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ABSTRACT : When distance measures based on Linear Prediction are used in Nearest
Neighbour speech recognisers with a large number of training samples, it is found that
the recognition performance is independent of the distance measure used. This contrasts
with the case of small training sample sizes, in which performance is highly sensitive to
choice of distance measure. The “asymptotic nearest neighbour equivalence” of this class
of distance measures is explained and demonstrated in a vowel recognition experiment.

INTRODUCTION

The Nearest Neighbour (NN} method of pattern classification is widely used in speech recognition
systerns where it is often referred to as “template matching”. The popular Dynamic Time Warping
(DTW) approach is an example of NN-ciassification which is the basis of many commercial speech
recognisers. A key research issue in NN-speech recognition has been the choice of distance measures
and their effect on recognition performance. A number of distance measures have been theoretically
derived, which are naturally suited to the speech problem by virtue of their spectral matching properties.
There are, however, few theoretical results which directly indicate what recognition performance is to
be expected of the various distance measures.

In this respect, the speech community has relied on empirical evaluations of distance measures in NN-
speech recognisers, which are trained and tested on carefully designed speech databases. A class of
related distance measures which are derived from the Linear Prediction (LP) method of signal analysis
(Figure 1) has been the subject of numerous evaluations, and it is the performance of these measures
which is addressed here. Some of these distance measures use the linear prediction coefficients
themselves (LPC) whereas others use one-to-one, non-linear transformations of them.

Empirical studies have achieved relatively consistent results, whether it be for vowel recognition (Pali-
wal and Rao, 1982), consonant recognition (Clermont, 1982) or word recognition {Davis and Mermel-
stein, 1980). The “Cepstral” distance measure (CEP_EUC), for instance, yields the best performance
amongst the distance measures indicated in Figure 1. Apparently, the recognition accuracy is highly
dependent on choice of distance measure. An important limitation of these empirical studies is the
smali number of speech samples used in training. It is imporiant, for instance, 1o know to what degree
the high cost of collecting additional training data can be offset by improved performance. While a
small number of studies have examined large training sample behaviour (e.g. Paliwal and Rao, 1983),
they do not contrast a variety of different distance measures. This paper addresses the relative per-
formance of the class of LP based distance measures when a large number of training samples are
available.
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Figure 1: The Class of Distance Measures based on Linear Prediction

OPTIMAL PERFORMANCE OF SPEECH CLASSIFIERS

The feature extraction pracess of a speech recogniser, such as LPC, provides the basic information

“that is necessary to discriminate between classes of speech sounds. An important property of the
non-linear transformations used in NN-speech recognition (Figure 1) is that they are one-to-one and
therefore involve no loss of information. On intuitive grounds, therefore, the classification accuracy
of speech using the transformed LP coefficients should be identical to that using the LP coefficients
themselves. This assumes an ideal or optimal pattern classifier which can use all of the information in
the features. The optirnal classifier is usually defined as the Bayes classifier which can be derived from
the probability density functions of the features for each class. An example of optimal classification
compared with NN-classification using one reference tempiate per class appears in Figure 2. In Figure
2(a), the reference templates have been chosen so that the NN decision boundary (Onn ) coincides with
the optimal decision boundary (d*), achieving optimal performance. f the features are fransformed
(Figure 2(b)), however, the NN boundary no longer coincides with the optimal decision boundary.
Thus, whilst the optimal performance is invariant to transformation, smail sample NN-classification
performance is not.

ASYMPTOTIC PERFORMANCE OF NN-SPEECH RECOGNITION

In the asymptotic case of NN-classification (infinite number of training samples) Cover and Hart (1967)
have established that the NN probability of error R is bounded from above by twice the Bayes error
R*:
R*<R<2R

This bound, valid for metric distance measures, is independent of the particular distance used. The
NN-asymptotic performance, like the optimal (Bayes) case is a function of only the probability density
functions of the features. This implies that identical asymptotic performance is obtained irrespective
of the distance measure or cne-to-one transformation of the features used.

In one of the few theoretical papers on relative performance of distance measures, Gray et al. (1980)
introduced the concept of “nearest neighbour equivalence” for those distance measures which achieve
the same performance in NN systems. Since the present discussion relates to distance measures
which achieve identical performance in the asymptotic imit, this paper puts forward the notion of
“asymptotic nearest neighbour equivalence”. According to this definition, the members of the LP class
of distance measures with metric properties are asymptotic nearest neighbour equivalent.
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Figure 2: Decision Boundaries for Optimal and NN-Classification

ASYMPTOTIC PERFORMANCE IN VOWEL RECOGNTITION

Of the few studies that have addressed speech recognition performance for large training samples, it
appears that only Paliwal and Rao (1983) have compared different LP based distance measures. They
conciude that vowel recognition performance converges to an asymptotic value when a certain number
of training samples is exceeded. Furthermore, their asymptotic values are substantially different for
the two distance measures considered. However, closer examination of the Paliwal and Rao data
(1983, Figure 2) indicates that the final slopes of their curves are approximately 0.5 percen/sample,
suggesting that convergence has not been achieved.

To evaluate the performance in the large sample case, a software system for NN-speech recognition
called KNN (for Kth Nearest Neighbour) was developed. This system offers the capability to use a
number of different distance measures and to perform different feature transformations on LP encoded
speech data. Recognition is performed using the K-nearest neighbours where K is variable, and
training data may also be clustered prior to recognition. In the present experiments, K equals 1 and
clustering is not attempted.

An Australian English vowel database is used and consists of linear prediction coefficients extracted
from the most stationary part of vowels in /CVd/ context. The database consists of five repetitions
of eight vowels (as in hid, head, had, hard, hod, hood, hudd, herd) in seven consonantal contexts
/h,b,d,g,p,t,k/ produced by four aduit male speakers. The vowel data is partitioned into a training and
a test set. From the training set, the required number of samples are selected randomly allowing for
multiple experiments with different training data. Ten runs of each experiment are averaged to reduce
the variation that occurs with different training samples.

224



RECOGNITION ACCURACY {%)

RECOGNITION ACCURACY (%)

RECOGNITION ACCURACLY {%)

-

ao:

(3) LP order 8

554

+ CEP_EUC
= RC_EUC
< ACLEUC

.
40—+~
25
10 T J T A T
o 15 an a5 - 5© 75 35
Number of REFERENCE Templates/ Class
100. b) LP order 4
+ CEP_EUC
= RC.EUC
85 .+ ACEUC
704
K
25-
1o T T T T ¥
0 15 3¢ as 60 75 90
Number of REFERENCE Templates /Class
100 (¢) LP order 2
+ CEPEUC
= RC.EUC
85 - ACLEUC
70
55
B P e Rt
Pl
254%
i0 T Y T T T
3o &0 90

18 as 75
Number of REFERENCE Templates / Class

Figure 3: Large Sample Behaviour in Vowel Classification
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Initial results for LP of order 8 with a number of distance measures {Figure 3(a)) are comparable
with previous studies such as Paliwal and Rao (1983). There are noticeable differences between
the performances of different distance measures even for 84 reference templates per class. Most
importantly, however, there is no indication of convergence of recognition performance. Apparently,
the rate of convergence of NN spesch classifiers is very slow.

One factor which strongly influences the smali sample behaviour of pattern classifiers is the intrinsic
dimensionality of the data (Kanal, 1974). An investigation was therefore undertaken to examine the
NN-speech recognition performance under conditions of reduced intrinsic dimensionality. In the case
of speech data, the intrinsic dimensionality may be reduced by lowering the order of LP analysis.
Reduced order recognition experiments are likely to achieve lower performance, but nevertheless are
useful in verifying the theory of asymptotic nearest neighbour equivalence.

Vowel recognition for LP of orders 4 and 2 are given in Figures 3(b) and 3(c). In the case of order
2, the recognition performance converges very quickly and the different distance measures have the
same asymptotic performance. For order 4, convergence is achieved by 84 reference templates
for the Cepstral (CEP.EUC) distance measure. in addition, the other distance measures are clearly
approaching the same asymptotic limit as the number of templates becomes large. These results are
consistent with the previously advanced notion of asymptotic nearest neighbour equivalence of the LP
based class of distance measures.

DISCUSSION

The performance of any speech recogniser is dependent on the information available from feature
extraction (in the present case LP). Whilst NN classification is suboptimal, its asymptotic performance
is at worst twice the optimal performance. The results of Figure 3({a) show, however, that for a typical
speech recognition experiment, the convergence is so slow that asymptotic performance is never
attained. That asymptotic nearest neighbour equivalence of the LP based distance measures has
not been previously observed is indication that current speech recognition methodology is performing
poorly with respect to the optimal performance. It is worth noting that progress in reducing the error
rates of speech recognisers over the last decade has not reached previously held expectations. The
resulis presented here suggest an explanation for this in terms of the intrinsically slow convergence
of NN classifiers. Whilst choice of distance measure has a substantial effect on both non-asymptotic
performance and rate of convergence, it is not at all clear to what degree performance can be improved
through the development of new distance measures.
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