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Abstract

Idiom token classification is the task of deciding for a set of potentially idiomatic phrases
whether each occurrence of a phrase is a literal or idiomatic usage of the phrase. In this work
we propose the exploration usage of Word Embedding as feature to automatically identify
idiom. We focus our study on Verb-Noun Constructions (VNC) that vary in their idiomaticity
depending on context.

1 Introduction
Idioms are a class of multiword expressions (MWEs) whose meaning cannot be derived from their
individual constituents (Li and Sporleder, 2010b). Idioms often present idiosyncratic behavior such
as violating selection restrictions or changing the default semantic roles of syntactic categories (Li
and Sporleder, 2009). Consequently, they present many challenges for Natural Language Process-
ing (NLP) systems. For example, a diamond in the rough can be the literal unpolished object or
a crude but lovable person. Understanding such distinctions is important for many applications,
including parsing (Sag et al., 2002) and machine translation (Shutova et al., 2012).

Idioms exist in almost every languages and text genres and as a result broad coverage NLP
systems must explicitly handle idioms (Villavicencio et al., 2005). A complicating factor is that
many idiomatic expression can be used both literally or figuratively. In general, idiomatic usages are
more frequent, but some expressions the literal meaning may be more common (Li and Sporleder,
2010a). As a result, there are two fundamental tasks in NLP idiom processing: idiom type
classification is the task of identifying expression that have possible idiomatic interpretations.
For example, consider the following two usages of the expression hit the roof :

1. I think Paula might hit the roof if you start ironing.

2. When the blood hit the roof of the car I realized it was serious.

The first example of hit the roof is an idiomatic usage, while the second is a literal combination.
The second task, idiom token classification is the task of distinguishing between idiomatic and
literal usage of potentially idiomatic phrases (Fazly et al., 2009). In this project we focus on the
second task, idiom token classification.

This project will explore whether the word embedding representations encodes features that
are useful for idiom token classification. This question is particularly interesting because word
embedding model only uses word token as input whereas the baselines system uses sentence. We
selected Word2Vec (Tomas Mikolov and Zweig, 2013) as our project word embedding model and
In order to make our results comparable with Jing Peng and Vylomova (2014) and Salton et al.
(2016) we used the same VNC-Tokens dataset (Paul Cook and Stevenson, 2008).

2 Related Work
Previous approach of idiom token classification by Feldman and Peng (2013) describes an approach
to idiom token identification that frames the problem as one of outlier detection. The intuition
behind this work is that because idiomatic usages of phrases have weak cohesion with the surround-
ing context they are semantically distant from local topics. As a result, phrases that are semantic
outliers with respect to the context are likely to be idioms. Feldman and Peng (2013) explore two
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different approaches to outlier detection based on principle component analysis (PCA) and linear
discriminant analysis (LDA) respectively. Building on this work, Jing Peng and Vylomova (2014)
assume that phrases within a given text segment (e.g., a paragraph) that are semantically similar
to the main topic of discussion in the segment are likely to be literal usages. They use Latent
Dirichlet Allocation (LDA) (David M. Blei and Jordan, 2003) to extract a topic representation,
defined as a topic term document matrix, of each text segment within a corpus. They then trained
a number of models that classify a phrase in a given text segment as a literal or idiomatic usage
by using the topic term document matrix to project the phrase into a topic space representation
and label outliers within the topic space as idiomatic.

Continuing work on this topic, Salton et al. (2016) present research that explores the potential
of distributed compositional semantic models to produce reliable estimates of idiom token clas-
sification. The research utilize Skip-Through Vectors (Sent2Vec) (Ryan Kiros and Fidler, 2015)
decoder/encoder model that takes an input sentence and maps it into a distributted represen-
tation (a vector of real numbers).The decoder is a language model that is conditioned on the
distributed representation, in Sent2Vec, is used to "predict" the sentences surrounding the input
sentence. Consequently, the Sent2Vec encoder learns (among other things) to encode information
about the context of an input sentence without the need of explicit access to it. The vector result
is then feeded onto K-Nearest Neighbours and Support Vector Machines classifier. To the best
of our knowledge, Salton et al. (2016) is currently the best performing approach to idiom token
classification and we use their models as our baseline.

3 Purpose
The purpose of this project is to explore the use of word embedding, a model representation with
lower dimension than our chosen baseline model (word instead of phrase) in the task of idiom token
classification. This project has three primary objectives:

1. Examine and explain how word embedding is used in idiom token classification task.

2. Experiment with various classification technique using the model provided by word embed-
ding.

3. Evaluate the classification result against the baseline system.

4 Suggested Timeplan
Following is a rough estimate of the parts the project work should consist of and how many time
each part needs.

Week Progress Report Progress Expected
1-2 2/11 In depth study about the method and technology used for the project
3-4 14/11 Preliminary implementation of the method under investigation
5-6 30/11 Preliminary result of method implementation
7 7/12 Final result of implementation

8-12 12/1 Term Paper presentation

Table 1: Suggested Timeplan

5 Significance
The expected result of this project is a review of the feasibility of using a "lower dimensional"
model representation for idiom token classification task, in hope of finding a simpler method that
could produce comparable result.
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