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Abstract

Variability in speech due to dialect is a major factor limiting
speech system performance for speech recognition, spoken doc-
ument retrieval, and dialog systems. In this study, we propose a
novel discriminative algorithm to improve dialect classification
for unsupervised spontaneous speech in Arabic. No transcripts
are used for either training or testing, and all data are sponta-
neous speech. The Gaussian mixture model (GMM) is used as
our baseline system for dialect classification. The major motiva-
tion is to remove confused/distractive regions from the dialect
acoustic space, while emphasizing discriminative/sensitive in-
formation. The Kullback-Leibler divergence is used to find the
most discriminative GMM mixtures (KLD-GMM), after which
the confused acoustic GMM region is removed. The proposed
algorithm is evaluated on three dialects of Arabic, with mea-
surable improvement achieved (4.0%), over a generalized max-
imum likelihood estimation GMM baseline (MLE-GMM) sys-
tem.

1. Introduction
Dialect classification, or as it is sometimes referred to as di-
alect identification, is an emerging research topic in the speech
recognition community because dialect is one of the most im-
portant factors next to gender that influences speech recognition
performance [1, 2, 3]. Automatic dialect classification is impor-
tant for characterizing speaker traits and knowledge estimation
which can be used to build dynamic lexicons by selecting al-
ternative pronunciations [4] , generate pronunciation modeling
via dialect adaptation [5] , or train [6] and adapt [7] dialect de-
pendent acoustic models. Dialect knowledge is also helpful for
data mining and spoken document retrieval[8]. In this study, we
employ the definition for the term dialect as a pattern of pronun-
ciation and/or vocabulary of a language used by the community
of native speakers belonging to some geographical region.

In previous studies, it has been shown that isolated words
and phonemes can be successfully used for dialect classifica-
tion [9, 10]. Utterance based dialect classification presents two
different text scenarios: constrained and unconstrained. If tran-
scripts are available, supervised word-based dialect classifica-
tion is suggested[11]. However, most conversational dialect
data is unconstrained since transcript information is expensive
to produce. In the present framework, typically no text, speaker,
or gender information is available for the data. Alternatively, a
Gaussian Mixture Model (GMM) based classifier can be ap-
plied for unconstrained data [12]. There are also successful
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Figure 1: Baseline MLE-GMM unsupervised dialect training
system.

Figure 2: Baseline GMM unsupervised dialect testing system.

methods based on reducing model confusion for improved per-
formance for dialect classification[13, 14]. In addition to the
acoustic phase, the vocabulary and grammar differences of di-
alects can also be studied and applied for dialect classification.

The focus in this study is to identify and emphasize those
traits that are most discriminative across dialects of a common
language. A GMM is used to represent the acoustic space of the
dialects. We consider the hypothesis that some mixtures carry
more dialect discriminating information, while others possess
information that is dialect neutral. In the training phase, the KL
divergence [15] based algorithm (KLD) is employed to assess
the dialect dependent mixtures in order to enhance overall di-
alect discrimination, while suppressing dialect neutral mixtures.

2. GMM-BASED CLASSIFICATION
ALGORITHM

In this study, only unsupervised classification is considered
since no transcripts are available for either training or test data.
Here, we employ a GMM based dialect classification algo-
rithm as our baseline system. Fig.1 shows the flow diagram
of the baseline GMM training process, where a closed set of
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(a) (b)

Figure 3: (a) phoneme α shows similar structure between di-
alect and anti-dialect models; while β shows key mixture differ-
ences between the dialect to anti-dialect models. (b) sub-region
of mixture space of phone γ and δ differ from dialect to anti-
dialect models.

N dialects are considered. The dialect GMM model is trained
with spontaneous data from each speech dialect. The training
method is a generalized maximum likelihood estimation (MLE)
(expectation maximization (EM) algorithm). For training, si-
lence frames are first removed from the input audio stream using
an energy threshold, followed by MFCC feature extraction. For
each dialect, gender dependent GMM models are constructed.
The test phase is shown in Fig.2, where silence removal and
feature extraction steps are applied prior to dialect classifica-
tion. The details of model formulation are described in the ex-
perimental section. To avoid influence of gender and emphasize
dialect classification, gender information is assumed known so
gender classification is not considered.

3. Discriminative Training: Gaussian
Mixture Selection by KL Divergence

The pronunciation of some phonemes (mono-phone, bi-phone,
tri-phone) in different dialects can be similar from both an
MFCC feature perspective as well as perceptually. Assuming
we employ a single GMM model to describe one dialect, then
individual phones will be described by particular GMM mix-
tures. If pronunciations of this phone are similar in different
dialects, then the mixtures which represent this phone will not
be important for dialect classification. On the other hand, if the
pronunciations of a particular phone are very different across
dialects, then these mixtures will contribute to dialect classifica-
tion. Clearly, a portion of the mixtures which represent the same
phone will be similar across the different dialects. These mix-
tures therefore do not contribute to improved dialect classifica-
tion. However, the portion of the mixtures representing phones
that are different, will emphasizes the separation between di-
alects. Fig.3 illustrates these two scenarios. In Fig.3(a), two
phones α and β are shown, where there are limited changes for
phone α between dialect and anti-dialect models. However, no-
table differences exist for phone β from dialect to anti-dialect
models. Here, the anti-dialect model can either represent an-
other dialect, or a composition of dialects expected to compete
with the target dialect. Therefore, almost all mixtures repre-
senting phone β have changed. In Fig.3(b), a portion of the
mixtures are similar between the dialect and anti-dialect mod-
els, while some mixtures of phone γ change from dialect to anti-
dialect models. Similarly, part of the mixtures of phone δ also
change from dialect to anti-dialect model. The algorithm there-
fore results in two sets of mixtures including dialect sensitive
mixtures (e.g., Discriminative Mixtures), and neutral mixtures
(e.g., General Mixtures), which are suppressed to decrease con-
fusion between dialects. A method, however, is needed to mea-

sure the similarity between these mixtures. The KL divergence
is suited for this task, since it is based on relative entropy, and is
often used as a measure of similarity between two density dis-
tributions. The KL divergence between two probability density
functions f(x) and g(x) is defined as:

D(f, g) =
1

2
(D(f‖g) +D(g‖f))

def
=

1

2
(

Z
f(x) log

f(x)

g(x)
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Z
g(x) log

g(x)

f(x)
dx), (1)

where D(f‖g) is the KL divergence from f to g and D(g‖f) is
the KL divergence from pdf g to f. The GMM model G(x) is
described by three parameters: weight, mean, and variance,

G(x) =
X

ωN(µ, σ), (2)

where ω is the weight, µ is the mean and σ is the variance of
the pdf in the GMM model. Therefore, it is necessary to add
the parameter ω into the KL divergence to reflect the distance
measurement in GMM models. Here, we attach the parameter
ω to the Gaussian distributions, and define the functions f(x)
and g(x) as:
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def
= ωfN(µf , σf ), (3)

g(x)
def
= ωgN(µg, σg). (4)

The KL divergences between function: f(x) and g(x) is de-
scribed by three GMM parameters: weight, mean, and variance,
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where n is the feature dimension. Note that function f(x) and
g(x) are not density distributions here since the integral of f(x)
and g(x) are not equal to 1. Here, we define the Gaussian
mixture of dialect model or anti-dialect model to be the same
function f(x) or g(x) in Eq. 3 and 4. Since each GMM will
have multiple Gaussian mixtures, all KL divergences between
any individual Gaussian mixture of the dialect model and any
single anti-dialect model are calculated and result in a N×N
KL divergence matrix where N is the number of mixtures in
the GMM. Here, we define the element Dij in the matrix as
the KL divergence between mixture ”i” from the dialect model
and mixture ”j” from the anti-dialect model. First, the mixture
pair (i0, j0) with the minimal KL divergence from the matrix
is considered. Next, all elements in row i0 and column j0 of
the matrix are set aside. The process is repeated by considering
each mixture pair from (i1, j1) to (iN−1, jN−1). Therefore, the
range {Di0j0 , Di1j1 , · · · , DiN−1jN−1} represents the KL di-
vergence values for the N mixtures ranked in ascending order.
We designate those mixtures which are in the front of the range
{i0, i1, · · · , iN−1} as general mixtures, while others higher in
the list are tagged as discriminative mixtures.
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Table 1: The summary of Arabic corpus used in our study.

Data Training data Testing data
AE EG SY AE EG SY

# of Speakers 28 31 27 10 10 10
# of Minutes 207 253 213 37 27 38

To determine whether mixture ”̂i”, defined as any element
in the range {i0, i1, · · · , iN−1}, is general or discriminative,
we define δî as:

δî =


1 if n/N > Nr

0 otherwise, (6)

where ”1” signifies a discriminative mixture, and ”0” a gen-
eral mixture and n represents the index of the ”̂i”th mixture in
the range. The value Nr is the relative threshold which rep-
resents the upper bound on the number of general mixtures,
where the range for Nr is (0 − 1). For testing, the probabil-
ities of the general mixtures are not calculated, since from a
dialect perspective they do not contribute to dialect discrimina-
tion. Fig. 4 shows the flow diagram of the KL divergence based
discriminative training process (KLD). For each dialect, the di-
alect model and anti-dialect model are trained. The function of
the block ”KLD SELECTION” in Fig. 4 is to designate mix-
tures of the dialect model by the mixture selection algorithm
formulated above, with results saved in a ”TAG FILE”. In this
file, all mixtures are tagged as one of two classes: discrimina-
tive mixtures and general mixtures. After this processing step,
the original trained dialect model is then split into two parts:
discriminative and general parts, based on the tag file. The test-
ing process is equivalent to the baseline with the exception that
only discriminative parts are used instead of the whole GMM
models.

In KLD-GMM, it is important to note that the pdf weights
in the discriminative part are not re-normalized after removal of
the general mixtures. The reason for this is that the discrimi-
native mixtures more accurately represent the target dialect in
the discriminative acoustic space, while the general mixtures
represent the confused portion with the competing dialects. At
some level, the resulting sum of discriminative mixture weight
reflects the true separation of the dialect against its neighbors.
Since the priori dialect probabilities are unknown, we assume
equal priori, and employ the likelihood instead of the posterior
probabilities. With this, the sum of the weights in each dis-
criminative part can be considered as prior probabilities of the
discriminative part.

4. EXPERIMENTS
In our experiments, the proposed algorithm is evaluated on an
Arabic dialect corpus. To avoid the influence of noise, all noisy
recordings are set aside based on NIST STNR analysis, and only
noise free dialect data are used in our study. Since long peri-
ods of silence exist in the audio, a silence remover based on
overall energy is applied. Three dialects are used in our study
based on geographical origins: UAE (AE), Egypt (EG), and
Syria (SY). To avoid the influence of gender, only male data
are used for training and testing. Table 1 summarizes training
and test data after the silence removal process. There are no as-
sociated transcripts for the training and test data in all dialects.
All data used in the experiments are spontaneous speech since
read speech possesses limited dialect structure. Mel-frequency
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Figure 5: Classification accuracy of KLD-GMM algorithm on
Arabic corpus. X-axis is relative threshold Nr; Y-axis is the
classification accuracy.

cepstral coefficients (MFCC) are used in our study, with 26 di-
mensions, including the log energy and 12 MFCCs plus delta
coefficients per frame. The length of a frame is 20 ms, with a
10 ms overlap. In test, all audio files are partitioned into short
10 sec utterances, with a total of 607 tests. The final classifica-
tion performance is the average on all test utterances. We use
256 mixtures for the dialect model and anti-dialect model in all
our evaluations. Since several combinations of parameters are
illustrated in the following experimental results, a development
data set is needed to set the best parameters in a real application.
Here, we do not set aside development data and use all of the
data either in training or testing due to the limitation of the size
of the corpora (all tests are open however).

Fig. 5 shows classification accuracy of the proposed KLD-
GMM algorithm by varying the relative divergence threshold
from 0 to 30%, which means the number of used mixtures
is from 256 to 180. The X-axis is the relative threshold Nr ,
which means the percentage of general mixtures. When the rel-
ative threshold Nr is 0, all mixtures are tagged as discrimina-
tive mixtures and the KLD-GMM degenerates to the baseline
GMM (MLE-GMM). The upper bound of the relative diver-
gence threshold in the figure is 30%, which means only 70%
mixtures (180) are used. It is unreasonable to set the thresh-
old near to 1 since there are too few used mixtures to perform
classification in that case. The Y-axis of the figure is the classi-
fication accuracy (%), which roughly increases with the thresh-
old, and arrives at the maximum at Nr = 20%, although some
slight variations occur. The baseline performance is 67.7%
at Nr = 0% and the best performance 71.7% is achieved at
Nr = 20%, corresponding to an absolute 4.0% improvement
on Arabic dialects. The relative error reductions over baseline is
12.4%. In the figure, the performance fluctuations are more no-
ticeable when the threshold is smaller and only a few mixtures
are set aside (if the threshold is less than 6%), which suggest
that performance is sensitive in this case. When the threshold
is greater than 20%, the performance keep fluctuant decreas-
ing, which suggests too many effective mixtures are set aside
and the discriminative part is too limited to perform classifica-
tion. From 6% to 20%, the performance is increasing reason-
ably with slight fluctuations.

5. CONCLUSION
Speech from different dialects of a language can be separated
into dialect sensitive and dialect neutral parts, which are effec-
tively represented by discriminative mixtures and general mix-
tures in a GMM model. Due to the similarity of dialects, there is
more neutral content between dialects than between languages.
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Figure 4: Discriminative training based on Gaussian mixture selection by KL divergence (KLD-GMM).

The neutral content, marked as distractive/confused region of
the dialects, can be reduced or excluded. In this study, we pro-
posed a discriminative training algorithm (the Gaussian mix-
ture selection by KL divergence) . The algorithm focuses on
emphasizing those mixtures (KLD-GMM) which are more di-
alect sensitive, and de-emphasize those which are dialect neu-
tral. The algorithm was evaluated on an Arabic corpus. The
MLE trained GMM system is used as the baseline system. The
KLD algorithm achieves measurable performance improvement
over the baseline system. In conclusion, our proposed algorithm
achieves 4.0% absolute improvement and 12.4% relative error
reduction on a 3-way corpus. Therefore, the proposed algorithm
is shown to be effective on dialect classification.
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