ON THE USE OF SCALAR QUANTIZA

TION FOR F

AST HMM COMPUT A TION

Shigeki Sagayama and Satoshi T akahashi

NTT Human Interface Lab oratories

1-2356 T ak e, Y ok osuk a-shi, Kanagaw a, 238-03 Japan

ABSTRACT

This pap er describ es an algorithm for reducing the

amoun t of arithmetic op erations in the likeliho o d com-

putation of continous mixture HMM (CMHMM) with

diagonal cov ariance matrices while retaining high p er-

formance. The key p oints are the use of the scalar

quan tization of the input observ ation vector comp o-

nen ts and table lo ok-up. These make multiplication,

squaring and division op erations entirely unnecessary

in the whole HMM computation (i.e., output probabil-

it y calculation and trellis/Viterbi computation). It is

exp erimentally prov ed in an large-vocabulary isolated

w ord recognition task that scalar quantization into no

less than 16 levels do es not cause signi�cant degra-

dation in the sp eech recognition p erformance. Scalar

quan tization is also utilized in the computation trun-

cation for unlikely distributions; the total num b er of

distribution likeliho o d computations can b e reduced by

66% with only a slight p erformance degradation. This

\m ultiplication-free" HMM algorithm has high p oten-

tialit y in sp eech recognition applications on p ersonal

computers.

1. INTRODUCTION

The HMM state output probability (more accurately ,

\probabilit y density") is often the most computation-

ally exp ensive part of HMM-based sp eech recognition.

In typical cases of an actual sp eech recognition sys-

tem, it consumes 45{65% of the time for entire sp eech

recognition in contrast with LPC cepstrum analysis

whic h consumes only 0.8%. Conven tionally

, the dis-

crete HMMs based on VQ (vector quantization) hav e

b een considered as a fast HMM metho d, although it

still requires a considerable number of distance com-

putations and the p erformance may b e slightly low er

than that of CMHMMs. This pap er aims b oth at real-

izing the high p erformance inherent in CMHMM and

lo w computational cost by cutting down arithmetic op-

erations through the full use of scalar quantization.

The key idea of this pap er came up as follows. It

has b een exp erimentally shown that 10-th order LSP

parameters with 4-bit quantization can represent LPC

sp eech sp ectra at an av erage sp ectral distortion of 0.77

Authors’ E-mail addresses: fsaga,tak ag@nttspch.hil.n tt.jp dB[1]. Since cepstrum is even more adv an tageous than

LSP in terms of logarithmic sp ectral distortion (accord-

ing to Parsev al’s theorem), it is exp ected that 4-bit-

quantized cepstral co e�cients are su�cient in repre-

senting the input sp eech features for sp eech recogni-

tion.

2. HMM ST A TE OUTPUT PROBABILITY

COMPUT A TION

In contin uous mixture HMMs (CMHMMs) with diag-

onal cov ariance matrices, whether in tied or non-tied

mixture structures, the output probability , b

s

(x

t

), of

state s for the given p-dimensional input observ ation

vector, x = (x

1

; x

2

; � � � ; x

p

)

T

, is describ ed by:

b

s

(x

t

)

=

X

k 2K

s w

k s

N

k

(x

t

)

=

X

k 2K

s w

k s

1

p

Y

i=1 q

2� �

2

k i exp

(

� p

X

i=1

(x

i

� �

k i

)

2

2�

2

k i

)

where K

s denotes the subset of individual distributions

consisting of the mixture probability density for state s,

and w

k s denotes the mixture weigh t co e�cient in state

s for the k th individual normal distribution, N

k

(x

t

),

with mean, �

k i

, and v ariance, �

2

k i

, for each observ ation

vector comp onent, x

ti

. In practical systems, this prob-

ability is often calculated in the logarithmic domain,

since its (sign-inv erted) logarithmic expression is sim-

pli�ed in the form given in Eqs (1,2).

In these equations, A

k i

(i = 1; 2; � � � ; p); B

k

; W

k s

(s =

1; 2; � � � ; S ) can b e computed b eforehand for all k =

1; 2; � � � ; K . The \addlog" op eration (an op erator :

(log

P

exp), i.e., addlog(x; y ) � log (exp x + exp y ) ) can

b e well approximated by the larger v alue or by log-table

lo ok-up and a few additions if their v alues are close to

each other [2], i.e.,

addlog(x; y ) �

8

>

>

<

>

>

:

x if x � y

x + log (1 + e y �x

) if x

>

� y

y + log (1 + e x�y

) if x

<

� y

y if x � y

� log b

s

(x) = log

X

k 2K

s exp

| {z }

\addlog" op eration

(

� log v alue of normal distribution N

k

(x

t

)

z }| {

p

X

i=1

(x

i

� �

k i

)

2

2�

2

k i

| {z }

Q

ki

(x

i

)

+ p

2 log 2� +

1

2 p

X

i=1 log �

2

k i

| {z }

B

k

� log w

k s

| {z }

�W

k s

)

= addlog

k 2K

s

(

p

X

i=1

A

k i

(x

i

� �

k i

)

2

+ B

k

+ W

k s

)

(1)

where A

k i

=

1

2�

2

k i

; i = 1; 2; � � � ; p ; B

k

= p

2 log 2� +

1

2 p

X

i=1 log �

2

k i

; W

k s

= � log w

k s

; s = 1; 2; � � � ; S (2)

|||||||||||||||||||||||

whic h requires a log table for v alues b etw een 1 and 2.

3. SCALAR QUANTIZA

TION FOR F AST

HMM COMPUT A TION

3.1. Algorithm

The most computationally intensiv e part of HMM can

b e alleviated by table lo ok-up if the input vector is

scalar-quan tized, i.e., the quantized v alue, ~ x

i is chosen

from �

ij

(j = 1; 2; � � � ; q ) for each vector comp onent,

x

i

(i = 1; 2; � � � ; p), and if the v alues of a quadratic

form, Q

k i

(�

ij

) = A

k i

(�

ij

� �

k i

)

2

, for discrete v alues of x

i

ha ve b een calculated b eforehand and stored in a table.

The required arithmetic op erations are as follows:

P

k

(x) � p

X

i=1

Q

k i

( ~ x

i

) + B

k

(3)

� log b

s

(x) � addlog

k 2K

s fP

k

(x) + W

k s g (4)

whic h include only table lo ok-ups and additions, and

no multiplications/squares or divisions. The entire pro-

cedure is summarized in Figure1.

After sp ectral analysis (e.g., LPC cepstral analysis),

scalar quantization can b e rapidly executed simply by

float-to-int conversion or, in the case of non-linear

quan tization, by a binary search algorithm. This is

the big adv an tage of scalar quantization and is essen-

tially di�erent from vector quantization which requires

a number of distance calculations.

T able 1 compares the required amount of arithmetic

op erations for all states p er frame required by di�erent

approac hes to HMM output probability density com-

putation. (Often in practical HMM op eration, only

\activ e" states are calculated every frame.) It is seen

that the prop osed metho d requires few arithmetic op-

erations.

3.2. Exp erimental ev aluation

The algorithm was implemented and tested on an iso-

lated word recognition task with a vo cabulary size of

2620 words using 524 words each uttered by 4 dif-

ferent sp eakers. The sp eech analysis conditions were

12kHz sampling, a 256-p oint Hamming window with

8ms frame shift, 16-th order LPC analysis, 33 feature

parameters including the delta log p ower and the 16

LPC-cepstral and delta-cepstral co e�cients.

F or simplicity

, the quantizer design was done by

equally dividing into q levels the approximate param-

eter distribution range of each feature vector comp o-

nents, x

ti

(i = 1; 2; � � � ; p), given by:

�

min

k =1;2;�;K

(�

k i

� 3�

k i

); max

k =1;2;�;K

(�

k i

+ 3�

k i

)

�

to determine � and � in the quantization rule:

intf�

i

(x

ti

� �

i

)g:

Alternatively

, one can provide a set of non-uniform

scalar quantizers for b etter p erformance, considering

the feature comp onent distribution densities and using

a fast binary search algorithm.

T able 3 shows the av erage word accuracy as a func-

tion of scalar quantization resolution, q (i.e., the num-

b er of quantization levels). No p erformance degrada-

tion is observed for quantization levels down to q = 16.

4. SCALAR QUANTIZA

TION FOR LOW

PROBABILITY TRUNCA

TION

4.1. Algorithm

Obviously

, if any of term in Eq. 3 is large, the log

probability of the distribution also b ecomes large which

equiv alen tly means a low v alue of distribution proba-

bility N

k

(x). Since a very low output probability is

unlikely to contribute to the state output probability

(Eq. 4) and total HMM likelihoo d accumulation (i.e.,

trellis or Viterbi), this irrelev an t computation can b e

neglected without completing the full computation of

Eq. 3. This situation is entirely predictable from the

scalar-quantized v alues of the input vector. In a practi-

cal implementation, the scalar-quantized input comp o-

nents refer to a table (which is, actually

, a bit pattern)

1. Design a scalar quantizer for each each of feature vector comp onents.

2. Compute discrete v alues �

ij

; (i = 1; 2; � � � ; p; j = 1; 2; � � � ; q ) of comp onents of x levels.

3. F or all Gaussian distributions (k = 1; 2; � � � ; K ), for all vector comp onents with all p ossible quantization

levels �

ij

; (i = 1; 2; � � � ; p; j = 1; 2; � � � ; q ) of the observ ation vector x

t

, compute Q

k i

(�

ij

) =

(�

ij

�

ki

)

2

2�

2

k i

; (i =

1; 2; � � � ; p ; j = 1; 2; � � � ; q ; k = 1; 2; � � � ; K ) and memorize them in a (pq K )-word table.

4. F or all Gaussian distributions (k = 1; 2; � � � ; K ), compute B

k

= p

2 log 2� +

1

2

P

p

i=1 log �

2

k i and memorize them

in a K -word table. Also, for all states (s = 1; 2; � � � ; S ), and for all mixture comp onents (k = 1; 2; � � � ; K ),

compute the sign-inv erted logarithmic mixture weigh ts W

k s

= � log w

k s and memorize them in a K S -word

table.

5. F or every input frame, scalar-quantize the observ ation input vector to obtain discrete v alues ~ x

ti

; i =

1; 2; � � � ; p.

6. Refer to the table to obtain Q

k i

( ~ x

ti

); k = 1; 2; � � � ; K ; i = 1; 2; � � � ; p and compute P

k

(x

t

) �

P

p

i=1

Q

k i

( ~ x

ti

) + B

k

:

7. F or all states (s = 1; 2; � � � ; S ), do \addlog" op erations: � log b

s

(x

t

) = addlog

k 2K

s f P

k

(x

t

) + W

k g to

obtain the mixture probabilities. The resulted output probabilities are shared by distinct allophones or

phonemes. T o further reduce the addlog op eration, it can b e approximated by \max".

Figure 1: The pro cedure of fast HMM output probability computation based on scalar quantization and table

lo ok-up

1. 2. 3. and 4. (Same as Figure 1.)

5. F or each of all vector comp onents with all p ossible quantization levels �

ij

; (i = 1; 2; � � � ; p ; j = 1; 2; � � � ; q ),

create a K -bit word, BitTable[i][j ], whose k -th bit represents with 1 or 0 whether �

ij is \inside" or

\outside" the distribution k .

6. F or every input frame, scalar-quantize the observ ation input vector to obtain discrete co de v alues ~ x

ti

; i =

1; 2; � � � ; p. (Same as step 5 in Figure 1.)

7. T ak e the bitwise lo gic al AND op eration of bit patterns, Pattern = p

^

i=1

BitTable[i][ ~ x

ti

], to obtain a bit

pattern indicating \active" distributions.

8. Apply steps 6 and 7 in Figure 1 to the k -th distribution only if the k -th bit of Pattern is 1. Otherwise,

give a large constant to the sign-inv erted log likeliho o d.

Figure 2: The pro cedure of truncation of HMM output probability computation based on scalar quantization

and quickly check whether they are all within the rel-

ev an t range or not, referring to a truncation table (bit

pattern). If any input vector comp onent is found out-

side the relev ant range, Eq. 4 is substituted with a �xed

large v alue. The summary of the pro cedure is shown

in Figure2.

A similar idea based on vector quantization was pro-

p osed by Bo cchieri[3] though it still required large com-

putational cost for distance computation, unlike our

approac h.

4.2. Exp erimental ev aluation

This technique was tested on the same task as that

in the previous section. F or the i-th vector comp o-

nen t, whether \inside" or \outside" the distribution k

w as determined as whether inside or outside the range

(�

ki

� 5�

k i

) in this exp eriment.

T able 3 compares the num b ers of actual o ccurences

of ev aluating distribution probabilities throughout the

task of 2620-word sp eech recognition using 524 utterances p er sp eaker. Only slight p erformance degrada-

tion is seen in the \truncated ev aluation", while the to-

tal number of arithmetic op erations has b een cut down

by 65%.

5. CONCLUSION AND DISCUSSION

This pap er prop osed the use of scalar quantization to

completely eliminate multiplication (or squaring, divi-

sion) op erations from the whole HMM computation

and to disp ense with irrelev an t probability computa-

tions. The idea was implemented and tested on a large-

vocabulary word recognition task. W e determined that

16-level scalar quantization is su�cient to assure high

recognition p erformance. 65% of the distribution prob-

ability computation can b e cut without any signi�cant

p erformance degradation.

Being entirely \multiplication-free", this approach

has high p otentialit y for v arious applications. Since

HMM-based sp eech recognition can b e done mainly by

�xed-p oint addition and subtraction op erations only ,

T able 1: The num b er of arithmetic op erations required for HMM output probabilities for all states p er frame

multiplication, addition and table typical count of

and division subtraction access arithmetic op erations y

Discrete (VQ-based) HMM pq pq S 32768 �, 32768 �

Discrete (T ree VQ-based) HMM 2p log

2 q 2p log

2 q S 640 �, 640 �

Contin uous Mixture HMM 2pK 2pK + 3M S 0 128000 �, 135200 �

Scalar-Quantized CMHMM (prop osed) 0 pK + 3M S pK 71200 �

where p = observ ation parameter vector dimension, q = VQ co deb o ok size, K = the total num b er of Gaussian

distributions, S = the total num b er of states, M = the num b er of mixtures for each state. yA typical case is

estimated with p = 32; q = 1024; K = 2000; M = 4; and S = 600.

T able 2: Sp eech recognition p erformance with scalar-quantized HMM computation (ev aluated using sp eaker-

indep endent 2620-word recognition tested by 4 (2 male + 2 female) sp eakers each uttering 524 words).

quantization no scalar-quantized

resolution quantization 64 levels 32 levels 16 levels 8 levels

word accuracy (%)

( av eraged ov er 85.4 85.1 85.2 85.7 81.2

4 sp eakers )

T able 3: Comparison b etw een distribution ev aluation counts in full and truncated ev aluations in typical isolated

w ord recognition (2620-word recognition tested using 524 words uttered by each of 4 (2 male + 2 female) sp eakers

with 64-level scalar quantization)

full ev aluation truncated ev aluation reduction

sp eaker ev al count word accuracy (%) ev al count word accuracy (%) rate

MMS (male) 82243200 85.1 28086072 84.5 0.66

MMY (male) 85662720 80.5 25915436 79.3 0.69

FKS (female) 89856000 86.5 32204265 85.5 0.64

FYN (female) 100089600 88.4 34716610 87.4 0.65

av erage 85.1 84.2 0.66

except for the sp eech analysis stage, this algorithm b est

�ts small computers without a oating p oint acceler-

ator or parallel pro cessing capability

. (As for mo d-

ern engineering workstations equip ed with highly so-

phisticated pip elined oating-p oint arithmetics, oat-

ing p oint op erations may b e rather faster than table

lo ok-up.) This idea can b e also helpful in the design of

sp eech recognition LSI chips and algorithms for �xed-

p oint DSPs.

F uture works will include:

� Optimization of quantization levels for cepstral

comp onents dep ending on their distributions. Non-

uniform scalar quantization may increase the p er-

formance.

� Combination with the four-level tied-structure

HMMs[4] which can share computed results in the

parameter, distribution, state, and mo del levels.

6. ACKNO

WLEDGEMENT

The authors would like to thank Nobutoshi Shida, W aseda

Univ ersity

, for his contribution in implementation and ev aluation of the algorithm during his work exp eriance

at NTT in the summer of 1994, and T ak atoshi Jit-

suhiro, NTT Human Interface Labs, for providing us

HMM-related softw are mo dules.

7. REFERENCES

[1] F. Itakura and N. Sugamura: \LSP Sp eech Synthesizer,

Its Principle and Implementation," T echnical Rep ort of

Acoustical So ciety of Japan, S79-46, pp. 349{356, Nov.

1979. (in Japanese)

[2] E. E. Sch wartzlander, Jr. and A. G. Alexop oulos: \The

Sign/Logarithm Numb er System," IEEE T ransactions

on Computers, C-24, pp. 1238{1242, 1975.

[3] E. Bo cchieri: \V ector Quantization for the E�cient

Computation of Contin uous Density Likeliho o ds," Pro c.

ICASSP93 (Minneap olis), pp. I I-692{695, 1993.

[4] S. T ak ahashi and S. Sagay ama: \F our-Level Tied Struc-

ture for E�cient Representation of Acoustic Mo deling,"

Pro c. ICASSP95 (Detroit), this issue.