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Abstract
The triphone model is frequently used as an acoustic model. It
is effective for modeling phonetic variations caused by coarticu-
lation. However, it is known that acoustic features of phonemes
are also affected by other factors such as speaking style and
speaking speed. In this paper, a new acoustic model is pro-
posed. All training data which have the same phoneme con-
text are automatically clustered into several clusters based on
acoustic similarity, and a “sub-triphones” is trained using train-
ing data corresponding to a cluster.

In experiments, the sub-triphone model achieved about 5%
higher phoneme accuracy than the triphone model.
Index Terms: sub-triphone model, SSS-free, HMnet, triphone.

1. Introduction
Recently, the triphone model has been frequently used as an
acoustic model in automatic speech recognition systems. One
of the advantages of the triphone model compared with the
monophone model is that it can consider phoneme contexts.
In general, acoustic features of a phoneme are affected by
phoneme contexts (called “coarticulation effects”). Especially,
the preceding and the following phonemes are main factors on
the variation of the current phoneme. Speech data having differ-
ent acoustic features should be separated and modeled by dif-
ferent HMMs. In order to realize such a modeling, a triphone
model is trained using speech data each of which has common
preceding and following phonemes.

The triphone model is effective for modeling phonetic vari-
ations caused by coarticulation, but it is known to be unable
to capture all of them. Coarticulation effects are caused by
not only the first preceding and following phonemes, but also
further neighboring phonemes, so it is reasonable and natu-
ral to consider longer phoneme contexts. “Tetraphone” and
“quinphone” (also called “pentaphone”) have been developed,
and these models showed higher performance than the triphone
model[1, 2, 3].

However, these models still cannot capture all variations of
acoustic features of phonemes. Acoustic features of phonemes
are affected by not only phoneme context but also other factors
such as speaking style, speaking speed, position of the phoneme
in a word/sentence. In order to express those variations, an
HMM corresponding to a phoneme context should be divided
into many HMMs, each of which corresponds to a different
“acoustic environment”.

If all factors are listed explicitly, these factors can be con-
sidered in the same way as phoneme context. For example, a
model is trained using speech data each of which has a com-
mon phoneme context, a common speaking style, a common
position of a word, and so on. However, this approach is not

practical because nobody knows which factor should be consid-
ered.

In order to consider all factors implicitly, a new construc-
tion algorithm of the acoustic model is proposed in this pa-
per. All training data, each of which has a common phoneme
context, are automatically clustered into several clusters. Each
cluster corresponds to each “acoustic environment” because the
clustering is carried out based on acoustic similarity.

After that, an HMM is trained using training data corre-
sponding to a cluster. It can be seen that a triphone is divided
into several HMMs based on a difference of acoustic features.
Note that each HMM corresponds to each acoustic environ-
ment; however, the correspondence cannot be obtained explic-
itly.

2. A new acoustic model based on splitting
of a triphone

In this section, the algorithm used to construct the new acous-
tic model is described. The model is constructed by splitting
a triphone into “sub-triphone” models. In the algorithm, train-
ing data having the same phoneme context are divided into sev-
eral clusters. Although many clustering algorithms have been
proposed so far, they cannot be applied directly because each
training data is a sequence of vectors of various lengths. In the
proposed algorithm, clustering is carried out by applying the
“SSS-free” algorithm[4].

SSS-free has been proposed as a new algorithm for con-
structing acoustic models. In this algorithm, training samples
are clustered automatically by splitting HMMs. A Monophone
HMM are used as an initial model, and SSS-free makes many
HMMs each of which corresponds to each acoustic environ-
ment. In other words, SSS-free makes “sub-monophones” from
a monophone HMM. (In fact, many states in sub-monophones
are shared with each other appropriately; its representation is
equivalent to an HMnet[5].)

In this paper, SSS-free is used to make “sub-triphones” by
using a triphone model as an initial model. The outline of the
proposed algorithm is as follows:

1. Prepare the initial model
Construct a triphone model using all training samples.
The states in triphones have an output distribution with
two Gaussian mixture components.

2. Select a state
The state whose distribution has the largest variance is
selected.

3. Split an HMM into two HMMs
An HMM which has the selected state is duplicated, and
one Gaussian component in the selected state is elimi-
nated from the original distribution. The first component

Copyright © 2009 ISCA 6-10 September, Brighton UK1399

10
.2

14
37

/I
nt

er
sp

ee
ch

.2
00

9-
43

1



is eliminated in the original HMM, and the second com-
ponent is eliminated in the duplicated HMM. The other
states in both HMMs are shared with each other.
In this step, several HMMs may be duplicated because
the selected state may be shared by several HMMs.

4. Split the training samples based on likelihood
For a training sample, two likelihoods are calculated by
two new HMMs, and the training sample is assigned to
the HMM which showed higher likelihood.

5. Re-estimate the parameters of HMMs
A number of mixtures in both the selected and duplicated
states are set to two, and all HMMs are re-trained.

6. Repeat Steps 2 to 5 until the total number of states
reaches a pre-defined number.

7. Change the number of mixtures
All states have two Gaussian components as an output
distribution. If it is necessary to use another number of
mixtures, change it and re-estimate the parameters using
all training samples.

The algorithm is described in detail in [4].
In this algorithm, both clustering the training data and con-

structing the “sub-triphone” model are carried out simultane-
ously. The algorithm requires much computational power be-
cause each step includes the process of re-estimating HMMs.
However, it is controllable because the size of the sub-triphone
model can be controlled easily by setting the total number of
states.

3. Decoding process considering
connectivity of sub-triphones

3.1. Introduction of sub-triphone n-gram

The proposed algorithm constructs several sub-triphones cor-
responding to a triphone. One of the simplest ways to use
sub-triphones in a conventional speech recognition system is to
make a triphone by connecting all corresponding sub-triphones
in parallel. This becomes a multi-path triphone, and it can be
used in a conventional speech recognition system in the same
way as a conventional (single-path) triphone.

However, multi-path triphones cannot achieve high perfor-
mance because any paths in a multi-path triphone can connect
to any paths in the next one. Let Ta and Tb be multi-path tri-
phones, both of which have two paths (Pa1, Pa2, Pb1 and Pb2).
It is assumed that both first paths (Pa1 and Pb1) correspond to
fast speech, and other paths correspond to slow speech. When
triphone Ta is followed by triphone Tb, path Pa1 can connect
to Pb1, but it should not connect to Pb2. However, connectiv-
ity of sub-triphones cannot be controlled in a decoding process
because we cannot know which sub-triphone corresponds to
which acoustic environment. The improper connection of sub-
triphones may cause deterioration of recognition performance.

In order to solve this problem, a sub-triphone n-gram is in-
troduced. If two sub-triphones correspond to the same environ-
ment, both sub-triphones appear in the same training sample. In
other words, the connection probability from one sub-triphone
to another sub-triphone indicates whether both sub-triphones
correspond to the same environment or not. The sub-triphone n-
gram is constructed in the same way as a language model, and
the score calculated from the sub-triphone n-gram is added to
acoustic and linguistic scores in the decoding process.

The outline of the algorithm is as follows. After construct-
ing the sub-triphone model, sequences of sub-triphone symbols

are made for all training samples. After that, the sub-triphone
n-gram is constructed using all sequences in the same way as a
word n-gram. A recognition score is calculated by the weighted
sum of the acoustic, linguistic and sub-triphone scores.

3.2. Smoothing of sub-triphone n-gram using class n-gram

The sub-triphone n-gram is smoothed using the back-off
algorithm[6, 7]. However, a problem of data sparseness may
exist because the amount of training data is very small com-
pared with the amount of data used to train the language model.
In order to improve the robustness of the sub-triphone n-gram,
a class n-gram is introduced.

The main consideration of using the class n-gram is how to
define a “class”. All sub-triphones in a class should have similar
appearance tendency in the training sequences. In this paper,
we define two distances between sub-triphones, and classes are
constructed by the LBG clustering algorithm[8] using proposed
distances.

3.2.1. DP distance based on Bhattacharyya distance

Each sub-triphone represents a left-to-right HMM. First, a dis-
tance between states is defined, and a distance between sub-
triphones is defined as a DP distance based on the state distance.

A state distance is defined as the Bhattacharyya distance
between two output probability distributions corresponding to
states. The Bhattacharyya distance between two Gaussians is
calculated using the equation:
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where, N denotes a Gaussian distribution, and μa and Σa de-
note the mean vector and covariance matrix of Na, respectively.
If each state has a mixture distribution with two or more Gaus-
sian components, we can calculate the Bhattacharyya distance
after converting the mixture distribution into a single Gaussian
distribution. This can be done by re-estimating HMM parame-
ters using training samples, or calculating the mean vector and
covariance matrix from the parameters of the original mixture
distribution.

This definition represents a similarity of sub-triphones. Al-
though it is an appropriate distance for making a class n-gram,
the calculation of the distances is computationally expensive.

3.2.2. Splitting history distance

All sub-triphones are constructed by splitting a “parent” sub-
triphone. Therefore, the splitting history can be represented by
a binary tree structure. Figure 1 shows an example of a splitting
history represented by a binary tree. In this tree, the root node
corresponds to a triphone (the initial model), and each leaf cor-
responds to a sub-triphone. In this section, a new distance based
on the structure of the tree is proposed.

The “parent” sub-triphone is different from the “child”
sub-triphone, and is more different from the “grandchild” sub-
triphone. Therefore, the number of descents between the “an-
cestor” node and the “descendant” node can be used as the dis-
tance between the “ancestor” sub-triphone and the “descendant”
sub-triphone. After finding the “common parent” node of two
sub-triphones, the proposed distance is calculated by the sum of
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Figure 1: Example of a binary tree representing splitting history

two numbers of descents between the “common parent” node
and the leaf.

We also consider an amount of difference between a “par-
ent” node and a “child” node. If a “parent” node is located on
the “shallow” depth of the tree (near the root node), the amount
of difference between the “parent” sub-triphone and the “child”
sub-triphone is large. Conversely, if a “parent” node is located
on the “deep” depth, the amount of difference is small. There-
fore, the amount of difference between a “parent” node and a
“child” node is defined as:

d(l) =
1

2l
(2)

where l denotes the depth of the “parent” node, where l = 0
means that the node is the root node. Using this, the distance
between two sub-triphones is defined as:

N(a, b) =

L(a)−1X
i=L(P (a,b))

1

2i
+

L(b)−1X
i=L(P (a,b))

1

2i
(3)

where, a and b denote the nodes corresponding to the two sub-
triphones, P (a, b) denotes the “common parent” node of the
node a and node b, and L(a) denotes the depth of the node a.
For example, the distance between two black leaves in Figure 1
is calculated as:
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This definition is easy to calculate because only splitting
history information is used.

4. Experiments
In order to investigate the effectiveness of the proposed model,
experiments were carried out. In these experiments, continuous
phoneme recognition was carried out because phoneme accu-
racy is directly influenced by the performance of the acoustic
model compared with word accuracy. Therefore, neither word
n-gram nor word dictionary were used, but phoneme n-gram
was used as a language model.

4.1. Experimental conditions

The Corpus of Spontaneous Japanese[9, 10] was used as train-
ing and testing data. From the corpus, lecture speech data
recorded at domestic conferences were used. Speech data ut-
tered by 70 speakers (10 hours in total) were used as training

Table 1: Experimental conditions

Speech data Lecture speech in CSJ[9, 10]
Training 10 hours uttered by 70 speakers
Testing 140 minutes uttered by 10 speakers

Acoustic model
Monophone 120 states, 32 Gaussian mixtures
Triphone 500–1,000 states, 2 Gaussian mixtures
Sub-triphone 500–1,000 states, 2 Gaussian mixtures

Language model trained by 40 hours speech data
Monophone phoneme trigram
Triphone phoneme trigram
Sub-triphone sub-triphone trigram

sub-triphone class trigram
Back-off Witten-Bell discounting[7]

data, and other speech data uttered by another 10 speakers (140
minutes in total) were used as testing data. For training of sub-
triphone trigrams, additional speech data (30 hours) were also
used.

A state-shared triphone model which had 409 states was
used as the initial model. The sub-triphone model was con-
structed until the total number of states reached 1,000. In or-
der to compare the performance of the sub-triphone model with
the conventional acoustic models, both a monophone model
and a state-shared triphone model were also constructed. The
monophone model had 120 states and each state had 32 Gaus-
sian components, and all states in both the triphone model and
the sub-triphone model had two Gaussian components. The
HTK[11] was used for both constructing the mono/triphone
model and recognition. The details of the experimental con-
ditions are shown in Table 1.

4.2. Phoneme recognition experiments

Figure 2 shows the phoneme accuracy by the acoustic models.
In this figure, the horizontal line shows the phoneme accuracy
given by the monophone model, and “sub-triphone” shows the
results given by the sub-triphone model without class n-gram.
The effect of class n-gram is investigated in the next section.

From these results, the sub-triphone model showed the
highest performance of all. The sub-triphone model gave about
5% higher performance than the triphone model with the same
number of states. Especially, the initial model (which was the
same as the triphone model with 409 states) gave about 69% ac-
curacy; however, the sub-triphone model with 500 states gave
about 74% accuracy. This means that several splitting steps at
the beginning of the proposed algorithm were most effective to
obtain a good model.

One of the main differences of the sub-triphone model com-
pared with the triphone model is whether differences among
speakers can be represented or not. A triphone is trained using
data with the same phoneme context uttered by all speakers.
Therefore, differences among speakers should be represented
by Gaussian components. However, each state in the triphone
model has only two Gaussian components, which is not suffi-
cient to represent differences among 70 speakers. On the other
hand, the sub-triphone model can represent differences among
speakers by splitting a triphone, which is the key advantage of
this model.

Of course, the triphone model can also represent differ-
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Figure 2: Phoneme accuracy given by triphone model and sub-
triphone model

ences among speakers by increasing the number of mixtures.
The triphone model with 500 states showed 73.6% phoneme
accuracy by increasing the number of mixtures to 16. This is al-
most the same performance as the sub-triphone model with 500
states. However, the total number of Gaussian components is
eight times larger. From this result, the sub-triphone model can
represent differences among speakers (and also other factors)
efficiently.

4.3. Effects of class n-gram

Table 2 shows the phoneme accuracy given by each acoustic
model. In this table, “Bhatta” means that clustering was car-
ried out using Bhattacharyya-based distance described in Sec-
tion 3.2.1, and “History” means that splitting history-based dis-
tance described in Section 3.2.2 was used. “(None)” means that
class n-gram was not used in the sub-triphone model, which is
the same as that shown in Figure 2. Table 2 also shows the num-
ber of classes and test set perplexity. The number of classes
was determined as the number which gives the lowest test set
perplexity a posteriori.

From this table, the class trigram was effective for decreas-
ing test set perplexity; however, decreasing the test set perplex-
ity did not directly affect the phoneme accuracy. The benefit
of the class trigram was about 0.6%, which was not a signifi-
cant improvement. However, the performance may be improved
by increasing the number of sub-triphones, or by reducing the
number of training samples. There is no difference between the
two distance definitions.

5. Conclusions
In this paper, we proposed a new acoustic model considering
factors other than phoneme context. In the proposed algorithm,
all training data which have the same phoneme context are auto-
matically clustered into several clusters, and an HMM is trained
using training data corresponding to a cluster. The clustering
and modeling steps are automatically carried out by the SSS-
free algorithm, and several “sub-triphones” are obtained from
a triphone. The sub-triphone model can implicitly consider all
factors of affecting acoustic features.

Each sub-triphone corresponds to each acoustic environ-
ment, and a sub-triphone should not connect to a sub-triphone
that corresponds to a different acoustic environment. In order

Table 2: Phoneme accuracy and test set perplexity given by sub-
triphone model with class trigram

Acoustic model Acc. #classes Perplexity
Sub-triphone Bhatta 75.3% 1,526 67.7

History 75.3% 1,299 68.0
(None) 74.7% 18,006 160.4

Triphone 71.6% — —
Monophone 66.9% — —
* The number of states was set to 1,000

to control the connectivity of sub-triphones, the sub-triphone n-
gram was introduced. This is constructed like a language model,
and the score calculated from the sub-triphone n-gram is added
to acoustic and linguistic scores in a decoding process.

Moreover, in order to improve the robustness of the n-gram,
the class n-gram was also introduced. Two definitions of dis-
tance between sub-triphones were proposed, and these were
used for clustering sub-triphones.

From the experimental results, the sub-triphone model gave
about 5% higher performance than the conventional triphone
model. This recognition performance was almost the same as
that given by the triphone model which had eight times the num-
ber of Gaussian components. On the other hand, the class n-
gram showed slightly higher performance than the sub-triphone
model without class n-gram.
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