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Abstract 
This article investigates as an early work on speech recognition 
of Thai named-entities, which is a crucial out-of-vocabulary 
word problem in broadcast news transcription. Motivated by an 
analysis on Thai-name structure, a statistical class-based 
language model is applied on multiple-sized subword units with 
a constraint on subword positions. Subwords can be defined 
automatically by their statistics. The proposed model is 
evaluated on Thai person name recognition in broadcast news 
data. Based on the subword inventory built from a very large 
training set of Thai names, only 0.7% out-of-vocabulary 
subwords are found in the test set. The best configured system 
incorporating both syllable merging and subword clustering 
algorithms achieves an approximately 40% syllable accuracy 
with 25% of names fully discovered. 
Index Terms: named-entity recognition, subword unit, 
language modeling 

1. Introduction 
In large vocabulary continuous speech recognition (LVCSR), a 
major problem degrading the recognition performance is the 
occurrence of unregistered words. This issue is especially spread 
for the broadcast news domain where named entities (NE), 
including person, organization, and location names, appear very 
often. By the large variety of these names, it is impossible to 
register all in the recognition dictionary. Many research works 
have been investigated to handle such out-of-vocabulary (OOV) 
word problem. 

OOV has been treated in several ways regarding both 
language modeling and acoustic modeling. In terms of language 
modeling, the most simple one [1] is to assign a special word, 
said <UNK>, to represent any word in the training set not 
included in the recognition dictionary. An acoustic model of 
such <UNK> word can simply be fully-connected graph of 
phoneme HMMs, where a phoneme can be followed by any 
other phoneme, or better with some phonotactic constraints. An 
improvement of OOV word recognition is to incorporate 
subword or morpheme units in the dictionary. With a relatively 
small set of subwords, the coverage of words can be drastically 
improved [2], [3]. It is common to treat such subword as one 
normal word and train a simple word-based n-gram model. 

More advanced methods were proposed by Tanigaki et al. 
[4] and Onishi et al. [5]. Both still conducted the simple word-
based language model with special OOV words separated by 
their particular classes such as a first name, a last name, and so 
on. While Tanigaki et al. [4] proposed a subword n-gram in 
coupling with a word length probability distribution, Onishi et 
al. [5] avoided the unreliability of the length distribution by 
inherently incorporating it in a subword-position dependent n-
gram. These models have been successfully used in recognizing 
Japanese names in dialog tasks. 

The broadcast news transcription task has just been 
pioneered for Thai [6]. OOV words caused mainly by named 
entities in news broadcasting will definitely be a crucial problem. 
However, no research on Thai NE speech recognition has been 
reported. Only a related work available for recognizing 
unregistered words might be by recognizing Thai spelling [7]. 
Regarding Thai NE, similar to some other languages, there 
might be a special structure we can incorporate for better 
recognition. Motivated mainly by [5], this article proposes the 
use of multiple-sized subword unit in NE language modeling. 
Subwords can be defined automatically based on their statistics. 
Applying the class-based language model on such subword units 
can also improve the system performance. The overall proposed 
model has been evaluated on Thai person name recognition in 
broadcast news data. 

The rest of this article is organized as follows. The next 
section explains and analyzes the structure of Thai NEs which 
leads to the motivation of our investigated model. Section 3 
describes the overall structure and Section 4 evaluates the model. 
A conclusion and future works are given in Section 5.  

2. Named-Entities in Thai 
This article focuses as the first study on recognizing a Thai 
person-name type of OOV words, which might have more or 
less similar characteristics to other Thai NEs such as location or 
organization names. A Thai person name is composed of one to 
a few syllables spelled by 44 consonant, 18 vowel, 4 tonal, and 
other few special characters. Thai syllabic sounds spread over 
33 initial parts of single or double consonants, 24 vowel parts 
including singles and diphthongs, 8 final consonants, and 5 
tones. Table 1 demonstrates some examples of Thai names. The 
left column illustrates Thai scripts and their sounds described in 
computerized IPA symbols are on the right. Each syllabic sound 

Accepted after peer review of full paper
Copyright © 2008 ISCA

September 22-26, Brisbane Australia1586

10
.2

14
37

/I
nt

er
sp

ee
ch

.2
00

8-
26

3



is separated by “/” and the number behind each one denotes 
each of 5 tonal levels (0-4) of the syllable. It can be seen from 
the Table 1 that Thai names often consist of a relatively small 
set of syllables arranged possibly in a different order. Many 
syllables or multiple-syllables are not used in common words 
but rather used to make elegance in names. Many names are a 
combination or an extension of other names with somewhat 
certain but a lot of rules to compose. Some syllables or 
subwords have a similar behavior in terms of their location in 
names, for examples the syllables “kh?:n0” and “ph?:n0” in the 
Table 1. We observed that the structure of Thai names is 
somewhat similar to that of Japanese and maybe some other 
languages. For examples, Japanese names “Fuji”, “Fujisaki”, 
and “Fujinuma” share the same two syllabic sounds. These 
multiple-syllables are often used in names and are usually 
extended with other syllables with some certain rules. A word 
length distribution of Thai names is illustrated in Figure 1. 

Table 1: Examples of Thai names. 

Name Sound
�����
�������
�����	�
����
��

/ rat3 / cha3 / da:0 / 
/ rat3 / cha3 / da:0 / k?:n0 / 
/ rat3 / cha3 / da:0 / ph?:n0 / 

/ da:0 / rat3 / 

Figure 1: Word length distribution of Thai names.

According to the characteristic of Thai names, we need to 
structure with the following conditions.  

1)  The use of NE class can enhance the language modeling 
performance since the number of syllables will be 
limited.  

2)  A syllable unit is more preferable than a phoneme unit 
since it avoids an acoustic confusion and the number of 
syllables used in names might be limited.  

3)  A group of syllables, called a subword hereafter, should 
be applied since many syllables often come together.  

4)  A name can be formed by other multiple names.  
5) The position of a syllable is an important cue for 

predicting the syllable.  
6)  It is likely to be able to group some syllables or 

subwords into a class which might alleviate the problem 
of training data sparseness. 

3. Class-based Language Modeling of 
 Multi-sized Subword Units 

The language model proposed by Onishi et al. [5] is an effective 
one. It has been formulated in brief as 
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where w is a word in a particular NE class, e.g. a person name, 
pi denotes the ith phoneme in the N phoneme word, Beg means 
the beginning of the word, and pB and pE is actually the p1 and 
pN respectively. It is obvious that the NE class-dependent model 
has coped with the conditions 1) and 5) described in the 
previous section, that is the phoneme in the beginning and the 
ending position is specially treated. They also mentioned the 
benefit of merging several phonemes often occurred together as 
a new phonemic unit. This complied with the condition 3). 

We extend the above model to be suited to model Thai 
names by conveying the condition 2), which is to use the 
syllable unit instead of the phoneme unit. The use of subword 
unit in combination with the syllable unit has already taken the 
condition 4) into account since the subword itself can actually 
be a name and connecting it with other syllables or subwords is 
a way to extend a new name from existing names. Finally, the 
condition 6) is extended to the model forming a hierarchical 
class-based model of both syllable and subword units. The final 
formula of our model is as follows. 
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where vi is a subword in the word w and Ci is the subword class 
of vi. Here, N becomes the number of subwords in the word. 
Applying a class-based model of syllable units that form the 
subword results as the following formula for calculating the 
subword-class probability. 
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where sij is the jth syllable in the ith subword,  Dj is the syllable 
class of sij, and M is the number of syllables in the subword vi. 
Anyway, as described in the HTK book [8], the class-based n-
gram model does not always help increasing the recognition 
accuracy since it somehow increases the ambiguity. The class-
based language model is benefit when the size of training data is 
rather small or the ability in inserting new words is required. 

In order to automatically classify units into classes, an 
algorithm proposed by Kneser and Ney [9], developed in the 
HTK, can be adopted. The algorithm starts by initially guessing 
a solution and then iteratively searching for changes to improve 
the overall likelihood of the existing class map. The process 
repeats until a minimum change threshold has been reached or a 
chosen number of iterations have been performed. In defining 
subwords, an algorithm conducted in [10] is applicable. The 
process is to compute a geometrical average of forward and 
backward unit-bigrams, 
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where Pf(v| u) and Pb(u| v) is respectively the forward and 
backward bigrams of a unit pair (u, v). Unit pairs having top 
scores of M(.) will be merged as new units in the list. This 
merging process is repeated with a set number of iterations or 
until there is no unit pair whose score exceeds a threshold. 

4. Experiments 
The proposed model is evaluated on Thai name recognition. A 
language-model training set is a list of Thai names with their 
phoneme transcriptions separated as syllable units as shown in 
the Table 1. An acoustic model is context-dependent triphone 
HMMs trained by large Thai continuous speech corpora, 
NECTEC-ATR [11] and LOTUS [12]. An evaluation set 
consists of 314 broadcast news utterances recorded during Feb-
Apr of 2007 from a Thai TV channel. Similar to other broadcast 
news data, it is a fluent speech spoken by several Thai natives, 
mostly monologue, and sometimes corrupted by background 
music. A set of 1,000 male utterances of broadcast news data is 
prepared for acoustic model adaptation. Table 2 summarizes 
necessary attributes of data sets. 

Table 2: Experimental data sets.

Language model training set 
No. of names 
Average no. of syllables per name 
No. of distinct syllables 

31,663 
2.8 
1,469 

Evaluation set 
No. of speakers 
No. of utterances 
No. of test names 
Out-of-vocabulary names (%) 
Average no. of syllables per name 
Out-of-vocabulary syllables (%) 

5�males 
314 
314 
36.2 
2.6 
0.7 

Figure 2: Language model construction procedure. 

The Table 2 obviously shows that although the OOV rate of 
names is as high as 38%, the use of syllable unit makes a good 
coverage on them. We constructed a language model by the 
procedure illustrated in Figure 2 with details as follows. 

- With syllable sequences in the training set and a given 
number of classes, syllable clusters are determined 
automatically using the HTK tool. 

- A probability distribution of a syllable given its class is 
computed and stored. 

- Class-mapped syllable sequences are then used to compute 
the geometrical average defined in the Equation 4 and the 
syllable-class merging procedure is performed with a pre-
defined number of merging iterations. 

- Resulting subword sequences are then used to determine 
subword classes with the same algorithm of clustering. 

- A probability distribution of a subword given its class is 
stored. 

- Finally, class-mapped subword sequences are used to train 
a bigram model. 

Several controlled parameters including the language model 
scaling factor and the unit insertion penalty are empirically 
optimized. Figure 3 illustrates a reduction curve of the 
geometrical average of forward and backward bigrams of 
syllable pairs. According to the graph, we decide to set the 
number of merging iterations to 25% of the total number of 
units at the beginning of the process. 

Figure 3: Geometrical averages of forward and backward 
bigrams of syllable pairs to be merged.

Figure 4: An example of the restricted recognition grammar. 

It is noted that out current work focused on structuring Thai 
names. The process of OOV word or named-entity detection is 
not yet taken into account. In the recognition step, although 
continuous speech utterances are used in evaluation, we restrict 
the recognition grammar with certain word sequences preceding 
and following a focused name word. Only the grammar of name 
is controlled by its language model. Figure 4 shows and 
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example of such restrict grammar, where PRE and POST 
denotes any word sequence before and after a Thai name.  

As baseline systems, Table 3 show syllable and word 
accuracy results of two systems, using a simple syllable unit 
(conditioned also with syllable beginning and ending positions 
as shown in the Equation 1 and 2) with and without the syllable 
merging step. Table 4 presents overall results of our model 
varied by the number of syllable classes and the number of 
subword classes. Two conditions of using classes are 
experimented. The first one, presented in the column “Within-
class uniform prob.”, is the use of a class in which all units in 
the class are set a uniform distribution. Saying another word, all 
units in each class are likely to be occurred with the same 
probability. As opposed to the other column, an actual 
probability distribution of units within the class is applied. 

According to the Table 3, the case similar to Onishi et al. [5] 
is the second row. In this case, pure syllables are used as the 
language modeling unit, no class clustering is adopted, but the 
syllable merging algorithm is still applied. It is noted that a 
difference we incorporate into their model is the use of syllable 
instead of phoneme units. The Table 3 clearly shows that their 
proposed model is an efficient one producing almost the best 
accuracy on Thai name recognition. Merging syllables into 
subwords clearly improves the recognition accuracy.

Table 3: Experimental results of models with and 
without syllable merging.

No. of 
syllables

Merging 
condition

% Syllable acc. 
(%Word acc.) 

1,496 With 
Without 

40.0 (24.8) 
38.9 (23.9) 

Table 4: Experimental results of class-based language 
modeling on multiple-sized subword units.

% Syllable acc. (%Word acc.) No. of 
syllable 
classes 

No. of 
subword 
classes 

Within-class 
uniform prob. 

Within-class 
actual prob. 

1,496 1,300 
1,000 
800 

40.0 (24.8) 
39.4 (23.8) 
40.2 (24.3) 

38.1 (23.1) 
37.1 (22.4) 
38.1 (22,4) 

1,000 1,000 
800 
500 

38.2 (23.3) 
37.7 (20.8) 
38.2 (23.3) 

36.3 (20.4) 
36.3 (19.4) 
36.3 (20.9) 

500 500 
300 

37.1 (19.2) 
27.0 (10.8) 

36.9 (19.8) 
31.2 (11.9) 

The use of uniform distribution of units given class 
outperforms the use of actual probabilities. This is possible 
when the probability distribution in a class is not reliable mostly 
due to data sparseness. The best syllable accuracy is when the 
overall 1,496 syllables are merged into subwords and grouped 
into 800 classes. Although not much significant, the use of class 
is benefit in other aspects. First, it allows us to add new syllable 
or subword entries and hence new unseen names can be 
recognized. The uniform distribution within class additionally 
encourages us to simply add new units without any concern on 
their distribution probabilities. 

An analysis on experimental results shows that out of all 
OOV names appeared in the test data, 14.3% are recovered by 

our model. The model works somewhat well in terms of word 
length estimation, i.e. 67.3% of test names are recognized as 
words with the same number of syllables. 

5. Conclusion 
 A pioneering work on Thai named-entity recognition was 
investigated with an aim to enhance the performance of Thai 
broadcast news transcription. A hierarchical class-based 
language model applied on multiple-sized subword units was 
proposed to increase the coverage rate of Thai names. The use 
of syllable units was very efficient since its OOV rate was less 
than 1%. Merging syllables into subwords helped reducing the 
ambiguity of syllable units. The class-based language model 
applied on both syllable and subword units could slightly 
enhance the recognition accuracy but highly reduce the number 
of n-gram units. It also permitted us to add unseen units which 
can form new unseen names. 

We strongly believe that there are certain, even a lot of, 
rules in structuring Thai named-entities as analyzed in the 
Section 2. Our future work will include extensive analysis on 
such structures and conduct a hybrid model that incorporate 
both statistical and structural characteristics, so that we can 
make a better language model for name recognition. Also a 
complete system including both detection and recognition of 
named-entities will be performed when our Thai LVCSR on the 
broadcast news domain gets more ready. 
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