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Objectives

Central question:

How can we model languages
S0 as to conciliatdinguistic relevance
and algorithmic properties that allow
to build e cient parsers ?

I Which kinds offormalisms are suitable for this task?

I Which parsing architecture could lead both to linguistic
relevance and e ciency?

I How can we buildinguistic resources on which such parsers
rely?
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Objective

| will sketch a few answers to these questions:

I Firstly, | will present two techniques to partially autoniae
the development of large-coverage syntactic lexicon and
grammars.

I Second, | will focus on 2 parsing frameworks for French:

I SxLfg, an e cient parser for a classical formalism, namely
LFG,

I Meta-RCGs, a polynomiaion-linear formalism (and an
associated parser) that shows the numerous advantages of
closure under intersection.

We will show the complementarity of both approaches, and
say a few words on how all their advantages could be put
together.
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Representing lexical information

I An NLP lexicon has to represent several kinds of information
morphological, syntactic, and possibly semantic
I We callextensional lexicon a resource that associates with
each form a structure that represents all this information
I Such a lexicon is typically used by parsers
I We callintensional lexicon a resource that factorizes the
information, associating with each lemma a morphlogicalsd
and a syntactic class
I Hence, we developed a formalism to describerphological
classes(conjugation and declension patterns,...)
I and a formalism to describsyntactic classes (inheritance
graph of atomic syntactic properties)

I Both model derivational morphology
[Sagotet al., 2006].
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Developing resources

I The development of large-coverage lexical resources i ver
costly (approx. 500,000 words for French)
I Therefore, we developed various techniques, in order to
I acquire lexical information
I identify errors and lacks in resources
I To ensure high-quality results, manual validation is always
needed: the objective of automatic tools is toinimize
human work not to avoid it.
I We will describe here two techniques that rely on similar
bootstrapping schemes:
I a technique to automatize the acquisition (or extension) af
morphological lexicon
I a technique to identify erroneous or missing entries in a
morphological and syntactic lexicon
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1. Automatic tools and resource development

Automatic acquisition of lexical information

We developed a technique to acquire automatically lexical
information
I from a raw corpus and a morphological description of the
language
I applied to

I French verbs
i all open categories of Slovak

[Cement, Sagot and Lang, 2004], [Sagot, 2005c]
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Underlying idea

The underlying idea is the following:

Firslty, we use our morphological description asambiguous
lemmatizer: we build all hypothetical lemmas that have at
least one in ected form attested in the corpus

Then, werank these lemmas according to their likelihood
given the corpus ( x-point algorithm)

Many kinds of information are taken into account
(derivational morphology, pre xes, frequency of tags
depending on the category,...)

Manual validation is performed on the best-ranked
hypothetical lemmas

The whole process is launched anew, and bene ts from the

manual validation step
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Manual validation environment

o[e]s]e OV v-byi |

nnun‘eurépsky. a, e ad)j-| ‘

uunn‘len glanok , bez élanku , o élanku (Iok) , tie élanky , s/so élankami nc-mid:Gu:0:Leu:ami|
unun ten Stat , bez statu , o itate (lok) , tie Staty, s/so Statmi nc-mid:Gu:0:Leu:mi ‘

nnnn ta Gnia, tie Gnie , sto dnii, o Oniach (lok) nec-fiv ‘
B ensky. 4 ¢ adj-b
unun‘maﬂ mam, majd v-at

nnn‘ta komisia, tie komisie , sto komisii, o komisiach (lok) nc-fiv ‘

nn‘to pravo nc-no

nn‘mécf. mézem, mézu, mohal v-méct
n‘ta rada, tie rady nc-fdv

ta oblast , tie oblasti nc-fm2

to opatrenie nc-nie ‘

ta navrha, tie navrhy nc-fdv ‘

‘ta krajina, tie krajiny nc-fdv ‘

spoloény, &, é adj-b

‘to ramce nc-ne

n‘ta politika, tie politiky nc-fdv

\
iy, & adj-b \
|

n‘ten ciel' , ti cieli , s/so cielmi nc-mac:i:0:mi
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Error mining in parsing results

Lexical resources have incorrect/incomplete informati®ome of
these problems can be automatically identi ed when the t@xi is
used in parsers:
I we identifyunparsable sentences
I we use a similar x-point algorithm to select one word (or
sequence of words) that is themain suspect: it most likely
caused the failure
I either because its lexical entry is incorrect/incomplete
I or because it lexicalizes a phenomenon that is badly deah wi
in the grammar or in the pre-syntactic processing chain
I we benet from the fact that our team works both on
large-coverage LFG and TAG parsers for French, but use the
same morphological and syntactic lexicon, the f
I we can eliminate most problems due to the grammars
[Sagot and de La Clergerie 2006a], [Sagot and de La Cler@&@6b]  11/50
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Environment for error mining results

Browsing errors for results5 [iter=200]

27 voila

28 lui-méme Enter rank (or start:end:key) 34 Mail this page
29 jusque

o edit comment

3o manque la i ibuti 3, acomp>)

32 endettés

33 1 est vrai que /il est vrai aue L. ;
34 demeure Statistical info on demeure/demeure
35
36 azimuts [rank [ #occ. | #failed [  wifailedweight |  failed sentences | orate |
et [ 3¢ | 80 [ 706 | 24.64% | 81.15% A
38 rase

39 the [thé history:
40.dus

41 eux-mémes

[#iteration[200  [169 195 185 [17s [16s [155 [1as [13s [12s [1s [105s [os  [e0 |
|weight [24.64| 24 643¢| 24.64% [ 24.65% [24.65% | 24.66% | 24.68% | 24.69% | 24.71% | 24.735 24 75% [ 24.78% [ 24.81% [ 24.83% |

Lefff info for demeure

46 demeurait
47 monsieur ne [pred: 1<(subj), (de-obj) , (de-vcomp|a-veomp)>" , cat=nc, 8fs|

- | - fiomn i soat~v, Ginpsrativs,¥as)
hotoit — | v 1<subj>',cat=v,EPSl3s
49 autorisée
50 censée
51guant aux juant 3 Failed sentences with demeure/demeure
52 rend .
3anEAs as most probable cause for failure
54 quoi
55 taliban o [mondediplo_01#19948] L'armée demeure une force majeure
e o [mondediplo_02#22126]1 LE FN demeure 'unique parti a défendre les négationnistes dans son programme .
56 disputent o [mondediplo_04#7744] Le pétrole demeure I'enjeu principal .
57 prospéres o [mondediplo_01#19379] L'EUROPE demeure un projet a deux vitesses .
SR N o [mondediplo_01#19984] Certes , llndonésie demeure la grande puissance régionale .
. « [mondediplo_01#28830] U'histoire demaure cependant la principale discipline d'anseignement .
ehiE « [mondediplo_05#15643] En mer Rouge et dans la corne de I'Afrique , la situation demeure trés incertaine . 12/50
60 qu'a | uw % « [mondediplo_02#17949] Le pére demeure le chef exclusif de la famille .



1. Automatic tools and resource development Representing lexical information
Automatic acquisition of lexical information
Error mining in parsing results
The Le f

The Lef

Thanks to these techniques, and others, we developed a
large-coverage morphological and syntactic lexicon for
French, the Le f (Lexique des formes echies du frarcais)
I 500,000 lexical entries. ..
I ...representing 400,000 wordforms
I used in all our tools (LFG and TAG parsers,...), as well as by
other teams
I freely available (downloadable atvww.lefff.net )
I ongoing collaborations to use a consensual representation
model for syntactic information (with Claire Gardent,
Laurence Danlos, Lionel Cement and others) and to compare
this resources to the very few other resources for Frenctih(wi
Claire Gardent)
[Sagotet aI 2005] [Sagotet al.,, 2006], [Danlos and Sagot, 2006],

[— o o 2 e~ 1 Y T T P L ]
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Architecture

I The structure of the LFG formalism is the following:
I a CFG backbone that builds c-structures
I uni cation-based decorations that de ne f-structures
I CFG parsing techniques are well-known
I Hence, the main di culty is to compute e ciently
uni cation-based decorations (f-structures)
I We proceed in the following way:
I Firstly, the CFG parse forest is constructed
A CFG parse forest is a compact factorized (polynomial-size
representation of all parse trees
I Secondly, computations can be performed over the foregd,,e.
f-structures computation
I Robustness mechanisms at each level
I Rule-based disambiguation

[Boulher and Sagot, 2005a], [Boullier and Sagot, 2005b],

L I P
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Architecture

I We choose this architecture because

I CFG backbones of large-coverage LFG grammars are often very
ambiguous

such an architecture will allow to replace the CFG backboge b
more powerful syntactic backbones (TAG, RCG,...)

Raw text
l
Y

Words Iattice

Full or partial ~ Analysis
Lexemes lattice . A .
T Functional structures [~ disambiguation
CFG parser

computation

e Analyses
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CFG parser

The rst pass computes the CFG parse forest thanks to a CFG
parser

from Pierre Boullier's system, calle8yntax(evolution of the
parser presented in (Boullier, 2003)).

It's an Earley-like parser with a regular guide,
which relies on a left-corner automaton,

It deals with the output of our pre-syntactic processing ama
SxPipe (which we use without morphosyntactic tagging,
although the parser can deal with this information)

[Sagot and Boullier, 2005a], [Sagot and Boullier, 2005b]

we added powerful and customizable error recovery and error
correction mechanisms
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f-structures computation

To deal with the exponential complexity of f-structures
computation,

I the evaluation is performed bottom-up on the parse forest of
c-structures: this is asynthetized evaluation, all f-structures
associated with a given node are computed once and never
modi ed later

I we make an extensive use cbmputation and structure
sharing as well adazy evluation

I we useinternal disambiguation techniques. ..
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Disambiguation

We de ne a set ofheuristics to eliminate non-optimal f-structure
rules associated to a node of the forest

I they can be applied at the root of the forest, once all parses
are built: we call thisglobal disambiguation

I but they can be applied on any node of the forest, as soon as
all its f-structures are computed: we call this heuristicuping
internal disambiguation

Some node names (CFG non-terminal symbol) are associatdd wi
a (di erent) list of some of these heuristics that are applieso as
to eliminate f-structures.
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Robustness

At all levels, we introduce robustness techniques to gusearan
output whatever the input:

I error recovery and correction in the CFG parser

| various error tolerance mechanisms during f-structures
computation

I possibility to output partial f-structures (which cover on
parts of the input)

I over-segmentation of non-parsable inputs
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Robustness: an example

Conclusions on SxLfg

N

Jean essaye de...
John tries to...

S2
S spunct
/’\ l
NP \% PVP
| | PN
N v prep VP
[ \ | |
pn essaye de
\
Jean

pred = 'essayer < subj, de-vcomp> ", v[2..3]

2 3
pred = ‘Jean < (subj)>", pn[1..2]

Sfle det = +
! hum = +
Aj = REZRITREC RS
2 3
pred = ‘de < objj...>", prep[3..4]
_ subj=[lpe
de-vcomp = g veomp = Aj = RE, Lo
pcase = de
Aj = fg, =0
number = sg
person = 3

mode = indicative
tense = present

130. 5119, o134
A Rz ; Rag”s Rag
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Using SxLfg to build a parser for French

I We use SxLfg to build garser for French with:
I our large-coverage LFG grammar for French we developed
(starting from Lionel Cement's grammar)
I our large-coverage syntactic lexicobe f (500,000 entries,
400,000 wordforms)
I To evaluate SxLfg, we parsetD,000,000 words of
journalistic corpus (Le Monde, pre-processed by SxPipe.

I The aim of the experience is to evaluate SxLfg (the parser
generator), and not (only) the parser itself. Hence, we are
more interested in parsing times w.r.t. the size of the réisg
structures (as opposed to, e.g., precision measures).

[Sagot and Boullier, 2006]

22/50



2. LFG parsing: SxLfg

CFG backbone ambiguity

Prelimina
Robust parsing
Evaluation

k

Con §
Conclusions ¢

23/50



Preliminaries
Robust pai

2. LFG parsing: SxLfg

CFG parser e ciency

500 T
Median CFG parsing time +
CFG parsing time at percentile rank 90
CFG parsing time at percentile rank 10 --- e
@ 400 | i X H
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Py . Lo .
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Sentence length (number of transitions in the corresponding word lattice) 24150
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Recent work

In ongoing work with Pierre Boullier, we go beyond this pyrel
LFG architecture, in order to improve parsing time and
precision,without the use of a treebank .

The idea is touse many modulesthat perform computations
over the CFG parse forest, and can prune it to ease the work
of following modules, as, e.g., f-structure computation

If the forest has been pruned too much, va#ow to go back
to a previous state of the forest and try less a violent prumin
before computing f-structures
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Chunker module

We developed a rule-basathunker module:

some non-terminal symbols are known to spemnks,

pruning rules of the following form are used: if there is a
parse with chunks that have some characteristics, then we
eliminate parses from the forest with less satisfying chaink

If requested, aunique parse tree can be chosen (chunk types
are ordered, depending on their length, and we try to
maximize chunk lengths).

Precision results aretate-of-the-art (even without any
ne-grained contextual information)
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I We developed a
syntax tocascade
modules, e.g.:

| precision gets a bit
higher, and
average parsing
time is divided by
2 (still without
probabilistic
models)

Deterministic chunks-based pruning
f-structures computation

failed

Restore full forest
Non-deterministic chunks-based pruning
f-structures computation

timeout

Restore full forest
f-structures computation

timeout

Deterministic chunks-based pruning
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Bootstrapping probabilistic models

I We developed am-best module as well, with di erent
possible levels of contextuality
I Since there is no PTB for French, we apply our bootstrapping
scheme again:
I we rst parse a large corpuswithout any probabilistic model
(as shown until now)
I we use the result as an annotated corpus, dadrn models
from it
I we use these models fearse the corpus again, hopefully
faster and with a better precision

I Results are only preliminary at this point

I We probabilized only the forest (c-structures), we currnt
work on probabilizing f-structures as well.
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Conclusions on SxLfg

I In order to build reasonably e cient and robust parsers, i
possible to use
I large-coverage deep non-probabilistic grammars
1 with a linear backbone (CFG, TAG,...)
I and uni cation based-decorations
I we call themtwo-stage formalisms

I Error tolerance, recovery and robustness techniques ddkwor
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But the classical drawbacks of such two-stage formalismaam:
I The boundary between structure (! backbone)and
attributes (! decorations)is somewhat arbitrary
i only one kind of linguistic constraint can be encoded in the
backbone (here, constituency),
I other constraints must be dealt with in the decorations
(dependency,...)
I Tree structures are often not su cient (discontinuous
constituents, coordination,...)
I Uni cation-based decorations still have aaxponential
complexity , hence the need for\internal disambiguation”
I The coexistence of two di erent mechanisms leads to
e ciency and relevance problems for parsers, in particular
robustness technigues (no CFG recovery because of an error
during f-structures computation...) 31/50
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Conclusions on SxLfg: looking towards non-linear
formalisms

On the contrary, some powerful backbone formalisms exist, i
particular formalisms that arelosed under intersection, that are
callednon-linear formalisms:
I every word is a resource that can be consumed many
times
I each\consumption”can deal with a speci c kind of linguisti
constraint (morphology, constituency, syntactic depemndy,
semantic dependency,...)

I resulting structures can bgraphs
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Conclusions on SxLfg: looking towards non-linear
formalisms

I Non-linear formalisms haveomplementary advantages to
those of two-stage formalisms such as LFG

I they allow to give the same status tdi erent kinds of
interacting linguistic properties , including, e.g., lexical
semantics, without the use of decorations

I they are not limited to tree structures,

I some of these formalisms havepalynomial complexity , such
as RCGs and sLMGs (and this remains true if one adds
decorations that are de ned over nite or linear-sized sgesg

I But they are less used, and no such formalism for linguistic
description is really used. Moreover, e cient parsing is¢e
trivial.
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Range Concatenation Grammars: general presentation

I Range Concatenation Grammars, RCGs are apolynomial
non-linear rewriting formalism introduced by Pierre Boullier
that can be used

I as such,

I as implementation formalism for any polynomially parsable
formalism (CFG, TAG, MC-TAG, LCFRS,...)

I The advantage of non-linearity, as said before, is both:

I to make all kinds of constraints interact in the grammar
without the need for decorationgnorphology, constituency,
dependency, lexical semantics, predicate-argument semdits, and even
discourse structure. . .)

Classical views (constituency, dependency) can be extadty
projection of the full parse

I to build graph structures (not only trees)

[Sagot and Boullier, 2004], [Sagot, 2005a]
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Concatenation and conjonction

Let us consider the following context-free rule:
S ! NP VP

Syymbols NP and VP are linked by two di erent operator:
I concatenation: the portion of string covered by S is made
out of two parts, one covered by NP and one covered by VP
I conjunction: S is true on the portion of string it covers if this
is true as well for NPand VP.
In a dual way, one can say that NP is a notation that denotes
both:
I a one-argumenpredicate that denotes a property of its
argument (being an NP"),
I arange of the input string which is the unique argument of
this predicate.
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Separating ranges from predicates

Nothing prevents us from separating these two concepts:
I we still denote predicates by S, NP, VP

I we denote by Subj and Pred the ranges that are arguments of
NP and VP respectively

I we denote by a space the concatenation of two rang®8abj
Pred is the concatenation oSubj and Pred, and thus it is the
argument of S:

S(Subj Pred ! NP(Subj) VP(Pred)

One can glose this rule by the followingp check if a range is an
S, it is su cient to split it into 2 ranges and to check if the st
one is an NP and the second one a VP

37/50
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Empty right hand sides

To express a context-free lexical rule such as
vV ! veut
one just needs to say thareut" is a V:
Viveut") ! "

One can glose this rule by the followingp check if\veut"is a V,
there is nothing to do

38/50
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Predicates with more than one-arguments and non-line
rules

Now that predicates and ranges are separated, one can intced
predicates with more than one argument:
I without any change:

S(Subj Pred ! S2(Subj, Pred)

S2(Subj, Pred) ! NP(Subj) VP(Pred)
I more interestingly, using non-linearity (trying to modierre

veut dormip:
P(Subj Verb Cplts ! V(Verb) Subj(Subj, Verb)
VP(Verb Cplts Subj Verb)

Subj(Np, Verh) ! NP(Np)
VP(Verb Inf Subj Verb) ! CtrIvV(Verb) VComp(Inf, Verb, Subj)

VVComblnf VVerb S<iihi) | Vinf(Inf) <ubi(Subi Inf) 39/50
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ParsingPierre veut dormir

With a couple of lexical rules, this allows to parBgerre veut
dormir (Pierre wants to sleep

| consituency view: we | syntactic dependency view:
consider the rst arguments we link the rst argument to
of predicates S, NP, the second argument for
ProperNoun, VP, CtrlV, predicates Subj et VComp
Vinf, and
we link them according td veu
P

NP VP

| /\
NP Vetrl Vinf
| | | dormir Pierre

Pierre  veut  dormir
40/50
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Lexical semantic constraints

I Non-linearity allows to take into accouradditional
constraints, such adsexical semantics: one can replace

Subj(Np, Verb) ! NP(Np)
by
Subj(Np, Verh) ! NP(Np) Agent(Np, Verh)
Agent(Np, veut”) ! Animate(Np)

n

Animate(Pierre") !
I Thus, we added both:

I a predicate-argument semantics relation : Agent
I alexical semantics constraint (restriction of selection): only
an animate NPs can be the agent gbuloir

41/50
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Some properties

I Polynomial parsing time (parser available)
I in fact, RCGs cover exactly all what is doable in polynomial
time (PTIME)
I The set of languages that can be de ned by an RCG is a set
that is closed under the following operations on languages:
I union, concatenation, Kleene star
I intersection (non-linearity)
I complementation (negative predicates available)
I ...but not substitution
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Meta-RCGs

I Some linguistic aspects lack in RCGs:
I homonyms
I morphological features
I head(s) of a syntagm
I appropriate treatment of long distance dependencies
I ) we developed a linguistic formalism ontop of RCGs, called
Meta-RCG, that extends the syntax of RCGs to take into
account these notions, without extending the expressive
power:

I Any Meta-RCG can be converted into an equivalent RCG
I We developed a medium-coverage Meta-RCG for French,
which uses the (large-coverageg f as a morphological

lexicon, and a toy syntactic and semantic lexicon
[Sagot, 20054]
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Constituency view of a Meta-RCG parse

Un avocat mange un avocat (A lawyer eats an advocado)

un avocat mange un avocat

|

S

\
VP
I Constituents |
V
|
ve‘rb

DET

Y

NP
N

Nu‘un
|

un avocat_0 mange un

Determiner

1N\

N
Noun

\J
avocat_1
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Dependency view of a Meta-RCG parse

Pierre veut une bere et dormir (Pierre wants a beer and [wsio]
sleep

Pierre veut une biére et dormir

I Syntactic
dependencies
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Dependency view for a complex sentence

Phrase (1)

Les entreprises dans @
lesquelles le Japon veut
que la Commission accepte

que I'Europe investisse

Obiet direct Sujet

fabriquent des ordinateurs
(The companies in which bt et Su,a

Japan wants that the
Commission accepts that @ @

Europe invests produce
CO m p Ute rs) Ob]el direct Su]el Circonstant Suje(

@ entreprises @ 46150
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Conclusion

Conclusions

I Di erent applications of the saméoostrapping idea have
provent e cient, in particular for lexical acquisition and
error identi cation in linguistic resources.

I SxLfg shows that it is possible to perforfarge-coverage
non-probabilistic deep (LFG) parsing , with a reasonable
e ciency androbustness techniques

I Meta-RCGs show that it is possible to make all kind of
constraints interact in the grammar, without the use of
uni cation-based decorations, thanks tonon-linearity

I An other way to bene t from non-linearity could be to replace

the CFG backbone of LFG by an RCG backbone.
I But quantitative information is very important as well:
I It can be built from scratch by bootstrapping techniques

I But it can also be learned from existing treebanks
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Conclusion

Conclusions

All these tools and methods have a common goal:

perform high-precision, high-speed
and high-coverage parsing
with deep linguistically relevant models
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Conclusion

Extending the method to improve TAG grammar inducti

With Alexis Nasr, we intend to try and adapt this method
I to improve TAG grammar induction (dealing with hapax and
missing trees)
I using the following equivalencéguasi-tree = tree before
lexicalization)

in ected form TAG quasi-tree
lemma set of quasi-trees
with the same semantic frame
in ection class set of possible syntactic transformations
\-er" 1st group verbs (Fr) | transitive constructions
present, 1st pers. singular transitive construction with left extraction

I The idea is to learrclasses of quasi-trees so as to keep
hapax and to acquire unseen quasi-trees if they belong to a
well-attested class, and to eliminate hapax (or rare treést
do not belona to anv class. 50/50
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