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Abstract. A method for stochasticdly modeling bidiredionality in chart
parsing is presented. A bidiredional parser, which starts analysis from certain
dynamicdly determined pasitions of the sentence (the islands), has been huilt.
This idand-driven parser uses the stochastic model to gude the recgnition
process The system has been trained and tested over two wide-coverage
corpus: Spanish Lexesp and English Penn Treebank. Results regarding
comparison d our approach with the basic Bottom-Up are encouraging.

1 Introduction

Althoughmost methods for CFG parsing are based on a uniform way of guiding the
parsing frocess (e.g. top-down, bottom-up, left-corner,...), there have recently been
severa attempts to introduce more flexibility, for instance dlowing bidiredionality,
in order to make parsers more sensitive to linguistic phenomena (see[1], [2], [3]).

We ca roughly classfy such approaches into head-driven and island-driven
parsing. They respedively assume the existence of a distinguished symbal in each
rule, the head, and cetain distingushed words in the sentence to be parsed, the
isands, playing a central role on the respedive parsing approach.

While asigning heads to rules is a heary knowledge intensive task, seleding
isands can be caried ou quite straightforwardly: unambiguous words, base NPs (in
the cae of textua input), accurately recogrized fragments (in the cae of speed),
might be mnsidered islands.

The problem is, however, that smply starting with isands or heads does not asaure
improvements over the basic parsing schemata. Only with appropriate heuristics for
dedding where axd in which diredion to proceed can we restrict the syntadic search
space ad therefore obtain better results, coming through the obvious overhead that
these more complex algorithms suppose.

What we present here is a method for modeling bidiredionality in parsing, as well
as a hidiredional island-driven chart parser that uses such a stochastic model. Our
framework acounts for bidiredional expansion d partial analysis, which improves
the predictive capabiliti es of the system.

In the remainder of this paper we describe the parsing algorithm we have built for
testing the stochastic model in sedion 2 present this model in sedion 3, discussthe
planning d the experiments and their results in sedion 4 and gve @nclusions in
sedion 5



2 TheParsing Algorithm

The nventional left-to-right approach of chart parsing is enriched with
bidirediondlity: parsing is garted from several dynamicdly determined pasitions of
the sentence (the idands), and then proceel ouward in bah dredions. Iland-driven
flexibility allows for the use of optimal heuristics that coud na be applied to
unidiredional strategies. These heuristics are based ona stochastic model, which will
be described below.

Inidand-driven parsing one must ded with cases in which no idand at all has been
seleded within the portion of the input where a constituent is required by the
surrounding analyses. Hence the parser must employ top-down prediction to be sure
that no congtituent is lost. Obvioudly, this prediction may take place é&her at the
congtituent’ s left or right boundary. Therefore, we'll talk abou prediction to the right
or to the | eft.

The parsing algorithm works by following an agenda-based approach. A priority
queue, implemented as a hea, is used to ded with the idea of choasing the most
probable idand, acording to the stochastic model, to be extended in the most
probable side. In fad, the hegy’'s rting criterion will always be ared number
representing a probability attached in a way or ancther to ead chart edge. Two
different instances of heg are arrently used by the dgorithm (though with identica
type of contents): the exension heap and the prediction heap. An element of any of
both heaps consists of a bidiredional chart edge (either adive or inadive & the
extension heap, always adive & the prediction one), a diredion attribute indicating
whether the edge must be extended/used for prediction to the left or to the right, and a
probability attribute stating the probability of extensior/fruitful prediction d the edge
in question to the indicated dredion. Null probabiliti es are naot dedt with at al. The
algorithm consists of aloopcomposed by two stages:

1. A purely battom-up phase which operates with the exension heap as an agenda. It
extends the bidiredional chart edges contained in the hegp and in turn might add
new elements to it, aways acording to the dtached probability. At the very first
step of this phase, only those inadive edges representing islands are taken into
acourt. The order in which the exension (if any) of the existing islands to the
possble sides will be caried ou is therefore determined by the computed
probabiliti es (though owe the process sarted up, new elements with higher
probabiliti es may be alded that would delay the extension of certain islands).

2. Whenever the first phase does not lead to a complete analysis, a top-down
prediction phase is garted. It uses a prediction heap which will be updated at the
beginning of every step of thistype, only with those ative alges adjacant to a gap*
(and not used in a previous prediction phase yet), dways acwording to a computed
probability for each edge and diredion. Therefore, a coverage structure must be
maintained, storing which elements of the sentence form part of an isand. This
semnd plase lasts until coverage is incremented (i.e. one of the idands grows a
word to ore side), which is when we will go bad to the first stage, presumably
with a non empty extension heap. The key idea is to limit prediction as much as

! Gaps are segments of the input sentence spanning between adjacent islands.



possble, going badk to the exension phase & onas an increment of coverage is
deteded.

3 The Stochastic M odél

Given a stochastic CFG, what we try to model isthe likelihood of extending (either to
the right or to the left) an (either inadive or adive) arc, or partial analysis. Two basic
models have been studied. The first one, the local model, is gatic, asit just takes into
acount grammaticd information. The second one considers as well the immediate
environment around the island being dedt with, that is, the idands and gaps
immediately surroundng ead island (in fad, bidiredional strategies can be used in
restricting the syntadic seach spacefor gaps surrounded by two partia analyses).
The results obtained for this latter method, the neighbouring model, have not entail ed
relevant improvement over the local one yet. Therefore, we' ll concentrate on the first
one.

The local approach is based on regarding the probability of an arc to be extended
(and the same applies to the prediction) as the probability of the next symbol to be
expanded having the terminal(s) symbol(s) in the corresponding pasition o the
sentence & either left or right corner (acwrding to the expansior/prediction
diredion)?. We'll employ the usual (two-)doatted rule notation for the acs. Being G an
stochastic Context Free Grammar, T the set of terminal symbols of G, N the set of
non terminal symbols of G, R the i-th production of G and P(R) its attached
probability, [A, i, j] is an isand of caegory A spanning positions i to j, and
{leftright} _corner are functions from N x T to [0,1], being {left|right} corner (A, &)
the probability that a derivation tree rooted A could have symbadl a & a {left|right}
corner. {leftfright}_corner* are functions from N x T* to [0,1], being
{leftright} _corner* (A, 1a) the probability that a derivation treerooted A could have
any of the symbolsof list la @ a{leftright} corner.

OAON,adT :right_cornef(Aa) = P(A>>a/G) )

right _corner* (Ala) = Z right _corner(A a) ©)

L eft-corner probabiliti es are symmetricdly defined.

These probabilities are pre-computed and stored in two structures (the
Lreachabhlity and the Rreachabhility tables), which can be efficiently accessed:
» For exparsion to the left of anisland (inadive arc) labeled A:

Pet (LA, jVG, w) = Z P(R) ®

R:X - aA

2 Following [4] s notation.



« For exparsion to the left of (or prediction to the Ieft from) an adive arc®:

arc

P([A - aB.B.y,i, jl/G,w) =right_corner* (B, It) @

Exparsions and predictions to the right are symmetricdly defined.

4 TheExperiments

In order to compare the performance of the local approach with the classcd |eft-to-
right bottom-up®, we have carried out a series of experiments. On ore hand, we have
used the Lexesp Spanish corpus (5,5Mw), and a grammar for Spanish including 704
rules, 123 na terminal symbols and 310terminal (Parole compliant) ones [5]. The
corpus was smply morphologicdly analyzed. Hence it had to be syntadicdly
analyzed with the bottom-up chart parser in order to produce atraining corpus.
Probabiliti es attached to the grammar rules were leant by means of this corpus of
10000 sentences, while a ©rpus of 1000 sentences was reserved for testing.

On the other hand, we have used English Penn Treebank Il [6], 1,25Mw. The
grammar underlying the bracketing hes been extraded, but its sze (17534 rules) is
simply to big to contemplate for our parser. Therefore, and given that many of the
rules occur so infrequently, we have gplied a simple thresholding mechanism to
prune rules from the grammar [7]. This mechanism consists smply of removing all
rules that acourt for fewer than n% of rule occurrences of rulesin each category. In
our case we have used n=22, obtaining a grammar with %41 rules, 26 na terminal
symbols and 45 terminal ones. This reduction o the grammar has sown to keg a
coverage of 60% over the test corpus. Probabiliti es attached to the grammar rules
have dso been leant using for the training process the complete crpus (49208
sentences). A corpus of 1000 sentences extraded randamly from diredories 13 and 23
was used for testing.

The aiterion chosen for the seledion o the islands has been considering all non-
ambiguous words, taking into account that we are deding with a cdegorized but non
tagged corpus. Efficiency has been measured in terms of the number of inadive and
adive acscreaed during the parsing process

Global results corresponding to both corpus are shown in Table 1. In general, the
use of SCFG has proven to be succes<ul if a “good” grammar for a given language is
avail able, together with a large enough labeled corpus of written sentences © that
productions can be estimated with acceptable predsion. In the cae of the Spanish
experiments, the quality of the grammar, as well as the fad that the training process
had to be performed from analyses of the bottom-up parser, has siown to be relevant
for the global results.

31t beingthe list of terminal categories attached to w,,
4 Trying Top-Down approach led, as expeded, to far worse results.



Table 1. Comparative results for corpus PTBII and Lexesp

Locd Bottom-Up
PTBII
Inadive acs 2569 6679
Active acs 13777 53164
Lexesp
Inadive acs 116 143
Active acs 648 645

The arpus has been divided into groups acerding to the length o the sentences
starting from group O (length < 10) to group 9 (Ilength > 38). The tendencies for both
corpus and languages have been similar. Part of the relevant results obtained for
PTBII are shown in Fig. 1. It is obvious that, whil e bottom-up’ s performance degrades
asthe length increases, local’ s remains rather constant.
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Fig. 1. Average number of arcsfor eadn method and group of sentences of a catain length

Other criteria of classficaion d sentences have been tested, including ambiguity
rate, MID (Maximum Island Distance) and island density. The results corresponding
to PTBII andthe latter measure ae shown in Fig. 2.

5 Conclusions

A stochastic model for deding with bidiredionality in island-driven chart parsing has
been presented. The model, a static one, provides for the probability of extension of
ead isand given the stochastic grammar. A chart parser has been bult that uses such



amodel. Several experiments with broad coverage grammars of English and Spanish
have been caried ou. Parsing performance has been analised acording to several
metrics (sentence length, ambiguity rate, MID and idand density). Our approach
clealy outperforms the baseli ne bottom-up strategy.
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