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Abstract

We address the problem of labeling phonemes in a large
database of spoken sentences using a different, already la-
beled utterance of each sentence. In labeling an utter-
ance, a time alignment between the utterance and a ref-
erence utterance is required. This alignment compares
parameter vectors from different speakers and is there-
fore subject to an acoustic mismatch. The accuracy of
conventional alignment methods which do not deal with
the cross-speaker mismatch is thus limited. We improve
speech database labeling by iterating two steps: align-
ment against the labeled speech and transformation of
parameter vectors from test to reference. We propose to
use a linear scalar transform for each component of a pa-
rameter vector. Under our experimental conditions, the
results showed that the misalignment between the refer-
ence and test utterances was reduced, and the improved
alignment improved the recognition rate. A recognition
system trained using the phonetic labels provided by it-
eration of the alignment process gave a 50% reduction in
sentence recognition error rate.

1 INTRODUCTION

Current speech recognition systems require knowledge
about acoustic characteristics of recognition units such as
phonemes or words. Most of the knowledge is acquired
during a training phase, in which parametric models are
instantiated based on some training data. The training
data consist of parameter vectors labeled according to the
recognition units of the system. Labeling means specify-
ing the starting and ending times for each label. Accurate
and consistent hand labeling of large quantities of speech
data is practically costly, if not impossible. Automatic
labeling of speech databases is therefore mandatory for
developing high performance speech recognizers.

The problem addressed in this paper is related to the
method in which the labeled utterances of one reference
speaker are used to label utterances from a large popu-
lation of speakers. Based on one utterance of some sen-
tences, the system can automatically label a large amount
of speech from other speakers consisting of the same text.
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The labeling is based on a time alignment of the utter-
ance of the new speaker against the one of the reference
speaker. The alignment criterion is generally a vector-
to-vector -distance cumulated over the whole utterance.
After the alignment, the positions of the labels for the
new speaker are obtained by projecting the label positions
from the reference utterance to this speaker’s utterance.
While utterance variety is limited in this scheme, a high
accuracy can be expected because phoneme contexts are
the same in the old and the new utterances.

Since there is a difference in spectral distribution be-
tween the acoustic space of the reference speaker and that
of the new speaker, the vector-to-vector distance measure
used for alignment could lead to a cross-speaker mismatch,
and could therefore be phonetically meaningless [5]. To
overcome any mismatch, the labeling process may require
a parameter space transformation from a test speaker to
the reference speaker, followed by a time alignment be-

tween the utterances of the two speakers.

Such a transformation 7 is a mapping from {X,-}?’__.Bl
of the new speaker to {Y; };‘f__;l of the reference speaker.
A warping path W, a non-decreasing function of 7, gives
the time slot index of the reference speaker

j=W(@) with W0)=0, WIN-1)=M—1

corresponding to the time slot index of the new speaker
at time i. 7 and W should be jointly optimized so that
the expected spectral error over all vector pairs, e(7, W),
is minimized:

o7, W) & pip ElllYwy - T (1)

T may be unique for all recognition units, or specific to a
particular recognition unit (e.g., phoneme).

Traditionally, the solution to Eg-1 is simplist and not
optimal. Transformation 7 is simplified to a one-to-one
vectorial transform: 7(z) = z. The warping path W
which provides vector pairs is given by a single time align-
ment of utterances of the new speaker against the ones of
the reference speaker.
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In this procedure, it is assumed that a cross-speaker
distance measure actually measures the dissimilarity of
phonemes. However, since utterances by different speak-
ers correspond to different spectral spaces, the distance
measure used may not correspond to phonetic dissimilar-
ity. In the worst case, the similarity measure may be pho-
netically meaningless, thus resulting in poor correspon-
dence between vectors of the speakers.

We propose to iterate the transformation-alignment
process in order to decrease the degradation in vector
matching introduced by the cross-speaker distance by pro-
gressively moving the test space towards the reference
space.

The idea of iterating alignment and estimation pro-
cesses has been successfully used in other speech process-
ing fields where evaluation of cross-space dissimilarity of
vectors is required. For example, iterations are used in
Viterbi alignment followed by model parameter estima-
tion [8], in codebook speaker adaptation {7}, in vector
field smoothing for speaker adaptation [6], in mean vector
removal for speaker adaptive training [1], and in neural
network speaker transformation [5]. All these applica-
tions reported substantial improvements. In [5] it was
shown, using isolated words and non-linear transforma-
tion by recognition unit-dependent neural networks, that
the alignment error consistently decreased. In this paper,
we propose an iterative speech alignment using a unit-
independent linear transform. The result is evaluated in
terms of phoneme and utterance recognition accuracy in
continuous speech.

In Section-2 we present the iterative alignment and
transformation procedure and the linear transformation.
We then describe our experiments and results in Section-3,
where the system is evaluated in terms of speech recogni-
tion rate of a continuous speech recognizer trained with
the output of the labeling system. Section-4 concludes the

paper.

2 PRINCIPLE
2.1 Iterative alignment and transformation

Instead of adopting a one-pass solution, we solve Eq-1
by iterative calculation of 7 and W [5]. By applying an
iteration-dependent transformation, the new speaker’s ut-
terance parameter space is iteratively moved toward that
of the reference speaker. At each step, a new alignment
is determined that should be phonetically better than the
previous one. Using this alignment, a new transformation
is estimated and applied. The procedure stops when align-
ment improvement is small enough to be ignored. The
procedure is summarized as follows:

1. Align vector sequences {X;} and {Y;} and output a
sequence of mapped vector-pairs {(Xi, Yw())}-
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2. Repeat the following actions until alignment error
stops decreasing:

e Determine transformation 7 from the space of
the new speaker to that of the reference speaker,

using {(Xi, Yw@))}-

e Align transformed vector sequences {7(X;)}
with respect to {Y;}, giving new vector map-

pings {(Xi, Yw))}-

The final W gives the best alignment whilst the final T
is the optimized transform from the new speaker to the
reference speaker, which is discarded in our case. Since the
test space is moved close to that of the reference speaker,
the degradation due to the cross-speaker distance measure
is decreased.

2.2 Linear transform

We now focus on the transform 7 within a given iter-
ation. The iteration provides a particular alignment path
W. The basic idea is to find a transformation for each
component of the parameter vector used to define the
distance so that the energy difference of the component
between reference and test is minimized over time.

Let ryw(s),; be the j** component of the reference vector
at time i. Let ¢; ; be the j'* component of the test vector
at time 7, 0 < i < N, where N is the length of the test
signal. We apply a scalar transform 7; to each component
t; ;. Following Eg-1 and using a square error criterion, the
minimum expected error over the j** component e;(7) is:

&(7) & min E{(rwy,s - G0))} (@)

Generally, Eq-2 is a non-linear optimization problem,
to which we proposed a neural network solution [5]. Here
we study the linear transform f;(x) £ Ti(z) =p5 -z +v;
ont; ;:

sij = fi(bi) =i tij+ v 3)
where the p;,v; are adjusted so that the expected error

e;-r between reference rw (;y; and transformed test is min-

imized:
¢(T) = min E{(rw(s),; — 5i,4)°}
= min E{(rwn.s — (85 -t + i)’} (4)

Setting the partial derivatives with respect to p; and v;
to zero:

Oe; (T
ec';( ) = 2wy - (4 -t +v3)) tis} =0
1
Oe; (T
eé(—) = B{2(rwiy,; — (pj - tij +vi))} =0
Vi
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Since the expectation is a linear operation, we obtain a
linear equation system of y; and v;:

{E{t,-z,j}u,- + vj
E{ti}u; + E{tisly

E{rw(),;}
: 5
E{rw).itii} 5)

It

The solution of Eq-5 is (6)-(7):

_ E{rwgy ti) = B{rwa)i) - B{tig)
Hj = )
J

(6)

_ E{rw(,:)’j} . E{i?’j} - E{t,‘,j} 'E{T'W(i),j . t,',j}

2
7;

i1

™M

where

o = E{t};} - E{t:;}*

is the variance of {t; ;}. The expectation E{-} is calcu-
lated as time average over 7. We obtain thus, for each
component of the vector sequence, a linear transforma-
tion.

3 EXPERIMENT AND RESULTS

We report an experiment using the iterative align-
ment technique to perform phonetic labeling between two
speakers.

Two speakers jph and yg recorded the same set of 44
utterances. The utterances of yg were recorded after au-
ditory presentation of the utterance by jph. Utterances of
jph were hand labeled. In the test, alignment of speaker
yg (test) was performed against speaker jph (reference).

Vector-wise distance is based on the Euclidean distance
measure defined on a 4-dimensional vector composed of:
Ea, E; and their time derivatives, extracted from each
analysis frame, where E, is the average energy between
100Hz and 3000Hz, and Ey is the average energy between
3000Hz and 6500Hz [2].

The alignment procedure used is a dynamic time warp-
ing [9] process with constraints on phoneme duration {3].
For display purposes, the alignment error of Eg-1 is con-
verted into {0, 1] by

1
) = ———o
y(=) 1+k-z
with k is a constant. The resulting value is referred to as
similarity.

The iteration process was stopped when either the
alignment similarity increase was small enough or the
number of iterations reached a prespecified value. Gen-
erally, after 5 or 6 iteration, the alignment path did not
change anymore and thus the similarity stopped increas-

ing. Thus, the alignment procedure was iterated about
5-6 times.
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Visual inspection of alignment results revealed that the
iteration improved the accuracy of alignment. The phe-
nomenon of mapping one time slot in the test (or refer-
ence) to several time slots of the reference (or test) was
largely prevented by the iteration process.

Figure-1 plots the evolution of alignment similarities for
the 44 utterances. We observe that the similarities con-
sistently increased as the number of iterations increased.
Table 1 shows the average similarity over 44 sentences
as a function of the number of iterations. We note that
the second iteration increased the similarity on average
by 5.74%, compared to the additional 0.24% increase ob-
tained from the remaining iterations. A similar result was
observed in [5] where non-linear unit-dependent vectorial
mappings were used.

T T T T Y T T Y T

“similarity" -—

Figure 1: Evolution of alignment similarity as function of
iteration: 1 - first iteration, 2 - second iterations, 3 - last
iteration

| iteration: [ first [ second [ last |

average similarity: 0.801 | 0.847 | 0.849
improvement percentage - 5.74% | 0.24%

Table 1: Mean cumulated similarity (averaged over 44
sentences) as function of iteration

In order to investigate how the improvement con-
tributes to recognition accuracy, we trained the VINICS
[2, 4] phoneme-based continuous speech recognition sys-
tem with the output of the labeling system. Two recogni-
tion accuracies were evaluated:

e phoneme recognition accuracy on the training
database from the 44 utterances, and

o speaker-dependent (speaker=yg) recognition accu-
racy for a test set consisting of 62 country names.
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The number of phoneme tokens in the training database
was 1319, while 168 utterances were used for testing.

As indicated by Table 2, the reduced misalighment im-
proved the recognition rate. The alignment process im-
proved the recognition rate from 94.6% to 97.2%, or re-
duced sentence error rate by about 50%.

| iteration: || first | second | last |

829 | 83.2 | 84.5
94.6 - 97.2

phoneme
utterance

Table 2: Phoneme and utterance recognition percentages
as function of number of iterations to align the test utter-
ances against the reference utterances

4 CONCLUSION

In performing time alignment between two speakers,
cross-speaker distances must be considered in measuring
the similarity of vector pairs. Due to spectral differences,
the cross-speaker distances are not reliable and are sources
of misalignment that degrade labeling accuracy and thus
the recognition performance of the systems trained using
the labels.

We improved cross-speaker time alignment by iterative
transform-alignment of test utterances. The method is ef-
ficient in increasing alignment similarity, reducing align-
ment errors and improving both training and test utter-
ance recognition rates.

Our experiments indicated that unit-independent lin-
ear scalar transformation of each component of the param-
eter vectors give alignment improvements that are similar
to vocabulary-dependent non-linear mappings based on
neural networks as described in [5].

The alignment system is presently being used to pro-
vide data for training the VINICs [4] continuous speech
recognizer with new speakers.

Iterative alignment provides a solution to the problem
that cross-speaker distance measurements may not cor-
respond to phonetic dissimilarity. Our formulation can
be applied to other spectrum transformation problems in-
volving cross-speaker distance measurements. In partic-
ular, since Eq-1 is equivalent to the probability of the
transformed test utterance by Viterbi search in the HMM
framework, the method can be applied to HMM-based
systems.

t part of this work was performed at the Communications
Research Center of the Department of Communications, Ot-
tawa, Canada
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