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Abstract

Ensemble acoustic modeling can be used to model different
factors that cause variabilities of acoustic space, and provide
different combination to improve the performance of automatic
speech recognition (ASR). One of the main concerns is how to
partition the training data set to several subsets based on which
ensemble models are trained. Traditionally, the acoustic space
is partitioned based on speaker variability which is modeled us-
ing Gaussian mixture model (GMM) of global acoustic distri-
bution. We argue that modeling on global acoustic distribution
may not be accurate enough to catch the speaker variabilities.
For example, speaker variabilities, such as gender and accent
information, may be encoded in local acoustic realizations of
a few specific phonetic classes. Based on this consideration,
we proposed an acoustic space partition method based on broad
phonetic class (BPC) dependent modeling of speakers for en-
semble acoustic modeling. With the principal component analy-
sis (PCA) of the BPC based speaker representation, we designed
two level hierarchical data partitions in the low dimensional
speaker factor space. Ensemble acoustic models were trained
on the partitioned data sets on both levels. Speech recognition
experiments showed that using the proposed partition method,
we obtained 9.64% and 32.23% relative improvements in char-
acter error reduction rate on the first and second level partitions,
respectively.
Index Terms: Ensemble modeling, acoustic space partition,
speaker supervector, speaker clustering.

1. Introduction
Ensemble acoustic modeling can be used to model different
factors that cause variabilities of acoustic space, and provide
different combination to improve the performance of automatic
speech recognition (ASR) [1, 2, 3, 4]. The basic processing is
shown in Fig. 1. There are two important parts in this ensemble
modeling, one is how to partition the training data set to several
subsets according to hidden factors that cause the acoustic vari-
abilities. Based on the partitioned data subsets, ensemble acous-
tic models can be trained (as acoustic model 1 (AM 1), acoustic
model 2 (AM 2), etc.). The second concern is how to integrate
the ensemble models for a combined one for final speech recog-
nition. In this study, we mainly focus on the former problem.
In addition, differently from data partition methods used in ma-
chine learning, such as bagging, boosting, we try to manipulate
data partition concerned with the factors for speaker variabilty
which cause variability in acoustic for Chinese large vocabulary
continuous speech recognition (LVCSR).
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Figure 1: Ensemble acoustic modeling with data set partition
and model combination.

A lot of factors cause speech acoustic variability including
speakers’ sex, accent, age, size, voice quality, speaking style or
emotion. Among them, gender is one of the most important fac-
tors. Although accent is also identified as the second important
factor [6], the accent actually has large uncertainty and is diffi-
cult to be labeled when collecting data corpus. Usually regional
information is labeled which is correlated to accent information.
The acoustic space partition method based on prior information
of these important factors can be used to split the training data
set, and train the ensemble acoustic models as those factor de-
pendent models. However, the prior information, particularly
the accent information, is difficult to be obtained or has large
uncertainty if obtained. In this case, it is difficult to partition
the data set for ensemble acoustic modeling.

Speaker or acoustic space clustering can be used to train
multi-acoustic models in speech recognition without any con-
cern of explicit physical meanings in modeling [5]. We argue
that modeling the acoustic space with explicit physical mean-
ings may help for a better clustering or partition of acous-
tic space, and improve the ASR performance. One interest-
ing study concerned with accent speech modeling with explicit
physical meaning was done in [6]. In their work, they analyzed
the speaker variability factors concerned with gender and ac-
cent, and established gender and accent detection based speech
recognition models. But in speaker modeling, they used a Gaus-
sian mixture model (GMM) to model the global acoustic distri-
bution without identifying the underlying phonetic context. As
we know, in Chinese speech, the gender and accent informa-
tion may be carried by several specific phonetic categories with
local acoustic distribution. Gender and accent information is
more easier to be identified with knowledge of phonetic context
than that without phonetic context. Accurate phoneme based
modeling can catch a lot of information, including linguistic in-
formation, as well as gender and accent information. However,
in phoneme based modeling, a lot of training data is required.



And the model is not robust because there exists high confusion
among different phoneme models.

Speaker variability may be resulted from different quality
of voice or pronunciation of vowels and consonants, or realiz-
ing an utterance with different stress and prosody. This con-
cerns with different manipulation of articulation organs that is
closely relates to broad phonetic class (BPC), such as vowels,
fricatives, etc. In addition, BPC based modeling is more robust
than that of phoneme based modeling. Based on these consid-
erations, we propose a speaker acoustic space partition method
based on BPC dependent speaker modeling and clustering, and
train ensemble acoustic models based on the partitions for Chi-
nese LVCSR.

2. Speaker modeling based on broad
phonetic class

Our speaker acoustic space partition method is inspired by the
research of speaker recognition. Speaker variability is one of
the most important aspects of acoustic variability. We want to
partition the acoustic space based on speaker variability anal-
ysis. In order to analyze speaker variability, each speaker is
represented using a speaker supervector. Differently from most
studies in speaker modeling, we model each speaker with a set
of BPC based GMM. In our study, the BPC is composed of
vowels, stops, fricatives, nasals, and liquids which is classified
based on their different articulation manners.

2.1. Broad phonetic class based speaker supervector

The extraction of speaker supervector is described in Fig. 2.
The basic procedures are: (1) Training a GMM model using all
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Figure 2: MAP adapted BPC-GMM speaker modeling.

training data sets for each BPC as a universal background model
(UBM). After this processing, we have 5 GMM-UBMs; (2) Us-
ing maximum a posterior (MAP) adaptation method for each
speaker data set, speaker BPC-GMMs are obtained; (3) Speaker
supervectors are constructed as BPC dependent supervectors
obtained by concatenating the mean vector of each GMM com-
ponent [7].

2.2. Dimension reduction based on principal component
analysis

Based on the processing in section 2.1, each speaker is char-
acterized by a set of BPC supervectors. We may do speaker
clustering for acoustic space partition based on the obtained su-

pervectors. However, there are several disadvantages for clus-
tering directly on the original supervectors. One is that there
is no robust clustering method based on the high dimensional
supervectors because of the curse of high dimensionality prob-
lem. The second is that it is difficult to identify the hidden fac-
tors with physical meanings from each speaker clusters. Based
on this thinking, we do dimension reduction on the supervec-
tors to find the variability of speaker acoustic space, and make
data set partitions in a low dimensional space. Principal com-
ponent analysis (PCA) is used in this study since PCA can find
a low dimensional coordinate system corresponding to most of
the maximum variations of the data distribution.

Suppose speaker supervector matrix is represented as X =
[x1,x2, ...,xM ], where xi ∈ Rd, i = 1, 2, ..., M , d is the di-
mension of speaker supervector, and M is the total number of
speakers. Then the eigenvalue decomposition of speaker covari-
ance matrix is:

Cxvi = λivi; i = 1, 2, ..., M

Cx
∆
= 1

M−1
XXT (1)

In eq. (1), Cx is speaker supevector matrix in which speaker
supervectors are centered to be zero mean, T is a transpose op-
erator, λi is the i-th eigenvalue corresponding to eigenvector vi.
Then the speaker supervector can be projected on the first a few
eigenvectors for dimension reduction as:

yi = WT xi, (2)

where xi is the supervector of speaker i, W is a matrix con-
structed from the first L eigenvectors of Cx with top L eigen-
values. Then the new representation vector of a speaker is with
L dimensions which is much smaller than the dimension of
original supervector d. We can do factor analysis, data space
partition and clustering in the low dimensional representation
space.

3. Factor analysis and partition of speaker
acoustic space

One Chinese accent speech data corpus is used in the factor
analysis and partition. The data corpus is consists of 400 speak-
ers with more than 160k utterances (200 speakers for male and
female, respectively), totally about 180 hours acoustic speech.
Based on speakers’ regional information, they are classified into
four groups, i.e., Beijing (BJ), Shanghai (SH), Canton (CT), and
Taiwan (TW). Each group has 100 speakers (50 male and fe-
male speakers, respectively). For convenience of speech recog-
nition experiments in later part, from the data set, we choose 8
speakers for testing (two speakers with one male and one female
from each regional group were selected), and the left 392 speak-
ers were used for analysis and training. Although all speakers
are labeled with their regional information, their accents, how-
ever can not be classified based on this information. Based on
listening test, there are large overlaps among different regional
groups on their accents. It is difficult to partition the data set
to train multiple accent dependent acoustic models according to
their regional information.

3.1. Factor analysis of speaker acoustic space

We first analyze the factors that cause the variability of the
speaker acoustic space on this data set based on the method
introduced in section 2. Mel frequency cepstral coefficient
(MFCC) feature is used in the analysis. 20 ms frame window
with half overlap is used in feature extraction. 12 MFCCs and



log power energy, plus their first order time derivative, totally
26 dimension feature vector is used. In GMM representation of
each speaker, 36 Gaussian mixture model (GMM) is used for
each BPC model. Then each speaker is represented as a set of
BPC dependent supervectors with 26 ∗ 36 = 936 dimensions
for each. Based on each BPC supervector for speakers, we do
PCA analysis of the speaker supervector matrix as explained in
section 2.2. We first show the projection of the speaker super-
vectors on the first two PCA eigenvectors. The result for vowel
BPC based representation is showed in Fig. 3. In this figure,
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Figure 3: Projection of speaker supervectors on the first two
principal eigenvectors based on BPC vowel representation.

each point represents the distribution location of one speaker
in the speaker eigenspace. PC1 and PC2 represent the first and
second principal components, respectively. From this figure, we
can clearly see that there are two distinctive clusters of speak-
ers which correspond well to their gender information. Because
gender information is easy to be obtained with high certainty,
we use gender recognition experiments to examine the accuracy
of PCA based speaker clustering method. The results of gender
recognition error rate based on each BPC-GMM clustering are
shown as in table 1. We also did experiments based on GMM of

Table 1: Gender recognition error rate (RER) based on BPC-
GMM speaker representation.

GMM-BPC Vowel Liquid Stop Fricative Nasal
RER (%) 0.75 1.50 1.75 2.00 33.00

global acoustic distribution, and did PCA analysis, and cluster-
ing for gender recognition. We got recognition error rate about
1.25%. From these results, we can confirm that in BPC, vow-
els carry much more gender information than other categories
in BPC. In addition, the BPC vowel based speaker clustering
can get a better partition of speaker acoustic space according to
gender information than that of based on GMM of global acous-
tic distribution. Then in ensemble acoustic modeling, we will
partition the data set based on speaker supervectors of the BPC
vowel representation.

In order to identify the second largest variability of the
speaker acoustic space, we look into the distribution of each
cluster in the PCA projection space. The female cluster is taken
as an example, and the speakers from BJ and SH are labeled
in the PCA space as shown in Fig. 4. In this figure, we can
see that the second principal component seems to correspond
to the regional or accent information but with large overlaps.
Since we do not have a manually labeled accent information
with high certainty on the data set, we can not do accent recog-
nition experiments to examine the efficiency of the method. But
for acoustic space partition for ensemble modeling, it is possi-
ble to use this information for speaker acoustic space partition
to train ensemble acoustic models to improve the ASR perfor-
mance.
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Figure 4: Projection of regional speaker supervectors on the first
two principal components.

3.2. Speaker acoustic space partition

Based on the factor analysis, we do hierarchical data partition
as: (1) Splitting the speaker data set to be two clusters which
is concerned with gender information (the first level partition);
(2) Further splitting each cluster to be two sub-clusters which is
possibly concerned with accent information (the second level
partition). All the partitions are done in a low dimensional
speaker space using k-means clustering algorithm, and no la-
bel information is required. The low dimensional speaker space
is constructed from BPC vowel speaker supervector based rep-
resentation with PCA analysis (keeping the first two principal
components).

4. Speech recognition experiments and
evaluations

The HTK toolkit was used to build a Chinese LVCSR system.
The feature vector was 26 dimension MFCC feature (the same
as used in the analysis in section 2). A phonetic-decision tree
based state-tying triphone hidden Markov model (HMM) was
built for acoustic modeling (30 basic phoneme set was used
in acoustic modeling). In recognition, a weighted finite state
transducer (WFST)-based decoder was used [8]. A trigram lan-
guage model trained using Chinese basic travel conversation
text (BTEC) and a size of 50k lexicon were used in recogni-
tion. In ensemble modeling based recognition, multiple acous-
tic models are trained based on the partitioned data sets. Con-
sidering that speaker numbers in each partitioned cluster is not
balanced, a MAP adaptation training strategy is used in train-
ing acoustic model for each cluster. The final acoustic model is
a combination of all these multiple acoustic models (as shown
in Fig. 1). Our focus in this study is data partition for ensem-
ble acoustic modeling, therefore, a parallel decoding strategy
is used in the last stage for model combination, i.e., the model
with highest likelihood score was chosen as a decoding model.
The final recognition result is measured as character error rate
(CER).

In order to examine whether the testing data set consists
of accent speech or not, we first did speech recognition exper-
iments based on two types of acoustic models. The recogni-
tion results are showed in Fig. 5. In this figure, ‘Standard
model’ and ‘Mixed model’ represent the recognition experi-
ments based on acoustic models trained using standard Man-
darin speech (speakers are from northern part of China) and re-
gional mixed speech (speakers are from northern and southern
parts of China), respectively. From this figure, we can see that
in the testing data set, error rate for speakers from BJ is low
compared with those from other regional groups. It is easy to
understand because speakers from BJ belong to northern part
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Figure 5: Recognition error rate based on standard acoustic
model and regional mixed acoustic model.
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Figure 6: Recognition error rate for two acoustic models trained
on data partition and clustering.

of China that have similar acoustic property as that of standard
Mandarin. But speakers from SH, CT, and TW belong to south-
ern parts of China that show different acoustic property com-
pared with standard Mandarin, thus lead to high error rate in
recognition. In addition, by comparing the two types of acous-
tic modeling, we can see that adding regional speakers’ speech
in training can make a better coverage of acoustic model thus
greatly improve the recognition performance. But training a
single model using acoustic speech from all regional groups is
a statistical average of the training data set. We try to train en-
semble acoustic models by splitting the data set based on their
hidden factors which cause acoustic variability, and compare
the performance on speech recognition. In comparison, the sin-
gle model trained by using regional mixed speech is used as a
baseline.

We have tested on random splitting of the training data
set to two and four subsets, and trained ensemble models for
speech recognition, but found no improvement. Based on the
factor analysis in section 3, we designed hierarchical data par-
tition method introduced in section 3.2. We trained the ensem-
ble acoustic models using data subsets from the first and sec-
ond level partitions, and did speech recognition experiments.
For comparison, traditional speaker GMM clustering based on
global acoustic distribution for two and four clusters are also de-
signed for ensemble acoustic modeling. The results are shown
in Fig. 6 and 7.

In these figures, ‘GMM 2’, ‘Proposed 2’, ‘GMM 4’ and
‘Proposed 4’ represent the recognition experiments based on
acoustic models trained by traditional global acoustic GMM
and proposed data partition modeling for two and four data clus-
ters, respectively. Comparing Figs. 6 and 5, we can see that
ensemble acoustic modeling, both the traditional GMM clus-
tering and proposed partition modeling, significantly improved
the performance. In addition, the proposed partition modeling
performed better than traditional GMM clustering method.
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Figure 7: Recognition error rate for four acoustic models
trained on data partition and clustering.

5. Discussion and conclusion
Considering that speaker variabilities , such as gender and ac-
cent information, may be carried by several specific phoneme
categories rather than by all phonemes, we proposed a BPC-
GMM supervector modeling for speaker representation. The
gender information can be easily identified from the proposed
speaker representation. Based on the BPC-GMM supervector,
we designed two level hierarchical data partition algorithm in
a low dimensional factor space for ensemble acoustic model-
ing. Compared with baseline performance, the proposed en-
semble acoustic modeling using the first and second level data
partitions provided 9.64% and 32.23% relative improvement in
CER, respectively.

Several problems need to be studied in the future. In our
study, because there is no accent label information on the data
corpus, we can not do accent recognition experiments to ex-
amine the proposed data partition method. In the future, we
will manually label the data corpus with accent information by
listening test, and compare the labeled information with data
partition results. In addition, in ensemble acoustic modeling,
we only discussed the data partition for training ensemble mod-
els. How to combine the ensemble models to obtain an optimal
model remains as one of our future work.
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