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ABSTRACT

This paper proposes a new speech recognition method
using tree-structured probability density function(pdf) to re-
alize high speed HMM bhased speech recognition. In order to
reduce likelihood calculation for a pdf set composed of the
Gaussian pdfs for all mixture components, all states and all
recognition units, the likelihood calculation is coarsely done
for the element pdf (element of the pdfset) whose likelihood
Nilz:] at time ¢ is not likely to be lazge.

The pdf set is expressed as the tree-structured form. A
leaf node of the tree corresponds to an element pdf. A non-
leaf node corresponds to a cluster composed of element pdfs.
To each cluster is attached a cluster pdf obtained by approx-
imating the mixture of all element pdfs in the cluster by a
single Gaussian pdf. In the recognition, the likelihood set
is calculated by searching the tree; by calculating the like-
lihood from the cluster pdf at the node and traversing the
nodes with the largest likelihood from the root node.

Recognition experiments showed that the amount of
computation was drastically reduced by the proposed
method with little degradation in the recognition accuracy
for both speaker-independent and speaker-adaptive modes.

1. INTRODUCTION

In speech recognition based on hidden Markov mod-
els(HMM), recently, continuous output probability with
mixture density[l] is commonly used. In continuous density
HMM, the number of Gaussian probability density func-
tion(pdf)s used is determined by the multiplication of the
number of the recognition units, the number of the states for
a recognition unit, and the number of mixture components
in a state. The number of the pdfs is reduced to some ex-
tent, when HMMs with tied-mixtured type pdfs{l] are used,
compared with the conventional continuous density HMM.

In either case, the conventional or tied-mixtured case,
in the recognition process, the number of likelihood calcu-
lation times is the same as the total number of the pdfs.
To realize a realtime speech recognition system with small
computational cost, it is important to reduce the amount
of likelihood calculation, as well as the amount of speech
analysis processing and trellis search(word matching).

This paper proposes a new high speed speech recognition
method using a pdf set with a tree structure.

The paper is organized as follows: In Section 2, a new
recognition algorithm using tree-structured pdfis presented.
In Section 3, experimental results are described.
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2. ALGORITHM

2.1. Basic principle
Let a sequence of input vectors be
X = {ml, ey Ty aeny IL’T},

and let a pdfset, composed of the Gaussian pdfs for all mix-
ture components, all states and all recognition units, be

Y = {My[], ., Nl ], -, Nl ).

Each element in the pdf set is called an element pdf. At
each time ¢, in the recognition, it is necessary to calculate a
likelihood set

Bt = {Nk[mt],k‘ = 1,,}-&’} (1)

Let’s consider how to efficiently obtain the likelihood set
B;. The basic idea considered here is as follows: For the
element pdf which is likely to correspond to time ¢ (that is,
the element pdf, whose likelihood Ni[z;] at time ¢ is large),
the likelihood is precisely calculated. For the element pdf
which is unlikely to correspond to time %, calculation is done
coarsely.

2.2. Likelihood calculation using tree-structured
pdf

To realize the principle mentioned above, the pdf set Y
is expressed as the form of the tree-structure, and the cal-
culation of Eq. (1) is done by searching the tree.

Figure 1 shows the tree-structure. A leaf node of the tree
corresponds to an element pdf. A non-leaf node corresponds
to a cluster composed of element pdfs. Each cluster consists
of other clusters or element pdfs. To each cluster is attached
a cluster pdf, obtained by approximating the mixture of all
element pdfs in the cluster by a single Gaussian pdf.

In the recognition, the likelihood set B; is calculated
by searching the tree. First, calculate likelihoods from the
cluster pdfs for nodes {k(1,1),...,k(1,5), ..., k(1,J1)} in the
first stage (that is, the nodes which are child nodes of the
root node):

{Meapled, N pled, - Nea,mled )

Then, select the node which gives the largest likelihood. Tt
is possible to select the multiple nodes by selecting the N-
best likelihoods. For the child nodes of the selected nodes,
this procedure is repeated. This tree search procedure is
continued until all selected nodes reach the leaf nodes.
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Figure 1: Tree-structure of pdf

For the selected leaf nodes, the likelihood is calculated
from the element pdfs of the nodes. For unselected leaf
nodes, the likelihoods are approximated by the likelihoods
calculated from the upper node cluster pdfs. Using this pro-
cedure, the likelihood set By in Eq. (1) can be calculated
very efficiently.

In the implementation, it is possible to remove leaf nodes
in the tree to reduce the computation and memory require-
ment, instead of attaining all nodes in the tree.

When a feature vector space consists of sub-spaces,
which are independent from each other, such as a cepstral
parameter space and a cepstral difference parameter space,
it is effective to construct the tree-structured pdf separately
in each sub-space.

2.3. Design for tree-structured pdf

The tree-structured pdfis designed beforehand by a top-
down clustering technique.

First, the element pdf set Y is set as the initial pdf set
for clustering, and the pdf set is divided into clusters. The
number of the cluster is given beforehand. Next, each cluster
is further divided into sub-clusters. This division procedure
is repeated the number of times determined beforehand.

As the clustering algorithm, the anthors use the I{-means
algorithm[2]. The procedure is as follows:

1. Give initial cluster pdfs.

2. Steps 3 and 4 are repeated until the cluster division is
converged.

3. Determine to which cluster each element pdf belongs.
The authors use divergence[2] as the distance measure-
ment between cluster pdf N,,|.] and element pdf Ni[.].
The distance measurement D[k, m] is given by

Dk} = [(Nula] = Nola)
{ log(Ny[x]) — log( Ny, [2]) }dz
. O’k(i‘)2 -+ Akm(i)z 0'111(2')2 + Akm(":)2
R 2 ) - 6
A~km(i)2 = (Mk(i) - /L",(i))z,
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)s

where p(¢) and g (7) are i-th components of the mean
vectors for the element and cluster pdfs, respectively,
and 03(i)?* and 0,,(5)? are i-th diagonal components
for the diagonal covariance matrices of the element and
cluster pdfs, respectively.

4. For ecach cluster, calculate a new cluster pdffrom the set
of the element pdfs which belongs to the cluster. This
is done by approximating the mixture of the element
pdfs by a single Gaussian pdf, as follows:

& Sl
o+ ) = K,
k &

pmli) =

Il

O'm(i)

where ¥ denotes the summation regarding element
number k belonging to cluster m.

2.4. Speaker adaptation using tree-structured
pdf

The proposed method is applicable to speaker-adaptive
speech recognition, as well as speaker-independent speech
recognition, which uses HMM mean vector mapping.

Tree-structured pdf must be designed after the element
pdf set is obtained. In case of speaker-independent speech
recognition, the tree design is only required once in the train-
ing phase. In case of speaker-adaptive speech recognition,
however, the element pdf set is modified by speaker adap-
tation process. The tree could be reconstructed, based on
the element pdf set after speaker adaptation. This causes an
increase in the computation amount for speaker adaptation,
which is undesirable for practical applications.

In speaker adaptation, instead of reconstructing the tree-
structure, it is possible to use the tree-structure designed
based on the element pdfset of a speaker-independent model,
which is used as a reference model for speaker adapta-
tion. In this study, the authors adopt the following method
in speaker adaptation, using the interpolated mean vector
mapping technique, which the authors developed[5].

First, the element pdf set is adapted. The mean vector
of each element pdf is mapped by the speaker adaptation
technique, which is based on Viterbi time-alignment using
the reference model and an interpolation technique. By this,
a new element pdf set is obtained. Then, the mean vectors
of the cluster pdfs are calculated by averaging the the mean
vectors of the element pdfs in the cluster. Since this process
does not include the clustering procedure, efficient speaker
adaptation is realized.

2.5. Discussion

The proposed method here can be interpreted as the ex-
pansion of the vector quantization(VQ) based pre-selection
method[3]. In order to reduce the likelihood calculation in
continuous density HMM, the method[3] has applied VQ
technique to the mean vector set of the pdfs, and likeli-
hoods have been calculated only for the pdfs in the pre-
selected clusters. Pre-selection of the clusters have been
done based on the distances between the input vector and
the code vectors in the VQ codebook. While cluster pre-
selection has been done using the different measurement
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from the measurement used in FIMM, coarse likelihood cal-
culation, in the proposed method, uses the same measure-
ment as the measurement used in HMM. In addition, the
tree-structure is newly introduced into the clustering in the
proposed method.

The proposed method contains the expanded concept
of the tree-structured VQ, which has been used in speech
coding[4]. Tree-structured V(Q has been used to determine
the optimal code to send in speech coding. In the proposed
method, tree-structured pdfis used to efficiently obtain a set
of likelihoods for pdfs. The efficient calculation of a set of
values is a new application of the tree-structure processing.

3. EXPERIMENTS

3.1. Database

Evaluation experiments were conducted on speaker-
independent and speaker-adaptive word recognition using
demi-syllable based speech recognition which the authors
have developed[5, 6]. Each demi-syllable unit was modeled
by a left-to-right HMM where Gaussian mixture pdf was
used. The total number of the element pdfs was 1500 for
all units, all states and all mixture components. The demi-
syllable HMMs were trained by 23 male speakers’ phoneti-
cally balanced 250 word utterances. A 250 word set was used
as the recognition vocabulary which was different from the
training word set. As test samples, 250 words uttered once
by five male speakers, who were different from the trained
speakers, were used. As samples for speaker adaptation, the
250 phonetically balanced words uttered once by the five
test speakers were used.

The utterances were sampled at an 11 kHz sampling rate,
and were analyzed at a 16 msec frame period. As a feature
parameter set for each time frame, 10 mel-scaled cepstral
parameters, time derivatives of the mel-scaled cepstral pa-
rameters and an amplitude parameter were calculated from
FFT based spectrum with 0.15-5.0 kHz band limitation.

3.2. Design for the tree-structured pdf

Tree-structured pdfs were designed separately for three
feature spaces: mel-cepstral parameter space, time deriva-
tive of mel-cepstral parameter space and amplitude parame-
ter space. The tree-structured pdf was designed for speaker-
independent HMM. The tree-structure used is shown in Fig-
ure 1. At the first stage in the clustering, a whole element
pdfset was divided into 16 sub-clusters. At the second stage,
each sub-cluster was further divided into 16 sub-clusters.

For the recognition, only the nodes( cluster pdfs) obtained
at the first and second stages were preserved. The remaining
element pdfs were removed. They are shown by white circled
nodes in Figure 1. The tree-structure designed for speaker-
independent HMM was also used for the speaker adaptive
HMM.

3.3. Speaker-independent recognition results

In the recognition, multiple nodes (that is, multiple clus-
ters), were selected at the first stage in the tree search. The
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Table 1: Recognition rate for selected cluster number at the
first stage

Cluster number
selected
at the first stage

Recognition rate

1 93.8%
3 94.8%
5 95.6%
Strict method 97.2%

number of selected clusters at the first stage, M, largely af-
fects the likelihood calculation times. The numbers of like-
lihood calculation times were 32, 64, and 96 for M = 1, 3,
and 5, respectively, because the likelihood calculation was
done 16 times at the first stage and 16M) times at the sec-
ond stage. These cases roughly correspond to the likelihood
calculation reductions to 2.1%, 4.3%, and 6.4%, respectively.

Table 1 shows the recognition result in speaker-
independent word recognition for various selected cluster
numbers. The recognition rate tends to degrade as the se-
lected cluster number was reduced. However, when selecting
five clusters, recognition rate degradation was fairly small,
compared with the conventional strict calculation method.

The cluster number divided at the second stage, N, also
affects the likelihood calculation times. Table 2 shows the
recognition result when N = 8 and 16, where the number of
divided clusters at the first stage and the number of selected
clusters at the first stage were 16 and 5, respectively. For
both cases, recognition rate degradation was small. These
cases roughly correspond to the numbers of likelihood cal-
culation times, 56 and 96, that is, likelihood calculation re-
duction to 3.7% and 6.4%, respectively.

3.4. Speaker-adaptive recognition results

For speaker adaptation, two implementations are per-
missible regarding the tree-structure design as described
previously. One is to design a new tree-structure using
speaker-adapted HMM, and the other is to use the tree-
structure designed using speaker-independent HMM. From
the preliminary experiment, it was shown that little differ-
ence exists in recognition accuracy between these two im-
plementations. Accordingly, the tree-structure for speaker-
independent HMM was used for speaker-adaptive recogni-
tion in the following experiments.

Table 3 shows the recognition result for speaker adapta-
tion. Speaker adaptation worked effectively in the proposed
method as well as in the strict method, and recognition ac-
curacy degradation in the proposed method was little in the

225



Table 2: Recognition rate for divided cluster numbers at the
second stage

Cluster number
divided
at the second stage

Recognition rate

8 95.3%

16 95.6%

Table 3: Recoguition rate for speaker adaptation (1)

Speaker- Speaker-
independent | adaptive

Proposed method 95.6% 98.2%

Strict method 97.2% 98.5%

speaker adaptive mode where speaker adaptation was done
using 250 word utterances.

Speaker adaptation was also effective in case where the
number of utterances for speaker adaptation was relatively
small. As shown in Table 4, recognition accuracy was sat-
isfactory for speaker adaptation using only 50 word utter-
ances.

3.5. Discussion

The experimental results indicate that the proposed
tree-structured pdf method was effective for both speaker-
independent speech recognition and speaker-adaptive speech
recognition. High recognition rates, 98.2% for speaker-
adaptive case and 95.6% for speaker-independent case, were

Table 4: Recognition rate for speaker adaptation (2)

Word number
for speaker adaptation | Recognition rate

250 words 98.2%

50 words 97.2%
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obtained where the number of necessary likelihood calcula-
tion times for an input feature vector was only 96, which
corresponds to the likelihood calculation reduction to 6.4%.

By the proposed method, likelihood calculation has been
reduced to the extent comparable to speech analysis process-
ing cost. Further, the likelihood calculation cost does not de-
pend on the recognition vocabulary. The proposed method
is undoubtedly effective to realize the low-cost speaker-
independent or speaker-adaptive speech recognition with
high accuracy and flexible vocalrulary.

4. CONCLUSION

This paper proposed a new speech recognition method
using tree-structured probability density function(pdf) to re-
alize high speed HMM based speech recognition. In order
to reduce the likelihood calculation for a pdf set composed
of the Gaussian pdfs for all mixture components, all states
and all recognition units, the pdf set was expressed as the
tree-structured form. In the recognition, the likelihood set
was calculated by searching the tree.

In 250 word recognition experiments using demi-syllable
HMM, it was shown that the amount of computation was
drastically reduced by the proposed method with little
degradation in the recognition accuracy, for both speaker-
independent and speaker-adaptive modes.
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