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ABSTRACT

The distance-based approach has been used successfully in
Isolated and Connected Word Recognition, but this approach
has not been explored adequately for Acoustic-Phonetic
Decoding. The K-Nearest Neighbor criterion constitutes one
of the most powerful classification rules in Pattern
Recognition based on the Decision Theory. This rule can be
combined with an also powerful but less used algorithm such
as the Two-Level algorithm. The main problem with this
algorithm was its computational requirements, but this can
be reduced adequately. In this paper, we present the use of
the combination K-Nearest Neighbor and Two-Level
algorithm for Acoustic-Phonetic Decoding. The results that
are obtained by this combination are also presented, and they
are higher than the ones obtained with more conventional
methodologies.

Keywords: Acoustic-Phonetic Decoding, Distance-based
approach, Two-Level algorithm, K-Nearest Neighbor rule.

1. INTRODUCTION

Acoustic-Phonetic Decoding (APD) is one of the most
difficult tasks in the Automatic Speech Recognition (ASR)
field. The aim of APD is to obtain an interpretation of the
speech signal in terms of a certain set of linguistic units.
These units can be represented by one or more models which
should be able to capture the variability of the acoustic events
that characterize the linguistic units.

Nowadays, the most popular methodology used in APD
problems is the statistical approach to Pattern Recognition
[1-4].

In the non-parametric methods of Pattern Recognition,
the distance-based approach was very successful in ASR.
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This success was due to the introduction of the Dynamic-
Time-Warping (DTW) technique applied to Isolated
WordRecognition [5-6]. This technique, based on Dynamic
Programming [7], allows us to compare two acoustic objects
independently of the respective temporal distortions. The
models under this framework are represented as templates. It
was also extended to Connected Word Recognition (CWR)
problems through the so-called Two-Level [8], Level
Building [9] and One-Stage {10] algorithms. Nevertheless, in
APD, distance-based methods are not a common technique.

However, distance-based methods (and, more
particularly, the neighbor decision rule classifiers) have been
proved to be equal or superior in theory and/or practice to
parametric methods in the general framework of Pattern
Recognition. The limitation of the parametric approach is due
to the fact that the real probabilistic distributions are
unknown and then, some strong constraints must be assumed.

It is important to recall that, in theory, the error rate of the
K-Nearest Neighbor (K-NN) rule, in the limit, is similar to
the error rate of the parametric method if the real distribution
is known [11]. Thus, it would be interesting to work both
with the K-NN decision rule and the largest number of
models (neighbors).

This work is focused on the recognition phase of an
acoustic phonetic decoder and develops a new version of the
classical Two-Level algorithm which enabled us to introduce
the K-NN decision rule. The linguistic units which have been
considered are phoneme-like units (phones). In order to have
a large number of models, the entire training data was
segmented into these units.

The rest of the paper is organized as follows. In section 2,
a new formulation of the Two-Level algorithm is presented.
The experiments performed and the results obtained are
presented in section 3. Finally, the conclusions drawn are
presented in section 4, and we propose future work oriented
to improve our results and reduce the computational
complexity of the algorithm.
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2. AN IMPROVEMENT OF THE
TWO-LEVEL ALGORITHM

Given a speech utterance and a set of models, the problem of
obtaining the best composition (concatenation) of models that
minimizes a certain distortion function is a task that has been
deeply studied in [12-13]. This problem is solved (with some
restrictions) by the three classical DTW algorithms used in
CWR. The most popular one is the One-Stage algorithm, due,
above all, to its computational efficiency [12].

However, in a recent study [13] it has been proved that
the Two-Level (TL) algorithm solves a most general class of
problems and has an important set of desirable properties
which the other two algorithms lack. The possibility of
applying several neighbor rules in the comparison of models
and utterances is one of these properties.

The problem solved by the TL algorithm is known as Best
Model Decoding with Segmentation problem [13], which
consists of finding the best segmentation of the given
acoustic signal and the corresponding concatenation of
models with respect to this segmentation. The minimization
equation of this problem is:

D; = min D,(s)

18sslal
with
D,(s) = min min 3 d(wy,a(b,_, +1,b;)) )
weW?* beB”® k=]
where:

a € A% is a sequence of elements (frames) from the
representation space of the acoustic events A;

w=w,ew,e...ew € WTis a concatenation of s models
that belongs to the set of models W, where a model
 Q=Q,...Q, € Wis sequence of frames of A;

b=bob1...bg € B'is a sequence of boundary marks, where
B°= {be N* / bg=0<b1<b2<...<bs=lal, s<lal} and a
segment that encompasses frames g; through a; will be
noted as a(i, j);

d:W x A* — Ris a discrepancy function that measures the
matching between a single model and an acoustic segment.
Typically, d can be a DTW distance.

Finally, D,(s) is the minimum accumulative distortion
between a and the best sequence of s models.

Equation (1) can be solved by the following recursive
function D [13]:

D(j,s)=
min (D(i,s— 1)+ min d(Q,a(i + 1, j))) s>0Anj2s
s-18i<j QeWw

=<0 j=0/\s=0
o (Jsa(j<l vs<l)vj<s

then D,(s)= D(lal,s). 2
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The iterative solution to this recursion can be seen as a
“two-stage” procedure [8):

Stage 1: Compute and store the best distances and the best
models for every segment:

d(i, j) = mingw d(Q,a(i, j)), 1<i<j<lal.
Q. j) = argming .y d(Q,a(, j)), 1<i<j<lal.  (3)

Stage 2: Compute D(lal,s) for 1<s<S (where S=lal, but in
practice is the maximum number of models that are
allowed in the decoding result) according to the
recursion shown in (2) with the (precomputed)
values of ming.w d(2,a(, j)). The final solution,
D, is obtained as min,¢ ¢ D(lal,s). The best
concatenation of models w is obtained from the
subjacent models Q(i, j) of the best combination
of segments.

The particular characteristics of the algorithm allow us to
isolate the model-to-segment distortion computations in a
first step, in which for every segment the distance to the
nearest model is obtained. In the second step, the algorithm
only uses the output of the first step, that is, segments and
local distortions.

Assuming that W is partitioned into M different classes
W, 1<cI<M (U sy W = W), the output of the first step,
for every possible segment of a, can be seen as the result of
applying the NN rule:

d(i, j) = mingy d(Q,aG. /) =
= mincle{!..M} mingewt' d(Q,a(, j))
Q(, j)=arg min,e(; py Midg o d(Q,aG,)) @)

It is known, however, that more powerful neighbor rules
exist and can lead us to a better classification of the segments
than the NN rule. More precisely, we can use the K-NN rule
proposed in [14], which defines the distance between a
segment a(i,j) and a class cle {1..M} as:

K
raG,j)= kgld(ai’,a(i,j)) 5)

>~

where Q¢ is the k nearest model of the class ¢/ to the
segment a(i,j). Within this definition, we assign the
segment a(i, j) to the class c/* if,

rgs Sry, cl=1,.M
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Now, we can rewrite the new K-NN first stage of the
algorithm. For every segment a(i, j), 1<i<j<lal:

VI " 1K o e s
d(i, j)=min ) 4 E’Eld(g fa(i, j) =
=mily ;403 7a (%))

O, ) = argmin o)y 7ai(is /) ©

where, if K=1, the expression (6) is identical to (4).

The computational complexity of the original first stage
(3) with a DTW distance d is O(W1iQHal? 1Pi) (where IW!
is the number of models of W, Q! is the (average) size of a
model of W, and Pl is the average number of productions)
and the spatial cost is O(lal’). Using the K-NN rule, the
temporal cost of the first stage (6) is very similar to the
previous cost, and entails O(WHQHal? TPi+IWI-logKlal)
steps (where (IWi-logK-lal) is the cost of maintaining the
K-NN lists sorted) with the same spatial requirements. The
temporal and spatial complexity of the second stage is
0(lal* -K) steps and O(lal) memory cells, respectively. The
temporal cost can be reduced to O(lal’ ) steps with a new
version of the TL algorithm presented in [13], which also
allows us to directly obtain the optimal number of segments.
We can impose durational constraints [8] in order to reduce
the temporal and spatial cost of the first stage in both
algorithms ((3), (6)) in a lal factor, which is substituted by a R
constant factor. In this case, the total cost only differs of the
cost of One-Stage algorithm in the R factor. Other
possibilities for decreasing the temporal complexity are
discussed in section 4. '

3. EXPERIMENTS AND RESULTS

A speech corpus of Spanish sentences was used to test the
feasibility of the proposed approach and the improved
method. This corpus consisted of 50 phonetically balanced
sentences uttered by 8 different speakers, 4 male and 4
female, (400 utterances in total). Each sentence had an
average of 30 phonemes. The number of different phonetic
units is 26. The acquisition and parametrization of the corpus
resulted in sequences of 11-dimensional parameter vectors of
10 Cepstrum coefficients plus the Energy. The results of the
experiments are reported using the following assessment

parameters:

Percent total; pt = 100 -~
c+s+i+d
Insertion rate: pi = 100--—1.—
c+8+i+d
Substitution rate: ps = 100- ————
c+s+i+d
Deletion rate: pd = Iw-_L
c+s+i+d
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where ¢ is the number of correctly recognized phonetic-units,
and i, s and d are the number of insertions, substitutions and
deletions, respectively. These parameters were obtained by an
algorithm for editing the output of the Acoustic-Phonetic
Decoder and the correct phonetic transcription of each word.

Two types of experiments were performed: speaker-
dependent, vocabulary-independent (SD) and speaker-
independent, vocabulary-independent (SI) experiments. The
training of both experiments included 30 sentences by 4
speakers, 2 male and 2 female. For test purposes, the rest of
the sentences (20) were uttered by the same 4 speakers for the
SD experiments or the other 4 spgakers for the SI
experiments,

In order to evaluate the performance of the TL algorithm
in the recognition phase, we have force-segmented the
training corpus by a Viterbi process embedded in a hybrid
system which employs a Multilayer Perceptron to estimate
the emission probabilities of the Hidden Markov Models
[15]. All the segments of the training corpus (3,400
templates) were used as models in the test. A set of
productions of the DTW step in the TL algorithm had to be
chosen. To do so, the training data was split into two different
partitions, one training set and one validation set. The final
set of productions are those which obtained the best
recognition rate among all the productions tested.

The experiments performed with the TL algorithm and
the K-NN rule used a number of neighbors (K) per class
which ranged from 1 to 10. The results in Table I correspond
to the following variations: classical TL algorithm, K=1,
(cited as CTL in table) and improved TL algorithm. In this
last case, two scores are given which correspond to the best
(KTL-B) and worst (KTL-W) recognition rate obtained in the
range of XK=2..10.

For comparison purposes, results of the same experiments
performed in our laboratories with other methodologies are
reported: Semicontinuous Hidden Markov Models (HMM),
Error-Correcting Grammatical Inference (ECGI) and Morphic
Generator Grammatical Inference (MGGI) methodologies
(16].

Table I: Error rates of the SD and SI experiments of the different

methodologies.
SD “ S1
ppi ps pdffpt pi ps pd
HMM 60 3 24 13 58 4 24 14
ECGI 65 3 17 15 58 4 pA) 15
MGGI 65 5 18 12 57 7 23 13
CTL 65 6 20 9 55 7 27 11
KTL-W} 68 5 18 9 58 5 26 11
KTL-B | 70 4 17 9 61 4 23 12
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4. CONCLUSIONS AND FUTURE WORK

An improvement of the classical Two-Level recognition
algorithm is presented in this work. This new version of the
algorithm has allowed us to evaluate the actual capability of
the Distance-Based methods which exploits the powerful
K-NN decision rule in APD tasks

The experiments reported show that the use of this
decision rule considerably improves the results of the original
algorithm. In particular, this improvement is more important
in speaker-independent experiments, where more information
on the units is needed. On the other hand, being able to have
a large set of models in the classical algorithm offers
recognition rates which are comparable with those obtained
by other classical methodologies such as Hidden Markov
Models, which are considered as well-suited for APD. When
our version of the TL algorithm is used, the recognition
scores are clearly superior. From these conclusions, we hope
that the distance-based approaches to APD have a promising
future that should be explored.

As future lines of work in this field, two main goals are in
progress: methods to decrease the temporal cost in the first
stage of the TL algorithm, which represents the bottle-neck of
this algorithm. This methods use fast-search techniques of
neighbors based in the branch-and-bound scheme [17-19].
One property of such a method is that it can eliminate the
dependency of the algorithm cost with the number of models
(IW1). Finally, the experiments will be extended to a larger
corpus.
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