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SUMMARY

In this paper we describe the application of pronunciatian-v
ants for our large vocabulary continuous speech recogni¥er
will explain how the pronunciation variants were used irrkra
ing and recognition and give some recognition results oeethr
different corpora. The recognition tests were performed on
the Wall Street Journa(WSJ) November 92 development and
evaluation corpora (5000 words), thierth American Business
(NAB) H1 development corpus (20 000 words) and on\theb-
mobil 1996 evaluation corpus (5000 words). For the WSJ and
NAB corpora, a slight improvement in recognition accuraag ¢
be observed, while for the Verbmobil corpus the error rate re
mains unchanged.

In addition, we will discuss the incorporation of phrases in
combination with pronunciation variants in the pronurioiat
lexicon as well as the language model. The recognition t@sul
on the WSJ November 92 development and evaluation corpora
show that the main improvement due to phrases is caused by the
language model.

1. INTRODUCTION

Pronunciation variants have been successfully used inraeve
speech recognition systems. In [1] an improvement in thererr
rate of about 2-3% for pronunciation variants only in redtgn
and 6% for pronuncation variants in training and recognitio
is reported. In [6] the improvement for pronunciation vatg
only in recognition is about 2% while for pronuncation vat&

in training and recognition the reduction is significantigter,
about 7%. In our recognition system, the use of pronunciatio
variants for the English corpora showed an improvement of 2-
6% of the error rate, while for the German corpus the erra rat
did not change. Additionally exploiting the pronunciatieeri-
ants for the training has only a slight effect in the speciist t
corpus we have used.

In addition, we will present our work on phrases. Phrases
are short sequences of words which occur very frequently in
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enlarge the span of the language model. Using phrasesrtre er
rate on thanall Street Journa(WSJ) November 92 test corpus
can be reduced by about 8%, in combination with pronunaiatio
variants even by about 13% relative.

2. PRONUNCIATION VARIANTS

One source of the variability of the speech signal are pronun
ciation variants of words. In order to model them in speech
recognition, they can simply be added to the standard lexico
The lexica we used for our recognition tests were produced in
two different manners. For the WSJ and NAB tasks, we used the
Philips lexicon as described in [1]. Here, the pronuncratiari-
ants were generated by a set of rules for suffixes like “—alhd
context dependent modifications like the “t” in “twen(t)yFor
function words as “the” additional pronunciation variantsre
added by hand. For the German Verbmobil task [3], the tran-
scriptions of the training corpus already contain the pnoiar

tion variants transcribed manually. So we simply counted¢h
pronunciation variants and then added the most frequesttone
the lexicon. In both cases, the vocabulary size was incodage
about 10%.

2.1. TRAINING

To use the pronunciation variants in the acoustic trainin,
necessary to recognize the correct pronunciation vargaitfch
word in the training corpus. For that, we implemented a $earc
algorithm using a linear lexicon [8] where the word tramsis
are constrained by the sequence of words in the sentence, and
trained acoustic monophone models with low acoustic resolu
tion (about 8 densities per mixture). Using this algorittaneor-
rected transcription for the training corpus is determin@tith
this new transcription a second training is performed, tiren
training corpus is retranscribed again and so on. This piwree

is iterated until no (major) changes in the transcription ao-
ticed. For the WSJ SI84 training corpus two iterations of thi
procedure are sufficient. Then this final transcription sdu®
train the acoustic models for recognition.

human speech. These phrases can be used to enhance acous- To enhance the robustness of pronunciation variant recogni

tic modelling by capturing the across-word effects betwisen
component words of the phrase, and for language modelling to

tion, we incorporated prior probabilities for the pronwatmn
variants. To do so, we simply counted the frequencies of the



pronunciation variants of a word in the training corpus. Séhe
frequencies were then used as a unigram language modegjdurin
the recognition of the pronunciation variants. For unseerds;

we assumed an equal distribution of the pronunciation mtgia

in the training corpus.

2.2. RECOGNITION

In recognition, the pronunciation variants are treateccparsate
words. Each pronunciation variant is represented by orférea
the lexical tree. At word transitions where the language ehod
has to be incorporated, a mapping function of the pronuiociat
variants onto the lexical word in the language model is uEse.
ery pronunciation variant of a lexical word results in thensa
language model probability, although one can think of ipoer
rating the prior probability of a pronunciation variant givthe
lexical word.

3. PHRASES

Although it is possible to form a sentence by using any combi-
nation of words from a given lexicon, there are certain corabi
tions of words which occur very frequently in human communi-
cation. These word combinations are called phrases. Exesmpl
are "itis” or "there.are” for two word phrases or "ati@_the”

for a three word phrase. Because of their high frequency of
occurrence, it is advantageous to treat them in a special way
for speech recognition, which will be discussed in the folltg
sections.

3.1. PHRASESIN SPEECH RECOGNITION

For speech recognition, it is possible to add such phraséeto
lexicon as single words. The two benefits are:

for including the phrase was about 7000. For these phrases a
bigram language model was calculated as follows. Firstlpf al

a pass over the training corpus was made to replace the proper
word sequences by the phrases. Using this modified corpus, a
reasonable language model for phrases can be trained.

Next, the phrases were added to the pronunciation lexicon.
Therefore, the pronunciations of the words were combined to
form a phrase. This was done in two ways:

e The transcriptions were combined with a silence phoneme
between the component words. Hence the triphones at the
word boundaries were independent of the across-word con-
text so the acoustic modelling is unchanged.

e The transcriptions were combined without a silence
phoneme. This has the benefit that the across-word context
can be taken into account for the word boundaries. Since
this results in a lot of unseen triphones in the recognition
corpus, it may be necessary to retrain the acoustic models.
However, in our experiments the acoustic models were not
retrained.

These two possibilities of combining the pronunciations ca
be used separately or, which will be shown to perform best, ca
be combined to allow both alternatives (coarticulation and
coarticulation).

3.2. PHRASESAND PRONUNCIATION VARIANTS

An obvious next step is to combine phrases and pronunciation
variants. This is very simple because the only effort whiak h

to be made is to examine each phrase and, if it contains a word
with a pronunciation variant, add a copy of the phrase with th
proper word replaced by this variant. In the worst case this ¢
result in an exponential growth of the number of phrasesen th

e The language model treats these phrases as single words S0 ayicon. Eor the lexicon which was used in the recognitimtse

the span of the modelled word dependencies is increased.

e The acoustic models are able to consider the acoustic con-
text at the word boundaries of the phrase components
(across-word context).

It is obvious that according to the two effects mentioned
above, there are two steps for incorporating the phrasdsein t
speech recognition system:

¢ Retrain the language model using the defined phrases.

¢ Add the phrases to the lexicon with respect to the acoustic
context at the word boundaries.

Our experimental results show that the improvement of the
error rate is mainly due to the language model while the modifi
cations of the acoustic modelling have almost no effect.

For our recognition system, we used the phrases which were
included in the Philips lexicon [5]. These phrases werecsete
by the counting method described in [5] where the threshold

the number of phrases was only enlarged by a factor of 2-3.

4. RESULTS

The speech recognition system which was used for the tests is
described in [9]. It has the following properties:

¢ 16 cepstral coefficients together with 16 first and one sec-
ond order derivatives resulting in a 33 component Cep-
strum vector [10],

¢ dimension reduction by LDA [2],
e continuous HMM with Laplacian mixture densities,
e gender dependent models,

e one single vector of absolute deviations for all distribu-
tions,

¢ HMM generalized triphone models without across-word
modelling [4],

¢ Viterbi approximation for training,



¢ word conditioned search algorithm using a lexical prefix
tree in combination with a bigram language model for
recognition [7].

The tests were performed on three different corpora:

o WSJ-5k

The training was done one the WSJ S184 training data, the
tests on the WSJ November 92 development & evaluation
data for 5000 word lexicon (WSJ-5k).

e NAB-20k

The training was done on the WSJ SI284 training data, the
tests on théNorth American Busineg®November '94) H1
development data for 20 000 word lexicon (NAB-20k).

e VM-5k

The training was done on the Verbmobil 1996 training data,
the tests on the Verbmobil 1996 evaluation data for 5000
word lexicon (VM-5Kk).

Table 1 contains the results on these corpora for the base-
line lexica BASB, for pronunciation variants only for recogni-
tion (REQ), and for pronunciation variants both in training and
recognition TRN & REQ

Table 1. Resultsfor pronunciation variants on WSJ-5k and
NAB-20k and on VM -5k.

Corpus WER [%)]

BASE | REC | TRN&REC
WSJ-5k | 69 | 65 6.6
NAB-20k | 16.3 | 16.0 -
VM-5k | 255 | 25.6 -

For WSJ-5k and NAB-20k, there is a slight improvement of
about 2-4% relative for pronunciation variants only in rgaie
tion. The additional use of pronunciation variants in tiain
which was only tested for WSJ-5k does not change the result.
For VM-5k, no gain in recognition accuracy is observed.

Table 2 focuses on the recognition of the pronunciation-vari
ants for transcription correction. Here, we have testedethe
fect of using single densities versus mixture densities 8 m
ture components), and the benefit of additional prior prabab
ties for the pronunciation variant recognition. Thesestegtre
performed only on the male corpus of WSJ-5k:

Table 2. Resultsfor pronunciation variantsin training and
different recognition methods, WSJ-5k male test set, 10
speakers, 4067 spoken words.

method | WER [%] |
REC 6.8
TRN & REC, 1 density 7.6
TRN & REC, 8 densities 7.1
TRN & REC, 8 densities & priorg 7.2

For eight densities, the error rates for the recognitiorhwit
and without priors are slightly worse compared to the resitit
pronunciation variants only in recognition while for siaglen-
sities the result is deteriorated by more than 10% relative.

Table 3 contains the results with phrases on the WSJ Novem-
ber 92 5k corpus. For phrases without any coarticulation-mod
elling (“ONLY SIL"), the error rate is improved by about 8%
relative. For phrases with coarticulation modelling bedwéhe
phrase components (“NO SIL") the error rate is almost theesam
as for the baseline result. That means, the effect of thedwagr
language model (“ONLY SIL") is completely compensated by
the modified acoustic modelling. By a combination of both
methods (“BOTH"), meaning two representations in the lakic
tree for each phrase, one with coarticulation modellingvben
all word transitions and one without, the gain in error rate is
slightly higher, about 10% relative.

It can be argued that for phrases containing more than two
words all combinations of coarticulation/no coarticubatat the
word boundaries have to be added to the lexicon. Taking iito a
count that for this corpus less than 10% of the recognizedisvor
are phrases and about 90% of the phrases are two word phrases,
the possible improvements are expected to be negligible:-Ho
ever, additional tests have to be carried out to clarify. this

Table 3. Results for phrases, WSJ-5k, 18 speakers, 12137
spoken words.

phrase type| number of phrase$ WER [%] ‘

NONE 0 6.9
ONLY SIL 229 6.5
NO SIL 229 7.0
BOTH 458 6.3

Table 4 shows the results for the combination of phrases and
pronunciation variants. Again the plain application of thedi-
fied language model reduces the error rate by about 7% relativ
while adding the across-word modelling deteriorates itofme
bination of both models yields the same error rate as theadeth
without any across-word modelling.
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