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Abstract
This study is aimed at investigating whether autixnphonetic transcription procedures can approtémaanual transcriptions
typically delivered with contemporary large spe@dhpora. To this end, ten automatic procedures weeel to generate a broad
phonetic transcription of well-prepared speechdyalmud texts) and spontaneous speech (teleph@egdes) from the Spoken
Dutch Corpus. The resulting transcriptions were gared to manually verified phonetic transcriptifmasn the same corpus.

Most transcription procedures were based on lexjoahunciation variation modelling. The use of sighased pronunciation
variants prevented the approximation of the maguadkified phonetic transcriptions. The use of kienge-based pronunciation
variants did not give optimal results either. A @aital transcription that, through the use of decidrees and a small sample of
manually verified phonetic transcriptions, was nittketowards the target transcription, performedtb&he number and the nature
of the remaining disagreements with the refererasgstriptions compared to inter-labeller disagra@meeported in the literature.

Wang et al. 2005). In these studies, the phonetic
1. Introduction transcriptions were used as tools to improve the

In the last decades we have withessed the devehlpmé’erfor'ﬁn"’mc_e of a specific system. Hence, they merte
of large multi-purpose speech corpora such as TlMl-pvalyated in_terms Of their S"?‘"‘?‘“W with manyall
(1990), Switchboard (Godfrey et al., 1992), Verbinob Verified broad phonetic transcriptions. Only a dmal
(Hess et al., 1995), the Spoken Dutch Corpus (@kstd number of studies evaluated automatic phonetic
2002) and the Corpus of Spontaneous Japanese (Magka [F2NSCriptions in terms of their resemblance to waan
2003). In particular a good phonetic transcripiiocreases  Uanscriptions (e.g. Wesenick, & Kipp, 1996; Kig, al.
the value of such corpora for scientific reseanth for the ~ 1997; Demuynck et al. 2004). These studies, however

development of applications such as automatic $peed€Ported the use and evaluation of only one oretdd
recognition (ASR). number of similar procedures at a time. To our

For some purposes (e.g. basic ASR development), Kpowledge, no study has compared the performance of
canonical phonetic representation of speech can tablished automatic transcription proceduregiims of

sufficient (Van Bael et al., 2006). However, fotet their ability to approximate manual transcriptiond/e are
purposes, such as linguistic research, a more aggcur /SO Not aware of attempts to study th‘? potermadzlsgy of
annotation of the signal is needed. For this reasome the comb_matory use of existing transcription prses.
corpora come with a manual transcription of theadat _1he aim of this paper is to compare the performarice
(Hess et al., 1995; Greenberg et al., 1996; Odst2]02). existing transcription procedures and to investigat
Despite efforts to improve the workflow of human "hether combinations of these procedures leaduetter
experts, however, the human transcription proo&s®mins p‘?ffOf!“ance so that It V.V'” eventually be poss]h)dE
tedious and expensive (Cucchiarini, 1993). Thislme  Minimise (or even eliminate) human labour in the
why ‘only’ 4 hours of Switchboard speech were Phonetic transcription of large speech corporahout

phonetically transcribed as an afterthought, angt wie 'educing the quality of the transcriptions. Since
phonetic transcription of ‘only’ 1 million words dhe 9-  ranscriptions in large speech corpora are oftesigded

million-word Spoken Dutch Corpus was manuallyf‘o suit multiple purposes, our transcriptions ateoa

verified. Both for Switchboard and the Spoken Dutch'm.ended to be muIti-appIicabIe _rather than pakidy
Corpus, transcription costs were restricted by gutsg suitable for one specific appllca'uon_ .SUCh. as ASR.
trained students with an example transcription. Thé]‘he_ref_or_e, we will evaluate the transcriptions ems (.)f
students were asked to verify this transcriptidtheathan ~ their sw;ularlty to ‘F‘ referenﬁe trapscr_lptlon, ththan in
to transcribe from scratch (Greenberg et al. 1@sjdijn ~ [€rMs of a particular speech application. Becausavant
& Binnenpoorte, 2003). Although such a check-andemn (0 @PProximate manually verified transcriptions, wil
procedure is very attractive in terms of cost réidngit has /S0 discuss the characteristics of manual phonetic
been suggested that it may bias the resultingdriptions ~ r@nscriptions obtained through verification of ewyze
towards the example transcription (Binnenpoort®620in transcriptions. MOSt.Of the procedures d|_scussedh|s;|
addition, the costs involved in such a procedue sifll ~ aticle require a continuous speech recogniseelcsthe
quite substantial. Demuynck et al. (2002) repotted the ~Pest fitting lexical pronunciation variant. The wmj
manual verification process took 15 minutes for oeute  difference between these procedures is the mamer i
of speech recorded in formal lectures and 40 minége  Which the lexical pronunciation variants were geed.
one minute of spontaneous speech. In order to ensure the applicability of the trafsoon
Several studies already reported the benefits rocedure in situations where only limited resosreee
automatic phonetic transcriptions for ASR (e.g. eRil available, all procedures are designed to minirhis@an
1999: Yang & Martens, 2000; Wester, 2003; Saraglar €ffort. Most procedures are based on the use tfraiard
Khundanpur, 2004; Tjalve & Huckvale, 2005) and forcOntinuous speech recogniser, an algorithm to align
speech synthesis (e.g. Bellegarda, 2005; Jande5, op@Phonetic transcriptions, an orthographically  traitee



corpus, a lexicon with a canonical transcription adf  (Booij, 1999). Each lexical entry was representgdust

words, and a manually verified transcription oblatively one standard broad phonetic transcription. Infoionat

small sample of the corpus. The manual transcriptere  about syllabification and syllabic stress was igubiin

required to tune the automatic transcription procesl order to ensure the applicability of the transdoipt

and to evaluate their performance. Some procedlses procedures to languages lacking a lexicon with such

require a list of phonological processes describingpecific linguistic information.

pronunciation variation in the language at handmino

intervention and labour, if required at all, is iied to the 2.3, Reference Transcription (RT)

compi_lation of S.UCh a "S.t of phonological processe Since we aimed at approximating the manually

__This paper is organised as follows. In Section 8, W\erified phonetic transcriptions of the Spoken Dutc

introduce the corpus materlal_us_ed in our studyt_@es Corpus, we used these transcriptions as Reference

sketches the various transcription procedures.i®ed  Trgnscriptions (RT) to tune (development set) and

presents the validation of the corresponding ti@sens. o5 ate (evaluation set) our transcription procesiuThe

In Section 5 thg results are discussed, and ini@e® g1s were generated in three steps. First, a camonic

general conclusions are formulated. transcription was generated through a lexicon-lgoku
procedure in a canonical lexicon. Subsequently, two

2. Material phonological processes of Dutch, voice assimilatod
degemination, were applied to the phones at word
2.1. Speech Material boundaries. This was justified by previous research

The speech material was extracted from the Northerdicating that these processes apply on more 8fiéf of
Dutch part of the Spoken Dutch Corpus (Oostdijlg0 the word boundaries where they can actually apply
In order not to restrict our study to one particdpeech (Binnenpoorte & Cucchiarini, 2003). The enhanced

style, we selected read speech (RS) as well aga@penus transcriptions were vgrified and correcte_d by pdin
te?/ephone dialogues (TD)? (RS) students. The transcribers acted according to iat str

The RS was recorded at 16kHz with high-qualitypmtoc‘?I Instructing them to change the canonigaheple
table-top microphones for the compilation of adiyrfor anscription only if they were certain that theample
the blind. The TD, comprising much more spontaneouff@nscription did not correspond to the speechasigrhe
speech, were recorded at 8kHz through a telephorS® of an example transcription resulted in redsgna

platform. As part of the orthographic transcriptjorocess ~ consistent phonetic transcriptions, but the comsa
all speech material was manually segmented intaichu imposed on the human transcribers also impliedigtkeof

of approximately 3 seconds. The transcribers wergiasing the resu_ltlng transcriptions towards theocdcal

instructed to put chunk boundaries in naturallywdag ~ ©*@Mmple transcription (Binnenpoorte, 2006).

pauses; only if speech stretched for substantiaihger ) )

than 3 seconds they had to put chunk boundariegcbet 2-4- Continuous Speech Recogniser (CSR)

two words with minimal cross-word co-articulatiofihe Except for the canonical transcriptions, all autima

experiments in this study have taken chunks ascbasphonetic transcriptions (APTs) were generated banae

fragments. In order to be able to focus on phonetiof a continuous speech recogniser (CSR) based daeHi

transcription proper, we excluded speech chunks, thaMarkov Models and implemented with the HTK Toolkit

according to the orthographic transcription, cam¢di (Young et al., 2001). Our CSR used 39 gender- and

salient non-speech sounds, broken words, unintaltig context independent, but speech style-specific stau

speech, overlapping and foreign speech. models with 128 Gaussian mixture components pée sta
The statistics of the data are presented in TablEhé (37 phone models, 1 model for silences of 30 msore

data from each speech style were divided intoiaitigiset, and 1 model for the optional silence between words)

a development set, and an evaluation set. All sketiswere The acoustic models were trained in three stageg us

mutually exclusive but they comprised similar miafer the CAN-PTs (cf. 3.1.1.1) of the training data.sEirflat

start acoustic models with 32 Gaussian mixture

Transcription sets components were trained through 41 iterative aligmis

— - Subsequently, these models were used to obtain more
Speech style| Training | Developmen{ Evaluation| |cqjistic segmentations of the speech material.s&he
Rg| #words | 532,451 7,940 7,940| segmentations were then used to bootstrap a newfset
hh:mm:sg 44:55:59 0:40:10 0:41:39| acoustic models, which were retrained (through 55
™ # words 263,501 6,953 6,955| iterations) to acoustic models with 128 Gaussiaktung
hh:mm:s§ 18:20:05 0:30:02 0:29:50| components per state.

: ot i ot 25. Algorithm for Dynamic Alignment of
Table 1: Statistics of the phonetic transcriptions. Phonetic Transcriptions (ADAPT)

2.2. Canonical Lexicon ADAPT (Elffers et al., 2005) is a dynamic
Brogramming algorithm designed to align strings of
phonetic symbols according to the articulatory atise
between the individual symbols. In this study, ADAP
was used to align phonetic transcriptions for the
generation of lexical pronunciation variants, andssess
the quality of the automatic phonetic transcripsion
through their alignment with a reference transaipt

We used a comprehensive multi-purpose in-hous
lexicon that was compiled by merging various eRripti
electronic lexical resources. The pronunciationm®rin
this lexicon reflected the pronunciation of words a
carefully pronounced in isolation according to the
obligatory word-internal phonological processedotch



3. Methodology 3.1.2. Transcription procedures with a multiple

In Section 3.1, we introduce ten automaticPronunciation lexicon ) o
transcription procedures to generate low-cost APTs, The transcription procedures described in thisisect
Section 3.2 describes the evaluation procedurewiiich ~ differ in the way pronunciation variants were gexed.

the APTs and, consequently, the procedures werkhe variants were always listed in speech styleifipe
assessed. multiple pronunciation lexicons. For every worde thest

matching variant was selected through the use GER
3.1. Generation of phonetic transcriptions with that chose the best matching pronunciation varfieorh
e the lexicon given the orthography, the acoustioaignd

different transcription procedures .

. h h q ¢ hi a set of acoustic models. The development set sed 10
Figure 1 shows ten APTSs. The procedures from whiciimise various parameters in the individual pchzes
they result can be divided into two categories: tWQn order to optimise the selection of the lexical

proc_edures that d_|d_n0t rely_ on the use of a Iermwh_ pronunciation variants of the words in the evahmaget.
multiple pronunciation variants per word, and eight

procedures that did rely on the use of a multiple3121 Knowledge-based transcription (KB-PT)
pronunciation lexicon in combination with a CSR.eTh ™ 'In. .particular ASR research often draws on the

![:;]ltter prot(r:]edures can tbe further tcategonsed a;[tbg;m literature for the extraction of linguistic knowigel with
€ way Ihe pronunciation variants were gener S€  which lexical pronunciation variants can be geresfat

variants were either based on knowledge from th?Kessens et al., 1999; Strik, 2001). We generatechfied

literature, they were obtained by combining canalic knowledae-based transcriotions (KB-PTS) in threesit
data-driven and knowledge-based transcriptionsthey First,ga list of 20 pro%inent(phonolggical mc&se

were generated with decision trees trained on trr]‘i/as compiled from the linguistic literature on the

alignment of the APTs and the RT of the developme h "
) onology of Dutch (Booij, 1999). These processesew
data. Most of the procedures required several petens implemented as context-dependent rewrite rules ftioge

Ejo ble tunefl dt(': b_?ﬁcer atppr0|X|mate tthe R;tl'_ of th oth within-word and cross-word contexts in which
evelopment data. 1he optimal parameter setings Wephones from a CAN-PT can be deleted, inserted or

subsequently applied for the transcription of thadin g qitted with another phone. Most of the proeess

the evaluation set. identified by Booij (1999) can be described in terof
phonetic symbols or articulatory features. Howegeme
/\ of the processes can only be described with infaoma
about the prosodic or syllabic structure of word4ost of
no mult. pron. lex mult. pron. lex these processes were reformulated in terms of picone
/ \ // \ symbols and features, since we wanted to excluae no
segmental information (see Section 2.2). The ruese
CAN-P]_ DD-F2 KB-P:% comb. lex  D-trees implemented conservatively to minimise the riskowér-

generation. The resulting rule set comprised souhesr
| specific for particular words in Dutch, and general
CAN/DD-Iﬁ. KB/DD-P5 [1-514 phonological rules describing progressive and isgive
voice assimilation, nasal assimilation, syllableafi
devoicing of obstruents, t-deletion, n-deletiometetion,
schwa deletion, schwa epenthesis, palatalisatiod an
degemination. The reduction and the deletion of ful
. ) . vowels, two prominent processes in Dutch, could bt
3.11. Transcription procedures without a multiple  gasily formulated without the explicit use of spia and

Figure 1: 10 different automatic phonetic trangoips.

pronunciation lexicon prosodic information.
. o In the second step, the phonological rewrite rutese
3.1.1.1. Canonical transcription (CAN-PT) ordered and used to generate optional pronunciation

The canonical transcriptions (CAN-PTs) wereyariants from the CAN-PTs of the speech chunks. The
generated through a lexicon look-up procedure. $3rosyjes applied to the chunks rather than to the wond
word assimilation and degemination were not modelle jsglation to account for cross-word phenomena. ffhes
Canonical transcriptions are easy to obtain, sime®y only applied once, and their order of applicatioasw
corpora feature an orthographic transcription and ghanually optimised. Informal analysis of the resgt

canonical lexicon of the words in the corpus. pronunciation variants suggested that few - if any
) o implausible variants were generated, and that ngoab
3.1.1.2. Data-driven transcription (DD-PT) variants were missing. It may well be, howevert tiao-

The data-driven transcriptions (DD-PTs) were basegevel rules (Koskenniemi, 1983) or an iterative ligaion
on the acoustidata The DD-PTs were generated throughof the rewrite rules is needed for the transcriptib other
constrained phone recognition; a CSR segmented amghguages.
labelled the speech signal using its acoustic nsodetl a In the third step of the procedure, chunk-level
4-gram phonotactic model trained with the referencgronunciation variants were listed. Since the ditere did
transcriptions of the development data in order tgot provide numeric information on the frequency of
approximate human transcription behaviour. Traption  phonological processes, the pronunciation varidigtsot
experiments with the data in the development stated  have prior probabilities. The optimal knowledgeduhs
that for both speech styles 4-gram models outpedr2-  transcription (KB-PT) was identified through forced
gram, 3-gram, 5-gram and 6-gram models. recognition.



3.1.2.2. Combined transcriptions (CAN/DD-PT, KB/DD-
PT)

First, the APT (each of

transcriptions consecutively) and the RT of

the aforementioned
the

After having generated the CAN-PTs, DD-PTs anddevelopment data were aligned. Second, all the g@on
KB-PTs, these transcriptions were combined to obtaiand their context phones in the APT were enumerated

new transcriptions. This time lexical

pronunciation The size of these “phonetic windows” was limitedhoee

variants were generated through the alignment af twphones: the core phone, one preceding and oneeslinge
APTs at a time. Since the KB-PTs were based on thghone. The correspondences of the phones in theaABT

CAN-PTs, we only combined the CAN-PT with the DD-
PT (CAN/DD-PT) and the KB-PT with the DD-PT
(KB/DD-PT). Figure 2 illustrates how different

the RT and the frequencies of these corresponderees
used to estimate:

pronunciation variants were generated through th® (RT_phone|APT_phone,APT_context _phones)(1)

alignment of the phones in the CAN-PT and the DD-PT

CAN-PT:d@ Ap@Iltart
+

DD-PT: d - Ab@lta-t

Multiple pronunciation variants in CAN/DD-PT :

d@ Ap@Iltart
d Ap@Iltart
d@ Ab@Iltart
d Ab@ltart
d@ Ap@Iltat
d Ap@Iltat
d@ Ab@Itat
d Ab@Iltat

Figure 2: Generation of pronunciation variants tigio the
alignment of two phonetic transcriptions.

The combination of APTs emerging from different
transcription procedures was aimed at providing @8R
with additional linguistically plausible pronundia

i.e. the probability of a phone in the reference

transcription given a particular phonetic window the

APT. In the third step of the procedure, the résgilt
decision trees were used to generate likely praationo

variants for the APT of the unseen evaluation date

decision trees were now used to predict:

P(pron_variants|APT_phone, APT_context_phongg)

ie.
pronunciation variants given a particular phoneticdow
in the APT. All pronunciation variants with a prdiigy
lower than 0.1 were ignored in order to reducentmaber
of pronunciation variants and, more importantly ptone
unlikely  pronunciation variants originating
idiosyncrasies in the original APT.

the probability of a phone with optional

from

In the fourth and final step of the procedure, the

pronunciation variants were listed
pronunciation lexicon. The probabilities of the iaats
were normalised so that the probabilities of aliasats of
a word added up to 1. Finally, our CSR selectedntbst

in a multiple

likely pronunciation variant for every word in the

orthography. The consecutive application of decigiee

variants for the words in the orthography. Aftet, al €xpansion to the CAN-PTs, DD-PTs, KB-PTs, CAN/DD-
canonical transcriptions do not model pronunciatioPTs and KB/DD-PTs resulted in five new transcriptio

variation, and our KB transcriptions only modelltdt
pronunciation variation that was manually impleneeinin

the form of phonological rewrite rules. The DD-PTs,

hereafter referred to as [CAN-RJIDD-PT]y, [KB-PT]g,
[CAN/DD-PT]q and [KB/DD-PT},.

however, were based directly on the speech signaB.2. Evaluation of the phonetic transcriptions and

Therefore, they had the potential of better repriseg the
actual speech signal, at the risk of being lingeadly less
plausible than CAN-PTs or KB-PTs. It was reasonable
expect that the combination of the different traipgon

reinforce the advantages of the individual procedur
3.1.2.3. Phonetic transcription with decision trees _

The use of DD transcription procedures can result i
too many, too few or very unlikely lexical pronuation

variants (Wester, 2003). In ASR research, the use o

decision trees defining plausible alternatives dophone
given its context phones has often reduced the pummb
unlikely pronunciation variants and optimised thanter
of plausible pronunciation variants in recognitlericons
(Riley, 1999; Wester, 2003). We generated decitieas
with the C4.5 algorithm (Quinlan, 1993), providedhwy
the Weka package (Witten & Frank, 2005). The praced

thetranscription procedures

The APTs of the data in the evaluation sets were

evaluated in terms of their deviations from the harRT.

) . The comparison was conducted with ADAPT (Elffers et
procedures would alleviate the disadvantages angl., 2005). The disagreement metric was formalased

3)

%disagreemat =

Sub+ Del +Ins
—— 100
N

i.e. the sum of all phone substitutionsifp deletions
(Del) and insertionslfs) divided by the total number of
phones in the reference transcriptioN).( A smaller
deviation from the reference transcription indidata
‘better’ transcription. A detailed analysis of thember
and the nature of the deviations allowed us
systematically investigate the magnitude and ttiaraaof
the improvements and deteriorations triggered leyubse

pursued to successively improve the CAN-PTs, DD;PTf the different transcription procedures.

KB-PTs, CAN/DD-PTs and KB/DD-PTs comprised four
steps.

to



4. Results The proportion of disagreements in the CAN/DD-PTs

The figures in Table 2 describe the disagreementdnd the KB/DD-PTs was lower than in the DD-PTs, but
between the APTs and the RTs of the evaluation. datfh€ individual CAN-PTs and KB-PTs resembled the RT
disagreement scores (%dis) between the differerfsAp CAN/DD-PTs and the KB/DD-PTs comprised twice as

and the RTs of the telephone dialogues and the red@@ny substitutions and even more deletions than the
speech. In addition, the statistics of the sultgis (sub), CAN-PTs and the KB-PTs. Whereas the increased numbe

deletions (del) and insertions (ins) are presented of deletions in the CAN/DD-PT of the telephone

provide basic insight in the nature of the disagrests. dialogues coincided with a - be it moderate - daseeof
insertion errors, the CAN/DD-PT of the read speech

showed even more insertions than the CAN-PT.

comparison | telephone dialogue read speech Decision trees were applied to the ten aforemeation
with RT subg del | ins [%dis{subq dels| ins |%dis| APTs (5 procedures x 2 speech styles). In nineobten

cases, the application of decision trees improvee t

CAN-PT 91] 111 s1183[6311.2126]10.1| original transcriptions; only the [DD-PJ¢f the telephone

DD-PT 56018038127 8161 741361270 dialogues comprised more disagreements than theaki

DD-PT. The magnitude of the improvements differed
substantially, though. The differences were nelglaior

AP | 9-O| 2-5| 5-8| 17-3| 6-3| 3-1|1-5| 10.9] the DD-PTs, somewhat larger for the APTs emerging

from the combined procedures, and most outspoken fo

CAN/DD-PT [21.5]| 6.2 | 7.1|34.7(13.1 2.0(4.8|19.9] the CAN-PTs and KB-PTs. For both speech styles, the

KB/ DD-PT [20.5| 7.8 5.4/33.7[12.8 3.1|3.6| 19.5] [CAN-PT]4 proved most similar to the RT. The [KB-PTs]

were slightly worse. The [CAN-PTgs]comprised on

[CAN-PT], 711 33] 4J146|4811611.7] 81| average 20.5% fewer mismatches with the RTs than th

[DD-PT], >6.0118.6/ 3812831157 74135] 267 original CAN-PTs, which is a significant improventeat

a 99% confidence level. Likewise, we observed on
[KB-PTlq 7.1]35]| 42148/50/32]1.2) 94 average 14.1% fewer mismatches in the [KB-RTsn in

[CAN/DD-PT]4| 20.1| 7.2 | 5.5{32.8|12.0| 2.3 | 4.3| 18.5] the original KB-PTs (p <.01).

[KB/DD-PTly [19.3| 9.4 | 4.5/33.1|11.6/ 3.1|3.1|17.8

5. Discussion

Table 2: Comparison of APTs and human RAe&wver
disagreements indicate better APTSs. 5.1. Reflectionson the evaluation procedure

. ] ] In this study, the reference transcriptions werseba
The proportions of disagreements observed in thgn example transcriptions. Previous studies hawavsh
CAN-PTs and the KB-PTs were Slgnlflcantly dlfferentthat the use of an examp]e transcription for veaifon
from each other (p < .01). The CAN-PT of the repee€h  speeds up the transcription process (relative touaia
was more similar to the RT than the KB-PX £ 6.3%  transcription from scratch), but that it also tesnptiman
rel.) while the opposite held for the telephondatiaes f  experts into adhering to the example transcriptitespite
= 5.9% rel.). The proportion of substitutions wdmat  contradicting acoustic cues in the speech signal.
equal for the CAN-PTs and the KB-PTs. Most mismasch Demuynck et al. (2004), for examp]e, reported cases

in the CAN-PTs were due to substitutions and insest  \yhere human experts preferred not to change theygiea
There were more deletions than insertions in theFKlBOf transcription in the presence of Contradicting aticu
the read speech, but there were fewer deletions thgyes, and cases where human experts approved pinones
insertions in the KB-PT of the telephone dialoguesthe example transcription that had no trace irstheal.
Detailed analysis of the aligned transcriptionsvetub that This observation is important for our study, simce
most frequent mismatches in the CAN-PTs and the KBRTs may have been biased towards the canonicalpeam
PTs of the two speech styles were due to voicedioed  transcription they were based on. Considering buth
classifications of obstruents, and insertions dfwst and  the RTs and the KB-PTs were based on the CAN-RiEs, t
various consonants (in particular /r/, /t/ and./MJost  quality assessment of the CAN-PTs and the KB-PTg ma
substitutions and deletions (about 62-75% for theous have been positive'y biased. Consequenﬂy, thesassmt
transcriptions) occurred at word boundaries, but thof the DD-PTs may have been negatively biasedesine
absolute numbers in the KB-PTs were lower due os%r DD-PTs were based on the SignaL Their assessmayt m
word pronunciation modelling. . have suffered from the human tendency to accept the
The disagreement scores obtained for the DD-PTganonical example transcription irrespective of the
were much higher than the scores for the CAN-P& aninformation in the acoustic signal (most probabécéuse
the KB-PTs. This holds for both speech styles. Mosthe human transcribers were instructed to change th
dISCI’epanCIES between the DD-PTs and the RTs We@(amp|e transcription On|y in case of obvious
substitutions and deletions. When compared to thN-C  gjscrepancies).
PTs and the KB-PTs, in particular the high proportof In corpus creation projects, however, manually
deletions and the wide variety of substitutions ewer verified phonetic transcriptions are often prefdri@ver
striking. Not only did we observe consonant subBtihs  automatic phonetic transcriptions. Therefore, ia light
due to voicing, we also observed various consonamf the phonetic transcription of large speech caapour

substitutions due to place of articulation, and &bw aytomatic procedures were tuned towards and eealiiat
substitutions with schwa (and vice Versa). terms of this type of transcription.



5.2. On the suitability of low-cost automatic  5.2.3. Knowledge-based transcription
transcription procedures for the phonetic The wuse of linguistic knowledge to model
transcription of large speech corpora pronunciation variation at the lexical level impeavthe
quality of the transcription of the telephone dgles, but
it deteriorated the transcription of the read sphedtis
The quality of the CAN-PT of the telephone dialague Was Probably due to the different degree of spaitgiin
(18% disagreement) already compared favourably t§€ tWo speech styles; the availability of pronation
human inter-labeller disagreement scores reportethé ~ Variants is probably more beneficial for the trafpon
literature. Greenberg et al. (1996), for exampéported of spontaneous speech, since more .spontaneoushspeec
25 to 20% disagreements between manual transariptio COMPrises more  pronunciation variation - than -~ well-
of American English telephone conversations, aqpit ~ Prepared speech (Goddin & Binnenpoorte, 2003). tMos
al. (1997) reported 21.2 to 17.4% inter-labellerProbably, the CSR preferred non-canonical varianthe

disagreements between manual transcriptions of &erm '€ad s_pelech whelre the human transcribers adhertbe to
spontaneous speech. Binnenpoorte (2006), howeverdnonical example. o .
reported better results: from 14 to 11.4% disagerem The knowledge-based recognition lexicon of the
between manual transcriptions of Dutch spontaneou@lephone. dlalo_gues comprised on average 1.39
speech. The proportion disagreement between the-CAgronunciation variants per lexeme, the lexiconhef tead
PT and the human RT (10.1% disagreement) of the regP€eCh 1.47 variants per lexeme. The higher average
speech was not vet at the same level as human intdlumPer of pronunciation variants in the read speech
labeller disagreement scores reported in the filega '€XICON iS not contradictory, since the pronunaiati
Kipp et al. (1996) reported 6.9 to 5.6% disagredsen variants Qf both speech styles were based on .'"‘m“‘ﬁ'
between human transcriptions of German read speach, transcription, and not on the actual sp_eec;h sigubich
Binnenpoorte (2006) reported 6.2 to 3.7% disagredsne would, _ most pr(_)bak_JIy, have h|gh|_|ghted more
between human transcriptions of Dutch read speech, ~ Pronunciation variation in the telephone dialogtiem in
The apparent contradiction that the quality of theN€ read speech). Moreover, since the words in the

; lephone dialogues were shorter than the wordgén
CAN-PT of the telephone dialogues already compare .
well to published human inter-labeller disagreemenf€@d speech (an average of 3.3 vs. 4.1 canonicaigsh

scores, whereas the CAN-PT of the read speechatid nP€r word in the telephone dialogues and the reagcp

may be explained by the different degrees of spuity re_sp.), the canonical transcription of _the telephon
in the speech samples. There is a higher chandeifoan dialogues was less susceptible to the applicatioawrite
inter-labeller  disagreement in  transcriptions  offules than the CAN-PT of the read speech.

spontaneous than of well-prepared speech, sinceaum !N order to estimate the possible impact of the
transcribers have to transcribe or verify more phogical application of KB rewrite rules on the CAN-PTs, we
processes as speech becomes more spontaneG@EPUted the maximum and minimum accuracy that

(Binnenpoorte et al. 2003). Nevertheless, consigethe ~ could be obtained with the two KB recognition les.
trade-off between overall transcription quality atte O €very chunk, every combination of the pronuiimies
time and expenses involved in the human transoripti Of the words was consecutively aligned with the Rid
and verification process, and considering the sinies € Nighest and the lowest disagreement measures we
with previously published human inter-labeller retained. We found that the KB recognition lexiadrthe

disagreement scores, we can conclude that the Crg\-p telephone dialogues was Qb'e to provide KB-PTs it
were of a satisfactory quality. However, the high22'6 to 13.2% phones differed from the RT. The KB

: P ; ; lexicon of the read speech was able to provide KRB-6f
proportion of substitutions and insertions at word™" .
boundaries still implied the necessity of pronuticta Which 16.3 to 7.4% phones differed from the RT. The

variation modelling to better resemble the RT. eventual quality of the KB-PTs (17.3% and 10.9%

disagreement for the telephone dialogues and thd re
speech, respectively) shows that there was stilinrdor
I,mprovement, but that the acoustic models of ouRCS
often opted for suboptimal transcriptions. In théspect,
the use of acoustic models trained on a KB-PT auste a
CAN-PT might have improved the selection of
pronunciation variants.

5.2.1. Canonical transcription

5.2.2. Data-driven transcription

Constrained phone recognition proved suboptimal fo
the generation of the targeted type of transcniygtiol he
high number and the wide variety of substitutionggest
that the use of a phonotactic model did not sugfity
tune our CSR towards the RT. The high number o
deletions implies that, in spite of extensive tunof the
phone insertion penalty, our CSR had too large
preference for transcriptions containing fewer sghab
An informal inspection of the DD-PTs revealed thatny

2.2.4. Combined transcriptions
The blend of DD pronunciation variants with
canonical or KB variants into CAN/DD and KB/DD

deletions were unlikely, thus ruling out the poiisipthat  [€xicons allowed our CSR to better approximate fuma
the CSR analysed the signal more accurately than tiranscription behaviour than through constrainedngh
human experts did. Kessens & Strik (2004) obsetliat recognition alone, but the comblnathn of the pdases
the use of shorter acoustic models (e.g. using 20 id not out_pe_rform the canonical Iexmon-lookup ahd
models instead of 30 ms models) may reduce thi§B {ranscription procedure. The DD-PT benefitedniro
tendency for deletions, but the diverse nature tuf t 1€ blend with the canonical and the KB pronuncrati

deletions in our study makes a substantial rednctib variants, while the influence of DD pronunciaticariants
deletions through the mere use of different acoustiNcréased the number of discrepancies between the

models rather unlikely. resulting transcriptions and the RTs (as compaoethe
original CAN-PTs and KB-PTs).



5.2.5. Phonetic transcription with decision trees frequent dissimilarities distinguishing the [CAN-§lJ
Contrary to our expectations, the [DD-RBTdf the from the human RTs, shows a comparable number of
telephone dialogues comprised more (though nansertions and deletions, and a set of substitation
significantly more, p > .1) mismatches than thegioal which the mismatches between voiced and voiceless
DD-PT. The [DD-PT} of the read speech was only phones were dominant. Similar differences were esk
slightly (again, not significantly, p > .1) bettdran the between manual transcriptions that were based en th
original DD-PT. This was probably due to the ineedh same example transcription (Binnenpoorte et alQ320
confusability in the recognition lexicons. The sizethe  The remaining mismatches can be largely attribtaettie
lexicons had grown to an average of 9.5 variantsymed ~ very nature of human transcription behaviour. MVagyi
in the recognition lexicon for the telephone dialeg, and disagreement scores like the ones reported in
an average number of 3.5 variants per word inglkizdn  Binnenpoorte et al. (2003) seem to suggest thds it
for the read speech. Note that, contrary to théntrinsically very hard, if not impossible, to mddihe
pronunciation variants in the KB recognition lexispthe  often whimsical human transcription behaviour wathe
pronunciation variants in the [DD-Pi]exicons were automatic transcription procedure. Therefore, we ar
based on the speech signal rather than on thecapiph  inclined to believe that we should not try to fithmodel
of phonological rewrite rules on the CAN-PT. Thisthe inconsistencies in manual transcriptions oésheand
resulted, in particular for the [DD-PTspf the more we conclude that we found a very quick, simple ameiap
spontaneous telephone dialogues, in more discraggganc transcription procedure approximating human
with the RTSs, all of which were modelled in the idean  transcription behaviour for the transcription ofrge
trees. Even after pruning unlikely pronunciatiomiaats speech samples. Our procedure uniformly appliegetit
from the decision trees, the decision trees applgrstill prepared and spontaneous speech.
comprised enough pronunciation variants to pollite
recognition lexicon. 6. Conclusions
The small improvements obtained through the use of Tha aim of our study was to find an automatic
decision trees for the enhancement of the CAN/DB-PTy»nqcription procedure to substitute human effortthe

and the KB/DD-PTs, as well as the large improvement

. e honetic transcription of large speech corpora sthil
obtained through the use of decision trees for thgnsuring high transcription quality. To this endn t

enhancement of the CAN-PTs and the KB-PTs can bg omatic transcription procedures were used temee a

explained through the same line of reasoning. ThrEronetiC transcrioti
. X ption of spontaneous speech (telep
numerous discrepancies between the CAN/DD-PTs a alogues) and well-prepared speech (read-alouts)tex

the KB/DD-PTs and the RTs yielded numeroustyg regyiting transcriptions were compared to auatiy
pronunciation variants in the resulting recognitionyeifieq phonetic transcription, since this kind of
lexicons (though less than in the DD-PT lexicomf)e  yangcription is often preferred in corpus designjgzts.
higher similarity between the original [CAN-RiT}the An analysis of the discrepancies between the differ

EjKB.'PTS]d and thed '?TS’ led to fe\_/ve_r branc_hes L'_” thetranscriptions and the reference transcription gtbtihat
ecision trees and fewer pronunciation variantsthe ,rely data-driven transcription procedures or pduzes

resuling  recognition  lexicons. = Moreover,  the hariaily  relying on data-driven input could not
corresponding lexical probabilities were intringiganore approximate the human reference transcription. Much

robust than the probabilities in the DD lexiconSyatiar results were obtained by implementing
comprising more pronunciation variants per lexe8iace  ,onq0gical knowledge from the linguistic litereguThe
the [C?N'FI’TSJ’ Wedre better fthan ﬁh_e [KB'PT’S@; both  hest results, however, were obtained by expanding
speech styles, an sr:nce r:” orma mspe(éuorrw] ofrtes  canonical transcriptions with decision trees trdioa the
seems to suggest that the KB-PTs and the [KBPTshjignment of canonical transcriptions and manually
could not be drastically improved through the mbgl \eifieq phonetic transcriptions. In fact, our réstshow

of vowel reduction and vowel deletion, we concludat 4 an orthographic transcription, a canonicalcex, a
prior knowledge about the phonological processes of ¢ma|| sample of manually verified phonetic transions,
language, and the subsequent implementation %tj(:lftware for the implementation of decision trees a
knowledge-based phonological rules are not necgssar gangard continuous speech recogniser are suffideen
approximate th]fel quality of hmanually Ve”f'igj U%ZOO?" approximate human transcription quality in projezitsed
transcriptions of large speech corpora. Insteaelue of = ot generating broad phonetic transcriptions ofdapeech
decision trees and a small sample of manually ieekif corpora.

phonetic_ transcriptic_ms shuffice to m_ak_e k():%r{gnical Our procedures uniformly applied to well-prepared
transcriptions approximate human transcription +and spontaneous speech. Hence, we believe that the

.. ) ) performance of our procedures will generalise thept

5.3. What about the remaining discrepancies? speech corpora, provided that the emerging automati
The number of remaining discrepancies in the [CAN-phonetic transcriptions are evaluated in terms sifvalar

PTs), of the telephone dialogues (14.6% disagreementeference transcription, viz. a manually verifiadaanatic
and the read speech (8.1% disagreement) was agitylgl  phonetic transcription of speech.
higher than human inter-labeller disagreement score
reported in the literature. Recall that Binnenped&006) Acknowledgement
reported 0human mter_—la_beller disagreements between Tha work of Christophe Van Bael was funded by the
and 11.4% on transcriptions of Dutch spontaneoasdp Speech Technology Foundation (Stichting

and between 6.2 and 3.7% disagreements on tratisnsp :
of Dutch read speech. A closer look at the 20 mos%praaktechnologle, Utrecht, The Netherlands).
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