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ABSTRACT

The goal of this research is to develop an effective nat-
ural language component for IBM’s spoken language un-
derstanding system for the ATIS domain. We use train-
ing data to assign a probability distribution to the ref-
erence interpretation, the NLParse, which minimizes the
observed perplexity of the test data. We limit our scope to
deal only with those ATIS2 sentences which can be under-
stood unambiguously out of context (the so-called “Class
A” queries). The decoder component of the finished sys-
tem will use the natural language probabilities to select the
most probable NLParse translations for a given English
input. The NLParse translation can then be deterministi-
cally converted to SQL to query the ATIS database for the
correct answer. We use a number of different deleted inter-
polation and maximum entropy techniques to improve on
the standard trigram model, and we achieve a reduction
in test perplexity from 15.9 to 14.1 bits per item.

INTRODUCTION

The Air Travel Information Service (ATIS) is the
designated common task of the ARPA Spoken Lan-
guage Systems Program [1]. The specified task is to
build and evaluate a system capable of handling con-
tinuous and spontaneous speech recognition as well as
natural language understanding in the ATIS domain,
based on selected tables derived from the electronic
Official Airline Guide (OAG, 1990). Users may ask
questions about almost any issue which might arise in
planning an airline voyage, including: lists of flights
departing from or arriving at specified destinations,
the fares for these flights, which meals will be served,
the ground transportation provided between an air-
port and a city, and numerous others. This research
specifically focuses on the ATIS2 task, which includes
airports and airlines associated with 10 different US
cities. Recently, the ATIS3 task has been defined to
include more than 50 cities, with a corresponding in-
crease in the number of airlines and airports.

3. Koppelman is currently a graduate student in the Spoken
Language Systems Group in MIT’s Laboratory for Computer
Science, and is supported by ARPA under Contract N66001-
94-C-6040, monitored through the Naval Command, Control
and Ocean Surveillance Center.
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Our goal is to see whether standard statistical lan-
guage modelling techniques can be applied success-
fully to the ATIS understanding task. We feel that
there are many potential advantages to statistical lan-
guage modelling. Specifically, we are able to minimize
the domain specific aspects of the task, providing ex-
tensibility to broader problems; the entire process can
be automated, assuming the availability of specifically
labeled training material (e.g., the NLParse); and we
avoid the need for human-generated templates and
hand-written heuristic rules, both of which are time
consuming and prone to error. However, it should
be noted that we have not yet addressed how to in-
corporate discourse context into our framework. As
a consequence, for our initial system we will restrict
ourselves to those sentences which can be understood
unambiguously out of context (the so-called “Class
A” ATIS2 queries [2]).

DATA PREPARATION

In this section, we will discuss the preprocess-
ing steps which were taken to prepare training data
from which we have built our models. Data collec-
tion and distribution for the ATIS task is described
in [3, 4, 5]. The data have been obtained through
the National Institute of Standards and Technology
(NIST), which makes it available to interested sites
through anonymous FTP. The data consist of a cor-
pus of English queries, together with a reference in-
terpretation (called the NLParse), a reference SQL,
and a reference answer. The NLParse commands re-
flect conventions on how to interpret an ATIS query,
in a regular form specified by an established context-
free grammar. Software to convert from the NLParse
to SQL capable of obtaining the desired information
from the OAG database has been completed and is in
use at IBM.

The NLParse interpretation set supplied by NIST
was not originally meant for distribution, and a large
amount of human and automatic cleanup needed to
be done to remove ambiguity and ensure consistency
between items. To aid in language modelling, we
have written a tagger which replaces numbers, cities,
airlines, airports, codes, days, and dates in the En-
glish and NLParse files with generic tags. Using these
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categorizations allows statistics to be gathered about
groups of tokens which are used in the same syntac-
tic positions, but which individually are seen infre-
quently in the data. We also rename homonyms to
avoid imposing unintentional constraints.

SYSTEM OVERVIEW

The effort at IBM has only recently begun, and
the task has initially been divided into five parts:

e A speech recognizer, which converts spoken ut-
terances to text queries.

e A translation model, which assigns a probabil-
ity to a proposed alignment between an English
query and an intermediate language query.

e A language model, which assigns a probability
distribution for the intermediate language.

o A decoder, which searches for the intermediate
language string with the highest language and
translation model probabilities.

e A back end, which deterministically converts
from the intermediate language to SQL, to re-
trieve data from the OAG tables.

The speech recognition component attempts to
generate a ranked list of best text transcriptions for
a spoken input. The language model and translation
model components are for use by the decoder to de-
cide which intermediate language item is the most
probable. Theoretically, the decoder must search
through all possible intermediate language sentences
to decide which is best. In practice, it uses a variation
on the well-known stack decoding algorithm [6] from
speech-recognition to prune the search.

At first, we thought that it might be possible to
statistically generate an SQL query directly from the
English input. This idea was quickly discarded for
numerous reasons (e.g., the average length of an SQL
query is much greater than the English which cor-
responds to it, making it difficult to build an effec-
tive translation model). Instead, we use NLParse (or
structures derived from it) as an intermediate lan-
guage, from which we later generate SQL. Thus the
decoder proposes NLParse sentences to the language
model, and NLParse-English alignments to the trans-
lation model for evaluation.

BASELINE

Due to the relative success of the trigram model
in other applications, we use this model as the bench-
mark for comparison with the other models we will
build. Since the final system is not yet operational, we
need an independent way to measure the effectiveness
of different language models. For this purpose we will

EUROSPEECH ’95, Madrid, Spain, September 1995

[ciry_i}] [ary_2] [tight_numbed NUM_I
[AMERICAN] [DALLAS] [SAN-FRANCISCO] | flight_number |
English How much docs the American Airlines flight seven one from Dallas 10 San Francisco cost?
NLParse List American fares from Dallas and to San Francisco and whose flight number is 71

Figure 1: Example semantic tree

use perplexity on the test data as our sole criterion
for success.

Rather than using a simple trigram model, we’ve
found that lower perplexities can be achieved by buck-
eting trigrams with similar training counts together,
and using the Estimation Maximization (EM) algo-
rithm [7] with heldout data to train the parameters
of each of the buckets separately. Thus if P, is the
n-gram probability predicted by the training data, ¢
maps an n-gram to its count in the training data,
and b is our bucketing function, the baseline trigram
distribution is given by:

Pr(w3|w1w2) = Z)\i(b(c(’wz), C(wlwz)))Pi('w3|7U2w1)
’ )

Typically, trigrams are added to a bucket until the
number of training events which are assigned to that
bucket is greater than some constant, and then a new
bucket is started. The perplexity of the bucketed tri-
gram model is 15.9 bits per sentence?.

SEMANTIC TREES

Since the NLParse is highly structured (it is de-
fined by a set, if complicated, context-free grammar),
it seems probable that models which use the informa-
tion inherent in its structure will do better than those
built only on the surface form. With this in mind,
we have created an information tree structure which
attempts to capture relationships between words
and phrases in the NLParse. Rather than force the
language models to learn the complicated grammar
which specifies the NLParse, the trees are structured
to conform to the more general grammar with a rela-
tively small number of simple productions. A simple
example of a semantic tree is given in Figure 1.

One immediate advantage of the trees is that am-
biguity in child ordering is resolved; flat NLParse
clauses have no canonical ordering. Another desir-
able quality is that more important information (the
database table, for example) is generally higher up

2Perplexity is reported on a per sentence basis because no
smaller unit is comparable between models; i.e., the notion of
a “token” varies greatly.

1786



in the tree. One of the problems with the trigram
model is its inability to use statistics about important
words which may appear more than two words back
in the history. The next model we present, a gener-
ative tree-based deleted interpolation model, will use
this ability to its advantage.

In this model, the probability of a tree is equal
to the product of the probabilities of the nodes in
the tree, predicted in prefix order. The probability of
adding a node is a function of the count of nodes with
similar features in the training data. We considered
different kinds of features, all of which involve only
very local information. The first tree-based model we
consider relates each node’s probability to the train-
ing frequency of its parent, and of the table in whose
scope the node exists. Both of these pieces of infor-
mation are always generated before the node being
predicted, so their training statistics are available to
the model. If n[i] denotes the ith child of n, and
T is a function which returns the table under whose
scope its argument exists, then the probability P, of
generating a subtree beneath node n is given by the
recursive function:

Py(n) = [[(Pr(nldiT(n), n) P(nli])

%

x Pr(stop|T(n), N)

Here Pr(n|T, P) is the probability the model assigns
to node n in the presence of table T and parent P.
The product is taken over each of the children of n,
ending when a special stop node is predicted. The
probability of a tree (and hence, an NLParse sen-
tence) is simply Pr(root|none, none)Ps(root).

Unfortunately, when using only the parent and
table as context, the resulting perplexity is very high,
at 21.5 bits. However, when we build a quadgram
model by incorporating statistics about each node’s
left sibling, the perplexity is much better, at 15.0 bits.

MAXIMUM ENTROPY

A detailed treatment of the Maximum Entropy
approach to natural language processing can be found
in Berger et al. [8]. A maximum entropy model begins
with an initial distribution which represents every-
thing that is known a priori about the source being
modelled, and a set of constraints representing the
information to be modelled.

A feature function f(x,y) is a binary function over
the set of histories z and futures y. In our case, the
history is the set of nodes predicted so far (along with
the structure connecting them), and the future is the
node we are trying to predict. A feature function
which has the value 1 for some history z = wiws...wp,
and some future y = w,, + 1 is said to fire on event
Wi Wa...Wr, + 1. If we observe that a feature f; fires
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n times on the training data, we wish to impose the
constraint that the language model will predict that
fi fires n times on the same data. The maximum
entropy framework allows us to do this effectively.

Given an initial distribution Q, we define the max-
imum entropy distribution as follows:

_ Qylz) Aefi(zy)

Pr(ylz) = W@E‘ (2)
Where Z is defined so that }_, Pr(y|z) = 1%. To train
the parameters of this model, we use the Generalized
Iterative Scaling algorithm [9]. Frequently, maximum
entropy models are built using a uniform distribution
as the initial distribution, Q. We will instead use
the tree-based quadgram interpolation model derived
in the previous section as our starting point. One
big advantage to this is that starting with uniform
distribution forces all events to have a positive prob-
ability, while the tree-based model contains a number
of zeros, in contexts which cannot exist (based on the
grammar). These zeros remain zeros in the maximum
entropy distribution.

The most difficult aspect of building a maximum
entropy model is always selecting the salient features.
We certainly want to include features which reinforce
the n-gram statistics used to create our initial dis-
tribution. We also need to include features on the
number of children different nodes have in different
contexts, to accurately predict the stop node. Yet if
we include only these features, we will not be using
the most powerful aspect of the maximum entropy
framework: its ability to incorporate many different
kinds of information simultaneously. In particular,
one nice feature of the maximum entropy training al-
gorithm is that it does not require that features be
disjoint; i.e., one feature may be a generalization of
another feature.

To aid in the task of choosing features, we de-
signed a high level specification language which al-
lows us to specify broad classes of features, which are
automatically instantiated with features for many dif-
ferent contexts. With this language we specified nine
classes of features, which generated some 1200 fea-
tures. The classes allow us to gather relevant informa-
tion on bigram and trigram statistics, sibling and ta-
ble statistics, cousin, nephew, and number of children
statistics, and numerous combinations of these. The
result was a test perplexity of 14.1 bits per item. Per-
haps more importantly, the maximum entropy model
covers the target space better than the trigram model;
sentences randomly generated from the trigram dis-
tribution are valid NLParse only 58% of the time,

3In order to normalize in this way, it is necessary to know
the set of all possible futures for any given history. For the ap-
plication of maximum entropy in this paper, the set of possible
futures is always known.

1787



Model Training Test
3000 Ttems | 376 Items

Baseline Trigram 12.68 15.94

Tree Trigram 19.21 20.16

Tree Quadgram 11.76 15.00

ME, Trigram 11.83 14.11

ME, Quadgram 10.86 14.08

Table 1: Language model perplexity (bits per sentence)

while the maximum entropy distribution generates
valid semantic trees 90% of the time.

SUMMARY AND FUTURE WORK

A summary of the results presented in this paper
is given in Table 1. If there is a correlation between
drop in perplexity and improved system performance
(as we believe there will be), then the statistical lan-
guage modelling techniques presented in this paper
will enhance the performance of the entire system.
Incorporating knowledge of the NLParse structure
through the use of semantic parse trees decreased the
perplexity 48% from the trigram baseline. Utilizing
a maximum entropy framework further reduced the
perplexity by 47% — a 72% decrease from the base-
line. We feel that these dramatic decreases justify the
use of maximum entropy language modelling for the
ATIS domain.

While the maximum entropy framework is very
powerful, and it allows us to include a wide variety
of information known about a source language, there
is a problem with the immense amount of computa-
tional power necessary to run the Generalized Iter-
ative Scaling algorithm. More progress needs to be
made toward finding fast training algorithms for max-
imum entropy modelling.

A number of things can be tried to improve the

performance of the language models presented in this -

paper. Enhancing and expanding the feature lan-
guage might allow the inclusion of important con-
. straints which we did not consider. Implementing
the incremental} feature selection proposed by Berger
et al. [8] would probably be a better way of guaran-
teeing that only good constraints are included in the
model.

Another direction for potential improvement is to
experiment with different derivational orders. For ex-
ample, if we predict how many children a node in the
parse tree has before we predict the children them-
selves (as opposed to predicting the stop node at the
end), then the model would be able to use that piece
of information when predicting the children. It might
also be useful to predict all of the children together,
rather than one at a time. By predicting all of the
children in tandem, a small amount of right context
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can be used.
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