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Abstract

Determining the meaning of a word in context is an important task for a va-

riety of natural language processing applications such as translating between

languages, summarizing paragraphs, and phrase completion. Usage similar-

ity (USim) is an approach to describe the meaning of a word in context that

does not rely on a sense inventory—a set of dictionary-like definitions. In-

stead, pairs of usages of a target word are rated in terms of their similarity

on a scale. In this thesis, we evaluate unsupervised approaches to USim

based on embeddings for words, contexts, and sentences, and achieve state-

of-the-art results over two USim datasets. We further consider supervised

approaches to USim, and find that they can increase the performance of our

models. We look into a more detailed evaluation, observing the performance

on different parts-of-speech as well as the change in performance when using

different features. Our models also do competitively well in two word sense

induction tasks, which involve clustering instances of a word based on the

meaning of the word in context.
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Chapter 1

Introduction

The meaning of a word changes depending on the context in which it oc-

curs. For example, the word run has different meanings in I will run the

program and They are going to run across Canada. Word sense disambigua-

tion (Navigli, 2009) attempts to assign a predetermined meaning, similar to

a dictionary-like definition of a word, called a sense, to an instance of a

word. Determining the sense, or meaning, of a word in context can help

many downstream applications such as machine translation, plagiarism de-

tection, and next word suggestion on smartphones (Zou et al., 2013). One

important issue with word sense disambiguation is that a predefined sense

inventory must be available, which can be expensive to generate and may

not contain new words and new word senses. Usage similarity is a task that

is able to describe the meaning of a word in context without the require-

ment of a sense inventory, through looking at how similar the usages of a

word are on a scale from 1–5 in two different sentences (Erk et al., 2009).

The guideline for the scale is 1 (completely different), 2 (mostly different), 3

(similar), 4 (very similar), and 5 (identical). The idea is that instances with
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similar usages will have similar meanings. For example, in the following sen-

tences that were present in a dataset from Erk et al. (2009), the similarity

score—assigned by human annotators—for the word strong between a and

b is 3.3, while c and d are less similar with a score of only 1.3.

(a)The chain will only be as strong as its weakest link.

(b) That means Norway must send a strong signal.

(c) Try a beer with a strong fruity flavor ; raspberry and peach are good

choices.

(d) This race is about leadership, and I have clearly demonstrated through-

out my career that I have the courage and determination needed to be a

strong leader.

In our work we will be using vector representations of words, contexts, and

sentences known as embeddings to generate vector representations of usages.

These embeddings are generated through the training of artificial neural net-

works and have been applied in a variety of natural language processing tasks

such as sentence completion (Melamud et al., 2016), semantic relatedness

and paraphrase detection (Kiros et al., 2015).

The term word has been and still is a difficult term for linguists to define

(Crystal, 1987). The term light bulb is one example that shows a reason why

it can be difficult. It is not concrete if light bulb should be two words, light

and bulb, or one word possibly with a hyphen, light-bulb. Crystal (1987)

explains five different preexisting methods for determining if an item is a
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word. These methods include, but are not limited to, observing if there is a

pause when saying the item aloud, as well as deciding if it is possible to add

another word in the item. In our work, we will be using the terms lemma,

type, and token when discussing words or the meaning of the term word

will be indicated by the context. A lemma represents a set of related word

forms. For example, play is the lemma of play, playing, played, and plays.

A type is any occurrence of the same word form. For example, the usages of

cat in the cat jumped and a cat ran are of the same type. A token is more

specific and is any instance of a word form, i.e., the token cat occurs twice

in the previous exmaple.

1.1 Research Questions

The following questions have guided this research and are the questions we

answer in our work.

1. Do unsupervised usage similarity models based on embeddings outper-

form the state-of-the-art approaches to usage similarity? The state-of-the-

art was achieved by Gella et al. (2013) and Lui et al. (2012) on text from

Twitter and more conventional text, respectively, using topic modelling in

an unsupervised manner (Blei et al., 2003). We will develop unsupervised

methods based on embeddings and compare these unsupervised methods to

the same datasets that were tested on in Gella et al. (2013) and Lui et al.

(2012).

2. Can a supervised model improve our results? Supervised models train

on a labeled dataset and therefore often outperform unsupervised models,
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which do not. We would like to see if we can achieve better results by adding

supervision to our model.

3. Does our unsupervised model also perform well on word sense induction

tasks? Word sense induction is a clustering task, where instances of a word

are clustered based on the sense that they exhibit. Similar to usage similar-

ity, a representation of the word in context is needed. We would like to see

if the unsupervised model that we apply to usage similarity is also able to

perform well in two different word sense induction tasks.

1.2 Layout

We will look at the work that is related to usage similarity and approaches

applied to it in Chapter 2, including different types of embeddings, and

the tasks of word sense induction and word sense disambiguation. We then

discuss the different ways that we will represent a usage of a word (dia-

mond in Figure 1.1) as a vector (rectangle in Figure 1.1), along with using

this representation in both our unsupervised and supervised usage similar-

ity models (top two ovals in Figure 1.1) in Chapter 3. The description of

the setup for the usage similarity experiments is given in detail in Chapter

4, including the two different datasets—one containing text from Twitter

and the other containing more conventional text—and the evaluation met-

ric used. Our experimental results are then presented in Chapter 5. First

we consider evaluations on parameter tuning for some embedding models,

and then we look at detailed evaluations including the results pertaining to

different parts-of-speech, as well as using different features for our super-
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Figure 1.1: A flow chart illustrating how usage instances are represented by
vectors, and then used in our experiments on unsupervised and supervised
usage similarity as well as word sense induction.

vised setups. We then take our unsupervised model and apply it to word

sense induction tasks (bottom oval in Figure 1.1) in Chapter 6 and compare

our results with those that have previously approached these tasks. We fin-

ish with a discussion leading into possible future directions to build on our

work, and a conclusion of our findings, in Chapter 7.

1.3 Contributions

In this work, we present an embedding-based model that achieves state-of-

the-art results on two different usage similarity tasks—one containing text

from Twitter and one containing more conventional text. We show that we

can improve our model even further by applying supervised learning. We

provide a detailed analysis of different features for our supervised model

to show which features work best under different setups. Also, our un-

supervised model’s representations of words is general enough that it can

be applied to word sense induction, where we found that our unsupervised

model achieved the highest value on one evaluation metric, and performed

competitively on other evaluation metrics.
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Chapter 2

Related Work

In this section we look at previously done work on generating embeddings,

and approaches to word sense induction, word sense disambiguation, and

usage similarity.

2.1 Embeddings

Traditional co-occurrence-based distributional models store the co-occurrence

statistics of each word in large sparse vectors that contain n dimensions,

where n is the size of the vocabulary. These vectors are often mainly popu-

lated with zeros, which can give incorrect similarity measures. For example,

if two words that are known to be similar, such as cat and feline, do not

co-occur with many of the same words, they will not be as similar as cat

and dog which might co-occur with many of the same words, as seen in the

following artificial example where Vi represents the vector representation for

the words in sentence Si. (This example is only for this toy corpus of three
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sentences to make the problems of this model easily visible, where normally

the model would use frequency counts from a larger corpus and observe the

context words of multiple instances of each target word.)

S1 = the cat ate the small mouse

S2 = the dog ate the large mouse

S3 = usually a feline is covered in fur

Constructing vectors where the indexes pertain to co-occurrences of the

words [the, ate, small, mouse, large, usually, a, is, covered, in, fur ], we get

the following:

V1 = [1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 0]

V2 = [1, 1, 0, 1, 1, 0, 0, 0, 0, 0, 0]

V3 = [0, 0, 0, 0, 0, 1, 1, 1, 1, 1, 1]

V1 would be rated much more similar to V2 than the expected V3, which

is shown by the cosine similarity, comparing cos(V1, V2) = 0.75 against

cos(V1, V3) = 0, where the cosine similarity of vectors A and B is defined as

cos(A,B) =
∑n

i=1 AiBi√∑n
j=1 A

2
j

√∑n
k=1 B

2
k

, where n is the length of the vectors.

Embeddings are dense vector representations that overcome this issue of

sparsity. Some of the most recent embeddings are produced from artificial

neural networks and achieve state-of-the-art or competitive results over a

variety of NLP tasks including sentence completion (Melamud et al., 2016),

semantic relatedness and paraphrase detection (Kiros et al., 2015). These
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embeddings can be constructed to represent a word (Mikolov et al., 2013;

Pennington et al., 2014; Neelakantan et al., 2015), context (Melamud et al.,

2016), sentence (Kiros et al., 2015), or document (Le and Mikolov, 2014).

The training models can project a large dimensional vector down to a vector

of far fewer dimensions with the idea of preserving the important informa-

tion.

2.1.1 Word Embeddings

Starting at the word type level, Mikolov et al. (2013) implemented Word2vec,

which consists of two variations of a neural network that embed a single word

(Figure 2.1). The first model is called Skip-gram. It takes a target word

w(t) in the form of a one-hot vector—a vector that contains all 0’s except

for a 1 at the index mapped to the given word—as an input and an artificial

neural network tries to predict a fixed window of width ± i of context words

(w(t − i), w(t − i + 1), ..., w(t − 1), w(t + 1), ...w(t + i)) surrounding that

target word. The projection layer is a matrix of weights where the input

target word is mapped to a lower dimensionality. The next layer, which

is not seen in Figure 2.1, is the hidden layer where the distribution over

all vocabulary words is learned and stored as another weight matrix. The

weights in this matrix are updated in training similar to the weights of a

hidden layer in a regular feed forward artificial neural network. For example,

given the training sentence see the cat in the tree, for the target word cat,

and a window size of ±1, then the network would attempt to predict the

one-hot vector representations of the at w(t− 1) and in at w(t+ 1). If the

artificial neural network predicts any of these incorrectly, then the weights
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involved with the incorrect prediction are updated in the hidden layer’s

weight matrix. The other Word2vec model is called Continuous Bag of

Words (CBOW) and is similar to Skip-gram but instead, the input is the

context words (w(t − i), w(t − i + 1), ..., w(t − 1), w(t + 1), ...w(t + i)) and

the network tries to predict the target word w(t).

Mikolov et al. (2013) developed a word analogy dataset where both semantic

and syntactic questions are asked in the form of a is to b as c is to .

Semantic questions capture the relationship in terms of meaning between

sets of words such as Paris is to France as Ottawa is to . There are nine

syntactic relationships that are captured in the syntactic questions, such as

pluralization—as in mouse is to mice as dollar is to —and past tense—as

in swim is to swam as walk is to . Word2vec had the state-of-the-art results

for joint accuracy over both the semantic and syntactic datasets. Word2vec

also had the state-of-the-art results on the Microsoft sentence completion

challenge (Zweig and Burges, 2012) until Melamud et al. (2016) applied

their Context2vec model discussed in Section 2.1.2 to the same dataset. In

sentence completion, participants are given a sentence with one word missing

and are required to select the correct word from a list of options. The

Microsoft sentence completion challenge dataset had five words to choose

from but only one word was logical with regards to semantics, although all

words would fit in terms of syntax.

Word2vec does not take into account the global information provided from

the document outside of the context window. Pennington et al. (2014) imple-

mented Global Vectors (GloVe), which gathers information from the entire

training corpus in the form of co-occurrences of words. GloVe recruits the

9



Figure 2.1: The CBOW and Skip-gram model (Mikolov et al., 2013). wt is
the target word at index t.

knowledge of the co-occurrences of words and their distance from the target

word. They train a weighted least square model on the co-occurrence matrix

to make similar words, according to their co-occurrence values, be similar.

Formally, they use the following novel least squares regression model:

J =

v∑
i,j=1

f(Xij)(w
T
i w̃j + bi + b̃j − logXij)

2

where Xij is the number of times that word i and j occur together. wi is

the vector for word i and w̃j is the vector for context word j, bi and b̃j are

10



biases. f(Xij) is a weighting function and is defined below.

f(x) =


x

xmax
, if x < xmax

1, otherwise

They use global matrix factorization on their word-word co-occurrences ma-

trix to reduce the dimensionality of the vectors with the intent to maintain

useful information. Pennington et al. (2014) achieved state-of-art results on

the dataset for word analogy (Mikolov et al., 2013), five different datasets for

word similarity (Finkelstein et al., 2001; Miller and Charles, 1991; Ruben-

stein and Goodenough, 1965; Huang et al., 2012; Luong et al., 2013) and

two of three datasets, for named entity recognition (Tjong Kim Sang and

De Meulder, 2003). Word similarity is the task of evaluating how simi-

lar two words are in context (Miller and Charles, 1991) and out of context

(Finkelstein et al., 2001). Named entity recognition is the task of identifying

named entities, such as the name of a town or a restaurant, as one of a set

of predefined categories such as place or restaurant.

Both Word2vec and GloVe learn only one embedding for each word, and

therefore treat every instance of the same word as the same sense. For ex-

ample, the word run in the sentences run the program and run across town

will have the same word embedding in both cases. Neelakantan et al. (2015)

overcome this issue by allowing multiple embeddings to be learned for each

word. They implemented Multi Sense Skip-gram (MSSG), a word embed-

ding model that also performs word sense disambiguation during training.

The model is similar to Skip-gram in terms of predicting the context words,
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but before that stage is reached, the sense of the target word is first selected.

MSSG takes the context words’ vectors (where each context word now has

multiple vectors representing it) and averages them to form a context vector.

If the target word has never been seen, then a new sense cluster and sense

vector is created; otherwise the similarity between the context vector and

each sense cluster of the target word is calculated. The sense of the target

word is then chosen by finding the most similar context cluster centroid only

if the similarity is greater than some predefined threshold. If the similarity is

less than the predefined threshold α, a new sense cluster and sense vector is

formed. This allows the model to create the number of senses for each word

that it deems are present, and not use a fixed number of senses, although

the number of senses can vary depending on the selected similarity threshold

α. There is also a variant of this embedding model where the embedding

model is given a predetermined number of senses to learn. The centroid of

a context cluster is the average of all context vectors that belong to that

cluster. Each context cluster is assigned to a sense vector This sense vector

is then used to try to predict all the context words of the given target word.

2.1.2 Context and Sentence Embeddings

Word embedding models cannot embed a given instance of a word based

on its sequential context. Therefore these models—MSSG, Word2vec, and

GloVe—do not preserve the order of the context words. In this section we

consider models that take into account sequential context information to

embed word contexts and sentences. Melamud et al. (2016) proposed and

implemented Context2vec which overcomes this issue of preserving the order
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of context words and embeds the context of a target word at run time and

places both word types and contexts in the same vector space (Figure 2.2).

Looking at Figure 2.3, it embeds the context [John, a, paper ] by feeding

in one word at a time into a bidirectional long short term memory neural

network (LSTM), (blue and green ovals). Similar to CBOW, the target

word is trying to be predicted from its given context. This bidirectional

LSTM is split into two parts, where the forward LSTM (blue ovals) is used

to embed the tokens that occur before the target word submitted in the

example sentence. The reverse part is similar but the tokens after the target

word are fed in reverse order starting at the end of the given sentence [paper,

a]. The model is trained by feeding in the context to each LSTM part and

concatenating the parts as shown in the blue and green combined rectangle.

Once the concatenation of the two LSTM parts is formed, the concatenation

is fed to a multi layer perceptron (MLP) which generates the embedding

for the given context (purple rectangle). The model then uses the context

embedding to try to predict the target word’s embedding (orange rectangle),

and updates the weights of the model if needed.

Melamud et al. (2016) achieve state-of-art results over the previous Mikolov

et al. (2013) model on the Microsoft sentence completion challenge. With re-

gards to lexical substitution, the task of choosing an appropriate replacement

word in context, they achieved state-of-art results on the LST-07 dataset

(McCarthy and Navigli, 2007a) and nearly state-of-the-art results on the

LST-14 dataset from Kremer et al. (2014). The final task that they eval-

uated on was supervised word sense disambiguation on the dataset used

in Mihalcea et al. (2004), where they achieved comparable results to the

13



Figure 2.2: A simplified 2D vector space of Context2vec context embeddings
and word type embeddings (Melamud et al., 2016).

state-of-the-art.

Instead of limiting the model to only embedding the context of a word like

Context2vec, Kiros et al. (2015) proposed and implemented Skip-thoughts,

which embeds a full sentence at runtime. This is trained similarly to Skip-

gram, but instead of being given a target word and trying to predict the

context words, Skip-thoughts is given a target sentence and tries to predict

both the sentence that occurs directly before, and the sentence directly

after, the target sentence. The model embeds the target sentence by using

an encoder-decoder model. The model consists of three neural networks, all

of which are recurrent neural networks similar to the type of neural network

implemented in Context2vec (Melamud et al., 2016). In the Skip-thoughts

model, one network is used for the encoder and one network is used per each
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Figure 2.3: Context2vec model (Melamud et al., 2016).

decoder. The encoder neural network is given a sentence si as the input,

which embeds it into a vector representation. This vector representation is

then given to each decoder as input, where one decoder will use the encoding

to attempt to build the previous sentence si−1 and the other decoder will

attempt to build the next sentence si+1. The sentence si is given to an

encoder one word at a time updating the hidden state. Both the encoder

and decoders are trained together.

Kiros et al. (2015) evaluate Skip-thoughts on three tasks—semantic relat-

edness, paraphrase detection, and image-sentence ranking. Semantic re-

latedness involves comparing how similar two sentences are to each other,

paraphrase detection is determining if two sentences are paraphrases, and
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image sentence ranking is matching images with their proper description.

Kiros et al. (2015) achieved comparable results to the state-of-art results, at

the time they evaluated, on the SICK dataset from the SemEval 2014 Task

1: semantic relatedness (Marelli et al., 2014), the Microsoft Paraphrase De-

tection Corpus (Dolan et al., 2004), and the Microsoft COCO dataset (Lin

et al., 2014) for image-sentence ranking.

2.2 Word Sense Disambiguation

Word sense disambiguation (WSD) is an early-defined task of assigning the

correct pre-defined sense—a dictionary-like definition representing the mean-

ing of a word in context—from a sense inventory such as WordNet (Kilgarriff

and Fellbaum, 2000) to a target lemma’s instance. For example, according

to Wordnet, the lemma play in We played hockey all afternoon should be

assigned the WordNet sense participate in games or sport rather than the

play on an instrument sense. WSD research dates back to the 1940’s for

machine translation (Navigli, 2009). There are two versions of WSD; the

first is known as lexical sample, where a single target lemma is assigned a

sense, and the other is all-words, where all open class words (nouns, verbs,

adverbs, and adjectives) require their senses to be assigned.

There have been a variety of methods applied to WSD. Some methods in-

clude the use of a lexical resource. WordNet is a lexical resource in the form

of a graph that connects groups of synonyms, called synsets, based on lexi-

cal semantic relations. WordNet is widely used in predicting word similarity

and relatedness, identifying if a word is somehow related to another, such as

16



a branch is part of a tree (Pedersen et al., 2004). WordNet also provides a

dictionary-style definition used to explain a given word, commonly known as

a gloss. The Lesk algorithm (Lesk, 1986) is an unsupervised WSD method

that assigns the sense with the most overlapping words between its gloss

and the context words of the target lemma as the sense of the target lemma.

There are some models that use text on web pages and recruit the use of

dependency parsing (Chen et al., 2009). Chen et al. (2009) used text from

web pages to find instances of words that are to be disambiguated to gather

statistics based on the number of dependencies for each context word and

they partially weigh the importance of context words based on their level in

a dependency tree when assigning a sense. Some models use machine learn-

ing for WSD such as Lapata and Brew (2004), which uses a naive Bayes

classifier with features that looked at the collocations and co-occurrences of

words in a variety of locations including immediately to the left and right of

the target word, all words in the sentence of the target word, and words in

the sentence preceding the sentence with the target word. Given a feature

set, this supervised method—meaning it requires labeled data for training—

trains a naive Bayes classifier to generate the probability that a single sense

applies for each sense, and selects the sense that maximizes this probability.

In contrast, the unsupervised Lesk algorithm simply selects the sense that

contains the most words that also exist in the context of the target word

and does not require labeled training data.

Word senses try to describe how a word can be used in context. Corpus

pattern analysis (CPA), which uses evidence of corpus patterns from text to

show how a specific lemma can be used in text (Hanks, 2004), also strives to
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evaluate how a word can be used in context. Corpus patterns are templates

that display how words can and have been used with a range of semantic

types. For example, the word eat could have the corpus pattern [animal]

eat [food], where [animal] and [food] are semantic types and could be any

lemma that belongs to the animal semantic type and food semantic type

respectively. Continuing with this example, the cat ate the fish would ex-

hibit that corpus pattern. CPA parsing is similar to WSD, but rather than

assigning the correct sense to a target word in context from a predefined

sense inventory, the goal is to identify the subject and object of the target

verb and then assign the correct semantic type from a predefined seman-

tic type inventory (Baisa et al., 2015). CPA parsing has been approached

with models that extract features, such as syntactic dependencies, from a

training dataset and trained a supervised model using these features (Baisa

et al., 2015) similarly to the extraction of features from a training dataset

and applying supervised learning used in WSD. CPA clustering is the task

of clustering instances based on their exhibited corpus pattern (Baisa et al.,

2015).

2.3 Word Sense Induction

WSD utilizes sense inventories, and one way to generate simple sense in-

ventories, although less informative than WordNet, is through word sense

induction. Word sense induction (WSI) is a clustering task, where instances

of lemmas are clustered based on the sense that they exhibit in their given

context. For example, for the lemma bank, fishing at the river bank and I
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caught a fish from the bank should be clustered together, while I deposited

money at the bank should belong to an entirely new cluster.

Navigli and Vannella (2013) discuss task 11 from SemEval 2013,1 which is

a WSI task in which each instance of a lemma belongs to only one sense

cluster. Many times however, instances can take on more than one sense

(Jurgens and Klapaftis, 2013). Jurgens and Klapaftis (2013) presents re-

sults from task 13 of SemEval 2013 where participants are asked to cluster

instances of lemmas based on their sense but in this case, a single instance

can exist in multiple clusters at once and cluster membership is graded as

opposed to being discrete. An example is shown below, which contains an

instance from the SemEval 2013 task 13 dataset as well as the annotated

WordNet senses for the target lemma wait and their applicability rating on

a scale from 0–4, where 4 means it is the exact meaning of the target word

and 0 means the sense does not apply.

And is now the time to say I can hardly wait for your impending new novel

about the Alamo?

sense 1: stay in one place and anticipate or expect something (applica-

bility 4)

sense 2: look forward to the probable occurrence of (applicability 2)

Embedding-based approaches have been applied to WSI that include rep-

1SemEval is an organization that releases a variety of NLP tasks, called shared tasks,
that research groups can participate on and then be compared to other groups’ models.
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resenting the context of a word by averaging Skip-gram-style embeddings

with the average not being weighted (Song et al., 2016) and being weighted

(K̊agebäck et al., 2015). K̊agebäck et al. (2015) weighted their average by

having context words’ influence be determined by the distance from the tar-

get word and the level of semantic similarity they have with the target word,

and clustered using k-means. Song et al. (2016) generate sense clusters in

training by trying to predict a context vector given a sense vector. When

given instances to cluster, they build context vectors—through averaging

embeddings of the context words—and assign the sense cluster with the

nearest centroid.

2.4 Usage Similarity

Instances of a lemma in context often exhibit multiple senses with a varying

degree of applicability (Jurgens and Klapaftis, 2013), and therefore senses

can not be treated as discrete entities. Erk et al. (2009) showed that simply

using coarser sense inventories will not aid in the cases where there are

multiple senses that are applicable. Kilgarriff (1997) even raised doubts as

to the existence of word senses entirely, claiming that they are created by

humans and not naturally occurring. WSD attempts to use sense inventories

to establish the meaning of words. This reliance on sense inventories puts the

WSD model at the mercy of the quality of the sense inventory, which is not

easily generated. This means that sense inventories can be quickly outdated,

especially in the area of social media where novel, out-of-vocabulary, words

are a common occurrence (Baldwin et al., 2013). An example of the sense of
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a word changing is present in the case of the word cell. It had the common

sense of being a room in a prison or dungeon, but now has the common

sense of being a cellular phone. Usage similarity (USim) overcomes this

issue by measuring the similarity between two usages of the same lemma

on a scale from 1 to 5, where 1 is not similar at all and 5 is perfectly

similar. For example, the usage of the lemma bank in I deposited money at

the bank is much more similar to I have a meeting with my financial advisor

at the bank than I’m fishing off the bank. In contrast to USim, traditional

methods for WSI and WSD treat word senses as discrete entities with no

overlap among sense clusters except for the discussed version of Jurgens and

Klapaftis (2013).

USim allows word senses to be treated as fluid where degrees of applicability

from different senses can exist in a single instance of a lemma without the

use of sense inventories. Erk et al. (2009) conducted an experiment that

compared word sense similarity to usage similarity. Word sense similarity is

the task of rating the applicability of senses for a target word. For example,

the target lemma strong in the phrase The coffee is strong could exhibit the

WordNet sense having strength or power greater than average or expected, as

well as the WordNet sense having a strong physiological or chemical effect,

each to a different degree. This experiment was performed with humans per-

forming each task through an online interface. It was concluded that word

sense similarity and usage similarity have a strong correlation with each

other (Erk et al., 2009). This means that we can determine the similarity of

word senses through obtaining the similarity of usages and therefore deter-

mine the meaning of a word in context without needing a sense inventory.
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Topic modelling has been applied to the two USim datasets that we evaluate

our models on. Topic modelling takes into account the statistics of words for

entire documents (Blei et al., 2003). It uses statistics of words to generate

the distribution of words within a topic as well as the distribution of topics

within a document for each document in a corpus. A common form of topic

modelling is the latent Dirichlet allocation (LDA, Blei et al., 2003). A topic

is a probability distribution over words. For example, a topic containing 0.4

peach, 0.1 hamburger and 0.5 dinner could be representing a topic similar

to food. The model assumes that a single document is created by choosing a

distribution of topics and then a distribution of words within those topics.

Topic modelling has been used in information retrieval (Wei and Croft, 2006)

and usage similarity (Lui et al., 2012) and (Gella et al., 2013).

Lui et al. (2012) applied topic modelling to USim as the first attempt for

this task. Given a pair of usages, they used Latent Dirichlet Allocation

(Blei et al., 2003) to map each word in the context of the target word in

each usage to a latent topic, which allows them to represent each usage as

a distribution over topics. They compared training a model for all target

lemmas and training a different model for each target lemma and found that

their general model outperformed their model that was trained for a specific

lemma. They tried three different training corpora for their topic model

including the sentences from the testing dataset, 340 pages from English

Internet Corpus which included the sentences in the testing dataset, and

the full English Internet Corpus. Topic modelling uses a parameter that

controls the number of topics that are used. The best results were achieved

using 340 pages from English Internet Corpus and 8 topics. They used both
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cosine similarity and Jensen-Shannon divergence to measure the similarity

between the vector representations of the given usages, which were formed

using topic modelling, and discovered that using cosine similarity produced

better results.

Similarly, Gella et al. (2013) applied Latent Dirichlet Allocation to the USim

task on their novel dataset, which was constructed from actual tweets that

will be discussed later in Section 4.1. They experimented with a range of

number of topics, from 2 to 500. They also recruited the use of three different

training corpora: Orig, which contains 1 million tweets which contain one

of the target words; Orig with 40k random tweets that contain a target

lemma; and Orig with an additional 40k tweets that contain hashtags that

were present in Orig within a frequency threshold, which achieved the best

results. They too applied cosine similarity to the vector representations of

the given sentences. Both Blei et al. (2003) and Gella et al. (2013) use

unsupervised methods for predicting USim.

2.5 Summary

In this chapter, we looked at different embedding models and their method

for generating embeddings. The models that we looked at include Word2vec,

GloVe, MSSG, Skip-thoughts, and Context2vec. Previously implemented

work shows that embedding-based models outperform traditional count-

based models, leading to our decision to use embedding-based models for

our tasks. We explained the tasks that we will be working with, which are

usage similarity and word sense induction. We described word sense disam-
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biguation, a precursor to usage similarity, and explained that the advantage

of usage similarity over word sense disambiguation is that it does not require

a predefined sense inventory.
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Chapter 3

USim Models

Our methods that were applied to USim measure the similarity between two

given usages of the same lemma. Each usage is represented in the form of

a dense vector that is generated through the use of embeddings from either

individual words, the full given sentence, or the context, in which the usage

occurs. These embeddings are generated through training an embedding

model on a corpus of text to capture semantic information in a dense vector

representation.

3.1 Usage Representations

In the following subsections we present how each model is used to generate

a vector representation of a given usage. We explore the use of Word2vec,

GloVe, Skip-thoughts, Context2vec, and MSSG.
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3.1.1 Word2vec

The first model that we recruited and applied is Word2vec. Using Word2vec

embeddings, we sum up the embeddings for all context words in the given

sentence except for frequent words known as stop words based on a prede-

fined stop word list.1 Averaging Word2vec embeddings is a common baseline

for tasks where generating a vector representation of a sentence is required

(Jabri et al., 2016). Stop words are frequent words in a language that often

give little semantic information because of their frequent appearance and

often with semantically different tokens. For example, the stop words the

and a both co-occur with cat, house, planet, and flower so by looking at

the words the or a, we can not accurately predict the word that will fol-

low them. Stop words are typically function words such as prepositions,

pronouns, articles, and conjunctions. The contrast to function words are

lexical words—nouns, verbs, adjectives, and adverbs—which are the basic

building blocks of a language and serve the primary role of conveying mean-

ing. The vector sum of the context words is then normalized, which is our

final vector representation of a single usage.

3.1.2 GloVe

GloVe embeddings capture global semantic information in training by ob-

serving co-occurrences. This global information of co-occurrences might help

capture the usage of a target lemma since the GloVe embedding model maps

words with similar co-occurrences near each other in its embedding space.

1http://www.lextek.com/manuals/onix/stopwords1.html
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Summing up the embeddings for words in the context of the target, exclud-

ing stop words, and normalizing the vectors gives a representation of the

usage of the target lemma. Therefore, the GloVe embedding model is used

in the same manner as the Word2vec embedding model, because it provides

individual word embeddings like the Word2vec embedding model.

3.1.3 MSSG

We now discuss the MSSG embedding model, which is similar to the Skip-

gram version of Word2vec, but contains multiple sense vectors for a single

lemma. Using multiple vectors per word provides the ability to select dif-

ferent senses of a word to capture a word’s meaning in context. We again

sum up the global embeddings of each context word. We then calculate the

similarity between this context summation and all sense clusters’ centroids

of the target word. Each of these sense clusters is a cluster of different

senses of a given word, all of which are represented as a vectors. We use the

target word and not the target lemma because the model generates sense

clusters for each word such as playing and play, which have different sense

clusters. The sense vector associated with the nearest target lemma’s sense

cluster’s centroid is then used as the representation for this usage of the

target lemma.

3.1.4 Skip-thoughts

The use of the Skip-thoughts embedding model moves away from the idea

of summing up the individual word embeddings, but rather embeds the

entire sentence by passing the sentence containing the target lemma into the
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already trained neural network, known as the encoder, to generate a vector

representation of the sentence. The idea behind the use of an embedding

of a sentence is that through embedding the sentence we also embed the

context that is within the sentence and therefore embed the usage of the

target word. Previously, the Skip-thoughts embedding model was used in a

similar way for an idiom classification task (Salton et al., 2016).

3.1.5 Context2vec

The use of the Context2vec embedding model follows the style of the Skip-

thoughts model in terms of embedding the given sentence using an already

trained neural network. The difference, besides the design of the neural net-

work, is that the Context2vec embedding model embeds the context words

of the target lemma only and does not embed the entire sentence. The em-

bedding of the context words is motivated by the idea that a word’s meaning

is indicated in its context. The Context2vec embedding model maps similar

words and contexts near each other in the same embedding space and it is

the embedding of the target word usage’s context that we use in our model.

3.2 Unsupervised Model

To determine the similarity in the unsupervised setup, where we do not see

any instances of the dataset before testing, cosine similarity is calculated

between the two vector representations that are generated for the two sen-

tences containing a target lemma, for each instance in the dataset. Lui

et al. (2012) and Gella et al. (2013) also calculated cosine similarity on their
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vector representations of usages to predict usage similarity. This results in

a similarity score in the range from 0–1, where 0 indicates the vectors are

orthogonal and therefore have nothing in common in terms of the meaning

of the sentences they represent. A cosine similarity of 1 indicates the same

vector, meaning the same sentence or usage. This scale is then translated

to a range from 1–5 to match the range of the labels in the gold standard

datasets (described in Section 4.1).

3.3 Supervised Model

Given the ability to train a supervised model, where we observe a portion of

the dataset, we evaluate if it is worth acquiring labeled data to assist with

the USim task. Given each selected pair pi of usages, u1i and u2i, where

i is the identification of one selected pair and u1i and u2i are the vector

representations of the usages in pi obtained from one of the embedding

models described above, we create a feature vector ci for each given pair

of usages pi by concatenating the component-wise multiplication and the

absolute difference of u1i and u2i which were the features used in Kiros et al.

(2015) for semantic relatedness. This then becomes a regression problem to

map the generated feature set ci to a similarity rating. Ridge regression

is quick to train and has been previously applied to a sentence similarity

task (King et al., 2016), which is a similar task to USim. Ridge regression

could be easily replaced with a stronger regression algorithm such as support

vector regression for future work. The first setup discussed, which we will

call the supervised All setup, uses 10 fold cross-validation for training and
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testing of the ridge regressor. In 10 fold cross-validation, we evenly and

randomly divide the dataset into 10 folds (sets of instances), then we train

our regressor on 9 of the 10 folds and then make our predictions on the

remaining fold. We perform this evaluation 10 times so that each fold is the

testing fold exactly once, resulting in a list of predicted similarities for each

instance from the dataset.

We also evaluate our supervised method’s ability to perform on unseen target

lemmas, where we follow the same method as the supervised All setup up to

the point of splitting up the data for the 10 fold cross-validation. Instead,

we split our dataset based on the target lemma so that we train our ridge

regressor on all instances that do not involve a selected target lemma and

then test on the instances that do contain the selected target lemma. We

perform this training and testing until each lemma is selected as the test

target lemma once. Formally, suppose that we have four different target

lemmas. We divide our dataset into four sets {a, b, c, d} so that all target

lemmas within one set are the same. We then train our ridge regressor on

three of the four sets such as {b, c, d} and test on a. We then train another

ridge regressor on {a, c, d} and test on b. We will continue this process until

all sets in {a, b, c, d} have been the testing set exactly once.

We evaluated our supervised methods further by using only one feature set at

a time to determine the quality of information that each feature set contains

when being applied to USim. This means that we train and test the ridge

regressor exclusively on the component-wise multiplication features or the

absolute difference features. This setup only provides half as many features

for the regressor.
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3.4 Summary

In this chapter we described how we used each embedding model including

Word2vec, GloVe, MSSG, Skip-thoughts, and Context2vec to represent a

single usage of a word. We then explained how we used these usage rep-

resentations in both an unsupervised and supervised setup. The use of

absolute difference and product of two usage representations as our features

for the supervised setup are also explained in detail.
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Chapter 4

Materials and Methods

In this chapter we will discuss the datasets and training corpora used for

USim along with the methods used to predict USim, including a detailed

report of the training of Word2vec embeddings and how we apply each

embedding model to the two USim datasets. We also discuss the metric

used for evaluating our models.

4.1 Datasets

We evaluated our methods on two different datasets. The dataset from Erk

et al. (2009), Original, contains pairs of sentences with each pair sharing

the same target lemma. The sentences are from LEXSUB (McCarthy and

Navigli, 2007b), which is a dataset for lexical substitution evaluation. The

sentences were originally found in a corpus of English documents built from

the web (Sharoff, 2006). Original contains 1512 pairs of usages divided

over 34 target lemmas including nouns, verbs, adjectives, and adverbs. Each
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target lemma has 10 sentences and each pairwise combination of sentences

for a single target lemma is generated for the dataset, totaling 45 pairs of

usages per lemma. This originally gave 1530 usage pairs, but due to anno-

tators not being able to rate a select few instances, 18 were removed from

the dataset, finalizing the dataset with 1512 usage pairs. The distribution

of this dataset is 10 nouns, 9 verbs, 12 adjectives, and 3 adverbs.

The annotation process for Original was performed online by three anno-

tators, all of whom were native British English speakers. The annotators

were given two sentences with the same target word and were asked to rate

the similarity of the usage of the target word on a scale from 1–5. Specifically

the annotators were asked the following: “Your task is to rate, for each

pair of sentences, how similar in meaning the two boldfaced words are on a

five-point scale”(Erk et al., 2009). If the annotator could not rate the given

pair of sentences, they were provided with an option “Cannot Decide”. The

average Spearman’s rank correlation for pairs of annotators was 0.548 with

a significance value less than 2.2 ∗ 10−16, meaning that this task is difficult

even for humans.

The dataset from Gella et al. (2013), Twitter, contains 550 usage pairs

divided over 10 target lemmas, equally splitting 55 usage pairs per target

lemma. Each sentence in a usage pair is a real tweet from the TREC 2011

microblog dataset.1 All the target lemmas are nouns and each tweet is

randomly chosen given that it contains at least four words that have the

part of speech of either noun, verb, adjective, or adverb.

1http://trec.nist.gov/data/tweets/
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The annotations were performed using Amazon Mechanical Turk,2 a crowd

sourcing platform with outliers removed post hoc. They created Mechanical

Turk HITs (Human Intelligence Tasks), where each HIT contained 5 sen-

tence pairs. Each job was annotated by 10 annotators. There were 68 anno-

tators that took part, all of whom were based in United States of America

and have had at least 95% of their previous annotations accepted on Ama-

zon Mechanical Turk. The inter-annotator agreement for this dataset was

0.681, which again shows that this USim task is not simple.

4.2 Evaluation Metrics

The Spearman’s rank correlation, also called Spearman’s rho, was used to

evaluate our method, which measures the similarity of two lists on a scale of

-1 (perfectly negative correlation) to +1 (perfect correlation). 0 means there

is no correlation. This is the same metric used in both Erk et al. (2009) and

Gella et al. (2013) and therefore, we can compare our results directly with

theirs. Spearman’s rank correlation takes into account only the ranking in

each list, so in our case it is the ranking of the similarity scores present in

our predictions compared against the ranking of the similarity scores in the

gold standard. The Spearman’s rank correlation is calculated by

r =
cov(rgx, rgy)

σxσy
,

where rgx is the list of ranks of our predicted scores, rgy is the list of

ranks of the gold standard, and σx and σy are their respective standard

2https://www.mturk.com/mturk/welcome
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deviations. cov is the covariance. The Spearman’s rank correlation is also

associated with a measurement of the significance of the correlation known

as the p-value. It is important to note that under all setups, Spearman’s

rank correlation was calculated for lists containing scores for all instances

from a dataset. We perform this for our supervised setups by storing all our

similarity predictions in a list as we perform the 10 fold cross-validation for

the supervised All setup, and when we perform our testing on the supervised

Lemma setup where we separate the training and testing based on the target

lemma.

4.3 Embedding Details

Following Pennington et al. (2014), who trained GloVe on a dump of English

Wikipedia, an easily accessible source for building corpora that cover a wide

range of topics, we trained Word2vec embeddings on a dump of English

Wikipedia from September 1, 2015, wiki, which contains 2.6 billion tokens.3

Unlike Original, the Twitter dataset contains text from Twitter. Text

from Twitter is noisy, which adds an additional complexity to the dataset.

Noisy text from Twitter can contain incorrectly spelled words, novel words,

and novel senses. These issues appear much more frequently in Twitter than

in more-conventional text such as text from Wikipedia. Misspelled words,

intentional or unintentional, such as timeeeeee will not be in an embedding

model’s vocabulary and therefore will not be able to be used as a context

word when building a usage representation. Novel words can appear in text

3A dump of Wikipedia is a file that contains all text on Wikipedia at a particular
instance in time.
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after an embedding model is trained and therefore the embedding model

would not have had the chance to learn and embed the meaning of the new

word. This occurs often when new products are released such as the name

of video game consoles or cellular phones. Novel senses may have been cre-

ated for a word after the embeddings have been trained and therefore the

embedding model would not have been trained on the novel sense and would

not be able to represent its new meaning, but rather it would be represent-

ing the other senses of the word which could be entirely different. A recent

example is the new sense that the word lit takes on, meaning excellent or

exciting. This new sense of the word was uncommon around a decade ago.4

To help overcome these issues, we used models that were trained on a corpus

that contains text from Twitter, when possible. Word2vec embeddings were

therefore trained on tweets that were gathered from the Twitter API from

November 2014 to March 2015 containing 1.3 billion tokens, TwitterCor-

pus1.3.

We trained multiple Word2vec embedding models using the Skip-gram train-

ing model on wiki and TwitterCorpus1.3 with a variety of parameters.5

The parameters that we changed when training Word2vec embeddings in-

clude the dimension of the resulting embeddings and the training window,

which is the maximum distance from the target word that the model looks at

as the context. For example, if the training window was 2 for the target word

bank in the phrase I went to the bank to deposit money, then the context that

is used would be [to,the,to,deposit]. Smaller windows seem to capture more

4https://www.merriam-webster.com/words-at-play/lit-meaning-origin
5We trained CBOW embeddings as well, but preliminary experiments showed that

Skip-gram embeddings outperform CBOW embeddings on USim.
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syntactic information, while larger windows capture more semantic relations

(Levy and Goldberg, 2014). We trained Word2vec embeddings using window

sizes of either 2, 5, or 8 and generated embeddings with either 50, 100, or

300 dimensions. Before training on wiki, we tokenized the corpus using the

Stanford tokenizer.6 We used a tokenizer on TwitterCorpus1.3 that was

used in Hallsmar and Palm (2016) and is specifically designed to tokenize

text from Twitter before training on it. This tokenizer is a rule-based tok-

enizer that preserves hashtags, URLS, emojis , abbreviations, dates, emails,

dollar signs and percentages. We also ignore all words that occur in the

training corpus less than 15 times. There are 5 words randomly chosen for

negative sampling. Negative sampling is the process of randomly choosing

incorrect output words of the neural network to allow the weights to up-

date faster in learning the actual desired output and get further away from

learning the incorrect words. This method is used to speed up the training

procedure. The training method iterates over the corpus 5 times and had a

starting learning rate of 0.025.

We trained our own Word2vec embeddings, but used publicly available em-

beddings for all of the following embedding models: GloVe, Skip-thoughts,

and Context2vec. We used GloVe embeddings that were trained on a 6B

token dump of Wikipedia from 2014 with text from the fifth edition of Giga-

word, a corpus of newswire text (gloveWiki), and a 27B token corpus con-

sisting of actual tweets from Twitter (gloveTwitter). The gloveWiki

embeddings had a vocabulary of 400k lemmas and were composed of 300

dimensions, which are bigger than the gloveTwitter embeddings with

6http://nlp.stanford.edu/software/tokenizer.shtml#Obtaining
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200 dimension and a vocabulary of 1.2M lemmas. Both GloVe embeddings,

gloveWiki and gloveTwitter, contain a number of embeddings that are

within our range of dimensions for our trained Word2vec embeddings.

Our pre-trained MSSG embeddings were trained on the April 2010 Wikipedia

snapshot. After experimenting with MSSG embeddings with different di-

mensions and number of senses per word, we found that the embeddings

with 300 dimensions with 3 senses per word performed the best out of the

different MSSG embeddings and therefore used these embeddings for all

experiments involving the MSSG embedding model. The number of dimen-

sions for this set of MSSG embeddings is the same number of dimensions

in the Word2vec embeddings and the gloveWiki embeddings. This allows

for a direct comparison.

The number of dimensions is much larger with our pre-trained Skip-thoughts

embedding model. It generates embeddings consisting of 4800 dimensions.

The model has a vocabulary of approximately 931k lemmas and is trained on

the BookCorpus (Zhu et al., 2015) consisting of approximately 984M words

collected from approximately 11k books.

Our pre-trained Context2vec embedding model was trained on the ukWaC

and generates embeddings with 600 dimensions. ukWaC is a corpus contain-

ing approximately 2 billion tokens and is comprised of a collection of text

from a web crawler on .uk URLs (Ferraresi et al., 2008). We also train a

Word2vec Skip-gram model on the ukWaC with 600 dimensions for a direct

comparison to the pre-trained Context2vec embedding model.
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Chapter 5

Results

In this chapter we will show our results for our unsupervised setup and

both supervised setups. We then dig deeper into the results in these setups,

observing the performance on individual parts-of-speech as well as the effects

of the training parameters—training window and number of dimensions.

In the supervised setups, we also look at the results in feature ablation

experiments.

5.1 Unsupervised

We first look at the effects of applying Word2vec embeddings to the unsuper-

vised setup, using different values for the two training parameters, number of

dimensions and window size. The Word2vec embeddings applied to Origi-

nal were trained on a Wikipedia dump and the Word2vec embeddings that

were applied to Twitter were trained on text from Twitter. We observe

the performance of both the CBOW and Skip-gram embedding models in
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D W
Original Twitter

Skip-gram CBOW Skip-gram CBOW

50 2 0.251 0.172 0.246 0.135
50 5 0.262 0.198 0.272 0.144
50 8 0.286 0.197 0.282 0.140

100 2 0.267 0.186 0.248 0.149
100 5 0.273 0.213 0.253 0.230
100 8 0.273 0.214 0.298 0.148

300 2 0.275 0.200 0.266 0.173
300 5 0.279 0.221 0.295 0.212
300 8 0.281 0.225 0.300 0.154

Table 5.1: Spearman’s ρ on each dataset using the unsupervised approach
with the Word2vec embeddings trained using the Skip-gram and CBOW em-
bedding model under several settings for the number of dimensions (D) and
± window size (W ) on their respective corpus. The best ρ for each embed-
ding model on each dataset is shown in boldface. All values are significant
with a p-value < 0.05.

Table 5.1. We immediately see that the Skip-gram embedding model out-

performs the CBOW embedding model—meaning for every combination of

parameter setting, on each dataset, the Skipgram embedding model outper-

formed the CBOW embedding model. For this reason, from here on, the

Word2vec embeddings used on the different setups will have been generated

using the Skip-gram embedding model.

Table 5.1 displays the Spearman’s ρ for the different training parameters for

the CBOW and Skip-gram embedding models used on both Original and

Twitter. Looking only at Skip-gram, for both Original and Twitter,

given the same number of dimensions, the embedding model always performs

better by increasing the training window size. For example, an embedding

trained on a window size of ±8 with 300 dimensions outperforms an em-
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bedding trained on a window size of ±5 and with 300 dimensions. Also,

given the same training window size, the embedding model performs better

when increasing the number of dimensions except for one case for Original

where the training window size is 8 and the number of dimensions is 50.

The Skip-gram embedding with 50 dimensions and a training window of

8 achieves the best performance, out of the different Word2vec embedding

models, of 0.286 on Original. The best performance of 0.300 on Twitter

was achieved by a Skip-gram embedding model that had a training window

of 8 and 300 dimensions. Both of these results have a higher correlation

than the previous state-of-the-art on Original and Twitter, which was

0.202 and 0.29 respectively (Lui et al., 2012; Gella et al., 2013). We beat

the previous state-of-the-art on Original with the Skip-gram embedding

model using any of the training parameters tested. For Twitter, we beat

the previous state-of-the-art with three different combinations of the pa-

rameter values for the Skip-gram model. These results show that choosing

any reasonable parameters for the Skip-gram embedding model, such as a

training window of ±8 and 300 dimensions, will result in a relatively strong

performance. Both models that previously held the state-of-the-art values

were also unsupervised models (Lui et al., 2012; Gella et al., 2013).

There were four different sets of pre-trained MSSG embeddings that we ex-

perimented with in order to decide which MSSG embeddings will achieve

the highest performance on our later evaluations. We evaluate the differ-

ent MSSG embeddings on Original because the MSSG embedding models

were trained on a snapshot of Wikipedia which contains text that is more

similar to the text found in Original and we expect the embedding models
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Model Unsupervised Sup (All) Sup (Lemma)
50D-3S 0.123 0.349 0.176
300D-3S 0.203 0.454 0.205
50D-10S 0.150 0.358 0.120
300D-10S 0.200 0.428 0.093

Table 5.2: Applying MSSG to the Original dataset under all three setups.
D = number of dimensions. S = number of sense clusters generated for each
word. All correlations are significant with a p-value < 0.05.

Dataset Embeddings Spearman’s ρ

Original

Word2vec 0.281
GloVe 0.218

Skip-thoughts 0.177
Context2vec 0.302

MSSG 0.203

Twitter

Word2vec 0.300
GloVe 0.122

Skip-thoughts 0.095
Context2vec 0.122

MSSG 0.271

Table 5.3: Spearman’s ρ on each dataset using the unsupervised method for
each embedding approach. The best ρ for each dataset is shown in boldface.
All correlations are significant (p-value< 0.05).

to perform better on Original than Twitter. Table 5.2 displays the per-

formance of the different sets of embeddings. Two embedding dimensions,

50 and 300, and two different numbers of senses, 3 and 10, were used as

the training parameters for the MSSG models. The number of senses is the

number of sense clusters that are generated for each word. The embeddings

with 300 dimensions and 3 sense clusters per word clearly outperformed the

other sets of embeddings under all three setups. We will use this set of em-

beddings, 300D-3S, from here on when referring to embeddings generated

from MSSG.
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Having determined the best parameter settings for both Word2vec and

MSSG, we will now move on to comparing our models under the unsu-

pervised setup. The Word2vec embeddings that were applied to Original

were trained on a Wikipedia dump and the Word2vec embeddings that were

applied to Twitter were trained on text from Twitter. The Word2vec

embeddings were trained on a window size of 8 and with 300 dimensions

based on the findings in Table 5.1. The pre-trained GloVe embeddings that

were applied to Original and Twitter were trained on either a dump of

Wikipedia or on text from Twitter respectively. The other embeddings were

only trained on one corpus regardless of which dataset they were applied

to. Skip-thoughts was trained on BookCorpus and Context2vec was trained

on ukWaC. First looking at the unsupervised setups applied to Original—

shown in Table 5.3—Word2vec, GloVe, Context2vec and MSSG beat the

previous state-of-the-art of 0.202. Skip-thoughts was the only embedding

that does not beat the previous state-of-the-art. This might be showing that

embedding the full sentence does not provide a meaningful representation

of a specific word in context. Context2vec achieved the new state-of-the-art

with a correlation of 0.302.

In the unsupervised setup for Twitter, the Word2vec embeddings were

the only embeddings that beat the previous state-of-the-art of 0.29 with

the new state-of-the-art value of 0.300. Context2vec’s and Skip-thought’s

poor performance could be credited to their training corpus, which was not a

corpus of text from Twitter. GloVe, however, was trained on a corpus of text

from Twitter and still performed poorly. All results for the unsupervised

setup, for both datasets, were deemed significant, p-value< 0.05.
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Dataset Embeddings Spearman’s ρ

Original

Word2vec 0.435
GloVe 0.410

Skip-thoughts 0.436
Context2vec 0.417

MSSG 0.454

Twitter

Word2vec 0.384
GloVe 0.314

Skip-thoughts 0.360
Context2vec 0.193

MSSG 0.447

Table 5.4: Spearman’s ρ on each dataset using the supervised All method
with 10 fold cross-validation with folds based on random sampling across all
lemmas for each embedding approach. The best ρ for each dataset is shown
in boldface. All correlations are significant (p-value< 0.05).

Our unsupervised model achieved the best performance using Context2vec

and Word2vec embeddings on Original and Twitter respectively. The

Word2vec embedding model performed consistently well on both datasets—

achieving the new state-of-the-art results on Twitter and beating the for-

mer state-of-the-art results on Original. Context2vec achieved the new

state-of-the-art results on Original but sadly performed poorly on Twit-

ter. This was possibly due to the type of training data and therefore

suggests we could consider further evaluations with different training data

in our future work.

5.2 Supervised All

Taking advantage of labeled data, we look at the performance of the em-

bedding models in the supervised All setup using 10 fold cross-validation as

seen in Table 5.4. We use cross-validation because of the relatively small
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size of the datasets. Under the supervised All setup, we train on 9 of the

10 randomly generated evenly distributed folds and then make our predic-

tions on the remaining fold. We perform this evaluation 10 times so that

each fold is the test fold exactly once. The regression model has the chance

of seeing the same target lemma in both training and testing under this

setup. The predictions from each fold are stored in one list, which we use as

our final predictions to compare against the gold standard. For Original,

using the supervised All setup, each embedding model achieved a higher

score than its own score under the unsupervised setup (shown in Table 5.3).

Also, each score under the supervised All setup beat the highest score un-

der the unsupervised setup. All scores for the supervised All setup are

fairly similar—ranging from 0.410 − 0.454, as opposed to the larger range

of 0.095 − 0.302 in the unsupervised setup. The MSSG embedding model

achieves the highest correlation of 0.454 on Original.

It is worth noting the number of dimensions that the different embedding

models contain because increasing the number of dimensions gives the re-

gression model more features to train on and potentially allows the em-

bedding models with more dimensions to have a better performance. The

Skip-thoughts embeddings contain 4800 dimensions, which is 8 times more

dimensions than the next largest set of embeddings, which is Context2vec

containing 600 dimensions. Word2vec and MSSG embeddings only use 300

dimensions—1/16 the number of Skip-thoughts—and still perform within

0.001 of Skip-thoughts, and outperform Skip-thoughts, respectively. When

training the regressor, the number of features used is double the dimen-

sion of the embedding model that is being recruited. In the unsupervised
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setup, Word2vec performs worse than Context2vec, but Word2vec outper-

forms Context2vec in the supervised All setup.

Looking at the supervised All setup for Twitter (Table 5.4, bottom panel),

we see that the correlation of each model in the supervised All setup is

higher than in the unsupervised setup, but unlike Original, not all corre-

lations for the supervised All setup—Context2vec’s—achieve higher correla-

tion than all models in the unsupervised setup. Skip-thoughts, Context2vec,

and MSSG are not trained on a corpus made from tweets and therefore have

a disadvantage, which could explain Context2vec’s poor performance, al-

though the MSSG embedding model achieved the best performance of 0.447,

beating all embedding models by at least 0.063. MSSG’s performance might

be attributed to how the usage representations are formed, which is similar

to Word2vec—which achieves the second highest value and almost the sec-

ond highest value on Twitter and Original respectively. Skip-thoughts’

large number of dimensions could be helping it overcome this issue of not

training on a corpus containing text from Twitter. Again, the Word2vec

word embedding outperformed the GloVe word embeddings, which might

show that the method used to form Word2vec embeddings is simply supe-

rior to the method used to form GloVe embeddings for representing a word

in context via averaging word embeddings. All results show that if labeled

data is available, then it should be used to strengthen a model applied to

USim.
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Dataset Embeddings Spearman’s ρ

Original

Word2vec 0.220*
GloVe 0.230*

Skip-thoughts 0.099*
Context2vec 0.172*

MSSG 0.205*

Twitter

Word2vec 0.196*
GloVe 0.134*

Skip-thoughts 0.058
Context2vec 0.067

MSSG 0.271*

Table 5.5: Spearman’s ρ on each dataset using the supervised Lemma setup
for each embedding approach. For each dataset, the best ρ for each dataset
is shown in boldface. Significant correlations (p-value< 0.05) are indicated
with *.

5.3 Supervised (Lemma)

The supervised All setup allows for the regressor to see target lemmas that

it will test on, giving it an advantage. We remove this advantage in the

supervised Lemma setup by training our regressor on instances that do not

include a selected target lemma, and then by testing on all instances that

do contain the selected target lemma. Results for the supervised Lemma

setup for both datasets are shown in Table 5.5. Applied to Original, each

embedding model performs worse than its unsupervised correlation except

for GloVe and MSSG (Table 5.3). There is no clear reason why GloVe and

MSSG performed better than their unsupervised correlations, but GloVe’s

and MSSG’s values for supervised Lemma are still less than the unsupervised

setup for both Word2vec and Context2vec. The poor performance by all

embedding models shows that our supervised model performs poorly for

unseen target lemmas.
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POS Word2vec GloVe Skip-thoughts Context2vec MSSG
nouns 0.315* 0.245* 0.240* 0.282* 0.316*

adjectives 0.249* 0.216* 0.170* 0.303* 0.138*
adverbs 0.361* 0.000 0.070 0.408* 0.101
verbs 0.263* 0.260* 0.174* 0.277* 0.208*
All 0.281* 0.218* 0.177* 0.302* 0.203*

Table 5.6: Spearman’s ρ for the unsupervised setup on Original display-
ing the embedding models’ performance across the different parts-of-speech.
Correlations in bold represent the highest values for each part-of-speech. *
represents significant correlation, p-value < 0.05.

Results from embedding models applied to Twitter under the supervised

Lemma setup tell a similar story to the same setup on Original. GloVe was

the only embedding model to outperform its unsupervised correlation, but

MSSG and Word2vec still outperform GloVe under the supervised Lemma

setup. MSSG was able to tie its unsupervised correlation. The supervised

Lemma was the only setup that had values that were not deemed significant,

meaning their p-value was above 0.05, which was for both Skip-thoughts and

Context2vec. Again, the supervised Lemma setup on Twitter backs up

the claim that our model does not perform well on unseen target lemmas.

5.4 Part-of-Speech

We look into a more detailed evaluation at the performance of the differ-

ent embedding models for different parts-of-speech under the three different

setups. We perform this form of evaluation only on Original because

all target lemmas in Twitter are the same part-of-speech as discussed in

Section 4.1. We first look at the unsupervised setup shown in Table 5.6.
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We perform the same evaluation as in Section 5.1, except we now separate

our model’s predictions based on part of speech. We perform four mea-

surements with Spearman’s ρ metric, one for each part-of-speech—nouns,

verbs, adjectives, and adverbs. Context2vec achieves the highest correla-

tion for all parts-of-speech except nouns, where MSSG achieves the highest

values. Word2vec achieves competitive results to MSSG on nouns, which is

consistent with our findings for Word2vec in the unsupervised setup where

it achieves the best performance of the embedding models being applied to

Twitter, which consists of only nouns. The part-of-speech with the largest

range of correlations under this setup is for the adverbs, 0.000–0.408. This

range has Word2vec and Context2vec performing on the higher end with

GloVe, Skip-thoughts, and MSSG performing on the lower end. Adverbs

might be non-consistent in correlations and difficult for some models due

to the low number of instances—only 3 out of the 34 target lemmas were

adverbs. Adverbs also had the lowest inter-annotator agreement of all the

parts-of-speech (Lui et al., 2012). An ensemble model based on part-of-

speech for the unsupervised setup, meaning to select the predictions from

models based on which part-of-speech that the target instance is, might

increase performance slightly here, but not by a large margin, since Con-

text2vec achieves the highest correlation on all parts-of-speech except one.

Furthermore, for the one part-of-speech—nouns—where Context2vec does

not achieve the highest correlation, MSSG only outperforms Context2vec by

0.034.

We now look at the supervised setups beginning with the All setup, displayed

in Table 5.7, where we evaluate the embedding models’ performance on
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POS Word2vec GloVe Skip-thoughts Context2vec MSSG
nouns 0.502* 0.450* 0.490* 0.428 * 0.504*

adjectives 0.394* 0.434* 0.409* 0.375* 0.409*
adverbs 0.272* 0.136 0.313* 0.403* 0.093
verbs 0.461* 0.414* 0.443* 0.450* 0.415*
All 0.435* 0.410* 0.436* 0.417* 0.454*

Table 5.7: Spearman’s ρ for the supervised All setup on Original display-
ing the embedding models’ performance across the different parts-of-speech.
Correlations in bold represent the highest values for the given part-of-speech.
* represents significant correlation, p-value < 0.05.

different parts-of-speech. We train and test our regressor using 10 fold cross-

validation in the same fashion as we did for the supervised All setup in

Section 5.2, except before we calculate the Spearman’s ρ we separate our

predictions and the gold standard values, preserving the order, based on the

part-of-speech of the target lemma. We do not separate our folds based on

the part-of-speech of the target lemma before training, so we will see the

same parts-of-speech in the training and testing folds.

We see that there is much more variation in terms of which embedding

model does best on each part-of-speech. The results for a single part-of-

speech are fairly similar across all embedding models, except for adverbs,

where Context2vec clearly does better than all other embedding models.

The results for the supervised Lemma setup, shown in Table 5.8, do not

show the same characteristic as the supervised All setup. For example,

Context2vec achieved the highest correlation on verbs in the supervised All

setup, but achieved almost the lowest correlation on verbs in the supervised

Lemma setup. Similarly to the supervised All setup, there is a substantial

variation in terms of which embedding model performs the best on each
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POS Word2vec GloVe Skip-thoughts Context2vec MSSG
nouns 0.166* 0.242* 0.107* 0.118* 0.240*

adjectives 0.230* 0.167* 0.083 0.166* 0.170*
adverbs 0.318* 0.285* 0.036 0.357* 0.290*
verbs 0.237* 0.275* 0.133* 0.164* 0.183*
All 0.221* 0.230* 0.099* 0.172* 0.205*

Table 5.8: Spearman’s ρ for the supervised Lemma setup on Original
displaying the embedding models’ performance across the different parts-
of-speech. Correlations in bold represent the highest values for the given
part-of-speech. * represents significant correlation, p-value < 0.05.

part-of-speech.

There were only a few consistencies in patterns across all parts-of-speech.

Context2vec outperformed all other embeddings for adverbs under each

setup. It is not possible to make a concrete judgment on Context2vec’s

ability on predicting the adverbs’ similarity due to the small number of

them. Skip-thoughts was the only embedding model that did not achieve

the highest value on a part-of-speech for a single setup, although it did come

close in the supervised All setup. The results on the supervised All setup

had the most variations in terms of different embedding models performing

well on different parts-of-speech. This setup might benefit from a model that

predicted the similarity of an instance using an embedding model that had

the highest performance on the part-of-speech of the target lemma within

that instance.
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Original Twitter
Abs Diff Prod Both Abs Diff Prod Both

Word2vec 0.371* 0.385* 0.444* 0.314* 0.373* 0.384*
GloVe 0.318* 0.360* 0.410* 0.189* 0.310* 0.314*

Skip-thoughts 0.465* 0.390 0.436* 0.292* 0.352* 0.360*
Context2vec 0.406* 0.348 0.417* 0.115* 0.193* 0.193*

MSSG 0.345* 0.445* 0.454* 0.293* 0.461* 0.447*

Table 5.9: Spearman’s ρ for the supervised All setup on both Original
and Twitter displaying the embedding models’ performance using different
feature sets. Correlations in bold represent the highest correlations for each
embedding on each dataset. * represents significant correlation, p-value<
0.05.

5.5 Feature sets

In this section, we look at the effect of using different feature sets. We

compare using only one of the two feature sets and using both feature

sets—taking the absolute difference and element-wise product of two us-

age representations—under both supervised setups for each dataset. Table

5.9 shows our results when comparing the different feature sets on Orig-

inal under the supervised All setup. The absolute difference feature set,

Abs Diff, outperforms the element-wise product feature set, Prod, for the

two embedding models that embed the sentence and context, Skip-thoughts

and Context2vec, respectively. The embedding models that involved sum-

ming up word embeddings to represent the usage of a word achieved higher

results with Prod over Abs Diff—Word2vec, GloVe, and MSSG. This might

be due to each feature set working better with the different methods in how

the usage representations are formed either through embedding the usage

(Skip-thoughts and Context2vec) or summing word embeddings (Word2vec,
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Original Twitter
Abs Diff Prod Both Abs Diff Prod Both

Word2vec 0.194* 0.231* 0.221* 0.165* 0.164* 0.196*
GloVe 0.128* 0.263* 0.230* 0.015 0.128* 0.134

Skip-thoughts 0.107* 0.097* 0.099* −0.014 0.093* 0.058
Context2vec 0.165* 0.204* 0.172*−0.006* 0.083 0.067*

MSSG 0.017 0.250* 0.205* 0.025 0.124* 0.271*

Table 5.10: Spearman’s ρ for the supervised Lemma setup on both Orig-
inal and Twitter displaying the embedding models’ performance using
different feature sets. Correlations in bold represent the highest correlations
for each embedding on each dataset. * represents significant correlation,
p-value< 0.05.

GloVe, and MSSG). Using both feature sets outperforms the use of only one

of the feature sets for each embedding model except Skip-thoughts, where

it achieves its highest value using only Abs Diff.

Turning towards the supervised All setup for the Twitter dataset (Ta-

ble 5.9), the trend where the embedding models that embed the sentence

or context—Skip-thoughts and Context2vec—perform better with Abs Diff

than Prod does not apply. This might be due to the nature of the train-

ing corpora for these models, where Skip-thoughts and Context2vec were

not trained on text from Twitter. Prod continues to outperform Abs Diff

for Word2vec, GloVe, and MSSG. Using both feature sets outperforms us-

ing only one in all cases except for the Context2vec and MSSG embedding

models, where using both feature sets ties or slightly beats using the Prod

feature set.

The results of the supervised Lemma setup on Original show some inter-

esting traits (Table 5.10). For all embedding models except Skip-thoughts,

the use of only Prod outperform only using Abs Diff, and the use of both
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feature sets. Nevertheless, these results show that using only Prod usually

outperform using only Abs Diff or both feature sets, which gives rise to the

importance for Abs Diff in future work on the supervised Lemma setup.

Skip-thoughts is the only embedding model that achieved its highest cor-

relation only using Abs Diff, but all three correlations produced are fairly

similar with a range of only 0.099–0.107.

The trend previously seen in the supervised Lemma setup for Original is

not as strong in the supervised Lemma setup for Twitter (Table 5.10).

The use of the Prod feature set outperforms or achieves values that are very

similar to the use of the Abs Diff feature set, but using both feature sets

outperforms using either feature set individually in the case of the Word2vec,

GloVe and MSSG embedding models. Again, those embedding models that

involve summing up word embeddings to represent the usage of a word show

similar characteristics.

Between both datasets, using only Prod, or both feature sets, usually out-

performs using only Abs Diff. Only using Abs Diff is not recommended

for the supervised Lemma setup because the only time it outperforms the

others, it is by a small margin. Prod more often outperforms using both

feature sets, but these two feature sets often perform similarly in terms of

correlations produced.
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Chapter 6

Application of USim to WSI

We now look at applying our model to two word sense induction tasks avail-

able from SemEval-2013.1 In this task, users must cluster instances of words

based on their senses. For example, the following simplified examples from

the SemEval-2013 Task 11 dataset with the target word kangaroo would be

clustered together: How to catch live kangaroo and A kangaroo is a mar-

supial from the family Macropodidae, but the phrase The kangaroo coin-

operated videogame by Sum Electronics would not be clustered with the

other two. Since we only need to apply a clustering algorithm to our us-

age representations to perform WSI tasks, our unsupervised model is easily

adapted to WSI. Similar to choosing embedding models, clustering algo-

rithms can also be interchanged to attempt to achieve better performance.

We will use k-means clustering in our experiments. We used the Word2vec

and Context2vec embedding models in the same manner as they were ap-

plied to usage similarity. We only used these two word embeddings because

1https://www.cs.york.ac.uk/semeval-2013/
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they had the highest performance in the unsupervised setup on Twitter

and Original respectively.

6.1 SemEval Task 11

In this section we look at applying our unsupervised model to the Se-

mEval2013 task 11 (Navigli and Vannella, 2013), using the embedding mod-

els that performed well on the unsupervised setup for Original—Word2vec

and Context2vec. We consider the embedding models that performed well

on Original because it shares a similar type of text as the dataset for

SemEval2013 task 11—text from web pages. Task 11 is a non-graded word

sense induction task, meaning instances are placed in clusters without a level

of applicability. The dataset used was generated by first sending 100 queries

to Google and gathering snippets from the top 64 results that were returned

for each query. When annotating the dataset, disambiguation pages from

Wikipedia were used as the sense inventory. The dataset was annotated

through Amazon Mechanical Turk. The annotators were given the follow-

ing explanation The goal is annotating the search result snippets returned by

Google for a given query with the appropriate meaning among those avail-

able (obtained from the Wikipedia disambiguation page for the query). You

have to select the meaning that you consider most appropriate (Navigli and

Vannella, 2013).

The metrics used to evaluate the predicted clusters of a model are F1,

Rand Index, Adjusted Rand Index, and Jaccard Index (Navigli and Van-

nella, 2013). Rand Index looks at how many pairs of instances are correctly
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clustered together and how many are correctly not clustered together. Ad-

justed Rand Index is similar to Rand Index, but takes into account the

expected value of the Rand Index and measures the degree of overlap be-

tween two clusters. The Jaccard Index looks at how many pairs of instances

are correctly clustered together. F1 is simply the harmonic mean of the

recall and precision. The recall measures how many of the instances in a

gold standard cluster are captured by a single predicted cluster, whereas

the precision measures how many instances in a predicted cluster are also

together in a gold cluster.

We compare against the systems that achieved the highest values in each

evaluation metric, which include the All-in-One baseline, HDP-Lemma, HDP-

NOL, and UKPLLR (Navigli and Vannella, 2013). The All-in-One baseline

clusters all instances of a lemma into one sense cluster and is often a dif-

ficult baseline to beat for sense clustering tasks because most words have

a predominant sense that occurs far more frequently than its other senses

(McCarthy et al., 2004). Both HDP systems apply topic modelling, treat-

ing the topics as the senses, (Lau et al., 2013). UKPLLR clusters based on

co-occurrences with the assistance of a spanning tree (Zorn and Gurevych,

2013).

We applied our model using Word2vec and Context2vec embeddings. The

clustering was performed by a k-means algorithm, where we used multi-

ple values for k to observe the performance of our model under a different

number of sense clusters. For each value of k, we calculated the average

values for each evaluation metric of ten runs, using a different seed for the

k-means clustering algorithm. Our model—using Word2vec or Context2vec

57



Model # Clusts F1 Rand Adj Rand Jaccard Avg. Clust Size

Word2vec

2 0.565 0.508 0.049 0.311 32.000
3 0.590 0.558 0.077 0.266 21.330
4 0.615 0.585 0.092 0.236 16.000
5 0.631 0.595 0.093 0.210 12.800
6 0.643 0.601 0.093 0.189 10.670
7 0.654 0.606 0.093 0.175 9.140
8 0.664 0.607 0.089 0.161 8.000

Context2vec

2 0.560 0.493 0.032 0.323 32.000
3 0.589 0.561 0.069 0.255 21.330
4 0.600 0.578 0.071 0.218 16.000
5 0.614 0.589 0.074 0.195 12.800
6 0.625 0.595 0.074 0.173 10.670
7 0.637 0.600 0.073 0.158 9.140
8 0.647 0.601 0.069 0.143 8.000

All-in-One 1 0.544 0.399 0.000 0.399 64.000
HDP-Lemma 6.63 0.683 0.652 0.213 0.330 11.070

HDPNOL 6,54 0.680 0.649 0.215 0.338 11.680
UKPLLR 3.64 0.583 0.500 0.025 0.339 32.340

Table 6.1: Comparing our results on Task 11 obtained from using Word2vec
and Context2vec embeddings against the systems that approached this task
when it was released. The highest scores for each evaluation metric is repre-
sented in bold. The standard deviation was less than 0.005 for our models
for each evaluation metric.

embeddings—achieves competitive results to the highest values achieved by

the teams that participated in this task during the release of the shared task

for all metrics except Adjusted Rand Index, where our models performed

poorly. More precisely, our model comes within 0.019, 0.045, and 0.088 for

F1, Rand, and Jaccard, respectively. The scores are shown in Table 6.1.

6.2 SemEval-2013 Task 13

Similar to Section 6.1, we applied our model using two embedding mod-

els that performed well on the Original USim task and applied them to
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SemEval-2013’s task 13 (Jurgens and Klapaftis, 2013). This task is similar

to Task 11 discussed in Section 6.1, except each instance is given a level of

applicability for each context cluster that it is assigned to. For example,

using a similarity scale of 0–4, the following phrase from the SemEval-2013

Task 13 dataset, And is now the time to say I can hardly wait for your

impending new novel about the Alamo? would belong to a sense cluster

representing stay in one place and anticipate or expect something with a

complete applicability score of 4 and the sense cluster representing look for-

ward to the probable occurrence of with an applicability of only 2. We

show our results and compare them to the models that performed the best

on the task in regards to two evaluation metrics—fuzzy B-Cubed, given as

the precision, recall, and F-score, and fuzzy normalized mutual information

(Fuzzy-NMI)—which are the unsupervised evaluation metrics provided by

Jurgens and Klapaftis (2013). Fuzzy B-Cubed looks at how many items are

in the same cluster as some item i in the gold standard and in the same

cluster as some item i in the predicted clusters. Fuzzy-NMI looks at how

many instances in the predicted clusters are in the same clusters as in the

gold standard.

Table 6.2 shows the mean of the precision, recall and F-score of fuzzy B-

Cubed over ten runs, when we use our model for SemEval-2013’s task 13

using Word2vec and Context2vec embeddings, respectively, along with the

results of the team that performed the best in terms of Fuzzy B-Cubed

and Fuzzy-NMI in the shared task when it was held. The two models that

we compare against include Unimelb (Lau et al., 2013), which is the same

topic modelling based system as HDP-Lemma and HDP-NoL from Section
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6.1, and AI-KU (Baskaya et al., 2013), which clusters instances based on

co-occurrences generated after finding substitute words for the target word.

The All-in-One baseline, which is a common baseline where all instances of

a lemma are clustered into the same sense cluster, achieves the highest F-

score for fuzzy B-Cubed. In terms of models that attempt this problem that

are not the All-in-One baseline, our models achieve F-scores of 0.506 and

0.521 with Word2vec and Context2vec, respectively—beating the previous

highest F-score of 0.483.

Our highest Fuzzy-NMI scores are 0.036 and 0.055 achieved with Word2vec

and Context2vec, respectively, as seen in Table 6.3. Our models fall short

of the highest F-NMI of 0.065 achieved by AI-KU.

Our model performed well on Task 11 in Section 6.1—achieving values close

to the best systems for F1, Rand, and Jaccard—by only applying a simple

clustering algorithm to our USim representations of a target word in con-

text. Our model achieved the highest performance for fuzzy B-Cubed, using

either Word2vec or Context2vec as the embedding model, on Task 13. This

shows that our USim model can be generalized to WSI and is worth explor-

ing further. Our models achieve a low standard deviation on both tasks,

meaning that our models perform fairly similarly regardless of what seed is

set for the k-means clustering algorithm.
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Model # Clusters Precision Recall F-Score

Word2vec

2 0.454 0.577 0.506
3 0.471 0.394 0.429
4 0.473 0.304 0.370
5 0.480 0.250 0.328
6 0.485 0.211 0.294
7 0.488 0.182 0.265
8 0.490 0.160 0.242
9 0.492 0.143 0.222
10 0.494 0.130 0.205
11 0.479 0.118 0.189

Context2vec

2 0.465 0.593 0.521
3 0.476 0.402 0.436
4 0.487 0.314 0.382
5 0.497 0.261 0.342
6 0.503 0.222 0.308
7 0.512 0.196 0.283
8 0.520 0.177 0.264
9 0.525 0.160 0.245
10 0.532 0.148 0.232
11 0.537 0.136 0.217

All-in-One 0.455 0.989 0.623
AI-KU 0.838 0.254 0.390

Unimelb(50k) 0.524 0.447 0.483

Table 6.2: Fuzzy B-Cubed results on task 13 comparing our model using
Word2vec and Context2vec embeddings against systems that approached
this task during its release. The highest values for each evaluation metric is
in bold. The standard deviation for each of our models is less than 0.004.
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Model # Clusters fuzzy-NMI

Word2vec

2 0.034
3 0.036
4 0.030
5 0.030
6 0.033
7 0.034
8 0.034
9 0.035

10 0.036
11 0.036

Context2vec

2 0.038
3 0.042
4 0.044
5 0.046
6 0.046
7 0.049
8 0.051
9 0.052

10 0.053
11 0.055

All-in-One 0.000
AI-KU 0.065

Unimelb(50k) 0.060

Table 6.3: Fuzzy-NMI results on task 13 comparing our model using
Word2vec and Context2vec embeddings against systems that approached
this task during its release. The highest value is in bold. The standard
deviation for each of our models is less than 0.007.
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Chapter 7

Conclusion

We presented our embedding-based model that we applied to two different

USim datasets and two different WSI tasks. We achieved state-of-the-art

results on both USim datasets, which answers our first research question.

It also showed that embedding-based models can be used to generate useful

representations of the meaning of a word in context. We beat the previ-

ous state-of-art results on Original, achieved by topic modelling, using

Word2vec, GloVe, and Context2vec embeddings in our unsupervised setup.

We beat the previous state-of-art value on Twitter, also achieved by topic

modelling, only by using Word2vec embeddings in our unsupervised setup.

Our second research question asks if a supervised model can achieve better

results then an unsupervised model. This is possible, although it depends on

the training/testing split of the dataset. We showed that when evaluating

the model with ten fold cross validation—meaning that the target lemma can

be seen in training—the model always performs better than its unsupervised

counterpart. However, this is untrue for the case when we split the dataset
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based on the target lemma, where the target lemma is not seen in training.

We also observed the change in performance of our supervised models using

different features. We found that using both types of features—absolute dif-

ference and element-wise product—usually achieves the best results on the

supervised All setup. Our last research question asks if our model can gen-

eralize to WSI tasks. Our model did well on both WSI tasks, even achieving

the best results under one of the evaluation metrics—fuzzy B-Cubed—on

the SemEval-2013 task 13.

7.1 Future Work

The idea of evaluating models based on parts-of-speech sparks the idea of

a model where each usage would be represented by the model that per-

formed the best on the part-of-speech of the target lemma. For example,

since Context2vec achieved the highest score on verbs out of all embedding

models, then all usages with a verb as the target lemma will have their

vector representations from a Context2vec embedding. We would expect

that an ensemble model would not greatly increase the values here because

a single model, Context2vec, performs the best on all parts of speech ex-

cept nouns, which was performed only slightly better on by Word2vec. If

there was more of a balanced distribution across different models in terms

of the best performing models on each part of speech, or if the difference

for nouns was much greater, then there would be more of a cause to explore

an ensemble model. We used a simple regression model in our experiments.

Experimenting with a variety of regression models, such as a support vector
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regression model, for our supervised setup, might increase the performance

of our models. The regression model is not the only model that can be re-

placed; different embedding models can be applied to our model which might

capture the semantic meaning of a usage. Doc2vec (Le and Mikolov, 2014)

is an obvious choice for an embedding model for our model, where Doc2vec

is designed to capture the semantic information in an entire document—

in our case it would be the the full sentence containing the target lemma.

Our supervised Lemma setup might be failing due to an insufficient amount

of training data. Providing more instances of different lemmas might as-

sist our supervised model to generalize across lemmas—meaning to increase

performance on unseen lemmas. We briefly looked into two WSI tasks. It

might be possible to better our results simply by applying different clus-

tering algorithms instead of K-means, such as an agglomerative clustering

algorithm.
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