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Recently a new structure for isolated-word recognition was proposed in 
which a separate Vector Quantization (VQ) code book was designed for each 
word in the vocabulary. The word-based VQs were used as a front-end 
preprocessor to eliminate word candidates whose distortion scores were large; 
a dynamic time-warping processor then resolved the choice among the re­
maining word candidates. The above scheme worked very well for small 
vocabularies; however, the major flaw was the lack of temporal information in 
the word-based VQ processor. As such, as the vocabulary grew in size and 
complexity, the ability of the VQ processor to resolve among similar sounding 
words decreased dramatically, and the effectiveness of the proposed recogni­
tion structure similarly decreased. To alleviate this difficulty a technique for 
incorporating temporal structure into the preprocessor is proposed. In partic­
ular, the probability density function of the time of occurrence for each vector 
in the code book is estimated from a training sequence. In the recognizer, the 
spectral distance score of the VQ is combined with a temporal distance score, 
for each frame in the word. An evaluation of the modified recognizer showed 
slightly improved performance on the digits vocabulary and greatly improved 
performance on a vocabulary of 129 airlines terms. 

I. INTRODUCTION 

There has been a great deal of interest recently in isolated-word 
recognition techniques that maintain high performance, but do so at 
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low computational cost.1"5 The reason for this renewed interest in 
"low-cost" recognizers is the desire to implement such systems on 
conventional microprocessors, where the computational power is no­
where near as great as needed for the "higher-cost" recognition sys­
tems. 

One of the most promising of the low-cost recognizers is the Vector-
Quantization (VQ)-based recognizer, originally proposed by Shore and 
Burton,2 and modified by Burton et al.4 and Pan et al.5 The basic idea 
in this recognition system is to design a separate VQ code book for 
each word in the vocabulary, based on a training sequence of several 
tokens of each word by one or more talkers. In the original Shore and 
Burton implementation,2 the recognizer chose the word in the vocab­
ulary whose average quantization distortion (according to its particular 
code book) was minimum. In the implementation of Pan et al.,5 the 
word-based VQs were used as a front-end preprocessor to eliminate 
word candidates whose distortion scores were large; a Dynamic Time 
Warping (DTW) processor then resolved the choice among the re­
maining word candidates. 

Both of the above implementations of the word-based VQ recognizer 
worked very well for small vocabularies; however, as the vocabulary 
size and/or complexity grew, the ability of the VQ processor to resolve 
among similar sounding words decreased dramatically, and the effec­
tiveness of the recognizer similarly decreased. 

The major problem with the word-based VQ processor, for large 
vocabularies, was its inability to use temporal information, i.e., to 
integrate information about the times of occurrence of the speech 
sounds with the fact that the sounds occurred within the word. One 
simple method for incorporating this type of temporal information 
was proposed by Buzo et al.,6 and developed by Burton et al.4 In this 
approach, gross temporal information was incorporated into the re­
cognizer by subdividing each input word into R nonoverlapping re­
gions, using a separate code book for each region. In this manner each 
word was characterized by R code books, obtained from a training 
procedure in which a similar subdivision of each training word was 
made. Burton et al. reported good success with this method.4 

An alternative procedure for incorporating temporal information 
into the VQ-based preprocessor is proposed in this paper. In particular, 
for each vector in each word-based code book, the probability density 
function of the time of occurrence (on a normalized time scale) is 
estimated from the same set of training sequences used to derive the 
code-book vectors. In the recognizer, the spectral distance score of the 
VQ preprocessor is combined with a (scaled) temporal distance score, 
for each frame in the word. We use the structure of a preprocessor to 
screen out unlikely word candidates (based on the combined spectral 
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and temporal distance), and resolve the fine word distinctions with a 
DTW processor. 

An evaluation of the modified recognizer structure, described above, 
was performed using both a small vocabulary (the 10 digits), and a 
moderate-size vocabulary (129 airline terms). Both vocabularies were 
tested in a speaker-independent mode, i.e., code books and probability 
histograms were generated from speaker-independent training sets. 
Results showed recognition error performance on both vocabularies 
was comparable to that of the best recognizers; however, computational 
costs were comparable to those of a "low-cost" recognizer. 

The organization of this paper is as follows. In Section II we discuss 
the proposed recognition algorithm, which combines temporal infor­
mation along with the spectral information of the word-based VQ 
preprocessor. In Section III we describe an experimental evaluation of 
the new recognition structure. In Section IV we review the results of 
the evaluation, and discuss potential ways of lowering the cost of the 
recognizer even further. Finally, in Section V, we summarize our 
findings. 

II. THE PROPOSED RECOGNITION ALGORITHM 

A block diagram of the proposed recognizer is given in Fig. 1. The 
input speech signal is digitized at a 6.67-kHz rate, the word endpoints 
(beginning and ending frames) are detected, and a Linear Predictive 
Coding (LPC) analysis is performed on all frames within the word. 
The LPC analysis is an eighth-order analysis of 45-ms frames (300 
samples), spaced every 15 ms (100 samples) along the word. Each 
overlapping 45 ms section of speech is windowed using a Hamming 
window, and an eighth-order autocorrelation analysis is performed 
(giving nine autocorrelation values per frame). The results of the LPC 
analysis are the set of frame log energies (suitably normalized to the 
peak log energy of the word), Ei, 1 < i < /, and the LPC vectors a,, 
1 < i < /, where / denotes the number of frames in the word. 
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Fig. 1—Block diagram of isolated-word recognizer that incorporates a word-based 
vector quantization preprocessor and a dynamic time-warping processor. 
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The word-based LPC preprocessor uses the analysis results (i.e., the 
frame log energies and the LPC vectors) to eliminate all unlikely 
candidates from further analysis. Thus the output of the preprocessor 
is a list of candidates for the unknown word. A DTW processor then 
decides among the words in the candidate list using a conventional 
dynamic time-warping alignment of the unknown test word against a 
set of stored word reference patterns. A K Nearest Neighbor (KNN) 
decision rule chooses the word whose average DTW distance of the K-
best word patterns is smallest. In cases where the list of candidates 
from the preprocessor contains only a single choice, the DTW proc­
essor is bypassed and a final decision is made by the preprocessor. 

2.1 The word-based VQ preprocessor 

A block diagram of the word-based VQ preprocessor is given in Fig. 
2. Each word in the vocabulary is characterized, in the preprocessor, 
by a code book, B, and by a temporal probability table, P. The code 
book consists of a set of LPC vectors (supplemented by a log energy 
scalar), b*, 1 < k < L, which characterize the LPC vectors of a training 
set of multiple occurrences of the word. The code-book vectors are 
chosen by a VQ design algorithm, which minimizes the average dis­
tortion between the training vectors and the code-book vectors.7"9 

Typically, for word recognition applications, values of L (the total 
number of vectors in each word code book) range from 4 to 32. 
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Fig. 2—Block diagram of the word-based vector quantization preprocessor, which 
combines spectral and temporal distance scores. 
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The temporal probability table, P, is derived from both the code 
book, B, and the word training data in the following way. The elements 
of P are the values p*(i), defined as: 

Pk(t) = probability that the code-book vector, k, occurs at normal­
ized time t = i/I within the word. 

Thus the values p*(i) (where suitably quantized values of t are used 
in practice) constitute a temporal probability table for the code-book 
vectors. The way in which values of Pk(t) are obtained, from the 
training set, is as follows: 

1. Each training sequence is linearly warped to a fixed length, / = 
40 frames. (Thus values of p*(£) are obtained for t = 1/40, 2/40, · · · , 
40/40.) 

2. Each vector of each linearly warped training sequence is vector 
quantized, using code book B. 

3. At each time t, all code-book vectors whose spectral distortion 
distance score is within a fixed threshold, Δ, of the minimum distortion 
score for the frame are considered to have occurred. 

4. The value used for p*(t) is the ratio between the number of times 
code-book vector k occurred at time t (as defined in step 3 above), and 
the number of times any code-book vector occurred at time t, over the 
entire training set for the word. In this manner Σ*=ι ρ*(ί) = 1 for 
alii. 
To illustrate the results of the above procedure, Fig. 3 shows the 
resulting p*(i) temporal probability tables for an L = 8 vector code 
book for the word six with a training set of 150 tokens of the word 
derived from 150 different talkers (75 male, 75 female). A value of 
Δ = 0.25 was used in computingp*(i)· Experimentation with Δ showed 
the resulting temporal probability tables were insensitive to Δ over a 
broad range; this was because with L = 8 (or 16) vectors, generally 
there was only a small fraction of the code-book vectors whose distor­
tion scores were low. Given a large enough training set, the exact value 
of Δ (as long as it was relatively small) is almost irrelevant. 

The temporal probability tables of Fig. 3, for the word six, show 
that a smooth probability density was obtained for all vectors. Further, 
we see that for some vectors a unimodal distribution resulted; for 
other vectors distinct multimodal distributions are found. In this 
example, the code-book vectors whose sounds represent the vowel / I / 
have a unimodal distribution, since this sound occurs only at a single 
place in the word six. Code-book vectors whose sounds represent the 
fricative / s / have a distinct two-mode distribution, since / s / occurs at 
both the beginning and end of the word six. Finally, code-book vectors 
whose sounds represent silence have three modes, since silence can be 
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Fig. 3—Estimates of temporal probability density functions for the eight code-book 
vectors of the digit six. (Forty-frame normalization of the word duration is assumed.) 

found at the beginning, end, and in the stop gap of the word six. All 
three types of distributions are clearly seen in the data of Fig. 3. 

For convenience, and to reduce computation, the temporal proba­
bility tables were stored as 

Pk(t) = -y log[p*(i)], (1) 
i.e., as negative log probabilities, so they could be combined readily 
with the LPC distances. The multiplier, y, was chosen so that, aver­
aged over the entire training set, the average value of p*(i) was the 
same as the average LPC distance. Typically, the value of y was about 
0.45 for L = 8 vector code books, and about 0.22 for L = 16 vector 
code books. Also, values of p*(i) were clipped at a level of 10~4; hence 
no temporal probability score was 0. 

2.2 Combining LPC distance and temporal probability score 

After a great deal of investigation into ways of combining LPC 
distance and temporal probability scores, the resulting distance score 
that was used was 

d(a„ Eit B, P) = (1 - a)dSp(a„ Eh B) + arfrp(fc, P), (2) 
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where dsp was the spectral (LPC combined with energy) distance and 
CÎTP was the temporal probability distance. The scaling value a was 
chosen by optimization and determined the mix of spectral and tem­
poral "distances." A value of a = 0 represents pure spectral distance; 
similarly, a value of a = 1.0 represents pure "temporal distance." 

The spectral distance, which combined the LPC distance with the 
energy distance, had the form 

dsp(a„ Eit B) = min [du-ci*, bk) + cf(dE(Ei, Ek)], (3) 

where 

dLPc(a,,b,) = ( ^ ^ - l ) , (4) 
\ a, Ve,a, / 

with V„, being the autocorrelation matrix of the input frame, Ei being 
the normalized log energy of the input frame, and Ek being the 
normalized log energy of the feth code-book vector. We then have 

dE{Ei,Êk) = \Êk-Ei\, (5) 

with 

f 0 0 < E < ELO 
f(E) = 1 E - EL0 ELo<E< EH1 (6) 

l EHI ~ ELO Em < E, 
where c, £Lo. #ΗΙ, and JSOF were suitably chosen constants. (We used 
c = 0.1 £Lo = 6 dB, and Em = 20 dB.) 

The temporal distance of eq. (2) was of the form 

<*rp(*,-,P)=Mi|/]) , (?) 
where [i | /] is the rounded value of i/I to the nearest 1/40. 

The following sequence of steps was required to generate a combined 
distance score in the preprocessor: 

1. Vector quantize the input frame (by each word-based code book), 
at time t = i/I, consisting of LPC vector a; and normalized energy Ei, 
and determine the minimum spectral distance, dsp, and the index of 
the best code-book vector, ki. 

2. Access the temporal distance aspki(t), where t is quantized to the 
nearest 1/40 (since tables with 40 entries were used). 

3. Combine dsp and drp according to eq. (2). 
The above procedure is performed at each frame for each word in the 
vocabulary, and the resulting distance scores are accumulated for each 
word, as shown in Fig. 2. 

The preprocessor decision logic is essentially the same as used by 
Pan et al.,5 namely: 
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1. Find all word candidates v, such that the average distortion, D", 

D" = \ Σ dia.·, Ei, B", P") (8) 

is within a fixed threshold, δ, of the minimum average distortion across 
all words. 

2. If only a single word candidate exists, then the recognition is 
over—i.e., no DTW processing is required. 

3. If more than one word candidate exists, then use the DTW 
processor to make the final recognition decision among the word 
candidates. 

We now describe the results of a series of experiments designed to 
evaluate the performance of the overall recognizer of Figs. 1 and 2. 

III. EXPERIMENTAL EVALUATION 

Two databases were used to evaluate the performance of the recog­
nizer. All recordings were made over a standard, local, dialed-up 
telephone line. The first database was a digits set consisting of four 
sets of 1000 digits each (100 talkers-10 digits/talker). We call the 
digits sets DIGl, DIG2, DIG3, and DIG4. Their characteristics are as 
follows: 

DIGl—100 talkers (50 male, 50 female), 1 replication of each digit 
by each talker.10 These recordings have been used as a training set in 
a wide variety of evaluations of isolated-word recognizers. 

DIG2—Same 100 talkers and recording conditions as DIGl; record­
ings made several weeks later than those of DIGl. 

DIG3—100 new talkers (50 male, 50 female), 1 averaged occurrence 
of each digit by each talker obtained from averaging a pair of robust 
tokens of the digit.1112 The transmission conditions (i.e., analog front 
end, filter cutoff frequencies, etc.) differed slightly from those used in 
recording the DIGl and DIG2 databases. 

DIG4—A second group of 100 new talkers (50 male, 50 female), 20 
recordings of each digit by each talker.13 A random sampling of 1 of 
the recordings of each digit by each talker was used. The transmission 
conditions differed substantially from those used in recording the 
other databases. 
The templates (12 per word, speaker independent) for the DTW 
processing were created from the data of set DIGl. The training data 
for the word-based VQ preprocessor (to get the code books, B", and 
the temporal probability tables, P") were derived from a randomly 
chosen set of 150 tokens of each word from sets DIGl, DIG3, and 
DIG4. (Of course these same training data could have been used to 
create the speaker-independent reference templates for DTW process-
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ing; however, a conveniently available template set was used.) For 
testing the recognizer, all four digit sets were used. 

The second database was a vocabulary of 129 words used in an 
airlines information and reservation system.14 Two sets of data, called 
AIRI and AIR2, were used. Their characteristics were: 

AIRI—100 talkers (50 male, 50 female), 1 averaged occurrence of 
each word by each talker obtained from averaging a pair of robust 
tokens of the word.12 

AIR2—20 new talkers (10 male, 10 female), 1 replication of each 
word by each talker. The data of set AIRI were used to create both 
the word reference templates (speaker independent, 12 per word), and 
to give the word code books and word temporal probability tables. The 
data of set AIR2 were used to test the recognizer. 

3.1 Results on the digits vocabulary 

For each of the digit test sets, a preliminary test run was performed 
in which the preprocessor was used by itself to make the final recog­
nition decision based on the word with the lowest combined spectral 
plus temporal distance score. (Equivalently, δ, in the decision logic, 
was set to 0.) The distance combining parameter, a, in eq. (2) was 
then varied from 0 to 1 (in steps of 0.1) and a curve of the preprocessor 
recognition accuracy versus a was computed. A typical such curve for 
the test set DIGl is given in Fig. 4. The behavior of the recognition 
rate, shown in this figure, is typical for all the digit test sets. It can be 
seen that for a = 0 (only spectral distance) and for a = 1.0 (only 
temporal distance), the recognition rate of the preprocessor (91.4 
percent for a = 0, 91.2 percent for a = 1.0) is significantly lower than 
its value at the peak of the curve (97.5 percent for a = 0.7). This result 
strongly points out the value of combining spectral and temporal 

0 . 9 1 I I I I I I I I I I 
0 0.2 0.4 0.6 0.8 1.0 

a 
Fig. 4—Curve of average digit recognition rate versus the combining multiplier, a, 

for the data of test set DIGl. (Note that a = 0 corresponds to pure spectral distance 
and a = 1.0 corresponds to pure temporal distance.) 
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Table I—Average error rates for digits vocabulary 

Code-
Book Size DIG1 

Average Digit Error Rate (%) 
DIG2 DIG3 DIG4 Overall 

(a) Processor Alone 
8 

16 
2.5 
2.5 

3.1 3.1 4.3 
2.6 2.5 3.7 

3.3 
2.8 

(b) Complete Recognizer 
8 

16 
2.9 
1.3 

2.5 2.2 2.9 
2.3 2.2 2.8 

2.6 
2.2 

distances in the preprocessor. It also can be seen that in the vicinity 
of the peak (near a — 0.7), the recognition rate is fairly constant (its 
value at a = 0.5 is 97.1 percent); hence, a fairly broad region of choices 
for a is possible. Across the four digit test sets, the optimum value of 
a varied from 0.4 to 0.7. If we used the value a = 0.5 for all digit sets, 
the preprocessor recognition rate changed less than 0.2 percent, on 
average. 

A complete set of performance results on the digits test sets is given 
in Table I. Table la gives average digit error rates for the preprocessor 
working without the DTW processor, for the four test sets (and an 
overall average), for code books with 8 and 16 vectors per word. The 
average digit error rate is 3.3 percent for 8 vector code books, and 2.8 
percent for 16 vector code books. Table lb gives average digit error 
rates for the complete recognizer, as a function of code-book size. The 
threshold, δ, in the preprocessor was set so that, on average, about 83 
percent of the time no DTW was required (i.e., the preprocessor made 
the final decision), and about 17 percent of the time, the average 
number of word candidates passed on to the DTW processor was 2.25. 
No quantization of the reference templates in the DTW processor was 
used; previous experience with this data set indicates that no degra­
dation need occur if the reference template quantization is done 
correctly.5 

From Table lb it can be seen that the entire recognizer achieved an 
average digit error rate of 2.6 percent for L = 8 vector code books, and 
2.2 percent for L = 16 vector code books. These results represent 
improvements of 0.6 to 0.7 percent in word accuracy; for 4000 test 
digits, such a result is statistically significant. 

3.2 Results on the airline vocabulary 

For the airline vocabulary, a curve of preprocessor average perform­
ance versus the combining multiplier a was again run, and the results 
are given in Fig. 5. Although the form of the curve is similar to that 
of the digits case (Fig. 4), performance improves significantly when 
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Fig. 5—Curve of average word recognition rate versus the combining multiplier, a, 
for the airline test data. 

Table II—Average word error 
rates for the airlines 

vocabulary 

Code-
Book 
Size 

8 
16 

Average Word Error 
Rate(%) 

Preprocessor Total 
Alone Recognizer 
14.8 11.7 
11.9 8.9 

using both spectral and temporal distance, as opposed to either spectral 
or temporal distance alone. We see from Fig. 5 that for a = 0 (spectral 
distance only), the preprocessor achieves a 65.4-percent accuracy; for 
a = 1.0 (temporal distance only), the accuracy is 73.2 percent (it is 
better than the result for a = 0). However, for a = 0.5, the combined 
distance yields a performance of 88.1-percent word accuracy, an im­
provement in accuracy of from 15.5 to 22.7 percent over the individual 
distances. 

The overall recognizer performance on the airline vocabulary is 
given in Table II. The 8-vector-per-word system has a preprocessor 
error rate of 14.8 percent, whereas the 16-vector-per-word system has 
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a preprocessor error rate of 11.9 percent. By setting the preprocessor 
decision threshold so that a unique decision was made by the prepro­
cessor on 76 percent of the trials, and on 24 percent of the trials, an 
average of 2.5 candidates (out of 129 possible) were passed on to the 
DTW processor, the overall word error rates fell to 11.7 percent for 
the 8-vector code books, and to 8.9 percent for the 16-vector code 
books. 

3.3 Typical recognition example 

To illustrate how the addition of temporal information aids the 
preprocessor, Fig. 6 shows a recognition case in which a word (the 

0 45 
FRAME NUMBER 

Fig. 6—The enhanced recognition performance obtained by combining temporal and 
spectral distances in the preprocessor: (a) the test word (zero) log energy contour; (b) 
spectral and (c) temporal distances on a frame-by-frame basis (solid curve is for the 
word three, dashed curve is for the correct word zero); (d) accumulated spectral and (e) 
accumulated combined distance scores. 
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digit zero) would have been misrecognized (as the digit three) based 
on VQ spectral distances alone, but is correctly recognized based on 
the combination of spectral and temporal distance. Shown in this 
figure are the log energy contour of the test word zero (Fig. 6a), the 
VQ spectral distance (frame by frame) for both the word zero (dashed 
line) and the word three (solid line, Fig. 6b), the log probability 
distances for both words (Fig. 6c), the accumulated spectral distance 
scores for both words (Fig. 6d), and the combined, accumulated total 
distance scores for both words (Fig. 6e). On the basis of VQ spectral 
matches, the preprocessor would have made a hard error since the 
distance for zero was not close enough to the distance for three; 
however, using the combined distance the correct word zero was 
uniquely recognized. The reason that the temporal distance helped so 
much, in this case, was the large temporal distance during the /O/ 
vowel in zero for the word three. Thus, although there is a code-book 
vector that matches the /O/ spectrum well in three, the probability of 
it occurring at the end of the word is very small. Although this example 
is an extreme case, it does illustrate well why the addition of temporal 
information to the preprocessor can help the performance to improve. 

IV. DISCUSSION 
The results presented in the previous section clearly show that the 

addition of temporal information to a word-based VQ preprocessor 
increases the accuracy of the recognizer and makes it more robust to 
vocabulary size and complexity. 

To gain perspective on how the current system performance com­
pares with previous recognizers, Table III gives digit recognition error 
rates for the current system, for the best DTW recognizer,16 and for a 
previous recognizer using a word-based VQ preprocessor.5 Similarly, 
Table IV gives word recognition error rates, for the airline vocabulary, 
for the current system, for the best DTW recognizer, and for a previous 
recognizer using a word-based VQ preprocessor.6 

For the digits, the DTW system performs slightly better, on average, 
than the current system. However, the best performance is on test 
sets DIGl and DIG2, from which the word reference templates were 
derived. On the test sets DIG3 and DIG4, the current system performed 

Table III—Average digit error rates for three recognition systems 

Recognizer 
Current system 
DTW alone 
Previous recognizer 

DIGl 
1.3 
0.0 

Average Digit Error Rate (%) 

DIG2 DIG3 DIG4 
2.3 2.2 2.8 
0.6 2.7 3.9 
2.0 — — 

Overall 
2.2 
1.8 
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Table IV—Average word error 
rates for three recognition 

systems for the airline vocabulary 

Recognizer 
Current system 
DTW alone 
Previous recognizer 

Average 
Word 

Error Rate 
(%) 
8.9 

10.2 
12.6 

slightly better than the DTW recognizer. On the test set DIG2 (which 
was the only common one between the current system and the previous 
recognizer with the preprocessor), the system performances were es­
sentially the same. 

For the airline vocabulary we see that the error rate of the current 
system is 1.3 percent lower than that of the DTW recognizer alone, 
and 3.7 percent lower than the previous recognizer based on the VQ 
preprocessor. For this vocabulary a real performance improvement 
has been achieved. 

4.1 Computational considerations 

It remains for us to show that this increase in system performance 
is achieved at essentially no increase in system cost (i.e., computational 
complexity). To do this we define the following system variables: 
L = Code-book size 
V = Vocabulary size 
/ = Average number of frames in a word 
Q = Number of templates per word in DTW 
p = LPC order 
y = Average fraction of words that are resolved in the preprocessor 
ß = Average fraction of words passed on to DTW processor, when 

more than a single word candidate exists. 

The computation of the preprocessor can be expressed as: 

CPRE= V-/.L.(p + l) · , + 

and the computation of the DTW postprocessor is 

CPOST = (1 — 7)/?CDTW. 

where 

I2 

CDTW= V-Q- -(p+1) *,+. 
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The overall computation of the recognizer is 
CR = CpRE + CpoST 

= V . J . ( P + 1 ) ( L + Q ( l - 7 ) / 3 | j . 

The ratio between the full DTW computation (without a preprocessor) 
and the current recognizer computation is then 

R = CDTW _ Q(//3) 
CÄ L + Q(l - y)ß 0 

Substituting typical values of Q = 12, J = 40, p = 8, L = 8 (or 16), 
(1 - 7) = 0.25, 0 = 0.02, we get 

ß s 2 0 (L = 8) 
s 10 (L = 16). 

Thus, a computational reduction (over a standard DTW recognizer) 
of from 10 to 20 times is achieved by the proposed recognizer. 

4.2 Further computational reduction via universal code book 

Although the performance of the proposed recognizer is impressive, 
it is possible to reduce its computational complexity even further. If 
we analyze the computation above, the major computation is in the 
preprocessor, where a total of V-L dot product distances need to be 
computed for each test frame. In the case where V is large (e.g., the 
129-word airline vocabulary), the total number of code-book vectors 
becomes large. In such a case it would be less expensive to use a 
universal code book (word and talker independent) of say 1024 vectors, 
and to choose the word-based code books from the universal code 
book. In this manner the number of distance computations per frame 
is fixed, and does not grow with the vocabulary size V. Of course, it 
must be shown that performance will not degrade, but it seems 
reasonable that for a sufficiently large code book, this will indeed be 
the case. 

V. SUMMARY 

In this paper we have shown how the addition of temporal infor­
mation into the preprocessor of an isolated-word recognizer can im­
prove the system performance and make the overall recognizer more 
robust to vocabulary size and complexity. The way in which the 
temporal information was added was straightforward; namely, we 
defined and measured from a training set a probability density function 
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on the time of occurrence of the code-book vectors in the word-based 
VQ preprocessor. A temporal distance was defined as the scaled, 
negative log probability of the probability of occurrence of the vector 
chosen by the vector quantizer. A combined measure in which the 
spectral distance (from the VQ) was added to the temporal distance 
was used in the recognizer and shown to improve performance for 
both a digits and moderate-size airline vocabulary. Finally, it was 
shown that, on average, the computational complexity of the resulting 
recognizer was less than that required for a conventional dynamic 
time-warping implementation by at least a factor of ten, whereas the 
recognition performances of the two systems were comparable. 
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