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Abstract 

This paper proposes two methods that estimate, from the word 
reading (syllable sequence), the place in the word where the 
accent should be placed (hereafter we call it “accent type”). 
Both methods use a statistical classifier; one directly estimates 
accent type, and the other first estimates tone high and low 
labels and then decides the accent type from the tone label 
sequence obtained before. Experiments show that both offer 
high accuracy in the estimation of accent type of Japanese 
proper names without the use of linguistic knowledge.  

1. Introduction 

In current Japanese text-to-speech (TTS) systems, the text to 
be synthesized is first analyzed and divided into words. Next, 
readings and accent types are given to those words using 
dictionaries. For words that are not listed in the dictionary of 
the text analyzer (i.e., out-of-vocabulary words; “oov words”), 
we must estimate their reading and accent type.  

Especially, we need to develop the strategy to decide the 
accent types of oov words to enlarge the size of the dictionary 
used in the TTS process and thus to reduce the number of oov 
words. Readings of new words might be found in linguistic 
resources such as much larger dictionaries or World Wide 
Web documents, where readings might sometimes be 
embedded with parentheses as (/az/). On the other hand, 
accent types are rarely embedded.  

Moreover, speech-to-speech translation requires the 
estimation of accent types of oov words. As different 
languages use different representations for accent and accents 
different place, it is necessary to develop a method that can 
estimate word accents from just the readings of oov words, 
because only syllable sequences might usually be available in 
this situation [1]. For example, in English-to-Japanese 
translation, the word “McDonald’s” has its stress placed on 
the syllable “Don.” On the other hand, the transliterated 
sequence in Japanese is “ma ku do na ru do” and the pitch 
accent lies on the fourth syllable (mora in Japanese) /na/.  

Oov words are likely to represent proper names, because 
they are commonly found in transliterated foreign words and 
the names of new products and person names. Hence, 
generating accurate pronunciations of people, places, and 
business organizations is considered to be important to speech 
processing applications such as speech recognition and 
synthesis. As there have been several studies that regard the 
generation process as grapheme-to-phoneme conversion e.g. 
[2][3], readings (syllable sequences) will somehow be 
generated. On the other hand, there are few studies on word 
accent estimation. 

Accent is described as “particular prominence attached to 
one syllable of a word or phrase by some phonetic means such 
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ss or pitch [4].” Hence, when a word has N syllables, the 
er of accent type candidates is N+1; N for the case that 
cent lies on one of the N syllables, and one for the case 
o accent is used. For example, a three syllable word has 
andidates; LHH(H) (we call it  “zero type”),  HLL (“first 
,  LHL(“second type”), and LHH(L) (“third type”), 
 ‘H’ denotes high tone and ‘L’ low tone and ordinal 
ers correspond the place of H followed by L. The 
nce between the zero type and the third type (generally 

 type”) is the difference of the tone assigned to the 
le following the word.  
everal accent assignment rules are listed in existing 

ese word accent dictionaries. As these rules are heuristic, 
e priority for their use is not specified or is ambiguous, 
ifficult to use them in practical systems. Hirokawa et al. 
ted word accent types by scores assigned to 
nations of graphemes (Chinese character representations 
anese) and accent types, but didn’t include evaluations 
mation only by readings and of open data [5]. For accent 
tion, although linguistic knowledge, such as what 

emes exist, might be useful, it is necessary to investigate 
ccurate accent types can be estimated only from readings 
rst step. This is because systems can be simple if they are 
 on readings. 
n this paper, we consider phonetic information as inputs 
ord accent estimation as a classification problem among 
classes when the word has N syllables. Moreover, to 
fy rule development and to quickly develop an accent 
tion method, we apply a statistical classification 
thm. This study used the Support Vector Machine 
) as the classification algorithm, because it has recently 
d high performance in many classification problems [6].
ection 2 explains why we take the statistical approach. 
roposed methods are described in section 3. Section 4 
 the experiments conducted and the results. A discussion 
n in section 5. Section 6 concludes this paper. 

2. Use of statistical approach 

ords tend to represent proper names for the following 
s. Proper names are known to be idiosyncratic and have 

diverse etymological origin. To enhance international 
tance, some Japanese parents give their children names 
from a foreign language such as “Zju ri a” from “Julia.” 
is not limited to human names. New products appear 
ay, and all requires names. Thus the characteristics of 

r names tend to change as time goes by. Therefore, 
gh Tsuchida et al. developed rules that associate accent 
(of first name (given name)) with the sound patterns of 
endings [7], human crafted rules need to be changed to 
t them from becoming obsolete. However, rule 
pment is very labor intensive. Hence, the automatic 



data-driven approach, especially if guaranteed by theories, is 
promising. Accordingly, we take the statistical approach. 

Indeed graphemes such as Chinese character might be 
useful for humans to estimate accent types, but they might not 
be the primary factors. We take syllable sequence as input and 
the approach that estimates accents from syllable sequence 
using statistical classifier. In this paper, we used support 
vector machine as a statistical classifier, because of its higher 
performance and theoretical foundations. 

For sound statistical training, it is desirable that the 
accent contradiction (ambiguity) is minimized in 
correspondences between syllable sequences and accent types 
in the training data. Here, we investigate if ambiguity exists, 
taking Japanese personal names as the initial example.  

Approximately 65K personal names were extracted from 
the dictionary (ca. 430K entries) of our TTS text analyzer. 
There were 28,337 family names and 37,177 first names. 
Some word entries have the same reading. This means that if 
we label each unique reading, and thus accent, as an entry 
(hereafter we call it “pronunciation type”), the number of 
family names is reduced to 19,745, and that of first names to 
7,995. These figures are summarized in Table 1.

Words are given Standard Japanese accent type. Some 
words in the dictionary have multiple accent types. For 
example, the first name “ieyasu” has two different accent types, 
LHHH and LHLL, where H denotes high tone and L low tone 
for each syllable. The instances of this kind of ambiguity are 
summarized in Table 2. Ambiguity occurs in only 1.56% of 
family names and 0.80% of first names; that is, it is rare. This 
suggests that accent type can be estimated from the syllable 
sequence. 

Table 1: The number of word entry and pronunciation type 
Counting Unit 

Word Entry Pronunciation Type
Family Name 28,337 19,745
First Name 37,177 7,995

Table 2: Accent Ambiguity 
 Unique Ambiguous 

Family Name 19,437 308 (1.56%)
First Name 7,931 64 (0.80%)

In this paper, we assume that the zero type and the N-th 
type are the same if the estimation involves only the syllable 
sequence of the word; zero type accents and N-th type accents 
were not intermingled in the above family and first names. 

3. Accent Estimation Methods 

This paper proposes two accent estimation methods and 
compares their performance. 

Syllables and their locations in the word seem to be 
useful for accent estimation, thus the first method uses them 
and it has classifiers for every word length. When estimating 
the accent of an oov word, the method chooses a model 
according to the length of the oov word, and uses it to estimate 
the accent type. The method takes as inputs the syllable 
representation of the word, and outputs the accent type 
number (integer from 0 to N). We call this method the 
“Classification by Classification Approach (CCA).”  
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ds that eliminate the length constraints, the second 
d first estimates the tone label (high or low) of the 
le from the syllable, its contextual syllables in the word 
eviously estimated tone labels. The estimated tone labels 
en used to estimate where the accent (i.e., tone falling) 
 be put in the word. We call this method the 

sification by Regression Approach (CRA).”  

Input Output Note 
yllable (Mora) Accent Type H / L Pattern 
/ta/ /na/ /ka/ 0 L H H 

/ko/ /shi/ /ba/ 1 H L L 
(a) Input and output example for CCA 

Input 
Syllable (Mora) Tone (H / L) 

Output 

/ko/ H
/shi/ L 
/ba/ L 1

(b)  Input and output example for CRA 
e 1: Inputs and outputs of the accent estimation methods 

nput and output information used in both methods is 
ated in Figure 1. Figure 1 (a) is for CCA and (b) is for 
 In Figure 1 (a), the three syllables (“more” in Japanese) 
/, /na/, /ka/ are inputs and the number given in the 
n of “Accent Type” is the output. Tone high and low 
n is also shown in the figure. ‘H’ denotes high tone and 
w tone. The accent type number corresponds to the 
n of ‘H’ followed by ‘L’ except for ‘0’ type. In Figure 

 for example, the tone of syllable /shi/ is estimated from 
the previous syllable /ko/, its tone ‘H’ (previously 
ted), and the following syllable /ba/ (these lie in the gray 
 in figure (b) ). After the tone pattern (e.g., HLL) is 
ted, it is used to estimate the accent type as ‘1’.  

4. Experimental Evaluations 

llowing experiments investigated how accurately word 
t could be estimated from just the readings of oov words. 
is purpose, data that didn’t contain accent ambiguity, 
 data identified as “Unique” in Table 2, was used in the 
ing experiments. The measure is the accuracy of accent 
tion. The experiments used the generic tagger Yamcha 
hich employs the SVM approach. A polynomial kernel 
sed in the SVM. 

ata

pairs of syllable sequence and accent type were 
ed for each word length and each name category. The 
le shown in Figure 1 (a) is a pair of {{/ta/, /na/,/ka/}, 0}. 
amily and first names were grouped according to word 
 (the number of syllables). Groups with sufficient 
ers of members were used in the experiments. Groups 
ength of 2, 3, 4, 5, and 6 were chosen from the family 
data, and groups with length of 3, 4, 5, and 6 from the 
ame data. 
ata in each group is further folded into five small 

s so that each small group contains almost the same size 
stogram of accent type. Four of small groups were used 
ssifier training; the remaining one was used as test data. 



There was no data overlap between training and test data. By 
changing the combination of small groups, five data sets were 
prepared for five-fold cross-validations. Five data sets had 
almost the same size; an example of the size of one data set is 
shown in Table 3.

Table 3: Example of sizes of training and test data 
 Length Training Test

2 611 152
3 4,655 1,163
4 7,639 1,909
5 1,082 270

Family 
Name 

6 120 30
3 2,135 533
4 3,094 773
5 606 151

First 
Name 

6 290 72

The evaluation of “CCA” used the data sets.  
To train the CRA classifier, the accent type number was 

converted to tone high and low pattern such as the “H/L 
Pattern” in Figure 1 (a). Syllables and tone labels were 
aligned one by one. CRA can use words of different lengths 
for classifier training. Hence, the training and test data 
prepared for CCA (up to 5 syllables long) were merged. As a 
result, the size of family name training data was about 14K; 
that of the test data was about 3.5K; the corresponding values 
for the first name data were about 5.7K and 1.4K. Finally five 
data sets were prepared for five-fold cross-validations. To 
determine the accuracy of accent estimation for word length 
not included in the training data, another five test data sets 
containing six syllable long words were also prepared. One 
set for family name includes about 30 words. One set for first 
name includes about 72 words. We call this data “extra test 
data.” 

4.2. Classification by Classification Approach Results 

Several SVM kernel function dimensions were tested and the 
smallest dimension that yielded the highest (saturated) 
accuracy for the training data was chosen for the dimension 
for the test. The higher dimension means that the SVM uses 
correlation among more input attributions (e.g., syllables). 
Accuracies gained under this condition are listed in the 
column of the “CCA” of Table 4. In Table 4, ‘l’ denotes word 
length counted by mora, ‘d’ kernel dimension, “Acc” accent 
estimation accuracy as a percentage, “Base” baseline 
accuracies when the most frequent accent types for each word 
length are given as outputs, “SV” the rate of support vectors 
among the whole training examples. The smaller SV shows 
that the classifier is highly generalized. The accuracy was 
100% for the training data. The “pair-wise” method and the 
“one-vs-rest” method are known as multiple classification 
strategies. Although both are used, there was almost no 
difference between them in terms of performance. The figures 
in Table 4 are those obtained with the pair wise strategy. 

4.3. Classification by Regression Approach Results 

The dimensions chosen by the same way as at CCA was three 
and subsequent tests used this dimension. CRA should use the 
estimated tone labels to decide accent types, but no decision 
algorithm was used in this experiment. Exact matching 
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en estimated tone sequences and correct sequences was 
to assess the accuracy of CRA. Accuracy values are 
in the column of “CRA” of Table 4. Average accuracy 
 to 5 syllable family names (first names) was 84.3% 
). The accuracy was 100% to the training data.  

earning Curves 

ing curves for both methods are shown in Figure 2. The 
al axes show accent estimation accuracy. Horizontal 
how data sizes. The amount of training data used to 
 the figures in Table 4 corresponds to the 100% data 
 Figure 2. The test data and extra test data sizes equal 

used to obtain the values in Table 4. 

 4: Accent estimation accuracy (Acc) [%], and Rates of 
port vectors to the whole training examples (SV) [%] 

CCA CRA Base 
d Acc SV d Acc SV Acc

Family Name 
2 80.2 86.8 3 79.5 65.6 
3 79.9 33.3 3 78.2 62.1 
3 89.1 27.1 3 87.5 56.9 
2 93.6 36.7 3 90.4 

6.00

89.6
1 88.9 97.3 3 20.0 N.A. 58.2 

First Name 
2 95.6 31.2 3 95.4 59.6 
2 96.3 32.1 3 96.2 59.6 
2 93.1 48.5 3 92.9 

4.26

47.6
2 97.8 44.9 3 38.7 N.A. 71.0 

5

0

5

0

5

0

25% 50% 75% 100%

Training Data Size

Family Name(2)
Family Name(3)
Family Name(4)
Family Name(5)
Family Name(6)
First Name(3)
First Name(4)
First Name(5)
First Name(6)

(a) Classification by Classification Approach 

25% 50% 75% 100%

Training Data Size

First Name(3,4,5)
First Name(6)
Family Name(2,3,4,5)
Family Name(6)

(b) Classification by Regression Approach 
igure 2: Learning Curves of two proposed methods 



5. Discussion 

The comparatively simple methods proposed in this paper 
were at least 80% accurate in estimating the accent of oov 
words. Previous studies [5][7] considered only the closed 
condition and used different data. Although we cannot 
compare results directly, both proposed methods in this paper 
achieved 100% accuracy for the training data (evaluation 
under the closed conditions in [5][7]) and better than baseline 
accuracies as shown in Table 4. These results prove that accent 
types can be estimated from syllable sequence and statistical 
classification.  

Though the proposed methods offer similar performance, 
CCA is slightly better. This is because CCA uses accurate 
classifiers for every word length. However, it is impossible to 
create a classifier for a word length that does not exist in the 
training data. On the other hand, CRA can handle word 
lengths that are not included in the training data such as 6 
syllable long words. In practice, it is clear that the training 
data should cover almost possible word lengths, so accuracy of 
CRA is expected to be better than that described in Table 4. 

The learning curves show that as training data amount 
increases, the system's accuracy for test data that has the same 
distribution as the training data is improved. However, the 
accuracy improvement seems to be small. Therefore, another 
strategy might be needed if we are to improve the accuracy.  

One solution is to use another input representation. While 
previous experiments used syllable representation, Japanese 
syllables (mora) consist of one vowel and one or none 
consonant. To confirm if this consonant and vowel (separated) 
representation might offer better generalization, we conducted 
other trials in which it was used as the input; with CRA, a 13.0 
(4.2) point improvement was obtained for 6 syllable long 
family names (first names). These improvements are shown in 
upper two lines of the Table 5.

We refined CRA further by marking the head syllable of 
each word. Because the tone must change at the head syllable 
and the second syllable, we expected that classification could 
be made more sensitive to the position of the estimation target. 
This resulted in a 11.9 point improvement (from 20.0 to 
31.9%) for 6 syllable long family names and a 12.4 point 
improvement (from 38.7 to 51.1%) for 6 syllable long first 
names. These improvements are shown in lower two lines of 
the Table5.

Table 5: Accuracy improvement for extra test data  
by newly introduced input representation 
 Proper Name Acc[%] Gain

Family Name 33.0 13.0consonant and 
vowel First Name 42.9 4.2 

Family Name 31.9 11.9head syllable 
marking First Name 51.1 12.4

In the previous experiments, CRA didn’t use any global 
optimization over the estimated tone sequence to decide accent 
type. Although better accuracies were obtained, some 
optimization algorithm will improve the performance. This is 
left as a future task. 

Our observation of classification errors showed that for 3 
syllable long family names, there are many alternation 
between first type (HLL) and zero type (LHH). A hearing test 
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d that some short words can have multiple accent types. 
ed analyses might be necessary. 
s the different accent types had different amounts of 
this case may not be really optimum for SVM 
ation. Exploring appropriate classifiers based on 
ne learning is left as another future task. 

ords represented in katakana form (which are mostly 
words) were also used to evaluate the proposed 
tion methods under the open condition. Good 
cies (72% to 88%) were obtained too. Detailed 
igations are left as future tasks. 

6. Conclusion

aper proposed two methods for estimating word accent 
from just word readings. Although they are simple 
ds, they are 100% accurate against the training data and 
st 80% accurate for test data that might have the same 
ution as the training data. The experiments conducted 

 that accent types can be estimated from syllable 
nce and by statistical classification. Both proposed 
ds will probably be applicable to other kinds of proper 
 as addresses and business names if data are available. 
ture work will include confirming the application of 
methods to other oov words as business names and 
ses, and their application to the oov words appearing in 
documents on the World Wide Web or delivered 
h the Internet.  
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