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ABSTRACT

Many Natural Language Processing (NLP) tasks require knowing the sense of polysemous
words. Clustering the paraphrases of a word into distinct senses has been used as a step in
word sense disambiguation (WSD) algorithms. However, all previous word sense clustering
algorithms have relied exclusively on unimodal linguistic features, and in particular, using
word representations from distributional semantics. In our work, we incorporate visual
features derived from the image search engine into the tasks of word similarity prediction and
word sense clustering. Image search engine provide a way to link a query word and a set of
top N images for that query word. Based on previous work, n visual or image-based features
can be obtained by running n images through a convolutional neural network (CNN) and
extracting values from the pre-softmax layer. Following the linguistic approach of having a
single representation for a query word, we explore three ways to convert N visual or image-
based features into a single representation. For the task of word similarity prediction, we
conduct a comprehensive set experiments on thirteen datasets by varying the number of
image features n for all three approaches. In addition to comparing different models, we
provide a way to combine linguistic and visual features into a multimodal representation by
vector concatenation applied with dimensionality reduction. We show that the performance
of visual and multimodal representation is comparable to the linguistic representation for
some of the datasets. We report that on average the performance increases as n increases.
Moreover, we show that sets of image features corresponding to each word also provide a
powerful signal for the task of sense clustering, and that by incorporating visual information
into our clustering paradigm, we can achieve an alternative sense disambiguation than
by using text alone. We report our results on two existing datasets for different part-of-
speech (POS) and argue that visual features are better than linguistic features in predicting
clusterings for nouns, but are significantly worse for verbs. Finally, we provide limitations of
existing datasets, generate a new dataset for word sense, and report our results for different

POS.
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CHAPTER 1 : Introduction

A polysemous word is one that has several different meanings or senses. The task of word
sense disambiguation (WSD) involves determining the meaning of a word from its surround-
ing context given a predefined sense inventory. For example, the word ‘bug’ in the context
of biology could mean ‘parasite’ or ‘virus’. To a computer scientist, however, ‘bug’ is much
more likely to mean ‘error’ or ‘glitch’. WordNet (Miller, 1995) contains manually created

sense inventories. It contains the following senses for the noun ‘bug’:
S1: bug (general term for any insect or similar creeping or crawling invertebrate)
S2: bug, glitch (a fault or defect in a computer program, system, or machine)
S3: bug (a small hidden microphone; for listening secretly)

S4: hemipterous insect, bug, hemipteran, hemipteron (insects with sucking mouth-
parts and forewings thickened and leathery at the base; usually show incomplete

metamorphosis)

S5: microbe, bug, germ (a minute life form (especially a disease-causing bacterium);

the term is not in technical use)

Many tasks in Natural Language Processing (NLP) like machine translation are incomplete
without knowing the sense of a word. Consider the following sentence: ‘The patient is
running a fever that seems to be the result of a mild bug’. This cannot be translated
accurately from English to French without knowing that the definition of ‘bug’ is most
similar to that of ‘virus’, given the context. The task of automatically identifying the

senses of a word is knows as word sense induction (WSI).

Hence, there is a need to represent the meaning of a word, as it serves as a prerequisite to
many tasks in NLP. One of the traditional approaches to represent the meaning of a word

is to use the context in which it appears. The context can be represented as a vector, com-
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Figure 1: An abstract representation of word vectors that represent a word using the
contexts in which it appears under the assumption of the distributional hypothesis

monly referred to as a word embedding. The key idea relies on the distributional hypothesis
(Harris, 1954), which tells that words that appear in similar context have similar vectors
and similar semantics. This representation allows to compare words via multiple vector sim-
ilarity metrics, for instance cosine similarity. Figure 1 denotes an abstract representation of
word embeddings along with the cosine similarity scores for a subset of those embeddings.
It can be seen that words ‘army’ and ‘navy’ have a relatively high similarity score, whereas
‘general’ and ‘navy’ have a relatively low similarity score. This is most likely justified by
the word ‘general’ being a polysemous word that could appear both as an adjective and as

a nour.

In our work, we focus on two tasks: word similarity prediction and clustering paraphrases
by word sense. The first task asks to predict a similarity and/or relatedness score between a
pair of words. For instance, in Figure 1 how similar are ‘navy’ and ‘general’ or how similar
are ‘admiral’ and ‘general’? The second task is to group paraphrases by word sense. The
task is summarised in Figure 2 and can be formulated as follows: given a query term and
a set of paraphrases for that query term, create a clustering such that a cluster in this

clustering represents a distinct sense.
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Figure 2: WordNet+ Gold 2.0 Dataset gold clustering for the word bug. The objective is to
cluster paraphrases such as bug into its different senses Cocos and Callison-Burch (2016)

The approach most closely related to our work is that of Cocos and Callison-Burch (2016)
which explores advanced clustering algorithms and similarity measures for clustering para-
phrases by word sense. A key component to clustering is choosing how to define the simi-
larity, or affinity, between two data points. Cocos and Callison-Burch (2016) experimented
with several text-based measures of affinity between two paraphrases, such as second-order
paraphrases and distributional semantics. Most clustering algorithms require a similarity
matrix as an input. A similarity matrix for a paraphrase set of N terms is N N symmetric
matrix of non-negative values where each element gives a pairwise similarity score. There-
fore, the first task of similarity prediction is of great importance to the second task of sense

clustering.
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Figure 3: The presence of an image can provide a useful, and at times complimentary signal
for several NLP tasks

In our work, we show that images provide a useful, and at times complementary signal to



text for performing word similarity prediction and word sense induction. Image features
have been used in other NLP tasks like learning translations via visual similarity of words
(Bergsma and Van Durme, 2011). Images intuitively provide a level of information that is
often helpful in NLP tasks. For example, to disambiguate the meaning of bug, the presence
of a corresponding image can help with the understanding of the sense of a word, as can
be seen in Figure 3. Images search engines provide a way to associate a set of images with
a query word or phrase. Figure 4 shows top 5 images for some of the paraphrases seen in

Figure 2 collected by Callahan (2017) from the Google Image Search.

P
¢ 3

Figure 4: Top-5 images from the collected dataset (Callahan, 2017) for the paraphrases
observed in Figure 2

We propose a new method to cluster paraphrases based on word sense using their textual
as well as image features. Our goal is to determine the best way to leverage the information
provided by images to accurately predict the senses of a word given its paraphrases. We

conduct a broad range of experiments to address the following research questions:
Can we create vector representations using images instead of text?

Can image representations be used instead of text for word similarity and sense clus-
tering? Can image representation consistently help capture the different senses of a

word?



What would be the best way to combine similarity measures from multiple modes

when clustering paraphrases?
Does image representation work better for a particular part-of-speech (POS)?

Can image concreteness values augment sense clustering? Concreteness is a concept
from psycholinguistics indicates the degree to which the concept denoted by a word

refers to a perceptible entity (Brysbaert et al., 2013).
The main contributions of our word are outlined below:
Extend the results of word similarity prediction on a variety datasets

Experiment with the number of image features, dimensionality and ways to combine

image features to represent a word

Provide a novel approach to perform clustering paraphrases by word sense using im-

ages

Provide a novel approach to perform clustering paraphrases by word sense by com-

bining multimodal data coming from images and text
Breakdown evaluation by POS

Generate a new dataset for clustering paraphrases by word sense that originates from

WordNet+ dataset

This thesis is organised in the following way: Chapter 2 describes approaches to incorpo-
rate visual features into a word representation from images retrieved from search engines.
Chapter 3 provides an overview, literature review, dataset descriptions, experiments and
discussion for the task of predicting similarity of word pairs. Chapter 4 provides an overview,
literature review, dataset descriptions, experiments and discussion for the task of clustering
paraphrases by word sense. The chapter also focuses on limitations of the existing datasets

and generation of the new dataset. Finally, Chapter 5 provides a conclusion and discussion



for future work.



CHAPTER 2 : Incorporating visual features

2.1. Overview

This chapter provides a literature overview and approaches in using information from image
search engines for a variety of tasks, and describes several approaches taken for this thesis

research as a result of previous work.

2.2. Approach
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Figure 5: Bergsma and Van Durme (2011) approach of learning translations via visual
similarity. The top row contains five images for the Indonesian word kucing. The bottom 4
rows display top 4 translations in English. Figure taken from Hewitt et al. (2018)

We build on data created by Callahan (2017) that was used by Hewitt et al. (2018). Callahan
(2017) re-created the experiments of Bergsma and Van Durme (2011) at a much larger scale.
Bergsma and Van Durme (2011) learn translations via visual similarity of images associated
with words in foreign languages. They retrieve images for a foreign word, convert them to
vectors via SIFT and colour histogram features, and then compare the foreign words vector
against vectors representing all English words. Figure 5 illustrates this approach for an
Indonesian word ‘kucing’ and top 4 English translations with ‘cat’ being the most similar

word to ‘kucing’ based on visual similarity.






