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Chomsky's model Nearly nothing about lexical information: just the arguments of verbal predicates, e.g. sleep is intransitive, eat is transitive Importance of lexical information development of electronic lexicons

Research in the 70' Research in the 80' Extension of LTAG for semantics and discourse

Nowadays NLP applied research Schützenberger and AI

Leaving aside transformational model in NLP

The model has poor computational properties Peters and Ritchie (1973) establish its undecidability Formalism GPSG (Generalized Phrase Structure Grammar) (Gazdar et al 1985) no transformational component but use of features and a metagrammar (to automatically generate new rules) GPSG inspired by computer science development

The hypothesis is still that natural language syntax can be described with a CFG (although GPSG actually defines a more general class of languages than CFG) 

b rammaires G 1 telle que L(G 1 ) = {w|w 2 a n b n c n d n } et G 2 telle e L(G 2 ) = {ww|w 2 {a, b} ⇤ } L.

Simple example of Lexicalization of a CFG by a TSG

Tree Substitution Grammar TSG is TAG without the adjunction operation (only initial trees)

SGs fail to strongly lexicalize CFGs in general. We show this by an example. Con FG, G, in Fig. 4 and a proposed TSG, G . It is easily seen that although G and G ar uivalent they are not strongly equivalent. In G , suppose we start with the tree α 1 peated substitutions of trees in G (a node marked with a vertical arrow denotes a sub te) we can grow the right side of α 1 as much as we want but we cannot grow the imilarly for α 2 we can grow the left side as much as we want but not the right side. H ees in G can grow on both sides. In order for a tree to grow on both sides, the tween the lexical anchor of a tree, a, and the root of the tree, S, must become a Fig. 3. Tree substitution grammar. Resulting semantic representation can be read off the semantic derived tree by treating the leftmost child of a node as a functor and its siblings as its arguments: apparently (likes(john, mary ))
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  Marie de kinderen zag helpen leren zwemmen La représentation des dépendances croisées avec une LTAGKroch and Santorini (1991), illustrée en Figure8pour l'exemple 8, s'obtient en utilisant une variante de la grammaire 2-Copie (G 2 ) donnée en Figure4. On obtient l'effet de croisement en utilisant l'adjonctionContext sensitive phenomenonL(G) = {ww |w ∈ {a, b} * } 70'Research in the 80' Extension of LTAG for semantics and discourseNowadays NLP applied research Schützenberger and AISubstitution operationSubstitution of the initial tree α1 (root node X) in a tree with a substitution node X on the frontier marked with a ↓ 70' Research in the 80' Extension of LTAG for semantics and discourseNowadays NLP applied research Schützenberger and AIAdjunction operationAdjunction of the auxiliary tree β1 root node: labelled X (non terminal) on the frontier: "foot node" also labelled X and marked with *Grammar G with L(G) = {ww |w ∈ {a,b} * } NA: non adjunction s formalismes légèrement sensibles au contexte on trouve ment TAG mais également sa variante TAG à composantes Linear Context Free Rewriting Systems (LCFRS) et ses varieyer (2010) dont certaines formes de Range Concatenation (RCG) Boullier (2003). De nos jours, il est habituellement adtte classe de formalismes légèrement sensibles au contexte les de modéliser la syntaxe de l'intégralité des langues du

  où les dépendants verbaux sont marqués explicitement pour le cas. Shieber (1985) établit de plus que les verbes exhibent une forte sous catégorisation pour le cas. Dans l'exemple courant, le verbe hälfed sous-catégorise sans hésitation un groupe nominal datif et le verbe aastriiche sous-catégorise sans hésitation un groupe nominal accusatif 4 .

	(8) Piet denkt dat Jan de kinderen zag zwemmen
	Pierre pense que Jean les enfants a vu nager	
	Pierre pense que Jean a vu les enfants nager	
	Piet denkt dat Jan de kinderen zag zwemmen
	(9) . . . dat Jan Piet Marie de kinderen zag helpen leren	zwemmen
	. . . que Jean Pierre Marie les enfants a vu aider apprendre nager
	. . . que Jean a vu Pierre aider Marie apprendre aux enfants à nager
				se généralise
	à des cas avec enchâssements : :			
	(5) . . . d'chind	em Hans es huus	lönd	hälfe	aastriiche
	. . . les enfants.ACC Hans.DAT la maison.ACC laissons+ACC aider+DAT à peindre+ACC
	. . . laissons les enfants aider Hans à peindre la maison		

Il s'agit du motif de dépendances croisées qui tire son nom de la représentation du phénomène par des dépendances : Jan saït das mer em Hans es huus hälfed aastriiche Le phénomène est plus général. En abrégeant le début de la phrase par '. . . ', on peut constater avec l'exemple suivant qu'il

  Derived tree pair for John apparently likes Mary.

						Research in the 70' Research in the 70'
						Research in the 80' Research in the 80'
	Extension of LTAG for semantics and discourse Extension of LTAG for semantics and discourse
					Nowadays NLP applied research Nowadays NLP applied research
						Schützenberger and AI Schützenberger and AI
	An English syntax/semantics STAG fragment for
	John apparently likes Mary
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Therefore, in principle, for each 'minimal' construction in which likes can appear (for example, subject extraction, topicalization, subject relative, object relative, passive, etc.) there will be an elementary tree associated with that construction. By minimal we mean that all recursion has been factored away. This factoring of recursion away from the domain over 

Other elementary trees in a LTAG

es enter a derivation by the operation of substitution. A derivation using the trees α 5 , β 1 , and β 2 is shown in Fig. 9. The trees for who and Harry are substituted in th ikes at the respective NP nodes, at node addresses 1 and 2.1 in α 2 . The tree for Bill ed in the tree for think at the NP node at the node address 1 in β 1 . the tree for does to the root node (address 0) of the tree for think tree (adjoining at the root node is ase of adjoining), see Fig. 10 for this intermediate derived tree. . 12 the α 3 (who) tree is substituted at the node with address 1 in the tree α 2 (likes), th 

LTAG derivation tree for who does Bill think Harry likes

directly associated with the tree, there is no need to reproduce necessarily the inte chy in the elementary tree in the semantic representation (Kallmeyer & Joshi, 1999;J ay-Shanker, 1999;Joshi, Kallmeyer, & Romero, 2003). This means that the hierarc ure internal to each elementary tree need not be reproduced in the semantic representa eads to the so-called flat semantic representation. i.e., the semantic expression assoc he sentence is essentially a conjunction of semantic expressions associated with ntary tree. 10 Of course, relevant machinery has to be provided for scope informa Derivation tree for John apparently likes Mary.

Only one derivation tree for both the syntactic and semantic representations.

Each link in the derivation tree specifies a link number in the elementary tree pair. Functor which allows a copy of F2 

Basic principles

The probability of a derivation (parse) is the product of the probabilities of the productions used in that derivation.

These probabilities are typically computed by machine learning on annotated corpora (PTB, FTB).

Big problems

The size of the grammar increases with the size of the explored data (quite numerous rules with low frequency)

The ambiguity (number of parse trees for the same input) increases drastically with the size of the grammar New trends of theoretical research with cognitive aspects Which formal grammars for so-called noisy user-generated texts?

English @Hii_ImFruiity nuin much at all juss chillin waddup w yu ?

French jlaime trp ste meuf on stape trp des bar tmtc