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ABSTRACT

We propose a new vector quantization approach, which con-

sists of Hidden Markov Models(HMMs) and entropy coding
scheme. The entropy coding system is determined depend-

ing on the speech status modeled by HMMs, so the proposing

approach can adaptively allocate suitable numbers of bits to
the codewords. This approach realizes about 0.3[dB] coding

gain in cepstrum distance(8 states HMMs). In other words,

8 bit-codebook is represented by about 6.5 bits for average
code length. We also research for robustness to the channel

error. HMMs and the entropy coding system, which seem to

be weak to the channel error, are augmented to be robust,
so that the inuence of the channel error is decreased into

one-third.

1. INTRODUCTION

Finite state vector quantization(FSVQ), which describes a
source vector sequence as Malkov model, has been studied

in speech coding for its potential to e�cient bit-rate reduc-

tion. Although many kinds of applications with FSVQ have
been proposed, such as speech coding system[1], image cod-

ing system[2][3], it seldom uses in practical system because

of its sensitivity to channel errors.

On the other hand, entropy coding, which is most e�cient
one as lossless coding, is also expected to be utilized in speech

coding. Entropy-constrained vector quantization(ECVQ)[4],

whose vector quantizer is designed for having minimum dis-
tortion subject to an entropy constraint, was proposed for

waveform coding. It shows one example for increasing cod-

ing gain by applying entopy coding scheme to conventional
vector quantization.

Futhermore, Chou and Lookabough modi�ed ECVQ to in-

corporate some inter-block information like sequence of vec-

tors[5]. It is same as FSVQ with entropy coded state code-
books and realizes e�cient bit rate reduction. This result

shows vector quantizer with combining of Malkov model and

entropy coding could realize a good performance.

In this paper, we use a hidden Malkov model(HMM) as

model of source sequence. The HMM is popular in auto-

matic speech recognition because of the simple and e�ective

time sequence representation of speech spectrum features.
Thus the HMM could be superior to Malkov model, that is

it could realize highly e�cient speech coding system. Sec-

tions 2 and 3 provide details of a novel method for vector
quantization and its performance. In section 4, we argue

robust structure against channel errors.

2. ENTROPY CODING WITH

HMMS

A hidden Malkov models(HMMs) is a stochastic model with

two kinds of probability, which are state transition proba-
bility and observation probability. In the Malkov model, a

speech status is described with only one state of the model.

On the contrary, the HMMs describes a speech status with
distribution of probabilities over the states (state distribu-

tion). Figure 1 shows the state transition of source models.

The probabilities can take arbitrary value, thus the HMMs
can express an extraordinary number of speech status with

limited number of states.

At discrete HMMs, the features of an observed sequence are

vector-quantized with a codebook, and the occurrence prob-

ability of each codevector are calculated by summing up over

all the HMM states weighted with state distribution. From

the other point of view, every codevector has an HMM pre-

dicted occurrence probability at each time. Figure 2 shows

transition of output probability of codevectors. For speech

coding, these HMM predicted occurrence probabilities for

codevectors are used in order to set up codes by an entropy

coding system such as Hu�man coding.

Figure 3 shows encoder and decoder block diagrams of an en-

tropy coded VQ with HMMs, where Hu�man coding is used
as an entropy coding. LPC spectrum envelopes derived from

input data are encoded by Hu�man coding. The codes for

codevectors are updated adaptively according to the HMM
state existence probabilities and the occurrence probabilities

of codevectors in HMM states, as follows;

1. Calculate the existence probability of each state.
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Figure 1: State transition of source models | (a) Markov
Models, (b) Hidden Markov Models
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Figure 2: Transition of output probability

2. Calculate the occurrence probability of each codevector.

3. Update Hu�man codes of the codevectors according
to HMM predicted probabilities, which are calculated

based on the state existence probabilities and the oc-

currence probabilities.

2.1. State Existence Probabilities

The state existence probabilities at time n are calculated
from state existence probabilities at time n � 1 and the ob-

servation at time n�1. When xn�1 is an observed codevector
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Figure 3: Block diagram of HMM-VQ | (a) coder, (b)

decoder

at time n� 1, the existence probability for state s at time n,
Pexist(s; n), is

Pexist(s;n) =

NsX

i=1

Pexist(i; n� 1) ais bis(xn�1); (1)

where Ns is number of HMM states, ais is a transition prob-
ability from state i to s, and bis(xn�1) is an observation

probability of xn�1 on the transition from state i to s.

2.2. Codevector Occurrence Probabili-

ties

The occurrence probability Pcode(Ck) of a codevector Ck in

a codevectors is calculated as follows,

Pcode(Ck) =

NsX

i=1

NsX

j=1

Pexist(i; n) aij bij(Ck): (2)

2.3. Updating Hu�man codes

Using Pcode(Ck) for k = 1; � � � ;Nc, Hu�man codes of a code-

book are determined, where Nc is codebook size. This Hu�-

man code determination is carried out independently in the

encoding and the decoding using the same HMMs.

3. EXPERIMENTAL RESULTS

We apply a new HMM-based vector quantization scheme

(HMM-VQ) to LPC spectrum envelope coding. We use

1,2,4,8 and 16 state ergodic discrete HMMs, which are

trained with 44 speakers (6639 utterances). The codebook

includes 15th-LPC cepstrum coe�cients,which are extracted



from input frames as spectrum envelope features, as code-
vector.

The proposed scheme is evaluated from two points of view,

these are bit reduction rate and distortion{rate function.

FSVQ with entropy coded state codebooks[5] is also eval-
uated as reference. The next-state function is designed by

conditional histogram, thus FSVQhas labeld-state structure.
In our experiments, all state-codebooks consist of the same

codevectors, but the di�erent occurrence probabilities.

3.1. Bit Reduction Rate

Figure 4 shows the results of bit reduction rate to the num-

ber of HMMs state. The codebook includes 256 codevectors,
that is conventional VQ, whose average bit rate corresponds

to the one at the 0-state HMM (without HMMs) in Fig.4,

needs 8 bits for each code. In the 16-state ergodic HMMs,
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Figure 4: Bit reduction for number of HMMs state

our Hu�man coded VQ with HMMs can reduce the average

bit rate from 8 bits to about 6.1 bits. 2-state-HMM realises

same bit reduction rate of FSVQ. 1-state HMM means con-
ventional VQ followed by entropy coding, whose codes are

determined by histogram of training data. It means the pro-

posed scheme can adaptively allocate suitable code length
depending on the characteristic modeled by HMMs.

3.2. Distortion{Rate Function

Figure 5 shows relation between distortion and bit rate. In

this experiment, the system consist of 8-state HMMs. Cep-

strum distance is used as distortion measure. The proposed

scheme achives coding gain of about 0.3 dB against conven-

tional VQ.

In our experiments, FSVQ consists of the same number of

states as codevectors. In �g. 5, performance of FSVQ is im-
proved with increasing bit rate (number of codevectors) until

around 9.2 bits, but depressed over that rate. At designing of

the next-state function for FSVQ, conditional histogram de-
sign algorithm needs histogram of transition between certain

states. Therefore, required number of training data increases
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Figure 5: Distortion vs. bit rate for 8-state HMMs

exponentialy according to the increasing number of states.
As the result, depressing performance of FSVQ at high bit

rate comes from insu�cient number of training data. Con-
sequently, the proposed scheme is superior to FSVQ in not

only coding gain but training e�ciency.

4. ROBUST STRUCTURE AGAINST

CHANNEL ERRORS

The proposed VQ structure consists of recursive quantization

and entropy coding. These are known with its sensitiveness

to channel errors. In this section, We argue the robustness
against transmitting channel errors. The response against

one bit transmission error is depicted in Figure 6. The mea-
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Figure 6: State convergence response against a channel er-

ror

sure for convergence is Kullback-Leibler Divergence of state
distribution between coding and decoding system. Although

it takes long time, Fig. 6 veri�es the system's convergence

property which comes from ergodicity of HMMs. This long
convergence time is almost due to inconsistent of the gen-

erated Hu�man codes at encoder and decoder. Avoiding

this and shortening the convergence time, we propose two
kinds of constraints. One for the Hu�man codebooks for

the transmission and the other for the distribution of HMM



state probabilities. In the �rst constraint, available Hu�man
codes are restricted in advance. During the codec process,

the Hu�man codebook which is used for the transmission
of speech information on a frame is selected by a mean of

minimizing average code length from predetermined Hu�-

man codes by training data. In the second constraint, the
distribution of state probabilities are vector-quantized.

Comparison of FSVQ and the proposed methods on conver-

gence time and average code length is depicted on Figure 7.

In Fig. 7 duration for convergence is de�ned by the time
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Figure 7: Comparison of convergence time and average code
length for sevral coding structure

when the cepstrum distance between coder and decoder de-

creases below 1 dB. Convergence time for FSVQ and the
proposed scheme are about 9.4s and 6.4s respectively. Fur-

thermore, restricting the available Hu�man code or the dis-

tribution of state probabilities shorten the convergence time
to about 2.2s. Fig. 7 shows the restrictions of Hu�man

codebooks and state distributions have little e�ect on aver-

age code length but realize great improvement in duration
for convergence.

5. CONCLUSION

This paper proposes a new vector quantization scheme,

which consists of HMMs and entropy coding scheme. This

approach realizes about 0.3[dB] coding gain in cepstrum dis-
tance(8 states HMMs). This scheme is superior to FSVQ in

coding e�ciency and robustness to channel errors. Further-

more, the proposed scheme can be augmented to be robust,
so that the inuence of the channel error is decreased from

6.4s to 2.2s.
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