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ABSTRACT

The pronunciation variations, which badly influenced the
performance of ASR system, are serious in continuous speech,
especialy in spontaneous speech. Many research works are
focused on pronunciation variation modeling in recent years. A
framework for Chinese pronunciation variation modeling is
described in this paper. The main idea is that the pronunciation
variations are hidden in the recognition errors and it could be
found out and modeled. The linguistic knowledge can be used
for supervising the finding variations, and it can be used to
model the variations directly. Under this framework, the
pronunciation variation modeling can be made more reliably and
more expediently than conventional methods. Our primary
experimental results show it is effective for Chinese continuous
speech recognition.

1. INTRODUCTION

Compared with the isolated word recognition, more and more
research works deal with the continuous speech recognition for
different tasks in recent years [1][2]. At the same time more
issues must be faced for researchers in continuous speech
recognition task, and the pronunciation variations is one of the
importants. Many experiments show that the performance of an
ASR system would be increased with modeling these variations,
especially for spontaneous speech [3].

It is well known that the pronunciation variations are produced
due to many aspects, such as context, co-articulation, accent,
speaking rate, speaking style[4][5], and so on. In other words, for
the same word (or other units) the pronunciation may be very
different in different contexts, or pronounced by different
speakers. The variations to be modeled must be found out before
modeling.

Generally, there are two types of methods, i.e. the knowledge-
based[6][7] and the data-driven based[8][9], could be used to
model the pronunciation variations. For the knowledge-based
approaches, the linguistic knowledge given by experts is needed.
Unfortunately, it is impossible to collect enough knowledge for
describing the pronunciation variations. And there would be
mismatch between the experts knowledge and the database, for
the knowledge are usually obtained from limited literatures that
often great different from the real speech database. These
drawbacks may lead worth pronunciation modeling. The data-
driven methods, on the other hand, try to extract the variations

information directly from training data and use the information
to refine the acoustic model with a bottom-up or top-down
strategy. It is difficult to integrate the linguistic knowledge in
this processing. Because the knowledge on pronunciation
variation are obtained from the data directly, the possible
drawback of data-driven methods is that for the new corpus the
whole process of transcribing the speech data and obtaining
pronunciation variation has to be started again.

In this paper, a framework on Chinese pronunciation variation
modeling is proposed. Mainly, this method is data-driven based,
but the linguistic knowledge can also be integrated in this
framework. The main idea is that the pronunciation variations
are hidden in the recognition errors and could be found out and
modeled. First at all, a context-dependent Initial/Final acoustic
model is constructed by using decision tree based state-tying
method, for the contexts greatly influenced the pronunciations.
In this step, some Chinese linguistic knowledge are used to
determine which states can be tied together. After this, the
recognition errors are located, in which the pronunciation
variations are hidden. And then the knowledge on pronunciation
variations are collected from the recognition errors under the
supervising of linguistic knowledge. Finaly, the model can be
reconstructed and the decoder can be refined to consider these
variations. Some modeling methods can also be used in this step.

The proposed framework will be discussed in Section 2, and the
details of the framework will be stated in the following Sections
(Sction3 to Section 6). Some initial experimental results and
conclusions will be givenin Section 7.

2. PRONUNCIATION VARIATION MODELING
FRAMEWORK

In this section, aframework integrated both linguistic knowledge
and data-driven strategy for Chinese pronunciation variation
modeling will be described, which consists of five levels showed
asfollows.

The first level is to prepare a primary acoustic model trained
from a database with few pronunciations variations. At this level
linguistic knowledge would be considered to build a context-
dependent acoustic model (TrilF model in our experiments) by a
tree-based state tying method [10].
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Figurel. Pronunciation Variation Modeling Framework

The second level is a Pronunciation Variations Location (PVL)
for a spontaneous speech database. Similar to data-driven
methods, a dynamic programming algorithm is used to generate
force alignments for the training data. And then a confidence
measurement is performed to determine which segments of
speech stream are aberrant. After this, another recognition is
invoked to find transcriptions for those variational dlices.

The third level is called Information Collection (IC). Since
recognition errors regarded as the results of pronunciation
variations are located at PVL level, we could try to find the
external and internal behaviors related to the variations. For
example, the duration time of the syllable or the Initial/Final, the
tone of the Final, the context, the Initial/Final confusion matrix,
the score of the syllable or the Initial/Final, the speaker identifier,
and so on.

The fourth level is named DataMining based Model
Construction (DMMC). With data mining on the information
collected at IC level, a specia model is constructed with
linguistic knowledge provided by the experts as well. In addition
to this, some linguistic knowledge would be re-selected by
verifying through the training data.

Thefinal level of the framework is to integrate the model built at
DMMC level into an acoustic decoder modified according to
linguistic knowledge or combined with language models for
spontaneous speech recognition.

In this framework, from the second level to the final level can be
repeated to refine the model and decoder if needed.

3. CONTEXT-DEPENDENT ACOUSTIC
MODELING

3.1 Basic Speech Recognition Units

Unlike the western languages, Chinese is naturaly a syllabic
language and each syllable has an Initial-Final structure.

Previous experiments show that the acoustic modeling based on
either the syllable or the Initial/Final (IF) can achieve a good
performance [10]. Many Chinese speech recognition systems
have been established, using syllables or IFs as the SRUs
[13][14]. In this paper, the Extended Initial/Final (XIF) units are
used as the basic unitg[10].

3.2 TrilF Modéding

In systems where the context information is completely or partly
not taken into account to reduce the computational complexity,
the accuracy is often not satisfying because the co-articulation of
the speech is not well modeled. In order to gain higher
recognition accuracy, the context-dependent modeling becomes
an important part in the acoustic modeling. For Chinese speech
recognition systems, two major issues should be considered. One
is the selection of SRUs, while the other is the reduction of the
scale of the context-dependent (CD) model.

Considering the contexts (e.g. the near left and right units), the
XIF units become the TrilF units, like the triphone units. After
designing linguistic knowledge based question set, the tree-based
state-tying method is used to build the TrilF model. The
recognition results show that using this kind of units to build the
context-dependent model can get a better performance for
Chinese continuous speech recognition [10]. In other words, the
variations related to the contexts are modeled very well.

4. PRONUNCIATION VARIATIONSLOCATION
(PVL)

4.1 Standard tanscription

A more accurate transcription is needed for a speech corpus, but
it is difficult to transcribe a large speech corpus manually.
Commonly, a fraction of the corpus is manually transcribed at
first, and then some automatic segmentation algorithm is used to
transcribe the speech. In our experiments, the origina
segmentation information is generated by the Merging-Based
Syllable Detection Automation (MBSDA) [11] and the manual
adjustment. For the TrilF model provides high performance in
our experiments, the transcription is refined by using a dynamic
programming agorithm to generate force alignments for the
training data. And the new segment information is regarded as
the standard transcription.

4.2 Pronunciation Variation L ocation

As mentioned above, the recognition errors are smply regarded
as the results of pronunciation variations in our framework. So
the task of PVL becomesto locate the errors.

The PVL processing consists of the following steps. Firstly, the
standard transcription is obtained as mentioned in section 4.1.
Secondly, all the speech data are recognized to get the results
including the time alignment information. Finally, variations are
located through comparing the recognition results with the
standard transcription.

In our experiments, the PVL includes two levels, the syllable
level and the Initial/Final level. It iswell known that the Chinese
is asyllabic language, and the syllable plays an important role in



Chinese speech recognition. So the pronunciation variation at
syllable level should be located. On the other hand, the initial-
final structure is a characteristic of Chinese language, and the
XIFs have been chosen as the basic SRUs. Thus the
pronunciation variation location at Initial/Final level is also
performed.

5. INFORMATION COLLECTION (IC)

It is well known that the pronunciation variations are produced
due to many aspects, such as context, co-articulation, accent,
speaking rate, speaking style, and so on. But which contexts
influence the pronunciations? And which variations are due to
the speaking style? Obviously, existing linguistic knowledge is
not sufficient yet. So, we try to find the external and internal
behaviors related to the variations from the data under
supervising of the linguistic knowledge. The following
information that related to the pronunciation variation can be
collected in IC level.

e basic errors: insertion, deletion and substitution errors
(to find out which isthe main error)

e gpeakers errors: the errors according to the speakers
(speaking rate, speaking style, accent and so on)

e gyllables/XIFs errors: the errors related to the
syllables and XIFs (to find out which models are bad
described)

e  duration time information: the average duration time
of the syllables and XIFs

e confusion matrix: syllables and XIFS confusion
matrix

e gyllablesXIFs error scores: the scores of the wrong
recognized syllables/XIFs, can be compared with
standard scores

e tone related errors: the errors are related to which
original tone (which unit with which tone are badly
model ed)

e contexts related errors: the errors related to which
contexts (which syllable or XIF in which contexts are
badly modeled)

e insertion and deletion error location: where these
errors are taken place, at the tail/head of the syllable or
crossthe syllable

e relationship of the successive errors: which errors
are often taken place successively

e others

After IC processing, some information related to the
pronunciation variations are collected, which will be used in the
next level.

6. DATA-MINING BASED MODEL
CONSTRUCTION AND DECODER REFINEMENT

The task of thislevel isto find the pronunciation variations from
the collected information in the previous level. This level is a
Data Mining processing, eg. a knowledge discovering
processing. It is expected to get such information,

e influence of the contexts: which contexts are
badly modeled
e influence of the speakers. related to the
speaking rate, speaking style, accent and so on
e confusions; related to the substitution errors
e insertion errors: related to the insertion errors
e correlation of errors: related to the successive
errors
e others
The extracted information on pronunciation variations are
regarded as the new knowledge that will be used to reconstruct
the model or refine the decoder for pronunciation variation
modeling with the linguistic knowledge provided by the experts
as well. These knowledge can be used for the model
reconstruction from the following aspects,

e re-estimating model parameters

e defining new basic units

e adding pronunciation variants to the lexicon
e hbuilding ( weighted ) pronunciation networks
e others

And some knowledge can also be used to refine the search
algorithm to model the pronunciation variations.

7. RESULTSAND CONCLUSIONS

7.1 Speech Corpus

A continuous Chinese speech corpus from 863 materials is used
in this paper. The corpus contains 80 speakers data and 520
utterances are available for each speaker. All the recorded
materials are obtained in a low noise environment through a
close-talk noise-canceling microphone. 70 speakers data are
used as the training set while the remaining part is used for
testing. They are digitized at 16KHz sampling rate. 13
dimensional MFCC, 1 dimensional log energy, and their 1st and
2nd order derivatives extracted in 24ms Hamming windowed
frames every 12ms are used as the features. Cepstra Mean
Normalisation (CMN) is applied over the 1s long segment. Each
unit is divided into 3 states, and the tools in HTK v3.0 are used
to build the acoustic models[12].

7.2 Primary Experimental Results

Some Primary experimental results including speaker related
pronunciation and the insertion and deletion errors will be given
in this section, and the results obtained by using some common
used technologies like the confusion matrix are not discussed
here. The in-depth study will be done in the future.

The recognition processing has been done on the training set, and
the recognition results show that the TrilF model is relatively
good. The accuracy is about 95.30%, and the primary errors are
the substitution errors. They are great larger than the insertion
and deletion errors. After studying every speaker’s results, it is
found that there are about 5 speakers in the training set, their
speech results in a worse accuracy. The main reason is that all
these 5 persons are pronounced with some accent, and this leads



the recognition errors higher than other people. In other words,
the current TrilF model used in our experiments can not catch
the pronunciations. And the confusion matrix is used to get the
confusion information in our experiments.

Although the insertion and deletion errors are not the primary
errors, it is aso badly influenced the model performance. So, the
related information is collected to study the causes. The XIFs
dependent insertion and deletion errors are studied firstly. The
results show that for the insertion errors, the errors related to {i,
u,_y,_W,_aa _V,V, _e e are more than 52.67%, and for the

deletion errors, the{ vy, i2, _e,_w, u,l,v, v, _a er} are 58.81%.

The results show that the insertion and deletion errors are closely
related to the zero-Initials and its corresponding Finals
(exclusive _o, for its samples are too fewer).

The insertion and deletion errors are located in PVL processing.
After studied the recognition results, some helpful knowledge are
generated by comparing with the standard transcriptions. For
example: for unitsin {xie, xing, jiu, jing, jie, ju, you}, it is easy
to insert an error insertion with unit _y, for unitsin {jie, jing, ji,
jiujia}, unit i will be inserted into the syllable. For {ha, za, da,
fa, ta} will attached with unit _aa, and so on. And the deletion
will be occurred in the following units strings, such as “
diyi”, “yiyi”, “yuyi”, “liyi ai yi” and “xi yu”.

7.3 Conclusions

In this paper, a framework for Chinese pronunciation variation
modeling is described. The main idea is that the pronunciation
variations are hidden in the recognition errors and could be
found out and modeled. Under this framework, the pronunciation
variation modeling can be made more reliably and more
expediently than conventional methods. Our primary
experimental results show it is effective for Chinese continuous
speech recognition. The future work is to find more usable
knowledge on pronunciation variations and to study how to
model these variations better.
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