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Abstract

This paper compares relative performance of three differ-
ent language models applied to the linguistic decoding part of
a 75,000-word speech recognizer. These models are the tri-
gram model, the tri-POS model (POS stands for parts of
speech), and a smoothed trigram model with tied distribu-
tions for words three or more syllables long. The full tri-
gram model qves the best performance but is most expensive
in terms of data and storage requirements. The smoothed
trigram and tri-POS models yield equivalent performance.
For general text entry tasks use of the tri-POS model is sug-
gested since 1t 1s less sensitive to variations in the discourse
domains. For applications specific to indindual discourse
domains, trigram models tramed on data obtained from the
target domain are recommended.

I. Introduction

The task of the INRS-Télécommunications 75,000-word
recognizer is to automatically transcribe speech into text.
The recognition task has been divided into two parts: acous-
tic recognition and linguistic decoding. For each word of
spoken input, the acoustic recognizer generates a list of word
hypotheses and their associated acoustic likelihoods. These
word hypotheses are then input to the linguistic decoder
which applies syntactic and semantic constraints to gener-
ate the a posteriori most likely word string. The linguistic
constraints are generated by the language model. The focus
of this paper is statistical language modeling. We compare
three different statistical language models used by the lin-
guistic decoder.

The trigram language model (Jelinek, 1985a) has been
used successfully for both a 5000-word and a 20,000-word of-
fice correspondence task (Averbuch et al., 1987). To obtain
reliable trigram statistics for our 75,000-word task recog-
nizing sentences from a general discourse domain requires
a large training text collected from different task domains.
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The storage required for the trigram probabilities also turns
out to be prohibitive.

To reduce the storage and training text requirements,
Derouault and Merialdo (1986) use a tri-POS model (where
POS stands for parts of speech) for a 250,000-word recog-
nizer. We have implemented both the trigram language
model and the tri-POS language model. In addition, we
have tested a smoothed trigram language model with tied
distributions for words three or more syllables long.

The frequency of error for current speech recognizers
using only acoustic information is much higher for shorter
words than for longer words. We attempt to focus the power
of the language model on shorter words by tying the distri-
butions (Bahl et al., 1983) of words three or more syllables
long in the trigram language model. We call the trigram lan-
guage model with such tyings the smoothed trigram model.

In section 1I, we give an overview of our 75,000-word
recognizer. Section 111 describes the text corpuses used for
training the language models. Section IV specifies the 75,000
word lexicon. Section V describes the experiments with the
trigram language model. Section VI gives the recognition
results with the tri-POS language model. Section VII intro-
duces the smoothed trigram language model and compares
its performance with the trigram and the tri-POS language
models.

II. Overview of the 75,000-word isolated
word recognizer

We recognize words in two steps. The first step is the
acoustic recognition of the spoken words. The input to the
acoustic recognizer consists of words spoken with pauses
of at least 150 ms between them. The spoken text con-
sists of sentences read from text which was selected ran-
domly from magazines, books, newspaper articles, and of-
fice correspondence. An endpoint detector segments the
acoustic data A for the spoken word-string W into subseg-
ments Ajy,...,- A, corresponding to the words wy,wg. ..., wn
in the word-string. For each segment A;, the acoustic rec-
ognizer generates a list wil,u'?, . .,u'lN" of N; most likely

word choices, together with their likelihoods (P(Al-{u'g ), ] =
1, N;). These likelihoods are smoothed by taking their sev-
enth root before being passed to the second step of recogni-
tion. The probabilities
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P(A|W) = P(AjJwy)P(Ag'wg) ... P(Ap|wy)

are used in the second step of recognition. The acoustic
recognizer has been described in detail by Gupta, Lennig
and Mermelstein (1987).

The second step of word recognition involves linguistic
decoding. The linguistic decoder computes the most likely
word-string W using

W - argn%}[%x P(VV)P(A“’V)

The acoustic recognizer provides the probabilities P(A|W),
while the language model provides the probabilities P(W).
The search algorithm we have used to find W is called the
A* algorithm (Nilsson 1980), and is also known as the stack
decoding algorithm (Jelinek, 1976). The focus of this arti-
cle is the language model which estimates the word-string
probabilities P(W).

ITII. Text Databases

Two databases were available to us to train the language
models. One database is called the Brown Corpus (Francis
and Kucera, 1979) and consists of 1.1 million words of text
collected from different sources to represent written Amer-
ican English in 1960. The discourse domain for the Brown
corpus is quite diverse. The second database is the proceed-
ings of the Canadian Parliament in Ottawa (Hansard). The
Hansard corpus comprises approximately 15 million words
of text. Even though the discussions in the Hansard corpus
cover a wide range of topics, the text is more homogeneous
and this is reflected in a lower perplexity of the language
model for the Hansard corpus than for the Brown Corpus
(67 vs 329).

IV. 75,000-Word Lexicon

All recognition experiments reported here are based on
a vocabulary consisting of 76,211 orthographically distinct
- words. These 76,211 words correspond to the contents of
Merriam Webster’s Seventh Collegiate Dictionary (hence-
forth W7) (1965), together with most of the words in the
Brown Corpus (Francis and Kucera, 1979) not in W7, plus
approximately 400 common first names of people. Words
are distinguished orthographically. For example, book and
books are considered two different words in the lexicon.

V. The Trigram Language Model

The trigram language model estimates the P(W) for all
possible word-strings W = wjwy ... wy in the language as

P(W) = P(wy)P(wshwy) T] Plwilw; _g,w;_y).
1=3
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SIZE % OF TRIGRAM COVERAGE FOR
(Million) | Brown Corpus Hansard Corpus
1 24% 52%
4 32% 63%
8 36% 68%
Table 1 Size of the training database

(Hansard) versus percent of trigram
coverage in the test database.

In the trigram language model, the only parameters to be
estimated are the conditional probabilities P(wsg|wy,wg) for
all possible words wy, wg, wg in the lexicon.

We have used the interpolated trigram model to estimate
the conditional probabilities P(wg|wy,wy) (Jelinek 1985b)
as

P(wg|wy,wy) = g3 flwslwy,wg) + g2 f(ws|ws) + q1f(w3),

where g; are the interpolation weights which sum to one and
f(wg|wy,wy), f(ws|wg) and f(wsg) are the relative frequen-
cies which are computed using a large training text corpus.
The interpolation weights are computed using a forward-
backward algorithm on a training text disjoint from the one
used to compute the relative frequencies f (Jelinek 1985b).

Let us first estimate the amount of training text re-
quired to estimate the relative frequencies f(wg|wy,ws) for
our 75,000-word recognizer. The training size required can
be computed by estimating the percentage of trigrams in a
disjoint test set which are covered by the training set. Gen-
erally, over 75% trigram coverage is required for adequate
training of the trigram language model. For example, Je-
linek (1985a) uses 30 million words of training text to esti-
mate the trigram probabilities for a 5000-word vocabulary,
resulting in 85% coverage of the trigrams in a new text.

To estimate the size of the training set required for 75%
trigram coverage, we computed the percentage of trigrams
in a test set of 400,000 words covered by the training set
(Hansard corpus) as we increase the size of this set. The
test set of 400,000 words was disjoint from the training text.
The results are shown in Table 1.

The interesting result is that the trigram coverage for a
test set from the Hansard corpus is significantly higher than
for a test set from the Brown Corpus leading to the spec-
ulation that the discourse domain for the Canadian Parlia-
ment is much more homogeneous than for the Brown Corpus.
A training corpus size of 8 million for the language model
is probably sufficient to perform linguistic decoding for the
word-strings taken from the Hansard corpus. To perform
linguistic decoding of spoken word-strings taken from the
Brown corpus, we probably require training of the language
model with a much larger training text. For the 935 words
of spoken text used to test our recognizer, only 26% of the
trigrams are covered by the 8 million words of the Hansard
corpus.



Jelinek (1985b) has defined the measure of quality as
the perplexity of the language model. The perplexity is
computed by taking a reasonably large text distinct from
the training set with words wjwy...wy. Perplexity is then
computed as

Perplexity = P(wqwy.. .wn)_l/n.

Perplexity can be equated to the average branching factor
(Jelinek 1985b) or to the average size of the set of words be-
tween which the recognizer must decide when transcribing a
word of the spoken text. The perplexity of the trigram lan-
guage model with increasing training text is given in Table 2.
As is evident from Tables 1 and 2, the trigram coverage of a
text and its perplexity are directly related.

The perplexity of the language model also depends on
the discourse domain. The perplexity of the trigram lan-
guage model for the Brown Corpus is significantly higher
than that for the Hansard corpus as is evident from Table 2.

Size Perplexity
(Million) | Brown Corpus | Hansard Corpus
1 1130 172
4 495 86
8 329 66

Table 2 Size of the training data (Hansard
corpus) for the trigram language
model versus the perplexity of the
test data.

We store the relative frequencies f(wg), f(ws|ws), and
f(wg|wy,wy) which actually occur in the training corpus to-
gether with the interpolation weights. The 14 million words
of the Hansard corpus contains 75,000 distinct monograms,
1.1 million bigrams and 4.1 million trigrams requiring in
excess of 100 megabytes of storage. We have, therefore, ex-
perimented with only 8 million words of text for training the
trigram language model parameters requiring approximately
40 megabytes of storage.

We tested the trigram language model on 560 words of
text spoken by speaker ML and 375 words of text spoken
by speaker JM. The acoustic recognizer gave a recognition
rate of 80% on speaker JM and 83% on speaker ML. After
linguistic decoding using the interpolated trigram model, we
obtain 90% and 89% recognition rate on speakers JM and
ML respectively. The trigram language model eliminated
43% of the errors observed after acoustic recognition.

8 The recognition rate of the acoustic recognizer is given by the
percent of words for which the top word choice is correct. Homo-
phone confusions are not counted as errors. For recognition rates
using the language model, orthographic differences are counted as
errors.

515

VI. The tri-POS language model

The tri-POS language model (Derouault and Merialdo,
1986) computes the probability of a word-string W as

n
PW) =[] P(w;lg:)P(gil9:—2,91),

i=1

where g; is the part of speech for word w;. In our tri-POS
model, we have used a total of 21 parts of speech. The num-
ber of parameters to be estimated for the tri-POS language
model is less than 100,000: these are the 21° parameters
for the conditional probabilities P(g3|g1,92), and less than
90,000 parameters for the conditional probabilities P(w;|g;).
The 21 parts of speech correspond primarily to those used
in W7. The training and memory requirements are signifi-
cantly reduced for the tri-POS model. The memory required
for parameter storage is approximately 1 megabytes.

The tri-POS language model is trained using the 1.1
million words of Brown Corpus. The perplexity of the tri-
POS language model turns out to be 1250 for a text from the
Hansard Clorpus, twenty times that for the trigram language
model trained with 8 million words of text. However, for
the 935 words of text used for testing the recognizer, the
perplexity of the tri-POS is 1535, compared to 865 for the
trigram language model.

After linguistic decoding, we obtain 86% recognition rate
for speaker JM and 90% for speaker ML. The tri-POS lan-
guage model eliminated 35% of the errors observed after
acoustic recognition as compared to 43% for the trigram
language model.

VII. The smoothed trigram model with
tied distributions for words three

or more syllables long

A precise probability distribution in the language model
for words three or more syllables long may not be needed
for two reasons. First, the error rate for the acoustic rec-
ognizer for words three or more syllables long is quite low.
Secondly, very few words three or more syllables long have
homophones. This suggests that we may be able to smooth
the probability distributions for words three or more sylla-
bles long without affecting the performance of the recognizer.
The smoothing is done by tying the distributions (Bahl et al.
1983) for all words three or more syllables long. We will call
the trigram language model obtained after such smoothing
as the smoothed trigram model.

The effect of such smoothing is to reduce the vocabu-
lary size considerably. The number of words with distinct
probabilities is reduced to 23,800 words from the original
75,000. The memory requirement is reduced by a factor of
4 compared to the trigram language model. Such smooth-
ing introduces a certain information loss. When two of the
words in P(wg|wy,wy) are three or more syllables long, then
the discriminating power in the language model corresponds



to a monogram language model. Only when all the three
words are two or less syllables long that the discriminat-
ing power of the language model corresponds to a trigram
language model.

The error rate for speaker JM using the smoothed tri-
gram model trained on 14 million words from the Hansard
corpus is 86%. while for speaker ML it is 88%. The smoothed
trigram language model results in 31% reduction in errors
after acoustic recognition, compared to 43% for the trigram
language model and 35% for the tri-POS model.

The perplexity for the three different language models is
compared in Table 3, while their recognition performance is
compared in Table 4. The perplexity of the trigram language
model for the 965 word test set is the lowest and hence gives
the best performance (43% reduction in error rate), while
the perplexity of the smoothed trigram model is the highest
and performs the worst (31% reduction in error rate).

Language model Perplexity for
(training size Brown | Hansard | 965-word
in million) Corpus [ Corpus | test set
Trigram (8) 329 67 865
tri-POS (1) 1250 1535
Smoothed Trigram (8) 1000 516
Smoothed Trigram (14) 782 436 3197

Table 3 Comparison of perplexity for three
different language models for three
different task domains.

The performance of the language model is directly re-
lated to the perplexity of the task. The perplexity of the
test set chosen from various magazines, books and news-
papers varies between 865 and 3200 depending on the lan-
guage model used. Were the test sentences chosen from the
Hansard corpus, then one may expect significantly improved
-performance for the trigram model as compared to the tri-
POS model and the smoothed trigram model.

Speaker Language model
none | trigram | tri-POS [ smoothed trigram
ML 83% | 89% 90% 88%
JM 80% | 90% 86% 86%

Table 4 Recognition results for three
different language models. The test
sets consist of 560 and 375 words of
text for speakers ML and JM
respectively.
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VIII. Conclusions

The memory and training text required for tri-POS lan-
guage model is significantly smaller than that for the trigram
language model while the perplexity of the two language
models for general discourse domains varies only by a factor
of two due to insufficient training for the trigram language
model. For a general discourse domain, the tri-POS lan-
guage model is recommended as it results in a large saving
in memory requirements.

Training for a trigram language model for a restricted
discourse domain is quite feasible. One example of a re-
stricted discourse domain is the Hansard corpus. For the
Hansard corpus the perplexity is only 67 for the trigram
model, 436 for the smoothed trigram model, and 1250 for
the tri-POS model. For such discourse domains, trigram lan-
guage model will lead to significant improvement in recogni-
tion performance over the smoothed trigram model and the

tri-POS model.
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