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Abstract
This paper proposes methods for determining an appropriate
mixing ratio of dialects in automatic speech recognition (ASR)
for dialects. To handle ASR for various dialects, it has been reported to be effective to train a language model using a dialectmixed corpus. One reason behind this is geographical continuity of spoken dialect; we regard spoken dialect as a mixture of
various dialects. This mixing ratio changes at every moment as
well as depends on a speaker. We can improve recognition accuracy by giving an appropriate dialect mixing ratio for a speaker’s
dialect. The mixing ratio is generally unknown and requires to
be estimated and updated referring to input utterances. We handle two methods for updating it based on recognition results;
one is to compute contribution of dialects for each recognized
word, and the other is to predict mixture information referring
to a whole recognized sentence based on topic modeling. The
experimental result shows that the mixing ratio estimated by
these methods realized higher recognition accuracy than a fixed
mixing ratio.
Index Terms: dialect, supervised latent Dirichlet allocation
(sLDA), mixing ratio.

Tamba
Kobe

Osaka

Nara
Kawachi

Wakayama

100 km

Figure 1: Many dialects concentrated in Japan. Each dialect is
named after the city or area where it is spoken.
day next” in Canadian dialect. Our method covers the first and
second types and ignores the third type to simplify the problem. One more restriction is that the phone sets of dialects are
all equal, which enables the first and second types to be treated
equally as difference in phoneme sequences. Our method requires an appropriate dialect mixing ratio for a speaker’s dialect
to improve recognition accuracy, mainly because a spoken dialect is geographically continuous [7, p.71] due to the movement of people between areas. Various dialects with small, differing characteristics are spoken even in a small area. Dialects
of Figure 1 are one of the examples, though they are all roughly
categorized into Kansai dialect. In this paper, Japanese standard
language is termed common language (CL).
We should determine which words are specific to a dialect
or widely used regardless of dialects. Our methods are twofold.
The first one is to simply count dialect-specific words and calculate the dialect mixing ratio. Dialect-specific words can be
determined by referring to the pronunciation dictionaries in [2].
If some pronunciation appears in only one dictionary for a dialect, it is regarded as specific to the dialect. The second one
is to model dialects and their vocabulary that appears in a sentence. One of the most general models is a topic model, where
each topic has its own distribution of words. We adopt the supervised latent Dirichlet allocation (sLDA) [8], a kind of supervised topic models, to categorize words into topics with different dependencies on dialects. We regard the response variable
of sLDA as a real value that represents the dialect mixing ratio.
This paper is organized as follows. Section 2 reviews related work on dialect ASR. Section 3 summarizes the targeted

1. Introduction
Speech recognition and dialogue systems have been recently
embedded in various devices, such as smartphones. Since these
devices might be used by many people, speech recognition systems should recognize the utterances of as many speakers as
possible. Voices have different characteristics, such as age,
speech rate, accent, and vocabulary. Nevertheless, most of these
systems do not handle various characteristics; they usually assume adult speakers, speech rate of reading, and vocabulary in
written language. Recognition accuracy will drastically deteriorate for spontaneous speech [1] that has different characteristics
from the assumed ones. In this paper, automatic speech recognition (ASR) of dialects in particular is handled.
We handle automatic estimation of dialect mixing to improve recognition accuracy. We regard a spoken dialect as a
mixture of various dialects, the mixing ratio of which changes
at every moment as well as depending on the speaker. In our
method based on dialect mixing [2], first, dialect-specific pronunciation dictionaries are created, and then the probabilities
given to each pronunciation are weightedly averaged. Features
of dialects can be divided into three types: (1) pronunciation
[3, 4], (2) vocabulary [5], and (3) word order [6]. One famous
example of the first type is the set “marry, merry, and Mary”.
One example of the second type is “mind the gap” and “watch
your step”, both of which are a warning for boarding trains.
The third type has the example of “next Tuesday” and “Tues-
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gives the in-class probability for a dialect mixture, which contains all kinds of pronunciations that appear in a pronunciation
dictionary for any dialect.
In the following sections, we assume that Pc,d (y|x) is already computed and discuss how to determine the weights rd .

Most previous studies handling dialect ASR require huge
amounts of data that cannot be practically collected or do not
treat dialects systematically.
Ching et al. [9] described the acoustic properties of the
Cantonese dialect of the Chinese language, such as on the basis
of energy profiles, pitch, and duration. Miller et al. [10] studied the discrimination of Northern and Southern US dialects on
the basis of the phonetic features. These studies require large
amounts of speech data to train the distribution of features as
well as taking no account of differences in vocabulary [11].
Lyu et al. [12] developed an ASR system for Chinese dialects that uses a hand-written character-to-pronunciation mapping. This has two disadvantages: the cost of developing the
mapping and the difficulty in extending it to dialect mixing.
To develop [2] dialect ASR systematically trained on a realistic data set, we introduced statistical methods of emulating a
linguistic corpus for training a language model by using a large
linguistic corpus of CL (common language) and a small CLdialect parallel corpus. The system was able to recognize utterances in multiple dialects or their mixture, but it had to be given
an appropriate ratio of a dialect mixture for a speaker. This paper deals with estimating the ratio of a dialect mixture.

4. Dialect Ratio Estimation
In this section, we describe the model for the dialect mixture
and how to estimate the ratio on the basis of the model. The
following are two kinds of estimation methods.
4.1. Simple Counting
This method involves pronunciation dictionaries to estimate the
dialect mixing ratio of each sentence. Let D be the number of
mixed dialects and N be the length (the number of words) of a
recognized sentence. A recognized sentence can be represented
as a pair of x = (x1 , x2 , . . . , xN ) and y = (y1 , y2 , . . . , yN ),
where xn represents a word entry and yn is one of its pronunciations. Since we have no knowledge about a speaker’s dialect
beforehand, we begin from the equal weights of rd = 1/D.
For each recognized word xn and yn , the dialect mixing ratio is
calculated as
0
rd,n
= P

3. Dialect ASR and Mixing Dialects

rd Pc,d (yn |xn )
,
0
0
d0 rd Pc,d (yn |xn )

(3)

0
where Pc,d is defined as Pc in Equation (1). The value of rd,n
ranges from zero to one; it will be zero if the pronunciation yn
(given xn ) does not appear in the pronunciation dictionary of
0
dialect d and one if yn appears only there. Given all rd,n
, we
estimate the dialect weights of a sentence as

We summarize the dialect speech recognition system described
in [2]. This system targets Japanese dialects, but its structure
itself does not depend on languages, though it assumes that the
word order does not change.
Practically large linguistic corpora in dialects are not available. We emulate a large dialect corpus to build a statistically
reliable language model by transforming a large CL corpus.
The transformation is conducted by using a phoneme-sequence
transducer from the CL to a dialect, which was developed by using a CL-dialect parallel corpus and converts a pronunciation in
the CL to that in the dialect. The phoneme-sequence transducer
is modeled as a weighted finite-state transducer (WFST) [13],
which outputs multiple candidates together with their probability. Namely, it handles word boundaries as well as pronunciation in an input sequence, and outputs word-wise pronunciation
in a specific dialect. We create a pronunciation dictionary in
an ASR system that determines the pronunciation of each word,
referring to the output. Let #(x) be the number of CL word x
that appears in the original sentences and #(y|x) be the number of pronunciations y given to word x. Then, the pronunciation probability given a word, namely in-class probability where
each class corresponds to a word, Pc (y|x), is written as
#(y|x)
#(y|x)
= P
.
#(x)
y #(y|x)

rd = 1, rd ≥ 0

d

2. Related Work

Pc (y|x) =

X

s.t.

ASR system. Section 4 discusses our methods to determine the
dialect mixing ratio. Section 5 describes our evaluation of the
system. Section 6 concludes this paper and states future work.

rd0 =

N
1 X 0
rd,n .
N n=1

(4)

Equations (3) and (4) play a role in updating dialect weights rd
to rd0 . If more dialect-specific pronunciations appear in y, the
value of rd0 will be much larger.
4.2. Dialect Modeling based on Topic Model
The second method of the estimation is dialect modeling based
on topic model. Some words appear in a sentence regardless
of a speaker’s dialect, while other words appear in a specific
dialect only. In other words, a speaker’s dialect determines the
distributions of word frequencies.
We conduct modeling on the basis of supervised latent
Dirichlet allocation (sLDA) [8], which is an extended version
of latent Dirichlet allocation (LDA) [14], a kind of topic model.
In LDA and sLDA, each topic has its own distribution of word
appearances, and each word in a sentence is sampled from one
of the topics. We regard the response variable of sLDA as the
dialect mixing ratio. The topic of each word is also sampled
from a topic distribution stemming from Dirichlet distribution.
In sLDA, pairs of a sentence and its score are modeled and the
score of a new sentence is determined by using the estimated
topics of each word in the sentence. In the application in this
paper, each topic corresponds to a group of words that have a
similar dependency on dialects. We regard the pairs of a word
and its pronunciation in a recognized sentence as a document in
the context of sLDA.

(1)

This method can handle only one dialect alone. The following is the way of handling multiple dialects. We compute
the weighted (arithmetic) mean of in-class probability over targeted dialects. Let Pc of Equation (1) for dialect d be rewritten
as Pc,d , then
X
Pc,mix (y|x) =
rd Pc,d (y|x),
(2)
d
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normalized so that

4.2.1. Formalization of sLDA
Let D and W be the number of given documents and the size of
the vocabulary, respectively. Additionally let Nd be the length
(the number of words) of document d (d = 1, 2, . . . , D). Each
word wd of document d is a pair of x and y in Section 3. The
number of topics K is assumed to be given here. The generative
process for a document is as follows, where the regression error
of a response variable follows a Gaussian distribution. For each
document d,

j=1

βij = 1.

!−1
Nd
D

X
1 X
T
φ
φ
+
diag{φ
}
Ey,
dn dn̄
dn
Nd2 n=1

η←

d=1

(8)


1  T
σ2 ←
y y − y T Eη ,
D
Nd
D X
X
βij ∝
φdni δwdn ,j ,

1. Draw topic proportions θ d |α ∼ D(α).
2. For each word wdn , the n-th word of document d,

(9)
(10)

d=1 n=1

where

(a) Draw topic assignment zdn |θ d ∼ M(θ d ).
(b) Draw word wdn |zdn , B ∼ M(B zdn ).

E=

3. Draw response variable yd |z d , η, σ 2 ∼ N (η T z̄ d , σ 2 ),
where
Nd
1 X
(z̄ d )k = z̄dk =
δz ,k ,
(5)
Nd n=1 dn

h

1
N1

PN1
n=1

φ1n

···

1
ND

PND
n=1

i
φDn .

(11)

4.2.3. Prediction
Once the training process is finished, we predict the response
value to an input sentence w = (w1 , w2 , ..., wN ). We update
parameters φ̂ni and γ̂i iteratively with:

and δi,j is the Kronecker delta.

φ̂ni ∝ βiwn exp Ψ(γ̂i ),

D, M, and N denote a Dirichlet distribution, a multinomial
distribution, and a normal distribution, respectively. Hyperparameter α = (α1 , . . . , αK ) determines the likelihood of a
topic distribution. Hyperparameter B is a K × W matrix,
where B k = (βk1 , . . . , βkW ) is a word distribution of topic
k. Topic assignment zdn (n = 1, 2, . . . , Nd ) is the index of the
topic assigned to wdn , the n-th word of document d. Parameter η = (η1 , . . . , ηK ) determines the influence of topics on the
response, and σ 2 determines the variance of regression errors.

γ̂i ← αi +

N
X

φ̂ni ,

(12)
(13)

n=1

and predict the response value ŷ with:
ŷ = η

T

N
1 X
φ̂
N n=1 n

!
.

(14)

5. Evaluation

4.2.2. Training

We carried out an experiment to evaluate the two methods above
on speech recognition accuracy.

We adopt a variational Bayesian method to approximate the
topic distribution θ d by that with respect to γ d and the topic assignment zdn by that with respect to φdn . The training process
comprises two steps. First we estimate variational parameters
γ d and φdn , and then we update distribution parameters η and
σ 2 and hyperparameters α and B. These two steps are repeated
iteratively until the parameters converge. All elements of α are
fixed to 50/K to simplify the training.
We excerpt only parameter update laws in the following;
see [8, 14] for their derivation. Update laws are represented by
using γ d and φdn instead of θ d and z d .

5.1. Conditions
We describe the training data for the phoneme-sequence transducers, language models, and acoustic models. The phonemesequence transducers in this experiment adopted the parallel
corpus [15] of the Kansai area (Osaka, Kyoto and Hyogo Prefectures), composed of 24,597 words. Language models were
trained on sentences of 3,000,000 questions and corresponding answers (71.2 million words) in the Yahoo! Q&A corpus (daily-life category). To exclude noise such as Internet
slang, the sentences were chosen with entropy-based filtering
[16] by using the Balanced Corpus of Contemporary Written
Japanese (BCCWJ) [17]. The vocabulary of language models
comprised words that appeared more than ten times in the sentences, and the size of vocabulary was 42,845. Acoustic models
were trained on 70.2 hours of talking altogether by 500 speakers in the Corpus of Spontaneous Japanese (CSJ) [18] and 23.3
hours of talking altogether by 308 speakers in Japanese Newspaper Article Sentences (JNAS) [19].
For evaluation, five Kansai dialect and five CL speakers
read 100 common sentences, where Kansai dialect speakers
translated the sentences into their natural dialect before reading.
We adopted Julius [20] as the ASR engine in this experiment.
We adopted 1/100 of the training data for a language model
of CL and the Kansai dialect as the training corpus for sLDA.
CL sentences were given a response value of 0.0, and the Kansai
dialect sentences were given 1.0. The prediction of the response
value for a recognized sentence was the mixing ratio used in

E-step Parameters φdni and γdi are updated until they converge. φdni is the probability that the n-th wordP
in document d
belongs to topic i, which is normalized so that K
k=1 φdnk =
1. The E-step is conducted document-wise.

φdni ∝ βiwdn exp Ψ(γdi ) +
−
γdi ← αi +

PW

yd
ηi
Nd σ 2



1
T
2
2(η
φ
)η
+
η
,
i
d,−n i
2Nd2 σ 2

Nd
X

φdni ,

(6)
(7)

n=1

where Ψ denotes the digamma function,
Pnamely Ψ(x) =
0
∂
(ln
Γ(x))
=
Γ
(x)/Γ(x),
and
φ
=
dn̄
m6=n φdm .
∂x
M-step Parameters η, σ 2 , α and B are updated. Each update is conducted only once for each M-step. Parameter βij is
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(a) Dialect Speaker #1

(b) Dialect Speaker #2

(c) Dialect Speaker #3

(d) Dialect Speaker #4

(e) Dialect Speaker #5

(f) CL Speaker #1

(g) CL Speaker #2

(h) CL Speaker #3

(i) CL Speaker #4

(j) CL Speaker #5

Figure 2: Word recognition accuracy of five subjects for changing fixed mixing ratios (Fixed: red curve) versus two mixing ratios
automatically controlled by simple counting (SC: solid blue line) and by topic modeling (TM: dashed blue line). The horizontal axis
denotes the mixing ratio [%] of a dialect, and the vertical axis denotes word recognition accuracy [%].

Topic modeling showed higher recognition accuracy than
simple counting for only two (#1, #2) of dialect speakers. The
improvement over the recognition accuracy was statistically
significant at the p = 0.05 level (p = 0.027) for dialect speakers, while not for CL speakers (p = 0.78). The followings are
possible reasons topic modeling did not work well.

Table 1: Word recognition accuracy [%] for ratios automatically
controlled, the optimal fixed mixing ratio, and the fixed mixing
ratio of 100% (dialect) or 0% (CL). SC and TM stand for simple
counting and topic modeling, respectively.
(a) Dialect speakers

SC
TM
Optimal
Ratio = 100%

#1
58.2
59.5
60.1
57.1

SC
TM
Optimal
Ratio = 0%

#1
86.5
86.4
87.3
86.2

#2
58.2
58.5
58.3
55.7

#3
66.7
65.1
67.0
63.4

#4
60.3
59.5
61.3
59.0

#5
57.5
57.2
58.8
57.2

#4
81.1
80.9
81.9
80.9

#5
83.0
81.1
83.0
82.6

Error of prediction: Once recognition of words specific to a
dialect fails, it affects the prediction more strongly than does
simple counting, due to the difference among ηi . The value of
parameter σ 2 was approximately
0.067; the prediction poten√
tially includes an error of ± 0.067 = ±0.26.
Number of topics: To obtain a more accurate prediction
model, we must choose the proper number of topics. This
problem will be solved by non-parametric Bayesian modeling
[21] that determines the proper number automatically.

(b) CL speakers

#2
78.2
78.2
79.3
77.6

#3
84.1
82.9
84.8
84.1

6. Conclusion
We proposed and evaluated methods for controlling a dialect
mixing ratio for recognizing utterances in dialects. Our method
was twofold: simple counting and topic modeling. Either of
them improved word recognition accuracy for both dialect and
CL utterances. Simple counting showed high recognition accuracy for most speakers. Topic modeling surpassed simple
counting for some speakers, but its parameters will need to be
configured properly to obtain better recognition accuracy for all
speakers. Recognizing multiple dialects will be our next step.
Future work includes extending the coverage of dialects geographically widely spread. We might have to model dialects
hierarchically; (1) the probabilities of pronunciations are mixed
for dialects in nearby areas, and (2) the probabilities of sentences are mixed for dialects in remote areas. Here, the restriction of unchanged word order is required for dialects in only
nearby areas. Even hierarchical models, of course, will require
appropriate dialect ratio to properly recognize sentences in any
dialect. The result obtained in this paper will be the basis of
dialect speech recognition for general purposes.

recognition of the next utterance. If the response value was less
than 0.01 or more than 0.99, we regarded it as 0.01 and 0.99,
respectively. The number of topics K was fixed to 12.
5.2. Results
Figure 2 shows the word recognition accuracy for ratios automatically controlled by simple counting and topic modeling.
The optimal fixed mixing ratio was what gave the maximum
value of the red curve.
In the result of simple counting, the absolute difference of
recognition accuracy was less than 1 point compared with the
optimal fixed ratio for two (#2, #3) of the five dialect speakers
(see Table 1(a)). This was true for four (except #2) of five CL
speakers (see Table 1(b)). Note that the results for both dialect
and CL speakers were produced with no different parameter settings; only the input utterances differed. The improvements
over the recognition accuracies with the fixed mixing ratio of
100% (dialect) or 0% (CL) (without dialect mixing) were statistically significant at the p = 0.05 level by t-tests (dialect:
p = 0.017, CL: p = 0.011).
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