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Abstract

We present a novel method for improving
parsing performance, using a stochastic island-
driven chart parser precaled by a dunking
process for identifying initial idands. Two
different stochastic models have been developed
for the island-driven parsing. Some experiments
with nominal chunking using broad-coverage
grammars derived from the Penn Treebank have
been performed with remarkable results.

1 Introduction

Recently there has been increasing interest in facilit ating
the parsing process in full parsing (guided by broad-
coverage Context-Free Grammars) in order to improve
performance Mainly threediredions have been foll owed:
1) deriving aregular approximation of the initial grammar
(Nederhof 2000 and generating a language that could be
either a subset or a superset of the language generated by
the original grammar, 2) splitti ng the parsing processinto
a sequence of simpler steps, ead one governed by a
simple, usually regular, grammar (Ciravegna & Lavelli
99; Abney 96), and 3) guiding the parsing process by
certain type of heuristics, usually informed by stochastic
models. These models are normally Stochastic Context-
Free Grammars, SCFG (Charniak et a. 98; Blaheta &
Charniak 99) or extensions (Collins 97, Geman &
Johnson 2000.

The three diredions present advantages and
limitations. In the first case, only an approximation of the
original language is obtained. This may be insufficient for
some gplicdions, depending on the distance between the
language generated by the original grammar and the
approximation. In the second case, the grammar must be
structured as a cacade of simpler grammars, which
prevents us from using a genera-purpose pre-existing
grammar. Our work is in the line of the third approach,
although our method is completely independent of the
knowledge source and the language, in contrast with
approaches as (Collins 97). We will be using sort of
FOMs as (Charniak et a. 98) or (Blaheta & Charniak 99),
but based on the @mncept of islands and applying these
FOMs o their extension.

What we propose here is away of splitting the parsing
process into two steps, alowing the use of any full-
coverage SCFG as an input. Firstly, a chunking step
(using a grammar of chunks automatically extraded from
the initial grammar), in which a partial parsing of the
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input is performed. Sewndly, an island-driven parsing
step, where a probabilistic bidiredional parsing is
performed starting from islands which are the previously
deteded chunks.

In the remainder of this paper, we start by briefly
describing our idand-driven parser, along with the
stochastic models it uses, in section 2. In sedion 3, we
describe the global methoddogy. In sections 4 and 5 we
discuss the experiments (and their results) and the
evaluation of the quality of the results respedively.
Finally, in sedion 6 we state the conclusions.

2 The Probabilistic Idand-Driven

Approach

Although most methods for CFG parsing are based on a
uniform way of guiding the parsing process (e.g. top-
down, bottom-up, left-corner), there have been severa
attempts to introduce more flexibility, alowing
bidiredionality, in order to make parsers more sensitive to
linguistic phenomena (Satta & Stock 94; Sikkel & op den
Akker 96; Ritchie 99). Particularly in island-driven
parsing, the mnventional left-to-right approach of chart
parsing is enhanced with two fedures. bidiredionality
(parsing can take place éher left-to-right or right-to-left)
and the islands themselves (dynamicdly determined
positions of the sentence from which the process sarts).
Idand-driven flexibility permits the use of optimal
heurigtics, in order to deliver a single best-first analysis,
that could not be gplied to unidirediona strategies.
These heuristics are based on two stochastic models, locd
and neighbouring, which allow to seled the most
probable island, to be extended in the most probable side.
Our idand-driven chart parser performs a combination of
bottom-up expansion and top-down prediction, guided by
the stochastic parameters. The dgorithm has been
described in (Ageno & Rodriguez 2000, therefore we
will focus on the description of the stochastic models.

2.1 ThelLocal Modd

The locd approach is based on regarding the probability
of an edge to be extended (and the same gplies to the
prediction) as the probability of the next symbadl to be
expanded having the termina(s) symboal(s) in the
corresponding position of the sentence & either left or
right corner. Being G a SCFG, T the set of termina
symbals of G, N the set of nonterminal symbadls of G, Ri
the i-th production of G and P(Ri) its attached probability;
[A i, ]] isanidand of caegory A spanning pasitionsi to j,



and {left|right} _corner are functions from N x T to [0,1],
being {leftlright} _corner(A, a) the probability that a
derivation treerooted A could have symbal a as a left or
right corner:

OAON,aOT :right_corner(Aa) = P(A>>a/G) '
Similarly, {left|right} _corner* are functions from N x T*
to [0,1], so that, for any list of symbalsla:

right _corner* (A/la) = right _corner(A a)

allla
Left_corner probebiliti es are symmetricadly defined. All
these probabiliti es are pre-computed, so that:
* For expansion to the left of an idand (inadive elge)
labelled A:

P s ([AL jIIG,w) = § P(R)
RIZGA R

e For expansion to theé left of (or prediction to the left

from) an adive alge :

P([A - aB.B.y,i, j]/G,w) = right _corner * (B,It)
Speda cases where dther a or 3 are eanpty are dso
considered. Expansions and predictions to the right are

symmetricdly defined.

2.2 TheNeighbouring Model

In this approac, to take the dedsion of extending an
island we'll consider bath the information provided by the
neighbours and the distances to them (the lengths of the
gaps, the segments of the input sentence between adjacent
idands). Roughly speaking, we intend to model the
distances (in terms of number of terminals) between
nodes in the parse tree and guide the dedsions
acordingy. Hence the probabilities of length
distributions for ead rule of the grammar must be leant
from atraining corpus.

Giventwoidands[A, i, j] and [B, j+d, 1], separated by
a distance d, three types of relationship have been
considered *:

R ={r : X - aABBy,d =\B\}

R?={r: X - aABHy,H I - 3Bu,d =|g| +|3]}
R®={r:X - aHpBy,H I - 5Au,d =|y| +|B|}
And we'll denote eat probability, for
P'(d/r,AB) ad pi (A B)= 3 P(dr.A,B)

roR'
These probabiliti es are pre-computed for ead posshle
pair of islands and distance d=0..limit (being all cases of
d>limit treded as a whole). The limit is a parameter that
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in our experiments has been set to 3. The gplicaion of

i=1..3:

1 P(A>>a/G) denotes the probability that, starting with the
nonterminal A, successve gplicaion d rules in grammar G
produces a sequence starting with terminal a.

2\t pei ng the list of terminal caegories of word w;.;

3 These cases only accourt for those situations in which
there is one rule that includes diredly at least one of the islands
considered, acording to ou notion of neighbourhood.
Therefore, to get afull coverage, a badk-off to ather method is
neeled.

4 Consideri ng average distances between islands.

this model to the expansions and predictions to the right
foll ows (left diredion symmetricd):
e For expansion of an idand [A, i, j], being [B, j+d, I]
the dosest island to the right:
Pams (AL VG, w,[B, ] +d,1]) =P (d/ AB) +

min(3,d

)
ZZN Z L (d-1/AZ)xP%(1/Z,B)
+PL(d-1/AZ)xP(1/Z,A)

The first addend acounts for cases of A and B beingin

the same rule righthand side while the second one

considers all posshilities of B being derived in one or
more steps from a nonterminal Z which isin the same rule
righthand side & A, plus al posshilities of A being

derived from a Z in the same rule righthand side & B.

e For expansion of (or prediction from) an adive elge
[A- B.AaA .Vi,jl being[B, j+d, I] the dosest
island to the right:

PI (A = B.AGA y.i, jIG,W,[B, ] +d,I]) =P'd/r,A,B)+

; proby,.y; 4| =1)xP2.(d ~1/y;,B)
y;ON,i<d,0sd-1<3

The ideais the same, albeit particularising to the rule of
the adive alge. To the left the formula is symmetricd,
using P* instead of P?and A, instead of A,. Prob provides
for the distribution of probabiliti es of the lengths of any
subsequence of terminal and nonterminal symbols®.

3 Overall methodology

Our approach takes advantage of both a syntacticdly
motivated way of detedingidlands (instead of essentially
lexicd asin previous approaces) and a stochastic way of
guiding the parsing process (that is, which islands should
be extended and in which diredion).

So far, non-ambiguous words have been considered
our initial idands, saving at the same time the necessity of
a tagger. The results of previous experiments testing the
performance of both island-driven stochastic models on
the Penn Tredbank are described in (Ageno & Rodriguez
2001). However, we intend to introduce amore informed

method to choose the islands, such as using base-N Ps6 as
candidates. Nevertheless, the cmplexity introduced by
this additional step should be minimised so that it was
worth the improvements obtained.

Although the task of finding base-NPs is relatively
simple, its difficulty stems from the atempt to oktain a
high level of accuracy. However, as we will show in
sedion 5, this acairacy is not that criticd anymore when
base-NPs are just going to be used as the input for our
isand-driven parser. In other words, our approach does
not rely on being able to deted all posshble base-NPs, and
conversely, the base-NPs deteded will be accetable only
if they drive to an idand-driven analysis. Thus, we have
implemented a straightforward a gorithm to find base-NPs
which, despite its smpli city, accomplishes an outstanding

S Severa heuristics, described in (Ageno & Rodriguez
2001) have been adopted in this drategy.

6 Base-NPs arejust one kind of churks. Other clases can be
considered (Abney 1996). Our results with base-NPs may be
easily extended to other types.



improvement in the results regarding both efficiency and
quality. Several variations of this algorithm have been
tested.

We take our base-NPs definition from (Cardie &
Pierce 98), that is, we define base-NPs to be simple,
nonreaursive noun phrases (i.e., hot containing other noun
phrase descendants). However, we will not apply their
method for seledion of the dwunks. Our algorithm is
composed by threesteps.

1. A baseNP grammar, a subset of our initial
grammar containing only those rules whose lefthand side
isanonrecursive NP, is extraded.

2. A partial parse to find all possble base-NPs for
ead sentence in the input corpus is performed by a
chunker. For the sake of comparison, PoS for words in the
test set are dso ambiguous, so eventually many of these
base-NPs may not be rred.

3. A process of seledion of the obtained chunks,
acordingto their types, is caried out.

Maximal chunk Overlapping chunk

Internal chunks

=TT

i it i+2 i+3 i+4 i+5

Figure 2: Example of kinds of base-NPs
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Figure 3: A two-steps approach to parsing

Three types of base-NPs have been distinguished (see
Figure 2), namely the maximal NPs (the longest ones out
of those starting a a cetain position of the sentence), the
overlapping NPs (those overlapping with previous
maximal NPs), and the internal NPs (the rest of the NPs
extraded). Seledion of chunks has been performed
considering these three dasses, so that we have eval uated,
for bath stochastic models, the foll owing alternatives:

1. Taking every base-NP extraded, heredter
local+chunksl and  neighbouring+chunksl
respedively.

2. Seleding only maximal and overlapping NPs,
heredter local+chunks2 and
neighbouring+ chunks2.

3. Culing only those maxima NPs, hereafter
locd+chunks3 and neighbouring+chunks3.

The overall processis depicted in Figure 3.
4 Evaluation

4.1 Setting

We hasten to emphasise that our experiments have been
aimed at comparing both methods for seledion of islands,
as well as at comparing, in the same environment, the
performance of our ‘chunkst+island-driven’ approach with
the dassicd bottom-up’. By classicd bottom-up
(henceforth BU) we mean a cart parser which operates
combining the elges of the dhart bottom-up and left-to-
right. We consider that the parse returned by this method
is the first analysis found, so that the processwill stop as
soon as this happens, possbly leaving items in the
agenda.

Our methoddogy does not supply a spedfic
knowledge source (as in Collins 97), but it can be gplied
to any existent SCFG. Besides, for the sake of comparison
we might be darting from a @rpus that is not
morphologicdly disambiguated. Our approach has been
tested using severa artificia grammars, and even a
limited-coverage grammar for Spanish (see Ageno &
Rodriguez 2000. However, we wished to compare our
strategies using a grammar as close & possdble to a red
one, so we chose crpus Penn Tredoank Il (Marcus et al.
93), 1,25Mw. The grammar underlying the bradeting
was extraded, but its gze (17534rules) was smply too
big to contemplate for our parser. Therefore, following
(Gaizauskas 95), we gplied a thresholding mechanism to
prune rules from the grammar, obtaining a grammar with
941 rules, 26 nonterminals and 45terminals’.

In order to estimate the parameters of both models, a
training corpus of 49208sentences was used (previously,
probabiliti es attached to the grammar rules were leant).
While locd parameters can be wnsidered acarately
leant, neighbouring parameters are far more @mplex,
which implies the sparseness problems that will be
described below. A corpus of 1000 sentences extraded
randomly from sedions 13 and 23 (from those sentences
covered by our grammar) was used for testing. The base-
NP derived grammar is composed by 33 rules.

Efficiency has been measured in terms of the number
of inadive and adive alges creaed during the parsing
process that is, the ones required to find the first parse.

4.2 Reaults

We dare compare our chunking approach with a plain
method as BU, which does not take advantage of this pre-
process This is becaisse a1 experiment on the
performance of BU using as an input the test sentences
previously chunked (treaing these chunks as terminal
caegories) resulted in a 56% coverage, due to the lack of

7 As expeded, top-down approach produced far worse
results, so it was not considered.

8 We have not worried about the subsequent reduction of
coverage, inasmuch as our goal isto compare our approach with
our baselinein the same environment.



acaracy of the base-NPs extraded. Anyway, we
compared the average results for this subset of 560
sentences, being 12517 edges for the “BU+chunks’, in
front of 5833 d local+chunks2. We mnclude that, if we
want to kegp simple and completely automatic this pre-
process it definitely makes no sense to apply it to such
unidiredional strategies.

PTB-II Inadive Active elges
edges
BU 6679 53164
Locd-noamb. 2569 13777
Loca+churksl 1180 9631
Locd+churks2 634 6524
Locd+churks3 674 6593
Neighb.-nocamb. 1488 14402
Neighb.+churksl 1457 12610
Neighb.+churks2 982 8849
Neighb.+churks3 1045 9434

Table 1: Comparative results for corpus PTB-II

Overal figures are shown in Table 1. Both locd and
neighbouring strategies dramaticdly outperform BU. In
general, the use of SCFGs has proven to be successful if
an appropriate grammar for a given language is avail able,
together with a large enough labelled corpus of written
sentences © that the model parameters can be estimated
with accetable predsion. Certainly the neighbouring
model suffers from data sparseness This drawback has
been partially overcome by using hybrid techniques, as
described in (Ageno & Rodriguez 2007).

Focusing on the differences due to the two methods of
idand selection, we find that the base-NPs approach
outperforms the nonambiguous one (heredter, local-
noamb and neighbouring-noamb). Moreover, we observe
a more significant improvement when being more
seledive with the base-NPs (56% for local+chunks2).
Surprisingy we find that the longest-match strategy
(local+chunks3), the one most often used in applicaion
systems, performs dightly worse than local+chunks2.
The fad that our stochastic model permits to seled the
most appropriate base—NPs to be dedt with could explain
that it is worth it to try and compensate the lack of
acaracy of the base-NPs sledion process by adding
more dternative base-NPs to the initial set.

5 Assessing the Quality of the Par ses

So far, the evaluation of the parses returned by eech
method has been performed on the basis of the number of
edges creded in order to complete the analysis. Two
kinds of measures to acournt for the quality of the results
will be mnsidered next. Once more, let us remark that our
aim is to compare our approaches against each other as
well as against our baseline BU.

5.1 Probabilities

The probability of a parse is usualy regarded as the
product of the probabiliti es of the rules involved. Average
probabiliti es were computed for ead basic method (see
resultsin Table 2).

Probability
PTB 0.932
BU 0.636
Locd-noamb. 0.774
Loca+churksl 0.658
Loca+churks2 0.832
Locd+churks3 0.822
Neighb.-nocamb. 0.389
Neighb.+churksl 0.513
Neighb.+churks2 0.655
Neighb.+churks3 0.625

Table 2: Average probabiliti es for ead method

As expeded, the maximum average probability
corresponds to the PTB parses. The following method is
the locd approach. Although the introduction of base-NPs
implies a reduction for chunksl, again chunks?2 and
chunks3 represent a significant improvement. As to the
neighbouring model, the dhange from the nonambiguous
approach to the base-NPs improves the probability by
more than 40% for chunks2. Thus, by choosing the
appropriate chunking method, neighbouring approach
also autperforms BU.

5.2 Other evaluation metrics

Additionally, we have tried to compute the acaracy of
the parses returned by our methods, by means of the
metrics described in (Goodman 96) plus two predsion
rates, namely: Labelled and Bradketed Recdl Rates (LR
and BR), Consistent Bradkets Reall Rate (CBR), and
Labelled and Bradketed Predsion Rates (LP and BP).

LR BR | CBR | LP BP
Viterbi 0.577 ] 0.633 | 0.746 | 0.541 | 0.592
BU 0.412 | 0.514 | 0.705 | 0.299 | 0.369
Locd-noamb. 0.423 | 0.497 | 0.640 | 0.344 | 0.403
Locd-churksl 0.402 | 0.478 | 0.643 | 0.298 | 0.352
Locd-churks2 0.433 | 0.506 | 0.634 | 0.398 | 0.462
Locd-churks3 0.427 | 0.500 | 0.636 | 0.384 | 0.449
Neighb.-nocamb. 0.373 | 0.460 | 0.675| 0.230 | 0.282
Neighb+churksl | 0.402 | 0.487 | 0.666 | 0.275 | 0.332
Neighbt+churks2 | 0.401 | 0.481 | 0.646 | 0.309 | 0.368
Neighbt+churks3 | 0.395 | 0.479 | 0.649 | 0.301 | 0.362
“Worse” 0.347 | 0.445 | 0.696 | 0.175 | 0.223

Table 3: Evaluation metrics for untagged corpus

LR and LP compute recdl and predsion by considering
both the spanning of ead constituent of the tree & well as
its label. BR and BP are less #rict, and acount only for
congtituent matching, ignoring the nonterminal label.
CBR is even lessstrict and regards only the mnstituents
whaose intervals cross that is, that could never be in the
same parse tree

Table 3 shows the obtained results for the 1000
sentencesin the test set. “Viterbi” and “worse” parses (the
ones maximising and minimising the probability), our
upper and lower bounds, are dso included.

As expeded, the best results correspond to the
“Viterbi” parses, and the “worse” ones obtain the worst
ranks for al but one meeaure. Locd model, which
outperformed BU (in threeout of the five measures) using
the nonambiguous approacdh, improves results even more
when wsing chunks3 and (spedally) chunks2.



Neighbouring model, which did not get to bea BU using
the nonambiguous approad, gets quite comparable values
with the chunks2 approach. Somewhat surprisingly we
find that, for the CBR measure, better results are obtained
by methods that do not stand out for the other measures,
such as even the “worse” parses. The main reason seems
that these parse trees are basicdly composed by unary and
binary rules (average length of 1.6 for the rules used by
“worse” against 2.1 for the rules by local-chunks2), which
makes more difficult a aossng bradket to happen.

It is important to compare the different approaches
between the upper and lower bounds, as all the results are
rather low due to the fad that sentences were not tagged.
A new set of experiments was conducted in order to
evaluate the effeds of tagging the crpus in the acuracy
of the results. The test set was previoudly tagged and then
parsed by means of all the chunks approaches plus the BU
method (see Table 3). Obviously it made no sense to test
the nonambiguous approaches, as al words in ead
sentence would have been idlands.

LR BR | CBR| LP BP
BU 0.674 | 0.707 | 0.814 | 0.496 | 0.519
Locd-churksl 0.683 | 0.705 | 0.798 | 0.530 | 0.547
Locd-churks2 0.750 | 0.770 | 0.827 | 0.668 | 0.686
Locd-churks3 0.746 | 0.767 | 0.826 | 0.661 | 0.679
Neighb+churksl 0.660 | 0.685| 0.789 | 0.482 | 0.500
Neighb+churks2 0.717 | 0.743 | 0.810 | 0.583 | 0.603
Neighb+churks3 0.720 | 0.744 | 0.810 | 0.586 | 0.605

Table 3: Evaluation metrics for tagged corpus

It can be observed that locd approadhes systematically
obtain better measures than BU, as well as al the
neighbouring approaches but the first one. Increases of
around 30% in recdl and 23% in predsion are
acomplished by adding the previous tagging process

6 Conclusions

A parsing method using a stochastic idand-driven chart
parser preceded by a dunking process for identifying
initial islands has been presented. The method has been
proved useful for improving parsing performance without
lost of coverage. It uses a SCFG from which a grammar
of chunks can be aitomaticdly extraded. The cunking
process can be caried out quite straightforwardly in an
efficient way. The idland-driven chart parsing processis
performed based on a stochastic model which provides
the probability of extension of the islands. Two stochastic
models, alocd model, considering only the SCFG, and a
neighbouring model, regarding also the ajacent islands,
have been developed and compared. Both the
probabiliti es attached to the SCFG and the parameters of
the models can be leant from annotated corpora.

The system has been tested on PTB-II corpus with
remarkable results. For instance, the locd method wsing a
conventional island-seledion mechanism (local-noamb)
reduces the BU average number of (adive + inadive)
edges by a fador of 4, whereas the chunking criterion
reduces it by 8. We find that, athough both methods
clealy outperform the baseline BU, the use of a more
informed strategy, the base-NPs approach, provides a

significant improvement, spedally when only maximal
and overlapping NPs are sdleded. As to the quality
measures considered (the probabiliti es of the different
parses and their acaracy), mostly our parses outperform
BU results, obtaining quite cmparable figures in al
cases. The dange of idand-selection strategy also
improves these evaluation metrics. We ae arrently
investigating extensions such as the ideas of ‘work’ and
‘competitorship’ described in (Blaheta & Charniak 99) to
improve baoth our performance and acairacy.
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