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Abstract

Definition modeling is a recently-introduced task in natural language processing

(NLP) which aims to predict and generate dictionary-style definitions for any given

word. Most prior work on definition modelling has not accounted for polysemy — i.e.

a linguistic phenomenon in which a word can imply multiple meanings when used in

various contexts — or has done so by considering definition modelling for a target

word in a given context. In contrast, in this study, we propose a context-agnostic

approach to definition modelling, based on multi-sense word embeddings, that is

capable of generating multiple definitions for a target word. In further contrast to

most prior work, which has primarily focused on English, we evaluate our proposed

approach on fifteen different datasets covering nine languages from several language

families. To evaluate our approach we consider several variations of BLEU — i.e.,

a widely-used evaluation metric initially introduced for machine translation that is

adapted to definition modeling. Our results demonstrate that our proposed multi-

sense model outperforms a single-sense model on all fifteen datasets.
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Chapter 1

Introduction

Natural language processing (NLP) is a sub-�eld of computer science, and more

speci�cally arti�cial intelligence, which concerns enabling computers to learn, un-

derstand, and even generate natural (human) language data. The history of NLP

probably gets back to the 1950s when Alan Turing published an article entitled

Computing Machinery and Intelligencethat introduced what is now called the Tur-

ing test as a benchmark for intelligence [88]. The Turing Test was proposed to

evaluate the ability of computers in exhibiting intelligent behaviour equivalent to,

or indistinguishable from, that of a human. In this test, a human evaluator commu-

nicates with a human and a computer designed to generate human-like responses,

separately and through a text-only channel. The human evaluator knows that one

of the partners in the conversations is a machine. If the human evaluator cannot

reliably recognize the arti�cial partner in the conversations, the computer is said to

pass the Turing test. In the recent years, thanks to deep learning approaches and

powerful machines with a high computational ability, the developed NLP methods

have advanced signi�cantly and they have performed as well as a human in some

NLP tasks [52].
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Various methods have been designed and developed to solve a wide range of NLP

problems. Machine translation is one of the early tasks that was proposed in the

1950s [35]. In machine translation, the aim is to develop a system which takes a

sentence or a document in a language and translates it into another language while

the generated text is grammatically and semantically correct. Sentiment analysis is

another popular task in NLP in which a method is designed to take a sentiment-

bearing document as an input and predict a score for the given input indicating the

positivity or negativity of the given text. An example input to a sentiment analysis

system could beThe hotel sta� were so friendly and the food was great. It is ex-

pected that the developed method for this task predicts thePOSITIVE label for the

given sentence as the writer of the review sentence has expressed positive feelings

about the hotel in the review. Another interesting task in NLP is part-of-speech

(POS) tagging. The aim of this task is to propose and design methods which are

able to predict proper part-of-speech tags for the tokens of a given sentence. A part

of speech is a category of words that have similar grammatical properties. Some of

the most renowned parts-of-speech arenoun, pronoun, verb, adjective, adverb, prepo-

sition, conjunction, and interjection. For instance, for the sentenceI like to visit

Iran , the expected output could be the sequencepronoun, verb, preposition, verb,

noun.

Generally, NLP methods deal with textual data which is composed of sequences of

words. Since computers basically are binary machines and are designed to process

numerical data, the textual data needs to be converted to numerical data. To rep-

resent these discrete units of language data (words) in a numerical representation,

word embeddings were introduced. In earlier word embedding methods, words were

mapped into very high dimensional sparse vectors, later known as one-hot vectors

as in each vector only one of the dimensions corresponding to the represented word
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had the value of 1 and other dimensions were set to 0. These sparse vectors were

not able to capture the similarities and relationships between words. To overcome

this limitation, dense distributed word embeddings were introduced. In contrast

to one-hot word representations, in dense word embeddings, all dimensions of the

dense word embeddings have real numbers | i.e. each word is mapped into a point

in this high-dimensional vector space. An interesting property of distributed word

embeddings is that they are able to capture semantic and syntactic information of

words. After training word embeddings for the words seen in a training corpus, the

words having similar meanings are mapped close to each other in the vector space,

while the words not sharing any similarity are mapped more distant from each other.

Word2Vec [60] and GloVe [72] are two early neural network based word embedding

methods which have been widely used among NLP researchers.

The advent of pre-trained distributed word embeddings has pushed the boundaries

in NLP further and led to signi�cant improvements in almost every NLP task such

as sentiment analysis [29], machine translation [100], question answering [58], named

entity recognition [41], document classi�cation [40], etc. Word embeddings, despite

their robustness and accuracy in capturing the semantics of words through dense

real-valued vectors, su�er from a limitation that they cannot di�erentiate between

di�erent meanings of each word. That is, they con
ate all of a word's senses into a

single vector. For example, the wordapple has two unrelated meanings:a fruit and

the name of a technology company. The typical word embedding methods described

above assign one vector representation to this word ignoring the fact that this word

can imply multiple di�erent meanings in various contexts.

Recently, researchers have considered approaches to disambiguate word senses and

learn multi-sense embeddings, in which a word is represented by multiple vectors,
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each corresponding to a word's sense [8, 48]. For example, a multi-sense embedding

method, in contrast to a single-sense word embedding method, learns two separate

vectors for the word apple, one for each sense (meaning). The number of vectors

learned for each word can be determined from the corpus by the method or can be

�xed. The superiority of these embeddings to the traditional word embeddings is

shown in many NLP tasks such as natural language understanding (NLU) tasks [50]

| e.g. question answering is an NLU task in which a model is trained to comprehend

a given question and a reference text and answer to the asked question, accordingly

|, reverse dictionaries [32] (i.e. dictionaries which allow to search for a word by its

de�nition), and text classi�cation [13] | i.e. an NLP task in which a document or

sentence is assigned to a prede�ned category. Topic classi�cation is an example of

document classi�cation in which documents are categorized based on their contents

into di�erent pre-de�ned topics. More recent work has considered contextualized

word embeddings, such as [23], which provide a vector representation for a given

word based on the context the word is used in. For example, for the wordapple in

the two sentencesEveryday, I try to eat at least one appleand I like Apple products

as they are very high-tech and elegant, two separate word embeddings are calculated

based on the other words surrounding the target word (apple) in the context.

De�nition modelling, recently introduced by Noraset et al. [69], is a speci�c type

of language modelling which aims to generate dictionary-style de�nitions for a given

word. De�nition modelling can be served as an evaluation tool for word embeddings

by providing a transparent interpretation of the information represented in them.

For example to make sure that a word embedding method has captured the seman-

tics of the word river correctly, we need to give the word embedding of this word

to a trained de�nition modeling system and evaluate its output. If the de�nition

generated by the system for the given word (river in this example) matches the real
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meaning of this word (a natural stream of water), we can conclude that the word

embedding method has been successful in capturing the semantic information of the

given word. Furthermore, a potential application of de�nition modeling in lexicog-

raphy is to keep dictionaries updated by generating de�nitions for newly-emerged

words that are not yet recorded in dictionaries. An example of such a word istwitter

whose conventional meaning isto talk quickly in a high excited voice, especially about

something that is not very important[1]. However, this word has taken another dif-

ferent meaning which isA popular social media. This second meaning is not recorded

yet in some of the existing dictionaries and is missing. For example it is not included

in WordNet [63], a widely used computational lexicon.

The approach to de�nition modelling of [69] is based on a recurrent neural net-

work (RNN) language model, which is conditioned on a word embedding for the

target word to be de�ned, speci�cally pre-trained word2vec [60] embeddings. As

such, this model does not account for polysemy | i.e., words can have multiple

meanings depending on the context in which they are used. To address this limita-

tion, a number of studies have proposed context-aware de�nition generation models

[68, 28, 37, 59, 17]. In all of these approaches, the models generate a context-speci�c

de�nition for the given target word using contextual information obtained from the

given context. One of the main limitations of these models is that they are abso-

lutely dependent on the appearance of the words in contexts to be able to predict

sense-speci�c de�nitions for the given target word. In fact, they are not applicable

in cases when word usages | i.e., contexts in which target words appear | are not

available. The reason that it matters is that depending on the application, some-

times we need a model which is able to generate multiple de�nitions that a word can

imply in various contexts, rather than generating one context-speci�c de�nition for

the word used in a speci�c given context.
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In contrast, in this work, we propose a context-agnostic multi-sense de�nition gener-

ation model. Given a target word, without providing its usage in a speci�c context,

the proposed model generates multiple de�nitions corresponding to di�erent senses of

that word. Our proposed model is an extension of [69] that incorporates pre-trained

multi-sense embeddings. As such, the de�nitions that are generated are based on the

senses learned by the embedding model on a background corpus, and re
ect the us-

age of words in that corpus. Under this setup | i.e., generating multiple de�nitions

for each word corresponding to senses present in a corpus | the proposed de�nition

generation model has the potential to generate partial dictionary entries. In order to

train the proposed model, pre-trained sense vectors for a word need to be matched

to reference de�nitions for that word. We consider two approaches to this matching

based on cosine similarity between sense vectors and reference de�nitions.

Following [99], we evaluate our proposed model using variations of BLEU [71]. BLEU

is a widely-used evaluation measure for machine translation which basically looks for

overlaps between a machine-generated translation and multiple reference de�nitions.

It is also widely used for evaluating de�nition generation models | a machine-

generated de�nition for a given target word is compared against multiple reference

de�nitions associated to the given word in a dictionary. We evaluate our model on

�fteen datasets covering nine languages from several families. Our experimental re-

sults show that, for every language and dataset considered, our proposed approach

outperforms the benchmark approach of [69] which does not model polysemy.

In this study, the main research question that we have aimed to answer isDo multi-

sense embeddings enable de�nition generation models to generate multiple sense-

speci�c de�nitions for polysemous words?The short answer to this question isYes.
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The results of our experiments provided in Chapter 5 demonstrate that the proposed

multi-sense model utilizing multi-sense embeddings is able to generate multiple def-

initions for di�erent senses of polysemous words. The second research question that

we intend to answer in this study isis the proposed multi-sense model applicable

to other languages than English?The answer to this question isYes as well. We

have evaluated our proposed multi-sense model on 15 datasets covering nine lan-

guages from di�erent language families. The results of our experiments show that

the proposed multi-sense model outperforms the single sense model in all 15 datasets.

Regardless of which language from which language family we are working with, we

can improve the de�nition generation models by incorporating pre-trained multi-

sense word embeddings.

The contributions of this work can be clearly listed as:

1. Proposing a multi-sense context-agnostic de�nition generation model which

incorporates pre-trained multi-sense embeddings.

2. Conducting an extensive multi-lingual evaluation of the proposed model on

nine languages from di�erent language families.

3. Extracting, pre-processing, and publishing �fteen datasets covering nine lan-

guages for the de�nition modeling task.

4. Publishing trained multi-sense de�nition generation models for future research

work.

The remainder of this thesis is organized as follows. In Chapter 2, we review the

background and related work. In Chapter 3, we elaborate on our proposed multi-

sense de�nition generation model. In Chapter 4, we describe the setup we use to

train and evaluate our models. Chapter 5 presents the quantitative and qualitative

7



results of our experiments on multiple languages. Finally, in Chapter 6, we brie
y

conclude our work.
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Chapter 2

Related Work

In this section, �rst we present a summary of the huge amount of work done on word

vector representations including traditional word embeddings, multi-sense embed-

dings, and recently-introduced contextualized word embeddings. A brief summary

of document representation methods is also presented. Then, we review the prior

work on de�nition modeling.

2.1 Word Vector Representations

Since the early works on natural language processing, researchers have been exploring

ways to map discrete natural language units like words into numerical representa-

tions. In this section, we brie
y describe the traditional count-based word repre-

sentations, distributed neural network based word embeddings, �ne-grained sense

embeddings, and recently introduced contextualized embeddings.

2.1.1 Word Embeddings

In one of the early works on numerical word representations [31], a simple way to

map discrete natural language units (i.e. words) to numerical vectors was proposed.

In the proposed method, the size of the vectors is set to be equal to the vocabulary
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size. Therefore, each word in the vocabulary takes an index. Then, to represent a

word with the vocabulary index k, a vector is generated which stores 1 in itskth

element and 0 in other elements. This method is called one-hot vector representa-

tion. To represent sentences and documents using this method, we can perform an

element-wise addition on the represented vectors of its constituent words (Fig 2.1).

This document representation is known as bag-of-words (BOW) model which has

been used for many years in several NLP tasks [56, 12, 24].

Figure 2.1: Vector representation of a sample sentence using BOW model.

This simple approach to represent natural language objects su�ers from three lim-

itations. First, the vectors obtained using this model are too sparse which raises

e�ciency concerns | i.e. to represent a single word, we have to store a very high-

dimensional vector. The second limitation is the inability of this method to keep

information about the order of the words in a document or sentence. This is consid-

ered as a serious issue as word order plays a signi�cant role in the meaning of the

sentences. For example, the sentencesYou killed the lion and The lion killed you

both are represented with the same vector as their constituent words are the same,

while they imply very di�erent meanings. Besides, this method is not capable of

representing semantic similarity and relatedness between words. That is, the relat-

edness of the words belonging to the same category likedog, cat, and mouseis not

detectable from their vector representations.

Later on, to address the limitations of the described sparse word representations,

10



distributed neural network based word representation methods were proposed which

are known as word embeddings [61, 72]. In these methods, to each word in the

vocabulary, a low-dimensional vector (i.e. vectors with typically several hundred di-

mensions) is assigned. There are di�erent ways of initializing these vectors like zero

initialization or random initialization using di�erent distributions (e.g., normal or

uniform distribution). In [45], the performance of di�erent vector initializations for

word embeddings is compared with respect to various NLP tasks. After the word em-

beddings are initialized, they are tuned using a neural network based model trained

on a huge corpus of text. The main idea behind learning vector representations for

words from a huge corpus of text is the fact that words can be de�ned in contexts by

their co-occurring words. After training, the word embeddings capture semantic and

syntactic information about the words in the vocabulary. For example, the words

belonging to a same category are mapped close to each other in the vector space (in

the upper part of Fig. 2.2 the wordsdog and puppy are close to each other while far

from the word houses). This is unlike one-hot vectors, where no meaningful relation

is maintained between words mapped in the vector space, and the distance between

the words mapped in the vector space does not re
ect any information. Moreover,

an interesting property of word embeddings is that mathematical operations can be

applied on them in a meaningful way. More speci�cally, words maintain meaningful

distance from other words. For example, as shown in the lower part of Fig. 2.2, by

calculating king � man + woman we getqueen. This observation demonstrates that

word embeddings have properly learned the semantic fact thatking is to queenas

man is to woman.

Another good illustration of how words are mapped into the high-dimensional vector

space is shown in Fig 2.3. As can be seen, the words with related meanings are

mapped close to each other, like the words for di�erent types of animals or types of

11



Figure 2.2: An example of the semantics captured by a word embedding method [80].


owers.

Figure 2.3: 2D illustration of the semantics captured by word embeddings [14].

Although many works have already been conducted on neural network based word

embeddings whose architecture is based on optimizing a certain objective [10, 20, 87],

neural network based word embeddings became widely used with the introduction

of the word2vec model proposed by Mikolov et al. [60]. One of the most signi�cant

improvements of the word2vec model to the previous methods could be its amazingly

high e�ciency. Word2vec is a simple but e�cient model which is presented through
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two di�erent but related models: continuous Bag-Of-Words (CBOW) and skip-gram.

The CBOW model is an extension to the BOW model which aims to predict the

current word using its surrounding words appearing in a �xed-size context window

by minimizing the following loss function:

E = � log(p(wt jWt )) (2.1)

wherewt is the target word andWt = wt � n ; :::; wt ; :::; wt+ n is the sequence of words

in the context window. The general simpli�ed architecture of the CBOW model is

shown in Fig. 2.4.

Figure 2.4: Learning architecture of the CBOW model of word2vec for a window
size of 5 [60].

The skip-gram model is similar to the CBOW model; however, this model aims to

predict the context words appearing in the context window given the target word.

This becomes slightly tricky since we have multiple words in the context of the target

word. In the skip-gram model, the (target, context words) pairs are broken down to

(target, context word) pairs such that the target word forms separate pairs with each

of the context words. The skip-gram model is considered as a classi�cation problem,
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where the model is trained to predict whether the given pairs of words can occur in

the same context or not. The positive training samples given to the model are in

the form of (x; y), where x is the pair of (target, context) and y is 1. To train the

model, we also need to provide it negative examples. To build negative examples,

we randomly pick a word from the vocabulary and pair it with the current target

word. Sox in the training samples (x; y) is the pair of (target, random word) and

y is set to 0. The simpli�ed architecture of the Skip-gram model is shown in Fig. 2.5.

Figure 2.5: Learning architecture of the Skip-gram model of word2vec for a window
size of 5 [60].

Another successful word embedding method is GloVe [72] which, unlike Word2vec,

does not rely just on local context information of words, but incorporates global

statistics (word co-occurrence statistics) to obtain word vectors. To obtain the global

statistics, we need to form aV � V co-occurrence matrixX , where the elementX ij

corresponds to the number of times that words with the indicesi and j have co-

occurred. Note that V refers to the size of vocabulary. The co-occurrence matrix

X for an example sentencethe cat sat on the matis shown in Fig. 2.6. Note that

14



rows and columns corresponding to other words of the vocabulary are dropped in

the shown co-occurrence matrix.

Figure 2.6: An example of co-occurrence matrix used in [72].

The main idea behind using global statistics in GloVe is to address a limitation of

word2vec [60] in taking word co-occurrence in the entire corpus into consideration.

For example, the wordsthe and cat may get used together often, but word2vec

cannot realize if this is becausethe is a common word or if this is becausethe has a

strong linkage withcat. To calculate the probability of seeing wordsi and j with each

other, we need to divide the number of times wordsi and j are seen with each other

(X ij ) by the number of times that word i has appeared in the corpus (
P V

k=0 X ik ).

2.1.2 Multi-sense Embeddings

One of the major limitations of the word embeddings described in Section 2.1.1 is

that they maintain only one vector representation for each word type, meaning that

polysemy | i.e. a linguistic phenomenon in which a word type can imply di�er-

ent meanings depending on the context it is used in | is ignored. This limitation
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causes two problems. First, less frequent meanings of words are not captured, and

vectors tend to represent the most frequent meaning of each word. For instance,

the word bank can imply two di�erent meanings in di�erent contexts: a �nancial

institution, or a land alongside a river. Depending on the training corpus the em-

beddings are trained on, one of the mentioned meanings may be seen more frequently

and the other less frequent one will not be represented in the resulting embedding.

Second, following this setting, semantically-unrelated words may get pulled towards

each other in the vector space if they are similar to di�erent senses of a third word,

which is not desirable [14]. For example, the wordsrat and keyboardwhich are two

semantically-unrelated words that may be pulled towards each other because of their

similarity to the di�erent unrelated senses of the wordmouse, i.e., rodent and com-

puter input device (Fig. 2.7). These two issues could a�ect the performance of an

NLP system using these word embeddings to represent words.

Figure 2.7: An illustration of the semantic de�ciency of word embeddings [14].
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To address this major limitation of word embeddings, a new research direction has

attracted NLP researchers' attention over the past years, which tries to explore the

ways to represent individual word senses [57, 25, 50, 66, 86]. These new techniques

embedding individual word senses into distributed dense vectors are called multi-

sense embedding methods. Studies on multi-sense embeddings can be divided into

two categories: unsupervised methods and knowledge-based methods.

In unsupervised approaches, a model is trained over a huge corpus of raw unlabeled

natural language text, e.g. a Wikipedia dump1 or Google News,2 to �rst cluster

the instances of each word type into di�erent semantic categories and then learn

vector representations for di�erent senses of each word type based on the context

the target words are used in. These methods can be parametric or non-parametric,

which means they need the user to specify the number of senses to learn for each

word type or they can learn it during the training process, respectively. In one of

the early works, Reisinger and Mooney [79] introduce a method which constructs

multiple high-dimensional sparse vectors embedding multiple senses of each word.

Afterwards, Huang et al. [34] utilize recurrent neural networks for using contexts to

construct multiple dense sense embeddings for words. Neelakantan et al. [66] pro-

pose the �rst multi-sense extension to the Skip-gram model [60] which jointly trains

multi-sense embeddings alongside global embeddings using the contexts in which

words appear. Unlike the previous works, this method is much more e�cient and as

claimed, could be trained on a corpus of nearly one billion tokens in just six hours.

Bartunov et al. [8] propose an extension to the skip-gram model [60] which takes the

ambiguity of the words into account. Their proposed model (Adaptive Skip-gram)

is a non-parametric | i.e. does not need the user to specify the number of senses

to learn for each type | Bayesian extension of Skip-gram which, unlike most other

1https://dumps.wikimedia.org
2https://news.google.com/
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multi-sense vector representations, automatically learns the required number of vec-

tors to represent each word.

Most works on multi-sense embeddings only focus on sense-speci�c representation

learning. However, incorporating multi-sense embeddings into NLP tasks requires

more steps after learning sense-speci�c representations. Li and Jurafsky [50] conduct

a study on multi-sense embeddings considering two more steps after learning sense-

speci�c representations: sense induction and representation acquisition for phrases

or sentences. They build a model on top of [34, 66] which has the property that

a word is associated to a new sense vector only when a context the word is seen

in proves that the previously associated sense vectors of the target word are not

su�ciently relevant to the current context. To design this model, they are inspired

by Chinese Restaurant Processes (CRP) [30] which says the current person (word

in this application) could either sit at one of the existing tables (each belonging to

one of the existing senses, in this application) or choose a new table (a new sense, in

this application). To evaluate their multi-sense embedding method, they apply their

model on part-of-speech tagging, named entity recognition, sentiment analysis, se-

mantic relation identi�cation and semantic relatedness. They demonstrate that their

proposed model outperforms the previous work on most of the mentioned extrinsic

NLP tasks. Recently, Lee and Chen [48] propose a fully unsupervised approach

for constructing �ne-grained sense embeddings. The proposed system, MUSE, ex-

ploits reinforcement learning for implementing the two suggested key factors for a

multi-sense word representation system: a sense selection and a sense representation

mechanism. Their proposed model achieves state-of-the-art results at the time of

writing of their paper; however, it is parametric and the number of senses to learn

for each word type is �xed and given by the user.

18



Among works on multi-sense embeddings, some of the studies have focused on

the construction of embeddings for relatively coarse-grained senses which could be

thought of as semantic cluster centroids. For example, in [67], Nguyen et al. propose

a mixture model which learns embeddings for a �xed number of topics. The con-

struction of the embeddings for each word is performed using a weighted combination

of the learned coarse-grained senses. Following their work, Arora et al. [4] show how

various senses of each word reside in a linear superposition within the vector space of

standard word embedding models such as Word2Vec [60]. Their method is built upon

the random walk on discourses model [5] which uses sparse coding on word embed-

dings to recover proper representations for various downstream NLP tasks such as

word sense induction and word similarity in context. Similarly, in a recent work [13],

the authors propose a distributional semantic model (DSM) learning multiple dense

distributional vector representations for each word type based on di�erent topics. For

each topic, �rst, a separate DSM is trained. Then, each of the separate trained DSMs

is aligned to a common vector space. To map the topic-based DSMs into a shared

vector space, they propose an unsupervised mapping approach which is inspired by

the hypothesis that words maintaining their distances in di�erent topic-based vector

spaces constitute strong semantic anchors which are used to de�ne the mappings

between them. The proposed aligned topic-based representations outperform the

prior work for the task of contextual word similarity. Contextual word similarity is

a method to estimate the semantic similarity between a pair of words provided in

sentential context. In this work, the standard evaluation Stanford Contextual Word

Similarity (SCWS) dataset [34] is used for evaluation.

The second category of multi-sense embedding methods are knowledge-based meth-

ods which take advantage of information extracted from an external sense inventory,

e.g., WordNet [63], to learn sense-speci�c vector representations for words. A sense
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inventory is a lexical resource which lists, for each word, di�erent meanings it can

imply in di�erent contexts. In one of the works attempting to extract and incor-

porate knowledge from a sense inventory to sense-speci�c representation learning,

the authors propose a technique to apply on previously existing word embedding

methods [39]. The proposed approach applies a post-processing step using graph

smoothing to de-con
ate di�erent senses of a word from the word vector. This

proposed approach is applicable to any vector space model. The results of their

experiments demonstrate that their proposed method is able to e�ectively capture

information from both the ontology and distributional statistics. The results also

show that their multi-sense embedding method outperforms previous works in most

cases. Following their work, in another work exploiting sense inventories to train

sense representations [74], the authors propose a method which takes pre-trained

word embeddings, e.g. word2vec [60], and tries to de-con
ate a given word represen-

tation into its constituent sense representations by utilizing semantic knowledge from

WordNet. This employment of an external sense inventory bene�ts the model from

two perspectives. First, the multi-sense embeddings method can be non-parametric,

meaning that neither a user should �x the number of sense representations to learn

for each word, nor does the model need to predict it from the corpus. Second, the

learned sense representations are linked to manually-checked senses which decreases

the emergence of inaccurate or duplicated senses for a word. Despite the advantages

noted for the methods utilizing an external lexical resource, these methods su�er

from some limitations. The dependence of these methods to an external lexical re-

source limits them to learning representations only for the words and word senses

present in the resource. Obviously, this category of methods are not applicable in

our work since we intend to train a de�nition generation model which is capable of

generating sense-speci�c de�nitions for unseen words or new senses of previously-seen

words. Bene�ting from the semantic network of WordNet, this method outperforms
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the previous methods in terms of Spearman [64] and Pearson [9] correlations on four

standard word similarity benchmarks. Spearman and Pearson correlation are sta-

tistical methods which are commonly used to measure the quality of trained word

embeddings against word similarity benchmarks like RG-65 [81], YP-130 [92], etc.

Word similarity task is a famous computationally e�cient benchmark for evaluating

the quality of word vectors. This task is designed to �nd the correlation between

human assigned semantic similarity score (between words) and the similarity of the

corresponding word vectors.

2.1.3 Contextualized Word Embeddings

All embedding methods that we have described so far learn vector representations

for word types. The traditional word embeddings learn one representation for each

type, while the multi-sense word embedding methods assign multiple representations

to each type. The aim of the contextualized word embeddings is to take the lexical

ambiguity of natural language, speci�cally polysemy, into account. Contextualized

word embedding methods assign vector representations to tokens | instead of word

types in context-agnostic word embedding methods | based on the context the

token is used in. To obtain context-dependent vector representations for words in

contextualized word embedding methods, the main idea is to get the representations

for tokens from the hidden states of a trained language model. Language models are

probabilistic models computing the probability distribution of a word in a sequence

given the previous words appearing in the sequence.

ELMo, standing for the Embeddings from Language Models, is one of the early

successful works on contextualized word embeddings [73] which achieves extremely

impressive results on multiple NLP benchmark tasks and pushes the state-of-the-

art. ELMo is an RNN-based language model using a stacked bi-directional long
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short-term memory (LSTM) network in its core. ELMo is trained by reading mil-

lions of sentences of a huge corpus both forward and backward. In fact, it has two

language models, each reading the sentences in opposite directions. ELMo uses resid-

ual connections between the LSTM layers which allows gradients to 
ow through a

network directly to the embedding layer. After the language model is trained, the

contextualized representation of thekth word in a given context is computed with a

concatenation and a weighted sum as shown in Equation 2.2 and Fig. 2.8

ELMo k = 
 task
LX

j =0

stask
j hLM

kj (2.2)

Figure 2.8: An illustration of calculation of ELMo embeddings [91].

where 
 task is a scalar parameter which scales the entire ELMO vector,stask
j are

softmax-normalized weights, and the indicesk and j correspond to the index of

the word in the given context and the index of the layer which the hidden state

is being extracted from. Although ELMo embeddings could totally replace the

context-agnostic word embeddings in practice, it is recommended by the authors

to concatenate ELMo embeddings with context-independent embeddings such as

from word2vec. This way, ELMo embeddings can be utilized for almost every NLP

task without changing the architecture of the evaluated model (Fig. 2.9).

22



Figure 2.9: An illustration of the utilization of ELMo embeddings in any NLP
model [91].

Before we explain other contextualized word embedding methods, we need to brie
y

describe a new neural network architecture called transformers that is used in these

new contextualized word embedding methods.

A transformer is a revolutionary novel neural network architecture for language un-

derstanding which has signi�cant advantages over the conventional sequential models

(RNN, LSTM, GRU, etc) [89]. Speci�cally, transformers are more e�ective in model-

ing long term dependencies between tokens in a sequence. Removing the sequential

dependency on previous tokens, transformer architecture is more e�cient in training

the language models in general. Basically, a transformer is made of an encoder and

decoder utilizing attention mechanisms to pass a more comprehensive knowledge of

the whole input sequence to the decoder at once rather than sequentially in sequen-

tial models such as LSTM (Fig. 2.10). More detailed explanations of transformers

architecture can be found in the original paper [89].

Although OpenAI's GPT [76] was the �rst work to create a transformer based lan-

guage model with �ne tuning, BERT is the �rst bidirectional transformer-based
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Figure 2.10: Comparison of a sequential model with a transformer in terms of passing
the encoded knowledge of the input sequence to the decoder [42].

language model which only uses the encoder part of the transformers rather than

the decoder [23] | in causal (traditional) language models (CLMs), as opposed to

BERT which is a masked language model (MLM), each token is predicted by a de-

coder conditioned on the previous tokens. The main innovation of BERT is to apply

the bi-directional training of transformers to language modeling. Some argue that

BERT is not considered as a bi-directional language model | in contrast to previous

e�orts in other RNN-based language models which combine left-to-right and right-to-

left training | but a non-directional language model as it reads the whole sequence

at once [3]. Token prediction in BERT, as opposed to an RNN-based language model

in which a token is predicted given previously seen tokens in the sequence, is im-

plemented using a novel technique named Masked Language Modeling (MLM). In

this technique, at each iteration, 15% of words are masked and are predicted using

their relative position in the sequence and the other unmasked words. From a very

high-level perspective, BERT's architecture is depicted in Fig. 2.11. As can be seen

in Fig. 2.11, 12 layers of transformer encoders are stacked on top of each other.
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Each of these encoder blocks encapsulates a more complicated model architecture

which we do not intend to explain in detail as BERT, normally, is a language model,

and in this thesis, we only need to understand the contextualized word embeddings

extraction side of it.

Figure 2.11: A very high-level illustration of the architecture of BERT-Base [75].

As can be seen in 2.11, words of a sequence are given to the model. The way the words

of the input sequence are formed is illustrated in Fig. 2.12. As shown in Fig. 2.12,

the input embeddings are obtained by summing three embeddings: token embed-

dings, sentence embeddings, and position embeddings. Token embeddings are the

indices of the word types in the vocabulary. Sentence embeddings are just boolean

embeddings indicating the sentence the given token belongs to | i.e. vectors �lled

with only two numbers indicating whether the corresponding token belongs to sen-

tence A or B of the given input (shown in Fig. 2.12). Lastly, transformer positional

embeddings are used to indicate the relative position of each token in the given se-

quence. Furthermore, in Fig. 2.12, some special tokens are seen such as [CLS] and

[SEP]. [CLS] is placed at the beginning of each input which is used for classi�cation

tasks, while [SEP] is used to indicate the boundary of the two given sentences | in

the cases where input only contains one sentence, [SEP] is placed at the end of the
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input. Finally, to extract the BERT contextual embedding of each token, we can

use the output vectors of each of the 12 BERT encoder blocks. However, based on

the experiments conducted by the authors, it is suggested to concatenate the output

embeddings of the last 4 encoders.

Figure 2.12: BERT input representation. The input embeddings are the sum of the
token embeddings, the segmentation embeddings, and the position embeddings [23].

The transformer architecture [89], following the signi�cant achievements of BERT [23]

as the �rst language model using this novel architecture, caught NLP researchers'

attention from all over the world. Following BERT, many other contextualized

language models utilizing transformers have been introduced each presenting some

advantages over other models, such as GPT [76], GPT-2 [77], XLNet [94], Distil-

BERT [82], and BART [49].

2.2 Document Representations

Word embeddings discussed in Section 2.1.1, mapping discrete words into semantic

high-dimensional vector spaces, play a signi�cant role in developing models which

understand natural language text and have turned into a major component in almost

every imaginable NLP task. After the word embeddings got popularized by Mikolov

et al. presenting word2vec [60], a research direction toward document representation
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Figure 2.13: Comparison of di�erent strategies for extracting contextualized embed-
ding for the word help in context in a named-entity recognition (NER) task in terms
of F1 Score [75].
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resurged (the termdocument here refers to any sequence of words). In this line of

research, the aim is to propose methods to capture the semantics of larger units of

text, like sentences and documents, in high-dimensional vectors. Document repre-

sentation methods are needed in NLP tasks which require understanding of sentences

and documents. We try to provide a very brief discussion on these methods. Further-

more, in this section, we have a look into dictionary de�nition embedding methods

in which the de�nitions of words are encoded to give a richer representation of the

de�ned word.

To develop document representation methods, much work has been done which can

be divided into two categories: unsupervised and supervised methods.

2.2.1 Unsupervised Methods

In unsupervised methods, no labeled data is provided and the vector representations

are learned through leveraging the distributional hypothesis | i.e. words appearing

in similar contexts tend to have similar meanings. The word2vec model [60] was

probably the most successful method implementing this idea in a practical level.

Most of the unsupervised methods for learning document representation discussed

in this section are inspired by the word embedding methods, chie
y word2vec.

To represent a document, one of the most trivial approaches is to take the average

of the vector representations of the constituent words of the document, which is

known as continuous bag of words (CBOW) [60]. Since the CBOW model is not

optimized for the task of sentence representation, it is likely to be suboptimal. To

adapt CBOW model to sentence representation, Siamese CBOW is proposed [43].

Siamese CBOW tries to learn the word embeddings directly for the purpose of being
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averaged. That is, the proposed model learns word embeddings by predicting context

sentences using the middle sentence. The overall architecture of Siamese CBOW is

shown in Fig. 2.14.

Figure 2.14: An illustration of the overall architecture of Siamese CBOW [43].

The major limitation of CBOW and Siamese CBOW is that they both ignore the

ordering of the words in a document. For example, the vector representation that

they learn for the two sentencesA cat ate my cute snakeand A snake ate my cute cat

is the same, while they imply two di�erent meanings. In [62], the authors propose

to learn representations for n-grams, speci�cally bi-grams and tri-grams, likebrown

cat and a brown cat in I have a brown catas individual tokens, as well. This trick

addresses the mentioned limitation only to some extent and keeps the sequential

information for only short dependencies. A model called Sent2Vec [70] was then

proposed to combine both Siamese CBOW and then-gram representation learning

of the original CBOW. This way, they were able to optimize the learning of the

word (and n-grams) embeddings for the purpose of obtaining document vectors. In

another work, Socher et al. propose to use matrix-vector operations to combine the

word vectors in an order given by a parse tree of a given sentence [83]. This method,

as it relies on parsers, is shown to be only applicable for sentences and not paragraphs

or documents. Doc2vec [47] could probably be mentioned as the �rst work attempt-

ing to generalize word2vec to learning representations for sequences of words in a

paragraph. The authors proposed two di�erent variations of Doc2vec: Distributed

Memory (DM) and Distributed Bag of Words (DBOW). The training phase of the

DM variation of Doc2vec is similar to that of CBOW [60] which is predicting a word
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