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Abstract

One of the arrent focuses of research within netural language processng is the partial and
robust parsing of sentences written in natural language. Partial parsing could be used in di-
verse gplicaions as data extradion, madine trandation, dialogue systems, etc. His main
attradiveness is that is able to handle unrestricted sentences, that contain lexical errors or
that present constructions not accepted by the defined grammar. Partial parsing is an ater-
native to the definition of wide wverage grammars whose definition is an expensive and
complex task and that present well-known problems such as overgeneration, undergenera-
tion and ambiguity. In this paper, we present a partial parser of unrestricted natural lan-
guage sentences APOLN (Analizedor Parcial de Oradones en Lenguaje Natural) which is
based on finite-state machines. APOLN is an incremental parser that permits the cmpiling
and inheritance of feaure structures between levels of processng. We present the results of
applying APOLN on an unrestricted Spanish corpus and we will useit in a speech dialogue
system.

1INTRODUCTION

S. Abney defines partia parsing as follows "Partial parsing techniques aim to remver syn-
tactic information efficiently and reliably from unrestricted text by sacrificing the complete-
nessand depth of andysis'. A partial parser presents the foll owing characteristics [2], [14]:

It uses robust parsing algorithms which permit the analysis of unrestricted texts. This
means that, independently from the structure of the sentence, the partial parser is able
to get an interpretation, although it is a partial interpretation.

These robust parsing algorithms are more dficient than global parsing algorithms.

A partia parser works with simpler grammars, which are usually defined with regular
patterns
A parser hasto use heuristics or procedures to combine the partial interpretationsin or-

der to buld afinal interpretation, that is, in order to conrect nonadjacent parsed con-
stituents. Achieving this could be necessary semantic information.

A parser hasto be completed with medianisms that all ow us to continue the analysisin
spite of non-understandabl e segments of words. e.g. by identifying phrase bourdaries.



Whil e the output of a global parser is a cmmplete analysis tree, if the sentenceis syntacticdly
correct, a partial parser postpones the atachment dedsions between grammaticd constituents
if it does not have enough information. In this case, the output is aforest of subtrees which are
not interleaved, that is, the trees do nd share any nodes. Each tree represents a parsed frag-
ment of the input. Segments of words that have not been recognized appear between the sub-
trees.

Partial parsing has been used in several applications. syntadic parsing of unrestricted texts
[13], [6]; data extradion systems [20], [14]; madine trandation [11]; aqquisition d lexicd
information for solving attachment ambiguity [10], [20]; speed recongnition systems [19],
[21], [4]; anaphararesolution [9]; text summarization, text caegorization, etc.

2PARTIAL PARSER OF UNRESTRICTED NATURAL LANGUAGE
SENTENCESBASED ON FINITE-STATE MACHINES (APOLN)

APOLN is an incremental parser based on finite-state techniques that has been developed
foll owing the ideas described in [1], [3], [7], [8]. APOLN allows for syntactic parsing of un-
restricted text. It is compaosed of several levels, a set of syntadic structures is recognized at
ead level and the output produced by alevel i isthe input to the level i+1. A leve is defined
by a set of patterns using regular expressons. Figure 1 showsthe APOLN scheme.
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Figure 1: APOLN scheme

Thefirst step is the lexicd tagging performed by the POStagger that will be described briefly
in 8.1 The Tagged Sentence and an Ordered Set of Patterns which is divided into n levels
form the inpu to the Levd Processng modue. The inpu to the first processng level is a
Tagged Sentence theinpu to aleve i isthe Interpretation produced by level i-1 (1;.1).

Each set of patterns of a spedfic level is compiled into a deterministic finite auitomaton
(DFA). When the Recognizer modue is exeauted for alevel i, it takes I;.; and the DFA; asin-
put. The output (I;) represents the input in which the longest sequences of symbals that match
a pattern (longest match, [1]) have been identified using boundary markers and syntactic tags.
The final state readed determines the matched pettern.



2.1POS Tagger description

A tagger can be mnsidered as atrandator that inpus grings from a certain language and ou-
puts the arrespondng sequence of lexicd tags (grammatical caegories). Generally, these
caegories are taken from a set defined previously by linguistic aiteria. When aword can be
assgned to dfferent lexicd caegories, the disasmbiguationis lved by using the information
of the context in which this word appears.

The tagging processinvolves two knowledge sources: the languag model, which describes
the possble (or probable) sequencing of the cdegories, and the lexical model which repre-
sents the rel ationshi ps between the vocabulary of the gplication and the set of categories.

The language model is a stochastic regular grammar or finite-state automaton learnt automati-
cdly from data using ggjammatica inference techniques; in particular, we have used the ECGI
algorithm, [16] [17] [18]. The model leant generalizes the sequence of POS strings in the
training corpus. In order to increase the mverage of the ECGI modedl, it has been extended
and it has been smocthed by linear interpalation with asimple bigram model [15].

The lexicd model has been estimated as usual from a supervised tagged corpus by computing
words, categories and words per caegory frequencies.

Finally, the tagging processis caried ou by Dynamic Programming Decoding, taking as in-
put the output of the Morphdogical Analyser (MACO+) [5] that supfies for every word all
the possblelexicd tags.

2.21nput PatternsDescription

Patterns represent the syntadic constituents that shoud be identified from the input sentence.
The symbdls allowed for defining a pattern of level i are whatever lexicd tags and whatever
pattern which are defined at a previous level. In this way, patterns are non-reaursive which
allows for incremental parsing.

We have used the usual operators for the definition d the patterns: concatenation, Kleene do-
sure (*), pasitive dosure (+), unon (|), one or more caes (?), and parentheses. The set of
patterns defined is a set of regular definitions which are grouped by levels. Eadh level can be
defined by several patterns. Figure 2 shows the scheme for a certain level i, where p;; is a
symbal that represents the j syntadic structure expressed at level i, andr;; is the regular ex-
presson that defines the pattern using the indicated operators and the nonrecursivity con-
straint.

Level 1 /lcomment

pi1 -> i1 //lcomment
pi 2-> I; 2 //lcomment

Pin-> Iin //lcomment
Figure 2: Level definition scheme




Patterns can correspondto syntactic constituents such as noun phiases, adjective phrases, etc.
or can be used to identify spedfic occurrences such as dates, entities, spedfic expressons,
etc. which could be useful in data extradion systems.

Some of the patterns have been based on the modified concept of chunk[1]. In Spanish, a
head or phrase muld present nonrreaursive postmodifiers. Therefore, we redefine the cncept
of chunkas the mre of “a nonreaursive @re of an intra-clausal constituent, exending from
the beginning d the @nstituent to its head, including past-head dependents that are not de-
fined reaursivdy using this constituent” .

2.3Input and output string for mat description

Inpu and output formats is bradketed text, which is smilar to the format used for parsing
large @rpora of text, e.g. Penn Tredbank [12]. The inpu and the output of ead level of proc-
essng is composed of a sequence of symbdss; s, ... sy, where each s can be alexical tag, a
pattern defined at a previous level, or a boundary mark (beginning, [, or ending, ], marks). A
pattern symbol always appeas after an ending mark. So,if 51 S, ... Sy, iSan inpu string, pisa
pattern of level i, given that there exists a sequence of k symbds that matches p; from pasition
j, the output would bethe sequence s, S, ..[ S S+1...S+k1] Pi... Sm. Figure 3 represents a sen-
tencewhich has been parsed after two levels of processng

. . La TD [ crisisNC ] NSN de SP[ Mayo NP ]J]N SN delS P 68Z [ producird VM] NSV
Nivel i ciertosAQ[c anbios NC]N SNr elevantes AQenSPI|l osTD[c entrosNC]N SNde SP
[i nteresNC]N SNdeSPIl aTD[p oliticaNC]N SN culturalA Q. Fp

* SN > TD? AQ* NSN AQ* Pattern

[ LaTD [cr isisNC] NSN] SNde SP[ [MayoNP ] NSN] SN del SP 68 Z [ producira

. . VM ] NSV [c iertosAQ [ cambios NC] NSNrelevantesAQ] SN enSP[ los TD [

Nivel i+1 cenirosNC N SN] SNde SP[ [i nterésNC] NSN] SN deSP[I a TD[p olitica NC
JN SNculturalA Q] SN. Fp

Figure 3: Parsed sentence

2.4Compiling and Inheriting Feature Structures

The morphosyntadic feaures are necessary to parse sentences corredly. For instance, premo-
difiers and noun phase head must agree in gender and number, the subjed must agree with
main verb, etc. Moreover, the use of morphaosyntadic feaures can solve some parsing errors
which are caised by the gplication d the longest match heuristic.

2.4.1Compiling Feature Structur es

One possble solution would be to use lexicd tags that contain morphaosyntactic informa-
tion.This suppcses defining many patterns, ore for each correct combination o features.

Our approadc consists in including adions within the definition d the patterns, by means of a
new operator, called agreament operator. This means that the transition between two states of
the DFA is possble when the compatibility condtion between two fedure structures is true



(e.g. gender and number agreement). The aurrent state stores the feaures associated to the last
read symbadl. The transition would be possble if the stored features were compatible with the
features of the aurrent symbal.

The agreament operator, naed by &, indicates the patterns in which the compatibili ty chedk
shoud be dore. The operator & isusedinthisway: & = r. Forinstance &NSN = (NC|
NP)" this means that NC (common nour) and NP (proper nour) constituents must agree to
form aNSN (nounhead). We extend the DFA to include features and a compatibili ty ched in
transitions. The extended DFA isa5-tuple (Z, Q, (Qo, ro), F,8), where

%, isthe dphabet (lexicd tags and patterns symbal)

Q, isthe set of states. Each state is the pair (1), where g identifies the state andr; is
the associated Feature Structure.

(9o, ro) € Q, istheinitial state antaining an initial Feature Structure ro.

FcQ, isthe set of final states and § is the transition function that is defined as:
3((ai,ri),S) = (q;, rme(r;,rasgo(s))) if compatible(r;, rasgo(s)): (g, ri), (g, 1) € Q,s€ X,
rasgo(s) returns the feature structure asociated to symbad s.
rme(r;, r;) returns the most spedfic or restricting fegure between r; and ;
compatible(ri,rj) ched the compatibili ty between the feauresr; andr;.

The DFA compiled from &NSN = (NC | NP)+ is ({NC,NP}, {(q0, r0), (g1, r1)}, (9O, r0),
{(q1,r1)},0) wheres is:

3((q0s0),NP) = (g1, rme(r0,rasgo(NP))) if compatible(rO,rasgo(NP) )
8((g0y0),NC) = (g1, rme(r0,rasgo(NC))) if compatible(rO,rasgo(NC) )
3((q1s1),NP) = (g1, rme(rl,rasgo(NP))) if compatible(rl,rasgo(NP) )
3((q1s1),NP) = (g1, rme(r1,rasgo(NC))) if compatible(rl,rasgo(NC) )
This technique dlows us to check morphasyntadic agreement using the feature information

contained in lexicd tags. Moreover, it could be extended to athers such as smantic feaures
to verify semantic compatibili ty between constituents.

2.4.2Feature Inheritance

Patterns must inherit the feaures associated to their constituents. These feaures are necessary
at higher levels where the patterns become cnstituents of other patterns. In general, a pattern
inherits the feaures of its heal, e.g. the pattern NSN - (NP | NC)+ will i nherit the features of
NC or NP. The inheritance operator, naed by $, indicates the symba which the feaures are
inherited from, e.g. NSN 2 ($NP | $NC)+.



3RESULT SOF APPLY ING APOLN TO UNRESTRICTED TEXT

The Spanish corpora used in this work were LEXESP and CPirdpides [6]. A subset of
LEXESP has been used to learn the language model and the lexicd model of the tagger. It
consists of 75 Kw manually tagged words. The tagset used is compaosed of 62 PAROLE tags
[12]. CPirdpides has been used to test both the tagger and the partia parser. This is a very
simple orpus consisting of 5 Kw and an overall lexicd ambiguity of 1.58 tags/word. We
have used this one because the tagging and the parsing have been manualy supervised. So
we can compare eaily the performance of our system. The syntactic structures identified in
CPirdpides were Noun Phrase (SN), Verba Heads (NSV), Prepositional Phrase (SFR), Ad-
jedive Phrase (SADJ), Infinitive Heals (NSVI), Adverbia Phrase (SADV), Conjunctions and
Relative Pronours (SUB). We have designed a set of threelevels of patterns in order to rec-
ognize these structures, (see Figure 4).

Levd 1

NSV -> PPPPA((VMIVMSVMCIVMM)(((VMNIVAN)(VMGIVMP)?)|
VMG)?)|((VAIIVASVACIVAM)(VMPVAPVMGIVAGIVMNI|VAN)*)|
(VMIVMSVMCIVMM [VAIVASIVACIVAM)CS(VMN|VAN))

NSVI -> (VMN|VAN)

SUB -> (SP?C9)|(SP? TD? PR)

SN -> ((DD|DP|DT|DE[DI|DO[TD[TIIMCIMO)* ((RG? (AQ | VMP)+)?| Z? |
RG) (W|(NP|(NC (CCNC)*))+) (RG? (AQ | VMP)+)?)|(PAPDI|PX|PI|PT|PO)
Levd 2

SPR -> SP(SN |NSVI)

SADJ -> RG? (AQ | VMP)

Levd 3

SADV -> (SPRG) | (RG RG?)

Figure 4: Level Definition

In order to test the capabiliti es of the propased approach we carried ou the foll owing experi-
ments. In the Experiment 1, we have mnsidered as inpu atext withou tagging errors (Super-
vised Tagging, ST) in arder to evaluate only the performance of the syntadic parser. In the
Experiment 2, we have used APOLN taking as inpu the output of our tagger (Unsupervised
Tagging, UT). Table 3-1 summarizes the predsion and the recdl rates for each syntactic
structure studied in bah experiments. We can seehow the erors of the tagger (about 1.6%)
contribute to deaease the performance of the parser. The high error rates achieved for SADJ,
SFR and SN are because of the fad that the tagger confuses a mwmmon nounwith an adjective
(70% of tagging errors are of this type). Moreover, the low precision achieved for SADV is



because negation hes been interpreted as an adverbial phrase and CPirapides considersit as a
constituent of the verbal phrase. On the other hand, the speed of analysis depends on the
number of levels. Using the threelevels defined in Figure 4, the parser achieves abou 4700
words/seand ona Pentium 120Mz.

Corpus CPirapides NSV |NSVI | SN SUB |SPR |SADJ |SADV
Experiment 1 Predsion (%) |98,6 |100.0{99,9 |100.0|100.0{100.0|62,5
ST + APOLN Reall (%) 98,3 |100.099,0 |94,7 |98,7 |66,7 |95,2
Experiment 2 Predsion (%) |98,3 |100.0{97,7 |94,1 |99,8 4,4 |51,6
UT + APOLN Reall (%) 96,7 |100.096,3 |84,2 |92,7 |66,7 |76,2

Table 3-1: Predsion and recall

4 CONCLUSIONSAND FUTURE WORK

In this paper we have presented an incremental parser, APOLN, which is based onfinite-state
macdhines. APOLN is able to identify syntactic structures in urrestricted text. These structures
can be defined by severa levels of processng which gives flexibility to the parser: the user
could define their own levels easily. Our approach includes feaure wmpilation and inheri-
tance This characteristic has been proven with morphosyntadic feaures but could be -
tended to any kind d feaure which is linked to the words of the input, for example, semantic
information.

The experiments performed oncorpus CPirdpides have given good results identifying phrases.
Also, in order to assess more anclusively the capabiliti es of the proposed approach, we ae
working on amore mmplex corpus, LEXESP, and the preliminary results obtained are prom-
ising. On the other hand, we think that this parser could be useful in a dialogue speed system
that works with urrestricted and ill -formed sentences. In this snse, we ae working on a se-
manticaly restricted task to extrad the meaning of the sentences by filli ng in of case-frames.

Moreover, we are developing a parsing system that allows us to completely parse an urre-
stricted corpus. The system use APOLN as first step of processng. The eitire parsed corpus
could be useful as an information source for treding li nguistic phenomena and for developing
inductive methods based oncorpus.
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