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Abstract

This paper describes the application of finite-state meth-
ods to the recognition of grammar patterns. A prelimi-
nary evaluation reports a high degree of accuracy which
indicates that grammar patterns are a robust way of de-
scribing syntactic structures well suited to unrestricted
text.

1 Introduction

The work reported in this paper is part of a (PhD-)project
to extract linguistic information from text corpora. The
aim of that project is to automate the process of anal-
ysis as far as possible; previous (manual) studies have
been limited in scope and typically investigated only a
few words at a time. With an automated analysis it will
be possible to get a view of the ‘big picture’, and patterns
of usage will emerge from this which can give us useful
insights into the nature of linguistic behaviour. This is
not possible with the current manual approach.

This paper starts with a brief outline of the rationale
on which this work is based, describing some of the typ-
ical problems that a computational analysis of language
has to face. Then two formalisms are described which
deal with syntax in a lexicalised way, Local Grammar
and Pattern Grammar, which provides a solution to many
of the problems faced by a traditional analysis. These two
approaches are then combined, and an evaluation of two
case studies of the resulting ‘local grammar pattern’ anal-
ysis is presented.

1.1 Rationale

Recent studies in lexis (eg. Sinclair (1991), Stubbs
(2001)) present an analysis of either individual words,
or relatively small sets of words. These case studies
are sufficient to demonstrate the validity and use of a
corpus-based approach to language analysis, but are not
scaleable—they require a lot of careful effort by a special-
ist. Therefore it is not feasible to undertake a large-scale
analysis of a language manually, and the application of
NLP methods to research problems in corpus linguistics
is still rather limited. However, a lot of basic problems
of large-scale text analysis are being worked on in other
contexts, such as information retrieval and extraction,
and text understanding. Modules developed for specific

tasks (eg. named entity recognition) can also be useful
when investigating the structure of language, rather than
the content of a newspaper article.

The current project intends to fathom out how far pro-
cedures in corpus linguistics can be automated. A num-
ber of procedures have been selected on the basis of an
intuitive assessment of their respective feasibility; one of
the studies in concerned with the analysis of the syntac-
tic environment of a word. In the grammar pattern ap-
proach words are assigned typical patterns in which they
are used within a text. Syntax is then not concern with
applying phrase structure rules, but rather with sophis-
ticated template matching (see examples below). In the
past this has been done manually by a team of grammar-
ians (Sinclair, 2001), but for any serious application this
has to be automated.

1.2 Language Mode

The basic underlying model of language is that a lan-
guage is a system of choices/options/elements which
make only sense in comparison with each other, ie. when
a selection is made part of its meaning is in all the other
available options which have not been chosen. A single
choice looked at in isolation (without the range of possi-
ble alternatives) does not make (much) sense. However,
it is difficult to comprehensively study all options man-
ually, as analysing language data is time-consuming and
requires a high level of skill. It also introduces the pos-
sibility of a bias, as it sometimes relies on human judg-
ment and interpretation, which makes it difficult to keep
the analysis objective and replicable.

The computer on the other hand has no bias—all words
are equal(ly meaningless). It is also be vastly faster, and
takes the drudge out of the repetitiveness that goes with
a full-scale investigation. The main question is then, if
relevant tasks can adequately be performed by the com-
puter.

1.3 Computational Analysis

Some tasks can only be done by computer, namely those
involving complex statistical procedures. An obvious
candidate for this is the study of collocations; others
might involve the postprocessing of outcomes through
cluster analysis or multivariate statistics. This does usu-
ally require the setting of several parameters, but once



this has been done the computer can proceed without any
further human intervention. Here the computer makes
possible an analysis which could not have been done be-
fore, so that it makes a qualitative difference rather than
simply a quantitative.

Other tasks are more difficult, as language is inher-
ently vague and (when forced into precision) ambigu-
ous. Its analysis is also often based on ill-fitting and
inappropriate categories, for example when it comes to
word classes: these have originally been specified in an-
tiquity and are based on ancient Greek and Latin (as are
a lot of other grammatical categories). As a result, many
words in English cannot be unambiguously assigned a
single word class, even by human experts. Modern part-
of-speech taggers, typically operating with statistical lan-
guage models, achieve an accuracy rate of around 95+
percent; however, the calculation of this rate is some-
times doubtful, given the lack of a reliable 100% bench-
mark, and methods of evaluation differ between authors.

In a hierarchical model of processing (which is how
most NLP systems operate) errors made at an early stage
can propagate upwards, making it difficult to reach ac-
curate final results. A lot of ambiguities cannot be de-
cided without recourse to additional higher-level infor-
mation and effectively a decision will have to be post-
poned until that information becomes available. This in
turn means that often obscure interpretations are reached
through rare but not impossible word class ambiguities.
Ideally, probabilities would make processing easier, but
in the absence of statistical information options are lim-
ited.

In general, tasks involving assumed grammatical cat-
egories are always problematic and any outcomes have
to be carefully analysed to assert their validity; the prob-
lem here is that it cannot be easily determined whether
it is the program that is at fault, or whether the gram-
matical categories are simply inadequate. One should be
prepared to question any ‘received wisdom’, even if it
has not been challenged for literally millennia.

Grammatical analysis is a hard enough task with in-
vented sentences, but it becomes even more difficult
when working with authentic data, which often does not
adhere to the traditional rules of grammar. In addition, a
lot of real language is ‘messy’, involves names of peo-
ple or entities, dates, and a whole host of other phenom-
ena which linguists do not normally pay any attention to.
Grammars of, for example, dates might have been cre-
ated for existing NLP systems, but are often not re-usable
due to differences in tokenisation or word class labels.

In real life, language, however, is rarely ambiguous
due to additional information supplied by common sense
or shared contextual knowledge. It is only isolated sen-
tences (which do not have access to such information)
that often have hundreds of different readings, depend-
ing on the type of grammar used. But most of linguis-
tics has so far concentrated on the analysis of isolated
sentences. Phrase structure grammar only operates on

word classes, and arguably any system of word classes
in general use is not sufficient to model the distributional
behaviour of word forms. Studies in corpus linguistics
have shown that even different inflected forms of a word
often have complementary distributions. Sinclair (1991)
demonstrates that eye and its plural form eyes are used in
different contexts and cannot be interchanged, yet they
both share the word class ‘noun’.

As a consequence, more emphasis has to be placed on
the behaviour of individual lexical items. While this al-
lows a more fine-grained description, it also increases the
number of elements by several orders of magnitude: in-
stead of, say, 40 word classes we might be dealing with
40,000 different word forms. Automation is essential if
a reasonably comprehensive analysis is to be attempted.
This is one of the aims of this work.

2 Local Grammar Patterns

Most grammatical formalisms are based on either con-
stituency or dependency, the two basic principles of
structural description. An alternative approach is to view
language not as a basically flexible system which is
driven by constraints to avoid overgeneration, but instead
as a set of prefabricated building blocks that can be com-
bined to form a sentence. While there is undeniably a
capacity for creativity in language, most language use is
based on routine (Stubbs, 1993).

Starting the description of language from a lexical
point of view goes together well with a pattern or tem-
plate based approach. As stated above, word classes are
not suited to capture the distributional regularities of a
language, as they are far to coarse. In the Firthian tra-
dition meaning and use are related, which means that a
large part of the meaning of a word is in the context it
is used in. This on the other hand requires words with
a similar distribution to have similar meanings, so that
a description of such regularities purely based on word
classes becomes infeasible.

2.1 Local Grammar

Local Grammar (eg. Gross (1993)) is a way of describing
the syntactic behaviour of groups of individual elements,
which are related but whose similarities cannot easily be
expressed using phrase structure rules. Recursive Transi-
tion Networks (RTN, see Winograd (1983)) are used as
a formalism, with both word classes and sets of lexical
items as possible labels of transitions. This allows the
grammarian to be very specific if a certain construction
requires a particular lexical choice.

The basic idea is that local grammars for recurring
elements (eg. date expressions) are constructed, which
can then be re-used in the description of larger linguistic
constructions; basically a bottom-up approach towards a
comprehensive description of a language.

Local grammars are also well-suited for (semi-)fixed
phrases, where some limited variation is form is possible,
but with minimal change in meaning. Gross (1993) gives



the examples (only 5 out of 11 are reproduced here):

1. Bob lost his cool.

2. Bob lost his temper.

3. Bob lost his self-control.
4. Bob blew a fuse.

5. Bob blew his cool.

All these sentences are (according to Gross) synony-
mous, and their shared features can easily be captured
in a local grammar.

Grammar creation is facilitated by a graphical inter-
active development environment, INTEX (Silberztein,
1993).

2.2 Pattern Grammar

Pattern Grammar (eg. Hunston and Francis (2000)) aban-
dons a rule-based hierarchical structure in favour of pat-
terns or templates that describe typical environments a
word occurs in. Patterns are derived from analysing cor-
pus data, so they are based on actual usage. Like lo-
cal grammar, patterns contain a mixture of actual lexical
items (mostly prepositions) and abstract elements (such
as noun group, that-clause, etc).

Unlike local grammar, pattern grammar attempts a
broader description of syntactic behaviour, which is less
lexicalised. Typically the only lexically restricted ele-
ments in a pattern will be the main word the pattern be-
longs to, and perhaps a preposition (which is more spe-
cific than the general class of all prepositions).

One of the important issues with pattern grammar is
the correspondence between form and meaning: it can be
seen that words which share aspects of their meaning also
occur in similar sets of patterns. Typically a pattern will
be used to realise several different meanings, and each
of these meanings will be associated with a different set
of related words which go together with this pattern. In
Sinclair (1996) the example of V n by n is given, which
has five meaning groups:

1. ‘begin/end’: verbs used are answer, begin, start, as
in He answered the question by denying that...

2. ‘grab’: catch, grab, hold, as in He grabbed Rivers
by the shoulders and...

3. ‘call’: call, know, as in In three years | had never
called him by name.

4. ‘raise/lower’: cut, devalue, lift, raise, as in The Irish
government was forced to devalue its pound by 10
percent within...

5. ‘others’: replace, run, surround, for example I think
you’d better run it by me again.

Similar groups of meanings can be established for other
patterns as well; for a comprehensive list see Sinclair
(1996).

3 System Outline

The pattern recogniser consists of several components. A
pre-processor, which would turn the input text into a list
of sentences is not used at present, but will be required
for the processing of free text input. Presently, the input
data is assumed to be concordance lines, with each input
record on a separate line. Sentence boundaries are not
taken into account, as the aim is the recognition of a pat-
tern and not yet the analysis of a complete sentence. This
will be added at a later stage.

A simple tokeniser splits the input into tokens, sepa-
rating punctuation marks (which are treated as separate
elements). A stochastic parts-of-speech tagger (Qtag) is
then used to assign ambiguity classes to the input tokens.
An ambiguity class contains all possible word class la-
bels which can be assigned to the input token, ordered by
their respective likelihood. At present, all word classes
are treated equally, as the basic approach is lexical, and
would hopefully disambiguate any problem cases auto-
matically. Leaving out potential word classes which are
less likely might result in a loss in recall.

The final stage in processing is an RTN parser, which
takes as input a finite-state network describing a set of
patterns for a word. As additional resource it has avail-
able a set of ‘constituent networks’, RTNs which de-
scribe the individual elements which can be part of a
pattern. These are eg. noun groups, verb groups, and
other clause elements. The RTN parser ranks each path
through the RTN according to length; typically a pat-
tern can match in several ways. A noun phrase with a
determiner would also match without the determiner, so
the same constituent would match twice with different
starting positions. Longest-matching is a very successful
strategy in avoiding mistakes at this stage.

The networks describing the word patterns have been
generated from a list of patterns from Sinclair (2001).
This yields more than 19,600 patterns for about 4,800
verbs (patterns of nouns and other word classes have ini-
tially not been included). All patterns (see examples be-
low) are stated as linear sequences of elements; these
have been converted into simple finite-state automata,
which were then merged and minimised to form a single
FSA for each word. They have been designed to be com-
patible in format with the INTEX system (Silberztein,
1993), as it is envisaged that they might form part of a lo-
cal grammar development project at a later stage. In any
case, it is always advisable to follow an existing standard
if possible. Some automatically generated automata have
already been successfully imported into INTEX.

4 Evaluation

For evaluating the effectiveness of both the pattern ap-
proach and the pattern recogniser, a few sample words
were chosen (randomly) for testing. In this section the
results of the tests are described.

In order to measure the effectiveness of changes to
the system automatic test have been set up. A number of



sample lines was annotated with the correct pattern that
the system should identify, so that the performance could
be evaluated fully automated. This is particularly impor-
tant as the system is still under development; this way
any changes can immediately be evaluated as to whether
they actually increase the overall performance of the sys-
tem.

4.1 blend

The first word chosen was blend, which has the follow-
ing patterns: V n with n, V with n, V n, V pl-n, pl-n
V, V-ed, N of n, and V-ed. From a selection of corpora
(3 million words in size) 56 lines for blend and its in-
flected forms were retrieved and tested on the automaton
generated from the pattern list. An analysis of the errors
showed a possible variation in the patterns, the use of
into instead of with, which was then added to the FSA.
As the system is still under development, the RTNs used
for recognising phrase components were manually ad-
justed to deal with cases where an element had not been
recognised properly. This test thus represents “ideal’ con-
ditions, where no errors from the syntactic analysis inter-
fere with the pattern recognition. Such adjustments will
continue throughout, as the RTNs are applied to more
and more data. The amount of changes necessary will
decrease as coverage of frequent constructions increases.
There are four possible outcomes of a pattern match:

1. The correct pattern is the highest ranking pattern re-
turned by the recogniser

2. The correct pattern has been found, but is not at the
highest rank

3. The correct pattern has not been identified at all

4. A pattern has been recognised, but there is actually
no pattern in the data

The output of the pattern recogniser for blend showed
that the correct pattern had been identified in 54 cases
(always as the highest-ranking result), and in two lines a
pattern had been recognised where the word had actually
been used without a pattern. Restated in terms of preci-
sion and recall we have a recall of 100% and a precision
of 96.4%, yielding an F-measure of 98.16 (van Rijsber-
gen, 1979).

The two lines where a pattern has been falsely recog-
nised are:

1. ...an opera with some kind of model for dramatic
themes in which were blended history - in the sense
of a distant past that could be upheld as...

2. ...colors on the market are more lively and interest-
ing to me than blended tones - which is one of the
reasons why my palette is made of more...

In the first line, the pattern V n is identified; there is not
sufficient context to correctly analyse the structure of this
rather convoluted sentence even for a human analyst. In
the second line the adjectival use is mis-interpreted and

the pattern V pl-n is proposed. Here we see a case where
arguably our traditional system of grammatical descrip-
tion does not quite apply to English. Cases where past or
continuous participles of verbs are used as noun modi-
fiers are usually treated as adjectives, but one could imag-
ine them as embedded non-finite clauses with a verb an
object.

In order to keep matters simple, the adjective-noun in-
terpretation seems generally to be preferable, in which
case the recognised pattern would be wrong. This is a
consequence of the lexical approach which gives a lex-
ical match preference over part-of-speech match. A full
parse of the sentence might resolve that problem, or alter-
natively the part-of-speech could be taken into account.
However, the latter alternative might lead to errors in
other cases and would have to be carefully evaluated.

In summary, this first attempt is not a realistic test for
the overall performance, but rather shows the optimal re-
sult in an ideal setting. It does provide reassurance that
the method itself is capable of operating with high levels
of accuracy, but the true performance needs to be evalu-
ated on different data.

4.2 link

As a second example, the word link was chosen at ran-
dom. It has the patterns N between/with/to n, V' n to/with
n, V-ed, V pl-n, V n prep/adv, V n, V P with n, pl-n V
P, and be V-ed P to n.

This time 116 lines were selected at random from the
same 3 million word corpus selection as before, split
proportionately across the various inflected forms. No
further adjustments were made to the system; the result
therefore is a more realistic reflection of its current ca-
pabilities. Of the 116 lines, 73 were correctly analysed
(62.9%), 9 patterns were found but were not highest-
ranking (7.7%), 6 patterns were found where no patterns
had been used (5.1%), and 28 patterns were not correctly
identified (24.1%). With recall at 100% (again, at least
one pattern was recognised for each line) strict precision
is at 62.9% (if only highest ranking matches are counted)
(F =77.2) and the less strict precision (where any correct
identification is counted) is at 70.7% (F = 82.8).

Most of these errors were due to non-canonical pat-
terns, especially passive clauses. Supplementing the au-
tomaton with the missing variants, V to/with n and pl-n
be V-ed we significantly improve the precision, which
is now at 80.1% (strict) and 91.3% (loose), with the re-
spective F values of 88.9 and 95.4. Given that the trans-
formed patterns can be added to the patterns of any word
automatically once a general list of corresponding pas-
sive patterns has been drawn up for each active one, the
result looks very encouraging. At present, non-canonical
patterns are not listed in the dictionary and are therefore
not used by default. A previous study (Mason and Hun-
ston, to appear) reports that 6 out of 100 patterns for the
lemma decide were in non-canonical form.

In most cases where the correct pattern was not the



highest ranking one, a word preceding the pattern has
erroneously been incorporated due to the strategy of
longest-matching. This happens easily with continuous
forms, as in

1. surprise, that a Labour government would not be
averse to cultivating close links with an arch-
conservative industrialist such as himself.

2. well be poached by European big business with
many schools already forming links with compa-
nies such as the West German car makers, BMW, as
they are finding

In all the above cases there is a (local) structural ambi-
guity as exemplified by the following (correctly identi-
fied) example: ... day that could lead the way to lifting
the international boycott on sporting links with South
Africa. Looking at the wider context the ambiguity can
usually be resolved. This, however, does not apply to the
first case, where averse has the pattern v-link ADJ to n,
where cultivating close links would nicely fill the n slot,
but in the second line the clause would be missing a verb,
and the noun phrase many schools could not easily be
followed by another noun phrase already forming links.
Here the verbal reading of forming would be necessary
to fulfil grammatical constraints.

This example shows that often local context is not suf-
ficient for a correct analysis, and pattern grammar has to
be embedded in a more ‘global’ approach to structural
description. This could simply mean a comprehensive
analysis of all patterns occurring in a text, which should
handle most of the existing ambiguities.

The remaining four cases in which the pattern was not
identified at all are split evenly between parsing errors
and missing patterns with two instances each. The pars-
ing errors are due to the developing nature of the system
and should not occur anymore once the system is more
stable; the missing patterns will always remain a prob-
lem. However, once a systematic study of patterns is un-
dertaken with the aid of the computer, the existing pattern
lists can be extended to include any omissions.

5 FutureWork

The work described in this paper can be further extended
in a number of different directions. First, a complete de-
scription of all patterns in a sentence can be attempted.
At present there are problems with selecting the correct
automaton for the right word in an input sequence, which
is why the analysis best works with a single pattern au-
tomaton only. This is the first restriction that needs to be
remedied. Once this has been tackled it becomes possible
to assess the overall coverage of grammar patterns: how
dense are texts in terms of their usage of patterns? Or, in
other words, how much of a text can we describe in terms
of patterns? This should give a thorough overview which
might at the same time show up patterns that have been
left out of the initial description.

A further step is the automatic identification of pat-
terns, rather than their recognition. Using machine learn-
ing techniques it ought to be possible to generalise from
the syntactic context of a word and identify what patterns
are used with it. That would be one way to overcome
the problem of incomplete description, but Hunston and
Francis (2000) give some examples where identifying the
correct pattern is rather difficult, so it remains to be seen
if this can be done automatically.

For a linguistic description it will be useful to inves-
tigate the typical instances of pattern elements. For ex-
ample, in blend n with n the two n slots will be filled
with words describing ‘blendable’ entities. The pattern
bite into n could provide us with a list of items that are
typically bitten into. There is quite a lot of scope for col-
lecting sets of semantically related words which could
be used for describing the meaning of words in terms of
distributional similarity.

Finally, there are the basic steps of processing non-
canonical forms of patterns, which requires dealing with
unusual word order, passive transformations, and similar
phenomena. This would increase the coverage substan-
tially, and would only be necessary once for each pat-
tern. In the list of verb patterns of 4,800 verbs mentioned
above the number of unique patterns is about 1,100. As-
suming the usual distribution we will only have to deal
with a few hundred patterns to cover most actual occur-
rences.

6 Conclusion

Pattern grammar is a novel way of describing the syntac-
tic structure of sentences. It does not assume a hierarchi-
cal structure, but instead is based on a sequential/linear
model where patterns follow each other or even flow into
each other (Hunston and Francis, 2000). Pattern gram-
mar can be implemented using efficient finite-state tech-
nology, and can thus be integrated into the precise de-
scription of (lexicalised) local grammars, as described by
Gross (1993) and Gross (1997).

The initial results of individual case studies are very
encouraging, however, more automata need to be evalu-
ated as the system develops to provide more accurate and
robust measures of performance. It also needs to be in-
vestigated how overlapping patterns can contribute to the
disambiguation of structural ambiguities: if one pattern is
followed by a noun, the next pattern cannot interpret that
noun as a verb; the question then is which pattern is right.

Another factor is the modular nature of the system and
the influence of multiple factors on the overall result. The
interaction between the parts-of-speech tagger, the con-
stituent networks, and the pattern automata needs to be
fine-tuned to work best; errors in any of these compo-
nents can lead to problems with recognition. For testing
purposes automated benchmarks have been set up to in-
vestigate the influence of adjustments to any component
on the overall system performance.

In summary, local grammar patterns are a promis-



ing approach to the description of syntactic structures.
They allow a description of language based on re-usable
component networks and can be processed efficiently by
computer.
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