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Dependency Trees help Semantics

Sherlock saw the man with binoculars

nmod

nmod

Universal Dependencies

Homogeneous syntactic representation
across languages

Disney acquired Pixar in 2006

nsubj dobj

nmod

case

root

Pixarni Disney 2006 lo konindi
Pixar Disney 2006 in acquired

dobj

nsubj

nmod

case

root

Cool Facts

Dependency trees are human-friendly

Treebanks in 40 languages

Accurate Parsers
e.g., Google’s Parsey McParseface

Not cool enough :(

Dependencies lack a theory of semantics

No formal theory to convert to target-
application’s representation

Pixar is a company located in CA

nsubj
cop

det acl
case

nmod

arg2

argin

root

∃z.company(Pixar) ∧ located(ze) ∧
arg2(ze, Pixar) ∧ argin(ze, CA)

DepLambda: Dependencies to
Logical Forms

Dependencies to Logical Forms
Our Approach

Disney acquired Pixar

nsubj dobj

root

. . . > dobj > · · ·> nsubj > .. .

obliqueness

(dobj acquired Pixar)
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Dependencies to Logical Forms
Composition

Disney acquired Pixar

nsubj dobj

root

(nsubj (dobj acquired Pixar) Disney)
λfgz. ∃x. λfgz.∃y. λz.acquired(ze) λy.Pixar(ya) λx.Disney(xa)
f(z) ∧ g(x)∧ f(z) ∧ g(y)∧
arg1(ze, xa) arg2(ze, ya)

λgz. ∃y. acquired(ze) ∧ g(y)
∧ arg2(ze, ya)

λz. ∃y. acquired(ze) ∧ Pixar(ya)
∧ arg2(ze, ya)

λgz.∃xy.acquired(ze) ∧ Pixar(ya) ∧ g(x)∧
arg1(ze, xa) ∧ arg2(ze, ya)

λz.∃xy.acquired(ze) ∧ Pixar(ya) ∧Disney(xa)∧
arg1(ze, xa) ∧ arg2(ze, ya)
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f(z) ∧ g(x)∧ λz. ∃y. acquired(ze) ∧ Pixar(ya)
arg1(ze, xa) ∧ arg2(ze, ya)

λgz.∃xy.acquired(ze) ∧ Pixar(ya) ∧ g(x)∧
arg1(ze, xa) ∧ arg2(ze, ya)

λz.∃xy.acquired(ze) ∧ Pixar(ya) ∧Disney(xa)∧
arg1(ze, xa) ∧ arg2(ze, ya)
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Application: Freebase Question
Answering

Sentences

15/08/2016 buck.inf.ed.ac.uk:9000
Please enter your text here:

Cameron directed Titanic in 1997

PartofSpeech:

Cameron directed Titanic  in  1997
NNP VBD NNP IN CD

1

Named Entity Recognition:

Cameron directed Titanic  in 1997
PERSON DATE

1

Basic Dependencies:

Cameron  directed  Titanic  in  1997
NNP VBD NNP IN CD

casensubj dobj
nmod

1

Enhanced Dependencies:

Cameron  directed  Titanic  in  1997
NNP VBD NNP IN CD

casensubj dobj
nmod:in

1

Open IE:

Cameron  directed Titanic  in 1997
Entity EntityRelation

Relation

Entity
subject
subject object

object

1

CoreNLP Tools:

Enter a TokensRegex (http://nlp.stanford.edu/software/tokensregex.shtml) expression to run against the above
sentence:

Visualisation provided using the brat visualisation/annotation software (http://brat.nlplab.org/).

partsofspeech named entities dependency parse openie

Submit

TokensRegex Semgrex

Matche.g., (?$foxtype [{pos:JJ}]+ ) fox

λe.directed.arg1(e,Cameron)
∧directed.arg2(e,Titanic)

∧directed.in(e, 1997)

Titanic

e

Cameron directed e

e

1997

dir
ect

ed
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d
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directed.arg1

directed.in

directed.arg1(e,Cameron) ∧
directed.arg2(e,Titanic) ∧ directed.in(e, 1997)

KB

Titanic

m

Cameron directed n

1997

film
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.arg2
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film.directed by.arg2(m,Cameron) ∧
film.directed by.arg1(m,Titanic) ∧

film.initial release date.arg1(n,Titanic) ∧
film.initial release date.arg2(n, 1997)

Denotation-based
Learning ModelWho is the director of Titanic? {James Cameron}

Dependency
Parser DepLambda

Graph Matching

Multilingual QA Results

Test Data: WebQuestions – 2034 real Google Queries
English German Spanish

Bag of Words 47.4 43.5 45.1
DepTree 47.8 43.7 45.7
DepLambda 49.0 44.3 46.2

The Future is bright..

Richer composition functions
e.g. Neural Networks, Tensors

Tree to Target Representation directly


