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ABSTRACT
This paper deals with the estimation of powerful statistical language models using a technique that scales from
very small to very large amounts of domain-dependent
data.
We begin with an improved modeling of the grammar
statistics, based on a combination of the backing-off technique [6] and zero-frequency techniques [2, 91. These are
extended to be more amenable to our particular system.
Our resulting technique is greatly simplified, more robust,
and gives improved recognition performance than either of
the previous techniques.
We then further attack the problem of robustness of a
model based on a small training corpus by grouping words
into obvious semantic classes. This significantly improves
the robustness of the resulting statistical grammar.
We also present a technique that allows the estimation
of a high-order model on modest computation resources.
This allows us to run a 4-gram statistical model of a 50
million word corpus on a workstation of only modest capability and cost.
Finally, we discuss results from applying a 2-gram statistical language model integrated in the HMM search, obtaining a list of the N-Best recognition results, and rescoring this list with a higher-order statistical model.

Introduction
We know that, in a real task, the importance of the language model is comparable to that of the acoustic module
in determining the final performance.
Unlike most previous work on statistical language modeling, which has depended on the availability of very large
text corpora, here we also deal with a special condition of
severely limited training data. This is because, in general,
the tasks being targeted do not currently exist as spoken
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language tasks. Therefore, our only view of the task comes
from limited and expensive simulations [3]. In addition,
even when the task is finally implemented, the rate at which
data is accumulated may be quite low. While we can construct a language model from a large general corpus and
try to use it on a specific one, we know that when we do
this the perplexity may increase by an order of magnitude,
and the speech recognition performance is degraded, due
to a mismatch between the general corpus and our specific
task. Thus, it is essential to include the limited available
data from the task to estimate a powerful and yet robust
language model.
We use statistical language models in two different
ways. The first is a bigram (order-1) grammar used internally in the Byblos HMM recognition system [l], which is
used in the same way as a finite-state or a word-pair type
grammar. The second use is an extemal method of scoring
of N-Best recognition results for their language likelihood,
as part of the N-Best rescoring paradigm [8]. This can be
any model, but ours are generally either 3-gram or 4-gram
models based on words or word classes.

A Simplification of Backing-Off
The backing-off technique [6] is very useful for robust statistical language modeling. Briefly, it says that to compute
the likelihood of a novel word, a certain amount of the
total probability mass for the conditioning context should
be redistributed to the unobserved words, and that this redistribution should depend on the distribution of the next
lower-order model.
One problem with the method, however, is that the
Turing-Good method of calculating the probability of novel
events, as used in [ 6 ] ,is not only overly complex, but also
non-robust. Rather than attempt a smooth approximation
of the Turing function, we used a slight modification to a
much simpler technique described in [2, 91. Rather than
subtracting part of the probability mass of the conditioning
context according to the occurrence statistics for that context, we add a small factor to the total observation count
of the context to account for the number of occurrences of
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Figure 1: Example Hh4M Grammar Structure
previously unseen words.
Our model uses the following estimate for fi, the conditional probability of a word w in a particular context
2:

and arcs to a single backoff node for the unigram node. In
this stzucture, the arcs up to the backoff node are at cost
fiolz, and the arcs down have a cost equal to the unigram
probability of their target word.
The problem with this structure is that if a word pair
is observed, there is not only a direct arc path but also a
backing-off path from the first word to the second. Under
the strict backing-off paradigm this would require elaborate
decision logic to correctly implement.
To overcome this limitation, we consider all estimated
probabilities to be a combination of actual observation and
“getting lucky.” Under this paradigm, the quantity $oolx
is used to smooth all probabilities with those of the next
lower-order model. This is done recursively for all orders
in our model. We have empirically determined that not
only does this result in an improved estimate of internal
bigram grammars, but also in externally computed grammars,used in the N-Best paradigm [8]. Specifically, using
this refinement on the internal grammar, we observed a
10% decrease in the word error rate on the ATIS recognition task.
When we then used trigram models to rescore the NBest hypotheses list, we observed a 40% reduction in the
word error rate of utterances that were judged answerable
(“class A and D”) relative to the performance with the
bigram grammar.

where c , , ~ , is the number of times word w occurred in
context z, n is the total number of occurrences of words
in that context (n, =
til,), and r, is the number
of different words that occurred in context z (r, = 1x1).
Therefore &,,, the probability of a previously unseen word
occurring in that context, is given by:

Improving Robustness

In recognition, if the word did not occur in this context,
then l;wl2 is calculated as the product of I;Ol, and the conditional probability of the word occurring in the next lowerorder model. This is similar to the steps taken in [6].
We have found this technique to be empirically equivalent to the Turing-Good method, and very robust in the
face of abnormal data such as the DARPA 1000 word Resource Management corpus (-),
for which the TuringGood method assumptions of the occumnce distribution
are untrue. The Turing-Good model makes the assumption
that more words-in-context occur once than twice, twice
than three times, and so forth. For many small corpora,
this is untrue, and it should not be assumed in any case.
An additional problem with the backing-off technique
is that it requires an either-or decision based on the existence of the word in the conditioning context to determine how it’s probability is to be computed. For use in
the HMM, this is only suitable if the grammar is fully connected. A fully connected grammar is not feasible to either
compute or store, however, so we use a modilied bigram
grammar structure [l], as shown in figure 1, with explicit
paths for the pairs of words actually observed in training,

When using a small corpus, a word-based statistical grammar is still not sufficiently robust. To overcome this, a
fairly common technique is grouping the words into a small
number of syntactic groups. We have found that doing
so overly smoothes the data, resulting in an insufficiently
powerful grammar.
Our solution is to group together only words in an
obvious semantic class, such as the names of ships, months,
digits, etc., but leaving other words in unique classes.
As a test, we compared the perplexity with three different grammars for the RM task with 100, 548, and 1000
classes respectively. In the first, words were grouped
mainly on syntactic grounds, with additional classes for
the short very common words. In the second, we grouped
into classes only those words that obviously belonged together. (That is, we had classes for ship names, months,
digits, etc.) Thus, most of the classes contained only one
word. In the third grammar, there was a separate class for
every word, thus resulting in a 1000-word bigram grammar. We used the backing off algorithm to smooth the
probabilities for unseen bigrams. As can be seen from table l , the 550-class grammar had a perplexity 17% lower
than the 1000-word bigram, and 83% lower than the 100class grammar.
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formance. We suspect that since we were running with a
simple semantic class grammar, many of the cooccurring
words were already grouped. Also, since this was tried on
a very large corpus, we had a sufficient amount of training
data, making further smoothing unnecessary.

Number of Classes

Table 1: Perplexity for three bigram class grammars measured on the training and test set.

Handling large corpora

The effective difference between the 548- and 1000class grammars was larger than implied by the average
perplexity. The standard deviation of the word entropy was
one half bit higher for the 1000-class grammar, which resulted in an increase of 50% in the standard deviation of the
perplexity. This indicates that the word bigram grammar
frequently has unseen word pairs with very low probability,
while this effect is greatly reduced in the class grammar.
Thus, as expected, the class grammar is much more robust.
Recognition results comparing these three grammars gave
similar results, with the semantic class grammar clearly
the best. An added benefit of the many-classes technique
is that it is much easier to group the words into reasonable
classes since only the obviously related sets of words are
grouped together.
In our February 1991 evaluation on the ATIS spontaneous speech corpus, we ran two conditions: a “standard“
condition which used a strict word bigram grammar, and
an “augmented’ condition for which the grammar included
classes similar to the 550-class grammar above, and treated
common strings of letters such as “T W A” as a single
word. As shown in table 2 below, although the perplexities of these two grammars were very close, the recognition
results for the augmented grammar were 42% better. This
shows that the robustness of a grammar can greatly effect
the speech recognition process.
Test Set

Speech

Standard
Augmented
Table 2: Comparison of grammar perplexity and actual
speech recognition performance.
In order to further improve the robustness of the grammar, we investigated using cooccurrence smoothing [7] to
fuaher smooth our grammar in a manner similar to that
of [5]. Unfomnately, we found that this gives only a very
modest reduction in the variance of the average grammar
perplexity, but almost no improvement in recognition per-

We have developed a simple technique to deal with the
implementation problems related to estimation of n-gram
grammars with large vocabularies on very large training
sets. The problem stems from needing to be able to store
the partial probability estimates in a structure that is efficient both for searching and for adding new sequences.
The natural way to do this is to use hash tables with linked
lists of similarly hashed items. However, when training
on 50 million words of text from the Wall Street Journal corpus (WSJ), we find 1.5 M unique 2-grams, 8 M
3-grams, and 12 M 4-grams. The virtual memory of the
program quickly exceeds the 128 MB physical memory of
our largest machines (the Silicon Graphics 4 4 3 3 , and the
linked lists tend to be very fragmented in memory, resulting in excessive paging.
We have solved this problem in three steps. First, we
distribute the training data into disjoint sets, based on a
hash of the first class of each sequence. Second, we estimate the n-gram probabilities for all of the data in each
set in tum. Then, the resulting probabilities can be written
out in compact structures (i.e. arrays) that are optimized
for fast searching and minimal paging, but without the capability for adding new n-grams. Third, we simply read
in each of the files with estimated probabilities. Since the
files contain disjoint sets of states, we do not need to merge
them in any way. When we want to look up the probability of a particular n-gram, we first determine which set
of probabilities to look in, based on the class of the first
word of the state. The result is that we can easily store
and search through the 22 million n-grams in WSJ needed
for a 4-gram-based model.
We have performed experiments comparing the perplexity and accuracy with 3-grams and 4-grams for WSJ.
While the perplexity with 4-grams is slightly lower (37 vs.
4 3 , the recognition error is essentially the same (9.3% vs
9.4%). We assume that this is because the difference in
perplexity is offset by a decrease in robustness. Still, it
is encouraging that the 4-grams are no worse than the 3grams. This shows that our modeling technique is robust
and accurate.

N-Best Rescoring
For all of these results showing recognition results for
higher-order language models, the technique used is to
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decode the speech using a bigram model integrated into
the HMM system, obtain an N-Best list of sentence hypotheses, then separately compute the higher-order sentence likelihood for each of these and combine this language model score with the acoustic score obtained from
the Hh4M [8].
We have found this technique very effective. In the
February 1992 DARPA evaluation on the ATIS corpus, we
got an overall 20% reduction in the word error rate for
all utterances. This was due to a 40% reduction in error
for utterances that are considered “answerable” (classes A
and D), and no reduction in error for those considered
“unanswerable” (class X). That there was no improvement
for the unanswerable uttemces is not entirely surprising,
since these sentences have statistics that are significantly
different from the training, with a perplexity that is over
twice that of the class A and D sentences. It is encouraging
that the higher-order model did not hurt; this again shows
the robustness of these techniques. Our final error rates
were 6.2% for A+D and 9.4% for A+D+X.
Rescoring with the higher-order model also improved
recognition accuracy for the WSJ corpus, though not as
much as for ATIS. In this case the b i g ” recognition error was 11.4%, vs. 9.3% for the trigram, so the higherorder rescoring gave a 22% reduction in error. More recent
results for the 20,000 word open-vocabulary WSJ corpus
on the November 1992 evaluation are less impressive, with
the bigrams scoring 16.7% vs. the trigrams at 14.8%. This
is only a 13% relative gain, and is somewhat surprising, as
we expected a larger improvement. This is partially due to
the large number of out of vocabulary words in the open
test set, which was 2-3%. On a development test set, using only utterances that were entirely in vocabulary, this
same system got 16% word error using only bigrams, and
10% for the trigrams, over a 60% improvement. A second
factor is the extreme length of the utterances in WSJ. We
believe that there may be several regions of error in many
of the utterances, but then N-Best system seems to do best
if there is only one or two regions of uncertainty. We are
currently working on improving these problem areas.
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