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ABSTRACT
In this paper we discuss various experimental results us-
ing our continuous speech recognition system on the Wall
Street Jounal task. Experiments with different feature ex-
traction methods, varying amounts and type of training
data, and different vocabulary sizes are reported.

1 INTRODUCTION

Large vocabulary continuous speech recognition is
an area that is of great current interest, and to this
end, several speech recognition systems have evolved
that are capable of dealing with such recognition tasks
[2, 4, 5, 6, 7, 9]. The ARPA sponsored Wall Street
Journal task represents a standardized database that
enables the evaluation of the features specific to these
different systems on a common platform. In this pa-
per, we present the performance of the IBM contin-
uous speech recognition system on this task. We will
concentrate on the speaker-independent portion of the
database. The test data used in the experiments is
read speech recorded using a Sennheiser microphone.
We report experimental results showing the influence
of several parameters of the system, including differ-
ent ways of extracting feature vectors, varying acoustic
and language modelling vocabulary sizes, and different
amounts and types of training data on the recognition
performance.

The rest of this paper is organized as follows: in
the next section, a brief description of the IBM sys-
tem is given. In Section 3 a number of experiments
are described, along with their results, that show the
interaction between system parameters and the recog-
nition performance, and finally, conclusions are given
in the last section.

2 SYSTEM DESCRIPTION

Essential aspects of the system used in the exper-
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iments here have been described earlier [1, 2]. We
summarize below the important elements of the sys-
tem and point out the enhancements that have been
introduced.

Signal Processing: Acoustic feature vectors are ex-
tracted from the 16KHz sampled data every 10 ms.
The processing involves (i) computing 24-band mel
cepstra every 10 ms using a 25 ms window for the FFT,
(11) splicing together the cepstra from the adjacent s
frames on either side of the current frame (typically
s = 4) (iii) applying a transformation that brings the
dimensionality of the vector down to, say, 60 dimen-
sions (iv) outputting the 60-dimensional vector as the
feature vector at the current frame.

Linear discriminant analysis {2] is used to com-
pute the above transformation from training data. In
this system, the procedure is modified in the follow-
ing manner. This technique essentially is a two-step
process for extracting linear discriminants; in the first
step, the linear discriminants of the unspliced 24 di-
mensional cepstra are obtained, and applied on the
cepstra - there is no reduction in dimensionality at
this stage. The second step of the double rotation
technique attempts to capture the dynamics of speech
in this transformed 24-dimensional space. This is done
independently for each dimension, d, of the transformed
space by splicing together the d** component of the
transformed cepstra, across 23+ 1 frames, and obtain-
ing linear discriminants to maximally separate sub-
phonetic classes on the basis of this (2s+1)-dimensional
vector. Subsequently, the 60 most discriminative pro-
jections are chosen and put together with the first ro-
tation to give the final transformation.

The feature extraction technique described here is
in contrast to that used in several other systems [5, 9],
which use differences in the cepstral vectors between
frames to model the dynamics of speech. The results of
the experiments in the following section indicate that
our method provides a performance improvement.
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Search: The IBM system uses an envelope search al-
gorithm [3]. An important feature of this technique is
that it does not rely on the language model to limit
the size of the search space, unlike Viterbi techniques
(5, 9, 6, 4, 7]. Consequently, it is possible to increase
the size of the acoustic vocabulary beyond the size of
the language model vocabulary. This will be eluci-
dated further in the next section.

Acoustic Models: The system uses different acoustic
models for sub-phonetic units in - different contexts.
These instances of context dependent classes are iden-
tified by growing a decision tree from the available
training data [1] and specifying the terminal nodes of
the tree as the relevant instances of these classes. The
acoustic feature vectors that characterize the training
data at the leaves are modelled by a mixture of Gauss-
ian pdf’s, with diagonal covariance matrices. The HM-
M’s used to model the leaves are simple 1-state mod-
els, with a self-loop and a forward transition. As far as
the output distributions on the state transitions of the
model are concerned, rather than expressing the out-
put distribution directly in terms of the feature vector,
by using the mixture of Gaussian pdf’s modelling the
training data at the leaf [5, 9], the IBM system ex-
presses it in terms of the rank of the leaf [2]. The rank
of a leaf is obtained by computing the log likelihood of
the acoustic vector using the model at each leaf, and
then ranking the leaves on the basis of their scores.
Training of the acoustic models: The training pro-
cedure assumes that we have an initial speaker inde-
pendent training that can be used to bootstrap the
procedure. We begin by marking, for each training
utterance, the particular pronunciation of each word
and also the presence of silence between words. This
is done by decoding the training utterances using the
initial training, but constraining the decoder to con-
sider only different pronunciations of each word and
silences between words. The training data is then
aligned against these scripts using the Viterbi algo-
rithm, giving us the class label corresponding to each
feature vector (transition within the phonetic HMM to
which the vector is aligned) and the phonetic context.
This information is first used to compute the matrices
for 2-level LDA described earlier. Decision networks
are then constructed using the training data, one for
each class label. The training data at each terminal
node is then used to determine a mixture of Guss-
ian densities with diagonal covariances. This is done
by first clustering the feature vectors and then refin-
ing the models using the forward-backward training
algorithm. Optionally, this whole procedure may be
repeated after separating the data corresponding to
each gender (including the estimation of the projec-
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Sentences | Components | % Error | % Improvement
6850 31653 9.69 %
14257 54823 8.33 % 14 %
21385 74666 8.17 % 1.9 %
28513 90434 8.12% 0.62 %

Table 1. Effect of varying amount of training data

tion matrices) to yield gender dependent models. The
number of mixture components is variable and an up-
per bound is often imposed by the amount of training
data available. We will see the effect of these factors
on recognition accuracy in the next section.
Language Model: The standard language model used
in all the experiments is a trigram model. Different
amounts of training data is used for deriving the mod-
els for different vocabulary sizes. This is covered in
greater detail in the next section.

3 EXPERIMENTAL RESULTS

We conducted several experiments on the speaker
independent portion of the ARPA Wall Street Journal
corpus, as well as the NAB news test data that was
available in 1994. The training data consists of read
speech recorded using a high quality Sennheiser mi-
crophone. We distinguish between two training sets
- a collection of roughly 35,000 sentences from 284
speakers labeled as §I-284 and another collection of
sentences of similar size from 37 different speakers la-
beled SI-37. Note that SI-284 contains a larger vari-
ety of speakers but smaller amount of data from each
speaker, whereas SI-37 contains a smaller variety of
speakers but significantly larger amount of data from
each speaker. Three different sets of test data are used
in the experiments below. The data labeled dev-92
consists of 403 sentences of test"data from ten differ-
ent speakers, that was used as the development test
data in 1992. The data labeled eval-93 consists of 213
sentences of test data from ten different speakers, that
was used as the benchmark test of systems in Novem-
ber 1993 [8]. The test data labeled dev-94 consists
of 310 sentences from 20 speakers that was available
in September 1994. This data comes from the North
American Business News (NAB) domain.

We first examine the effect of varying the amount
of training data. Experiments were conducted using
the dev-92 test set and various amount of training data
from SI-28/4. Table 1 shows the error rate as a function
of the amount of training data. The first column shows
the number of sentences of training data. Note that
the number of mixture components changes with the



amount of training data, since upper limits are placed
on the number of components in order to obtain reli-
able estimates of the parameters of the Gaussian dis-
tributions. The third column shows the error rate and
the last column shows the percentage improvement in
error rate in each step. The feature vectors used here
are 12 mel cepstra augmented with the overall energy,
and first and second order differences of these 13 pa-
rameters.

. We next contrast the feature vectors derived using
the two-level LDA scheme described in the previous
section with the feature vectors used in the first ex-
periment, namely, cepstra, energy, and first and sec-
ond order differences. Table 2 shows the error rate
using these two techniques. The eval-98 test set was
used for this experiment. Training in both cases used
all sentences from SI-284, with the systems being gen-
der independent, and with 124K mixture components.
As can be seen, using the feature vectors obtained
through the 2-level LDA provides a small increase in
the accuracy. This difference is further accentuated
for the gender dependent case, where the rotation ma-
trices can be specifically made for each gender.

As mentioned earlier, the maximum number of mix-
ture components that can be used is limited by the
requirement that reasonable estimates of these para-
meters can be obtained from the limited amount of
available training data. The effect of varying the num-
ber of mixture components while keeping the amount
training data constant is indicated in Table 3. The fea-
ture vectors in this case had 39 dimensions, and were
derived using the 2-level LDA technique. The eval-93
test data was used for the experiment. All sentences
from SI-284 were used for training the systems.

All experiments reported above were performed us-
ing a gender independent training set. It is possible
to segregate the data depending on the gender and
train two different sets of models. Gender selection
can then be made by decoding three different ways
(two genders and the gender independent) and select-
ing the sentence with the highest likelihood. Table
4 compares the word error rate obtained using such
a gender dependent system to a gender independent
system on the eval-93 test set.

A further advantage associated with using the 2-
level LDA technique to extract feature vectors is that
the dimensionality of the vector can be changed eas-
ily. As one might expect, increasing the number of
dimensions does help, but only upto a point (perfor-
mance starts degrading after 60 dimensions). The re-
sults of these experiments on the eval-93 data are given
in Table 5. The systems were gender dependent, and
trained on all the SI-284 data.
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In the next experiment {Table. 6), we present re-
sults on the dev-94 data, obtained by training a gen-
der dependent system on SI-37 datal, and compare
it to results obtained by training it on SI-284 data
(17662 sentences from male speakers, and 17996 sen-
tences from female speakers). The results show that
having a larger number of speakers in the training cor-
pus gives better speaker-independent performance.

As mentioned earlier, in the envelope search tech-
nique, the vocabulary used for the acoustic models is
independent of the language model vocabulary. This is
because the candidates for further extension of a path
are obtained by searching the acoustic vocabulary us-
ing simple models. Hence, even if the size of the lan-
guage model vocabulary is constrained, it is possible
to have a larger acoustic vocabulary 2. This in turn re-
duces the problem of out-of-vocabulary words, as these
words may now appear as candidates for extension af-
ter the fast match. As far as the language model is
concerned however, all the words proposed for exten-
sion by the fast match that are not in the language
model vocabulary are treated as the “unknown” word,
and assigned the “unknown” word probability. We
present in Table 7, the results of decoding the dev-94
data using a gender independent system with acoustic
vocabularies of 20K and 64K respectively. A 20k tri-
gram language model is used in both cases. Also, the
system has 124K mixture components, and uses 50-
dimensional acoustic feature vectors, that are obtained
using the double rotation technique.

Finally, we present experiments that demonstrate
the effect of the size of the lexicon. The lexicon here
refers to both the acoustic vocabulary and the lan-
guage model vocabulary. Results are presented in Ta-
ble. 8 for the dev-94 data, using a gender dependent
system with 120k mixture components, that uses a 60
dimensional feature vector obtained using the double
rotation technique. Theé lexicon sizes were respectively
20K and 64K, and the percentage of words in the test
data outside the vocabulary decreases from 2.7% for
the smaller vocabulary to 0.7% for the larger vocabu-
lary. The large gains possible by increasing the lexi-
con size are further illustrated by comparing the per-
formance on the eval-99 data; the 64K system gives
a word error rate of 7.9% on the data compared to
10.3% using the 20K vocabulary.

! Actually, data from only 25 out of the 37 speakers was used.
This data comprised of 13372 sentences from male speakers and
15068 sentences from female speakers.

2In contrast, viterbi-based techniques use the language
model to predict a shortlist of candidate words for extension,
hence there is no advantage that accrues from having an acoustic
vocabulary that is larger than the language model vocabulary.



4 CONCLUSIONS

In this paper we described some experiments with
the IBM large vocabulary continuous speech recogni-
tion system on the ARPA task.® It is clear from the
results that to obtain good speaker independent per-
formance, we need to use a large amount of training
data from a large number of speakers. It possible to
obtain more accurate models in a higher dimensional
feature space. Though gender dependent systems ap-
pear to provide better accuracy, we believe that this is
not a very realistic arrangement for practical systems
(besides being politically incorrect).
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Cepstra

2-level LDA

% Improvement
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11.52 %

2.9 %
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% Improvement
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