Eurospeech.1993-349

o4

) |

10.214:

ISCA Archive

http://www.isca-speech.org/archive

3'd European Conference on
Speech Communication and Technology
EUROSPEECH’93
Berlin, Germany, September 19-23, 1993

EVALUATION OF VQ-DISTORTION BASED HMM

Seiicht Nakagawa, Hideyuk: Suzuki and Li Zhao

Department of Information and Computer Sciences
Toyohashi University of Technology
Tenpaku-cho, Toyohashi, 441 Japan

ABSTRACT

We proposed a new speech recognition method which in-
tegrated a VQ-distortion measure and a discrete HMM. This
VQ-distortion based HMM uses a VQ-distortion measure at
each state instead of a discrete output probability used by a
discrete HMM. Although this method is regarded as a refined
version of the VQ-distribution based recognition method pro-
posed by Burton et al, it is also considered as a special case of
a mixtured distribution density HMM.

In this paper, we describe the relationship between the VQ-
distortion based HMM and conventional HMMs, and compare
their speech recognition performance through the experiments
on speaker-independent spoken digit recognition. This new
method overperformed traditional HMMs.

Keywords: HMM,VQ-distortion based HMM, spoken digit
recognition
1. INTRODUCTION

Almost all successful speech recognition methods have been
based on statistical, stochastic or information theoretical ap-
proaches. The representative approaches are HMM and VQ-
distortion. The latter approach was proposed firstly by Shore
and Burton, and applied to speaker-independent spoken digit
recognition {1]. The main advantage was not to be required the
time normalization or dynamic time warping. This approach
has also been used for text-independent speaker identification
[2, 3] and language identification [4, 5]. However, it was not
sufficient for speech recognition because the characteristics of
speech was time-dependent. Therefore, Burton et al. modi-
fied this approach such that the input speech was divided into
some sections and that the VQ-distortion was calculated at ev-
ery section by using the corresponding codebooks [6]. This ap-
proach is regarded as the combination/integration of the origi-
nal VQ-distortion approach and a linear time warping method.
However, the time warping method was insufficient. In 7], we
proposed a new speech recognition method by the integration
of the VQ-distortion approach and HMM.

From a view point of information theory, the speech in-
formation source is classified into four types [7]. First is a
memoryless discrete information source such as VQ-distortion.
Second is a discrete information source with memory such as a
discrete HMM. Third is a memoryless continuous information
source such as mixtured Gaussian distributions. The last is a
continuous information source with memory such as a contin-
uous HMM. A left-to-right HMM is regarded as a stochastic
regular grammar. Therefore a stochastic context free grammar
(CFG) gives more powerful description ability than HMM [8].
However, the amount of computation is enormous.
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In this paper, we evaluate this new combined method by
the task of speaker-independent spoken digit ( isolated / con-
nected ) recognition.

2. VQ-DISTORTION BASED HMM

The integration method of a VQ distortion measure ap-

proach and a left to right discrete HMM is straightforward.

The model parameters consist of state transition param-
eters (optional) and codebooks for every state (Moore type).
These models are prepared in every recognized classes. Instead
of output probability at a state (or a state transition - Mealy
type) for the standard left to right discrete HMM, the VQ
distortion measure using the codebook corresponding to the
state is calculated in frame by frame and the distortion values
are accumulated over all input frames. The minimization of
accumulated values was performed by the Viterbi algorithm.

The formalism is given as follows:

T
D £ min > {d(i, Cai) + d(zims, 200} 1

i=1

where 192 ... yr denotes an input vector sequence, 2021 ... 27
denotes a state sequence (let S be the total number of states),
C.,; denotes the codebook corresponding to the state z;, and
d(2;-1, ;) denotes a cost function on the state transition from
z;—1 to z;. For example, d(z;—1,2;) corresponds to —o? x
log @z;_,=; in the comparison of a continuous HMM, where o*
and az;_,-; are the variance of feature parameters and state
trandition probability, respectively. For a simple example, if
there exists the state transition from ;-1 to z;, d(z;—1,2;) =
0, otherwise d(zi—1, z:) = oo.
d(yi, Cz;) denotes a distance between y; and Cx;,

as defined in the following :

d(yi Coi) = mind(yir ), ¢ € Coy )
The Viterbi algorithm is given by the following algorithm :
fort=1,2,...,T
forj=1,2,...,8

905 ?) = min{g(i, ¢ — 1) + d(y:, C;) + d(i, )} (3)

D = g¢(5,7),

where ¢(j,t) means the minimum cumulative distance between
1Yz .-.y: and zozy ... ze(ze = j), that is,
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g(ja t) = :E}l:l" Z{d(yf'1 Czi) + d(z;_1, z")}’ (4)

i=1

In a standard discrete HMM, the Viterbi scoring algorithm
is given by

T
log P = max }:{log P(yilzi-1, z:) + log P(zi|i-1)}

=1

T
= - [mzin Z{— log P(yi|2:i-1,2:)

i=1

| ~log P(zilz.'-1)}] (5)

So, D, d(yi, Cz;) and d(%i—1, ;) corresond to —log P, —log
P(yi|zi—1,2:) and — log P(z;|z;-1), respectively.

The estimation of model parameters is performed by the
iteration procedure like a k-means clustering procedure for the
standard HMM as follows:

(1)Initialization

(2)Each training speech is segmented into the number of states
by using a Viterbi scoring procedure and backtracking.

(3)The corresponding frames for each state are collected and
the new codebook is calculated from these frames.

(4)The state transition probability is calculated by the ratio of
the iteration numbers of self-loop and 1.

(5)Repeat (2)~(4) until the parameters converge.

In our experiments, we used a left-to-right discrete HMM
for making the initial model. The segmentation of an input
speech into S segmants was performed by backtracking the
state sequence on the discrete HMM. We can regard the initial
segmentation result as the sub-optimal. Therefore we did not
repeat the above procedure.

3. RELATIONSHIP BETWEEN VQ-DISTORTION
BASED HMM AND CONVENTIONAL HMMS

3.1. GAUSSIAN MIXTURE DENSITY HMM
A Gaussian mixture density HMM is formalized as follows :
= 1
P(ylh]) = 2_:1 Aijm _—'_'(2”)'1/2'2“"'[1/2

X eap{~3(y = bism)Eizin(y = Hism)'} ®

where M denotes the number of mixtures, Aijm denotes the
m — th branching probability, x;;m denotes the m — th mean
vector, ;.. denotes the m — th covariance matrix.

If we modify the above definition as follows :

. 1
P(yliJ) = max Xijm s rs—i7s
1 -
x ezp{=5(y = mism)Siim(y = pism)'} (™)

we can regard the VQ-distortion based HMM as a special case
of the Gaussian mixtured density HMM.
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The above definition can be transformed into
~log P(yli, 7)
= min{— log Aijm + z

3
+ %(y = Bijm) Sy — mjm)’} (8)

If we substitute 1/M for A;jn and the diagonal matrix
for £, —log zi—1z; for state transition probability az;_, 2, re-
spectively, the Gaussian mixtured density HMM and the VQ-
distortion based HMM become identity. Still the diagonal ma-
trix is given by

2
.0
= . =o'l 9)
0 o
where o> and T means a fixed variance value and the identity
matrix, respectively.
In the definition of the VQ-distortion based HMM, the dis-
tortion is calculated by the nearest neighbor (NN) rule, but we

can also other distortion measures, e.g., the k nearest neighbor
(KNN) rule, that is,

d(yi,Cz;) = di+da, (10)
d(y:;,Cz;) = di+dy+ds, (11)
where d; denotes the : — th minimum distance between y; and
over all codevectors in C;;. On the other hand, if we adopt

the K largest probabilities on the Gaussian mixtured density
HMM, the logarithm of output probability is given by

—log P(yli,j) = —log(e™ + ™% 4 ¢~%) (12)

log 27 + %— log |Zijm]

3.2. SEMI-CONTINUOUS HMM AND RADIUS
BASIS FUNCTION BASED HMM

A semi-continuous HMM is defined as follows [9] :

L
PQyli,i) = ) Pylk,i,5)- P(kli,f) (13)
k=1
L
= " Pylk) - P(Rli, ), (1)
k=1

where k denotes the index number of codevector and L denotes
the codebook size. In comparison with a Gaussian mixtured
density HMM, L, P(k{i,j) and k correspond to the number
of mixtures M, branching probability Aijm, and mean vector
pijm & covariance matrix X;;,,, respectively. Thus, we can
regard the semi-continuous HMM as a special case of a contin-
uous HMM. Although the VQ-distortion based HMM is also a
special case of a continuous HMM, there is no relationship be-
tween the VQ-distortion based HMM and the semi-continuous
HMM.

The combined method of output probabilities estimated
by a radius basis function (RBF) network and HMM [10] is re-
garded as a kind of mixtured density HMMs or semi-continuous
HMMSs, because the criterion to design a HMM is how to esti-
mate accurately the probabiliby density function from training
samples as possible.
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Figure 1 Relationship among various models

3.3. DYNAMIC TIME WARPING

If we restrict the codebook size at each state to 1, and as-
sign each frame for one state, the VQ-distortion based HMM
becomes equivalent to DTW. So, DTW is regarded as a special
case of the VQ-distortion based HMM. The extended method
of DTW, stochastic DTW {[11] which uses a Gaussian proba-
bility and path probability instead of local distance and path
cost, respectively, is a special case of 2 continuous HMM except
for the path constraint.

Figure 1 illustrates these relationship. We should notice
that there is no direct relationship between the description
ability and recognition ability. Thus, we should find the best
method for a given problem while considering available training
data, computational cost and so on.

4. EXPERIMENTAL RESULTS

4.1. SPEECH DATABASE AND SPEECH
ANALYSIS

We used the two tasks to test the algorithm on recognition
experiment. The first task is isolated spoken digits collected by
JEIDA (Japan Electronic Industry Development Association).
Training data consisted of 200 utterances per each digit spoken
by 50 male adults (2000 digits in total). Testing data consisted
of 100 utterances per each digit spoken by other 25 male adults(
1000 digits in total). The starting/ending points were detected
automatically by using the threshold of power level.

The second task is connected spoken digits. The digit
strings are of 4 length and have 35 variations. The data set
consisted of 2 utterances per each variation by 20 male adults
who were not included in the above 75 speakers{1400 stirings
in total).

The input speech was sampled by 12 kHz and preempha-
sized by 1 - 0.98Z~1. The 14 cepstrum coefficients were cal-
culated by the 14-th order LPC analysis with the window of
21.33ms(256 points) at every 10ms. These 14 coefficients were
transformed to 10 melcepstrum coefficients.

4.2. RECOGNITION RESULTS
(a) Isolated digit recognition

We adopted a left-to-right HMM without jumped state
transition. So, we should notice that the HMM with two states
is regarded as a memoryless model.
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Experimental results are shown in Tables 1~3. Table 1
shows the recognition performance was perfect for testing data.
This method yielded the good recognition results, when the
number of states was more than 4.

For comparison, we performed the experiments by using
discrete HMMs and continuous HMMs. In discrete HMMs, the
codebook with the size of 256 codevectors was created by using
all training data. In continuous HMMs, mixtured Gaussian
distributions (mean vectors and full covariance matrixies) are
used at every state. Tables 2 and 3 show that there are large
differences between the results for training data and test data
on the discrete HMMs, and that continuous HMMs are superior
to discrete HMMs.

From these comparison, we find that the VQ-distortion
based HMM is robust and superior to conventional HMMs.

(b) Connected digit recognition

For the connected digit recognition we used One Pass DTW
( Viterbi scoring ) method and changed the part of calculating
distance into new method. On a syntax-driven One Pass DTW
method, we gave the number of automaton’s state as 5 not to
mistake in insertion or deletion, in other words, we treated the
strings as known length. And here, we used the codebooks
made by the experiment (a) to calculate VQ distortions.

Experimental results are shown in Table 4. For compari-
son, we performed the experiments by using continuous HMMs.
In continuous HMMs, a single Gaussian distribution (a mean
vector and a full covariance matrix) is used at every state.
Recognition results by this continuous HMMs are shown in
Table 5. The row of duration shows a HMM with/without a
discrete duration distribution at every state [12], where the dis-
tribution of duration was reduced to 80% in comparison with
the distribution for isolated digits (denoted by 100%). Like
isolated digit recognition, the VQ-distortion based HMM was
superior to a continuous HMM.

5. CONCLUSION

In this paper, we proposed and evaluated a VQ-distortion
based HMM. Although this new method is regarded as a spe-
cial case of a mixtured continuous density HMM, this is ro-
bust and less computation. We applied this model to speaker-
independent digit recognition and obtained the accuracy of
100% for isolated digits. The VQ-distortion based HMM has
the advantage that we can adopt any spectral distance mea-
sure. In near future, we should evaluate this model for more
complex tasks.
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Table 1 Isclated Digit Recognition Results
by VQ-distortion based HMM(%)

test_data training_data

Codebook-Size 8 | mo- | 32 8 | 16 | 32

States.2 | 62.9 | 70.0 | 75.1 | 85.6 | 89.4 | 91.8

97.6 | 98.8 | 99.5 | 98.6 | 98.9 | 99.7

98.9 1 994 [ 99.8 | 99.5 | 99.8 | 99.9

99.0 | 99.6 | 99.7 | 99.9 | 100.0 | 100.0

99.5 | 100.0 | 1000 | 99.7 | 99.9 | 100.0

99.7 | 99.9 | 99.9 | 99.9 | 100.0 | 100.0

Qo1 3] & Ut x| o

99.8 | 99.9 | 100.0 | 100.0 | 100.0 { 100.0

Table 2 Isolated Digit Recognition Results
by Discrete HMM(%)

test_data | training.data
States_2 72.7 90.9
3 88.4 96.9
4 92.9 98.6
5 93.1 98.8
6 - 94.5 99.1
7 94.5 99.3
8 93.9 99.3

Table 3 Isolated Digit Recognition Results
by Continuous HMM(%)
(a) Full covariance matrix

test.data training.data
mixtures 1 2 4 1 2 4
States.4 | 95.0 | 93.9 | 94.0 | 97.8 | 98.7 | 99.3
5] 96.6 | 95.5 | 96.0 | 99.2 | 99.5 | 99.7
6 | 96.6 | 96.1 | 96.7 | 99.2 | 99.5 | 99.8
7T 196.6 | 96.5 | 96.6 | 99.5 | 99.8 | 99.8
81983976 | 971995/ 99.8 | 99.8

(b) Diagonal matrix

test.data
mixtures 1 2 4 8 16 32
States.4 | 93.1 | 91.4 | 92.3 | 92.2 | 92.8 | 94.2
5 | 940 [ 94.2 | 94.8 | 94.9 | 95.5 | 94.5
6 ] 957 950957 95.5 | 96.2 | 96.2
71959 ] 96.1 | 96.1 | 96.6 { 96.6 | 96.7
81961 (976 ] 96.8 ) 97.2 ] 98.3 | 96.6

training_data

mixtures 1 2 4 8 16 32

States_4 | 95.9 | 95.4 | 95.5 | 94.9 | 95.6 | 97.2
5 | 95.4 [ 95.7 | 97.5 | 97.2 | 98.4 | 98.0
6969 96.9 | 98.3 | 97.8 | 98.6 | 98.1
71967 | 97.8 | 98.2 | 98.7 ] 99.1 | 98.8
8 1976|987 ]99.3 | 98.3199.6 | 99.2

Table 4 Connected Digit Recognition Results

by VQ-distortion based HMM (%)
(correct rate of strings)

| Codebook.Size | 8 | 16 | 32 | 64 |

States.4 | 64.8 | 66.3 | 68.3 | 70.1

5 | 69.1 | 70.0 | 70.4 | 71.8

6 | 71.8 ] 73.6 | 73.8 ] 73.9

7 | 748 ] 76.3 | 76.7 | 77.6

8 | 77.56 ] 79.3 | 80.5 | 80.1
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Table 8 Connected Digit Recognition Results
by Continuous HMM(%)
(correct rate of strings)

. . with

duration { without TO0% 5071
States 4 72.6 74.5 74.7

5 75.3 76.0 | 76.3

[3 74.5 72.0 74.1

7 76.0 75.8 76.2

8 76.8 77.3 78.2

References

[1] J.E.Shore and D.K.Burton : Discrete utterance speech
recognition without time alignment, IEEE Trans. [T-29,
4, pp.473-491(1983)

[2] D.K.Burton : Text-independent speaker verification using
vector quantization codebooks, IEEE Trans. ASSP-35, 2,
pp.133-143(1987)

[3] F.K.Soong and A.E.Rosenberg : On the use of instan-
taneous and transitional spectral information in speaker
recognition, IEEE Trans. ASSP-36, 6, pp.871-879(1988)

(4] M.Sugiyama : Automatic language identification using
acoustic features, Proc. ICASSP,pp.813-816(1991)

[5] S.Nakagawa, Y.Ueda and T.Seino : Speaker-independent,
text-independent language identification by HMM, Proc.
ICSLP. pp. 1011-1014(1992)

(6] D.K.Burton, J.E.Shore and J.T.Buck : Isolated-word
speech recognition using multisection vector quantization
codebooks, IEEE Trans. ASSP-33, 4, pp.837-849(1985)

[7] S.Nakagawa and H.Suzuki : A new speech recognition
method based on VQ-distortion measure and HMM, Proc.
ICASSP. pp. 11-676-679(1993)

[8] S.Nakagawa : Proposal of a stochastic context-free
grammar for continuous observation vector sequences,
Recorded of Spring of Meeting ASJ, 3-1-2(1992, in
Japanese)

[9] X.D.Huang and M.AJack : Semi-continuous hidden
Markov models for speech signals, Computer Speech &
Language, 3, 3, pp.239-251(1989)

[10] S.Reynols, N.Morgan and H.Bourland : Probability es-

timation by feed-forward networks in continuous speech
recognition, Proc. 1991 IEEE Workship on Neural Net-
work for Signal Proceeding, pp.309-318(1991)

[11] S.Nakagawa and H.Nakanishi : Speaker-independent En-

glish consonant and Japanese word recognition by a
stochastic dynamic time warping method, Trans. Inst.
Elect. Telecomm. Engrs. Vol.34, No.1, pp.87-95(1988)

{12] S.Nakagawa and Y.Hirata : Comparison among time-

delay neural network, LVQ2, discrete parameter HMM
and continuous parameter HMM, Proc. ICASSP. pp.509-
512(1990)

1562



