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Abstract

This paper describes a method for modelling phone-level pronunciation in discourse context.
Sooken language is annotated with linguistic and related information in several layers. The
annotation serves as a description of the discourse context and is used as training data for
decision tree model induction. In a cross validation experiment, the decision tree pronuncia-
tion models are shown to produce a phone error rate of 8.1% when trained on all available
data. This is an improvement by 60.2% compared to using a phoneme string compiled from
lexicon transcriptions for estimating phone-level pronunciation and an improvement by
42.6% compared to using decision tree models trained on phoneme layer attributes only.

1 Introduction and background

The pronunciation of a word is dependent on the discourse context in whislortheés ut-
tered. The dimension of pronunciation variation under study in this paper phone dimen-
sion and only variation such as the presence or absence of phones ardadiffen phone
identity are considered. The focus is on variation that can be seepraperty of the lan-
guage variety rather than as individual variation or variation due to chance.

Creating models of phone-level pronunciation in discourse context requdetiled de-
scription of the context of a phoneme. Since the discourse contéxt éntire linguistic and
pragmatic context in which the word occurs, the description must inewelgthing from
high-level variables such as speaking style and over-all speedio tatv-level variables such
as articulatory feature context.

Work on pronunciation variation in Swedish has been reported by several aatigors
Garding (1974), Bruce (1986), Bannert & Czigler (1999), Jande (2003; 2005). Jla@rex-
tensive corpus of research on the influence of various context var@blee pronunciation
of words. Variables that have been found to influence the segmeritshtiea of words in
context are foremost speech rate, word predictability (or woouidrecy) and speaking style,
cf. e.g. Fosler-Lussier & Morgan (1999), Finke & Waibel (1997), Juradésigl. (2001) and
Van Bael et al. (2004).

2 Method

In addition to the variables mentioned above, the influence of various otiedsle@a on the
pronunciation of words has been studied, but these have mostly been studdtioni or
together with a small number of other variables. A general diss@arstext description for
recorded speech data, including a large variety of linguistic datkdevariables, will enable
data-driven studies of the interplay between various information sooincesy. phone-level
pronunciation. Machine learning methods can be used for such studies. A model of pronuncia-
tion variation created through machine learning can be useful in speseiology applica-

tions, e.g. for creating more dynamic and natural-sounding speech synthisspossible to
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create models which can predict the pronunciation of words in contexttacil are simulta-
neously descriptive and to some degree explain the interplay betifszant types of vari-
ables involved in the predictions. The decision tree induction paradigmmachine learning
method that is suitable for training on variables of diverse types, astttaisnay be included
in a general description of discourse context. The paradigm as@<reansparent models.
This paper describes the creation of pronunciation models using the decision treerparadig

2.1 Discour se context description

The speech databases annotated comprise ~170 minutes of elicitedigted speech. Ca-
nonical phonemic word representations are collected from a pronunciaxicon and the
phoneme is used as the central unit in the pronunciation models. The annistaimed at
giving a general description of the discourse context of a phoneme arganised in six lay-
ers: 1) a discourse layer, 2) an utterance layer, 3) a phyase4aa word layer, 5) a syllable
layer and 6) a phoneme layer. Each layer is segmented intaisstioglly meaningful type of
unit which can be aligned to the speech signal and the information iddlutlee annotation
Is associated with a particular unit in a particular layer.example, in the word layer, infor-
mation about part of speech, word frequency, word length etc. is includedfdhmaation
associated with the units in the phoneme layer is instead phonemiéyjdatitulatory fea-
tures etc. For a more detailed description of the annotation, cf. Jande (2006).

2.2 Training data

Decision trees are induced from a set of training instances lsahipm the annotation. The
training instances are phoneme-sized and can be seen as atddfsensitive phonemes.
Each training instance includes a set of 516 attribute values and arphbsation, which is
used as the classification key. The features of the currentturaich layer of annotation are
included as attributes in the training examples. Where applicaiftamiation from the
neighbouring units at each annotation layer is also included in the attribute sets.

The key phone realisations are generated by a hybrid automaticripos system using
statistical decoding and a posteriori correction rules. This nthahghere is a certain degree
of error in the keys. When compared to a small gold standard transcription, the auti@matic
scription system was shown to produce a phone error rate (PER) of IHag4ification is
not always obvious at manual transcription, e.g. many cases of choesiegh a full vowel
symbol and a schwa. Defaulting to the system decision whenever an titamacriber is
forced to make ad hoc decisions would increase the speed of manuahgleukicorrection
of automatically generated phonetic transcripts without loweringrémscript quality. If this
strategy had been used at gold standard compilation, the estimatio® ®fstem accuracy
would have been somewhat higher. The 15.5% PER is thus a pessiniistatessf the tran-
scription system performance.

2.3 Decision tree model induction

Decision tree induction is non-iterative and trees are built leydével, which makes the
learning procedure fast. However, the optimal tree is not guarateedch new level cre-
ated during the tree induction procedure, the set of training instenspbt into subsets ac-
cording to the values of one of the attributes. The attribute sglectbe attribute that best
meets a given criterion, generally based on entropy minimisatinoe ®iaining data mostly
contain some degree of noise, a decision tree may be biased tbe/ardide in the training
data (over-trained). However, a tree can be pruned to make it murale applicable. The
idea behind pruning is that the most common patterns are kept in the mbilielless com-

mon patterns, with high probability of being due to noise in the training data, are deleted.
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3 Model performance

A tenfold cross validation procedure was used for model evaluation. Unslerdloedure, the
data is divided into ten equally sized partitions using random sampengdifferent decision

trees are induced, each with one of the partitions left out durimgnga The partition not

used for training is then used for evaluation. A pruned and an unpruned versichdfee

were created and the version with the highest prediction accurabg @valuation data was
used for calculating the average prediction accuracy. The annotatitains some prosodic
information (variables based on pitch and duration measures calculatedtte signal),

which cannot be fully exploited in e.g. a speech synthesis context. iT iuas interesting to

investigate the influence of the prosodic information on model performBocé¢his purpose,

a tenfold cross validation experiment where the decision tree indicc@ot have access to
the prosodic information was performed. As a baseline, an experinigntrees induced

from phoneme layer information only was also performed.

3.1 Results

Attributes from all layers of annotation were used in the modgts the highest prediction
accuracy. The topmost node of all trees yasneme identity and other high ranking attrib-
utes were phoneme contertean phoneme duration measured over the word and over the
phrase, andunction word, a variable separating between a generic content word representa-
tion and the closed set of function words. The trees produced an averageepbomate of
8.1%, which is an improvement by 60.2% compared to using a phoneme string coropiled f

a pronunciation lexicon for estimating the phone-level realisation.

The average PER of models trained on phoneme layer attributes asl$4,2%, which
means that the prediction accuracy was improved by 42.6% by additgitatrifor units
above the phoneme layer to the training instances. A comparison béhsemodels trained
on all attributes and the models trained without access to prosodimatifon showed that
the prosodic information gave a decrease in PER from 13.1 to 8.1% andditeased model
performance by 37.8%.

The phonetic transcript generated by the models trained on du&siwas also evaluated
against actual target transcripts, i.e., the gold standard use@ltmate the automatic tran-
scription system. In this evaluation, the models produced a PER of 16.9éh, wbans that
the deterioration in performance when using an average decisiomaabs instead of the
automatic transcription system is only 8.5% and that the improvementthsingpdel instead
of a phoneme string is 34.9%.

4 Model transparency

Figure 1 shows a pruned decision tree trained on all available data. Taseses8 of the 516
available attributes in 423 nodes on 12 levels. The transparency of ihierdéee represen-
tation becomes apparent from the magnification of the leftmostreehihder the top node,
shown in the lower part of Figure 1.

The top node of the tree phoneme identity and the magnified branch is the branch repre-
senting phoneme identity /v/. It can be seen that there are twilpassilisations of the pho-
neme /v/, [v] andnul | (no realisation) and it is easy to understand the conditions under
which the respective realisations are used. If the mean phonemierdorar the word is less
than 35.1 ms, the /v/ is never realised. If the mean phoneme durateiwesh 31.5 and 38.2
ms, the current word is decisive. If the word is one of the functiodswad, vi, vara, vid, or
av, the /v/ is not realised. If the word is any content word or theiametordblev, the /v/ is
realised as [v]. Finally, if the mean phoneme duration over the waondns than 38.2 ms, the
Ivl is realised (as [v]) unless the phoneme to the right is also a /v/.
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Figure 1. The upper part of the figurghows the pruned version of a decision tree an
lower part of the figure shows a magnification of a part of the tree.
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