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ABSTRACT

We present an approach to the derivation of a formal
statistical grammar of the phrase structure of conver-
sational English: This grammar is derived automat-
ically from court transcripts. We use this grammar
as an aid in rescoring speech recogniser output and
compare the results for similar interaction styles i.e.
those within a court, and those found in parliamen-
tary dialogue.

1. INTRODUCTION

Auscript, the Australian court reporting service
records approximately 67000 hours of court proceed-
ings each year and transcribes a large proportion of
this, producing some 800000 pages of transcript each
year. An on-going project has been the investigation
of ways to semi-automate, and eventually, to fully
automate fully the transcription of spoken court pro-
ceedings [1].

Automatic spoken language systems generally require
the inclusion of a grammar, either for an explicit
parsing phase in the speech-understanding phase, or
implicitly as grammatical restrictions that limit the
search space in translating from low-level represen-
tations (e.g. phone strings) to high-level represen-
tations (e.g. sentences) (Lee [2]). To be effective in
human-machine dialogue systems, or for transcription
of dialogue, these grammars need to be grammars of
English as it is used in everyday dialogue.

There has been a great deal of interest recently in
the automatic induction of natural language grammar
from large corpora, for example, Garigliano, Johnson
and Collingham [3] and McCandless and Glass [4] ex-
amine approaches for the inference of grammars for
spoken dialogue, whilst Shih and Young [5], Brill [6]
and Brill and Marcus [7] describe a number of other
approaches to grammar inference.
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cl c¢2 | Parliament
Training (words) | 145K | 220K 65K
Test, 20K | 20K 8K
% coverage 85 90 96

Table 1: Training and test set details

2. LANGUAGE MODELS AND
DATA

For training and testing purposes, we used the tran-
scripts of two court cases. In one experiment, we used
the entire trial transcript, using approximately 85%
of the transcript of training purposes, and the remain-
der for testing purposes. In the second experiment,
we used the transcript of the first twenty days of a
trial for training purposes, and the next two days of
transcript for testing. (The amount of transcript, or

words, per day of a court sitting is highly variable, for

example, the introduction of many exhibits into evi-
dence is time consuming but generates relatively little
transcript.) For further characterisation of court dia-
logue, see [8]. For the third experiment, we used the
hansard record of a debate in the Australian Parlia-
ment - a debate on the Trade Practices Amendment
(Origin Labelling) Bill. At the time of writing (June
1995), this debate and other parliamentary tran-
scripts are available from http://www.aph.gov.au/.
Table 1 shows the size of the training and test sets
and gives the percentage coverage.

As a baseline performance measure, we have taken
the perplexities (for each of the test sets) of the lan-

guage models obtained when using a word bigram

model, and a word class bigram model. Although
higher order models usually give a greater reduction
in perplexity, we have used bigram models for sim-
plicity and because trigram and higher order models
usually require considerably more training data.

In a word bigram model, the probability of a word

w; only depends on the previous word w;_;. A word
class bigram model assigns each word w; to a class
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courts | ‘rapid-fire’ court dialogue | Parliamentary debate
Z; Tit1 wj wj wj
determiner noun .078 .082 .052
noun preposition .066 .057 .045
preposition determiner 061 .050 034
noun noun .060 .058 036
verb preposition .043 041 .040
verb verb 041 038 037
pronoun verb .039 047 .059
preposition noun .036 035 .033
adjective noun 031 024 045
noun verb .030 .058 .045
noun comma .028 0 034
Percentage of all pairwise
transitions covered by these cases | 51.3% 46.2% 46.0%

Table 2: Transition weights

c(w;), and the estimate of the probability of w; de-
pends on the probability of the class bigram given the
previous class, and the probability of class member-
ship:

Pr(w;i|wi-1) = Pr(c(w;)|c(wi—1))Pr(wile(w;)).

A problem which arises in using word class models
is the question of how to assign a word to a class.
We have used parts-of-speech as assigned by a part-
of-speech tagger (Brill [9]) as the classes. Other ap-
proaches include the dynamic modification of classes
by a (possibly random) initial assignment of words to
classes, and changing classes by moving a word from
one class to another to obtain reductions in perplexity

(for example Suhm and Waibel [10]).

Perplexity is a measure used to quantify the con-
straint generated by a language model with respect
to a test set. Perplexity is defined as

PP = exp(-Q/N),

and

N
Q= Zlog Priw;lwi—1),
i=1
where wyws ... wy are the words of the test set, with
sentence boundaries indicated.

A simplistic initial approach is to proceed as fol-
lows. All words in the transcript are first tagged with
part of speech labels by using a part-of-speech tagger
(Brill [9]). The pattern repeats are then summed for
part-of-speech to part-of-speech and part-of-speech
to punctuation-mark transitions and the transition
weights inferred. The grammar can be expressed as
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a set of weighted transitions,

((((z4, Tig1, Wi)s Bigz, Wit1)s Tit3, Wit2y---)

and start and finish states xsi and xfi, where the xi
represent beginning and exiting states of the transi-
tions and the wj represent the probabilities associated
with the transitions.

In practice, the portion of the grammar that accounts
for the bulk of the transitions is quite small. To
lllustrate this, consider Table 2 in which we have
shown the most frequent simple pairwise transitions
and their associated weights for court proceedings.
For comparison we have also shown the weights for
these transitions for grammars derived from ‘rapid-
fire’ court dialogue (long, legal argument removed)
and an extract from the parliamentary debate. Not
surprisingly the two court grammar weight sets are
more similar to each other than they are to the par-
liamentary debate grammar weights.

A difficulty with bigrams is that they only capture
relations between adjacent words, and long-distance
information is only weakly encoded. One approach
to capturing long-distance information is to model
phrase structure. We have used the approach of Brill
and Marcus [7] in inferring the phrase structure from
the corpora. This approach automatically generates
a set of weighted, binary branching context free rules
of the form 4 — B C, where the weight is a function
of the distributional similarity of the part-of-speech
tag A, and the pair B C, and a comparison of the en-
tropy of the two environments B # and B C *, where
the environment B * is the set of bigrams starting
with the tag B. Other approaches to capturing long-
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cl | ¢2 | Parliament
2-gram 23 | 36 42
2-pos 25| 38 44
2-gram-+grammar 18 1 29 38
2-gram+grammar+punctuation | 17 | 27 38

Table 3: Perplexities of different language models

distance information include modelling word phrases
(Suhm and Waibel [10]).

Shih and Young [5] have considered the use of punc-
tuation in grammar generation. They considered the
distinciton between punctuation which plays a syn-
tactic role compared to punctuation which plays a
non-syntactic role, for exmaple, [5]:

John pushed Max; he fell.
Max fell - John pushed him.

are examples where the punctuation does not play a
syntactic role. Punctuation occurs frequently in the
court and parliamentary transcripts ( approximately
75% of sentences longer than six words contain punc-
tuation). It appears that the majority of the punctu-
ation used is of a syntactic nature; typical examples
being

The only reason I ask it, your Honour,

was because (d), in the State of Queensland,
applied throughout, so I was just wondering
whether or not the same applied with the
last words of (¢).

Accordingly, we have inferred grammars by using
transcripts with punctuation included to define the
phrase structure, and transcripts with the pucntua-
tion removed. (It is also possible to include the punc-
tuation in the construction of the word bigram and
word class bigram models. However, evidence in from
[12] suggests that sparsity of data is problem, and we
have not included punctuation in these models.)

3. RESULTS

We incorporated the inferred grammer with the bi-
gram models using an approach similar to that used
by Lloyd-Thomas, Wright and Jones [12]. Per-
plexities for the language models tested are shown
in table 3. Here 2-gram-+grammar is the lan-
guage model obtained by melding the word bigram
and the inferred phrase structure grammar, and 2-
gram+grammar+punctuation is the language model
obtained by melding the word bigram model and the
inferred grammar which incorporated punctuation.
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Using the various language models to compute a word
error rate for a speaker-dependent continuous speech
recognition system trained using part of case cl data,
we found a word error rate of 18.5% using the bigram
model and a word error rate of 15.5% when using
the melded bigram model and grammar. There was
little difference in incorporating the grammar with
punctuation.

The part-of-speech tagger that we used has been
trained material from the Wall Street Journal and the
Brown corpus. It would be interesting to retrain the
tagger using a training set based on the transcripts
of spoken material.
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