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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-field of computer science, and more

specifically artificial 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 Intelligence that 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 artificial 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 significantly 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 be The hotel staff were so friendly and the food was great. It is ex-

pected that the developed method for this task predicts the POSITIVE 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 are noun, pronoun, verb, adjective, adverb, prepo-

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

Iran, the expected output could be the sequence pronoun, 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 significant improvements in almost every NLP task such

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

entity recognition [41], document classification [40], etc. Word embeddings, despite

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

real-valued vectors, suffer from a limitation that they cannot differentiate between

different meanings of each word. That is, they conflate all of a word’s senses into a

single vector. For example, the word apple 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 different 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

fixed. 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

definition), and text classification [13] — i.e. an NLP task in which a document or

sentence is assigned to a predefined category. Topic classification is an example of

document classification in which documents are categorized based on their contents

into different pre-defined 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 word apple in

the two sentences Everyday, I try to eat at least one apple and 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.

Definition modelling, recently introduced by Noraset et al. [69], is a specific type

of language modelling which aims to generate dictionary-style definitions for a given

word. Definition 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 definition modeling system and evaluate its output. If the definition

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 definition modeling in lexicog-

raphy is to keep dictionaries updated by generating definitions for newly-emerged

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

whose conventional meaning is to 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 is A 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 definition 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 defined, specifically 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 definition generation models

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

definition 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-specific definitions 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 definitions that a word can

imply in various contexts, rather than generating one context-specific definition for

the word used in a specific given context.
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In contrast, in this work, we propose a context-agnostic multi-sense definition gener-

ation model. Given a target word, without providing its usage in a specific context,

the proposed model generates multiple definitions corresponding to different senses of

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

multi-sense embeddings. As such, the definitions that are generated are based on the

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

age of words in that corpus. Under this setup — i.e., generating multiple definitions

for each word corresponding to senses present in a corpus — the proposed definition

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 definitions for that word. We consider two approaches to this matching

based on cosine similarity between sense vectors and reference definitions.

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 definitions.

It is also widely used for evaluating definition generation models — a machine-

generated definition for a given target word is compared against multiple reference

definitions associated to the given word in a dictionary. We evaluate our model on

fifteen 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 is Do multi-

sense embeddings enable definition generation models to generate multiple sense-

specific definitions for polysemous words? The short answer to this question is Yes.
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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 different senses of polysemous words. The second research question that

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

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

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

guages from different 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 definition 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 definition generation model which

incorporates pre-trained multi-sense embeddings.

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

nine languages from different language families.

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

guages for the definition modeling task.

4. Publishing trained multi-sense definition 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 definition 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 briefly

conclude our work.
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Chapter 2

Related Work

In this section, first 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 definition 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 briefly describe the traditional count-based word repre-

sentations, distributed neural network based word embeddings, fine-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 its kth

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 suffers from three lim-

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

efficiency 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 significant role in the meaning of the

sentences. For example, the sentences You 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 different 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 like dog, cat, and mouse is 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 different ways of initializing these vectors like zero

initialization or random initialization using different distributions (e.g., normal or

uniform distribution). In [45], the performance of different 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 defined 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 words dog 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 reflect any information. Moreover,

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

applied on them in a meaningful way. More specifically, 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 get queen. This observation demonstrates that

word embeddings have properly learned the semantic fact that king is to queen as

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 different types of animals or types of

11



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

flowers.

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 significant

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

high efficiency. Word2vec is a simple but efficient model which is presented through

12



two different 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 fixed-size context window

by minimizing the following loss function:

E = −log(p(wt|Wt)) (2.1)

where wt is the target word and Wt = wt−n, ..., wt, ..., wt+n is the sequence of words

in the context window. The general simplified 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 classification 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. So x in the training samples (x, y) is the pair of (target, random word) and

y is set to 0. The simplified 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 a V ∗ V co-occurrence matrix X, where the element Xij

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

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

X for an example sentence the cat sat on the mat is 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 words the and cat may get used together often, but word2vec

cannot realize if this is because the is a common word or if this is because the has a

strong linkage with cat. To calculate the probability of seeing words i and j with each

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

(Xij) by the number of times that word i has appeared in the corpus (
∑V

k=0Xik).

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 differ-

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 different meanings in different contexts: a financial

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 different senses of a third word,

which is not desirable [14]. For example, the words rat and keyboard which are two

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

similarity to the different unrelated senses of the word mouse, i.e., rodent and com-

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

NLP system using these word embeddings to represent words.

Figure 2.7: An illustration of the semantic deficiency 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 first cluster

the instances of each word type into different semantic categories and then learn

vector representations for different 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 first 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 efficient 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-specific representation

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

more steps after learning sense-specific representations. Li and Jurafsky [50] conduct

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

specific 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

sufficiently 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 identification 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 fine-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 fixed and given by the user.
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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 fixed 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 different topics. For

each topic, first, 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 different topic-based vector

spaces constitute strong semantic anchors which are used to define 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-specific vector representations for words. A sense
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inventory is a lexical resource which lists, for each word, different meanings it can

imply in different contexts. In one of the works attempting to extract and incor-

porate knowledge from a sense inventory to sense-specific 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-conflate different 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 effectively 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-conflate a given word represen-

tation into its constituent sense representations by utilizing semantic knowledge from

WordNet. This employment of an external sense inventory benefits the model from

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

meaning that neither a user should fix 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 suffer

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 definition generation model which is capable of

generating sense-specific definitions for unseen words or new senses of previously-seen

words. Benefiting 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 efficient benchmark for evaluating

the quality of word vectors. This task is designed to find 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, specifically 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 flow through a

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

contextualized representation of the kth word in a given context is computed with a

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

ELMok = γtask
L∑

j=0

staskj hLMkj (2.2)

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

where γtask is a scalar parameter which scales the entire ELMO vector, staskj are

softmax-normalized weights, and the indices k 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).
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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 briefly

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 significant advantages over the conventional sequential models

(RNN, LSTM, GRU, etc) [89]. Specifically, transformers are more effective in model-

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

dependency on previous tokens, transformer architecture is more efficient 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 first work to create a transformer based lan-

guage model with fine tuning, BERT is the first 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

efforts 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 filled

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 classification

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 significant achievements of BERT [23]

as the first 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 significant 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 different 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 term document 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 definition embedding methods

in which the definitions of words are encoded to give a richer representation of the

defined 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, chiefly 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 sentences A cat ate my cute snake and A snake ate my cute cat

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

to learn representations for n-grams, specifically bi-grams and tri-grams, like brown

cat and a brown cat in I have a brown cat as 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 the n-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 first work attempt-

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

paragraph. The authors proposed two different 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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by its context. However, here, the context words are the preceding words, not the

surrounding words. Besides, in this work, for each paragraph, a vector represen-

tation is learned to capture the topic of the paragraph. This paragraph vector is

also used when predicting a word in the paragraph (Fig. 2.15). Note that the term

paragraph here just means any sequence of words and it does not necessarily need

to be a paragraph. The second variation of Doc2vec, DBOW, is an extension of the

skip-gram model for document representation. In DBOW, each single context word

in the context of a word in a paragraph is predicted given the paragraph vector.

Note that in DBOW, word vectors are not jointly learned with paragraph vectors.

Figure 2.15: A simple illustration of the training phase of the Doc2vec-DM
model [47].

As mentioned in Section 2.1.3, transformers are a new neural network architecture

for modeling the sequential information of natural language text utilizing the atten-

tion mechanism [89]. Various models for natural language understanding and natural

language generation have been proposed using transformers such as BERT [23] and

GPT (1 and 2) [76, 77]. These models are capable of learning rich contextualized

embeddings for words appearing in contexts. In addition, they can also produce

representations for documents and any other given sequence of words. For example,
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in BERT, there is a special token (CLS) which is used in classification tasks for cap-

turing the entire word sequence in a fixed-length vector. However, these embeddings

still turn out not be such rich document representations for NLP tasks other than

classification [78]. Sentence-BERT (SBERT) is then proposed to adapt BERT to

producing richer document representations [78]. In SBERT, a siamese network ar-

chitecture is employed to derive semantically meaningful sentence embeddings which

can be compared using cosine similarity. Siamese network is a neural network ar-

chitecture which is used in one- or few- shot learning tasks where we do not have

enough training data for each sample.

2.2.2 Supervised Methods

The unsupervised methods described in the previous section try to learn embeddings

for documents and words without using external labels. In fact, their objective func-

tions are designed such that they utilize the labels that are freely available within the

data to learn the embeddings capturing semantic and syntactic features of the words

and documents. In contrast, in the supervised approach, external data is available

which is utilized by the objective function and training algorithm to learn rich word

and document representations.

A notable attempt to learn document representations from labeled data is to uti-

lize parallel corpora which is widely used for training machine translation systems.

Cho et al. [19] apply an auto-encoder to explicitly learn sentence and phrase em-

beddings from Europarl [46], a parallel corpus of sentences for machine translation.

Another noticeable attempt to learn document representations in a supervised man-

ner is presented in [90]. In this work, the proposed model learns word embeddings

and document representations by minimizing cosine similarity between pairs of para-
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phrases extracted from the PPDB paraphrase dataset.3

A number of other studies have been conducted so far utilizing other sources of la-

beled data to learn representations for documents, such as natural language inference

labeled data in [21] and question answering labeled data in [22]. However, among

these works, there is a category of studies that are more relevant to the thesis, in

which word–definition pairs extracted from dictionaries are utilized as stand-alone

or auxiliary sources of information for training word embeddings and document rep-

resentations.

Hill et al. [33] design a language model to learn vector representations for sentences

and phrases. Their model is trained by predicting the words given their definitions,

which is a sequence-to-word model. In this work, they have tried to propose an

approach for learning useful representations of phrases. They also evaluate the qual-

ity of the learned representations using two extrinsic tasks: reverse dictionaries and

general-knowledge crossword question answerers. In this study, they use two differ-

ent architectures for mapping the definitions to the defined words: a bag-of-words

(BOW) model, which discards the information about the order of the words in a

phrase, and an RNN model. The most striking observation from the reported results

is that the BOW model outperforms the RNN-based model in the reverse dictionary

evaluation. The training data used in this study is also composed of five dictionaries

augmented with entries from Wikipedia. In another study, Bosc and Vincent [11]

propose an auto-encoder which is trained on WordNet word–definition pairs and tries

to reconstruct the definitions. The embeddings extracted from this model are shown

to perform better than most of the previous works in capturing semantic similarities.

3http://paraphrase.org/
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2.3 Definition Modeling

Definition Modeling is a new task in natural language processing (NLP) which was

first introduced in 2017 by Noraset et al. [69]. The main aim of definition modeling

is to generate dictionary-style definitions for any given word. Prior work on defini-

tion modeling can be divided into two categories based on the approach they take

to generate definitions which can be context-agnostic or context-aware.

2.3.1 Context-agnostic methods

In context-agnostic approaches, to produce a definition for a target word, the defini-

tion generation model is conditioned only on the vector representation of the target

word, regardless of the context the word appears in. This approach may ignore pol-

ysemy and only produce definitions corresponding to the most frequent meaning of

the target word captured by the word embedding methods.

The first work on definition modeling [69] proposes a context-agnostic model to learn

a definition generation model for English words. They define definition modeling as

the task of generating a definition sequence (D) for a given word (w∗). This could

also be thought of as a more direct way for representing the semantics captured

by embeddings. In that work, their proposed model is built on a recurrent neu-

ral network (RNN) based language model [61] which models the probability of the

definition sequence as follows:

P (D|w∗) =
T∏
t=1

p(wt|w1, ..., wt−1, w
∗) (2.3)

P (wt = j|w1, ..., wt − 1, w∗) = Softmax(Wdh
′
t + bd) (2.4)
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where T is the length of the definition sequence (D), and wt is the tth word of D.

Softmax is the softmax function applied on model weights (Wd), model bias (bd),

and the hidden state of the LSTM definition decoder (h′t).

They also improve their RNN-based model by incorporating a character-level con-

volutional neural network (CNN) [44] which leads to substantial improvements. In

order to condition the model on the target word, the authors propose several meth-

ods for incorporating the given word into the model such as adding the word to the

beginning of the definition sequence as a seed, providing the model with the word

at each time step, and updating the hidden representation using the given word.

For the purpose of training and evaluation, they present a dataset which contains

words associated with their corresponding definitions from WordNet [63] — a lexical

database of semantic relations between words developed in more than 200 languages

— and GNU Collaborative International Dictionary of English (GCIDE).4 The mod-

els proposed in this study utilize the pre-trained Word2Vec embeddings [60]. The

use of single-sense word embeddings in this work, restricts their model to generating

definitions only for the most frequent meaning of the given word and ignores pol-

ysemy. This is a particularly important limitation because a significant number of

English words are associated with more than one sense [63].

To overcome the limitation of the first work [69] in dealing with polysemy, a number

of studies have been published taking a context-agnostic approach. Yang et al. [93]

propose a context-agnostic model which incorporates sememes into Chinese defini-

tion generation. Sememes are defined as minimum semantic units of word meanings,

and usually the meaning of each word sense is composed of several sememes. For ex-

ample, the meaning of the word hotel is composed of five sememes, which are place,

4http://gcide.gnu.org.ua/
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tour, eat, recreation, and reside. In this work, the authors first construct a Chinese

dataset containing triples of the target word, sememes and a definition for a specific

sense of the target word, where the sememes are annotated with HowNet5 [98], and

the definitions are annotated with Chinese Concept Dictionary (CCD) [96]. Then,

to incorporate sememes into the definition generation task, they propose two models

within the encoder-decoder framework. The first model employs adaptive atten-

tion mechanism [53] in a LSTM-based encoder-decoder architecture. In their second

model, however, they totally replace RNN connections with transformers [89]. This

fully attention-based model allows for more parallelization and better performance.

At test time, their models are able to generate a definition for a specific sense of the

target word by encoding the sememes corresponding to that given sense. Although,

by incorporating sememes, they are able to address polysemy in a context-agnostic

approach, their model suffers from a noticeable limitation. In their proposed model,

sememes which are the core information to sense-specific definition generation are

provided by HowNet which uses manual annotation and covers a limited number of

words. Obviously, it does not include sememes for words that have recently emerged

— e.g. the word felfie which refers to a photo people take of themselves and their

family — or words that have recently taken on new meanings — e.g. the word tweet

which recently has taken another meaning related to the social media service Twitter

in addition to its traditional meaning. On the other hand, our model, to address

polysemy, utilizes multi-sense embeddings which are produced by semi-supervised

methods without the need for any manual annotation. To include multi-sense em-

beddings for newly-emerging words, the multi-sense embedding method just needs

to be re-trained on a recent corpus (i.e. Wikipedia6 or Google News7).

5HowNet is a common-sense knowledge base maintaining inter-conceptual and inter-attribute
relationships of concepts as implying in lexicons of the Chinese and their English equivalents.

6https://www.wikipedia.org
7https://www.news.google.com
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In another context-agnostic study, to overcome the limitation of [69] in generating

multiple definitions for polysemous words, Zhu et al. [99] propose a multi-sense model

for generating definitions for the various senses of a target word. This model uti-

lizes word embeddings and coarse-grained atom embeddings to represent senses [4],

in which atoms are shared across words. In an atom embedding method, instead

of learning representations for each word type, representations are learned for more

general concepts and topics. During the decoding stage, the vector representation

of a given word is a concatenation of the word embedding, atom embedding, part

of speech embedding, and output of a CNN character-level affix detector. Then,

the LSTM gates control the information flow coming from each of these sources.

In this multi-sense setting, the dataset contains several definitions for each word

corresponding to multiple meanings of the word. On the other hand, each word is

associated with multiple atom embeddings which correspond to different senses of

the word. To match sense vectors to reference definitions during training, the au-

thors propose a neural approach utilizing Gumbel-Softmax [38], and also consider

a heuristic-based approach that incorporates cosine similarity between senses and

definitions. In the current study, our proposed approach to this matching is sim-

ilar to their heuristic-based approach, although we explore two variations of this

method. Besides, contrary to their approach, our model does not stick to word em-

beddings and only relies on fine-grained multi-sense embeddings. Furthermore, [99]

only consider English for evaluation, whereas we consider fifteen datasets covering

nine languages.

In a different context-agnostic study [7], instead of focusing on polysemy, the authors

address domain-specific definition generation. Specifically, they propose a model in-

spired by the definition generation model proposed in [69] for generating definitions

for the terms in the software domain. In their model, they propose to incorporate
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some domain-specific knowledge such as co-occurrence entities and ontology infor-

mation into it. In this work, entities refer to the tags that are associated with each

question in Stack Overflow website,8 and co-occurrence entities are the tags that

are seen together on Stack Overflow questions. The authors also propose to use an

augmented version of cross entropy loss function to force the model to reconstruct

the given term from the generated definition. One of the additional sources of infor-

mation they proposed to benefit from is the entity–entity association information;

however, it does not prove to be useful as it does not lead to any improvements.

Another source of information they incorporate into the model is the ontological

category information which proves to be helpful and increases the robustness of the

model. Besides, to train and evaluate their model, they construct a new dataset of

the software-specific terms associated with their technical definitions and some addi-

tional information — e.g. co-occurrence entities and ontology information — which

is gathered from Stack Overflow forums. Employing pre-trained word embeddings,

their model still lacks the ability to generate sense-specific definitions for multiple

meanings of polysemous words as the word embeddings utilized in their work do not

capture multiple senses of each word type separately.

2.3.2 Context-aware methods

Inspired by the fact that words are defined by the contexts they are used in [60], a

number of studies have proposed context-aware models considering the context the

target word appears in for definition generation. The main aim of these approaches

is to address homonymy and polysemy. Homonymy and polysemy are two concepts

for lexical ambiguity of language which imply the presence of multiple related and

unrelated meanings for a single word, respectively.

8https://stackoverflow.com
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As the first context-aware study, Ni and Wang [68] propose a neural network sequence-

to-sequence model for defining newly emerging non-standard English expressions

considering the context they are used in. Their proposed model consists of two

encoders and one decoder. In their proposed model, the encoders first encode the

contextual information as well as the character-level structure of the given phrase.

Then, a decoder is trained on the linear combination of the encoders to predict a

definition for the given phrase. The results demonstrate the superiority of the dual-

encoder model in terms of BLEU score compared to the models with one encoder.

Although they have taken the contextual information into account, all senses of a

word are still represented using a single dense vector, which may hinder their model

from dealing with polysemy.

To specifically address polysemy and homonymy, a number of studies have proposed

context-aware approaches to definition modeling. In [28], the authors propose two

RNN-based models for disambiguating word senses in the definition modeling task

using the context in which a word appears. Specifically, they utilize the Adaptive

Skip Gram model [8] and an attention mechanism which uses the context of a word

being defined for disambiguation. The proposed model in this work uses the con-

textual information to predict a proper definition with respect to the word meaning

intended in the context. Similarly, in another context-aware study [37] propose an

RNN-based conditional language model benefiting from both local and global con-

texts — local context is defined as the explicit contextual information included in a

single sentence, while global context refers to the implicit contextual information in

the word embedding trained in an unsupervised manner on large-scale corpora — to

generate definitions for rare or unseen words and phrases. In this work, the global

contexts are captured using single-sense pre-trained word2vec word embeddings [60],

while a bi-directional LSTM is used to capture the local contextual information of
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a given word. A uni-directional LSTM, equipped with the attention mechanism, is

then applied on the encoder output. This work, unlike the previous ones, is capable

of using both global and local contexts in isolation and alongside each other. How-

ever, this model, to address polysemy, is still directly dependent on the appearance of

the target word in a context. Moreover, this study only considers single-sense word

embeddings in the proposed model. In fact, without having the local contextual

information, this model is not capable of generating definitions for multiple senses

of the target word.

One of the interesting characteristics of word embeddings is that words have large val-

ues in specific dimensions of their sparse representations which correspond to specific

semantic concepts [26, 85]. Benefiting from this property, Chang et al. [18], propose

a context-aware model learning a mapping from the dense vector representation of a

word to a sparse vector representation of higher dimension, in which each dimension

represents specific concepts or senses. Then, in a component called Mask Generator,

they take a dot product of this sparse vector and the encoded local context of the

target. This step assigns higher attention weights to the dimensions corresponding

to the word sense that is meant in the given context. Eventually, after the sense

disambiguation step, they train a language model with a two-layer GRU [19] which

is conditioned on the word embedding and the context masked vector to generate

sense-specific definitions. Their proposed model demonstrates an improvement in

terms of BLEU score compared to context-agnostic and context-aware baselines.

As mentioned in Section 2.1.3, contextualized embeddings like ELMo [73] and BERT [23]

have outperformed traditional single context-independent word embeddings and made

significant improvements on NLP tasks [2, 51, 15, 55]. Zhang et al., to utilize con-

textualized embeddings in definition modeling, propose a context-aware architecture
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based on encoder-decoder to generate definitions and usage examples for a given

word with respect to the context the word appears in [97]. Their proposed model

first employs BiGRU with a max pooling layer [21] to encode the context of the given

word. Then, using Scaled Dot-Product Attention [89] between the word embedding

and the encoded context, it produces a context-aware semantic representation for

the target word in the given context, which is then fed to a two layer GRU decoder

as the input at each time step. ELMo embeddings are used to obtain the contex-

tualized embedding of the target word which is given to the decoder as the initial

hidden state. In this framework, to address usage modeling, they also propose two

multi-task sequence to sequence models [54] to combine definition modeling and us-

age modeling sharing the representations at different levels. Usage modeling, similar

to definition modeling, is a dictionary-related task in which a model is trained to

generate dictionary-style usage examples for any given word. In their multi-task

models, they use two separate decoders to generate definition and usage examples,

both of which get the input vectors from a shared encoder. Their proposed models

achieve state-of-the-art performance on both definition and usage modeling at the

time of the writing.

In a different study, the authors propose to reformulate the task of definition mod-

eling from natural language generation (NLG) to classification [17]. In their new

formulation, their model learns a mapping between the semantic space of contextu-

alized word embeddings and the space of word definition embeddings. In this study,

they use the pre-trained transformer-based universal encoder [16] to encode both

definitions and contexts. In addition to the employment of the sentence encoder,

they also propose to employ ELMo and BERT to obtain context-dependant vector

representations for the given word. Next, a 7-layer multi-layer perceptron is ap-

plied on the contextualized word embedding to translate it to a point in the space
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of definition embeddings. Finally, during the inference stage, given a target word

and its context, a proper definition is retrieved from the top k nearest neighbors of

the predicted embedding in the definition embedding space. This work, despite its

novel reformulation of definition modeling from NLG to classification and good per-

formance over prior work, is restricted only to previously-existing definitions. That

is, for a new word with a new meaning, this model is not able to predict the correct

definition as it does not have a relevant definition for that meaning in its database.

In [69], definition modeling was introduced as a word-to-sequence task in which given

the embedding of a word, a proper definition is generated. Obviously, this modeling

is restricted to generating a single definition for the given word ignoring semantic

ambiguity of the given word. Studies like [28, 37, 18] then propose context-aware

models to disambiguate the given word with respect to the given context. In a differ-

ent context-aware study [59], the authors argue that sequence-to-sequence is a more

natural way of formulating definition modeling instead of word-to-sequence. They

believe during the definition generation, the decoder needs to have access to the

target word and all the tokens accompanying the target word in a context, rather

than only one contextualized word embedding for the target word. In this work,

they propose two simple approaches to mark the tokens in the given sequence as the

target word or context word. To evaluate their proposed formulation, they employ

a transformers-based definition generator [89]. Their model demonstrates significant

improvements compared to prior work.

All the works described in this section, despite their good performance, require local

contextual information of the target word to generate multiple sense-specific defini-

tions for multiple senses of polysemous words. In this setting, in order to generate

definitions corresponding to all possible senses of a polysemous word, you need to
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feed the model with usage examples for each sense of the target word. The main idea

of our work is to propose a context-agnostic definition generation model which tries

to generate sense-specific definitions for all existing senses of a given word attested

in a corpus, without the need for providing usage examples. Our proposed model

incorporates multi-sense embeddings into a definition generation model to achieve

this aim.
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Chapter 3

Proposed Model

Definition modeling is a recently-introduced NLP task which aims to predict the

likelihood for any sequence of tokens as a candidate definition for a given target. In

this section, we describe our two proposed multi-sense definition generation models

which take a word and its sense-embeddings as input and generate multiple defini-

tions, one for each of different recognized senses of the given word, as output.

The proposed multi-sense definition generation models in this study, unlike most of

the previous works [28, 37, 59], are context-agnostic which means that the definitions

of a word are predicted regardless of the context the word appears in. The intuition

behind proposing context-agnostic models in this study is that the number of senses

a word can convey in various contexts is not absolute. That is, the borders between

different meanings each word can imply are to some extent vague. For instance, in

two example sentences I will go to the bank to deposit some money to my account

and the bank of Canada has changed some of its privacy policies, one may consider

the word bank to imply the same financial meaning, while one may see different

meanings for this word in a more meticulous perspective: a financial building and

a financial institution. As a result, a context-aware model may end up producing
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possibly different definitions for each usage of the given word in different sentences.

Subsequently, for a word type seen in n sentences, we may end up having 1 to n

different definitions, which is not what we see in dictionaries — i.e. for the usages

of the target word in multiple similar contexts, only one definition is listed. There-

fore, instead of considering the local contexts in our model, we propose to rely on

the global context captured by the sense embedding methods from large corpora to

generate sense-specific definitions.

In this study, we propose to extend the single-sense model proposed by Noraset et al.

in [69] to a multi-sense definition generation model. Therefore, we build our models

on the basis of this single-sense model which we refer to as the base model in the

remainder of this thesis.

3.1 Single-Sense Base Model

The base model is basically a language model initialized with word embeddings

which is conditioned on a word being defined (w∗) to learn the definition (D =

[w1, ..., wt, ..., wT ]) of the given word. The probability of the tth word of the definition

sequence D is calculated based on the previous words, [w1, ..., wt−1], in the definition

as well as the word being defined w∗ (Equation 3.1) where T is the length of the

definition sequence (D), and wt is the tth word of D. The probability distribution

is estimated by a softmax function (Equation 3.2).

P (D|w∗) =
T∏
t=1

p(wt|w1, ..., wt−1, w
∗) (3.1)

P (wt = j|w1, ..., wt − 1, w∗) = Softmax(Wdh
′
t + bd) (3.2)

Softmax is the softmax function applied on model weights (Wd), model bias (bd),
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and the hidden state of the LSTM definition decoder (h′t).

The base model is composed of a recurrent neural network (RNN) — long short term

memory (LSTM) is chosen as the RNN unit — for learning the sequence of the words

appearing in the definitions and a fully-connected layer (FC layer) mapping hidden

units to the vocabulary words whose output is given to a softmax for the calculation

of the probabilities. The target word to be defined is given to the network as the

initial hidden state, and a special token (<BOD>) is given as the seed input token

to the network as depicted in Fig. 3.1. At each time step, the index of the predicted

definition word (vn) is mapped into the word’s embedding to be fed into the model

at the next time step.

Figure 3.1: An illustration of the recurrent architecture of the single-sense definition
generation model.

The hidden state of the RNN unit at each time step (ht) in the base model is

calculated as follows:

ht = g(vt−1, ht−1, v
∗) (3.3)
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where g is a non-linear function for the network, vt denotes the vector representation

of the tth token of the definition sequence, and v∗ indicates the vector representation

of the target word being defined. Moreover, in order to let the model pay different

attentions to the target word when generating definition tokens — including words

carrying semantic information and non-semantic words like function words and stop

words — the output of the recurrent unit is updated with a GRU-like update function

as follows:

zt = σ(Wz[v
∗;ht] + bz) (3.4)

rt = σ(Wr[v
∗;ht] + br) (3.5)

h̃t = tanh(Wh[(rt � v∗);ht] + bh) (3.6)

ht = (1− zt)� ht + zt � h̃t (3.7)

where [a; b] denotes concatenation between two vectors a and b, σ is the sigmoid

function used as a non-linearity, and � represents element-wise vector multiplica-

tion. zt is the output gate controlling how much of the output of the RNN unit

should change, and rt is a reset gate controlling how much information from the

target word v∗ should be passed in. ht presented in Equation 3.3 is finally updated

as shown in Equation 3.7.

In addition to the RNN unit described above, a character-level convolutional neural

network (CNN) is employed to capture sub-word features. The reason behind uti-

lizing this CNN unit is to enable the model to better deal with out-of-vocabulary
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(OOV) words — i.e. words for which no vector representation is learned in the given

pre-trained word embeddings. It is hypothesized that sub-word features like words’

roots, prefixes, and suffixes can provide a good estimation of the meaning of the

given OOV word.

Figure 3.2: An illustration of the character-level CNN unit employed in the single-
sense definition generation model [95].

The employed character-level CNN in this model is inspired by the character-level

language model proposed in [44]. As could be seen in Fig. 3.2, each word is first split

into its constituent characters, then each character is mapped into its index in a char-

acter dictionary. Next, in order to have fixed-size vectors for every given word, zero

padding technique is applied. The character indices then are mapped into randomly-

initialized low-dimensional dense vector representations such that each character is

represented by a low-dimensional dense vector. In the CNN unit, different kernels

of varying sizes are applied on the word characters to capture n-gram features from

the given word. A max pooling layer is used to decrease the dimensionality of the

obtained feature vectors. Finally, a highway network is employed to get the final

sub-word vector representation for the given word. Highway network is an approach

utilized to optimize networks and increase their depth. Highway networks, inspired
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by LSTM recurrent neural networks, use trainable gating mechanisms to regulate

information flow.

3.2 Multi-Sense Models

The base model described in the previous section utilizes a pre-trained word embed-

ding method which assigns a single vector representation to each word type regardless

of the different multiple meanings the word can imply in various contexts. This, in

turn, limits the ability of the definition model in generating definitions for different

senses of a given polysemous word.

In order to extend the base model to be able to generate multiple sense-specific

definitions for the polysemous words, we propose to utilize multi-sense embeddings.

A multi-sense embedding method, instead of learning one vector representation for

each word type, learns separate vector representations for each recognized sense of

a word type. In order to differentiate between multiple different senses a word im-

plies, it uses the contexts the word has appeared in throughout the training corpus.

Among existing methods to learn multi-sense embeddings, some methods automat-

ically detect the number of different senses a word may imply in different contexts,

which are referred to as non-parametric methods [8, 66]. On the other hand, some

multi-sense embedding methods like MUSE [48] are parametric which means that

they assume a fixed number of different senses for all words.

As described in Section 2.1.3, contextualized word embeddings are very recent suc-

cessful methods to learn multiple vector representations for each word type, which

seems to be a good candidate to enable definition generation models to generate

multiple sense-specific definitions for polysemous words. However, we do not believe

48



they can be a good solution to the problem as they produce embeddings based on the

local contexts which could be utilized in context-aware definition generation mod-

els. Since multi-sense embedding methods, as opposed to contextualized embedding

methods, use global contextual information obtained from a huge training corpus, we

propose to use them in our context-agnostic multi-sense definition generation model.

The datasets that we use in our experiments to train and evaluate the models are

monolingual dictionaries containing varying numbers of definitions associated to each

word (one for monosemous words and more than one for polysemous words). On

the other hand, in the employed pre-trained multi-sense embeddings, multiple vec-

tor representations are assigned to each word — one to each recognized sense of the

word. Note that the number of existing reference definitions available in the dataset

for a given word is not necessarily equal to the number of vector representations

learned by the multi-sense embedding method for the same word.

Therefore, in order to utilize multi-sense embeddings in a definition generation model,

we need a function to map the trained sense-specific vector representations of a word

to the corresponding reference definitions provided for the word in the datasets.

To this aim, we propose to employ cosine similarity function to calculate pair-wise

similarity between multiple sense vectors and reference definitions provided for each

word in the dataset. Then, the sense–definition pairs with the highest similarity

are chosen as the training instances for the model. The cosine similarity function

calculating the similarity between two given vectors p and q is as follows:

Similarity(p, q) = cosθ =
p · q
‖p‖‖q‖

=

n∑
i=1

piqi√
n∑

i=1

pi2
√

n∑
i=1

qi2
(3.8)
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To associate sense vectors of a target word with corresponding reference definitions,

we consider two approaches employing cosine similarity function: definition-to-sense

(Def2Sense) and sense-to-definition (Sense2Def). For both approaches we require a

representation of definitions. As described in Section 2.2, there are various methods

to learn vector representations for documents (sequences of words). In this study,

we propose to represent a definition as the average of its word embeddings — similar

to CBOW method [60] — after removing stopwords. For each word in the training

data, we then calculate the pairwise cosine similarity between its sense vectors and

definitions. For Def2Sense, each definition is associated with the most similar sense

vector for the corresponding word. For sense-to-definition, on the other hand, each

sense is associated with the most similar definition. For both approaches, the se-

lected Sense2Def pairs form the training data.

Note that these approaches to pairing senses and definitions are only used to create

training instances. At test time, to generate definitions for a given target word, each

sense vector for the target word is fed to the definition generation model, which then

generates one definition for each of the target word’s sense vectors. Note that as

we intend to evaluate the ability of the proposed multi-sense models in generating

multiple definitions for unseen words, the words that the models are evaluated on at

test time are not among the words that the models were trained on.

The overall architecture of the proposed multi-sense definition generation model is

illustrated in Fig. 3.3.
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Figure 3.3: An illustration of the overall architecture of the proposed multi-sense
model.
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Chapter 4

Experimental Setup

In this chapter, we describe the datasets, word and sense embeddings, evaluation

metrics, model setup, and the baseline used in our experiments.

4.1 Datasets

In this work, we conduct a multi-lingual study of definition modelling. To this aim,

we extract monolingual dictionaries for nine languages covering several language

families, from three different sources: Wiktionary,1 OmegaWiki,2 and WordNet [63].

Wiktionary is a free collaboratively-constructed online dictionary for many lan-

guages. A disappointing point about Wiktionary is that the structure of Wiktionary

pages is not consistent across languages. Therefore, extracting word–definition pairs

from Wiktionary pages for a given language requires a carefully-designed language-

specific parser, which moreover requires some knowledge of that language to build.

We therefore use publicly-available Wiktionary parsers. We use WikiParsec for En-

1https://en.wiktionary.org
2http://www.omegawiki.org
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glish, French, and German,3 and Wikokit for Russian,4 to extract word–definition

pairs for these languages. English, French, German, and Russian are the only lan-

guages for which we have been able to find publicly-available parsers.

Another resource that we use to construct the desired dictionaries for our experi-

ments is OmegaWiki. OmegaWiki, like Wiktionary, is a free collaborative multi-

lingual dictionary. A significant advantage of OmegaWiki over Wiktionary is that

in OmegaWiki, the data is stored in a relational database. This makes the pro-

cess of extracting words and definitions much easier to automate without the need

for language-specific parsers. However, the size of the dictionaries is smaller com-

pared to those of Wiktionary. Therefore, we extract the word–definition pairs from

OmegaWiki for English, Dutch, French, German, Italian, and Spanish — the six lan-

guages with the largest vocabulary size in OmegaWiki — using the BabelNet Java

API [65].

The third resource which we use to build the monolingual dictionaries for our ex-

periments is WordNets [63]. We only use WordNets for which the words and def-

initions are in the same language. Many WordNets published for languages other

than English only map words of the target language to the definitions and synsets

of the English WordNet. That is, they do not offer definitions for the words in

the target language. Therefore, we cannot use them to build suitable datasets for

our experiments in definition modeling. To extract the word–definition entries from

English [63], Italian [6], and Spanish [27] WordNets, we again use the BabelNet

Java API [65]. We separately extract word–definition pairs from Greek [84] and

Japanese [36] WordNets.

3https://github.com/LuminosoInsight/wikiparsec
4https://github.com/componavt/wikokit
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Properties of the extracted datasets are shown in Table 4.1. The number of words

defined in all dictionaries varies between 11500 to 20000. As could be seen, a signif-

icant difference between the dictionaries extracted from the existing sources is the

variance of the number of definitions per each word. In OmegaWiki, the variance

ranges between 0.36 to 0.86, which means the number of definitions associated to

each word does not vary too much. However, this value goes to the range of 1.05 to

7.73 in Wiktionary dictionaries. In WordNet dictionaries, the variance is still higher

than that of OmegaWiki, but to a lower extent. It is worth mentioning that the

machine that we have access to for our experiments is equipped with an NVIDIA

V100 Volta GPU with 16 GB of memory, while the datasets we construct for the

experiments are quite large and require more than 16 GB of GPU memory. As

such, due to this computational limitation, we have to down-sample the extracted

datasets. To do so, we randomly choose a subset of the target words to be defined

from the datasets. The down-sampling ratio, depending on the size of the original

datasets, varies between 0.5 to 0.75. Note that the properties reported in Table 4.1

correspond to the down-sampled datasets.

The datasets are split into training, development, and test sets with portions of 80%,

10%, and 10%, respectively. We make sure that during the split, all the definitions

for any given word are included in only one of the three sets as we intend to explore

the ability of the models in generating the definitions of the words that were not

previously seen during the training phase.

4.2 Word and Sense Embeddings

Following Noraset et al. [69], we use word2vec embeddings [60] in the singe-sense

definition generation model (i.e., the base model described in Section 3.1).
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Language # Words Proportion polysemous Average Variance

Wiktionary

English 17000 0.27 1.73 7.73
French 20000 0.26 1.39 1.14
German 16000 0.26 1.48 1.50
Russian 15000 0.17 1.33 1.05

OmegaWiki

Dutch 13093 0.18 1.24 0.36
English 17000 0.20 1.33 0.86
French 15869 0.17 1.26 0.59
German 13338 0.12 1.17 0.34
Italian 18351 0.21 1.33 0.68
Spanish 17000 0.19 1.30 0.64

WordNet

English 20000 0.18 1.44 2.81
Greek 11517 0.26 1.50 1.47
Italian 16290 0.22 1.37 0.79
Japanese 20000 0.30 1.47 0.893
Spanish 18934 0.12 1.21 0.71

Table 4.1: Properties of the extracted Wiktionary, OmegaWiki, and WordNet dictio-
naries for nine languages. Proportion polysemous presents the portion of polysemous
words in each dictionary. In the average column, the average of the number of def-
initions per word is given for each dictionary. In the variance column, the variance
of the number of definitions per word is shown for each dictionary.
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For the proposed multi-sense definition generation models, we utilize AdaGram

multi-sense embeddings [8]. AdaGram is a non-parametric Bayesian extension of

skip-gram [62] which learns a variable number of sense vectors for each word, un-

like many multi-sense embedding models which learn a fixed number of senses for

every word. Note that although in our experiments, we choose AdaGram method to

train multi-sense embeddings, any multi-sense embedding method could potentially

be used.

It is worth mentioning that we initially also considered MUSE multi-sense embed-

dings [48], but as it performed poorly compared to AdaGram [8], we did not continue

the experiments with MUSE. Table 4.2 shows some properties about the senses rec-

ognized by AdaGram for nine languages and MUSE for English. As could be seen,

the similarities between the senses detected by MUSE for each word are much higher

than the similarities between the senses recognized by AdaGram. This observation

can justify the reason of the poor performance of MUSE compared to that of Ada-

Gram in our experiments. What we conclude from these results is that AdaGram

has been more successful in differentiating between multiple different senses of pol-

ysemous words and learning corresponding embeddings. For this reason, we only

report the results of our experiments with AdaGram [8] in Chapter 5.

For each language, word2vec and AdaGram embeddings are trained on the most re-

cent Wikipedia dumps as of January 2020.5 We extract plain text from these dumps,

and then pre-process and tokenize the corpora using tools from AdaGram,6 modified

for multilingual support, except in the case of Japanese where we use the Mecab tok-

5https://dumps.wikimedia.org
6https://github.com/sbos/AdaGram.jl/blob/master/utils/tokenize.sh
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Language Avg. Sim. Min. Sim. Avg. Num.

AdaGram

Dutch 0.25 0.21 1.91
English 0.27 0.22 2.58
French 0.28 0.24 1.90
German 0.26 0.22 2.41
Greek 0.24 0.19 2.90
Italian 0.26 0.21 2.25
Japanese 0.25 0.17 4.19
Russian 0.23 0.17 2.98
Spanish 0.25 0.21 2.17

MUSE

English 0.81 0.80 2.99

Table 4.2: Some statistical information about the sense embeddings trained by
AdaGram and MUSE methods. Columns Avg. Sim., Min. Sim., and Avg. Num.
represent average of similarities between senses of each word, average of minimum
similarities between senses of each word, and average of number of senses per word,
respectively.

enizer.7 The resulting corpora range in size from roughly 86 million tokens for Greek

to 3.7 billion tokens for English (presented in Table 4.3). The same pre-processing

and tokenization is also applied to the datasets of words and definitions extracted

from dictionaries.

Language DE EL EN ES FR IT JA NL RU

# Tokens 1.2B 86M 3.7B 811M 1.1B 675M 586M 355M 773M

Table 4.3: The number of tokens of the training corpora

We train word2vec embeddings [60] using Gensim with its default parameters.8 We

also use the default parameter settings for AdaGram [8] as these default parameters

are demonstrated in the original paper to lead to the best performance of the model.

7https://github.com/jordwest/mecab-docs-en
8https://radimrehurek.com/gensim/
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To obtain representations for words, as opposed to senses, from AdaGram sense

embeddings, as required to form representations for definitions (Section 3.2), we

take the most frequent sense vector of each word (as indicated by Adagram) as the

representation of the word itself.

4.3 Evaluation Metrics

BLEU [71] has been widely used for evaluation in prior work on definition mod-

elling [69, 37, 68]. While BLEU is appropriate for evaluation of single-sense definition

generation models, it does not capture the ability of a model to produce multiple

definitions corresponding to different senses of a polysemous word. We therefore also

consider a recall-based variation of BLEU, known as rBLEU, in which the generated

and reference definitions are swapped [99], i.e., the overlap of a reference definition

is measured with respect to the generated definition(s). For each target word, we

calculate rBLEU as the average rBLEU score for each of its reference definitions

(for both single and multi-sense models). In addition to precision-based BLEU, and

recall-based rBLEU, we report the harmonic mean of BLEU and rBLEU, referred to

as fBLEU (equation 4.1).

fBLEU =
2 ∗BLEU ∗ rBLEU

BLEU + rBLEU
(4.1)

4.4 Model Setup

For choosing the overall architecture and hyper-parameters of the models, we fol-

low [69]. All of the definition generation models in this study utilize a two-layer

LSTM as the RNN unit with 300 units in each level and a character-level CNN with

kernels of length 2-6 and size 10, 30, 40, 40, 40 with a stride of 1 for detecting the
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affixes. The optimization algorithm used to train the language models is Adam [8]

with the learning rate of 0.001. During the definition generation phase in test time,

we sample tokens at each time step from the predicted probability distribution of

words with a temperature of 0.1. In order to remove the effect of chance from our

results, we do this process 10 times and generate 10 definitions at each definition

generation step. Finally, we report the averaged BLEU, rBLEU, and fBLEU scores.

4.5 Baseline

The baseline against which we compare our model is the single-sense model proposed

by Noraset et al. [69] which utilizes word2vec embeddings [60]. The reason we choose

this work as the baseline of our study is twofold. First, this study is the first work

introducing the definition modeling task and is considered as a standard baseline

by most of prior work on definition modeling. Second, most of the recent works on

definition modeling have conducted context-aware studies [68, 28, 37, 59, 17], and the

single-sense model proposed by Noraset et al. [69] is one of the few context-agnostic

approaches.
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Chapter 5

Results

In this section, we present experimental results comparing the performance of the

proposed multi-sense definition generation models described in Section 3.2 (Def2Sense

and Sense2Def) against the single-sense base model [69] described in Section 3.1. The

performance of the models is first evaluated quantitatively using variations of the

BLEU score (Section 5.1), and is then evaluated qualitatively (Section 5.2).

5.1 Quantitative Results

The performance of the proposed multi-sense models on OmegaWiki, Wiktionary,

and WordNet datasets is quantitatively compared against that of the base (single-

sense) model in Table 5.1 using variations of BLEU score. What is most remarkable

in the presented results is that across all fifteen datasets covering nine languages, a

multi-sense model — i.e., Sense2Def or Def2Sense — has outperformed the single-

sense baseline in terms of rBLEU and fBLEU while BLEU is not substantially im-

pacted. The results presented in Table 5.1 show us that not only rBLEU and fBLEU

but also in many cases the original BLEU score has improved by incorporating multi-

sense embeddings on Wiktionary datasets. This means not only are the proposed

60



Table 5.1: BLEU, rBLEU, and fBLEU for the single-sense definition generation
model (base) and the proposed multi-sense models using Sense2Def (S2D) and
Def2Sense (D2S) for each dataset. The best result for each evaluation metric and
dataset is shown in boldface.

Lang. Model
OmegaWiki Wiktionary WordNet

BLEU rBLEU fBLEU BLEU rBLEU fBLEU BLEU rBLEU fBLEU

DE
base 12.12 11.55 11.83 11.35 08.80 09.91 – – –
S2D 12.43 16.26 14.09 15.00 15.82 15.40 – – –
D2S 12.44 16.83 14.31 14.07 16.54 15.21 – – –

EL
base – – – – – – 13.21 12.06 12.61
S2D – – – – – – 12.44 12.85 12.64
D2S – – – – – – 13.08 13.63 13.35

EN
base 14.74 14.32 14.53 20.21 16.88 18.40 13.78 12.77 13.26
S2D 14.23 16.02 15.07 18.88 16.99 17.89 12.85 13.09 12.97
D2S 15.22 17.80 16.41 21.49 19.78 20.60 13.84 14.84 14.32

ES
base 17.68 17.70 17.69 – – – 26.46 24.69 25.54
S2D 16.52 19.00 17.67 – – – 25.80 28.14 26.92
D2S 17.54 20.28 18.81 – – – 25.68 27.97 26.78

FR
base 12.58 12.66 12.62 63.48 59.87 61.62 – – –
S2D 11.70 14.26 12.85 63.56 60.00 61.73 – – –
D2S 11.94 14.82 13.23 64.12 60.41 62.21 – – –

IT
base 12.29 11.93 12.11 – – – 21.33 20.65 20.98
S2D 11.43 13.61 12.43 – – – 20.35 23.67 21.88
D2S 11.74 13.95 12.75 – – – 21.96 25.10 23.43

JA
base – – – – – – 10.13 08.50 09.24
S2D – – – – – – 11.53 11.96 11.74
D2S – – – – – – 09.42 09.37 09.39

NL
base 14.37 14.04 14.20 – – – – – –
S2D 13.49 15.88 14.59 – – – – – –
D2S 14.46 17.07 15.66 – – – – – –

RU
base – – – 47.04 46.04 46.53 – – –
S2D – – – 46.24 46.69 46.46 – – –
D2S – – – 47.52 48.09 47.80 – – –
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models able to generate multiple definitions for different senses of a polysemous word

(higher rBLEU score) but also generate definitions of higher quality (higher BLEU

score).

rBLEU is a recall-based evaluation metric that indicates the extent to which the

reference definitions are covered by the generated definitions. A multi-sense defini-

tion generation model — which produces multiple definitions for a target word —

is therefore particularly advantaged compared to a single-sense model — such as

the base model — which produces only one, with respect to this metric. Indeed,

we see that for every dataset, both Sense2Def and Def2Sense, outperform the base

model in terms of rBLEU. BLEU, on the other hand, is a precision-based metric that

indicates whether a generated definition contains material present in the reference

definitions. The improvements of the multi-sense models over the base model with

respect to rBLEU do not substantially impact BLEU — as observed by the overall

higher fBLEU obtained by the multi-sense models.

Focusing on fBLEU, we observe that Def2Sense often performs better than Sense2Def.

The number of sense vectors learned by Adagram for a given word is on average higher

than the number of reference definitions available for that word, for every dataset.

We hypothesize that the poor performance of Sense2Def relative to Def2Sense could

therefore be due to sense vectors being associated with inappropriate definitions.

Through a thorough inspection on the results presented in Table 5.1, we may notice

the high relative performance of the models trained on French Wiktionary compared

to other dictionaries. Through a manual analysis of the word–definition pairs in

this dictionary, we have noticed that French Wiktionary is a very easy dataset to

learn compared to other dictionaries. Most of the words defined in this dictionary
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are various inflected forms of another base word. Inflection is a process in linguistic

morphology in which changes are made to the base form of a word to form new

words expressing different grammatical meanings (e.g. the word colorful is an adjec-

tive which is formed by adding the suffix ful to the base word color which has a noun

meaning). As such, most of the definitions have some common phrases (i.e. participe

passé masculin singulier du verbe which means past participle masculine singular of

verb). This similarity in the definition sequences makes the dataset much easier to

learn compared to other datasets.

5.2 Qualitative Results

In addition to the quantitative evaluation, we also qualitatively compare the pro-

posed model against the single-sense model. In Table 5.2, the definitions generated

by the single-sense model (baseline) and the def2sense multi-sense model for some

example words are presented.

As could be seen, for the word state, the base model generates three definitions: (1)

a state of a government, (2) to make a certain or permanent power, and (3) to make

a certain or administrative power. In contrast, the multi-sense model generates the

following three definitions, which appear to capture a wider range of the usages of

the word state: (1) a place of government, (2) a particular region of a country, and

(3) a particular place of time. Looking at the definitions generated by both models,

we may notice that the proposed model has been able to generate definitions cor-

responding to different senses the word state may imply in different contexts. On

the other hand, only one of the definitions generated by the base model seems to be

correct (a state of a government), while the two other ones (to make a certain or
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permanent power and to make a certain or administrative power) do not seem to be

correct definitions for the target word state.

Baseline Multi-sense Model
State

a state of a government a place of government
to make a certain or permanent power a particular region of a country
to make a certain or administrative power a particular place of time

Memory

a recollection a memorial
a recollection a record of a computer program
the act of remembering the act of recalling

Obstacle

a difficulty to be a hindrance to
a difficulty or difficult effect a hindrance
a difficulty or difficult act a small piece of wood or metal

Table 5.2: The qualitative comparison of the models’ generated definitions for some
example words.

The definitions generated by the base model and the multi-sense model for the word

memory are both presented in Table 5.2. As could be seen, the multi-sense model

has successfully generated definitions for two different meanings the word memory

can imply in various contexts: a memorial and a record of a computer program.

However, both models have mispredicted a verbal sense for the word memory by

generating the definitions the act of remembering and the act of recalling. We argue

that this misprediction is related to part-of-speech (POS) which neither of the mod-

els have explicit information about when generating a definition for a given word.

We hypothesize that by incorporating the POS tags in definition modeling, we may

improve this sort of mispredictions. Further, the reason of the appearance of a repet-

itive definition (a recollection) among the definitions generated by the base model
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gets back to the approach we use for having the base model generate multiple defini-

tions. To do so, we simply give the target word to the base model as input multiple

times to get multiple definitions.

Finally, the improvement of the multi-sense model over the base model is evident in

the definitions generated by both models for the word obstacle. The two last defini-

tions generated by the multi-sense model (a hindrance and a small piece of wood or

metal) cover a conceptual and a physical meaning of the word obstacle, respectively.

On the other hand, the definitions generated by the base model only covers one of

the senses of the target word (a difficulty).

Overall, considering both quantitative results (Table 5.1) and qualitative results

(Table 5.2), the best results are obtained using a multi-sense model — i.e., sense-to-

definition (Sense2Def), or definition-to-sense (Def2Sense), for every dataset. These

results indicate that a multi-sense model is able to generate definitions that better

reflect the various senses of polysemous words than a single-sense model, without

substantially impacting the quality of the individual generated definitions.
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Chapter 6

Conclusion

Natural language processing (NLP) is a sub-field of computer science and artificial

intelligence which has attracted much attention in the recent years. The goal of the

algorithms developed in NLP is to enable computers to understand natural (human)

language. NLP algorithms typically deal with textual data which can be the tran-

script of speech or some written text. In NLP, different tasks have been defined such

as sentiment analysis, machine translation, document classification, etc. Definition

modelling is a recently-introduced NLP task which aims to generate dictionary-style

definitions for a given word. For instance, given the word river, a trained definition

generation model is expected to generate a proper sentence defining river such as a

natural stream of water.

The main research question of this study is do multi-sense embeddings enable defini-

tion generation models to generate multiple sense-specific definitions for polysemous

words? Most of the prior work on definition modeling does not account for polysemy

— i.e., words can have multiple meanings depending on the context in which they are

used — or has done so by considering the context in which the target word is used.

For example, such a definition generation model (called context-aware) gets the word
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bank and a sentence in which the word is used like my friend and I spent an hour

at the bank of St. john river. The model then is expected to generate a definition

for the given word bank considering its usage in the given sentence. The main goal

of this study, as expressed in the research question, is to explore if employing multi-

sense embeddings instead of traditional word embeddings like word2vec enables the

definition generation models to produce multiple sense-specific definitions for poly-

semous words. In this study, as opposed to the prior work proposing context-aware

approaches to definition modeling, we proposed a context-agnostic multi-sense model

to employ the multi-sense embeddings in a definition generation model. A model is

called context-agnostic if it produces definitions for a given target word regardless of

the context the word is used in. I.e., instead of focusing on a specific given context

(local context), it considers all the contexts in which the given word has appeared

throughout the training corpus (global context).

To train this model, we needed to feed it with word–definition pairs. Since we utilized

multi-sense embeddings instead of word embeddings, for each word we had multiple

trained vectors representing senses. We also had multiple definitions associated to

each word in the dataset. Therefore, we needed a mapping function to pair each of

the sense vectors with the corresponding word definitions. Our proposed multi-sense

model employed two similarity-based mapping approaches to associate word defini-

tions to their corresponding sense vectors, referred to as Sense2Def and Def2Sense.

After preparing the dataset for the multi-sense model training, we used an RNN

based language model enhanced by a character-level CNN for subword feature ex-

traction for definition generation.

The second research question of this study is is the proposed multi-sense model ap-

plicable to other languages than English? Most of the prior work targeting definition
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modeling has only focused on English. In this study, we have tried to explore the

performance of definition modeling on other languages to see if the proposed mod-

els has the ability of working with multiple languages. Therefore, we conducted a

multi-lingual study including nine languages from several language families. As the

first multi-lingual work on definition modeling, we had to prepare and construct the

required resources for multiple languages. We constructed fifteen datasets for nine

languages from three different online sources: Wiktionary, OmegaWiki, and Word-

Net. Furthermore, we trained AdaGram multi-sense embeddings [8] on Wikipedia

dumps for all nine languages.

The answer to both research questions of this study based on the results of our

experiments is YES. Specifically, our quantitative and qualitative evaluations of the

models demonstrate that the proposed multi-sense models have been able to generate

multiple sense-specific definitions for polysemous words. To quantitatively measure

the performance of the models, we used three variations of BLEU score [71]: orig-

inal BLEU, rBLEU, and fBLEU. BLEU is an evaluation measure widely-used for

machine translation. It is also widely used for evaluating definition generation mod-

els. While BLEU is used to evaluate the quality of the generated word definitions,

rBLEU as a recall-based measure, is utilized to assess the ability of the models in

generating multiple definitions for polysemous words. fBLEU is the harmonic mean

of the BLEU and rBLEU which evaluates both mentioned abilities of the models.

The results of our experiments demonstrate that the proposed models have outper-

formed the single-sense baseline in terms of fBLEU and rBLEU on all fifteen datasets

for nine languages. Code and datasets for the experiments conducted in this study

are publicly available.1

1https://github.com/ArmanKabiri/Multi-sense-Multi-lingual-Definition-Modeling
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For future work, there are different lines of research that can be taken. First, in

this study we employed AdaGram multi-sense embeddings in our proposed multi-

sense model. We intend to explore the possibility of employing other multi-sense

embeddings. We hypothesize the performance of a multi-sense definition genera-

tion model has a direct relationship with the performance of the utilized multi-sense

embeddings. In future work, we can conduct the same experiments with different

multi-sense embeddings to analyze the corresponding effect on the performance of

the models. Furthermore, we propose to consider the possibility of incorporating

word sense induction (WSI) in multi-sense definition modeling. WSI is an open

problem in NLP which concerns the automatic identification of the possible senses

of each word. We believe WSI methods can be a good alternative to multi-sense

embeddings in definition modeling.

Another future direction that we intend to consider is to conduct further studies

on the mapping function used for associating sense vectors to word definitions. An

issue with the current mapping approach that we have used in our model is that it

necessarily tries to associate each word definition to one of the existing sense vectors,

or each sense vector to one of the existing word definitions in def2sense and sense2def

variants, respectively. In other words, it neglects the fact that for some definitions or

some vector senses, there might not exist any related sense vector or word definition,

respectively. The reason for this phenomenon is that the sense vectors are trained

on a training corpus, while the word definitions come from a different resource which

is a dictionary.

The last direction of the future work that we propose is to study definition modeling

in a cross-lingual setting. All the prior work studying definition modeling has been

in a mono-lingual setting. Even this thesis studies definition modeling for multiple
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languages in a mono-lingual setup. That is, the given target word and the expected

word definition are in the same language. Inspired by bilingual dictionaries, we

intend to work on proposing a cross-lingual definition generation model which gets

a target word in a language and generates a proper definition for the given word in

another language. We believe cross-lingual word embeddings which map vocabularies

of different languages to a same vector space can be a valuable resource for this task.
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