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1. Introduction

Large vocabulary continuous speech recognition (LVCSR) is
one of the basic applications of speech technology. High-
quality acoustic models as well as large-scale language models
are necessary to create an LVCSR system. In written Thai,
there is no marker for separating words and even the definition
of a word is ambiguous. Words are usually separated into two
types: 1) simple words, consisting of one or more syllables,
each of which may have a meaning, but the meaning of the
word is not related to the meaning of any one syllable; and 2)
compound words, composed of two or more simple words.
With this criterion, the determination of word boundary on the
real given data is still ambiguous and may not be consistent for
different persons. Therefore, building a Thai text corpus is not
a trivial task, and an efficient word segmentation approach is
required. Generally, the dictionary-based word segmentation is
employed to automatically segment a text corpus. However,
the performance of this approach depends heavily on the
dictionary’s coverage of vocabulary in the target corpus. In
this paper, an automatic corpus segmentation method using no
dictionary is proposed. The C4.5 learning algorithm is
employed here to help arrange a text corpus for building a
language model.

2. Previous works

There have been a few studies on automatic language
modeling for Thai LVCSR. An automatic data-driven
language modeling approach was presented by Thienlikit [1].
A text corpus was first segmented into pseudo-morpheme units,
and then these units were merged on the condition of forward
and reverse bigram statistics. An approach to generate a
dictionary for Thai LVCSR by using multiple segmentation
approaches was also introduced [2]. The results of dictionary-
based and pseudo-morpheme segmentations were used
together to evaluate better segmentation results. However, this
technique still relied on the performance of dictionary-based
word segmentation.

3. Proposed method

3.1 Pseudo-morpheme segmentation (PMSEG)

The term “pseudo-morpheme” is defined here to represent a
written form of a syllable-like unit in order to avoid confusion
with the definition of syllable in the sound system. Table 1
shows the relation between words, pseudo-morphemes, and
syllables.

Table 1: Word, do-morpheme, and syllabl

wig Wi1-6i19 (naa? taangl) WiN-611 (naa2 taangl)
3nen -t (wit3 jaaz0) I0-n-en (wit3 a3
jaaz0)
WAANHA WR-AN-11 (phon0 svk 1 We-RE-8n-81 (pha3 la3
saaz4) svk1 saaz4)

One significant problem for Thai word segmentation is caused
by the lack of a clear definition of a word. The segmentation
problem can be solved by pseudo-morpheme segmentation,
based on the fact that pseudo-morphemes are more well-

defined units and can be more consistently analyzed than
words. Pseudo-morpheme segmentation is therefore more
reliable. Once a number of pseudo-morpheme patterns are
defined, every input string can be matched to these patterns.
Trigram statistics of pseudo-morphemes can be used to
determine the best segmentation result.

Table 1 shows that pseudo-morphemes are similar to
syllables, but some pseudo-morphemes may contain more than
one syllable, or have many pronunciations.

3.2 The C4.5 Learning Algorithm

A decision tree is a tree that classifies instances. Leaves of a
decision tree represent classifications of given instances, and
branches represent conjunctions of attributes that lead to those
classifications. An attribute describes a characteristic of an
instance. Therefore, instances can be classified based on the
results of successive attribute tests. In this paper, we employ
the C4.5 decision tree induction program [3] as the learning
algorithm.

The C4.5 is a greedy algorithm that chooses the next
attribute to test based on the information gain associated with
this attribute. At each step of learning procedure, the
information gain that would be obtained by using each unused
attribute to classify the particular set of instances will be
calculated. The attribute with the greatest information gain will
be selected as a new branch. Branches will be inserted until all
instances in the training set are classified. The C4.5 tries to
eliminate overfitting data by pruning the tree that has been
created. Pruning involves replacing a subtree with a
classification to see whether this reduces the expected error
rate.. This pruning technique helps make the decision tree
work with novel data better.

3.3 Applying C4.5 to pseudo-morpheme unit merging
Although pseudo-morpheme segmentation accuracy is very
high, the pseudo-morpheme is not suitable to be used as a unit
for LVCSR system due to several reasons. Firstly, pseudo-
morpheme segmentation produces many short lexical units
which generate high acoustic confusion. In addition, the span
of an N-gram language model is significantly smaller since the
unit is short. Therefore, the language model cannot perform
efficiently. Moreover, since some pseudo-morphemes may
have variation in pronunciation depending on the context as
we can observe from the table 1, the G2P conversion process
may not give a correct pronunciation. Hence, some pseudo-
morpheme units should be merged together and added to the
lexicon as a new lexical unit.

We utilize the C4.5 decision tree to consider whether any
pairs of consecutive pseudo-morphemes should be merged
together. In order to train the decision tree, a text corpus is
segmented into words manually while it is also segmented into
pseudo-morphemes. The attributes for each pair of consecutive
pseudo-morphemes are computed and they are also compared
with the manually segmented text corpus to see whether they
are parts of the same word. If they are parts of the same word,
it indicates that these two pseudo-morphemes should be
merged together. With this approach, the goal attribute, i.e.
“merge” and “notmerge” can be retrieved.

The following attributes are used for the learning
algorithm.
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1. Geometric average of direct and reverse bi-grams
MW, W)= JPf(le lw;)P, (w; 1 wi,,)

The value of M varies from 0 to 1. The higher the
value, the higher the probability these two pseudo-morphemes
are found together.

2. Whether or not the first consonants of two consecutive
pseudo-morphemes are the same. We include this attribute
because, in Thai, many compound words happen to have the
same consonant for each starting syllable.

3. Length of combined pseudo-morphemes

4. Length of the preceding pseudo-morpheme

5. Length of the following pseudo-morpheme

6. Number of pseudo-morphemes from the last proper
nouns’ prefixes

7. Number of pseudo-morphemes from the last
preposition

8. Number of pseudo-morphemes from the last
nominalizer

9. Number of pseudo-morphemes from the last
conjunction

10. The pseudo-morphemes that are being considered
contain words identifying numerical value or not.

In order to calculate the attributes 6, 7, 8, 9, and 10, the
words of proper nouns’ prefixes, preposition, nominalizer,
conjunction, and numerical value in Thai are provided in
advance. With all these attributes and a goal attribute, a
decision tree is then constructed.

Another text corpus is used to test the decision tree. It is
first segmented into pseudo-morphemes. Then, all attributes
will be calculated for each pair of consecutive pseudo-
morphemes by the same process done in the training set.
Finally, the decision tree is used to classify “merge” and
“notmerge” pseudo-morphemes. All pairs of pseudo-
morphemes with the “merge” attribute will then be
compounded together and a newly modified text corpus can be
achieved. Each pair of consecutive tokens in this new corpus
will be merged again through an iterative procedure.

4. Experiments

4.1 Experimental conditions

A 45MB text corpus collected from a Thai newspaper website
was used for training the C4.5 decision tree. All 691,527
sentences were segmented into words manually.

A gender-dependent acoustic model (AM) of 1000-tied-
state triphones with 8 Gaussian mixtures was trained by a
phonetically-balanced speech corpus with 18 male-speakers’
voices using HTK Toolkit. 25-dimensional feature vectors
consisted of 12 MFCCs, their delta, and a delta energy. Tone
information was not used. A 62MB text corpus was gathered
from a Thai newspaper website in several specific columns. It
was first segmented into pseudo-morphemes and pseudo-
morphemes were merged together iteratively based on the
decision tree. The text corpus in each round was used to train
LMs by the CMU SIM toolkit. JULIUS was used as a speech
decoder. Evaluation speech data consisted of 1,000 utterances
from 5 male speakers.

A pronunciation for each entry in the dictionary was
obtained by the automatic G2P conversion. In order to avoid
manual work, the words that failed in the G2P conversion
process were excluded from the dictionary. Then the sentences

containing excluded words were also removed from the corpus.

4.2 Results
In order to compare LM perplexities of the different versions
of the test set with different text lengths (the number of units in
the text), a normalized perplexity is used:
Ny

PpP*= PPV,
where N, is the length of the test set and N is the length of the
original text made by pseudo-morpheme segmentation.

To compare the performance of ASR, character error rate
(CER) is chosen since the lexical entries are different for each
method. As shown in figure 1, CER decreases iteratively while
PP* also roughly declines. The best CER of 11.47% can be
obtained from iteration 10. In contrast, the vocabulary size
grows rapidly as shown in figure 2.
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Figure 1: Relationship of iteration, CER and perplexity
including CER and perplexity of PMSEG
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Figure 2: Relationship of iteration, CER and vocabulary size
including CER and vocabulary size of PMSEG

Table 3 shows that the performance of ASR built from the best
iteration is improved enormously from the system built from
the base PMSEG. Furthermore, it outperforms the system
developed from SWATH, a Thai dictionary-based word
segmentation tool, in the aspect of CER, PP*, and OOV rate.
However, no dictionary is required in our proposed method.

Table 3: CER, PP*, OOV rate, and Vocabulary size
comparison between PMSEG, SWATH, and the best iteration

Method CER PpP* %00V Vocab. size
PMSEG 16.19 90.28 0.18 15286
SWATH 12.25 83.38 0.64 25806
Best iter. 11.47 73.88 0.08 63755

5. Conclusion

This paper has introduced an automatic approach to build a
language model for Thai LVCSR by using the C4.5 learning
algorithm. The performance of ASR built by this proposed
method is quite good as indicated by CER. Nevertheless, in
higher iterations, lexical units are very long and the vocabulary
sizes are greatly increased. Longer units mean that they are
more specific words. Therefore, some modification should be
done in order to help stop the increment of vocabulary size
while maintaining the performance of ASR.
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