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ABSTRACT

Due to the large variability of pronunciation in spontaneous
speech, pronunciation modeling becomes a more challenging
and essential part in speech recognition. In this paper, we
describe two different approaches of pronunciation modeling by
using decision tree. At lexical level, a pronunciation variation
dictionary is built to obtain aternative pronunciations for each
word, in which each entry is associated with a variation
probability. At decoding level, decision tree pronunciation
models are gpplied to expand the search space to include
alternative pronunciations. Relative error reduction of 7.21% and
4.81% could be achieved at lexical level and decoding leve
respectively. Theresults at the two different levels are compared
and contrasted.

1. INTRODUCTION

The primary goal of speech recognition is to produce a textual
transcription for spoken input. This can be done by establishing
a mapping between the extracted acoustic festures and the
underlying linguistic representations. Given the high variability
of human speech, such mapping is not one-to-one. Different
linguistic symbols can give rise to similar speech sounds while
each symbol may have multiple pronunciations. The variability
is due to co-articulation, regional accent, spesking rate,
speaking style, etc. Pronunciation modeling (PM) for automatic
speech recognition (ASR) is aimed at providing a mechanism by
which speech recognition systems can be adapted to
pronunciation variability.

In a large vocabulary continuous speech recognition
(LVCSR) system, three knowledge sources are involved:
pronunciation lexicon, acoustic model (AM) and language
moded (LM). They are used to form a search space from which
the most likely sentence(s) or word string(s) is decoded. Within
this framework, modeling of pronunciation variations can be
done by explicitly modifying the knowledge sources and/or
improving the decoding technique.

Pronunciation lexicon provides constraints on the
combination of speech sounds at the lowest linguistic level.
Conventionally, the lexicon contains a baseform transcription
for each word in the form of a phoneme sequence. The
baseform transcription, aso known as canonical transcription, is
assumed to be the “standard” pronunciation of word that the
spesker is supposed to use. If there exist dternative
pronunciations of the word, they need to be included in the
lexicon. These additional items are commonly referred to as
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surfaceform transcriptions, which are the actual pronunciations
that different speakers may use [1][2].

The existence of aternative pronunciations implies that the
acoustic models may not be accurate enough to represent the
variations of speech sounds. Indeed, in most cases, acoustic
models are trained with the assumption that only baseform
pronunciations are used. Thus, it would be useful to retrain or
refine the acoustic models according to more redistic
pronunciations [3][4].

Pronunciation modeling can also be done by expanding the
search space for sentence decoding. Being augmented with
pronunciation variants, the search space is expected to contain
more useful information for the search.

In this paper, we focus on the use of decision tree based
techniques for automatic prediction of pronunciation variability.
The pronunciation modeling techniques are developed and
evaluated for continuous Cantonese speech recognition. We
investigate the effectiveness of two methods in which
pronunciation modeling is applied at lexica level and decoding
level respectively.

2. BACKGROUND

2.1. TheCantonesedialect

Mandarin and Cantonese are two important dialects of Chinese.
The former is the official standard of spoken Chinese while the
latter is the most influential dialect in South China, Hong Kong
and overseas. Like Mandarin, Cantonese is monosyllabic and
tonal. Each Chinese character is pronounced as a monosyllable
[5]. A Chinese word is composed of one or more characters.
Most characters can also be a meaningful word by themselves.

A Cantonese syllable can be divided into an Initial (1) and a
Final (F) [6]. There are totally 20 Initials and 53 Finals. Initials
and Finals are combined under certain phonological constraints
and as a result, there are over 600 legitimate I-F combinations,
referred to as base syllables. Table 1 shows the structure of a
Chinese word. The Chinese word “ " (we) is atwo-syllable
word. The base syllable “ngo” is formed by the Initia “I_ng"
and the Final “F_o". The syllable “mun” is formed by the Initial
“I_m” andtheFinal “F un”.

Chinese Chinese Base Sub-syllable units
word character syllable
ngo I_ngF o
mun I_mF_un

Table 1. The structure of a Chineseword.




22. LVCSR for Cantonese

For Cantonese LVCSR, context-dependent Initials and Finals
are usually used as the basic units for acoustic modeling by
Hidden Markov Models (HMM). In this research, the acoustic
models being used are cross-word bi-IF HMMs trained with 20
hours of continuous speech from the CUSENT corpus
developed by the Chinese University of Hong Kong [7]. The
acoustic models are used with a class-based bi-gram language
modd. The target application deals with domain-specific
spoken queries, i.e. stock information inquiry.

Pronunciation models are used to derive or predict
surfaceform transcriptions from baseform transcription. Let B
and S denote respectively the baseform and the surfaceform
transcriptions at Initial-Final level. Table 2 shows an example
of baseform and surfaceform transcriptions for the word “ "

Chinese word B S

I ngF ol _ mF un

I null F ol_mF un

I_ngF_ol_mF_un I ngF ol WF un

I null F ol_wF un

Table 2. Baseform and surfaceform transcriptions of the word

“ ”

Two different decoders are under investigation. The first
one is a one-pass decoder, in which the knowledge sources are
used al at a time to construct the search space. The second
decoder performs search in two stages. In stage 1, acoustic
models are used to generate a lattice of Initials and Finals. The
ultimate sentence output is generated by stage 2 with the
assistance of language models.

For the one-pass decoder, pronunciation variants can be
introduced by either explicitly including the surfaceform
pronunciations in the lexicon or dynamicaly expanding the
search space during the decoding process. In the case of two-
pass decoding, pronunciation models can be used to augment
the intermediate search space between the two search stages.

The data used in our research includes 1200 utterances from
CUSENT corpus test set, named as CUTEST, and 1300
utterances of spoken queries on stock information, named as
STOCKTEST. The former is used to build 3 sets of decision
tree PMs for 3 different experiments. The latter is used as
testing datafor the 3 experiments.

3. USE OF PRONUNCIATION VARIATION
DICTIONARY

To incorporate pronunciation modeling at lexical level, one of
the methods is to use a pronunciation model to build an
augmented dictionary to include alternative pronunciations. The
resultant lexicon is referred to as pronunciation variation
dictionary (PVD).

To use the PVD, the recognition process needs to be
modified to take care of the newly added pronunciation variants.
This is done by incorporating the variation probabilities (VP)
into the decoding process.

Given an acoustic observation O, the goal of recognition is
to find the word sequence W that maximizes the probability
P(WO). According to the Bayes' Rule, we have
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W* = arg max P(W)P(O |W) (1)

where P(W) is given by language model and P(O|W) is
computed from acoustic model and pronunciation lexicon. If
pronunciation variations are taken into account, equation (1) is
modified to:

W* = argmax PW)P(O | S, )P(S,x [W) -2

where S, is the K" pronunciation variant for the word W. The
modified equation essentiadly searches for a particular
pronunciation variant that maximizes the probability. P(O|S,)
is the acoustic likelihood of pronunciation Sy . P(Syx|W) gives
the probability that W is pronounced as Sy .

4. CONSTRUCTING THE PVD

41. How to obtain the pronunciation variations?

PVD is the conventiona lexicon with additional alternative
pronunciations such that pronunciation variations can be
handled. To build a PVD, we have to find out what are the
variants (surfaceform transcriptions) to be included in the
lexicon. Oneway isto derive them from a set of speech data by
using a proper PM. The speech data we used is the 1200
utterances of CUTEST mentioned in Section 2.2. PM is used to
make predictions from baseform transcription of CUTEST. The
predicted aternatives provide constraints to phone recognition
for CUTEST to obtain the most likely surfaceform [8].

A confusion matrix, which shows the possible variants of a
particular IF unit, can be obtained by aligning the baseform
transcription with the surfaceform transcription of CUTEST and
tabulating the frequency of each surfaceform. Table 3 shows
part of a confusion matrix in table form for the Initial “I_m” and
“l_ng”,and Fina “F_0" and “F_un”.

Baseform B | Surfaceform S | Variation Probability (VP)%
I_m I_m 80
I_m I_w 20
|_ng |_ng 30
I_ng |_null 70
F o F o 100
F un F un 100

Table 3. Confusion matrix in table form for the Initial “1_m”
and“l_ng", and Final “F_o” and “F_un” with the
corresponding variation probabilities.

Too many variations added to the dictionary will introduce
excessive confusion during the searching process. Normally,
threshold is set to filter rarely occurred surfaceforms.

By using the confusion matrix, PVD, which contains
pronunciation alternatives for each word, is built. Table 4 shows
part of the PVD containing the surfaceform transcriptions and
the corresponding variation probabilities of the word “
P(SyxlW) for each surfaceform is obtained by multiplying the
VPs of al individua surfaceform IFs composing the word as
given in Table 3. The PVD can then be used in the decoding
processto find a particular pronunciation variant that maximizes
the probability P(WO).



W B Suk P(SudW)

I ngF ol mF un 0.24

| null F ol_mF un 0.56

I_ngF_ol_mF_un ™| ngF ol wF un 0.06

| null F ol wF un 0.14

Table 4. A part of the PVD showing the surfaceforms of the
word * ”

The alignment between the baseform and the surfaceform
transcription of CUTEST can be used to train another set of PM.
Repeating the steps above can obtain a reweight and augmented
dictionary, named as retrained dictionary.

4.2. Decision treepronunciation modes

Decision tree is essentially a context dependent PM used to
predict the surfaceform phones given the baseform phone. A
decision tree, which is shown in Figure 1, contains a binary
guestion (yes/no answer) about the phonetic features at each
node in the tree. The leaves of the tree contain the best
predictions (surfaceform phones) based on training data.

In our study, the data used to build the decision tree PMs
includes 1200 utterances from CUTEST. The baseform
Initial/Final transcription of CUTEST, which is the manually
verified version, together with the surfaceform transcription,
obtained from phone recognition, form a set of training vectors.
The tree context concerns the baseform unit under consideration
(Cp), left baseform unit (L) and the right baseform unit (Ry).
The stopping criterion requires a minimal number of samplesin
the parent node and child node [9].

One decision tree is built for each Initial and Final. 20
Initials and 53 Finals will result in 73 different trees. The
decision tree PMs are applied to the baseform transcription of
the training corpus to construct a lattice of pronunciation
alternatives for phone recognition, so as to obtain the most

likely surfaceform.

P

< CpLbRo>

F_ eon003
F oengOQ7

A
<z
Ac

<F oengl_cl_s>

<F_oengl_sl_s>

Figure 1. An example of decision tree generated for the Final
“F_oeng”.
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5. PRONUNCIATION MODELING AT
DECODING LEVEL

Pronunciation modeling at lexical level can only handle intra-
word pronunciation variations. To deal with inter-word
pronunciation variations, some researchers suggested defining a
group of multi-words to be added into the lexicon. But, this
method can only handle a limited number of inter-word
pronunciation variations. Another way to cope with inter-word
pronunciation variationsis to incorporate PM at decoding level.

When incorporating PM at decoding leve, it is not
necessary to derive the surfaceform pronunciation dictionary.
The search works &l the way with the baseform lexicon, which
is the lexicon built from the baseform transcription. Moreover,
pronunciation variations due to inter-word context can aso be
handled at the decoding level.

The decoding process is to find an optimal seguence of
words, given the pronunciation lexicon, acoustic mode and
language modd. Decoding algorithms are generally categorized
as one-pass versus multi-pass search. In a one-pass search, al
knowledge sources are used at a time to decode an utterance,
whilst in a multi-pass search, different knowledge sources are
applied at different stages during decoding. The ways to
incorporate PM at decoding leve for one-pass search and multi-
pass search are very different. They will be discussed in Section
5.1 and 5.2 respectively.

5.1. PM in one-passsearch

In this research, we use a one-pass decoder for continuous
Cantonese speech recognition [10]. It works with a tree-
structured lexicon that is constructed based on the baseform
lexicon. The lexical tree specifies all |egitimate connections for
the baseform bi-IF HMMs. Each node in the lexica tree
corresponds to a base phone (IF phone), which carries al the bi-
IF HMM corresponding to the same base phone. The search
agorithm is forward Viterbi search. It is a token-based search
process. A token is defined with the identities: node ID, path
score and one of the HMM corresponding to the base phone. Bi-
gram language model is applied whenever a search path reaches
aword-end node. The most probable word sequence is obtained
when the search reaches the end of an utterance.

The advantage of integrating PM into one-pass search isthat
more knowledge sources are added to direct the search process.
However, this would enlarge the search space, and require
higher computation.

Decision tree PMs are obtained in the same way as
described in Section 4.2. It should be noted that the right context
for an IF modd in the search space is not known in the forward
Viterbi search. Therefore, we take the current baseform, the
baseform and surfaceform left context into account in the
prediction of surfaceform IF models.

The incorporation of PM in token-based searching process
does not change the origina search space but only increase the
number of alivetokensto carry theinformation of pronunciation
variations. Each bi-IF connection is expanded to the predicted
surfaceform dynamically during the search. Thus, the path
leading to aternative pronunciations is aso alowed to
propagate in the search process.
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Prediction C= F_aan BF: F_aang BF: F_aang
SF: F_aang SF: F_aan
HMM: F_aang+l_c HMM: F_aan+l_c
BF: F_aang BF: F_aang
SF: F_aang F_aan

SF:
HMM: F_aang+l_s HMM: F_aan+l_z

Figure 2. Token expansion with the incorporation of PM.

Asshown in Figure 2, without incorporating PM, there are 2
nodes (I_z and |_s) connected to the node F_aang Therefore, 2
bi-IF HMMs are stored in this node and 2 tokens are alive in the
node F_aang.

The incorporation of PM increases the number of aive
tokens. By using the decision trees, predictions can be made
with the prior knowledge of current baseform context (C,), left
baseform context (L) and left surfaceform context (Lg). For
example in Figure 2, given the contextua information
(Cy=F_aang, Lp=I_h, L&l k), a predicted surfaceform,
F_aan, is obtained from the baseform node F_aang. In Figure 2,
the nodes |_h, F_aang and |_z have the surfaceforms |_k, F_aan
and |_c respectively.

Apart from the origina tokens carrying the baseform
information, additional tokens are created to carry the
surfaceform information, e.g. 2 tokens a node F_aang are
expanded to 6 tokens. With these additional tokens carrying
surfaceform information, each bi-IF connection is modified to
allow the path propagates to aternative pronunciations in the
search process.

5.2. PM in multi-pass search

We also attempt to apply pronunciation modeling to a two-pass
decoder for Cantonese speech recognition. In this case, PM is
used between the two search stages. An IF latticeis generated in
stage 1 using only acoustic models. The IFsinside the lattice are
in surfaceform. PM is then applied to expand each node in the
IF lattice to dl the possible baseform IFs that may result in this
particular surfaceform. In stage 2, baseform lexicon and
language model are applied to search for the most probable
word sequence from the expanded IF lattice.

The advantages of adding PM into a multi-pass search are
its simplicity and ease of manipulation. The modification does
not touch the existing searching algorithms in the two stages. It
operates on the intermediate results only. Moreover, context-
dependency can take into account of the right context which is
not available in a one-pass search. The main drawback of a
multi-pass search is that the error from each stage would
propagate to the next stage. Thus, the performance depends
greatly on stage 1.

Decision tree PMs are obtained as described in Section 4.2.
The difference is that instead of predicting the surfaceforms
from a baseform IF, all the possible baseform |Fs that would be
redlized as a particular surfaceform are predicted. The process
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would therefore be creating a decision tree for each surfaceform
IF having baseform IFsin the leaves.

6. EXPERIMENTS

6.1. Experiment Setting

The methods described above are evauated in a domain-
specific application of continuous Cantonese speech recognition.
The application deals with naturaly spoken queries on stock
information. The test set, STOCKTEST, contains 1300
sentences (about 65 minutes) recorded from 13 speakers. The
acoustic models are cross-word bi-IFs trained by 20 hours
CUSENT corpus. The number of Gaussian mixtures at each
state is 16. Each speech frame is represented by a 39
dimensional feature vector with 12 MFCCs and its energy, as
well astheir first and second order derivatives. In Experiment 1,
the search engine is a one-pass search based on tree-structure
lexicon [10]. The effectiveness of a decision tree predicted PVD
is evaluated. In Experiment 2, the lexicon is the original
baseform lexicon but the search engine is the modified one-pass
search with the incorporation of PM. In Experiment 3, the
search engine is a two-pass search in which IF lattice is
generated in stage 1, and word sequenceis obtained in stage 2.

6.2. Experiment 1: PM at lexical level

st nd
Baseline 1P\'/I'Irjee 2 p\;r)ee
Th_cnt=0 Th_VP=5% 12.06 1191 11.82
Th_cnt=5 Th_VP=5% 12.06 11.89 11.82
Th_cnt=5 Th_VP=20% 12.06 11.21 11.19
Th_cnt=5 Th_VP=25% 12.06 11.26 11.25

Table 5. WER(%) of using different PVDs at lexicd levd.

The results of Experiment 1 are shown as in Table 5. 1% tree
PVD means the PVD built by the first set of decision trees. 2"
tree PVD is the PVD built by the retrained decision trees.
Different thresholds of the frequency count (Th_cnt) and the
variation probability (Th_VP) are evaluated.

It can be seen that the incorporation of pronunciation
modeling in PVD achieves a better performance of recognition.
If the threshold is too small, a large number of variations are
included in the lexicon. This causes confusion in the searching
process and degradation of recognition performance. If the
threshold is too large, some frequently pronounced variations
would be missed.

It is found that the optimal threshold of variation probability
is about 20%. The average number of variations per IF unit for
this threshold is 1.15. The average number of variations per
word is 1.22. By using this threshold, the WER can be reduced
by 0.85%. The WER can be further reduced by 0.02% when the
retrained PVD is used.

The retrained PVD is better than the first tree PVD because
the recognized surfaceform is more accurate than the first tree
as more information is added. The 7.21% reative error
reduction for the retrained tree PVD is due to 9% reduction in
number of words substituted and 18% reduction in number of
words inserted.




By analyzing the recognition results in detail, we observe
that there are three Initials that are always confused. The lip-
rounded velar /gw/ is usualy confused with /g/. Nasal /n/ is
always confused with the tongue rolled /I/. Nasal /ng/ is always
deleted. It seems that Cantonese speakers tend not to pronounce
anasal and to round their lips.

It is found that pronunciation variations for the Finals occur
mainly in codas. Nasal codas, for example, /ng/, /n/ and /m/ are
always confused. Unvoiced stops, for example, /k/, /t/ and /p/
are a'so aways confused.

partial recognition result might not be suitable to surfaceform
prediction.

Neverthdess, the result is till not as good as that at the
lexical level. This may be due to the fact that the right context is
also considered in the surfaceform prediction at the lexical level
but not at the decoding level, as the right context is not yet
known during the search. The information could be used for
surfaceform prediction at the decoding level is therefore less
than that at the lexical leve.

6.4. Experiment 3: PM at decoding level using two-pass

6.3. Experiment 2: PM at decoding level using one-pass search
search Basdine Two-pass PM
Basdine One-pass PM Th VP=20% 24.49 23.42
Th_VP=20% 12.06 11.68

Table 6. WER(%) of using PM in one-pass search at
decoding level.

With the variation probability threshold setting as 20%, the
result in Table 6 shows that the incorporation of pronunciation
modding in one-pass search gives a better performance of
recognition. WER can be reduced by 0.38%. 3.15% relative
error reduction is achieved.

. 1¥Tree | 2Tree | Onepass
Basdine| “pyp PVD PM
Th VP=20% 12.06 11.21 11.19 11.68

Table 7. Comparison of WER(%) by using different PMs

It is observed in Table 7 that incorporating PM in one-pass
search isnot as good asusing PVD at lexical level and this does
not match our expectation. We think that incorporating PM in
the decoding level should perform better, since the inter-word
variations are better handled. This contradicting result may be
due to the fact that we use different decision trees for the two
experiments. At the lexical leve, the surfaceforms are predicted
from the baseform and both the baseform | eft and right contexts.
While at the decoding level, the prediction of surfaceforms
depends on the baseform and surfaceform left context. The
surfaceform left context (L) is obtained from the partia
recognition result. The partial recognition result is not perfectly
accurate, thusintroducing errorsin the surfaceform prediction.

Basaline 1% Tree | 29 Tree | One-passPM | One-pass PM
PVD PVD with Lg without L
12.06 11.21 11.19 11.68 11.48

Table 8. Comparison of WER(%) of using different PMs
(Th_VP=20%).

In order to diminate the error introduced by mis-recognized
left surfaceform, we conduct another experiment that uses only
the baseform and the left baseform for surfaceform prediction.
Theresult in Table 8 showsthat if we only use the baseform and
left baseform to build the decision trees, WER can be reduced
by 0.2% comparing with that in the last experiment, which gives
an overal relative error reduction of 4.81%. This suggests that
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Table 9. WER(%) of using PM in two-pass search at
decoding level

With the variation probability threshold setting as 20%, the
result in Table 9 shows that the incorporation of pronunciation
modeling in two-pass search also gives a better performance of
recognition. WER can be reduced by 1.07%. 4.37% rdative
error reduction is achieved. The lattice is expanded by a factor
of about 1.5 to contain more pronunciation variations.

As stated earlier, one-pass search generally performs better
than atwo-pass one. This aso agrees with our result. The WER
for the one-pass search is 11.74% lower than that for two-pass.
This experiment is aimed at showing that decision tree PMs also
work in a multi-pass decoding process.

7. CONCLUSION

This paper describes various approaches of dealing with
pronunciation variations in ASR for Cantonese. At the lexical
level, a pronunciation variation dictionary is built to obtain
aternative pronunciations for each word. Then, the variation
probabilities are incorporated in the searching process. This
method gives a better recognition performance. The optimal
threshold of variation probability is tuned to be 20%. The
application of PVD built by the first set of decision trees
reduces the WER by 0.85%. The WER can be further reduced
by 0.02% when the retrained PV D is used.

At the decoding level, decision tree PMs are applied to
expand the search space to include aternative pronunciations. In
a one-pass search, the search space is dynamically expanded to
alow search paths to contain surfaceform phones. Incorporation
of pronunciation modeling in one-pass search gives a reduction
of WER by 0.38%. In order to eliminate the error introduced by
mis-recognized left surfaceform, the left surfacefrom is not used
in the construction of decision tree PMs. WER can further be
reduced by 0.2%. In order to verify the applicability of decision
tree PMs in a multi-pass decoding process, experiment using a
two-pass search is donein which IF lattice is generated in stage
1. In stage 2, PM is applied to expand the IF lattice to include
aternative pronunciations. WER can be reduced by 1.07%.
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