thumbnail features, we need
segmetation information, which is di erent for eat hypothesis. In other words, ead
hypothesishasits own obsenation space.

We thereforefacea \c hicken-and-egg"problem. The featurescannot be computed
without a segmemation; but to nd areasonablesegmetation (or the hypothesisthat
implies the segmetration), we needto begin with someacoustic feature. To avoid
the problem of simultaneously searting for both the feature and the hypothesis,we
adopt a two stageapproad. A corvertional systemis usedto nd a setof hypotheses
and their segmetation. Then, thumbnail featuresare computed and hypothesesare
rescoredusing a secondset of thumbnail models.

5.2.2 Score Compatibilit vy

Comparing scoresbetweenhypothesesalsobecomesan issue. If we take the straight-
forward approat and compute one feature vector for ead segmeh it is likely that
di erent hypotheseswill have di erent number of feature vectors. Scoresare no longer
comparable.Hypotheseswith fewer segmets are favored becauseof the smallernum-
ber of probability terms.

One solution is to usea length-dependen weighting factor. Longer segmets are
weighted more, to appraximate the traditional HMM scoring paradigm.

The solution we adopted hereis to compute thumbnail featureson a frame-by-
frame basis. At any time point (frame), we assumethere is a hypothetical segmeh
certered around that point (frame), from which we can subsampleto derive the
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thumbnail feature. Someof thesesegmets will coincidewith the real segmets; the
othersaretransitions, or interpolations, betweentwo real segmets. This isillustrated
in Figure 5.2, wherea segmen is de ned to be 5 subphones.The derivation of two
thumbnail featuresis shavn. The rst is located at the certer (50%) of AH-m 5
framesfrom the adjacen subphonesall at their respective 50% points, are extracted
to form thumbnail. The secondexampleis at the end of AH-e Its thumbnail is
formed by the last framesfrom 2 subphonesegmeis. In general,to compute a
thumbnail feature at a particular time point, we rst calculateits relative position in
the current subphone;framesat the samerelative position in neighboring subphones
are extracted, and stadked together to form a super-vector, which is then projected
down to a subspaceusing LDA.

segmentation | Be | AHD AHm AHe [Db [ Dm
sopsualfeatres - UUUUUUUUUUUUUUUUUUUUUUUU

Stacking + LDA

remeraveaes - [ IO O00O00000OD0DOOOODD

Figure 5.2: Computing thumbnail featureson a frame-by-frame basis. The two ex-
amples shovn are located at 50% and 100% perceriage points of their respective
segmeh Here a thumbnail feature covers5 subphonesegmets.

In this way, we can compute a thumbnail feature stream that looks exactly the
sameasany traditional feature stream. The number of feature vectorsare guararteed
to be equalfor di erent hypotheses.Although the obsenation spaceis still di erent
for eat hypothesis,at least we have the samenumber of probability terms now.

Comparedto the \standard" segmetal feature, which computesonefeaturevector
per segmeh our approad alsoadhievesgreatertime resolution. We can now model
at the segmetral level without deviating too much from the frame-syn&ironousbasis
of current ASR framework.

5.2.3 Hybrid Segmental/Dynamic Features

Thereis a natural link betweendynamic featuresand thumbnail featuresobtained by
subsamplinga segmen

As shown in section6.3, dynamic featurescan be computedin generalby stadking
consecutie frames together, followed by a linear projection. If we instead choose
framesfrom ewvenly spacedlocationsin a segmeh (subsampling),the set of framesis
then a thumbnail sketch of the segmen The linear projection can be computed as
usual, for example,by LDA.

Becauseof this link, we caneasilyderive a hybrid versionfrom the two, by stading
frames subsampledat a segmeral level, and frames immediately adjacent to the
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currert time point. LDA is then applied as usual. The result is a mixture between
convertional dynamic features and segmetal features. By varying the number of
\segmertal" framesvs. the number of \dynamic" frames, we can move smaothly
betweenpure dynamic featuresand pure segmetal features.

5.3 Experiments

5.3.1 Initial Exp eriments

Experimerts are carried out on the Switchboard task. The test setis a 1 hour subset
of the 2001 Hub5e evaluation set. A 66 hour subsetof the SWB-I corpusis used
for training. The front-end will be descrilked in Section7.1. The triphone-clustered
acoustic models have 24000distributions, sharing 6000 codebooks, with a total of
86k Gaussians.For testing, we usea 15k vocabulary and a trigram languagemodel
trained on SWB and CallHome. The baselinesystemhas a word error rate (WER)
of 34.5%. Note MLLT is not usedhere, so we can comparewith various thumbnail
modelswithout updating MLLT ead time.

Training thumbnail models is straightforward. We rst generatesegmerations
by forced aligning referencetexts on the training data using the baseline models.
Then thumbnail featurescan be computed, from which LDA and acousticmodel are
estimated. For testing, the ideal would be to seard through all hypotheses,eah
with its own features. Sincethis involvessigni cant changesto the seard code, we
pursuedtwo alternative methods:

N-Best list rescoring: N-Best lists represem a reducedseart space[Stwartz
and Austin, 1993]. The advantage of N-Best lists is that we can accurately
compute acoustic/languagescoresfor ead hypothesis. Howewer, N-Best lists
are known to be quite restrictive, comparedto lattices.

decaling with xed thumbnail features: Since we can produce a thumbnail
feature stream just like a standard front-end, we can use the baselinesystem
to nd segmenations and producea xed stream of thumbnail features. Then
decdaling can be carried out on this xed set of featuresasusual.

In our initial experimerts, N-Best rescoringresults are worsethan that of decaling
on xed thumbnail features. Subsequen experimerts are therefore conductedusing
mostly the secondapproad.

As shown in Table 5.1, we mainly experimerted with hybrid segmetal featuresby
adding segmetal framesto the baselinedynamic features. First, we add segmetal
featuresat the senone(sub-phoneme)evel. Using 11 cortext framesand 5 segmetal
frames,initial WER is 34.6%. If we recomputealignmerts usingthe thumbnail models
and recomputethumbnail features,we get a small gain of 0.4%. With N-Bestrescoring
(N=800), the best WER we can adieve is 34.5%.
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segmeh | # segmets | # context | WER | commeris
level frames
- - 11 34.5 | baseline(w/o thumbnail)

senone 5 11 34.6
34.2 | iterativ e feature estimation during testing
34.5 | N-Best rescoring(N=800)

phone 5 11 34.0
33.7 | retrain after iterativ e feature estimation

phone 7 11 33.9

phone 7 7 34.3

Table 5.1: Initial Experimerts with Thumbnail Features

Next, we move on to phone-leel segmets. Using 11 cortext framesand 5 frames
from 2 phonesegmets, WER is 34.0%. This is done after iterative re nement of
segmetation during test. If we also reestimate segmetation on the training set,
WER improvesto 33.7%. We also tried to vary the number of segmets and the
number of cortext frames, no further gain has beenobsened.

All the above experimerts useonly a 66 hours subsetfor training, no MLLT, and
rst passdecaling without adaptation. In the next section, we add all advanced
featuresand preser resultson our RT-03 Switchboard evaluation setup, to gaugethe
potential improvemens on the nal system.

5.3.2 Experiments on RT-03 Final Stages

As will be explainedin Chapter 7, the RT-03 Switchboard evaluation systemutilizes
seeral additional features, suh as MLLT, feature spaceadaptation, MLLR, and
speaker adaptive training. After incorporating MLLT and FSA-SAT in training the
thumbnail models, we obsened typical improvemerts in likelihoods on the training
set.

| [WER() |
best single system(pass15), w/o thumbnail features 24.3
bestthumbnail model (MLLT, FSA-SAT, MLLR) 24.4
N-Best rescoringon 6 nal hypos 24.1

| systemcombination (nal submission) | 235 |

Table 5.2: Experimerts on RT-03

We started testing on top of the best single systemresult (pass15in Table 7.7,
which is 24.3%on the full 6 hours RT-03 test set. This set of hypothesesis used
to provide initial segmetations for thumbnail features. After both FSA and MLLR,
WER is 24.4%for the nal thumbnail model.
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As we suspect it could be suboptimal to usea xed setof thumbnail features,we
performeda\mini" N-Bestrescoringexperimert. Hypothesedrom seweral nal passes
are collectedand rescoredusingthe thumbnail model. Six setsof hypothesesare used,
with WER ranging from 24.3%to 24.7%. This way we get a 0.2%improvemert, from
24.3%to 24.1%. This improvemert is likely to be insigni cant, especially if we areto
performthe nal systemconbination step. In the RT-03 ewaluation, the nal system
combination (consensusetwork combination and ROVER) reducesWER from 24.4%
to 23.5%(SeeSection7.4.2for details).

5.3.3 Analysis and Discussion

Sinceit is possiblethat the hybrid thumbnail featuresmay degenerateinto the con-
vertional dynamic features,we examinedthe LDA matrix in the thumbnail models,
to seewhetherit makesuseof segmetal dynamicsor not. Wedid nd largevariations
in the part of the LDA matrix that corresppndsto segmetal frames.

Thumbnail featurescan be interpreted asa kind of speed rate normalizedfeature
extraction. A thumbnail feature always coversan ertire \logical" segmeh no matter
how long or short it is. As a result, thumbnail models are more robust to changesin
speakingrate. They are speet rate normalized models, similar in essencéo models
obtained by spealer adaptive training or VTLN. This is illustrated in Figure 5.3.
During test, it is therefore important to have the correct speet rate estimation,
which is implicitly represemted by the initial segmetation. Otherwise, performance
could be worsethan modelstrained without normalization.

segmentation training :

normalization

segmentation

normalization

segmentation

normalization

uttl
LSS

thumbnail

utt2
—_— =
: features

speech rate :
normalized mode] :

utt3
s

segmentation testing .

test ut — thumbnail . . hypothesis
H features ‘ decoding ’—%

Figure 5.3: Another view of thumbnail models: speed rate normalizedtraining

We conducted a cheating experimert to measurethe impact of initial segmen-
tation. We usedthe best thumbnail model in Table 5.1, which uses5 framesfrom
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adjacen phonesegmets, 11 context frames,and hasa WER of 33.7%. A cheating
segmetation, which is way better than the baselinesegmetation, is obtained from
a set of hypothesesthat has a WER of 29.4%! The WER is 32.5% by decaling
on thumbnail featuresbasedon this segmetation. This is signi cantly better than
33.7%,indicating the importance of initial segmetations, but still somewhatbelow
our expectation.

54 Future Work

Experimerts presered so far are still preliminary. It is worth investigating why N-

Best rescoringdoes not perform as well as decaling with xed thumbnail features.

This could be becauseN-Bestlists areanine cien t represemation of the seard space.

Another possiblereasonconcernsthe di erent obsenation spacefor di erent hypoth-

esis. Although the samenumber of probability terms are guararteed in our current

implemertation, it couldstill be problematicto comparehypothesesondi erent basis.
In the convertional ASR framework, two hypothesesare comparedby

P(hjO) 7  P(hyO)

where O, the frame sequencesenesas a commonground for all comparisons.If we
compute a di erent set of featuresfor ead hypothesis,we are comparing

P(hijO1) 27 P(h2jOy)

The commonground is lost.

This is an important issuethat a ects much more than just thumbnail features.
To use any hypothesis(or class)dependert feature, we will face this problem. We
will needa way to normalize scoresto make them comparable.

The MIT SUMMIT speed recognizerusesa segmeibased framework, where
feature vectors are extracted over both hypothesizedphonetic segmets and at their
boundaries[Glass, 2003]. To ensurescore compatibility, eatr hypothesis needsto
accoun for the completeobsenation spaceO = fO;;0,; g. For example,

Y
P(Ojh;) = P(O4;0,; jhy) = P(Gijhy)

|
P (O4jh,) is straightforward to compute. For i 6 1, P(O;jhy) is modeled by anti-
phones In other words, a genericanti-phone model is usedfor obsenations(features)
that are not related to the current hypothesis. As an extension, near-miss models
are proposedas a more accuratealternative to anti-phone models.
A potertially better solution is maximum entropy models [Berger et al., 1996].
The ability to usearbitrary featuresis one of the hallmarks for this kind of models.

11t would be ideal to derive segmemation directly from referencetext. However, this is not easy
due to practical reasons.
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There are seeral recent works on extending the maximum ertropy principle to se-
guencemodeling, sud as maximum entropy Markov models[McCallum et al., 2000],
conditional random elds [La erty et al., 2001]. It hasalsobeensuccessfullyapplied
to many natural language processingtasks, sud1 as shallov parsing and madine
translation [Och, 2002].
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In this part we descrike our systemdewelopmert e orts. ASR systemsnowadays
are very sophisticated. To build a good system, one needsto pay closeattention to
detailsin data preparation/cleanup, phonesetanddictionary design,front-end design,
various acoustic modeling and languagemodeling issues,adaptation, decaling and
systemcomnbination strategies. A good amourt of improvemerts in various DARPA
ewvaluations, sud asthe Hub4 BroadcastNewsewaluation and the Hub5 Switchboard
ewvaluation, actually comefrom sud so-called\engineering” aspects. Although some
improvemernts, for example,a better front-end, may not seemto be directly related
to sloppy speed, they improve recognition performancein generaland therefore are
highly important in modeling sloppy speet. Besides,good systemsalso provide a
solid baselinefor evaluating new ideas.

Over the years, we have worked on three major tasks: Broadcast News (BN),
Switchboard (SWB) and meeting recognition. As a brief overview, we experimerted
and gaineda lot of experiencein optimizing the front-end in the BN task, which will
be descriked in Chapter 6. These experienceswere successfullycarried over to the
Switchboard task, when we were preparing for the RT-03 evaluation. Both the BN
and the SWB systemwere then applied to the meeting transcription task.

VERY INTELLIGIBLE "UPPER STRATA"

Broadcast News

FAMILIAB/ NON FAMILIAR
eetings
/Q Switchboard

"LOWER STRATA" LEAST INTELLIGIBLE

Figure 5.4: Comparing three tasksin the speedt style space

In terms of speaking styles, it is interesting to comparethe three tasks in the
style spaceintroducedin Sectionl.1. The BroadcastNewsdata contains both read
speed and spontaneousspeed. It is very formal and highly intelligible, intended for
a large and unfamiliar audience.The Switchboard corpusis primarily corversational
telephonespeed. Howeer, it is di erent from everyday conversationin that speakers
did not know ead other in advance, and they were asked to corverseon selected
topics, although the actual corversation may drift away from the assignedtopic.
Comparedto Switchboard, meetings represem face-to-faceinteractions cortaining
both verbal and non-verbal exchanges.There are a variety of di erent meetingtypes,
from highly formal scenarioto casualdiscussions.The internal group meeting data
usedin this thesisis mostly informal and betweencolleaguesr classmates.Figure 5.4
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shows the location of the three tasks in the style space. If we rank thesetasks in
terms of sloppiness,meetings are worse than Switchboard, which in turn is worse
than Broadcast News. It should be emphasizedthat this is only a sketch and not
meart to be exact.



Chapter 6

The Broadcast News Task

6.1 The Broadcast News Task

The BroadcastNewstask, alsoknown asthe Hub4 evaluation in the ASR community,
concernsabout recognition of recordedbroadcastsfrom television networks (such as
ABC, CNN and CSPAN) and radio networks (such as NPR and PRI).

The Hub4 evaluation started in 1995, as a successoto the Wall Street Journal
task. While the Wall StreetJournaltaskisin a sensearti cial | professionakpealers
read Wall Street Journal text in quiet studios| Broadcast Newsis found speet
from the real world, whereonecan nd both native and non-native spealers, various
badkground noiseand channel conditions, aswell asevery possiblespeakingstyle. To
facilitate the analysisof ASR systemperformance,the BN data is labeled according
to six so-calledF-conditions (Table 6.1).

FO | clean,preparedspeet

F1 | clean,spontaneousspeed

F2 | speet over telephonechannels

F3 | speedt in the presenceof badkground music
F4 | speet under degradedacousticconditions
F5 | speet from non-native speakers

FX | all other speet

Table 6.1: F(ocus)-Conditionsin BroadcastNews

The BN data is recordedin 16kHz sampling rate, 16-bit, single channel format.
Of all available BN data, we usethe 1996BN training corpus(LDC catalognumber:
LDC97S44),roughly 80 hours, for acoustictraining, and the 1998 Hub4e evaluation
set 1 (1.5 hours) for testing.

We bootstrapped the BN systemfrom acousticmodelstrained on the Wall Street
Journal task. The initial WER on the test setis 37%. Over time we reducedWER
to 18.5%. Improvemerns come from a variety of sources: widening seart beams,
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increasingvocabulary size and languagemodel size, introducing VTLN and CMN,
using two-stagepolyphoneclustering, model complexity tuning, switching phonesets
and dictionaries, clearup of the dictionary and transcripts, and of course,numerous
bug xes. Among all experimerts, the following two are of particular relevanceto
this thesis: modeling HMM topology and duration, and improving the front-end.

The current systemusesquinphone models, with 6000distributions sharing 2000
codebooks, and a total of 105k Gaussians.The front-end, which will be descrited in
greaterdetail in Section6.3,usesVTLN, CMN, LDA and MLLT. A trigram language
model is trained with a 40k vocabulary on 130 million words broadcast newstext,
plus 10 times the acoustictraining transcripts (800k words). The LM has 7 million
bigrams and 6 million trigrams.

6.2 HMM Topology and Duration Mo deling

We experimerted with se\eral di erent HMM topologiesat an early point of our BN
systemdewelopmert: the regular 3-stateleft to right topology, and the fast topology:
3-state topology with skipping arcs[Yu et al., 1999]. They are shavn in Figure 6.1.

095

(a) regular left to right topology

YRR,
SN

(b) left to right topology with a skip arc

Figure 6.1: HMM Topologies

Training | Testing | WER
Topology | Topology | (%)
skip skip 34.3
skip regular | 32.7
regular regular | 32.1

Table 6.2: Topology Experimerts on BroadcastNews

The fast topology allows a shorter duration for ead phoneme,and achievesbetter
likelihood on the training data. Howewer, the extra exibilit y doesnot translate well
into better WER. As in Table 6.2, usingthe fast topologyin both training and testing
is 2.2%worsethan using the regular topology.
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The explanation is that the more restrictive non-skipping topology enforcesa
certain trajectory which a phone must go through: begin, middle, end. Remaving
this trajectory constrairt is equivalert to adding a large number of pronunciation
variants to the lexicon, which causesa drastic increasein confusability. In this sense,
HMM topology should be taken into accourt in pronunciation modeling.

Another way to enforcetrajectory constrairts is duration modeling. We choose
to model the minimum number of frames a phonemehas to passbefore transiting
into the next phoneme.A cortext-dependert decisiontree is grown to cluster all the
triphone duration statistics. The minimum duration, found at the leaf level of the
tree, is applied at decaling time to constrain the seard. Initial experimerts shaved
only a 0.3% absolute gain over the regular topology (32.1% ! 318%) [Yu et al.,
1999].

The sameis obsenred on the Switchboard task. In the 1997 Switchboard system,
the skip topology is also used, although only for DXand plosives. By completely
switching bad to the non-skip topology, we actually seea slight, though insigni -
cant, improvemen. Therefore,we decideto usethe non-skip topology for all future
experimerts.

6.3 Impro ving the Front-End

This sectiondetails our e ort in the front-end, which is an important sourceof im-
provemeris for the BN task.

A front-end processesaw speet signalinto a sequencef featurevectors,in aform
suitable for subsequenhacousticmodeling. Popular front-endsinclude Mel-Frequency
Cepstral Coe cien ts (MF CC) and PerceptualLinear Prediction (PLP). We will focus
on optimizing the MFCC front-end here, although most of the our discussionextends
to non-MFCC front-ends aswell. We will rst examinethe traditional MFCC front-
end, which can be consideredas a \pip eline" consistingof various componerts, eah
designeda di erent purpose. Our key insights are that ead of these componerts
should not be designedin isolation, and that the ultimate goal of the front-end is to
acdhieve better acousticmodeling. Hence,the designof any front-end componert needs
to be scrutinized in the context of other componerts, as well as the acoustic model
sthemeto be used. Section6.3.2 examinesand optimizesthe delta and double-delta
features. Section6.3.3100ks at the overall front-end pipelinein its ertirety and tries
to consolidate various linear transforms, which leadsto a greatly simpli ed front-
end design. In Appendix A, we also presen a novel phasespaceinterpretation of
the front-end, which explains how dynamic featuresare usedto alleviate the frame
independenceassumptionof HMMs.
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6.3.1 The MF CC Front-End

Mel-FrequencyCepstral Coe cien ts (MF CC) hasbeena popular front-end in speet
recognition for many years. It has beenrepeatedly shavn to be quite robust for a
variety of tasks. Over the years, seweral enhancemets have beenadded on top of
the basicMFCC design. Figure 6.2 shaws a typical front-end that we usefor LVCSR
tasks.

[FFT ) [VTLN ] | Mel-scale) log! [DCT} [CMN} | ; I [LDA! [MLLT|

Filterbank

Figure 6.2: A Typical MFCC Front End

Below we give a brief accoun of various componerts in Figure 6.2, with an em-
phasison their connectionsto acousticmodeling:

1.

The cortinuous time signal is digitized and divided into a sequenceof (over-
lapping) frames,which will be the unit for subsequen processing.The frames
have a xed length, typically from 16 milli-secondsto 30 milli-seconds,and are
evenly spaced(almost always 10 milli-secondsapart).

. FFT is performedon eat frame. The power spectrum is extracted and warped

to compensatefor gender/speaker di erences in vocal tract lengths. This is
known as Vocal Tract Length Normalization, or VTLN [Kamm et al., 1995,
Lee and Rose, 1996, Eide and Gish, 1996, Zhan and Westphal, 1997]. The
implemertation we useis basedon [Zhan and Westphal, 1997].

. The warped spectrum is then smoothed by a seriesof triangular shaped lters

(30 of them in our case)placedewenly along a non-linear frequencyscale. Mel
scale,amongthe mostcommonlyused,is designedo approximate the frequency
resolution of the human ear, which is more sensitive at lower frequencies.

. Cepstral analysisis performedby applying a Discrete CosineTransform (DCT)

to the log of the Iterbank output. Log is usedto compressthe dynamic range
of the spectrum, sothat the statistics are appraximately Gaussian.DCT decor-
relates the coe cien ts, so that it is more sensibleto use diagonal covariance
matriceslater in acousticmodeling. Typically, the rst 13DCT coe cien ts are
retained, the rest are discardedasirrelevant details.

. CepstralMeanNormalization (CMN) normalizesfor channelvariations, to make

the acoustic model more robust to changesin channel conditions. CMN can
be divided into two parts: cepstral mean subtraction and cepstral variance
normalization.
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6. Delta and double-deltafeatures,alsoknown asdynamic (or derivative) features,
capture speet dynamics acrossdi erent frames by incorporating di erences
betweenadjacen framesin feature vectors.

7. Linear Discriminant Analysis (LDA) reducesdimensionality, while retaining as
much discriminative information as possible[Fukunaga,1990]. LDA maximizes
the ratio of between-classcatter and within-class scatter.

8. On top of LDA, there can be another linear transform, sothat the nal feature
vectors t well with the diagonal covariance assumption in acoustic model-
ing. This is called Maximum Likelihood Linear Transform (MLL T, [Gopinath,
1998]), which is a special caseof semi-tied covariance matrices [Gales, 1998].
Recertly, seweral extensionshave beenproposedto adchieve more sophisticated
covariancetying, by constraining the inversecovariance matricesto be a linear
combination of many rank one matrices [Olsen and Gopinath, 2002],or more
generally symmetric matrices [Axelrod et al., 2002].

The term MFCC comesfrom the use of the Mel-scale Iterbank and cepstral
analysis. The basicMFCC front-end hasonly four stages:FFT, Mel-scale lterbank,
log and DCT. This may work reasonablywell for a small, cortrolled task, but not
good enoughfor LVCSR. Each additional componert provides some extra sizable
improvemen. Altogether, the di erence in performancecan be dramatic.

6.3.2 Optimizing the Dynamic Features

The simplestimplemertation of the delta and double-deltafeaturesis to subtract the
precedingframe from the current frame:

R 6.1)
=i i1
where (%; 2;% 1;%; ) IS asequencef cepstralvectors.
Furui usesthe following formulae that can be regardedasa Iter over the frame

sequencgFurui, 1986]:

~

i = 3 X 2 K 1+ X+ Ko+ FKjaa 6.2)
Ti= 373 272 Tiit Tt 27+ 3T
This performsbetter than Equation 6.1 in general,and is usedby many researbers.
We will referto this asthe traditional delta and double delta feature henceforth.
If we expressboth in the matrix form, Equation 6.1 becomes

0 1 O 1 O 10 1
Xi Xi 1 00 Xi

@ i A=-@ Xi Xi 1 A=-@ 1 1 OA@X| 1A (63)
T Xi 2% 1t X 2 1 21 Xi 2
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Equation 6.2 can be written as

0 1
Xi 6
0 1 0 1 _
Xi 1 :
@ ~, A-@ 3 2 10123 AB x (6.4)
~| ................................ .
Xi+6

The matrix form makesit easyto understand the nature of dynamic features.
There are two componernts: stadcking of seweral adjacen cepstral frames, followed by
a linear projection. The linear projection could potentially reduce dimensionality,
asis the casein Equation 6.4. In terms of information ow, the stacking operation
increaseghe amourt of information in ead frame, while the linear projection reduces
the amourt of information per frame.

There are two main di erences betweenEquation 6.1 and Equation 6.2: cortext
window size (measuredby the number of cepstral framesusedto form the extended
vector), and the exact form of the transformation.

As showvn in Equation 6.3, the former has a cortext window of 3 frames. The
latter hasa window sizeof 13: ~; takesinto accoun 7 adjacen frames; ~ i, when
written out in terms of %, uses13 adjacert frames. The wider the context window,
the more information there will be in the nal feature vector that a classi er can
make use of. Note the necessiy to pack more information into ewery feature vector
comesfrom the frame independencelimitation in acoustic modeling. If an acoustic
model could capture dynamicsacrossframes,there would be no needfor the dynamic
features.

As for the form of the transformation, Equation 6.2 usesa seeminglymore elab-
orate lter: ( 3; 2; 1,0;1;2;3), comparedto the simple step function in Equa-
tion 6.1. Howewer, both are hand-crafted, and there is no guarartee about their
optimality. The key e ect of the transformation is dimensionality reduction. The
Iter in Equation 6.2 is equivalernt to a projection from a high dimensionalspace(13
frames 13 cepstral coe cients = 169) into a 39-dimensionalsubspace. Choosing
the subspaceby hand is sub-optimal. A better approad, adopted here and at some
other researt groups [Haeb-Unbad and Ney, 1992],is to explicitly construct the
extendedvector by stadking adjacert cepstralvectorstogether, skip any hand-crafted
transformation, and useLDA to choosethe optimal subspacen a data-driven man-
ner. The only decisionto make hereis the context window size. This hasindeedled
to signi cant improvemeris on the BN task.

Table 6.3 comparesdi erent front-ends on the BroadcastNewstask. All numbers
reported are rst passdecaing results. The traditional front-end usesEquation 6.2to
computedynamic features. As discussedefore,this correspndsto a nominal cortext
window sizeof 13 frames. Togetherwith power, delta-power and double-delta-pwer,
the nal featurevector has42 dimensions.For data-driven derivation of the dynamic
feature, we tried seeral di erent cortext window sizes.To be fair in the comparison,
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, Context Window Size WER (%)

Style (# frames) noMLLT | MLLT
traditional 13 21.6 21.2
data-driven 7 20.8 19.2
data-driven 13 20.1 19.0
data-driven 15 - 18.5

Table 6.3: Word error rateson 1998Hub4e (BroadcastNews)ewal set1. LDA is used
throughout all experimerts to reducethe nal dimensionality to 42.

VTLN and CMN are always applied, and the nal featuredimensionalitiesare always

42. LDA is usedand re-estimatedfor all experimerts. In the caseof traditional

dynamic features,LDA doesnot reducedimensionality at all. It simply choosesthe

most discriminative dimensionswithin the samespace.In our experience,this makes

a5%to 10%relative WER reduction comparedto the casewhenLDA is not applied.
The following conclusionscan be drawn from Table 6.3:

Although the traditional dynamic feature hasa nominal 13 frame cortext win-
dow, it is outperformedby data-driven projection using only a 7-frame conext
window. This indicatesthat the linear projection in Equation 6.2 makesa poor
decisionin choosingthe subspace.LDA, on the other hand, choosesthe most
discriminative subspace.

The di erence is even more pronouncingafter MLLT is applied. For the tradi-
tional dynamic feature, MLLT giveslittle gain (21:6%! 21:2%), comparingto
almost 8% relative in the data-driven case(21:2%! 19.0%).

The sizeof the context window alsomatters. By doubling the number of frames
(from 7 to 15) usedto derive the nal feature vector, we reducedWER by 0.7%
absolute. It remainsunclear what the optimal context window sizeis. It may
have some correlation with the context width in cortext dependen acoustic
modeling. For a context independert system, we may not needto look far
beyond the current frame to decideits identity. But aswe go from triphone to
guinphone, it makes senseto use more and more adjacert framesfor accurate
modeling.

This alsocoincideswith the TRAPs idea[Hermanskyand Sharma,1999]. TRAPs
examinethe temporal pattern of critical band energiesover a long time span
(about onesecond).Hermanskyet al. arguethat for phoneclassi cation, tem-
poral relationshipsare asimportant as short time spectral correlations. In one
extreme, they extracted feature vectorsfrom the temporal ewlution of spectral
energyat a singlecritical band.

In the data-driven formulation of the dynamic features,we can easily increase
the window sizeto cover a longer time span. Both temporal and spectral pat-
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terns are captured, which can be regarded as a joint time-fregency ltering

(which will be illustrated later in Figure 6.5). The only concernis increased
computational cost in estimating the LDA matrix. Experimenrtally, a window
of 15 frames(about 170milli-seconds)is usually good enoughfor LVCSR tasks.

6.3.3 Streamlining the Front-End

Many of the stagesin Figure 6.2 are linear transformations. As a matter of fact,
except for FFT?!, VTLN and log, everything elseis a linear transformation. Mel-
scale ltering, for example, can be consideredas a matrix multiplication on FFT
coe cients. Delta and double delta can be casted as a linear transform over the
extendedcepstral vector.

As a combination of linear transformsis also linear, we can simplify the MFCC
front end. There are two potential bene ts:

Unnecessarycomputation can be eliminated;

Di erent componerts in the MFCC front-end are designedwith di erent moti-
vations. Their interaction with ead other is typically overlooked. When putting
them together, the overall optimality of the front-end is not guararteed. Here,
we try to consolidate various componerts of the front-end to acdiieve better
overall performance.

Combining two linear transforms per seis no problem, sincea matrix multiplica-
tion is all we need. The real questionis whether we can completely eliminate a linear
transform from both training and decaling, without adverselya ecting systemper-
formance. For example,if we eliminate the DCT step completelyfrom Figure 6.2 and
retrain acousticmodels,we could get a di erent setof model parameters. Will it give
the sameword error rate? The answer turns out to be yesin most cases.Next, we
presen a formal analysison how linear transformsin the feature spacea ect recog-
nition performance. We rst examinethe e ect of full (dimensionality preserving)
linear transforms, then discussthe e ect of dimensionality reduction.

Invariance Prop erties of Speech Recognizers

As a simple example,consideradding a linear transform to Figure 6.2, after the LDA
step. The linear transform is diagonal,i.e. it stretchesor compressegad dimension
of the nal featurevector independertly. This givesrise to a di erent feature stream
asinput for acoustictraining and decaling. Onecanexpectthe newacousticmodel to
be di erent, but decaling result to remain unchanged,sincethe newlinear transform
doesnot a ect discrimination at all. It is, after all, a simple scaling of coordinates.
In fact, this is why CMN sdemesneednot worry about whether to normalize the
varianceto 1, or 0.5, or any other constart, aslong asit is consisterly normalized.

IFFT is linear by itself, but taking the magnitude of the spectrum is not.
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Wetry to determinefor the following caseswhether recognition performancewill
remain the sameupon adding (or removing) a linear transform in the front-end. We
considerhere only non-singular linear transforms and we assumethat the acoustic
model parameterswill be reestimated.

1. A linear transform immediately before LDA

LDA wasinitially introducedasa dimensionalreduction techniquethat tries to
retain as much discrimination information as possiblein a reducedspace.

One criterion for choosingthe LDA matrix is

ar maxjB B
"B WBT]

where | is the between-classscatter matrix, , is the within-class scatter
matrix.

Note that the LDA solution is not unique. If B is found to maximize this
criterion, it is easyto verify that AB also maximize the criterion, where A
is square and non-singular. In other words, LDA speci es only the optimal
subspace,but not the exact set of coordinates. This is exactly why it would
matter to have an additional MLLT transform on top of LDA. Howeer, given
a particular LDA implemertation | sud as simultaneous diagonalization |
which usually nds a single solution, the uniquenessof the transform could be
empirically guararteed.

Under this assumption, if we add an extra non-singular linear transform A
beforeLDA, the conbination of the newly found LDA matrix B%and A will be
equalto the original LDA matrix B:

BO = max —+ o 2 ]

arg Baxj ATBT]
JB bBTj
=) B°A = max ————
) arg BaxJ T]

This meansthat the nal feature vectors,aswell asthe model parameters,will
remain unchanged.

If the uniquenessof the LDA solution is not guararteed, we can only establish
that the new subspace(after the new LDA) will be the sameas the original
subspace.Equivalertly, the new subspaceis a linear transform of the original
subspace.To determinewhether recognition performancewill remain invariant,
we needto considerthe following scenario(case?).

2. A linear transform immediately after LDA
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If arandom variable X 2 RY is modeledby a GaussianN (; ), alinear trans-
form of X, Y = AX, canbe modeledby N(A; A AT). It canbe showvn that
their acousticscoresare related by:

p(xj; ) = JAj P(AXjA; A AT)
logp(xj ; ) logjAj + logp(AxjA; A AT) (6.5)

If full-covariancematrices are usedin acousticmodeling, Equation 6.5 in-
dicatesthat the additional linear transform A causesa constart shift in
log-likelihood. This will not a ect discrimination betweenmodels. There-
fore, recognition performancewill remain the same,although we may need
to adjust someparameterssud asthe seartt beamsizeand the language
model weight.

If semi-tied covariancematricesor MLLT is used, is represeted astwo
componerts in the acousticmodel: H and 4.
=H ¢HT

where 4 isadiagonalmatrix, de ned for ead Gaussian,H istied between
certain Gaussians.Since

X N(;H gHT) =) AX N(A; AH 4HTAT)

the additional linear transform A can be absorked into the non-diagonal
part of the covariance matrices, or the MLLT matrix. Recognitionperfor-
mancewill stay unchanged,asin the full-covariance case.

If diagonalcovariancematricesare used,recognition performancewill stay
the sameif A is diagonaltoo.

X N(; ? =) aX N(a: (a)?

where X is a particular feature dimension,a is a scalingfactor. Any non-
diagonal transformation, sud as rotation or a ne transformation, may
result in a performancedi erence.

To summarize,LDA reestimation will most likely take care of any non-singular
linear transform immediately beforeit; acoustic model reestimation will absorbany
non-singularlinear transform on the nal features,with the exceptionthat under the
diagonal covariance assumptions,only diagonal transforms are allowed.

Dimensionalit y Reduction

Dimensionality reduction happens at many placesin the MFCC front-end. Some
are easyto recognize,sud as spectrum smoothing using the Mel-scale Iterbank,
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truncation of the cepstrumafter DCT, and LDA. Someare lessobvious, sud asthe
delta and double delta stage. As mertioned before, it is equal to two operations:
stacking se\eral adjacert cepstral vectors, followed by a linear projection. Stadking
e ectively increaseghe dimensionality of the feature vector, while linear projection
reducesdimensionality.

While it makes training more feasible,dimensionality reduction can potentially
loseusefulinformation, and therefore,shouldbe treated with greatcare. For example,
as shavn in Section6.3.2, the linear projection in the traditional dynamic features
make a poor choicein the subspacewhich seriously degradessystem performance.
Our practice is to adopt a data-driven approad, typically LDA, to retain as much
discriminative information as possiblein the subspace.

Someof the dimensionality reduction stagesmentioned above seemto be well mo-
tivated. Mel-scale Iterbank assignslower resolution at high frequenciesto simulate
the sensitivity of human ear; DCT retains only the top 13 coe cien ts to capture the
spectral envelope. Howewer, these intuitions may not correspnd well with a data-
driven criterion like LDA. As it indicates by our previousexperimerts in optimizing
dynamic features,there could be potential improvemeris by streamlining theseoper-
ations aswell.

Exp erimen ts

In the traditional MFCC front end (Figure 6.2), there is a chain of linear transforms
after the log stage. Following the analysis deweloped in the previous sections, we
can eliminate unnecessarylinear transforms in the front end. We expect no lossin
recognition accuracy and even potential improvemerts.

We tried two simpli ed front-end schemes.The rst consolidatesDCT, the linear
projection in the delta and double-deltastep, and LDA. This e ectively eliminates
DCT from the front-end. The secondsthemegoesone step further to eliminate the
Mel-scale Iterbank aswell.

Before we begin, somespecial considerationis neededfrom CMN. CMN is typi-
cally performedon an utterance (or speaker) basis. It is thereforelinear within ead
utterance (or speaker), but not globally linear. For this reasonit can't be absorked
into the single linear transform described above. Howewer, it can be shown that in
a seriesof linear transforms, it doesn't matter where exactly mean subtraction takes
place. Sincethe net e ect of CMS (Cepstral Mean Subtraction) is to certer feature
vectorsaround 0, we can move the CMS step anywherewe want. The resultedfeature
vector will remain the same.

Variance normalization is a little di erent. Sinceit is typically applied for ead
dimensionseparately variancenormalization at a di erent stageproducesa di erent
set of feature vectors. Howewer, this may not be a major problem, as shovn in the
following experimerts, sincevariancesare still normalized somewhat.
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Figure 6.3: Simplied MFCC Front End

Eliminating DCT DCT is an integral part of the original MFCC front-end. It
senesto decorrelatecepstral coe cien ts to make the dimensionalindependenceas-
sumption more valid.

In Figure 6.3, we try to eliminate the DCT step in the simplied MFCC front
end. Now, we no longer needto choosethe form of DCT or the form of the linear
projection for dynamic features. They are implicitly chosenin a data-driven fashion
by LDA. In addition, instead of reducing dimensionality at se\eral stages,LDA now
handlesall the dimensionality reduction. Both could lead to improved performance.

\ HAngFO\Fl\Fz\Fs\F4\Fx\
with DCT 216] 10.2]21.8]31.2| 34.3]| 16.5| 31.7
without DCT || 216 10.2| 20.7| 30.8| 36.6 | 16.3| 32.6

Table 6.4: WER(%) on Hub4e98Setl, comparing two front-ends with or without
DCT. Both usedata-driven dynamic featureswith a 7-frame context window and no
MLLT.

As shown in Table 6.4, the front-end without DCT achievesthe sameperformance
asthe onethat usesDCT. Thesetwo front-endsare still di erent, ascanbe seenfrom
the WER breakdownn into di erent focus-conditions.Howeer, the overall di erence is
not signi cant. Two conclusionscan be drawn. First, DCT, aswell asthe truncation
of the cepstrumafterwards, is well motivated, sincethe data-driventransform couldn't
nd a better alternative. On the other hand, DCT is dispensable. One can leave it
out without hurting systemperformance.

Eliminating Mel-scale Iterbank Going one step further, since the Mel-scale
Iterbank is just another linear transform that reducesdimensionality, one would
naturally question its optimality too. After all, it's motivated perceptually, and is
not necessarilyconsistem with the overall statistical framework.

Due to the nonlinearity of the log step, it's not straightforward how to optimize
this stage directly. Instead, we tried to leave out this stage completely since the
function it senes, namely to smaooth the spectra and to reduce dimensionality, can
be well captured in the linear transform after the log step. This leadsto an even
simpler and highly uncorvertional front end, which we call the emphLLT? front end

2LLT is mainly an internal acronym, re ecting the fact that the front-end hastwo parts: log and
a linear transform.
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(Figure 6.4). Alternativ ely, one can think of the LLT front end as the result of
switching the order of log and the Mel-scale lterbank, after which the Mel-scale
Iterbank can be integrated with the other linear transforms.

Mean& Variance i
[FFT ] [VTLN | [log! oan yarances | Stading | ILDA] [MLLT|

Figure 6.4: The LLT Front End

Front-End | Context Window Size WER (%)
(# frames) w/o MLLT | w/ MLLT
MFCC 7 20.8 19.2
LLT 7 20.4 19.0

Table6.5: E ect ofthe LLT Front-End onthe BN task. Data-drivendynamic features
are usedin both cases.

Table 6.5 shows the performanceof the LLT front-end on the BN task. LLT gives
roughly the sameperformanceas the MFCC front-end, if not better. This indicates
that, rst, the Mel-scale Iterbank is well designed;second,it is possibleto leave out
the Mel-scale Iterbank and let LDA decidehow to smooth the spectrum. The LLT
transform has signi cantly more parameters,though. To project 7 framesof FFT
coe cien ts (129 per frame) into a 42 dimensionalfeature space,the sizeof the LLT
matrix is 903 by 42.

In Figure 6.5, the LLT matrix in the BN systemis visualized. We remind the
readerthat the LLT matrix hereis a conbination of LDA and MLLT; interpretation
of these plots should be drawn with this in mind. Sinceead row of the 42 903
matrix computesone nal feature dimensionfrom 7 adjacert framesof 129log-FFT
coe cien ts, it can be considereda joint time-frequency lter. Figure 6.5 shows the
rst 4 dimensionsofthe LLT transformin the BN system. For clarity, only coe cien ts
for the rst (lowest) 30FFT indicesareshowvn. The higherfrequencypart is relatively
at comparingto the lower frequencyregion. It is interestingthat the third dimension
is mostly a frequency-domain Iter; little is happening along the time axis. But for
most other dimensionsthe Iter is undoubtedly operating on the joint time-frequency
domain. It is alsoworth noting that most of the activities happenat the low frequency
region. This supports the traditional wisdom behind the Mel-scale Iter, which has
higher resolution on low frequencyregions.

We speculatethe following reasonswhy LLT doesnot outperform MFCC:

Cepstral meanand varianceare 13 dimensionalfor MFCC, while they are 129-
dimensionalfor LLT. Their estimation could be more susceptibleto the data
sparsenesgroblem.
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(a) 1st dimension (b) 2nd dimension
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Figure 6.5: Visualizing the LLT projection as Joint Time-FrequencyFiltering

The LLT matrix hasfar more parametersthan the LDA matrix in the MFCC
front-end. It could overt on the training data. Smaothing techniquesmay be
needed.

Although LLT is conceptually simpler than MFCC, it is computationally more
expensive. LLT delays dimensionality reduction until the very last step, at the cost
of usinga big LDA matrix. In the MFCC front-end, Mel-scale lterbank and cepstral
truncating cut dimensionalitiesat an earlier stage,which keepthe cost low.

6.4 Conclusion

Overall, we achieved a 50% relative improvemen (37% to 18.5%) on the BN task,
of which 14% comesfrom front-end optimization. An important side product of this
processis a better understandingof the modern MFCC front-end:

We showved that dynamic featuresshould be optimized in a data-driven fashion;
We empirically veri ed the validity of DCT and the Mel-scale Iterbank;

We proposeda conceptually simpli ed front-end which leaves out both DCT
and the Mel-scale lterbank, yet achievesa comparableperformance.



Chapter 7
The Switc hboard Task

This chapter describes experimerts on the RT-03 (Rich Transcription) Switchboard
experimerts, where we integrate techniques sud as the optimized front-end, single
pronunciation dictionary and enhancedtree clusteringinto the nal system.

7.1 The Switc hboard Task

The Switchboard corpusis a large collection of corversationaltelephonespeed [God-
frey et al., 1992]. The original SWB corpus, SWB-1 Release2, cortains roughly 2500
conversationsfrom 500 U.S. spealers. The speakers are previously unknown to ead
other, and are asked to cornverseon a certain topic over the phone. The data is
recordedin two channelsusing a 4-wire setup, 8kHz sampling rate, and 8-bit u-law
encaling. An edo cancellationalgorithm is applied for all the data.

#conv #conv | #sides | #hours

collected| transcribed used used

SWB-1 Release? 2400 all 4876 317
Call[Home English 120 all 200 17
SWB-2 Phasel 3638 0 0 0
SWB-2 Phasell 4472 473 944 33
SWB-2 Phaselll 2728 0 0 0
SWB-Cellular 1309 728 | 1456 63

\ Total H - \ - \ 7476 \ 430 \

Table 7.1: Composition of the SWB Training Set. conv is short for conversation.
Eadh cornversation hastwo sides.

The collection and transcription of the SWB data is a long and still ongoing
e ort. Switchboard-1is the \original® SWB corpus. It hasbeenreleasediwo times.
There are certain di erences between the two. Release2 is the most commonly
used, with over 240 hours of speet. There are two major versionsof transcripts
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for SWB-1: the original LDC (Linguistic Data Consortium) transcript and the ISIP
transcript. The ISIP transcript is an e ort, conductedby ISIP (Institute for Signal
and Information Processing)at Mississippi State University, to x certain problems
in the original LDC release. We experimerted with both versionsof transcript and
didn't nd major di erencesin performance.SWB-2 is collectedsomewhatlater, and
largely untranscribed. SWB-Cellular aims at capturing cellular data, but it cortains
a portion of landline calls as well. Transcription of the SWB-2 data and a large
chunk of the cellular data (the CTRAN data) was completedrecerily using a quick
transcription approad, as opposedto the traditional careful transcription approad.
The objectiveis to producelargevolumesof transcribed speed at a reasonablequality
and relatively low budget.

From 1996to 2001,NIST held an (almost) annual evaluation on the Switchboard
task, known asthe Hub5 evaluation. Starting in 2002,the Rich Transcription (RT)
project cortinuesto ewvaluate systemperformanceon cornversationaltelephonespeed
(CTS), with an emphasistowards using more the so-called Fisher data, which is
collectedin a way that closelyresenbles Switchboard.

Table 7.1 gives a dissectionof the ertire SWB training set at the time of the
RT-03 ewaluation. The ertire training set we have cortains 7476 sides,roughly 430
hours of speeti. The RT-03 ewaluation set is 6-hours long, half from Switchboard
and half from the Fisher data. For most of our SWB experimerts, we usea 66 hour
training subsetwith 1088sides,all from SWB-1 Release?, and a 1-hour dewelopmen
set extracted from the 2001Hub5e evaluation data.

7.2 The Switc hboard Baseline System

Our Switchboard baselinesystemis the 1997 ISL Hub5e evaluation system [Finke
et al., 1997]. We give herea brief overview of this system.

For pre-processing,13 MFCC coe cien ts, together with power, and their rst
and secondderivativesform a 42-dimensionalvector. LDA is usedto map it into a
nal 32-dimensionalspace. Maximum likelihood vocal tract length normalization is
performedto build a gender-indegndent acousticmodel.

For acousticmodeling, cortinuous mixture density modelsare used,together with
two-stagequinphoneclustering. Thereis a total of 24000distributions, de ned on top
of 6000codebooks, with 16 Gaussiansn ead codebook. 161 hours of Switchboard-I
data and 17 hours of Call[Home data are usedfor acoustictraining.

The phone set is composed of 44 regular phones, 1 silence, 6 noise phones, 4
interjections (to model lled pausessud asuh, oh, um uh-huh, mm-hjmand a mumble
phone. The vocabulary size is 15k, including the most frequert words from the
Switchboard and CallHome text. The baselinedictionary is expandedby applying
a number of hand-chosenrules. The nal dictionary has about 30k pronunciation
ertries (2 variants per word on average),after pruning away unlikely candidates.
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For languagemodeling, the best result comesfrom interpolating a plain trigram
Switchboard LM, a class-based®witchboard LM, and a 4-gram BroadcastNewsLM.

During decdling, VTLN factors are rst estimated and re ned, followed by iter-
ative MLLR estimation and adapted decaling.

This system adchieved a top ranking in the 1997 Hub5e evaluation. With ex-
actly the samesetup (and multi-pass decaling), the WER is 35.1%on the 1 hour
dewelopmen set de ned above. In the following section, we describe our e orts in
improving the systemfor the RT-03 evaluation. Our nal RT-03 ewaluation systemis
quite sophisticated,which usesmultiple setsof acousticmodelsand languagemodels.
Our RT-03 evaluation is a joint e ort by members of the ISL at both University of
Karlsruhe and Carnegie Mellon University [Soltau et al., 2004]. Most experimerts
descriked here are conductedby the author, unlessindicated otherwise.

7.3 Training EXxp eriments

7.3.1 Front-End

Basedon the experimerts on the BN task, we performed a seriesof front-end opti-
mizations for the SWB system. Results are summarizedin Table 7.2. The baseline
system,the 1997ewaluation system,is trained on 180 hours of data, while the others
aretrained on a 66 hourssubset. The baselinefront-end usesthe traditional delta and
double delta setup, similar to the original BN front-end. The baselinealso performs
cepstral mean subtraction per conversation side, but no variance normalization, nor
MLLT.

We gained 1% absolute,from 39.8%to 38.9%,by switching the delta and double-
delta feature to data-driven projection, with a cortext window of 11 frames. If we
take into accoun the di erence in the size of the training set, the improvemert is
actually larger. The di erence in WER betweenthe 180 hourstraining data and the
66 hours subsetis estimatedto be 1% to 2% absolute.

| System | WER(%) |
baseline 39.8
data-driven , 38.9
+ plain CVN 39.7
+ speet-basedCMN 37.8
+ MLLT 35.6

Table 7.2: Experimerts on Switchboard. Context window sizeis 11 framesexceptfor
the baseline.

In the rst two experimerts, only cepstral mean subtraction is used. We then
addedcepstralvariancenormalization (CVN). While channeldistortion causesa shift
in cepstral mean, additive noise has two major e ects on the distribution of MFCC
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parameters, reduced variance and shift in the means[Jain, 2001]. CMS therefore
compensatesfor both channeldistortion and part of the noisee ect, while CVN tries

to restore the reducedvariance. Howewer, as many have noted, variance compensa-
tion is quite sensitive to the amourt of silencein a utterance [Jain, 2001, Woodland

et al., 2001]. In caseof mismatched training / testing scenario,this can causesignif-

icant degradationin WER. In our Switchboard experimerts, we have veri ed that a

straightforward CVN can indeed hurt performance(38.9%to 39.7%). As suggested
in [Westphal, 1997],speed and silenceregionsneeddi erent treatment in the joint

compensation situation. A simple solution is Speed-basedCepstral Mean Normal-

ization (SCMN). The ideais to use a power basedspeet detector to mark speed

regionin ewery utterance, and estimate cepstralmeanand varianceonly on the spee

region. SCMN helpsabout 1% absoluteon the Switchboard task. MLLT cortributes

another 2.2%extra improvemen.

Front-End | Context Window Size WER (%)
(# frames) w/o MLLT | w/ MLLT
MFCC 11 37.8 35.6
LLT 7 37.9 35.5

Table 7.3: E ects of the LLT Front-End on SWB. Data-driven dynamic featuresare
usedin both cases.

We alsoexperimerted with the LLT front-end asillustrated in Figure 6.4. Results
areshown in Table 7.3. Even with a smaller cortext window size,the performanceis
comparableto that of the MFCC front-end. For computational e ciency reasonswe
choosethe MFCC front-end for all subsequehexperimerts.

7.3.2 Acoustic Mo deling

Most of the acousticmodelsuseVTLN, MLLT, and FSA-SAT. During training, we
iterativ ely estimate VTLN parametersand the acousticmodel. VTLN parameters
typically corvergeafter a couple of iterations. Then we estimate MLLT and add it
to the front-end.

FSA-SAT is similar in essencéo constrainedmodel spaceSAT [Bacdiani, 2001].
A linear transform is computed for ead cornversation side during both training and
decaling, and acoustic models are estimated in the normalized feature space. This
improvesrecognitionaccuracywith only a fraction of the computational costof model
spaceSAT.

As shown in Table 7.4, FSA-SAT reducesWER by 1.3% absolute. The gain is
smallerwhen MLLR is used,but still in the 1% range.

Feature spaceadaptation canbe usedto adapt a non-SAT model aswell. The gain
is typically much smallercomparingto MLLR, but conbining the two, FSA givesan
additional  0:3% improvemert on top of MLLR.
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| Setup | WER(%) |
non FSA-SAT model 31.6
FSA-SAT model 30.3

Table 7.4: The E ect of FSA-SAT (w/o MLLR) on the full training set

We alsoget improvemeris from singlepronunciation dictionary and enhancedree
clustering, as describted in Section3.2.3.

7.3.3 Language Mo deling

We use an interpolated languagemodel on a 40k vocabulary!. The baselineLM is

\ LM H WER(%) \
3gram SWB 314
+ 5gram classSWB 31.0
+ 4gram BN 30.3

Table 7.5: LanguageModeling
a trigram model, trained on the Switchboard corpus. It is interpolated rst with a

5-gramclass-base@®witchboard LM, andthen a 4-gramLM trained on the Broadcast
Newscorpus. The overall improvemert from the 3-fold interpolation is  1%.

7.4 RT-03 Switc hboard Decoding Exp erimen ts

7.4.1 Mo del Proles

| | sys-id | description

base non-SAT model, quinphone, 168k Gaussians
AM | SAT FSA-SAT model, quinphone, 168k Gaussians
MMIE MMIE, FSA-SAT, septaphone 288k Gaussians
3gsmall | 3gram SWB LM on 15k vocabulary

LM | 3g big 3gram SWB LM on 40k vocabulary

full 3-fold interpolated SWB LM

Table 7.6: Model Pro les

The nal models usedin decaling are listed in Table 7.6. All acoustic models
are trained on roughly 430 hours of the SWB training data. The MMIE models are

1The LM experimerts are performed by Christian Fugen.
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estimated using maximum mutual information criterion, while the other two usesthe
convertional maximum likelihood criterion. The MMIE modelsare alsotrained with
a di erent lexiconthat hasan averageof 2 pronunciations per word, while the other
two usessingle pronunciation lexicon described inSection 3.2.32

A scaled-davn trigram LM is usedin early decaling passes. It usesa smaller
vocabulary and, therefore,is much faster to load.

7.4.2 Decoding Exp eriments
Table 7.7 lists the decaling stepson the RT-03 Switchboard evaluation set.

| step# | decale| AM | LM | adapt | WER | commerts |
1 X base | 3gsmall warp=1.0
2 X base | 3gsmall reestimatewarp
3 base | 3gsmall | MLLR reestimatewarp
4 X SAT | 3gsmall| FSA | 32.7 | reestimatewarp
5 base | 3gsmall | MLLR | 30
6 SAT |3gsmall| both |29.4
7 X SAT full both | 27.6
8 base full MLLR | 27.5
9 SAT 39 big both | 27.7
10 SAT full both | 26.4
11 base full MLLR | 26.5
12 X MMIE full both | 24.7
13 X base full both | 24.9
14 SAT full both | 25 adapt on hypo13
14b SAT full both | 24.7 | adapt on hypol2
15 x 8ms | MMIE full both | 24.3 | adapt on hypol4
16 base full both | 24.7
16b SAT full both | 24.4
16¢c 8ms SAT full both | 24.4

Table 7.7: Decaling Stepson RT-03 Switchboard Eval Set. Decading is performed
only on stepsmarked with \x". Acoustic lattice rescoringis usedfor the rest. 8ms
meansframe shift is changedto 8 milli-seconds(125 framesper second). The default
is 10ms. Adaptation mode \b oth" meansadapting with both FSA and MLLR.

The rst 4 stepsare usedto establishreasonableVTLN warping factors. To save
time, only the rst minute from ead cornversationside (5 minuteslong on average)is
decadedin the rst 3 steps,sincewe only need30 secondof voicedspeed to reliably

2The MMIE models are trained by Hagen Soltau, Florian Metze and Christian Fugen. Details
about the MMIE training can be found in [Soltau et al., 2004].
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estimate a warping factor. This also preverts us from computing WERs for these
steps.

After establishingVTLN parameters,we progressiely apply more sophisticated
acoustic models and languagemodels. The organization of these stepsis basedon
decdaling experimerts onthe RT-03 dry-run set. Major improvemerts comefrom SAT
and MMIE models, larger vocabulary, LM interpolation and systemconbination. In
particular, the following items are worth mertioning:

Cross-adaptation By adapting one systemusing hypothesesproduced by another
system, we can achieve a certain degreeof system combination [Peskin et al.,
1999]. As is evidert from Table 7.7, cross-adaptationis usedextensiwely, where
we switch either the acoustic model, the languagemodel, or both. Step 9, for
example,deliberately switchesbad to a simpler LM get somecross-adaptation
e ect. We obsenedthat whenWER seemgo get stuck, we candrive it further
down by cross-adaptationusing hypothesesin the sameWER range.

Dieren t frame rates Changingframeshift to 8msis anotherway to generatesome
\jittering" e ect. Featurevectorsare computedasusual,only that moreframes
are generated.

Decoding vs. lattice rescoring Wedon't carry out full decaling every time. Acous-
tic lattice rescoringis an e ectiv etechniquewe useto appraximate full decaing.
It usesinformation in a lattice to greatly cut down the seart space.Typically
we get a speedupof at least 10 fold and still very accurate WER estimation.

Speed vs. accuracy It is possibleto reducethe number of steps. The particular
decaling strategy in Table 7.7 is what we found to be optimal on the dry-run
data. Somestepscan be eliminated with only a marginal losson accuracy

System combination The numbers shavn here are roughly comparableto the re-
sults in the ocial ISL submissionto the RT-03 evaluation, except for the
omissionof the nal step: confusionnetwork conbination [Mangu et al., 1999]
and ROVER [Fiscus,1997]. That step reducesWER from 24.4%to 23.5%.

Overall, our RT-03 Switchboard systemreducesWER by 38%relative (35.1%to
23.5%) from the baseline Switchboard system we started a year ago [Soltau et al.,
2004].
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Chapter 8

The Meeting Transcription Task

8.1 The Meeting Transcription Task

Meeting transcription is a new task that attracts more and more interest. Over the
yearsa number of internal group meetingshave beenrecordedhereat the Interactive
SystemsdlLaboratoriesat CarnegieMellon University [Burgeret al., 2002]. To minimize
interferencewith normal styles of speed, we usedclip-on lapel microphonesrather
than close-talkingmicrophones.While lapel microphonesare not asintrusive asclose-
talking microphones,they causedegradedsound quality. A variety of noises,sud
as crosstalk, laughter, electric humming and paper scratding noise are picked up
during recording. For simultaneousrecording of multiple spealers, a 8-channelsound
card is used. This simpli es the recording setup and also eliminates the need for
syndironizing multiple channels.

Meeting transcription is more challenging than Switchboard in the following as-
pects.

Meetings cortain a signi cant amourt of crosstalk, where people speak simul-
taneously Recognition is virtually impossibleon regions of sewere crosstalk.
While crosstalkis also presen in telephonecornversations,it is quite rare and
of a mild nature.

Comparedto Switchboard, meetingsrepresen multi-party faceto faceinterac-
tions betweenfamiliar parties. The sloppy speedt style issueonly becomesnore
sewere.

Meeting data is very noisy, partly due to the use of lapel microphones,as de-
scribed before.

A total of 14 meetingsare usedfor our experimerts. All of them areinternal group
meetings, where people discussvarious projects and researt issues. Each meeting
lasts about 1 hour, with an average of 5-6 participants. The test set consists of
randomly selectedsegmets from six meetings(roughly 1 hour, 11,000words).
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8.2 The Eect of Speaking Styles

As mertioned in Chapter 1, we conductedan experimert similar to the SRI Multi-
Register experimert [Weintraub et al., 1996]to assesghe e ect of sloppy speaking
styles.

For one of the meetings,we asked three of the meeting participants to comebadk
to read the transcript of the meeting. They were recorded using the same lapel
microphonein the samemeetingroom. They were rst asked to read the transcript
in a clear voice, which is denotedas\read" speet in Table 8.1. Then eat of them
were asked to read the transcript, but this time \act out" his/her part in the real
meeting, in other words, to simulate the spontaneousspeed style. This is denoted
as\acted".

| condition || read | acted | spontaneous|
spealerl | 36.8| 36.7 46.1
speaker2 || 35.2| 61.0 63.3
speaker3 | 37.0| 61.3 73.6
| Overall | 36.7] 48.2 | 548 |

Table 8.1: WER(%) with di erent speaking styles

Recognition was carried out using the Broadcast News systemon all three con-
ditions. The overall WER increasesdrom 36.7%for read speedt, to 48.2%for acted
speet, and nally to 54.8%for the real meeting. This clearly shows that the sloppy
speed style is a major concernfor meetings.

8.3 Meeting Recognition EXp erimen ts

8.3.1 Early Exp eriments

Sincewe did not have enoughdata to dewelop a meeting speci ¢ system, we exper-
imented with various other systemsin the beginning, including the ESST (English
Spontaneous Sceduling Task) system, the WSJ system and the 1997 Switchboard
system. [Yu et al., 1998,1999,2000,Waibel et al., 2001].

Di erent systemmatchesthe meetingtask in di erent aspects:

The ESST systemis an in-housesystemdeweloped for an English spontaneous
scheduling task [Waibel et al., 2000]. It has 16kHz samplingrate and is trained
on 26.5hours of spontaneousdialogsin a travel resenation domain.

The WSJ systemis trained on 83 hours of widebandread speet for the Wall
Street Journal task.
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The Switchboard systemis the 1997 ISL Switchboard evaluation system. It
matches the meeting task on speaking styles, but not on bandwidth. Before
decaling, we needto rst downsamplethe meeting data from 16kHzto 8kHz,
under the risk of losing information in the higher frequencyregions.

Table 8.2 shows recognition results using various existing systemson the meeting
task!. UnsupervisedMLLR adaptation was performed, leading to signi cant reduc-
tion in WER. Overall, the SWB systemis signi cantly better, which is likely due to
the match in speaking styles. While the ESST systemis also spontaneous,it hasa
fairly limited amourt of training data and is highly specializedfor the travel domain.

bandwidth speaking adaptation iterations

(H2) style 0 | 1 | 2

ESST 16k spontaneous || 67.4| 57.5| 55.2
WSJ 16k read 54.8| 49.6| 49.9
SWB 8k corversational || 47.0| 42.3| 41.6

Table 8.2: WER(%) of various systemson meetings

8.3.2 Experiments with the BN System

At a later stage, we deweloped the BN system, which achievesa rst passWER of
18.5%o0n the 1998hub4eeval set 1, asdescribed in Chapter 6. The BN systemis an
attractiv e choicefor meetingsfor the following reasons.

It matchesthe meetingtask in terms of bandwidth (16kHz wideband).

The availability of large amourts of training data and the presenceof various
acousticconditions make the modelsmorerobust acoustically Notice the ESST
system, the WSJ systemand the SWB system are all trained on fairly clean
data.

In terms of speakingstyles, the BN training data alsocortains a fair amourt of
spontaneousspeed.

As shown in Table8.3,the ESST systemhasa WER of 54.1%on this test set. The
BN baselinesystemadievesasigni cantly lower WER of 44.2%. After acquiringmore
meeting data, we tried to adapt the BN systemto the meetingdomain. Maximum a-
posteriori (MAP) adaptation of the BN systemon 10 hours of meetingdata improves
the WER to 40.4%. By further interpolating the BN LM with a meetingspeci c LM
trained on 14 meetings,we reduceWER to 38.7%.

1Theseare early experimerts performed on a 1 hour long meeting.
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| [ WER (%) |
BaselineESST system 54.1
BaselineBN system 44.2
+ acousticMAP Adaptation (10h meeting data) 40.4
+ languagemodel interpolation (14 meetings) 38.7

Table 8.3: Adapting the BN systemto meetings

8.3.3 Experiments with the Switc hboard System

More recerily, encourageddy the results on the RT-03 Switchboard task, we applied
the improved SWB systemon the meeting transcription task.

| pass# | decale| AM | LM | adapt | WER | commerts |

1 X base| 3g small warp=1.0

2 X base| 3g small 41.2 | reestimatewarp
3 SAT | 3gsmall | FSA | 38.7

4 base| 3gsmall | both | 38.1

5 X base| 49BN | MLLR | 34.6

6 SAT | 49BN both | 33.5

7 SAT full both | 32.6

Table8.4: Decaling the meetingdata usingthe Switchboard system.\4g BN" denotes
the 4-gram BN componert of the full SWB LM.

The new Switchboard systemusesmultiple setsof acousticmodels and language
models, as descrilked in Section7.4. Comparedto the RT-03 SWB experimerts in
Table 7.7, a simpler decaling strategy is taken (Table 8.4). The rst two passesare
to establishreasonablewarping factors. With better acoustic models and language
models, WER gradually dropsto the nal 32.6%. A more elaborate decaling setup
may yield even lower WERs. Comparingto our previous best results, we achieved a
15% relative reduction (from 38.7%to 32.6%)in WER, without using any meeting
speci ¢ data or tuning. The reason,we suspect, is that the Switchboard systembetter
matchesthe meeting task in terms of the sloppy speaking style, which outweighsa
better matching in bandwidth and acousticconditions asthe BN systemdoes.

The overall improvemert sincethe onsetof the meetingtranscript project is 40%
relative (54.1%to 32.6%).
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Conclusions

9.1 Summary

Sloppy speed is a challenging problem for the current generationof ASR systems.
This thesisexploredseeral fronts to improve the modeling of sloppy speed.

Oneimportant di erence of sloppy speed from read speed is the deviation from
standard pronunciations. Most previous work has focusedon explicit pronunciation
modeling. After examining the lexicon design problem and the overall pronuncia-
tion modeling strategy, we explored two implicit pronunciation modeling methods:
exible parametertying and Gaussiantransition modeling. Togetherwith a single
pronunciation dictionary, enhancedtree clustering| a exible tying method | has
led to signi cant improvemerts (5% relative) on the Switchboard task.

Sloppy speed also exacerbatesthe known weaknesse®f the HMM framework,
such asthe frame independenceassumptionand/or the \b eads-on-a-string"model-
ing approad. Another front of the thesisis to alleviate these problems. Gaussian
transition modeling introducesexplicit dependenciedetweenGaussiansn successie
states. Thumbnail featuresare essetially segmeral level featuresthat capture higher
level events. We haven't beenableto achieve signi cant improvemeris with Gaussian
transition models. Thumbnail featuresimprove performancein initial passesput the
improvemen becomesnarginal whenconmbined with advancedacousticmodeling and
adaptation techniques.

One may argue that all three methods are not really specic to sloppy speed.
They canbe applied asgeneralspeet recognitiontechniquesto other typesof speet
as well. In a sense,this stems from the fact that the boundary between sloppy
speet and other types of speed is not clearly drawn, especially since styles can
often changewithin the sameconversation,asdiscussedn Section1.1. It is therefore
dicult to imagine a technique that works only on sloppy speed, but not on non-
sloppy speed. From a historic point of view, sloppy speed is largely a \found"
problem | peopledidn't even realizethat sloppy speed was an issuein the earlier
days. If ASR technologieswere more accurate,we may not even needto worry about
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the sloppy speet issue. Hence, it is possiblethat advancesin generic modeling
techniguescan make the sloppy speet problem largely obsolete.On the other hand,
all three approadiesare designedwith sloppy speet in mind. Their utilit y might be
greatly diminished if applied to read speed. For example,the author believesthat
singletree clustering is necessaryonly whenthere is reasonfor cross-phone/substate
parametersharing, sud asincreasedoronunciation reductionin sloppy speet. While
this technique was proposedquite early [Takami and Saggama, 1992,0stendorfand
Singer,1997,Paul, 1997],there was little interest at that time in applying it to read
speed.

In addition to exploring newideas,we alsofocuson empirically improving system
performances. Overall, we have achieved signi cant word error rate reduction on
three tasks: 50%relative on BroadcastNews, 38% relative on Switchboard (which is
ateam e ort) and 40%relative on meetings.

Although the three tasks di er in many aspects and it may not be appropriate
to compare WERs betweenthem, it is still interesting that there seemsto exist a
direct relationship betweenthe amourt/degree of sloppinessand the recognition per-
formance: our best WERs for BN, SWB, and meetingsare 18.5%4, 23.5%and 32.6%,
respectively. The degreeof sloppinessseemsto be a good indicator of recognition
performance. On the other hand, this suggeststhat sloppy speed is still a major
problem for automatic speed recognition.

9.2 Future Work

Despite the progress,the sloppy speet problem is far from being solved. We think
there is ample room for researt in the following areas:

Ric her acoustic models beyond HMMs There have beenmany proposalsto go
beyond the HMM framework. One would like to have, for example,the ability
to use higher level features, sud as prosadic featuresor segmetal features.
Maximum ertropy model is one of the most promising proposals. It is designed
to take advantage of arbitrary features,without requiring thesefeaturesto be
independent. When usedin a conditional setting, it is a discriminative model
by design. It hasalsobeenextendedto sequencemodeling, sud as maximum
entropy Markov models[McCallum et al., 2000]and conditional random elds
[Laerty et al.,, 2001]. There has been somerecert work in using them for
acoustic modeling as well [Likhodedor and Gao, 2002], [Macherey and Ney,
2003].

Language modeling While it hasbeenvery hard to improve upon the plain trigram
languagemodel, most researtiersbelieve the full potential of languagemodeling

lwe haven't actively worked on the BN task since 2001. This number should be signi cantly
lower if we incorporate the latest technology improvemernts.
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isyet to beunleashed.The challengecould be either to improve languagemodels
per se,or to nd a better integration with acousticmodels.

Proso dic modeling We haven't really tapped into prosady featuresin this thesis.
Howe\er, things like stressand intonation are known to be very important in
human comnunication. In addition to reliably tracking prosadic features, a
major dicult y in prosadic modeling is also how to integrate with acoustic
models and languagemodels.
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App endix A

Phase Space Interpretation of
Dynamic Features

Typically, a front-end is designedwith the following objectivesin mind: dimensional-
ity reduction, for removing irrelevant details from subsequeh modeling; discrimina-
tion, to keepas much class-sgci ¢ information as possible;data transformation, to
better t any particular acousticmodeling shhemeor assumptions,sud as Gaussian
mixture modelswith diagonal covariance matrices

In this section,we presen a di erent view of the front-end, which is to recover the
speet generationprocess.If the goal of ASR is to decipherwords spoken, it would
be desirableto rst recover the physical processthat producesthe acousticsignal. If
onecould directly measurearticulatory movemerts in a non-intrusive way, ASR could
be a lot more successfuhowadays. At least, channel distortion and additive noise
would not be an issue. Since articulatory measuremets are not readily available,
the challengeis to recover information about the production processdirectly from
speet signal. In this section, we rst introduce the concept of phasespaceas a
way to represem a dynamic process;then discussthe generalidea of phasespace
reconstruction; and shov how the current dynamic featuresare, in a way, a phase
spacerepresemation.

A.1 Phase Space

In dynamical systemreseart:, the dynamics of a physical system can be descriked
mathematically in a phasespace or a state space. Each dimensionof the spacerepre-
serts an independert (state) variable of the system,sud asposition or velocity. Each
point in the phasespacecorrespndsto a unique state of the system. The ewlution
of a systemover time producesa phaseportrait in the phasespace. Much can be
learnedabout the systemdynamicsfrom its phaseportrait.

Commonin physicstext, a simple medanical systemcan be descriked in a phase
spaceof two dimensions: position versusvelocity. A complex system with many
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degreesof freedomneedsa high dimensionalphasespace.

An exampleis shavn in Figure A.1, wherearticulatory movemeris are measured
while a personis producing the syllable /ba/ repeatedly [Kelsoet al., 1985]. The left
panel shaws the traditional time domain measuremets of jaw and lower lip move-
merts; the right panel shows the correspnding phaseportraits for the two articula-
tors, plotted in a plane of position vs. instantaneousvelocity.

Certain aspects about speed production becomeclear in the phase portraits.
The most visible is the repetitiv e syllable pattern. Eacd circle represems an instance
of /ba/, wherethe half denotedas CLOSEBPorrespndsto /b/, OPENor /a/. Inter-
syllable events, sud asstress,canbe seenasalternating patterns of largerand smaller
circles. It is alsoclear that the motion of the articulators is lessvariable during the
production of the consonah (CLOSBDOthan of the vowel (OPEN In addition, inter-
articulator timing (articulatory syndirony/asynchrony) can be studied if we plot a
phasespacethat covers multiple articulators (not shavn here).

20 CLOSED

FOSITION
(mm)
o
260
VELOCITY g
(mm /=)

=260

22

FOSITION %%Wﬂt
Cmim)
0
230
VELOCITY
(romiz)

—330
I &00m I

,_
o
z
=
e
-
SITION {mm )

YELOCITY {mm/s)

Figure A.1: Phaseportraits of two articulators during production of reiterant /ba/.
(From Kelso et al. 1985, ¢ 1985Acoustical Scciety of America)

The phasespaceof the speet production processis roughly the con guration
of the human vocal tract, which, in turn, dependson the position of various speet
articulators, sud as tongue, lips, jaw, velum, and larynx. It is the behavior of
the articulators over time that producescortinually varying acoustics. A recurrert
belief among speed researbers is that what the listener extracts from the speed
signal might be information about the speet production processitself [Rubin and
Vatikiotis-Bateson, 1998].

If measuremets of various articulators could be made easily and accurately it
would be an inherertly superior represemation than the one basedon acoustics. It
givesa more direct accesgo the information source,and besides,there is lesscon-
tamination by noiseor channeldistortion. Generally howewer, only the speed signal
is available to an ASR system. Therefore, it would be desirableto reconstruct the
phasespacefrom acoustics.
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A.2 Phase Space Reconstruction using Time-Dela yed
Embedding

To study the dynamics of a system, all we needis the phaseportrait. But in many
casesthe systemis not fully obsenable. We may only get a scalarmeasuremetone
at atime, denotedby fs,g. Vectorsin a new space the embedding space,are formed
from time-delayed valuesof the scalarmeasuremets:

Sh=(Sh m 1) S (m 25 :Sn)

The number of samplesm is called the emhedding dimension the time is called
delay or lag The celebratedreconstruction theorem by Takens states that under
fairly generalassumptionstime-delayed embeddingf s,,g providesa one-to-oneimage
of the original phaseportrait, provided m is large enough[Takens,1981].

Time-delayed embeddingis a fundamertal tool for studying the chaotic behavior
of nonlinear systems. For a detailed discussion,as well as how to choosethe right
value for m and , readersare referredto [Kantz and Sdreiber, 1997].

A.2.1 A Linear Oscillator Example

For simplicity, we usea linear systemhereto illustrate the idea of phasespaceand
phasespacereconstruction.
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Figure A.2: A linear oscillator, its phaseportrait and reconstructedphasespacefrom
time seriesobsenation

Considera linear oscillator consistingof a massattached to a linear elastic spring
(Figure A.2(a)). Accordingto Newton's law of motion, the accelerationof the object
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is the total force acting on the object divided by the mass.

X= —

m
Assumingno friction, the springforcef is proportional to the amourt that the spring
hasbeencompressedwhich is equalto the amourt that the object hasbeendisplaced.

f = kx
Combining the two, the systemdynamicscan be uniquely described by

k
= — A.l
X mx (A.1)

Solving this di erential equation, we have
X = asin(wt + b)

wherew? = % the valuesof a and b depend on the initial condition.

The phasespacefor sudh a systemis typically (x; x). The systemmovesalong a
closedellipse periodically (Figure A.2(b)). When friction is taken into accoun, the
phaseportrait becomesan inward spiral, sincethe systemwill gradually losevelocity.

Now, supposewe only obsene a time seriesf X,g, under a certain sampling rate
(Figure A.2(c)). We can reconstruct the phasespace,as shovn in Figure A.2(d),
where the enmbedding dimensionm is setto 2, delay equals3. Clearly the recon-
structed phaseportrait has the same structure as the original system, although a
strong correlation exists betweenthe delayed coordinates.

A.2.2 Chaotic Systems

Time-delayed enbedding is usedextensiwely in the study of chaotic systems,which
have beenfound to be quite commonin daily life. Speet, amongother things, has
beenshown to be chaotic. The phaseportrait of a chaotic systemis very complex,
with the existenceof strange attractors being its hallmark. Examples of chaotic
systems,their phaseportraits, and reconstruction of their dynamicscan be found in
many books and websites,for example,[Diks, 1999,Kantz and Sdreiber, 1997].

A.3 Phase Space Reconstruction for Speech Recog-
nition

In recen years,there hasbeena growing interestin applying phasespacereconstruc-

tion to speet recognition. In the classicsource- lter model, the speed signalis the

combined outcomeof a soundsource(excitation) modulated by a transfer ( Iter) func-
tion determinedby the shape of the supralaryngealvocal tract. This model is based
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on the linear systemtheory, so are most traditional speet parameterizations,sud
asthe linear predictive coding. It hasbeenarguedthat phasespacereconstruction,
asa nonlinear time seriesanalysistechnique, ts better with the nonlinear nature of
speed. Using delayed embeddingdirectly on the time domain signal, various chaotic
features (sudh as correlation dimensionand Lyapunos exponerts) are extracted as
the basisfor recognition. It is reported that although the new chaotic feature does
not outperform the traditional MFCC (Mel-FrequencyCepstral Coe cien ts) feature,
a combination of the two tendsto improve recognition accuracy[Pitsikalis and Mara-
gos,2002,Lindgren et al., 2003].

While theseworks all usetime-delayed embedding directly on the time domain
signal, we arguethat it is more appropriate to enbed in the cepstral domain. As a
result, the delta and double delta featuresare actually a phasespacerepresetation.

A.3.1 Why Embedding in the Cepstral Domain

neural muscular
controls

articulatory
dynamic system

\

filtering
(source filter model)

excitation

[

speech signa

I

Figure A.3: Two Sub-systemsn Speed production

Upon closerexamination, there are really two systemsinvolved in speet produc-
tion (Figure A.3): the ltering system(asin source- lter model) and the articulatory
system. The coordinated motion of various articulators determinesthe shape of the
vocal tract, which then lters the sound source,producing the speet signal. Since
the ultimate goal of ASR is to infer the phasespaceof the articulatory system, it
IS more appropriate to start from a represemation of the instantaneousvocal tract
shape, rather than directly from the speedt signal.

According to the traditional theory, cepstral coe cien ts are designedto capture
the spectral envelope, which is largely determined by the shape of the vocal tract
[Rabiner and Juang, 1993]. In other words, cepstrumis a fairly good represemation
of the vocal tract characteristics. It givesa reasonablesource/vocal tract separation.
Working in the cepstral domain allows us to focus on the (nonlinear) dynamics of
the articulatory system,whereasthe dynamicsreconstructedfrom the time domain
cortains the compounding e ects of both systems.
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A.3.2 Delta and Double-delta Features

As noted before, delta and double delta features can be computed by stadking sev-
eral adjacen frames of cepstral vectors together, then projecting down to a lower
dimensionspaceby a linear transform.

It should be clear now that modulo the linear transform, dynamic features are
exactly time-delayed embeddingin the cepstraldomain. This leadsto the revelation
that dynamic features have a fundamenal meaning, which is to recover the phase
spaceof the speed production system,i.e. the time-varying articulatory con gura-
tion.

There are se\eral caveats, though. First, we are embedding a vector series,not a
scalartime series.This is equivalert to taking simultaneousmeasuremets of multiple
variablesof a system,and, therefore,not a problemat all. Second speed production
is not deterministic. The existenceof measuremeh noise (environmertal noiseand
channel distortion) further complicatesthe picture of the reconstructed dynamics.
Someof the issuesare discussedn [Kantz and Sdreiber, 1997,Diks, 1999].

Onemay arguethat after all, delayed embeddingis only a di erent represemation
of the data, without introducing any new information. In the caseof speed recogni-
tion, we needto justify any changesat the featurelevel with respectto the underlying
modeling framework. The next sectionwill shov why time-delayed enbeddingis es-
sertial for HMMs.

A.4 Time-dela yed Embedding and HMMs

As marny researbers have pointed out, HMMs fail to capture speet dynamicsaccu-
rately, due to the conditional independenceassumption: ead frame is conditionally
independen of ead other, given the state sequence.Se\eral alternative approades
have beenproposedto compensatefor this weaknesssud as segmetal models [Os-
tendorf et al., 1996b],parallel-path HMMs [lyer et al., 1998],and GaussianTransition
Models [Yu and Scultz, 2003]. Unfortunately, these sophisticated models have yet
to show improvemernts over the seeminglysimple HMMs.

Part of the reasonis due to the use of time-delayed enbedding, i.e. delta and
double-deltafeatures. By changingthe featurerepresetation, ead featurevector now
coversa window of consecutie frames,rather than a singleframe. Hence,the ertity
being modeledwith HMMs is an erntire segmen typically around 100 millisecondsin
duration, rather than a singleframe of 20 milliseconds.In a sensethis is segmetal
modeling in disguise.

The e ect of time-delayed embedding on the underlying model can be more for-
mally establishedin the following scenarios.
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A.4.1 Deterministic Dynamic Systems

It is well known that for dynamic systemsthat can be descrilked by di erential equa-
tions, a setof rst order di erential equationsis generalenough,even for secondor
higher order systems.

In the above exampleof a secondorder linear oscillator, it is easyto corvert the
systemequationto a setof rst order di erential equations. By introducing a new
variabley = x, equation A.1 can be rewritten as

X =y
Yy = X

In the phasespaceof (x;y), this is a rst order system. In the same spirit,
rst order Markov models can be elewated to a higher-order model by phasespace
reconstruction.

A.4.2 Mark ov Mo dels

A Markov model of order m is a model where the probability at time t depends
only on the last m steps. Theselast m stepsde ne the state of the system. Hence,
using time-delayed embedding of the past m samples,the state of the systemcan be
accurately determined.

If the data indeedcomedrom anm-th order Markov source we needm-dimensional
embeddingto model it properly with a rst order HMM, sincenow the probability of
the next state (or obsenation) dependsonly on the current state (or obsenation).

A.4.3 Hidden Mark ov Mo dels

Markov models can be thought of as a special caseof HMMs where there is a one-
to-one correspndencebetween states and obsenations, i.e. states are not hidden.
For HMMs, we can no longer strictly prove that a rst order HMM can model an
mth order sourceusing delayed embedding of order m. It may be a little di cult
hereto think of HMMs as a generative model in this cortext. Nonethelessfrom a
discriminative point of view, eat delay vector cortains more information about the
idertity of the HMM state than a singleframe.

This is alsorelated to the false nearest neighlor method, commonly usedin non-
linear time seriesanalysisto determine the minimal su cien t embedding dimension
[Kantz and Sdreiber, 1997]. If the embedding dimensionm is lessthan the dimen-
sionality of the original system, the reconstructed dynamics won't be a one-to-one
image of the original attractor. Instead, \folding" will occur: points are projected
into neighborhoods of other points to which they don't belongto. False nearest
neighbor can thereforebe usedas a test for insu cien t enbedding dimension.

Similarly, with no embedding or insu cien t embedding dimension, the feature
vector in ASR doesn't carry enoughinformation to accurately determinethe state of
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the articulatory system. Hence,embeddingempowersa rst orderHMM by increasing
the mutual information betweenfeature vectorsand their classlabels.

A.5 Linear Transformation of the Phase Space

A linear transformation of the phasespacedoesnot changethe validity of the enbed-
ding theorem. It canactually leadto a better represetation of the data. As shown in
Figure A.2(d), a strong correlation exists betweenthe delayed measuremets, which
is irrelevant to the structure of the systemdynamics. Derivative coordinates (simi-
lar to delta and double delta) and principal componert analysishave beenproposed
as alternativesto delayed coordinates [Kantz and Sdreiber, 1997]. Both are linear
transforms of the original phasespace.In the caseof ASR, it is clearly worthwhile to
apply LDA and MLLT on dynamic features.
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