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Question: 

How can we parse arbitrary text?



Question: 

How can we parse arbitrary text and 
assign it a representation of its meaning?



Two Solutions 

1. Program a grammar by hand

2. Machine Learning

Writing grammars by hand is 
very useful and very important, 
but not well-suited to wide-
coverage parsing

Treebanks contain a lot of 
information we can exploit. So 
we use treebank transformations 
to make them as close as 
possible to what we really want.



Parsing and Semantics
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il

np
[Lex]

convenait

(np\sm)/(np\sdi)
[Lex]

de

(np\sdi)/(np\si)
[Lex]

s’

clr
[Lex]

attaquer

(clr\(np\si))/ppà
[Lex]

p0 ` ppà
[Hyp]1

a � p0 ` clr\(np\si)
[/E]

s’ � (a � p0) ` np\si
[\E]

de � (s’ � (a � p0)) ` np\si
[/E]

c � (de � (s’ � (a � p0))) ` np\sm
[/E]

il � (c � (de � (s’ � (a � p0)))) ` sm
[\E]

il � (c � (de � (s’ � a))) ` sm/312
#
1ppà

[/I]1

auquel � (il � (c � (de � (s’ � a)))) ` n\n
[/E]

Fig. 4. Adding traces to the output

Even in this second lexicon, many frequent words have a great number of
lexical assignments. The conjunction “et” (and) has 86 di↵erent lexical formulas,
the comma “,” (which, as we have seen, often functions much like a conjunction)
is assigned 72 distinct formulas, the adverb “plus” (more) 44 formulas (in part
because of possible combinations with “que”, than), the prepositions “pour”,
“en” and “de” 43, 42 and 40 formulas respectively, and the verb “est” (is) 39
formulas.

Though this kind of lexical ambiguity may seem like a problem when using
the lexicon for parsing, well-known techniques such as supertagging [2], which
assign the contextually most probable set of formulas (supertags) to each word,
can be used to reduce the lexical ambiguity to an acceptable level. To give an idea
as to how e↵ective this strategy is in the current context and with the reduced
lexicon of 761 formulas, when assigning only the most likely formula to each word,
90.6% of the words are assigned the correct formula, when assigning each word
all formulas with probability greater than 1% of the most likely supertag (for
an average of 2.3 formulas per word), the supertagger assigns 98.4% (complete
treebank, using ten-fold cross-validation).

parse tree
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assign the contextually most probable set of formulas (supertags) to each word,
can be used to reduce the lexical ambiguity to an acceptable level. To give an idea
as to how e↵ective this strategy is in the current context and with the reduced
lexicon of 761 formulas, when assigning only the most likely formula to each word,
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all formulas with probability greater than 1% of the most likely supertag (for
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semantics

2.5 Linguistic Applications 27

[x : np]1
z : np y : np−◦(np−◦s)

(y z) : np−◦s
[−◦E]

((y z) x) : s
[−◦E]

λx.((y z) x) : np−◦s [−◦I]1
v : (np−◦s)−◦s

(v λx.((y z) x)) : s
[−◦E]

Substituting vito for x, λv.λw.shot(v, w) for y and λx.∃y.(x y) for v.

(λx.∃y.(x y) λz.((λv.λw.shot(v, w) z) vito)) =β

(λx.∃y.(x y) λz.(λw.shot(z, w) vito)) =β

(λx.∃y.(x y) λz.shot(z, vito)) =β

∃y.(λz.shot(z, vito) y) =β

∃y.shot(y, vito)

There is an alternative natural deduction proof for the sentence ‘someone shot
Vito’, which is presented below.

x : np

[z : np]1 y : np−◦(np−◦s)
(y z) : np−◦s

[−◦E]

((y z) x) : s
[−◦E]

λz.((y z) x) : np−◦s [−◦I]1
v : (np−◦s)−◦s

(v λz.((y z) x)) : s
[−◦E]

The only difference with the previous proof is that the [−◦I] rule discharges the
other np formula. The resulting lambda term for this proof, after substitution and
beta reduction, would be

∃y.shot(vito, y)

which we would expect as the semantics of ‘Vito shot someone’. It turns out that the
problem here is the structural rule of commutativity, which is implicit in the natural
deduction formulation we have given. In Section 3.5, we will present a natural
deduction calculus which is explicit about the structural rules of associativity and
commutativity.

An interesting alternative take on natural language semantics and linear
logic is given by de Groote & Retoré (1996), where instead of performing
a substitution with lexical semantics, the lexical semantics is incorporated
directly as a separate derivation which is connected to the rest of the proof
by means of the cut rule.

of the supertagger). With a � value of 0.1 this means that all supertags with

a probability greater than 6.2% are included for this word — in the current

case ((np\s)/(np\sdeinf))/ppa (15.2%, the correct value in the current case) and

(np\s)/(np\sainf) (12.9%).

The Grail parser returns a parse for the most likely sequence of formulas for

which a parse can be found.

3 Semantics

Given that type-logical proofs correspond to lambda-terms in the simply typed

lambda calculus, all that is needed to obtain a semantic recipe for the complete

phrase is to provide a lexical lambda term for each of the word-formula pairs

used in the proof and beta-reduce the term obtained after lexical substitution.

When providing the entries for the semantic lexicon, we use the fact that most

open-class words (such as verbs, nouns and adjectives) have meaning recipes

which di↵er only in the constant used: for example, the meaning of a noun w
is simply �x.w0

(x) (or, equivalently, simply w0
). This means that the lexicon

contains several “default” rules for open-class words (applying when no more

specific rule does) and several more specific rules for the closed classes, such

as determiners and conjunctions, but also for open-class words requiring special

treatment (eg. words like “autre” (other), “ancien” (former) which do not follow

the standard adjective meaning recipe). The lexicon also lists such semantic

information as the distinction between raising and control verbs.

Figure 3 shows the LATEX output of Grail for the example sentence (the

figure is slightly simplified for ease of exposition and doesn’t include temporal

information).

*8
><

>:

z3
topic(e1, z3)
Chine(z3)

,
x0

nommé(x0,Barack)
nommé(x0,Obama)

,
y0
nommé(y0,Chen)
nommé(y0,Guangcheng)

9
>=

>;
,

e1 y1

y1 :
e2 e3 x3

x3 = ?

aider à(e2, x0, x3, e3)
partir(e3, x3)

demander(e1, y0, x0, y1)

+

Fig. 3. Semantic output of sentence 1

Proper names are treated as presuppositions and are projected to the top-

most DRT, meaning that both “Barack Obama” (with discourse referent x0)

and “Chen Guangcheng” (with discourse referent y0) are available for further

anaphoric resolution. Due to the semantics of “:” with formula (n\s)/s, “Chine”
(China) is added as the topic of the main sentence. Looking at the main DRS on

the right hand side of the figure, we see that there is a single predicate: the verb

“demander” (to ask), which takes four arguments, a Davidsonian eventuality e1,
the one doing the asking y0 (Guangcheng), the one being asked x0 (Obama) and

what is being asked, which is the embedded DRS labeled y1. The embedded DRS

parse tree



Many applications 
benefit from Meaning

• Textual entailment

• Question answering

• Anaphora resolution



Entailment example 
(from Johnson-Laird)

None of the artists is a beekeeper.
All the beekeepers are chemists.
(There is at least one beekeeper.)

… artists … chemists.

T

H



Entailment example 
(from Johnson-Laird)

None of the artists is a beekeeper.
All the beekeepers are chemists.
(There is at least one beekeeper.)

Some of the chemists are not artists

T

H



Entailment example 
(From RTE)

Eating lots of foods that are a good source of 
fiber may keep your blood glucose from 
rising fast after you eat.

Fiber improves blood sugar control.

T

H



Question Answering 
Natural Language Interface

Siri seems to do mostly Eliza-style pattern matching.


The sentence on the left was seens as “.... bridge ...” and the 
one on the right as “... alcohol ...”



Question Answering 
Natural Language Interface



Surely, You can’t be 
serious



Question Answering 
Natural Language Interface

Wanted for general evilness; last seen at the tower of 
Barad-Dur; it’s a giant eye, folks, kinda hard to miss

Watson does use deep parsing 
and rather successfully



Question Answering 
Natural Language Interface

U.S. Cities
Its largest airport is named for a World War II hero; its 
second largest, for a World War II battle

Still, there seems to be room for 
improvement in the parser component: here 
the second sentence should be interpreted 
as

“its second largest [airport] [is named] for a 
World War II battle.


Note: this is very difficult!

np pp -> np 

s ; np -> s
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[Lex]

il

np
[Lex]

convenait

(np\sm)/(np\sdi)
[Lex]

de

(np\sdi)/(np\si)
[Lex]

s’

clr
[Lex]

attaquer

(clr\(np\si))/ppà
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Fig. 4. Adding traces to the output

Even in this second lexicon, many frequent words have a great number of
lexical assignments. The conjunction “et” (and) has 86 di↵erent lexical formulas,
the comma “,” (which, as we have seen, often functions much like a conjunction)
is assigned 72 distinct formulas, the adverb “plus” (more) 44 formulas (in part
because of possible combinations with “que”, than), the prepositions “pour”,
“en” and “de” 43, 42 and 40 formulas respectively, and the verb “est” (is) 39
formulas.

Though this kind of lexical ambiguity may seem like a problem when using
the lexicon for parsing, well-known techniques such as supertagging [2], which
assign the contextually most probable set of formulas (supertags) to each word,
can be used to reduce the lexical ambiguity to an acceptable level. To give an idea
as to how e↵ective this strategy is in the current context and with the reduced
lexicon of 761 formulas, when assigning only the most likely formula to each word,
90.6% of the words are assigned the correct formula, when assigning each word
all formulas with probability greater than 1% of the most likely supertag (for
an average of 2.3 formulas per word), the supertagger assigns 98.4% (complete
treebank, using ten-fold cross-validation).
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VINF

être

VN

V

pourra

NP-SUJ

NC
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The French Treebank

Example PP from the corpus (slightly simplified)

SENT

VPinf-OBJ

Ssub-OBJ

que ...

VN

VINF

constater

VN

VPP

pu

ADV

déjà

V

ont

CLS-SUJ

Ils

SENT

COORD

VPpart

VPP

retenue

NP

la carte grise

CC

et

VPinf-OBJ

VPP

immobilisé

VINF

être

VN

V

pourra

NP-SUJ

NC

véhicule

DET

Le

PP-DE OBJ

NP

Srel

VPinf-OBJ

VN

VINF

recourir

P

à

VN

V

continue

NP-SUJ

l’Etat

PP-MOD

NP

P+PRO

auxquels

PP

à taux élevés

NC

emprunts

P+D

des

1

≈ continue_to_resort_to(state,loans)

This is the FTB converted to 
Stanford TregEx (a tool I highlt 
recommend)



The French Treebank

Example from the corpus (slightly simplified)

SENT

VPinf-OBJ

Ssub-OBJ

que ...

VN

VINF

constater

VN

VPP

pu

ADV

déjà

V

ont

CLS-SUJ

Ils

SENT

COORD

VPpart

VPP

retenue

NP

la carte grise

CC

et

VPinf-OBJ

VPP

immobilisé

VINF

être

VN

V

pourra
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véhicule

DET
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1

“The car could be immobilized and 
the car registration (could be) taken”



The French Treebank

Example from the corpus (slightly simplified)

SENT

VPinf-OBJ

Ssub-OBJ

que ...

VN

VINF
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pu
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déjà

V
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retenue
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et
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immobilisé
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être

VN

V

pourra
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NC

véhicule

DET

Le

1

≈ ∃x.pouvoir(immobiliser(x,véhicule) )∧  
∃y.pouvoir(retenir(y,cart_grise))



The French Treebank

Example from the corpus (slightly simplified)

The conservative party, added the prime minister, “are not 
opportunists who flip-flop...”

SENT

PONCT

NP-ATS

des opportunistes qui virevoltent ...

ADV

pas

VN

V

sont

ADV

ne

“

Sint-MOD

PONCT

,

NP-SUJ

le premier ministre

VN

VPP

ajouté

V

a

PONCT

,

NP-SUJ

Les conservateurs

2



FTB: The Good, The Bad 
and The Ugly

- Context-free grammar

- Verb group as a constituent

- Treatment of coordination

- No annotation of passives, long-
distance dependencies, ...
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[Lex]

il

np
[Lex]

convenait

(np\sm)/(np\sdi)
[Lex]

de

(np\sdi)/(np\si)
[Lex]

s’

clr
[Lex]

attaquer

(clr\(np\si))/ppà
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#
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auquel � (il � (c � (de � (s’ � a)))) ` n\n
[/E]

Fig. 4. Adding traces to the output

Even in this second lexicon, many frequent words have a great number of
lexical assignments. The conjunction “et” (and) has 86 di↵erent lexical formulas,
the comma “,” (which, as we have seen, often functions much like a conjunction)
is assigned 72 distinct formulas, the adverb “plus” (more) 44 formulas (in part
because of possible combinations with “que”, than), the prepositions “pour”,
“en” and “de” 43, 42 and 40 formulas respectively, and the verb “est” (is) 39
formulas.

Though this kind of lexical ambiguity may seem like a problem when using
the lexicon for parsing, well-known techniques such as supertagging [2], which
assign the contextually most probable set of formulas (supertags) to each word,
can be used to reduce the lexical ambiguity to an acceptable level. To give an idea
as to how e↵ective this strategy is in the current context and with the reduced
lexicon of 761 formulas, when assigning only the most likely formula to each word,
90.6% of the words are assigned the correct formula, when assigning each word
all formulas with probability greater than 1% of the most likely supertag (for
an average of 2.3 formulas per word), the supertagger assigns 98.4% (complete
treebank, using ten-fold cross-validation).
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aider à(e2, x0, x3, e3)
partir(e3, x3)
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• np

• n

• s

• np\s

• np/n

• (np\s)/np

• Jean, l’étudiant, …

• étudiant, économie, …

• Jean dort, Jean aime Marie

• dort, aime Marie

• un, chaque, l’

• aime, étudie

Categorial Grammars
Formulas and corresponding expressions



Categorial Grammars
Rules

A/B B
A

B\AB
A

[/E]

[B]i

A
B\A

…
[B]i

A
A/B

…
…

[/I]i

[\E]

[\I]i

…

Lambek categorial 
grammars have only 
four rules: an 
elimination and an 
introduction rule for 
both    “\” and “/”
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A
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…
[B]i

A
A/B

…
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[\E]

[\I]i

…

np\s
np/n

un

n
étudiant

dort
[/E]

np
[/E]

s

Categorial Grammars
Example



Lambek grammars  
and beyond

• getting the semantics right requires a 
somewhat richer system than AB 
grammars

• introduction rules (“traces” or the original 
“slash categories” and their semantics)

• structural rules (“movement” or “head 
wrap”, essentially restricted tree rewrite 
operations)



Introduction Rules: 
Example

SENT

PONCT

NP-ATS

des opportunistes qui virevoltent ...

ADV

pas

VN

V

sont

ADV

ne

“

Sint-MOD

PONCT

,

NP-SUJ

le premier ministre

VN

VPP

ajouté

V

a

PONCT

,

NP-SUJ

Les conservateurs

existants
n\n Lex

ou
((n\n)\(n\n))/(n\n) Lex

en cours...
n\n Lex

(n\n)\(n\n)
/E

n\n
\E

SENT

NP-OBJ

Srel

ADV

ensemble

VN

VPP

créée

V

a

CLS-SUJ

on

NP-OBJ

PROREL

qu’

NC

rédaction

DET

cette

VN

On regrettera

2
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Introduction Rules: 
Example

(np\sppart)/np [np]1

np\sppart(np\s)/(np\sppart) [/E]
[/E]

np\s

créée
a

np
[\E]

s
s/np
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on
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qu’

n\nn
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n



Beyond AB grammars 
Introduction Rules

(np\sppart)/np(np\s)/(np\sppart)
crééea

np
on

(n\n)/(s/np)

qu’
(np\s)\(np\s)

ensemble



Lambda Calculus and 
Proofs as terms

• Proofs in categorial 
grammar correspond 
to lambda terms

• These lambda terms 
"forget" the 
directions of the 
implications.

t:A/B u:B
(t u):A

t:B\Au:B
(t u):A

[x:B]

t:A
B\A:λx.t

…
[x:B]

t:A
A/B:λx.t

…



… cet equilibre délicate que l’Iran et l’Arabie saoudite 
chercheront à sauvegarder ε à Genève.

w4:(np\sinf)/np
w3:(np\s)/(np\sinf)

sauvegarder

chercheront à

w2:np

l’Iran et 
l’Arabie saoudite

w1:(n\n)/(s/◇□np)
que

t:A
A/◇□B:λx.t

…
[x:B] ……

Computing Semantics
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… cet equilibre délicate que l’Iran et l’Arabie saoudite 
chercheront à sauvegarder ε à Genève.

w4:(np\sinf)/np
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sauvegarder

chercheront à

w2:np

l’Iran et 
l’Arabie saoudite

w1:(n\n)/(s/◇□np)
que

t:A
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Computing Semantics



… cet equilibre délicate que l’Iran et l’Arabie saoudite 
chercheront à sauvegarder ε à Genève.

w4:(np\sinf)/np
w3:(np\s)/(np\sinf)

sauvegarder

chercheront à

w2:np

l’Iran et 
l’Arabie saoudite

w1:(n\n)/(s/◇□np)
que

t:A
A/◇□B:λx.t

…
[x:B] ……

x:np
ε

(w4 x):np\sinf

(w3(w4 x)):np\s

Computing Semantics



… cet equilibre délicate que l’Iran et l’Arabie saoudite 
chercheront à sauvegarder ε à Genève.

w4:(np\sinf)/np
w3:(np\s)/(np\sinf)

sauvegarder

chercheront à

w2:np

l’Iran et 
l’Arabie saoudite

w1:(n\n)/(s/◇□np)
que

t:A
A/◇□B:λx.t

…
[x:B] ……

x:np
ε

(w4 x):np\sinf

(w3(w4 x)):np\s
((w3(w4 x)) w2):s

Computing Semantics



… cet equilibre délicate que l’Iran et l’Arabie saoudite 
chercheront à sauvegarder ε à Genève.

w4:(np\sinf)/np
w3:(np\s)/(np\sinf)

sauvegarder

chercheront à

w2:np

l’Iran et 
l’Arabie saoudite

w1:(n\n)/(s/◇□np)
que

t:A
A/◇□B:λx.t

…
[x:B] ……

x:np
ε

(w4 x):np\sinf

(w3(w4 x)):np\s
((w3(w4 x)) w2):s

λx.((w3(w4 x)) w2):s/◇□np

Computing Semantics



… cet equilibre délicate que l’Iran et l’Arabie saoudite 
chercheront à sauvegarder ε à Genève.

w4:(np\sinf)/np
w3:(np\s)/(np\sinf)

sauvegarder

chercheront à

w2:np

l’Iran et 
l’Arabie saoudite

w1:(n\n)/(s/◇□np)
que

t:A
A/◇□B:λx.t

…
[x:B] ……

x:np
ε

(w4 x):np\sinf

(w3(w4 x)):np\s
((w3(w4 x)) w2):s

λx.((w3(w4 x)) w2):s/◇□np
(w1 λx.((w3(w4 x)) w2)):n\n

Computing Semantics



w4:(np\sinf)/np
w3:(np\s)/(np\sinf)
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chercheront à

w2:np

l’Iran et 
l’Arabie saoudite

w1:(n\n)/(s/◇□np)
que

x:np
ε

(w4 x):np\sinf
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((w3(w4 x)) w2):s
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Computing Semantics
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Computing Semantics

w1:λPλQλy(Py)∧(Qy) 
w2:I&As 
w3:chercher_à 
w4:sauvegarder

(w1 λx.((w3(w4 x)) w2))

((λPλQλy(Py)∧(Qy))  
   λx.((chercher_à(sauvegarder x)) I&As))

↓

(λQλy(λx.((chercher_à(sauvegarder x)) I&As) y)∧(Qy)))
↓



Computing Semantics

w1:λPλQλy(Py)∧(Qy) 
w2:I&As 
w3:chercher_à 
w4:sauvegarder

(w1 λx.((w3(w4 x)) w2))

((λPλQλy(Py)∧(Qy))  
   λx.((chercher_à(sauvegarder x)) I&As))

↓

(λQλy(λx.((chercher_à(sauvegarder x)) I&As) y)∧(Qy)))
↓

(λQλy((chercher_à(sauvegarder y)) I&As))∧(Qy)))
↓

λx.équilibre(x)∧délicat(x)∧ 
chercher_à(I&As,(sauvegarder x))

↓



A Tale of Two 
Categorial 
Grammars



Logic and Combinators

combinators logic
SKI, BCK, BCI IIL, IAL, ILL

combinatorial logic



Logics and Combinators

combinators logic
SKI, BCK, BCI IIL, IAL, ILL

combinatorial logic

combinators (?) logic???

CCG

combinators??? logic

Lambek/TLG



CCG and Type-Logical 
Grammar

CCG TLG

Sequence Local Non-local

Connective Non-local Local

Both complicate locally and simplify globally
but with a different notion of locality 

CCG: Rules can refer to multiple 
connectives

TLG: logical rules operate on one 
connective at a time (subformula 
property, independence of 

CCG: each category can be traced 
back to a continuous sequence of the 
input categories

TLG: a formula can correspond to a 
discontinuous sequence of lexical 
formulas
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Crossed Composition in 
CCG

A
B/(A\B)

T B/CA/B
A/C

B

harmless
mostly
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Crossed Composition in 
CCG

A
B/(A\B)

T B/CA/B
A/C

B

harmless
mostly

harmless

B\AB/C
A/C Bx

f : A/B

g : B/C [x : C]i

(g x) : B
/E

(f (g x)) : A
/E

�x.(f (g x)) : A/C
/Ii

x : A [f : A\B]i

(f x) : B
\E

�f.(f x) : B/(A\B)
/Ii
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A/C
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Crossed Composition

B/C [C]i

B
/E

B\A
A

\E

A/32C
/32i



Crossed Composition

g : B/C [x : C]i

(g x) : B
/E

f : B\A
(f (g x)) : A

\E

�x.(f (g x)) : A/C
?Ii



How to Extend or 
Modify a Logic

• Suppose we are unhappy with our logic 
and we want to change it, then what is 
our job? 1. reprove formal results (normalisation, subformula 

propertry)

2. verify we keep what worked and can do some things 
which didn’t work before (possibly by direct translation, but 
this is not always possible)




Beyond Lambek grammars 
New Introduction Rules

(np\sppart)/np(np\s)/(np\sppart)
crééea

np
on
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....  [B]i ....  

A
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[/I]i
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Beyond Lambek grammars 
New Introduction Rules

(np\sppart)/np
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a
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qu’
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s
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[/I]1

n\n



Treebank Extraction

• A rather classical approach. The 
extraction algorithm is parametric wrt 
three functions:

1. a function identifying heads/functors

2. a function identifying modifiers

3. a function given a formula for each 
syntactic category of the annotation



Treebank Extraction

NP

DET

la

NC

monnaie

Srel

PP
de-obj

PROREL

dont

VN

CLS-SUJ

elle

V

est

AP
ats

ADJ

responsable

NP

DET

la

NC

NC

monnaie

Srel

PP
de-obj

PROREL

dont

VN

CLS-SUJ

elle

V

est

AP
ats

ADJ

responsable

1

NP

DET

la

NC

NC

monnaie

Srel

PP
de-obj

PROREL

dont

CLS-SUJ

elle

VN

V

est

AP
ats

ADJ

responsable

NP

DET

la

NC

NC

monnaie

Srel

PP
de-obj

PROREL

dont

Srel

CLS-SUJ

elle

VN

V

est

AP
ats

ADJ

responsable

2

Sentence as we find it in the 
corpus. “dont” is a relative 
pronoun like “que” but which 
selects a sentence missing de 
“de” preposition (instead of a 
sentence missing an np like 
“que”)

Note how “dont” is annotated as 
a “de-obj” argument, which is 
useful.



Treebank Extraction
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dont
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CLS-SUJ
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V

est

AP
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PP-DE

ε

3

However, the “de” preposition belongs to 
“responsable” (some adjectives select for 
prepositions: “responsable de X” functions as an 
adjective just as “responsable”)


Remark however, that there is no way to derive 
this from the annotation as it is given. Manual 
intervention (or at least verification!) is 
unfortunately necessary to assure the correct 
placement of the hypothetical preposition.
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Treebank Extraction: 
Coordination

conjunction is of the two transitive verbs (instantiating X with the formula
(np\smain)/np) who share both the subject and the object. For the second co-
ordination it is the adjective and the prepositional phrase which are conjoined
(though this is not so clear from the annotation only, where it seems an unlike
coordination between an np and a pp). As is standard in categorial grammars, we
assign both the adjective and the PP the formula n\n (this is the standard as-
signment for a PP modifying a noun), turning this seemingly unlike coordination
into a trivial instance of the general coordination scheme.

SENT

NP-OBJ

COORD

PP

en cours d’adaptation

ou

AP

ADJ

existants

NC

programmes

DET

des

VN

COORD

VN

V

amplifient

CC

et

V

reprennent

CLS-SUJ

Elles

Fig. 2. Coordination

The (somewhat simplified) FTB annotation of sentence (6) of Figure 3 on the
next page, shows another problem: appositives, which are treated by assigning a
coordination-like formula to the interpunction symbol preceding them (a similar
solution is used for parentheticals and for most extrapositions3) Additionally,
we have to distinguish between the NP-MOD temporal adverb (which modifies
the verb “recensés” and the NP-MOD for the appositive (which conjoins to “Les
lieux”, the places)

As the example shows, these cases are di�cult to infer from the information
provided by the FTB annotation alone, and therefore must be verified manu-
ally; in total a bit over 20% of the interpunction symbols — over ten thousand
interpunction symbols — are assigned coordination-like categories.

3 Not all extrapositions can be analysed as coordinations this way. In the example
below

(i) A
To

celà
that

s’ajoute
adds-itself

une
a

considération générale
general consideration

: (...)

“A cela” is assigned s/(s/3121ppa) allowing it to function as a long-distance pp
argument to “s’ajoute”.
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To
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that
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considération générale
general consideration

: (...)

“A cela” is assigned s/(s/3121ppa) allowing it to function as a long-distance pp
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SENT

PONCT

NP-ATS

des opportunistes qui virevoltent ...

ADV

pas

VN

V

sont

ADV

ne

“

Sint-MOD

PONCT

,

NP-SUJ

le premier ministre

VN

VPP

ajouté

V

a

PONCT

,

NP-SUJ

Les conservateurs

existants
n\n Lex

ou
((n\n)\(n\n))/(n\n) Lex

en cours...
n\n Lex

(n\n)\(n\n)
/E

n\n
\E

2



Statistics About the 
Extracted French Treebank

• 15,590 sentences 445,918 words

• 43,098 distinct lexical entries 

• 859 different formulas

• By comparison: 12,617 CFG rules

Note: these are the statistics 
after considerable cleanup: the 
first version had over 4,000 
different formulas!



How to Improve an 
Extracted Treebank

Identify problem and look for clues to the 
underlying cause:

• annotation error

• need more sophisticated extraction

• need to add information by hand



Outline

SENT

VPinf-OBJ

Ssub-OBJ

que ...

VN

VINF

constater

VN

VPP

pu

ADV

déjà

V

ont

CLS-SUJ

Ils

French Treebank

Grammar
Extraction

Applications]

de

(np\sdi)/(np\si)
[Lex]

s’

clr
[Lex]

attaquer

(clr\(np\si))/ppà
[Lex]

p0 ` ppà
[Hyp]1

a � p0 ` clr\(np\si)
[/E]

s’ � (a � p0) ` np\si
[\E]

de � (s’ � (a � p0)) ` np\si
[/E]

[/E]

of the supertagger). With a � value of 0.1 this means that all supertags with

a probability greater than 6.2% are included for this word — in the current

case ((np\s)/(np\sdeinf))/ppa (15.2%, the correct value in the current case) and

(np\s)/(np\sainf) (12.9%).

The Grail parser returns a parse for the most likely sequence of formulas for

which a parse can be found.

3 Semantics

Given that type-logical proofs correspond to lambda-terms in the simply typed

lambda calculus, all that is needed to obtain a semantic recipe for the complete

phrase is to provide a lexical lambda term for each of the word-formula pairs

used in the proof and beta-reduce the term obtained after lexical substitution.

When providing the entries for the semantic lexicon, we use the fact that most

open-class words (such as verbs, nouns and adjectives) have meaning recipes

which di↵er only in the constant used: for example, the meaning of a noun w
is simply �x.w0

(x) (or, equivalently, simply w0
). This means that the lexicon

contains several “default” rules for open-class words (applying when no more

specific rule does) and several more specific rules for the closed classes, such

as determiners and conjunctions, but also for open-class words requiring special

treatment (eg. words like “autre” (other), “ancien” (former) which do not follow

the standard adjective meaning recipe). The lexicon also lists such semantic

information as the distinction between raising and control verbs.

Figure 3 shows the LATEX output of Grail for the example sentence (the

figure is slightly simplified for ease of exposition and doesn’t include temporal

information).

*8
><

>:

z3
topic(e1, z3)
Chine(z3)

,
x0

nommé(x0,Barack)
nommé(x0,Obama)

,
y0
nommé(y0,Chen)
nommé(y0,Guangcheng)

9
>=

>;
,

e1 y1

y1 :
e2 e3 x3

x3 = ?

aider à(e2, x0, x3, e3)
partir(e3, x3)

demander(e1, y0, x0, y1)

+

Fig. 3. Semantic output of sentence 1

Proper names are treated as presuppositions and are projected to the top-

most DRT, meaning that both “Barack Obama” (with discourse referent x0)

and “Chen Guangcheng” (with discourse referent y0) are available for further

anaphoric resolution. Due to the semantics of “:” with formula (n\s)/s, “Chine”
(China) is added as the topic of the main sentence. Looking at the main DRS on

the right hand side of the figure, we see that there is a single predicate: the verb

“demander” (to ask), which takes four arguments, a Davidsonian eventuality e1,
the one doing the asking y0 (Guangcheng), the one being asked x0 (Obama) and

what is being asked, which is the embedded DRS labeled y1. The embedded DRS



Applications

• Wide-coverage parsing for French

• Wide-coverage semantics for French



Wide-Coverage Parsing

• How can we parse very big grammars 
efficiently?

• Bottlenecks: lexicon size, grammatical 
combinatorics



Lexicon Size

• Many frequent 
words occur with 
very many different 
formulas

• Classic solution: 
supertagging

(np\s)/np 23,2 %

(np\s)/(n\n) 20,6 %

(np\s)/(np\spass) 16,8 %

(clr\(np\s))/(clr\(np\sppart)) 10,8 %

(np\s)/pp 8,1 %

(np\s)/(np\sppart) 6,3 %

(np\s)/(np\sinfX) 2,8 %

((np\s)/sq)/(n\n) 2,2 %

est - “is”



What Supertagging Does

• Supertagging ≅ statistical approximation of 
lexical lookup

• Assigns each word the contextually most 
likely (set of) formulas

leur permettre d' emprunter auprès de

PRO:PER VER:infi PRP VER:infi PRP PRP

(np\s_inf (np\s)/ ((np\s_in (np\s_inf (np\s_inf

np\s_inf

(np\s_inf

(s\�s)/

pp/pp_de

pp_de/np



What Supertagging Does

• Supertagging ≅ statistical approximation of 
lexical lookup

• Assigns each word the contextually most 
likely (set of) formulas

leur permettre d' emprunter auprès de

PRO:PER VER:infi PRP VER:infi PRP PRP

(np\s_inf (np\s)/ ((np\s_in (np\s_inf (np\s_inf

np\s_inf

(np\s_inf

(s\�s)/

pp/pp_de

pp_de/np

emprunter:
47.4 (np\sinf)/np
20.5 np\sinf

18.8 (np\sinf)/pp



How to POStag/
Supertag?

• Hidden Markov Model

• Maximum Entropy

• Deep learning (LSTM)



How to POStag/
Supertag?

HMM MaxEnt LSTM



Hidden Markov Models

La petite brise la glace



Hidden Markov Models

DET NC V DET NC

La petite brise la glace



Hidden Markov Models

DET NC V DET NC

La petite brise la glace

DET ADJ NC CLO V

La petite brise la glace



What is Maximum 
Entropy?

• General-purpose statistical modelling 
tool

• Use any “features” we like with no 
assumptions of statistical independence

• Slogan: assume the least possible about 
data we haven’t seen



Recursive Neural 
Networks

• Recursive neural 
networks can handle 
long-distance 
dependencies in 
theory.

• However, in practice 
they do not.



LSTM

• LSTM (long short-term memory) have 
an explicit memory mechanism

• There are separate network parameters 
for “remembering/storing” and 
“forgetting”

• One of the most widely used modern 
technologies in natural language 
processing



Translating words into 
Model Inputs

“rue"

0 1 0 1 …

first letter is "r"

0 0 0 1 … 0.01 0.09 -0.31 0.06 …

last two letters
are "ue"

embedding 
similar to 

“boulevard’' and
“avenue"

prefix suffix word embedding



LSTM Tagging/
Supertagging

le chat dort



LSTM Tagging/
Supertagging

le chat dort



LSTM Tagging/
Supertagging

le chat dort

np/n n np\s



LSTM Tagging/
Supertagging

le chat dort



LSTM Tagging/
Supertagging

le chat dort



LSTM Tagging/
Supertagging

le chat dort



LSTM Tagging/
Supertagging

le chat dort

np/n n np\s



Supertagger 
Performance (MaxEnt)

Corpus POS Super 0,1 0,01 F/w

FTB 97,8 % 90,6 % 96,4 % 98,4 % 2,3



Supertagger 
Performance (MaxEnt)

Corpus POS Super 0,1 0,01 F/w

FTB 97,8 % 90,6 % 96,4 % 98,4 % 2,3

Le Monde 2010 97,3 % 89,9 % 95,8 % 97,9 % 2,2

Sequoia/Annodis 97,3 % 88,1 % 94,8 % 97,6 % 2,4

Itipy/Forbes 95,7 % 86,7 % 93,8 % 97,1 % 2,6



How good is this?

• 90.6% accuracy for the best supertag 
sounds good, but this is given the 
correct part-of-speech tag

• When combining POS-tagger with 
supertagger, accuracy drops to 88.7% 
(without POS-tagger, we end up at 
86.7%, so POS-tagging helps)



Supertagger 
Performance

Corpus POS Super 0,1 0,01 0,001

MaxEnt 97,8 90,6 96,4 (1,4) 98,4 (2,3) 98,8 (4,7)

LSTM 98,4 92,2 95,8 (1,2) 97,9 (1,5) 99,0 (2,4)

with β=0,0001, we have 4,7 formulas per word 
(same as ME with β=0,001) but accuracy of 99.5%



Chart-Parsing Type-
Logical Grammars

• Even when using a supertagger, we 
there are still > 2 formulas per word 

• Simple enumeration is not efficient 
enough 

• Sharing subcomputations for proof nets 
requires more complex proof-theoretic 
machinery. 



Chart-Parsing Type-
Logical Grammars

• Original intention: preprocessing step 
for proof net parser 

• At some point my preprocessor single-
handedly parsed 97-98% of my 
extracted French treebank 

• It seemed reasonable to add some extra 
chart rules to handle the rest. 



Chart Parsing

• Categorial grammar parsing in the 90s has 
studied chart parsing for the Lambek 
calculus (and some variants) 

• Chart parsing for the Lambek calculus 
turned out to be fairly complicated. 

• An important source of complexity is the 
interaction of hypothetical formulas. Tiede 
(2001) showed that Lambek calculus proofs 
are not regular tree languages. 



Chart-Parsing Type-
Logical Grammars

• Prototype exhaustive chart parser for 
Type-Logical Grammars, strongly 
inspired by Shieber e.a. (1995)

• Fine-tuned for grammars in the 
restricted form as produced by the 
extraction algorithm

• LaTeX output



Chart-Parsing Type-
Logical Grammars

(1)

L’

np/n
[Lex]

Etat

n
[Lex]

L’ � Etat ` np
[/E]

va

(np\smain)/(np\sinf)
[Lex]

garantir

(np\sinf)/np
[Lex]

la

np/n
[Lex]

moitié

n
[Lex]

des

(n\n)/n
[Lex]

emprunts

n
[Lex]

des

(n\n)/n
[Lex]

agriculteurs

n
[Lex]

des � agriculteurs ` n\n
[/E]

emprunts � (des � agriculteurs) ` n
[\E]

des � (emprunts � (des � agriculteurs)) ` n\n
[/E]

moitié � (des � (emprunts � (des � agriculteurs))) ` n
[\E]

en

(n\n)/n
[Lex]

di�culté

n
[Lex]

en � di�culté ` n\n
[/E]

(moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté) ` n
[\E]

la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)) ` np
[/E]

garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté))) ` np\sinf
[/E]

,

let
[Lex]

afin

((np\sinf)\(np\sinf))/(np\sdeinf)
[Lex]

, � afin ` ((np\sinf)\(np\sinf))/(np\sdeinf)
[Let]

de

(np\sdeinf)/(np\sinf)
[Lex]

leur

(np\sinf)/((np\sinf)/312
#
1ppà)

[Lex]

permettre

((np\sinf)/(np\sdeinf))/ppà
[Lex]

[p0 ` ppà]0

permettre � p0 ` (np\sinf)/(np\sdeinf)
[/E]

d’

(np\sdeinf)/(np\sinf)
[Lex]

[q0 ` np]1
emprunter

np\sinf
[Lex]

q0 � emprunter ` sinf
[\E]

auprès

(sinf\1sinf)/ppde
[Lex]

de

ppde/np
[Lex]

leurs

np/n
[Lex]

banques

n
[Lex]

leurs � banques ` np
[/E]

de � (leurs � banques) ` ppde
[/E]

auprès � (de � (leurs � banques)) ` sinf\1sinf
[/E]

q0 � (emprunter �1 (auprès � (de � (leurs � banques)))) ` sinf
[\1E]

emprunter �1 (auprès � (de � (leurs � banques))) ` np\sinf
[\I]1

d’ � (emprunter �1 (auprès � (de � (leurs � banques)))) ` np\sdeinf
[/E]

(permettre � p0) � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))) ` np\sinf
[/E]

permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))) ` (np\sinf)/312
#
1ppà

[/3121I]0

leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques)))))) ` np\sinf
[/E]

de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))))) ` np\sdeinf
[/E]

(, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques)))))))) ` (np\sinf)\(np\sinf)
[/E]

(garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)))) � ((, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))))))) ` np\sinf
[\E]

va � ((garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)))) � ((, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques)))))))))) ` np\smain
[/E]

(L’ � Etat) � (va � ((garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)))) � ((, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))))))))) ` smain
[\E]

1



Chart-Parsing Type-
Logical Grammars

(1)

L’

np/n
[Lex]
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[Lex]
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moitié

n
[Lex]

des

(n\n)/n
[Lex]

emprunts

n
[Lex]

des

(n\n)/n
[Lex]

agriculteurs

n
[Lex]

des � agriculteurs ` n\n
[/E]

emprunts � (des � agriculteurs) ` n
[\E]

des � (emprunts � (des � agriculteurs)) ` n\n
[/E]

moitié � (des � (emprunts � (des � agriculteurs))) ` n
[\E]

en

(n\n)/n
[Lex]

di�culté

n
[Lex]

en � di�culté ` n\n
[/E]

(moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté) ` n
[\E]

la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)) ` np
[/E]

garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté))) ` np\sinf
[/E]

,

let
[Lex]

afin

((np\sinf)\(np\sinf))/(np\sdeinf)
[Lex]

, � afin ` ((np\sinf)\(np\sinf))/(np\sdeinf)
[Let]

de

(np\sdeinf)/(np\sinf)
[Lex]

leur

(np\sinf)/((np\sinf)/312
#
1ppà)

[Lex]

permettre

((np\sinf)/(np\sdeinf))/ppà
[Lex]

[p0 ` ppà]0

permettre � p0 ` (np\sinf)/(np\sdeinf)
[/E]

d’

(np\sdeinf)/(np\sinf)
[Lex]

[q0 ` np]1
emprunter

np\sinf
[Lex]

q0 � emprunter ` sinf
[\E]

auprès

(sinf\1sinf)/ppde
[Lex]

de

ppde/np
[Lex]

leurs

np/n
[Lex]

banques

n
[Lex]

leurs � banques ` np
[/E]

de � (leurs � banques) ` ppde
[/E]

auprès � (de � (leurs � banques)) ` sinf\1sinf
[/E]

q0 � (emprunter �1 (auprès � (de � (leurs � banques)))) ` sinf
[\1E]

emprunter �1 (auprès � (de � (leurs � banques))) ` np\sinf
[\I]1

d’ � (emprunter �1 (auprès � (de � (leurs � banques)))) ` np\sdeinf
[/E]

(permettre � p0) � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))) ` np\sinf
[/E]

permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))) ` (np\sinf)/312
#
1ppà

[/3121I]0

leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques)))))) ` np\sinf
[/E]

de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))))) ` np\sdeinf
[/E]

(, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques)))))))) ` (np\sinf)\(np\sinf)
[/E]

(garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)))) � ((, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))))))) ` np\sinf
[\E]

va � ((garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)))) � ((, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques)))))))))) ` np\smain
[/E]

(L’ � Etat) � (va � ((garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)))) � ((, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))))))))) ` smain
[\E]

1



Chart-Parsing Type-
Logical Grammars

(1)
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(np\smain)/(np\sinf)
[Lex]
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[Lex]

des
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[Lex]

emprunts

n
[Lex]

des

(n\n)/n
[Lex]

agriculteurs

n
[Lex]

des � agriculteurs ` n\n
[/E]

emprunts � (des � agriculteurs) ` n
[\E]

des � (emprunts � (des � agriculteurs)) ` n\n
[/E]

moitié � (des � (emprunts � (des � agriculteurs))) ` n
[\E]

en

(n\n)/n
[Lex]

di�culté

n
[Lex]

en � di�culté ` n\n
[/E]

(moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté) ` n
[\E]

la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)) ` np
[/E]

garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté))) ` np\sinf
[/E]

,

let
[Lex]

afin

((np\sinf)\(np\sinf))/(np\sdeinf)
[Lex]

, � afin ` ((np\sinf)\(np\sinf))/(np\sdeinf)
[Let]

de

(np\sdeinf)/(np\sinf)
[Lex]

leur

(np\sinf)/((np\sinf)/312
#
1ppà)

[Lex]

permettre

((np\sinf)/(np\sdeinf))/ppà
[Lex]

[p0 ` ppà]0

permettre � p0 ` (np\sinf)/(np\sdeinf)
[/E]

d’

(np\sdeinf)/(np\sinf)
[Lex]

[q0 ` np]1
emprunter

np\sinf
[Lex]

q0 � emprunter ` sinf
[\E]

auprès

(sinf\1sinf)/ppde
[Lex]

de

ppde/np
[Lex]

leurs

np/n
[Lex]

banques

n
[Lex]

leurs � banques ` np
[/E]

de � (leurs � banques) ` ppde
[/E]

auprès � (de � (leurs � banques)) ` sinf\1sinf
[/E]

q0 � (emprunter �1 (auprès � (de � (leurs � banques)))) ` sinf
[\1E]

emprunter �1 (auprès � (de � (leurs � banques))) ` np\sinf
[\I]1

d’ � (emprunter �1 (auprès � (de � (leurs � banques)))) ` np\sdeinf
[/E]

(permettre � p0) � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))) ` np\sinf
[/E]

permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))) ` (np\sinf)/312
#
1ppà

[/3121I]0

leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques)))))) ` np\sinf
[/E]

de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))))) ` np\sdeinf
[/E]

(, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques)))))))) ` (np\sinf)\(np\sinf)
[/E]

(garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)))) � ((, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))))))) ` np\sinf
[\E]

va � ((garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)))) � ((, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques)))))))))) ` np\smain
[/E]

(L’ � Etat) � (va � ((garantir � (la � ((moitié � (des � (emprunts � (des � agriculteurs)))) � (en � di�culté)))) � ((, � afin) � (de � (leur � (permettre � (d’ � (emprunter �1 (auprès � (de � (leurs � banques))))))))))) ` smain
[\E]
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Semantics

• Type-logical grammar proofs are a 
subset of intuitionistic proofs, which 
correspond to lambda-terms.

• Lexical substitution follow by beta 
normalization gives us the full sentence 
meaning



Semantics

• Montague-style semantics, where the 
meaning of love is love’

• But which has the advantage of being 
scaleable, since many lexical entries 
follow a specific pattern

• Uses DRT



Semantics

Example entries (slightly simplified)

marché(x)

λx.

 zλP λQ.( ⊕ (P z))→ (Q z)

y

nommé(y,Marie)

λP. ⊕ (P y)

chaque:

Marie:

marché:



Semantics
Example entries (slightly simplified)

λP. λx.

veut:

semble: s
sembler(s)
s: (P x)

λP. λx. s

vouloir(x,s)
s: (P x)

(np\s)/(np\sinf)

(np\s)/(np\sinf)

aime: (np\s)/np λy. λx.

aimer(x,y)



Semantics

• 692 words in the lexicon, with 
idiosyncratic properties

• 337 lexical schemata, eg. (np\s)/np for 
word w means semantics w’ (≣ λy.λx. 
w’(x,y))



Future Work

• Connect word meaning to nodes in 
JeuxDeMots

• Add logical entailment component, 
possibly à la Natural Logic

• Add multiword units component (eg. 
“être en train de”, but also “plus X que 
Y”)



Conclusions

• Type-Logical Grammars factorize 
grammars in a way permitting an easy 
connection to formal semantics,

• this ensures a direct link between wide-
coverage parsing and wide-coverage 
semantics.


