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ABSTRACT

This study investigates whether automatic transorip
procedures can approximate manual phonetic trgurigors
typically delivered with contemporary large speecpora.
We used ten automatic procedures to generate ad broa
phonetic transcription of well-prepared speech dralaud
texts) and spontaneous speech (telephone dialoglieg)
resulting transcriptions were compared to manuedyified
phonetic transcriptions. We found that the quadityhis type
of transcription can be approximated by a fairlpngie and
cost-effective procedure.

Index Terms: automatic phonetic transcription, speech corpora

1. INTRODUCTION

The usability of large speech corpora depends om th
availability of appropriate annotations of the dataparticular
a good phonetic transcription increases the vafue @orpus
for scientific research and for the developmeramblications
such as automatic speech recognition (ASR). Sinaaual
transcriptions have proven to be time-consumingeazive,
and, moreover, prone to inconsistencies, autorpaticedures
may offer a quicker, cheaper and more consistéatraitive,
especially when large amounts of speech are toabsdribed.

Several studies already reported the benefits whaatic
phonetic transcriptions (APTs) for the developmehtASR
systems [1], and for the improvement of speech h&gis
systems [2]. In these studies, the transcriptioesewused as
tools to improve the performance of a specific eaystHence,
they were not evaluated in terms of their simiyantith a
human reference transcription (RT). Studies repgrisuch
evaluations, however, typically described the used a
evaluation of one or a limited number of similangedures at a
time. To our knowledge, no previous study has syatieally
compared the performance of different transcripgimcedures
in terms of their ability to approximate a human. RNleither
do we know of any attempts to study the potengiaksgy of
the combined use of existing transcription proceslur

The aim of this study is two-fold: we will compatiee
applicability of established automatic procedureslarge-
scale transcription projects, and we will investigahether
combinations of these procedures yield a bettdopaance.
In order to ensure the applicability of the proaeduin
projects with limited funding, the procedures wepimised
with limited resources and minimal human effort.

This paper is organised as follows. In Section 2, w
introduce our material and tools. Section 3 sketchee
transcription procedures. In Section 4 and 5, waluate and
discuss their performance, and in Section 6, génera
conclusions are formulated.

2. MATERIAL AND TOOLS

We extracted Dutch speech from the Spoken DutclpuSor
[3]. The material was manually segmented into $pebanks

of approximately 3 seconds. We adhered to this lclevel
annotation. In order to focus on phonetic trangioripproper,

we excluded chunks with non-speech, broken words,
unintelligible, non-native and overlapping speech.

In order not to restrict our study to one speegle stve
selected read speech (RS) and spontaneous telephone
dialogues (TD). Per speech style, the data weidedhinto a
training set, a development set and an evaluatiofTable 1).
These data sets were formed by listing all churfksllo
speakers, randomising their ordering, and extrgctime
subsets. This guaranteed mutually exclusive dé&atbeugh
speakers could occur in several sets) with sirmiterial.

Table 1:Statistics of the speech material (#words).

Speech Style| Training | Development Evaluation
RS 532,451 7,940 7,940
TD 263,501 6,953 6,955

All words were comprised in a canonical pronunciati
lexicon, with only one standard broad phoneticstaption
for every entry. The transcriptions reflected thsigatory
word-internal phonological processes described lie t
literature [4]. Information about syllabificatiomé syllabic
stress was ignored to ensure the applicabilith@procedures
in projects lacking such specific linguistic infaation.

The human reference transcriptions (RTs) were @rtila
from the Spoken Dutch Corpus. The RTs were based on
canonical transcription enhanced to model two featjaross-
word processes in Dutch. The example transcriptias
manually verified by trained linguistics studentiomwvere
instructed to change the example transcription dntpey
were absolutely sure that it did not match the stiodata [5].

Except for the canonical transcriptions, all APTerev
generated with an HMM-based continuous speech mészg
(CSR) that was implemented with HTK [6]. Our CSRdI89
gender- and context-independent, but speech siglfie
acoustic models (37 phone models, 1 long silendelashort
pause model) that were trained through a bootptiegedure
with the canonical transcriptions of the trainiraged

ADAPT [7] is a dynamic programming algorithm
designed to align strings of phonetic symbols atiogr to
their articulatory distance. We used ADAPT to al@ATs
for the generation of lexical pronunciation varsgrand to
evaluate APTs by comparing them to the human RTs.



3. TRANSCRIPTION PROCEDURES

Figure 1 shows ten APTs. The procedures from witiely
result can be divided into a set of proceduresdihhot rely

on the use of a multiple pronunciation lexicon, andet of
procedures that did rely on the use of such a dexid@he
latter set can be further categorised accordingh&o way
lexical pronunciation variants were generated. Vagants
were either based on knowledge from the literattiney
were obtained by combining APTs, or they were gaieer
with decision trees trained on the alignment of the
aforementioned APTs and the corresponding RTs ef th
development data. The variants were listed in dpetge-
specific lexicons which were used for forced redtign.
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Figure 1: Ten automatic phonetic transcriptions.

The canonical transcription{CAN-PTs) were generated by
substituting each orthographic word with its caahi
pronunciation. Cross-word processes were not medlell

The data-driven transcriptions(DD-PTs) were generated
through constrained phone recognition; our CSRlletbéhe
signal with its acoustic models and a 4-gram phactat
model trained with the RTs of the development data.

For our knowledge-based transcriptiongKB-PTs), we
compiled a list of 20 prominent phonological preEssfrom
the literature on Dutch [4]. These processes waradlated as
context-dependent rewrite rules modelling withinrgvaand
cross-word contexts in which phones from the CANd@tld
be deleted, inserted or substituted. The resulting set
comprised rules specific for particular words int@y and
general rules describing progressive and regressoiee
assimilation, nasal assimilation, syllable-finalvdieing of
obstruents, t-deletion, n-deletion, r-deletion vezhileletion and
insertion, palatalisation and degemination. Thessulvere
ordered and used to generate pronunciation varfeos the
CAN-PTs of the speech chunks. The rules appliegl onte,
and their order of application was manually optedis They
applied to chunks rather than to words in isolatmraccount
for cross-word phenomena. Analysis of the resulting
pronunciation variants proved that few -if any- laysible
variants were generated, and that no obvious \ariaere
missing. The chunk-level pronunciation variantsgagiwhich
the original CAN-PT) were listed in multiple proraiation
lexicons. Since the literature did not provide nime
information on the frequency of phonological praess the
pronunciation variants did not have prior probébdi. The
optimal KB-PT was identified through forced recdigpmi.

Thecombinationof the CAN-PTs and the DD-PTs on the one
hand, and the CAN-PTs and the KB-PTs on the othedh
was aimed at providing our CSR with additional liistjcally
plausible pronunciation variants. After all, CAN4@o not
model pronunciation variation, and our KB-PTs only
modelled the variation that was implemented inftren of
phonological rewrite rules. The DD-PTs, however,reve
based on the speech signal. Therefore, they hagoteatial

of better representing the actual speech, at #keofi being
linguistically less plausible than the CAN-PTs ahd KB-
PTs. Since the KB-PTs were based on the CAN-PTsnlye
combined the CAN-PTs with the DD-PTs (CAN/DD-PTs)
and the KB-PTs with the DD-PTs (KB/DD-PTs). Figie
illustrates how chunk-level variants (Figure 2 ophgesents
the variants of two successive words) were gertetateugh
the alignment of the phones in a CAN-PT and a DD-PT

CAN-PT: d@ Ap@Iltart
DD-PT: d- Ap@Ilta-t

d@ Ap@Iltart
d Ap@Iltart
d@ Ap@ltat
o Ap@ ltat

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

Our decision treesvere generated with the C4.5 algorithm,
provided with the Weka package [8]. First, we ahidrihe
APT and the RT of the development data. Subseqgyere!
made a list of all ‘phonetic contexts’ in the ARhénes and
their two immediate context phones). The correspooes
of phones in the AP&nd the RT, as well as the frequencies
of these concurrences, were formalised as decisers
estimating the probability of a phone in the RTegiva
phonetic context in the APT. Next, the decisioresdrevere
used to generate pronunciation variants for the APthe
evaluation data. They now predicted the probabilitya
phone with optional variants given a particular méta
window in the APT. All variants (phones) with a pability
lower than 0.1 were ignored in order to reducertheber
of pronunciation variants and to prune unlikely iaais
originating from idiosyncrasies in the original APT

The remaining phone-level variants were combined to
word-level variants, which were listed in a mukipl
pronunciation lexicon. Their probabilities were matised
so that the probabilities of all variants of a weritled up to
1. The optimal transcription was identified throufginced
recognition. The consecutive application of decisteee
filtering to the CAN-PTs, DD-PTs, KB-PTs, CAN/DD-BT
and KB/DD-PTs resulted in five new transcriptiorsdafter
referred to as [CAN-PT] [DD-PT]y, [KB-PT]4, [CAN/DD-
PT]; and [KB/DD-PT].

The APTs of the data in the evaluation sets weeduated
in terms of their deviations from the human RTseTh
disagreement metric was formalised as the sunl phahe
substitutions (8b), deletions Pel) and insertions lis)
divided by the total number of phones in the refeee
transcription K). A smaller deviation from the reference
transcription indicated a ‘better’ transcription.



4. RESULTS
Table 2 presents the disagreement scores (%dis)tland
statistics of the substitutions (sub), deletionl)(dand
insertions (ins) between the APTs and the RTs.

Table 2:Assessment of phonetic transcriptions.

comparison| telephone dialogueg read speech
with RT  [subd del [ ins [%dis| subs|dels] ins | %dis

CAN-PT 9.1]11]8.1|18.3] 6.3 | 1.2 2.6|10.1
DD-PT 26.0(18.0( 3.8|47.8(16.1( 7.4| 3.6 | 27.0
KB-PT 9.0|25]| 5.8|17.3] 6.3 | 3.1 1.5]|10.9

CAN/DD-PT |21.5/ 6.2 | 7.1{34.7|13.1|12.0| 4.8 (19.9
KB/DD-PT 20.5( 7.8 | 5.4|33.7]12.8/ 3.1| 3.6 | 19.5
[cAN-PT], 71]133| 4.2|146( 48| 16/1.7| 8.1
[pD-PT]p 26.0/18.6| 3.848.3|15.7( 7.4| 3.5|26.7
[kB-PT]p 7.1|135| 42|148] 50( 3.2]1.2]| 94
[cAN/DD-PT], [20.1) 7.2 | 5.5/32.8]12.0| 2.3| 4.3|18.5
[kB/DD-PT], [19.3] 9.4| 45|33.1]11.6/3.1(3.1|17.8

The CAN-PTs and the KB-PTs resembled the RTs mettierb
than the DD-PTs. The most frequent discrepancidssiCAN-

PTs and the KB-PTs regarded voiced/unvoiced cleattns

of obstruents, insertions of schwa and insertidns/ o/t/ and

/n/. About 62-75% of the substitutions and deletioscurred
at word boundaries, but the absolute numbers iIrKBdéTs

were lower due to cross-word pronunciation modgllin

Most discrepancies between the DD-PTs and the Rfs w
substitutions and deletions. In particular the tpgbportion of
deletions and the wide variety of substitutionsengriking. In
addition to consonant substitutions due to voicing, also
observed substitutions due to place of articulateomd vowel
reductions to schwa.

The proportion of disagreements in the CAN/DD-Piid a
the KB/DD-PTs was lower than in the DD-PTs, but muc
higher than in the original CAN-PTs and the KB-PTs.

The application of decision trees improved the inah
APTs; only the [DD-PTJ of the TD comprised more
disagreements than the original DD-PT. The magaititthe
improvements  differed  substantially, though. The
improvements were negligible for the DD-PTs, somawh
larger for the CAN/DD-PTs and the KB/DD-PTs, andsino
outspoken for the CAN-PTA£20.5% rel., p<.01) and KB-
PTs A=14.1% rel., p<.01). This is remarkable, because on
would expect the largest improvement for the wbesteline.
However, our [CAN-PTg]proved most similar to the RTs.

5. DISCUSSION

The use of an example transcription and a striotopol for
verification speeds up ‘manual’ transcription, ibefin also tempt
human experts into neglecting acoustic cues inufaed other
sounds [9]. Since both our RTs and KB-PTs weretbaseCAN-
PTs, the assessments of the CAN-PTs and the KBrRyhave
been positively biased. Consequently, the assessifethe DD-

PTs may have been negatively biased, for thessctiptions
were based on the signal instead of on CAN-PTs.

[5] Suggested the additional use of a consensus
transcription (CT) to minimise the risk of such mded
assessment. A CT is a transcription which is unanosty
agreed upon by two or more expert phoneticians,emad
from scratch to rule out the biasing effect of aaraple
transcription. We did not use a CT because 1) asGibt
necessarily flawless either; transcribers may erfe
each other, and they may still base their judgesnent
canonical forms in their mental lexicon 2) the gatien
of a CT is more expensive than the manual verificabf
an example transcription and therefore only possfbt
relatively small speech samples; samples thatileeby Ito
be too small to train robust decision trees.

The proportion of disagreements between the CANtRT
the RT of the TD already compared to human inteellar
disagreement scores, whereas the CAN-PT of thei®S d
not [5, p. 26]. This was probably due to the higimber of
inconsistencies in the RT of the TD. The manual
verification of spontaneous speech transcriptianghie
CGN vyielded almost as many ‘errors’ as correctifBis
Nevertheless, the trade-off with the limited camiggests
that CAN-PTs are close to the best one can buyafor
tolerable amount of money. The observed proportbn
substitutions and insertions at word boundariesydver,
does imply the need for pronunciation variation eitdg.

The high number and the wide variety of substihgim
the DD-PTs shows that the sole use of a phonotamiitel
did not sufficiently tune our CSR towards the téedetype of
RT. The high number of deletions implies that, fites of
extensive tuning of the phone insertion penalty, @8R had
too large a preference for APTs with fewer symbols.
Inspection of the DD-PTs proved many deletionskehli
thus ruling out the possibility that the CSR anadythe signal
more accurately than the human experts did.

The availability of knowledge-based pronunciation
variants proved most beneficial for the transaviptof the
more spontaneous TD. The optimal performance thatdc
be obtained with the two knowledge-based recognitio
lexicons (22.6 to 13.2% disagreement with the Tctn,
16.3 to 7.4% disagreement with the RS lexicon) shthat
there was still room for improvement, and that aleeustic
models of our CSR often preferred suboptimal v#siafhe
use of acoustic models trained on KB-PTs might well
further optimise the selection of pronunciationiamats.

The combination of DD pronunciation variants with
canonical or KB variants allowed our CSR to better
approximate the RTs than through constrained phone
recognition alone, but the combination of the pduces
did not outperform the canonical lexicon-lookup ahéd
KB transcription procedure. The canonical and KBdal
variants clearly caused a bias towards the RTshen t
otherwise signal-based recognition lexicons.

The [DD-PTs} were not significantly ‘better’ than the
original DD-PTs (p >.1). This was probably due be t
confusability of the lexical pronunciation variantEhe
size of the lexicons had grown to an average of(9[3)
and 3.5 (RS) variants per word.



This was due to the high number of mismatches btviee
original DD-PTs and the RTs. These mismatches were
learned by the decision trees, then filtered, aimlly
reformulated as lexical pronunciation variants. ldwer, the
presence of unlikely variants must have polluteslléxicons
and weakened the lexical probabilities of the muleausible
pronunciation variants. The small improvements ioleth
through the use of decision trees for the enhanceofethe
CAN/DD-PTs and the KB/DD-PTs, as well as the large
improvements obtained through the use of decisieestfor
the enhancement of the CAN-PTs and the KB-PTs, bean
explained through the same line of reasoning. Turearous
discrepancies between the CAN/DD-PTs and the KB/DD-
PTs and the RTs yielded numerous pronunciatioramggiin
the resulting recognition lexicons (though lessnthia the
DD-PT lexicons). The higher similarity between triginal
CAN-PTs,the KB-PTs and the RTs led to fewer branches in
the decision trees and fewer pronunciation variantshe
resulting recognition lexicons. As a consequendeg t
corresponding lexical probabilities were more rdlihan the
priors in the data-driven lexicons which had more
pronunciation variants per entry.

An interesting result of our study is that the CRNIs
were the best point of departure to approximatetdhgeted
type of RT. We are inclined to believe that this caly be
explained by a canonically-oriented bias in our Ria was
so strong that no other point of departure coutdelthe gap.
Thus, in order to approximate CGN-like manually ified
transcriptions, it is worthwhile learning the masbvious
differences between the canonical and the reference
transcriptions through the use of decision treesvéler, we
also believe that the CAN-PTs as point of depafordPTs
may be suboptimal to approximate RTs that are aseth on
a (similar) example transcription. The failure df aur
signal-based APTs to approximate the CGN trangoript
raises questions about the degree to which the CGN
transcriptions represented the signal in a waylainb a
transcription made from scratch.

The number of remaining discrepancies in the [CAT¢]Pof
the TD and the RS (14.6% and 8.1% disagreementjonigs
slightly higher than human inter-labeller disagreetrscores
reported in the literature. [5] Reported human ritabeller
disagreements between 14 and 11.4% on transcriptdn
Dutch spontaneous speech, and between 6.2 and 3.7%
disagreements on transcriptions of Dutch read $peec
Inspection of the 20 most frequent discrepancieaden the
[CAN-PTs]; and the RTs showed a comparable number of
insertions and deletions, and a set of substitationwhich
the mismatches between voiced and voiceless phopes
dominant. Similar discrepancies were observed b@twe
different manual transcriptions that were basedh@nsame
example transcription [5]. Since our RTs were gategt by
different transcribers, and individual transcribede not
always expose consistent transcription behaviotiregi we
conclude that we should not try to further modek th
inconsistencies in manual transcriptions of speedi, that
we found a very quick, simple and cheap transcripti
procedure approximating human transcription behavfor
the transcription of large speech samples. Our guoe
uniformly applies to well-prepared and spontanespeech.

6. CONCLUSIONS

In this study we compared the applicability of bEshed
automatic phonetic transcription procedures indascale
transcription projects, and we investigated whettier
combination of these procedures yields transcrigtidoser
resembling a manually verified reference transiatipt

We found that signal-based procedures could not
approximate our reference transcription. A know&etgsed
procedure did not give optimal results either. Quit
surprisingly, a procedure in which a canonical gcaiption,
through the use of decision trees and a small sampl
manually verified phonetic transcriptions, was nilede
towards the target transcription, performed bdsée fumber
and the nature of the remaining discrepancies cedp®
inter-labeller disagreements reported in the litema This
implies that future corpus designers should conglizuse
of automatic transcription procedures as a valid elmeap
alternative to expensive human experts.

However, we are inclined to believe that the sucaés
the canonical-based procedure and the failureefitnal-
based procedures are mainly due to the conservaivee
of the manually verified reference transcriptiotfssuch
transcriptions are indeed likely to reflect onlyrwebvious
deviations from an example transcription, theitgosay no
longer be justified in the future.
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