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ABSTRACT

Speaker adaptation typically involves customizing
some existing (reference) models in order to account for
the characteristics of a new speaker. This work con-
siders the slightly different paradigm of customizing
some reference data for the purpose of populating the
new speaker’s space, and then using the resulting (aug-
mented) data to derive the customized models.. The
data augmentation technique is based on the meta-
morphic algorithm first proposed in {1], assuming that
a relatively modest amount of data (100 sentences) is
available from each new speaker. This contraint re-
quires that reference speakers be selected with some
care. The performance of this method is illustrated on
a portion of the Wall Street Journal task.

I. INTRODUCTION

In the recognition of typical large vocabulary natu-
ral language speech tasks, such as the U.S. Advanced
Projects Agency’s (ARPA) Wall Street Journal (WSJ)
task, training the recognition system in a speaker-dep-
endent fashion generally achieves a lower word error
rate than training it speaker-independently {2]. This is
because in speaker-dependent recognition the param-
eters of the system—such as acoustic prototypes, hid-
den Markov model (HMM) parameters [3], etc.—can
be specifically tailored to each individual speaker. The
main drawback of this strategy, however, is that a rel-
atively large amount of training data is required from
each new speaker before he or she can utilize the rec-
ognizer profitably.

For example, in [2] we evaluated the IBM large vo-
cabulary speech recognition system on the WSJ task
under both speaker-dependent and speaker-independent
conditions, using a varying amount of training data in
each case. We then compared the results obtained on
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the same test corpus under the two conditions. A typ-
ical conclusion was that speaker-dependent processing
reduced the average error rate by about 15% when 600
training sentences were available, but by more than
30% when 2400 training sentences were available. This
underscores the fact that speaker-dependent training
may only be truly beneficial on a large amount of data.

Unfortunately, in most applications the user is not
willing to provide that much training data. Further-
more, as speaker-independent systems become more
and more representative, it makes sense to take ad-
vantage of some of their “universal” properties, e.g.,
for initialization or smoothing purposes. It therefore
seems appropriate to switch to a speaker-adaptive para-
digm, where a smaller amount of training data is nec-
essary. In the case of the above experiments, for exam-
ple, we might want to use a maximum of 100 sentences,
as specified in recent ARPA evaluation proposals.

Speaker adaptation typically involves perturbing a
set of existing (reference) models in the direction of the
new data, to account for the idiosyncrasies of the new
speaker. Alternatively, one can perturb some reference
data to make it look like it came from the new speaker.
This way, it is possible to populate the new speaker’s
space with the perturbed data, and then use the result-
ing (augmented) data to derive the customized models.
The following implements this alternative approach us-
ing the metamorphic algorithm first proposed in {1).
Note that this does not result in incremental adapta-
tion, but rather “block adaptation,” where the cus-
tomization is performed at specific intervals in time
(such as after each day of use for instance).

The paper is organized as follows. In the next sec-
tion we discuss our general strategy to perform data
augmentation using the metamorphic framework. In
Section III, we propose suitable solutions to two impor-
tant implementation issues. Section IV gives a com-
plete overview of the algorithm used to conduct the
experiments. Finally, in Section IV we present exper-
imental results obtained on the pilot portion (WSJQ)
of the Wall Street Journal task.



II. GENERAL STRATEGY

Many techniques have been developed to carry out
speaker adaptation, via codebook adaptation (e.g., see
[4]), HMM parameter adaptation (cf., e.g., [5]), or both
[6]. Broadly speaking, the underlying strategy is to
find an appropriate mapping between a new speaker’s
codebook, or spectral space, or HMM parameters, and
the corresponding entity from a reference speaker, or
speakers [7]. The idea is to use this speaker-normalizing
mapping to transform the previously acquired param-
eters of the reference speaker onto the space of the new
speaker.

This transformation may be constructed globally
through a linear mapping to make the two speakers
look as alike as possible, or a non-linear mapping such
as a multi-layer perceptron [8] to better handle the
separation of phones. Alternatively, it may be con-
structed at the phone level as in [9], where a piece-
wise linear mapping was used to transform the feature
vectors from the reference feature space(s) to the new
feature space.

This paper builds on the framework described in
[9] to perform speaker adaptation through data aug-
mentation. The intuitive appeal of this approach is
that the speaker-normalizing mapping is done prior
to training. Hence, in principle, the derivation of the
models is not restricted to the existing reference set
up. On the other hand, any deficiency in the map-
ping may be amplified during later stages of process-
ing. Thus, the trade-off, not surprisingly, is between
flexibility and robustness.

In its original implementation, the metamorphic al-
gorithm used about 10 times more reference data than
new data. In some cases, however, the imperfect es-
timation of the transformation parameters sometimes
led to an overwhelming of the original data by a large
quantity of inadequately transformed data. It was
found in [9] that transforming about the same amount
of reference data as new data represented a reasonable
compromise. Thus, in the example mentioned earlier,
we would transform about 100 sentences of reference
data. This immediately entails that, to be effective,
this approach has to involve more than one reference
speaker. Otherwise, the amount of training data after
data augmentation would still be quite small.

From the point of view of data merging, it makes
no difference whether the reference data is accumu-
lated across several speakers, since the metamorphic
paradigm maps everything onto the same place. Thus,
it is in fact possible to use multiple reference speakers
instead of a single one. The idea is to apply the meta-
morphic algorithm to transform the data of each of the
reference speaker onto the space of the new speaker,
thereby populating the space of the new speaker with
enough data to reliably estimate the parameters of the
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(mixture Gaussian) HMM output distributions.
There are two potential problems with this frame-
work, however. First, 100 sentences of data for each
speaker may not be sufficient to estimate the (phone-
based) piecewise linear mappings in the metamorphic
approach. Least-squares estimation, in particular, is
vulnerable to sparse data [9]. Second, if for some ref-
erence speakers the metamorphic algorithm performs
less satisfactorily than for others, there is a danger
of populating the space of the new speaker with trans-
formed data of uneven quality. This in turn may intro-
duce some bias in the modeling. These two potential
difficulties are examined in detail in the next section.

III. IMPLEMENTATION

Let us first consider the issue of the reliability of the
metamorphic transformations in the face of sparse data.
This problem can be addressed by implementing vari-
ous tying mechanisms in the mapping estimation. Re-
call from [1] or [9] that for a given phone the metamor-
phic framework involves three transformations. First,
each reference feature vector X is mapped to the unit
sphere, yielding: '

X=5"(X-M,), (1)

where M, and S, are the mean vector and covariance
matrix for this phone. Similarly, each training feature
vector Y is mapped to the unit sphere, resulting in:

Y=571" v -M), @)

with similar definitions for M; and S;. Finally, there is
an orthonormal transformation I' which maps the ref-
erence vectors X onto the training vectors Y within the
unit sphere. As a result, the metamorphically trans-
formed data is obtained as:

X = (SM*rs7Yhy x + (M -SMPTS7rM,), (3)

where X represents the reference vector X in the space
of the new speaker.

In preliminary experiments, we found that for the
estimation of the covariance matrices S, and S, ty-
ing at the phone level is sufficient. However, for the
least squares estimation of I', tying across phones is
necessary. In the implementation of 1], phones were
tied together in groups of three or four, and the same
orthonormal transformation I' was shared within each
group. Here, because the amount of data available is
more constrained, a even stronger tying is called for.
We found it necessary to share a single orthonormal
transformation T' across all phones.

Let us now consider the issue of the potentially un-
even quality of the transformed data. This problem
is related to the well-known phenomenon of “outlier”



speakers, and can be addressed by implementing a ref-
erence speaker selection procedure. This procedure
discards those speakers in the reference pool which are
“far away” from the new speaker, in some appropri-
ate metric. Thus, only speakers sufficiently “close” to
the new speaker contribute to the data augmentation.
We have found that the metamorphic algorithm has an
easier time transforming the data for these speakers,
thereby reducing the risk that low quality data over-
whelm the original data in the new speaker’s space.

The distance measure used in the speaker selection
procedure is chosen to reflect the difficulty of reliably
estimating the transformation I' discussed earlier. As
a result, it operates within the unit sphere. Taking (1)
and (2) into account, the distance between two speak-
ers R and T is defined to be:

2
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D(R, T) = ”X - f/“ 2 ) (4)

where the summation is over all pairs of matched an-
chor points for these two speakers (cf. [9]). Note that
a distance of zero would mean that I' evaluates to the
identity matrix in the metamorphic processing asso-
ciated with these two speakers. Thus, only speakers
whose orthonormal transformation is “close” to the
identity (i.e., whose data can be more reliably trans-
formed) contribute to the data augmentation.

IV. DATA AUGMENTATION

This section provides an overview of the complete data
augmentation algorithm used in the experiments re-
ported below. To initialize the algorithm, we assume
that some speech has been recorded for all speakers
in the reference pool (reference data) as well as the
new speaker (training data). We further assume that
all recordings have been appropriately labelled and
Viterbi aligned against suitable Markov word models
[2]. “Finally, we assume that for any given phone, suit-
able mean vectors M; and covariance matrices S; have
been extracted for the new speaker T (cf. [1], [9]).

For each reference speaker R, we perform the follow-
ing steps: (i) tie the reference data at the phone level
for covariance estimation; (ii) extract mean vectors M,
and covariance matrices S,; (iii) compute the distance
D(R,T) between this speaker and the new speaker,
using the definition (4). After all reference speakers
R have been ranked according to this distance, only
those whose D(R,T) is smaller than a pre-determined
threshold are retained for further processing.

For each reference speaker so selected, we continue
with the following: (iv) tie the reference data across all
phones for least squares estimation; (v) estimate the
orthonormal transformation I' to map one normalized
space onto the other; (vi) apply the resulting piecewise

694

linear mapping to the reference data to map it to the
space of the new speaker, cf. (3); (vii) merge the trans-
formed reference data with the original training data,
as the two are now extremely close.

This procedure effectively increases the amount of
training data available from the new speaker. After
that, training proceeds normally on the augmented
data. In the IBM system, this results in a set of mix-
ture Gaussian HMM output distributions, which are
then smoothed back to the speaker-independent dis-
tributions for added robustness.

V. EXPERIMENTAL RESULTS

We have performed a series of experiments to illus-
trate some of the benefits of the above approach. We
considered the 12-speaker speaker-dependent portion
of the Wall Street Journal task released in the Fall
of 1992. Without loss of generality, attention was re-
stricted to 20K, non-verbalized punctuation data. All
experiments were conducted with the standard MIT
Lincoln Laboratory 20,000 word statistical trigram lan-
guage models provided by Paul [10]. For the sake of
completeness, we ran on both development and eval-
uation test sets. We ran development tests with the
standard closed vocabulary trigram language model
(as this is more amenable to analysis), and the evalua-
tion tests with the standard open vocabulary trigram
language model (as in official ARPA evaluations).

The training data was taken to be the first 100 sen-
tences of the data provided by each speaker. The ref-
erence pool was taken to be the WSJ0 speaker-indep-
endent set (SI-84), which was also used to train the ref-
erence speaker-independent system. Of these 84 speak-
ers, an average of about 20 were selected by the ref-
erence speaker selection procedure mentioned earlier.
This resulted in about 1500 sentences transformed with
the metamorphic algorithm onto the space of the new
speaker. Thus, for each speaker, the 100 sentences of
training data were supplemented by 1500 sentences of
synthesized training data obtained through metamor-
phic acoustic mapping.

The error rates obtained using the speaker adapta-
tion procedure described above were compared to the
error rates obtained using the speaker-dependent sys-
tem of [2] with 600 sentences of training data. (This
speaker-dependent system is about 25% better than
the SI-84 speaker-independent system on this data—
cf. [2].) The results are summarized in Table I for the
development test data and in Table II for the evalua-
tion test data. Over the 12 speakers the error rate re-
mains essentially identical even as the (original) train-
ing data is reduced 6-fold from 600 to 100 sentences.
This shows that data augmentation through the meta-
morphic algorithm appears to be a viable approach to
(non-incremental) speaker adaptation.



Spkr-Dep Spkr-Adapt Spkr-Dep Spkr-Adapt
Speaker 600 Sentences 100 Original Speaker 600 Sentences 100 Original
Training +1500 Mapped Training +1500 Mapped
001 28 % 2.8 % 001 9.2 % 92 %
002 52% 52 % 002 8.6 % 8.6 %
00a 11.8% 121 % 00a 12.2 % 13.2 %
00b 9.9% 10.1 % 00b 7.3 % 72 %
00c 11.8% 122 % " 00c 13.9 % 14.7 %
00d 89% 9.0% 00d 103 % 104 %
00f 123 % 128 % 00f 19.2 % 20.8 %
203 77% 7.8 % 203 122 % 125 %
400 9.4 % 9.7 % 400 9.8 % 9.8 %
430 55% 5.5 % 430 14.0 % 149 %
431 7.7% 7.8 % 431 10.4 % 10.4 %
432 38% 38% 432 6.9 % 6.8 %
Average 81% 82% Average 112 % 115 %

Table I. Word Error Rates — Development Test Data.

VI. CONCLUSION

We have proposed to use the metamorphic framework
presented in [9] to perform speaker adaptation through
data augmentation. The intuitive appeal of this ap-
proach is that the speaker-normalizing mapping is done
prior to training, meaning that, in principle, the deriva-
tion of the models is not restricted to the existing ref-
erence set up. Since the amount of data provided by
the new speaker is relatively modest, we use multiple
reference speakers instead of a single one. To reduce
the risk that low quality data overwhelm the original
data in the new speaker’s space, we implement a refer-
ence speaker selection procedure which discards those
speakers in the reference pool deemed “too far away”
from the new speaker. In addition, for the sake of ro-
bustness we implement various tying mechanisms in
the estimation of the metamorphic transformations.
Experiments performed on the Wall Street Journal cor-
pus shows that this approach appears to be viable for
block adaptation with 100 sentences of data.
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