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Dictionary Generation Using
Multiple Segmentation Approaches for Thai LVCSR*

O Markpong J ongtaveesatapornl), Chai Wutiwiwatchai”, Sadaoki Furui®
1) Tokyo Institute of Technology 2) NECTEC of Thailand

1. Introduction

Large vocabulary continuous speech recognition (LVCSR) is a
basis of various speech technology applications. In order to
build an LVCSR system, high-accuracy acoustic models as
well as large-scale language models are essential. In writing
Thai, there is no marker for separating sentences and words,
and even word definition is ambiguous. Therefore, building a
text corpus is very difficult, and an efficient word
segmentation approach is required. Although dictionary-based
segmentation is effective, it causes serious problems if
unknown words appear. This paper introduces a technique to
automatically build the dictionary for Thai LVCSR based on a
dictionary-based word segmentation approach using Thai
pseudo-morpheme units.

2. Thai language

In Thai, no explicit marker is used to separate between
sentences, phrases, and words. Sometimes a space is used to
indicate end of phrases or sentences as shown in Figure 1.
There are usually two types of words in Thai: 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 syllable; and 2) compound words, composed
of two or more simple words.

wa.nnga  fulias uenisuues Lﬂmwumnitummuun
ﬂsvmom‘stnsm l.'!.lG\ﬂ'ﬁﬂ'\l.iﬁ' (laWiia) na-suist afod 6
udt 9-13 wa.dl A audeolmi uazBansasiineaudaanis
iR sanlugmgununegsnauin lusudu /il
Auilenana ualifinguinanmua

Figure 1: A Thai text example

3. Segmentation in Thai language

3.1 Dictionary-based segmentation

Existing Thai language processing systems mostly rely on the
hand-coded dictionaries in acquiring the information about
words. By employing several sophisticated techniques, such as
maximal matching, part-of-speech n-grams, and dictionary-
based segmentation, this method yields often good results.
However, this approach has many disadvantages. First, it
cannot efficiently deal with words that are not registered in the
dictionary. Second, building a large scale dictionary is a very
difficult and time-consuming task.

3.2 Pseudo-morpheme segmentation (PMSEG)
One big problem for Thai word segmentation is caused by the
lack of clear definition of words. Aroonmanakun(1] solved the
segmentation ambiguities problem by pseudo-morpheme
segmentation, based on the fact that pseudo-morphemes are
more well-defined units and more consistent in analysis than
words. The 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.

Table 1: Word, pseudo-morpheme, and syllable

e Wi1-619 (naa2 taangl) W61 (naa2 taangl)
Jnen -2 (wit3 jaaz0) IV (wi3 a3
jaaz0)
Wa-An-11 (phon0 svk1 We-av-8n-71 (pha3 1a3
Wadn=
saaz4) svkl saaz4)
3.3 Proposed method

There have not been many reports on the study of Thai
LVCSR. Automatic approaches for building Thai language
model for LVCSR are expected to make future advances in
Thai speech processing. A totally automatic approach was
proposed by Thienlikit et al.[2]. However, it cannot be applied
to a large text corpus, since the vocabulary size generated by
this approach grows too fast and easily exceeds the limit of
tools.

As mentioned above, the dictionary-based segmentation
works quite well if all words in a sentence are in its dictionary.
Errors occur when unknown words are included in a sentence.
Table 2 shows an example of errors. (“-” indicates a word
boundary.)

Table 2: Example of segmentation result

ad Yo ad 4
-uw-Timm-@m-ﬂaunym-mm%

ad Yo ad 4 o
-‘Ln-fliiﬂ_l5@!-@“1-?\6-11‘1;!1!9\-!‘”631-

ad 9 o ad 4
-u1U-Ii-lﬁJ5ﬁ-Ej-u}ﬂﬂll-g-u-ﬂ—l‘b‘ﬂ-'l’]-

Mr. Robert, the chief of the
community, believes that

Since Tsiiifn (Robert) and ﬂaugﬁ‘ﬁv (community) are foreign
words, they may not be included in the dictionary. The
segmentation tool tries to find matching words and group
urknown segments together. Then, uwisii§a is divided into wn

v

(field) + v1sififn (unknown) while newyiid is segmented into ao
Y

(neck) + wyiia (unknown). These errors cause unpronounceable

segments or weird pronunciation.

On the other hand, if the same sentence is processed by
pseudo-morpheme segmentation, perfect segmentation can be
made. Therefore, we utilize the benefits of both approaches in
the following way:

Step 1: Apply dictionary-based segmentation. In this study, we
use the SWATH[4] word segmentation tool developed by
NECTEC of Thailand

Step 2: Apply pseudo-morpheme segmentation (PMSEG).
Step 3: Each word in the result that does not exist in the
dictionary (“vlsii{n” in this case) is processed as
follows:

(1) Find common word boundaries for each unknown
word between dictionary-based and pseudo-morpheme
segmentation methods and merge all tokens between a pair of
common boundaries to form a new word. For example, the

unknown word “slsifisa” (SWATH) has characters spanning in

sy

and “wyia”
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“ue-T5-1ifa” by PMSEG. A common word boundary can be
found before “w”(SWATH) and “ww”(PMSEG). The other
one is located after “sTsiisa”(SWATH) and “ia”(PMSEG).
Therefore, the token between these boundaries are merged to
form “wwlsidi§a”. We named this method PM-SWATHI.

(2) Or find common word boundaries for each unknown
word and replace the dictionary-based segmentation result by
the pseudo-morpheme segmentation result between each pair
of common word boundaries. For example, “Urolsdisa”
(SWATH) is replaced by “uw-15-{i5a”"(PMSEG). We name this
method PM-SWATH?2.

The final processed results of these approaches are:
PM-SWATH1: -N"IUISL‘E{ﬂ-éﬁ'l-ﬂﬂm;l‘ﬁav-ﬁ;ﬂ’h-

PM-SWATH2: -uw- Is-Lﬁi’ﬂ-éﬁw-nau-g-ﬁ-é{-ﬁa1'1-
With this approach, a dictionary for ASR with a better list

of vocabularies in terms of word boundaries and generated
pronunciation can be created.

4. Experiments

4.1 Experimental conditions

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. A
9IMB text corpus was gathered from 53 months of Thai
newspaper website in several specific columns and used to
train LMs by the CMU SLM toolkit. Tone information was not
used. JULIUS was used as a speech decoder. Evaluation

speech data consisted of 1,000 utterances from 5 male speakers.

After the whole text corpus was segmented into words by
SWATH, sentences that contain unknown words for SWATH
were selected and processed by the proposed methods. A
dictionary to be used by ASR was then enumerated from the
list of words in the final processed text corpus.

A pronunciation for each entry in the dictionary was
obtained from 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), we use a normalized perplexity:
My

PP*=PPV,
where N, is the length of the test set and N is the length of the
original text made by pure SWATH word segmentation. The
perplexities and OOV rate of various approaches are shown in
Table 3.

Table 3: Normalized test-set perplexity and OOV rate

comparison
Normalized
Method test-set PP %00V
SWATH 294.93 0.62%
PMSEG 302.08 0.18%
PM-SWATH1 257.35 0.09%
PM-SWATH2 256.58 0.08%

As shown in Table 3, the OOV rate of SWATH is
considerably high comparing with that of PMSEG, while the
perplexity of PMSEG is slightly higher than that of SWATH.
When applying our proposed methods, we could successfully
reduce the OOV rate significantly to 0.09% (PM-SWATHI)
and 0.08% (PM-SWATH2), which were lower than those of
SWATH and PMSEG. This is because our proposed methods
can fix the incorrect word boundaries into better ones. In the

same way, the perplexity also decreased from 294.93 to 257.35
and 256.58 for PM-SWATHI and PM-SWATH2,
respectively.

Since the vocabulary lists of each method were not the
same, due to different segmentation techniques, we chose the
character error rate (CER) as the measure for the comparison
of ASR performance.

Table 4: CER comparison

Method CER
SWATH 11.89
PMSEG 15.43
PM-SWATHI1 11.68
PM-SWATH2 11.49

The best result of CER was obtained by PM-SWATH2.
Both of CERs from our proposed methods were lower than
SWATH and PMSEG. However, the improved performance
gained by them was not much.

Table 5: Vocabulary size

Method Vocabulary size
SWATH 34244
PMSEG 17788
PM-SWATH1 55076
PM-SWATH2 24699

The vocabulary size of the dictionary built from PM-
SWATHI increased enormously and may finally reach the
limit of vocabulary size of CMU SLM toolkit if the text corpus
gets bigger. On the other hand, the vocabulary size from PM-
SWATH?2 reduced comparing with that of SWATH. This is
due to the fact that PM-SWATH?2 generalizes the word unit by
concatenating shorter simple units using pseudo-morphemes.

5. Conclusion

In this paper, we proposed a quick approach to create a
language model for Thai to overcome manual work caused by
the difficulty of Thai word segmentation. Dictionary-based
segmentation approach works well when there is no unknown
word included in input sentences. However, when unknown
words are involved in the text, segmentation result becomes
unreliable. The incorrect word boundaries, in most cases, make
segmented units unpronounceable. In our proposed method,
pseudo-morpheme segmentation is used to analyze word
boundaries in the area where unknown words appear in the
dictionary-based segmentation. The first approach combines
unknown words with neighboring words having common
boundaries given by the both segmentations. The other
approach replaces the segmentation result by pseudo-
morpheme segmentation in the areas where unknown words
exist. Both approaches give better test-set perplexity as well as
OOV rate, and also improve CER.
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