Jointly Learning
Word Representations and Composition Functions
Using Predicate -Argument Structures

Kazuma Hashimoto (UT)

Pontus Stenetorp (UT)
Makoto Miwa (TTI)

Yoshimasa Tsuruoka (UT)

University of Tokyo ( UT)
Toyota Technological [ nstitute ( TTI)

10/28/2014 EMNLP 2014 in Doha, Qatar



Neural Word Vector Representations

A Neural networks + large unlabeled corpora

10/28/2014 EMNLP 2014 in Doha, Qatar



Neural Word Vector Representations

A Neural networks + large unlabeled corpora
I Learn word (i.e. single token) representations

Ae.g.) word2vec
(Mikolov + 2013; Mnih and Kavukcuoglu 2013; inter alia)

10/28/2014 EMNLP 2014 in Doha, Qatar




Neural Word Vector Representations

A Neural networks + large unlabeled corpora
I Learn word (i.e. single token) representations

Ae.g.) word2vec
(Mikolov + 2013; Mnih and Kavukcuoglu 2013; inter alia)

I Learn composed vector representations

Ae.g.) compositional neural language models
for verb -object vectors (Tsubaki+ 2013)
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A Joint Learning Model

A Learning word and composed representations

I using syntactic structures of

unlabeled corpora

I without pre -trained word vectors
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State -of-the -art scores

for phrase similarity tasks  with transitive verbs
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Overview

1. Learning word representations
using predicate -argument structures

2. Jointly learning word representations and
composition functions

3. Evaluation on phrase similarity  tasks

4. Conclusion
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Predicate - Argument Structures (PASS)

A Standard dependency structures
I Relations between heads and modifiers

root det
amod nn

the: heavy rain caused-the 'carcaccidents

det M dobj

A Predicate -Argument Structures (PASS)

I Relations between predicates and arguments

the: heavy’ raim caused the: car accidents

\/\/
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Predicate - Argument Structures (PASS)

A Each predicate in a sentence has
I a specific category

I zero or more arguments
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adjective
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A Word Prediction Model Using PASs

A Given a PAS, discriminating between
I aword inthe specific PAS and

I aword drawn from a noise distribution

a target word: cause
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______________________ a noise distribution
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A Word Prediction Model Using PASs
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What We Expect from the Model

A Learning word representations based on
I specific PAS categories

I selectional preferences
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Examples

eat at  restauramt heawy; rain
argument 1 argument 2 argument 1
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Adding Bag -of-Words Contexts

A Providing additional context information
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Beyond Single Word Representations

A Learning representations composed by
I multiple words and
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A Specific PAS as a Single Token

A Using connections on graphs of PASs

i | oo
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A Specific PAS as a Single Token

A Using connections on graphs of PASs

argument 1 argument 1

heavy car
adjective noun

use accident

argument 1 argument 2
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