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ABSTRACT

DISCLOSING ZIPFIAN REGULARITIES IN
SEMANTIC BREADTH OF WORDS VIA

MULTIMODAL GAUSSIAN EMBEDDINGS

Furkan Şahinuç

M.S. in Electrical and Electronics Engineering

Advisor: Aykut Koç

Co-Advisor: Haldun Özaktaş

November 2021

Being one of the most common empirical regularities, Zipf’s law for word fre-

quencies is a power-law relation between word frequencies and frequency ranks of

words. In this thesis, the semantic uncertainty (i.e., semantic coverage) of words

is quantitatively studied through non-point distribution-based word embeddings

and a new Zipfian regularity is revealed. Uncertainty or semantic coverage of

a word can increase due to several reasons such as polysemy, having a broad

meaning (such as the relation between broader emotion and narrower exasper-

ation) or a combination of both. Although there are studies that touch upon

measuring the generality-specificity levels of words, Zipfian patterns of these fea-

tures are not shown quantitatively with a theoretical background. Main aim of

this thesis is to bridge this gap in the Zipfian literature. To this end, variances

of Gaussian embeddings are utilized to quantify to what extent a word can be

used in different senses or contexts. Using the variance information embedded in

the non-point Gaussian embeddings, Zipfian patterns which exist in the semantic

breadth of words are quantitatively shown when polysemy is controlled. This

outcome is complementary to Zipf’s law of meaning distribution and the related

meaning-frequency law by indicating the existence of Zipfian patterns: more fre-

quent words tend to be generic and uncertain. In contrast, less frequent ones tend

to be specific. To verify the generalization of our findings, Zipfian patterns are

investigated in the scope of the polysemy neutralization, various language prop-

erties and several languages from different language families: English, German,

Spanish, Russian, and Turkish. Such regularities provide valuable information

to extract and understand relationships between semantic properties of words

and word frequencies. In various applications, performance improvements can
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be obtained by employing these fundamental regularities. A method is also pro-

posed to leverage the Zipfian regularity to improve the performance of baseline

lexical entailment detection algorithms. To the best of our knowledge, this the-

sis is the first quantitative study that uses Gaussian embeddings to examine the

relationships between word frequencies and semantic breadth.

Keywords: Word variances, Word frequencies, Zipf’s law, Meaning-frequency re-

lation, Zipfian regularities, Word entailment, Semantic breadth.



ÖZET

ÇOK MODLU GAUSS KELİME TEMSİLLERİ İLE
SÖZCÜKLERİN ANLAMSAL GENİŞLİĞİNDEKİ

ZIPF’SEL DÜZENLİLİKLERİN ORTAYA ÇIKARIMI

Furkan Şahinuç

Elektrik Elektronik Mühendisliği, Yüksek Lisans

Tez Danışmanı: Aykut Koç

İkinci Tez Danışmanı: Haldun Özaktaş

Kasım 2021

En yaygın ampirik düzenliliklerden biri olan Zipf kelime frekansları yasası,

kelime frekansları ve kelimelerin frekans sıraları arasındaki bir kuvvet yasası

ilişkisidir. Bu tezde, sözcüklerin anlamsal kararsızlıkları (anlamsal kap-

sayıcılıkları), noktasal dağılıma dayalı olmayan kelime temsilleri yoluyla nicel

olarak incelenmiştir ve yeni bir Zipf’sel düzenlilik ortaya çıkarılmıştır. Bir keli-

menin kararsızlığı ya da kapsayıcılığını; çok anlamlılık, kelimenin geniş bir an-

lama sahip olması (Örneğin, daha geniş duygu ve daha dar kızgınlık arasındaki

ilişki gibi) veya her ikisinin birleşimi gibi nedenlerle artabilir. Sözcüklerin

genellik-özgüllük düzeylerini ölçmeye değinen çalışmalar olmasına rağmen, bu

tür özelliklerin Zipf’sel düzenlilikleri teorik bir arka plan ile nicel olarak

gösterilmemektedir. Bu tezin temel amacı Zipf literatüründeki bu boşluğu doldur-

maktır. Bu amaçla bir kelimenin farklı anlamlarda veya bağlamlarda ne kadar

kullanılabileceğini ölçmek için Gauss temsillerinin varyansları kullanılmıştır. Nok-

tasal olmayan Gauss temsillerinde gömülü olan varyans bilgisini kullanarak, çok

anlamlılığın kontrol altına alındığı durumlarda, kelimelerin anlamsal genişliğinin

de Zipf’sel düzenlilikler sergilediği nicel olarak gösterilmiştir. Bu sonuç, Zipf

anlam dağılımı yasasını ve onunla ilgili olan anlam-frekans yasasını, Zipf’sel

düzenliliklerin varlığını göstererek şu şekilde tamamlar: Daha sık kullanılan ke-

limeler genel anlamlı olma eğilimindeyken, daha az sıklıkta olanlar özel anlamlı

olma eğilimindedir. Bulgularımızın genelleştirilmesini doğrulamak için Zipf’sel

düzenlilikler, çok anlamlılığın nötrlenmesinde, farklı dil özelliklerinde ve İngilizce,

Almanca, İspanyolca, Rusça ve Türkçe gibi farklı dil ailelerine mensup dillerde

araştırılmıştır. Bu tür düzenlilikler, kelimelerin anlamsal özellikleri ile kelime
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frekansları arasındaki ilişkileri ortaya çıkarmak ve bu ilişkileri anlamak için değerli

bilgiler sağlar. Çeşitli uygulamalarda, bu temel düzenlilikler kullanılarak per-

formans iyileştirmeleri elde edilebilir. Temel sözcüksel gereklilik algılama algo-

ritmalarının performansını geliştirmek için Zipf’sel düzenliliklerden yararlanmak

için bir yöntem de önerilmiştir. Bildiğimiz kadarıyla, bu tez kelime frekansları ve

anlamsal genişlik arasındaki ilişkileri incelemek için Gauss temsillerini kullanan

ilk nicel çalışmadır.

Anahtar sözcükler : Kelime varyansları, Kelime frekansları, Zipf yasası, Anlam-

frekans ilişkisi, Zipf’sel düzenlilikler, Kelime gerekliliği, Anlamsal genişlik.
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Fethi Taha Çevik and Berk Karadede for their invaluable friendship. They had

always cheered me on when things got a bit discouraging and celebrated each

accomplishment. A special thanks go to Selim Furkan Tekin. I wish all the best

for him. I also thank all my friends from my undergraduate time at Bilkent.

Last but not the least, I would like to thank my family. From my first steps

until today, I have always found their support behind me. Without them, none

of my accomplishments would exist.

vii



Contents

1 Introduction 1

2 Word Embeddings 5

2.1 Conventional Word Embeddings . . . . . . . . . . . . . . . . . . . 5

2.2 Transformer-Based Language Models . . . . . . . . . . . . . . . . 8

2.3 Gaussian Word Embeddings . . . . . . . . . . . . . . . . . . . . . 9

3 Zipf’s Laws 15

3.1 Zipf’s Law of Word Frequencies . . . . . . . . . . . . . . . . . . . 15

3.2 Zipf’s Law of Meaning Distribution . . . . . . . . . . . . . . . . . 17

3.3 Zipf’s Law of Abbreviation . . . . . . . . . . . . . . . . . . . . . . 19

3.4 Other Studies Related to Zipf’s Laws . . . . . . . . . . . . . . . . 20

4 Uncovering the Zipfian Regularities of Semantic Breadth 22

4.1 Calculating Representative Variance Values . . . . . . . . . . . . . 23

viii



CONTENTS ix

4.2 Leveraging Zipfian Regularities in Entailment Improvement . . . . 25

4.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

4.3.1 Examining Zipfian Regularities Through Multimodal Gaus-

sian Embeddings . . . . . . . . . . . . . . . . . . . . . . . 28

4.3.2 Effects of Polysemy and Experiments on Sense-Controlled

Corpora . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

4.3.3 Control Experiment on Randomly Constructed Corpus . . 40

4.3.4 Zipfian Regularities on Swadesh and Number Words . . . . 41

4.3.5 Experiments with Different Frequency Thresholds . . . . . 45

4.3.6 Results on the Corpora from Different Languages . . . . . 48

4.3.7 Entailment . . . . . . . . . . . . . . . . . . . . . . . . . . 53

5 Discussion and Conclusions 56



List of Figures

3.1 Frequency-rank relations of the most frequent 100 words of a corpus. 16

3.2 Frequency-rank relations of the most frequent 100 words of a cor-

pus in logarithmic scale. . . . . . . . . . . . . . . . . . . . . . . . 17

4.1 Diagram of experimental procedure. . . . . . . . . . . . . . . . . . 23

4.2 Two dimensional histogram of word variances and work ranks. . . 29

4.3 Two dimensional histogram of word variances and word ranks in

logarithmic scale. . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.4 Minimum variances of multimodal Gaussian embeddings. . . . . . 32

4.5 Minimum variances of multimodal Gaussian embeddings in loga-

rithmic scale. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

4.6 Maximum variances of multimodal Gaussian embeddings. . . . . . 33

4.7 Maximum variances of multimodal Gaussian embeddings in loga-

rithmic scale. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.8 Variances of unimodal Gaussians embeddings. . . . . . . . . . . . 36

4.9 Variances of unimodal Gaussians embeddings in logarithmic scale. 36

x



LIST OF FIGURES xi

4.10 Variances of Gaussian embeddings trained on the sense-controlled

corpus. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.11 Variances of Gaussian embeddings trained on the sense-controlled

corpus in logarithmic scale. . . . . . . . . . . . . . . . . . . . . . . 39

4.12 Variances of Gaussian embeddings trained on the SemCor corpus. 39

4.13 Variances of Gaussian embeddings trained on the SemCor corpus

in logarithmic scale. . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.14 Variances of Gaussian embeddings trained on the randomly created

corpus. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.15 Variances of Gaussian embeddings trained on the randomly created

corpus in logarithmic scale. . . . . . . . . . . . . . . . . . . . . . . 42

4.16 Two dimensional histogram of average variances of Swadesh words. 43

4.17 Two dimensional histogram of average variances of number words. 44

4.18 Average variances of Gaussian embeddings (frequency threshold =

50). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.19 Average variances of Gaussian embeddings in logarithmic scale

(frequency threshold = 50). . . . . . . . . . . . . . . . . . . . . . 46

4.20 Average variances of Gaussian embeddings (frequency threshold =

200). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.21 Average variances of Gaussian embeddings in logarithmic scale

(frequency threshold = 200). . . . . . . . . . . . . . . . . . . . . . 47

4.22 Average variances of Gaussian embeddings for the Turkish corpus. 49



LIST OF FIGURES xii

4.23 Average variances of Gaussian embeddings for the Turkish corpus

in logarithmic scale. . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.24 Average variances of Gaussian embeddings for the German corpus. 50

4.25 Average variances of Gaussian embeddings for the German corpus

in logarithmic scale. . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.26 Average variances of Gaussian embeddings for the Russian corpus. 51

4.27 Average variances of Gaussian embeddings for the Russian corpus

in logarithmic scale. . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.28 Average variances of Gaussian embeddings for the Spanish corpus. 52

4.29 Average variances of Gaussian embeddings for the Spanish corpus

in logarithmic scale. . . . . . . . . . . . . . . . . . . . . . . . . . . 53



List of Tables

4.1 Variance values of the word bank for multimodal Gaussian embed-

dings with different number of modes . . . . . . . . . . . . . . . . 35

4.2 Correlations scores. Variance vs. frequency for both bimodal and

sense-controlled corpora. WordNet number of senses vs. frequency

from [1]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.3 Number of tokens and vocabulary size. . . . . . . . . . . . . . . . 49

4.4 Frequency-variance correlation comparison of languages. . . . . . 53

4.5 Precision, Recall and F1 scores of the entailment test on BBDS

dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.6 Precision, Recall and F1 scores of the entailment test on BLESS

dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

xiii



List of Publications

This thesis includes content from following publications(s):
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Chapter 1

Introduction

People are social creatures by their nature. To meet their necessities, people need

to communicate with each other. This constitutes a fundamental reason for the

emergence of languages. Just like the development of humankind, languages con-

tinuously evolve. Evolutions of languages proceed under the influence of dynamic

requirements of humans.

Needless to say, communication is a two-sided phenomenon. There is a message

sender at one side and a receiver that understands the received message and

takes an action accordingly. Language is the changeable channel between these

two participants. As with everything in the universe, using this channel comes

at a cost. Both the sender and receiver desire to minimize their costs as much

as possible. However, there exists a conflict of interest between the sender and

receiver since reducing the cost at one side means an increase in cost at the other

side.

The sender always wants to tell the intention with the least effort. For this

purpose, s/he needs to use as the smallest number of words as possible. Ideal

case for the sender is that a single word that covers every possible meaning tells

the whole story to the receiver. In other words, one word should contain all

meanings.

1



On the other side of the coin, the receiver wants every received word to stand

for a distinct meaning. Deciding which word matches to which meaning (i.e.,

decoding the intended meaning of a received word) will increase the effort of the

receiver. Therefore, there should be an one-to-one and onto function relation

between words and meanings in the best case for the receiver.

One can easily see that minimizing the effort or the cost of one side means

maximizing the other side’s effort. Languages take shape from this trade-off.

None of the natural languages consists of only one word that represents every

meaning or innumerable words for each distinct nuanced sense. There is a com-

promise or equilibrium between these two sides. In his seminal work, George

Kingsley Zipf explains this phenomenon in the scope of “the principle of the least

effort” [2]. According to Zipf, some words have more than one meanings while

others indicate single meanings. The important factor related to the number of

meanings of words is the word frequency.

In addition to conventional Zipf’s law of word frequencies, Zipf also asserts

that there is power law relation between the rank of word frequencies and the

number of distinct meanings words possess [3]. This phenomenon is named as the

Zipf’s law of meaning distribution. According to [3], frequent words (i.e., more

used words in a language) carry more meanings than infrequent words (i.e., they

have more number of senses). Similar version of this logic behind this property

of languages can be seen in the Huffman Coding [4].

Although the Zipf’s law of meaning distribution constitutes a basis for the

emergence of polysemy, words have several other properties such as side mean-

ings and subordinate-superordinate relations. Such features other than polysemy

enrich the meaning of words depending on the context where words occur. In

other words, meanings of words highly depend on other words that surround

them. Firth summarizes this notion by “You shall know a word by the company

it keeps.” [5]. From that point, it is apparent that words have a certain degree of

uncertainty and this uncertainty indicates how many different contexts the word

can be found in.
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There are theoretical studies that contribute to Zipfian relations, especially to

the Law of Meaning Distribution. In [6], origins of the Zipf’s Law of Meaning

Distribution is investigated in detail. Zipf’s hypothesis on the number of mean-

ings and the frequency is transformed to a suitable version to communication

theory [6]. On the other hand, [7] mentions the degree of generality of words and

introduces the features of a semantic space where a measure that can specify the

generality of words. Main purpose of this thesis is to introduce another theoret-

ical background that merges Zipfian statistics and semantic generality of words

(i.e., semantic breadth).

In this thesis, semantic breadth is quantitatively studied within the scope of

Zipfian statistics. Breadth refers to the extent of meaning of a word when the

effects of polysemy are removed or reduced as much as possible. Uncertainty of

a word increases due to polysemy, having broad meaning (such as the relation

between broader emotion and narrower exasperation) or a combination of both.

[7] refers the notion of meaning extent where words broad or generic are used

on the one hand and narrow or specific on the other to refer the extent or

breadth of a word’s meaning. We quantitatively study the relationship between

semantic breadth of a word and its frequency rank and reveal the Zipfian regular-

ities: more frequent words tend to be semantically broader, even when the effects

of polysemy are eliminated. Previously, [7] has touched upon this idea and pre-

dicted such a relation, where possible semantic volumes are mentioned together

with the concepts of generic and specific words. However, this notion has not

been embodied with quantitative evidence. By an approach using non-point

word representations, for the first time, our study presents quantitative results

that complement the theoretical intuition and predictions from [7]. Furthermore,

unlike the previous works where the number of senses of a word is studied with

respect to its frequency, to the best of our knowledge, we reveal the Zipfian regu-

larities between semantic breadth and frequency ranks of words for the first time.

While inspecting Zipfian regularities of semantic breadth of words, multimodal

Gaussian word embeddings are utilized [8]. As will be described in Chapter 2

in detail, Gaussian word embeddings encode words as probability distributions.

In this word embedding scheme, every word is represented with a mean vector

3



and a covariance matrix. The mean vector determines the location of the word

in n-dimensional semantic vector space while the covariance matrix includes the

variance values indicating the semantic uncertainty of words. In this study, since

the variance values are measures of the semantic uncertainty, they are used as

indicators of semantic breadth as well while examining Zipfian patterns of the

semantic breadth of the words.

There are three main contributions presented in this thesis: (i) To the best

of our knowledge, Zipfian regularities in semantic breadth of words are quantita-

tively shown for the first time. (ii) It has been shown that the reflections of Zipf’s

law on different features in natural languages continue on word variances as well.

(iii) Lexical entailment detection performance can be increased by leveraging the

disclosed Zipfian regularity. This thesis is based on the published journal article

“Zipfian regularities in non-point word representations” [9] which is an output of

the studies conducted during M.S. education.

The organization of the thesis is as follows. In Chapter 2, a review of the

word embeddings are given along with the structure of the multimodal Gaussian

embeddings which are used as the main tools for demonstrating the Zipfian reg-

ularity of semantic breadth. Main framework of Zipf’s laws are given in Chapter

3. In the same chapter, related work of Zipf’s law including studies that make

improvements on conventional Zipf’s law or adaptations to various domains, are

also given. The methodology followed to uncover Zipfian features of the differ-

ent language properties and constructed experimented setups are presented along

with the obtained results in Chapter 4. Finally, the thesis will conclude by pre-

senting the overall discussion of the results and of possible future implications in

Chapter 5.
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Chapter 2

Word Embeddings

2.1 Conventional Word Embeddings

Necessity of mathematical models for words in Natural Language Processing

(NLP) and Computational Linguistcs leads to the introduction of various rep-

resentation methods. [10] is one of the milestone studies for the introduction of

the modern word embeddings in language modeling, where word embeddings are

referred as distributed representations of words. In that study word embeddings

are referred as distributed representation of words. Here, word embeddings are

not trained in a standalone training scheme. A neural network language model

(NNLM) is proposed and word embeddings are trained jointly along with the

language model parameters. On the other hand, [11] becomes one of the leading

studies that shows the worth of word embeddings in various NLP tasks.

Later, by the introduction of word2vec, word embeddings become the main

tools employed in NLP tasks mostly as input to the underlying neural network

architectures [12, 13]. In these studies, two novel model architectures are pro-

posed to compute word representations. These models are named as CBOW

(Continuous Bag-of-Words Model) and Skip-gram. Unlike previous NNLM mod-

els, hidden layers before the output layer in feed-forward network are not used.

5



This enables the model to be more efficient in terms of training complexity. At

each iteration, these two models manage the words within a window [12]. In

CBOW model, words taking place before and after the target word are utilized

to predict the target word. The order of the surrounding words in the window are

not important, they are projected into same position by averaging their vectors

[12]. The Skip-gram model has similar methodology with CBOW. However, the

Skip-gram tries to predict words before and after the current word. Objective to

be maximized in Skip-gram model is given as follows [13]:

1

T

T∑
t=1

∑
−c≤j≤c
j 6=0

log p(wt+j|wt), (2.1)

where, c is the size of the context window, wt is the target word, T is the number of

words in the training corpora. Skip-gram model defines the probability p(wt+j|wt)
using the softmax function as follows [13]:

p(wO|wI) =
exp (v

′
wO

>
vwI

)∑W
w=1 exp (v′

w
>vwI

)
, (2.2)

where, vw and v
′
w are the input and output vector representations of word w

and W is the size of the vocabulary. By learning these embeddings, word sim-

ilarity relations are encoded easily and some analogy relations in language are

captured. Questions involving country-capital, man-woman and some grammat-

ical features can be solved by simple linear operations. For example, the vector

X = v(“Turkey”)− v(“Ankara”) + v(“Athens”) is calculated. Then, the closest

vector to X based on cosine distance gives the vector v(“Greece”) as expected.

Following the same procedure, similar semantic and syntactic relations can be

displayed such as king-man / queen-woman or large-largest / high-highest.

GloVe (Global Vectors) embeddings are proposed not long after the intro-

duction of word2vec model [14]. Different from word2vec, GloVe model extracts

co-occurrence information from the corpus and trains word embeddings on this in-

formation. Main motivation of this model is that relevant words take place within

6



similar contexts and consequently obtain higher co-occurrence counts. For exam-

ple, the probability that the word solid occurs in the context of ice is greater

than the probability that solid occurs in the context of steam. Ratios of the

co-occurrences of the words from the real corpus confirm this hypothesis in [14].

The cost function used in training of the GloVe model is given as follows:

J =
V∑

i,j=1

f(Xi,j)(w
T
i w̃j + bi + b̃j − logXij)

2, (2.3)

where, V stands for size of the vocabulary, i and j are the indexes of the words,

wi indicates the vector of word i, bi and bj are bias terms. Finally, Xi,j is the co-

occurrence value of the words i and j. In addition, the squared cost is weighted.

Weighting function is chosen such that rare and frequent co-occurrences are not

overweighted. In addition, this function needs to approach 0 fast enough as co-

occurrence values approach to 0 such that limx→0 f(x) log2(x) is finite [14]. The

proposed function is given as follows:

f(x) =

(x/xmax)
a, x < xmax

1, otherwise
(2.4)

where, xmax and a are the hyperparameters to be optimized. In original imple-

mentation, xmax and a are taken as 100 and 0.75 respectively. Like word2vec

model, GloVe also achieves successful results in analogy and similarity tests. De-

spite having different training procedures, word2vec and GloVe models constitute

milestones in the conventional word embeddings literature.

Success and practicability of word embeddings lead to the emergence of a vast

literature built upon word embeddings. For example, interpretability problem

is considered as one of the main research area regarding word embeddings. In

general, word embeddings are used as a black-box and their dimensions are not

interpretable. [15] investigates the encoded information behind word embedding

dimensions. In addition, there are studies generating interpretable word embed-

dings by using non-negative matrix factorization (NMF) [16], by using sparse

encoding [17] and by imparting lexical resource information to word embeddings
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[18].

Word embeddings are also used as tools in explaining the relations between

different languages [19, 20], learning features of low-resource languages [21] or

even non-engineering domains such as legal studies [22, 23, 24].

2.2 Transformer-Based Language Models

Although word embeddings usher a new era in NLP by enconding word informa-

tion into dense vectors, they still have a number of deficiencies. These type of

models are very advantageous in word similarity and word analogy tasks. Nev-

ertheless, they include word information via standalone way. Possible different

contexts or senses are encoded in a single vector. However, a major defect is that

model performance decreases in more complex or high level tasks such as sentence

classification or question answering. Therefore, transformer based models that

consider context information are started to emerge. Transformers, in the simplest

terms, are language models that can encode and decode words along with their

contextual features [25, 26, 27, 28, 29].

To increase performance of neural models in high level tasks, attention mech-

anism was proposed in [30, 31]. Starting point of the attention technique is to

obtain better machine translation results. In classical approach, words of source

language is fed to a Recurrent Neural Network (RNN) model generating a con-

text vector which is a representation of the sentence from the source language.

Policy that is followed up to generate context vector is called encoding. Then,

the context vector is decoded and corresponding words in target language are

generated. Here, the main bottleneck is the effort to cram all information of

source sentence in the context vector. Regardless of the length of the sentence in

the source language, information is always encoded in a single context vector. In

longer sentences, it is hard to keep all information in a single context vector. In

proposed attention mechanism, encoder hidden states coming from RNN model

are also fed to the decoder. Therefore, further context information contained
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by source sentence is transferred to the decoding phase. Inspired by previous

fundamental works, transformer model is introduced in [25]. Transformers boost

the speed and performance of the models that use attention. Such models lead

to the emergence of the transformed based language models such as BERT [28],

GPT and their successors [26, 27, 29]. Transformer based language models are

typically subject to pre-training phase followed by fine-tuning. Pre-training is

unsupervisedly carried out on a large corpus while fine-tuning is performed by

a supervised learning according to specific tasks such as sequence classification,

question answering, language generation and named entity recognition. Trans-

former based language models generally produce state-of-the-art results in the

aforementioned high level NLP tasks.

2.3 Gaussian Word Embeddings

Although transformer based language models achieve state-of-the art results in

many high level NLP tasks, they are not direct representations of words. There-

fore, they have not proper solutions for deficiencies of conventional word embed-

dings. One of the main drawback is that conventional models treat all words as

points in semantic vector spaces. For that reason, such models are occasionally

called point embeddings. Regardless of semantic extent of words, they are rep-

resented as single points in the semantic space. There is no difference between

representation of a conjunction which has no meaning alone and a word including

many side meanings or covering a broad semantic extent such as animal. This

leads to a failure in reflecting actual semantic coverage of words. Another ex-

ample is that words emotion and exasperation are both represented as points.

However, emotion contains a broad extent of meanings and can be used in dif-

ferent contexts and senses. In contrast, exasperation stands for only a partic-

ular feeling of intense irritation or annoyance, which is quite specific compared

to generic emotion. Although the neighbors of emotion come from diverse con-

texts compared to those of exasperation in a semantic vector space, point-wise

word embeddings are not capable of semantically distinguishing words with broad

meanings from words with narrow and specific meanings.
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There are studies that aim to encode word semantics better. This type of

embeddings originate from the idea that words are not to be restricted to sin-

gle points within the semantic space. [32] is one of the pioneering studies with

this objective. This work has been followed by [33], where a model has been

proposed with the main objective of attenuating the ambiguities emerging from

polysemy to capture hypernym-hyponym relations. Several years later, Vilnis

and McCallum [34] come up with an idea that differently deals with the disad-

vantages of conventional word embeddings by representing words with probability

density functions. The chosen distribution for word embeddings is Gaussian dis-

tribution. They encode word semantics as Gaussian distributions and propose

Gaussian word embeddings (w2g), In this model, words are represented as mul-

tivariate Gaussians with mean vectors and covariance matrices [34]. Variance

values of w2g embeddings are able to represent semantic uncertainty levels of

words, unlike traditional word embeddings. In other words, variances indicate

to what extent words possess different senses and uncertain/broad meanings. In

this context, uncertainty term comprises to both generality-specificity levels of

words and polysemy/homonymy relations. Generally speaking, words with high

uncertainty or generic words are more probable to co-occur with various words in

many different contexts, whereas words indicating specific concepts can take place

in a limited number of contexts. Gaussian embeddings quantitatively reflect this

difference between generic and specific words to variance values. At first glance,

this result is reasonable. For example, the word cell is semantically more generic

than lymphocytes (a kind of white blood cell). Let alone the contribution com-

ing from its other senses, since the word cell can be used with several cell types

like lymphocytes, its extent (variance) within the semantic space is supposed to

be higher. That is why being a generic word increases variance value and un-

certainty. Besides being a generic word, polysemy and homonymy also increase

uncertainty. For instance, the word mean has several senses such as average,

intention, or being rude. These diverse senses increase the uncertainty of such

words, and this uncertainty is encoded to w2g embeddings through variances.

To improve the pioneering Gaussian embedding model, [35] and [8] have in-

dependently proposed the Gaussian mixture model (w2gm), where words are
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represented as multimodal Gaussian distributions. The main motivation of these

embeddings is to better model polysemous words in a semantic vector space by

representing them as mixtures of more than one Gaussian distributions, where

each mode stands for a sense. Therefore, redundant enlargement of variances

of polysemous words and coupling of uncertainty sources coming from polysemy

and semantic breadth can be avoided. Mean vectors of multimodal Gaussian em-

beddings of a particular word are separated such that each vector is positioned

in different parts of the semantic space and represents a different sense. Poly-

semy is a major cause for variance growth in the unimodal Gaussian embeddings.

Therefore, word variances represent semantic breadth better when the effects of

polysemy are reduced by the multimodal Gaussian embeddings. A drawback of

the model in [8] is that it represents all words with multimodal Gaussians with

fixed number of modes despite most words are not polysemous and several words

have differing number of senses requiring different number of Gaussian modes to

be matched. The model proposed in [35] decides which words are to be repre-

sented as multimodal Gaussians in the training phase and eliminates redundant

multimodal representations of non-polysemous words.

While learning word embeddings, similarity measures between word vectors

are generally used. In learning conventional word embeddings, dot product

is utilized. Since Gaussian word representations are not simply vectors in n-

dimensional space but probability distributions, different similarity measures need

to be used. [34] proposes to learn Gaussian embeddings with energy based max-

margin objective. As energy function, either expected likelihood kernel (ELK)

[36] or well-known Kullback-Leibler (KL) divergence [37] are chosen. In ELK,

the inner product for Gaussian distributions is defined as:

E(Pi, Pj) =

∫
N (x;µi,Σi)N (x;µj,Σj)dx = N (0;µi − µj,Σi + Σj), (2.5)

where Pi and Pj indicate the distributions of the words i and j, respectively,

µ stands for mean vector and Σ is the covariance matrix. Authors state that

they do not directly use energy function in training but with its logarithm due
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to positivity [34]. The logarithm of the energy function is given as:

logN (0;µi − µj,Σi + Σj) = −1

2
log det(Σi + Σj)

− 1

2
(µi − µj)>(Σi + Σj)

−1(µi − µj)−
d

2
log 2π.

(2.6)

Gradients of the energy function with respect to µ and Σ can be calculated in

closed form:

∂ logE(Pi, Pj)

∂µi
= −∂ logE(Pi, Pj)

∂µj
= −∆i,j

∂ logE(Pi, Pj)

∂Σi

=
∂ logE(Pi, Pj)

∂Σj

=
1

2
(∆i,j∆

>
i,j − (Σi + Σj)

−1),

(2.7)

where ∆i,j = (Σi + Σj)
−1(µi − µj). Furthermore, negative energy function with

KL divergence is defined as

−E(Pi, Pj) = DKL(Nj||Ni) =

∫
N (x;µi,Σi) log

N (x;µj,Σj)

N (x;µi,Σi)
dx. (2.8)

The reason for using negative sign in Eq. 2.8 is that KL divergence measures

distances, but not similarity between two distributions. Again, gradients can be

computed in a closed form:

∂ logE(Pi, Pj)

∂µi
= −∂ logE(Pi, Pj)

∂µj
= −∆

′

i,j

∂ logE(Pi, Pj)

∂Σi

=
1

2
(Σ−1i ΣjΣ

−1
i + ∆

′

i,j∆
′>
i,j − Σ−1i )

∂ logE(Pi, Pj)

∂Σj

=
1

2
(Σ−1j − Σ−1i )

(2.9)

where ∆
′
i,j = Σ−1i (µi − µj). After determining the energy function, the max-

margin ranking objective is used as

Lm(w, cp, cn) = max(0,m− E(w, cp) + E(w, cn)) (2.10)

In Eq. 2.10, w is the target word, and cp and cn are positive and negative

context words co-occurring with the target word, respectively. The max-margin

objective tries to make the difference between the energy of positive context

and the energy of negative context be at least the margin m [34]. Skip-gram
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algorithm in word2vec, [13], is used to train Gaussian embeddings. There are

two options to calculate variance. One is the diagonal variance case where a

different variance value is calculated for every dimension. The overall variance

is then calculated by the determinant of the covariance matrix. In the spherical

variance option, there is only one variance value per embedding since all diagonal

values are same. Geometrically, Gaussian components are represented by an

ellipsoid in the semantic space. The center of the ellipsoid is designated by the

mean vector and the contour surface of that ellipsoid is specified by variances. In

this regard, word variances can be interpreted as indicators for the volume of the

semantic uncertainty.

In addition to training objectives, regularizations are implemented for means

and covariances. To prevent means to grow too large, they put hard constraint

to the l2 norm:

‖µi‖2 ≤ C, ∀i. (2.11)

On the other hand, covariance matrices should be positive definite and reasonably

sized. To this end, another hard constraint is added such that eigenvalues λi lies

in the hypercube [m,M ]d where m and M are constants:

mI ≺ Σi ≺MI,∀i. (2.12)

To enhance Gaussian embeddings by representing them as a multimodal Gaus-

sian mixture, words wf and wg are represented as

f(x) =
∑K

i=1 piN (x;µf,i,Σf,i)

g(x) =
∑K

i=1 qiN (x;µg,i,Σg,i),

(2.13)

respectively, where pi and qi indicate the probabilities of mode i of words where∑K
i=1 pi = 1 and

∑K
i=1 qi = 1 [8]. K is the predetermined number of modes. In

this case, log-energy of two words is calculated as

logE(f, g) = log
K∑
j=1

K∑
i=1

piqje
ξi,j , (2.14)

where ξi,j = logN (0;µf,i − µg,j,Σf,i + Σg,j). To measure the similarity between

word vectors, ELK, maximum cosine similarity, and minimum Euclidean distance
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metrics are used, [8]. When Gaussian word embeddings are inspected, it can be

seen that mean vectors of polysemous words fall into different locations in the

vector space. Since words are divided into multiple modes, their respective vari-

ances are not as large as the variances of the pioneering single mode version of

the Gaussian embeddings. Although most of the training scheme is similar with

initial Gaussian embeddings, there are certain points that separate multimodal

version. For instance, mode probabilities pi should always be kept in the interval

[0,1] and their sum should equal to 1. Their optimizations are done over un-

constrained si values and the softmax function is used to convert si values to

probabilities:

pi =
esi∑K
j=1 e

si
. (2.15)

In addition, logarithm of variances are optimized due to their positivity con-

straint. Furthermore, a regularizer term ε is used to prevent instability due to

small values of covariance values since inverses of the diagonal covariance matrices

in gradients cause instability when diagonal values become too small.
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Chapter 3

Zipf’s Laws

Since George Kingsley Zipf has introduced it, Zipf’s law has been an impor-

tant empirical regularity within the statistical natural language processing, and

computational linguistics fields [38, 2], and, in a more general sense, within the

information, physical and social sciences [39]. Despite Zipf’s law’s intuitively

simple essence, several Zipfian regularities are observed in relationships between

word features and frequencies of words. Zipf’s law of meaning distribution and

the related meaning-frequency relationship, and the law of abbreviation are com-

mon examples [2, 3, 1, 40] Interest in the Zipfian regularities has been continuing

and remains as an important area of study [1, 41, 42, 7, 43, 44, 45, 46, 6].

3.1 Zipf’s Law of Word Frequencies

The law of word frequencies is the most known Zipfian phenomenon. It claims

that there is a kind of power-law relation between the frequency of words, and

their respective frequency ranks in a document or corpus [38, 2]. Although there

exists many variations, the main relation is mathematically expressed as follows:

fr ∝ b/(ra), (3.1)
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where r and fr stand for word rank and the corresponding frequency value of word

whose rank is r, respectively. Generally, power parameter a and the coefficient b

are approximately 1. In Fig. (3.1), relative word frequencies are displayed along

with their word ranks. Exponential decrease in frequencies is quite noticeable.

Besides directly plotting the relation between frequencies and ranks, logarithmic

scales are also used. The main reason of choosing the first 100 words is that it

is difficult to observe power relation clearly in the presence of the long tail of

word frequencies. Power relations give linear appearance in logarithmic scale.

Fig. (3.2) displays Zipf’s law of word frequencies in log-log scale, where a linear

pattern can be observed.
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Figure 3.1: Frequency-rank relations of the most frequent 100 words of a corpus.

Besides Zipf’s fundamental approach, there are studies that aim to generalize

and expand this power-law. For example, [47, 48] generalize Zipf’s stimulating

study to explain word frequency-rank relation better. As a result of this general-

ization, word frequency relations are also called the Zipf-Mandelbrot law. Later,

generalizations and examinations of Zipf’s law in various mathematical and in-

formation science fields have continued, [44, 49, 50]. [42] proposes a model by

combining empirical and rational approaches to show the dependence of Zipf’s

law on the text size. The contribution is to show that the additional parame-

ters introduced by Mandelbrot depend on text length. [51] proposes a stochastic
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Figure 3.2: Frequency-rank relations of the most frequent 100 words of a corpus
in logarithmic scale.

model to estimate vocabulary sizes of corpora from different timelines. They cre-

ate two groups of words: core words and non-core words by word frequencies.

While core words do not affect the probability of a new word to be joined to

vocabulary, usage of non-core words reduces it. The main result of this study is

the generalization of Zipf’s and Heaps’ laws1 [52] as double power laws. Zipf’s law

has also been recently used to track diachronic changes in corpora from different

timelines and languages in terms of lexical and syntactic properties [53].

3.2 Zipf’s Law of Meaning Distribution

Another important phenomenon that Zipf proposed is the law of meaning dis-

tribution. Main motivation for the emergence of this law mainly leans on “the

principle of least effort” given in Chapter 1. Recall that the trade-off between the

sender and receiver leads to some of the words being polysemous. Zipf’s law of

meaning distribution predicts a relationship between the number of meanings of a

1Similar to Zipf’s law, Heaps’ law asserts that there is a power relation between the number
of distinct words (i.e., vocabulary size) and the total number of words in a document.
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word and its frequency rank, [2, 3]. The law of meaning distribution is expressed

mathematically as follows:

m ∝ r−γ, (3.2)

where m is the number of meaning of a word and r is its rank as in Eq. 3.1. Here,

γ at the exponent corresponds to a value which is close to 0.5.

Zipf has also derived the meaning-frequency relation by using the law of word

frequencies and the law of meaning distributions. The meaning-frequency rela-

tionship indicates a similar relationship where the predictor variable, instead of

the frequency rank, is the frequency itself. [3]. Its mathematical expression is as

follows:

m ∝ f δ, (3.3)

where f is frequency value as in Eq. 3.1 and δ ≈ 0.5. Both the law of meaning

distribution and meaning-frequency relationship assert that the frequent words

tend to have more meanings. This law is also valid in other languages similar

with the law of word frequencies. For example, the law of meaning distribution

is studied on two Turkish corpora to inspect the number of meanings a word

can attain in Turkish according to frequency. Later, the relation between the

number of meanings and word frequencies is studied by [54, 55, 56] within the

scope of communicative optimization. Another recent and critical study is [1],

where the authors develop a quantitative analysis to study the meaning-frequency

relationship and provide further statistical evidence.

In order to quantitatively study Zipfian patterns, [54, 55, 56] associate seman-

tic vagueness of words with the number of links connecting words with meanings.

If a word has a high number of links, it would have many interpretations in the

context where it appears. In [55], precision and vagueness terms can be inter-

preted in analogy with the semantic specificity and uncertainty. [1] conducts ex-

periments on different corpora belonging to different languages to quantitatively

study the meaning-frequency relationship and the law of abbreviation. Their

consistent results from different corpora indicate that word frequencies are highly

correlated with the number of senses of words derived from WordNet [57]. There
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also exist significant theoretical contributions regarding the origins of Zipfian pat-

terns, [7, 6]. In [6], Zipf’s law of meaning distribution is studied in detail, and a

strong positive correlation between word frequency and the number of meanings

is verified. Zipf’s relatively simplistic assumption is replaced by a more general

and compact assumption that can fit into the general theory of communication

[6]. According to this assumption, the joint distribution of a word and meaning

can be sufficient to characterize the Zipfian regularities. On the other hand, [7]

explains Zipf’s law on purely linguistic grounds. [7] examines the degree of gener-

ality of words and composes a theoretical background by modeling the semantic

space and assuming a measure that can specify the generality. With the help of

this modeling and assumptions, [7] shows that Zipf’s law can be constructed by

arrangements of word meanings in the semantic space.

3.3 Zipf’s Law of Abbreviation

Another linguistic regularity that is proposed by Zipf is the law of abbreviation,

which is also known as the law of brevity. It states that more frequent words tend

to be shorter. This law shares the same reasoning with the law of meaning distri-

bution which is “the principle of least effort”. Using short words more frequently

leads to a decrease in the sender’s effort. However, Zipf did not propose any

mathematical expression for this phenomenon as in the law of word frequencies

or the law of meaning distributions. Nevertheless, there are studies that suggest

power-like functions for the relation between word lengths and word frequencies

[58].

As an interesting study, [59] shows that even animal communication behaviours

agree with the law of brevity. In another work, it is demonstrated that average

information content is a better predictor of word length than frequency [60].

Information content is obtained by the n-gram information of words. Experiments

on different languages show that information content brings more correlation with

word length rather than word frequencies [60].
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3.4 Other Studies Related to Zipf’s Laws

Although Zipf’s law is a well-known phenomenon in linguistics [38, 2], it is demon-

strated that Zipfian regularities can also be observed in several different disci-

plines. [61] studies company income distributions and observed Zipfian regulari-

ties. Similarly, [62] reveals the Zipfian distribution of city populations. Another

study associates internet statistics (e.g., webpage requests) with Zipf’s law, [63].

Furthermore, [64] investigates the existence of linguistics law in acoustic signals.

Experiments from different languages belonging to different language families

show that human voice exhibits features of conventional linguistic laws such as

the law of word frequencies, Heaps’ law and the law of abbreviation.

Zipf’s law is also expanded and applied to several contextual problems of NLP.

For example, many statistical laws, including Zipf’s, are tested in complex sys-

tems that do not carry typical scenarios for data [65]. These complex systems

include earthquake magnitudes, inter-event times of consecutive occurrences of

words in texts, frequency rank relationships of words, the relation between de-

grees of nodes from a network, and ranks of the degrees of nodes. Deviations of

statistical laws against the availability of large datasets are also examined exten-

sively, [65]. In [66], co-occurrence matrices are subjected to transformations that

are compatible with Zipf’s distribution to diminish the effects of unreasonable

weights of frequent words such as the or is.

In the literature, generalizations to Zipf’s law and the Zipfian patterns in

different knowledge domains are also studied. [67] asserts that even randomly

composed corpora exhibit Zipfian patterns. As a counter-argument, [41] and [43]

show by performing rigorous statistical tests that random texts do not exhibit

the consistent patterns present in regular texts. They conclude that Zipf’s law

does not emerge from purely random processes but carries meaningful information

about language structure and evolution. Another study reveals that passwords

also show Zipfian patterns [68]. In [69], it is asserted that power-law regularities

can also be discovered in computer programs via empirical analysis of original

software systems.
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Review in [70] on Zipf’s laws presents critical arguments to explore word fre-

quencies. In that study, it is asserted that word frequencies are complex language

features, which a single power-law formula cannot explain. It is also claimed that

although word frequencies exhibit patterns compatible with Zipf’s law, they have

a complicated structure that only methods beyond Zipf’s law can reveal. Never-

theless, when [70] considers the specific subsets of the lexicon, such as the Swadesh

list2 or number words in the scope of Zipf’s law, it is noticed that those word

groups also fit near-Zipfian patterns, [70].

2The Swadesh list is a collection of certain words reflecting basic frequent concepts in lan-
guages [71]. More detail will be given in Chapter 4.
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Chapter 4

Uncovering the Zipfian

Regularities of Semantic Breadth

In this chapter, general information about the followed methodology and the

designed experimental setup will first be given. Then, results obtained from our

experiments will be presented, and results are discussed.

As mentioned in Introduction, the main objective of this thesis is to reveal Zip-

fian patterns in the generality (i.e., semantic breadth) of words. To this end, a

tool that mathematically models the semantic breadth of words is necessary. Mul-

timodal Gaussian embeddings are such tools that provide a quantitative measure

of semantic breadth. Our overall picture of experimental design is given in Fig.

(4.1). First, a multimodal Gaussian model is trained to obtain mean vectors and

covariance matrices. From covariance matrices, overall representative variances

are calculated for each word. Then, Zipfian regularities of word variances will be

examined by sorting them according to word frequencies. Examination of Zipfian

regularities is made in various scopes: behaviours of word variances under the

process of neutralizing polysemy, different vocabulary thresholds, Swadesh and

number words and different languages. A control experiment is also implemented

on our corpus which is randomly created to confirm whether Zipfian regularity

is due to the internal dynamics of language but not due to the dynamics of the
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Figure 4.1: Diagram of experimental procedure.

learning mechanism of Gaussian embeddings. In addition to Zipfian experiments,

entailment experiments where word frequencies leverage entailment detection al-

gorithms are also explained in the following sections.

4.1 Calculating Representative Variance Values

As mentioned in previous chapters, w2gm models offer more than one variance

value for each word in the spherical scheme. In order to represent the semantic

breadth of words, the overall value, including the information of word variances

that belong to different modes of the multimodal Gaussians, should be calculated

accordingly. For the bimodal case, the mean and variance moments of the mixture
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can be calculated as [72]:

f(x) = pg1(x) + (1− p)g2(x), (4.1a)

µ = pµ1 + (1− p)µ2, (4.1b)

ν2 = p[σ2
1 + δ21] + (1− p)[σ2

2 + δ22], (4.1c)

where

µ =
∫
xf(x)dx,

δi = µi − µ,

νr =
∫

(x− µ)2f(x)dx.

(4.2)

In Eq. 4.1, gi(x) stands for the components of mixture distribution, p is the

mixture probability of the first component in the bimodal case, µ and ν2 are

the first moment (mean) and the second moment (variance) of the mixture, re-

spectively. Lastly, σi and µi are the variance and mean of the ith component of

the mixture, respectively. Before comparing the variances of words, the following

approximations are made. Since mixture components consist of uncorrelated mul-

tivariate Gaussians, they are independent multivariate at the same time. Each

multivariate item can be thought of as separate distribution. The mean of the

product of two independent random variables equals to the product of individual

means. Note that mean vectors are normalized. Therefore, the result of the multi-

plication is very close to zero. When each mode is approximated with the product

of each multivariate component, the variance of a word can be approximated with

the weighted sum of variances in mixture component from Eq. 4.1c.

Before sorting the words according to their frequency ranks, a final operation

needs to be performed. Note that using the same corpus to obtain variances

and frequency ranks of words may yield correlated errors. Even if all words are

equally probable, some words would appear more than others by chance. When

the variance-rank relationship is plotted based on this standard measurement, a

decreasing pattern of words will not reflect their actual distributions. Using two

independent corpora offers a solution to this problem. One of the two corpora

estimates variances of words, and the other will be used to estimate frequency
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ranks. The same purpose can also be achieved by splitting the single corpus

into two corpora by applying a binomial split. To sum up, using independent

corpora or making corpus-splitting let us perform appropriate statistical analysis

to calculate deviations in the Zipfian patterns, [70].

4.2 Leveraging Zipfian Regularities in Entail-

ment Improvement

The existence of Zipfian regularities can also be exploited in some practical NLP

applications. For demonstration purposes, an example will be presented. In this

thesis, a method is proposed to improve the performance of word embeddings in

entailment tests by injecting the knowledge of this regularity into simple point

word embeddings. It should be noted that the proposed method does not need

training of complex non-point word embeddings but only leverages embeddings

with the knowledge of Zipfian patterns.

Entailment relation can be found in two different levels in languages. Those

are sentence level and word level entailment. In sentence level entailment re-

lation, the truth of one sentence A, requires the truth of the other sentence B.

In another saying, if there is an entailment relation between the sentences A

and B (if A entails B), A cannot be true without B being true. For example, “I

visited Anıtkabir yesterday.” entails the sentence “I was in Ankara yesterday.”.

One cannot visit Anıtkabir without being in Ankara. The condition for the first

sentence being true is that the second sentence is true. Word level entailment

relations have the same logic but a simpler version. This relation is also known as

subordinate-superordinate or hypernym-hyponym relations. For example, being

a tree requires being a plant simultaneously. Similarly, football - sport has

the same relationship. Most of the time, word level entailments have is-a con-

nection between two words. At early stages of the NLP studies, such patterns or

phrases are utilized in entailment detection [73]. Then, there have been studies

dealing with the problem in the scope of distributional hypothesis and/or word
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embeddings [74, 75, 76, 77]. On the other hand, [8, 78] try to find entailment

relations by using probability distribution-based word embeddings.

Besides these studies, [79] approaches the lexical entailment relations from a

different perspective. It is stated that hypernym words are semantically more gen-

eral than hyponym words. Moreover, a hyponym word can only occur in contexts

where its hypernym can also occur. For example, animal can be used in almost

all contexts where antelope occurs. However, the opposite case is not possible.

This increases the frequencies of hypernym words compared to the frequencies

of their hyponyms due to hypernym words’ context variety. The perspective of

word variances about the word frequency and generality-specificity relations is

entirely compatible with the hypothesis in [79]. Starting from findings in [79] and

the Zipf’s law of meaning distribution [3], we incorporate frequency information

of words in the pair to a baseline method for entailment score calculation while

deciding whether there is an entailment relation between a given word pair.

We use the cosine similarity between the pair of words as the baseline method.

We then propose to infuse frequency information to this baseline to calculate the

overall entailment score for a given pair:

CS(m,n) =
~wTn ~wm

‖ ~wm‖‖ ~wn‖
, (4.3)

FS(m,n) =
fn
N
× 100 +

log10(fn/fm)

k
, (4.4)

OS(m,n) = CS(m,n) + FS(m,n), (4.5)

where CS(m,n) stands for the cosine similarity between word vectors ~wm and ~wn.

When CS(m,n) is used by itself, it constitutes a baseline method for the entailment

test. FS(m,n) as given in Eq. 4.4 indicates the frequency score of the word pair

(m,n). The hypernym candidate is word n, and the hyponym candidate is word

m. fm and fn are frequencies of m and n, respectively. N stands for the sum

of frequencies of all words in the vocabulary. The constant k can be chosen and
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fine-tuned according to the test type. Based on our experimental results, values

between 20 and 40 yield favorable results. We design the frequency score (FS)

by using two approaches. The first is related to the respective frequency of the

candidate hypernym word according to the total word frequencies of all words in

the vocabulary. It will be experimentally shown that the probability of simulta-

neously being a low-frequency word and a semantically broader hypernym word

is small. Therefore, the frequency score of the given pair with a low-frequency

hypernym candidate will also be small. In the second approach, relative fre-

quencies of hypernym and hyponym words are considered. If the frequency gap

between the second word and the first word becomes small, the probability of

the entailment relation will decrease. If the first word’s frequency is greater than

that of the second, it negatively contributes to the frequency score. In this case,

the logarithm of the ratio between frequencies is taken to decrease the frequency

score. Overall entailment score for word pair (m,n) is then calculated by adding

the frequency score to the cosine similarity of the given word pair as in Eq. 4.5.

4.3 Experiments

In this subsection, experimental results are presented. First, experiments that

use multimodal Gaussian embeddings are given in Section 4.3.1. Then, extensive

experimental results and discussions regarding isolating the effects of polysemy

will be displayed in Section 4.3.2. For the sake of isolating the effects of poly-

semy, results for unimodal Gaussians are first presented to quantitatively show

that multimodal Gaussians are better models in eliminating polysemy. Then,

the results obtained from sense-controlled corpora are given so that the effect

of polysemy is completely removed, and the variances represent only the extent

of the semantic breadth of words. The details of our control experiment and

the corresponding results on the randomly generated corpus are given in Section

4.3.3. In Section 4.3.4, experiments performed for Swadesh and number words are

presented. Analysis of the effects of frequency threshold used in constructing the

vocabulary is given in Section 4.3.5. The experiments for corpora composed from

different languages are presented in Section 4.3.6. Finally, the results regarding
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the entailment tests are given in Section 4.3.7. For diversifying the implemen-

tations, experiments are performed both with or without corpus splitting. In

Sections 4.3.1 and 4.3.4, corpus splitting is performed while, in Sections 4.3.2,

4.3.5 and 4.3.6, the entire corpus is utilized to provide more data for training the

Gaussian embeddings.

4.3.1 Examining Zipfian Regularities Through Multi-

modal Gaussian Embeddings

In this subsection, the model of multimodal Gaussian embeddings trained on a

concatenated corpus of UKWAC and Wackypedia [80] is used to obtain variance

values of words, [8]. This model allocates two modes for each word. In other

words, the parameter K is equal to 2. This model and other models employed in

this study follows the spherical variance scheme. As a standard statistical pro-

cess, words whose frequencies are less than 100 are removed from the vocabulary.

The final vocabulary size is 314,129. The effects of the threshold are experi-

mentally studied in Section 4.3.5 and it is shown its value is inconsequential.

The dimensionality of mean vectors of all models used throughout this study is

50. As an optimizer, Adagrad is employed with initial learning rate 0.05 that

decreases linearly [81]. Models are trained along 5 epochs. Mean vectors are ini-

tialized with uniform distribution over [−
√

3/D,
√

3/D] where D is the number

of vector dimensions. Initial variances values are set to 0.05. For the sake of the

corpus splitting procedure mentioned in Section 4.1, a second corpus is used to

determine the frequency ranks of words. This corpus is the English Wikipedia

with a vocabulary of size 229,922. In order to be compatible with the vocabu-

lary of the trained model, words with occurrences of less than 100 in the second

corpus are also discarded. The downloaded Wikipedia dump is cleaned from

all redundant materials such as document numbers, URLs, and HTML syntax

by pre-processing. All non-alphanumeric characters are also removed. Lastly,

all characters are made lowercase. In total, there are 2,127,511,369 tokens in the

Wikipedia corpus. In total, there are 229,922 types with a frequency of more than

100. After pre-processing steps, words are ranked according to their frequencies
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by using the Wikipedia corpus. Then, the acquired rank orders and variance val-

ues are combined to obtain the relation between variances and frequency ranks.

In the standard Zipf’s law, we expect to have frequency-rank relation that is

compatible with the power law relation as given in Eq. 3.1. Remind that power

parameter a and the coefficient b are approximately 11. In [83], it is shown that

there exist some deviations from the above formula for infrequent words. One

can obtain more accurate results by using a second exponent for higher ranking

words to deal with the deviations caused by infrequent words. However, since

addressing deviations due to infrequent words is beyond the scope of this thesis,

the standard Zipf’s law formula is employed.

10000 20000 30000 40000 50000 60000 70000
Rank of Words

0.06

0.08

0.10

0.12

0.14

Va
ria

nc
e

a = 0.13, b = 0.23

0

20

40

60

80

W
or

d 
Co

un
ts

 fa
llin

g 
in

to
 th

e 
bi

n

Figure 4.2: Two dimensional histogram of word variances and work ranks.

Throughout this section, several Zipfian patterns of variances versus frequency

rank of words are presented in both standard or log-log forms. In the insets of fig-

ures, regression parameters (a and b) according to the expression given in Eq. 3.1

1These parameters are generally determined from regular corpora or texts. In case of texts
from fragmented discourse schizophrenia or from children, exponents can deviate. For more
information, please refer to [82].
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Figure 4.3: Two dimensional histogram of word variances and word ranks in
logarithmic scale.

can also be found. Fig. (4.2) and Fig. (4.3) demonstrate the pattern between vari-

ance and word rank. Before displaying representative variance value for a word,

mixture weighted average of spherical variance values of each mode is calculated

as stated in Eq. 4.1. For practical reasons, around the first seventy-five thou-

sand words of the vocabulary, which sufficiently demonstrate the general pattern,

are displayed. It should be noted that plotting these values in a conventional

way leads to show many ripples between variance values at close ranks, which

cannot be appropriately visualized. Two dimensional histograms present results

more clearly by gathering similar results into bins where the colors of bins change

according to the number of data instances they include. The number of words

within every bin equals to the corresponding value at the color-bar multiplied

by 100. As shown in Figs. (4.2) and (4.3), variances of words display a Zipfian

pattern. Variances decrease as the order of word rank increases noticeably fol-

lowing Zipf’s law. Regression parameters to fit the curve are not divergent from

conventional Zipf’s law parameters.

At this point, it is important to emphasize that although the regression curves
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exhibit strict Zipfian regularity, the relationship between variance and frequency

rank does not entirely satisfy Zipf’s law. There are fast changes in variances of

adjacent words. The main aim of this study is to indicate the general pattern of

the variance of words at a similar rank order. Although there may be an arbitrary

increase/decrease in variances for words of close frequency ranks, it is possible to

see a decrease in variances when the word frequency decreases considerably.

The results reported above are also intuitively meaningful. The observed Zip-

fian regularity can be elucidated by using the word animal as a qualitative ex-

ample. Animal points out relatively broader concepts compared to the name of a

specific animal. In the corpus, it co-occurs with various animals or animal-related

concepts in specific word windows. It is reasonable to say that the word animal

has high frequency and uncertainty (or variance) because animal does not spec-

ify any species (let alone a family of species) when used in a sentence all alone.

This leads to an increase in its variance due to the uncertain context. Here,

it should be remarked that animal is not a polysemous word, although it can

carry different side meanings or be used metaphorically in a sentence. Therefore,

associating the increased variance only with polysemy would not be a reliable

inference. Furthermore, the multimodal Gaussian model eliminates the impact of

polysemy on variance to a certain degree. On the other hand, a specific animal

antelope represents a more specific entity. Since it is a particular word, its word

frequency is naturally lower. Consistently, its uncertainty would be low. Indeed,

weighted average of variance values of animal and antelope are 0.090 and 0.064,

respectively. Individual quantitative results and general variance pattern of the

words confirm the intuitive reasoning given above. Additional and comprehensive

experimental results will be presented in the following subsections to quantita-

tively verify the statistical significance of our analysis by eliminating the effects

of polysemy.

In order to make experimental results more reliable and involved, in addition

to averaged variances, we examined maximum and minimum variances of multi-

modal Gaussians. As stated in Section 4.3.1, the model with two modes is utilized

to display Zipfian regularities. Figs. (4.4), (4.5), (4.6) and (4.7) demonstrate the

behavior of maximum and minimum variances belonging to 2 modes of words
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with respect to frequency ranks. Consistently, a similar Zipfian pattern can be

observed in both figures. Regardless of which mode of the multimodal Gaus-

sians are used, the Zipfian pattern remains. These experimental results from

multimodal Gaussians further support the proposed Zipfian regularity between

uncertainty and frequency ranks.
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Figure 4.4: Minimum variances of multimodal Gaussian embeddings.

4.3.2 Effects of Polysemy and Experiments on Sense-

Controlled Corpora

The main motivation behind the introduction of multimodal Gaussians is to en-

hance the initial version of Gaussian embeddings by minimizing the impact of

polysemy on word variances. In this model, Gaussian embeddings with more

than one mode give an extra degree of freedom to treat different senses of words

as distinct words. Different senses are learned more independently in the seman-

tic space. Therefore, excessive variances can be eliminated. The variance values

represent the uncertainty of the semantic breadth of words other than contribu-

tions from different senses due to polysemy. For example, the word rock takes
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Figure 4.5: Minimum variances of multimodal Gaussian embeddings in logarith-
mic scale.
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Figure 4.6: Maximum variances of multimodal Gaussian embeddings.
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Figure 4.7: Maximum variances of multimodal Gaussian embeddings in logarith-
mic scale.

place in the same context with the words that are related to music and also geol-

ogy. If the Gaussian model is unimodal, then variance of rock will try to capture

different meanings from both music and geology concepts. This situation leads

to a rise in the uncertainty of the word as well as its variance.

Here, a question arises to inquire about the impact of polysemy on Zipfian pat-

terns. Do Zipfian regularities purely stem from the semantic breadth of words?

If not, to what extent does the polysemy affect Zipfian patterns of variances? In

order to answer these questions and quantitatively support the qualitative dis-

cussions stating that polysemous words tend to have high variances, a unimodal

Gaussian embeddings model is trained on the aforementioned Wikipedia corpus

at first. The pattern obtained from the unimodal Gaussian model is given in

Figs. (4.8) and (4.9). As it can be seen in Figs. (4.8) and (4.9), word variances

obtained from unimodal Gaussians are significantly higher than those coming

from bimodal one. It is also observed that the unimodal variances do not fit the

original Zipf’s model as smoothly as the bimodal case. This result illustrates

that the effort of the multimodal scheme for diminishing excessive variance has a
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Table 4.1: Variance values of the word bank for multimodal Gaussian embeddings
with different number of modes

# of Modes Sense Variance Value

1 Mode bank, 0 0.147

2 Modes
bank, 0 0.081

bank, 1 0.085

3 Modes

bank, 0 0.076

bank, 1 0.077

bank, 2 0.070

positive impact on Zipfian regularities on words’ variances and the isolating the

effects of semantic breadth on them.

In order to clarify variance differences between models with different modes,

Table 4.1 tabulates the variances of unimodal, bimodal, and trimodal Gaussian

embeddings of the word bank as an additional experimental demonstration. In

Table 4.1, it can be seen that the variance values of the Gaussian embeddings of

bank decrease as the number of modes in the model increases. Although variances

tend to decrease in unimodal models as frequency decreases, variances do not

fit well to Zipfian patterns. The reason is that the Zipfian regularities coming

from Zipf’s meaning-frequency relation and from the semantic breadth couple

to each other. This coupling prevents us from concluding that word frequencies

are directly related to semantic breadth. Therefore, one can infer that freeing

variances from the effects of polysemy plays a significant role in revealing the

Zipfian regularities of word variances. As mentioned before, Gaussian models

with single-mode carry excessive amounts of uncertainty and so variance due to

their attempt to capture too many senses and their semantic breadth. That is why

utilizing the multimodal Gaussian embeddings represents the semantic breadth

of words more accurately.

Another way, a more laborious but more effective one, for neutralizing the pol-

ysemy is to use sense-labeled (or sense-controlled) corpora in the training phase.

Using external lexical sources is a prevalent way to extract the senses of words. In

[1], the number of senses for each word is imported from WordNet [57]. Following

35



10000 20000 30000 40000 50000 60000 70000

Rank of Words

0.06

0.08

0.10

0.12

0.14

0.16

0.18

0.20

V
ar

ia
nc

e

a = 0.12, b = 0.34

0

20

40

60

80

W
or

d
C

ou
nt

s
fa

lli
ng

in
to

th
e

bi
n

Figure 4.8: Variances of unimodal Gaussians embeddings.
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Figure 4.9: Variances of unimodal Gaussians embeddings in logarithmic scale.
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a similar procedure, words in our corpus are labeled according to their Word-

Net senses by using the Lesk algorithm provided by the NLTK library [84, 85].

Lesk is a knowledge-based traditional algorithm for Word Sense Disambiguation

(WSD) task [84]. Knowledge-based WSD algorithms utilize sense inventories to

extract senses of words rather than supervised learning methods. In particular,

the Lesk algorithm receives a sentence as input and returns the WordNet senses

of every word in the given sentence. After traversing the entire corpus, every

distinct sense becomes as if they are different words. For example, rock in music

context and rock in geology context are treated as separate words. Therefore,

polysemy is totally neutralized in the corpus. Furthermore, to increase the dis-

ambiguation performance of the Lesk, the part-of-speech (POS) information of

words is also provided to the Lesk algorithm. Having POS information alleviates

the complexity of disambiguating senses from WordNet. On the other hand, it

should be noted that some words are not present in WordNet. Most of the time,

these words are constituted by prepositions, conjunctions, or articles. Such words

are labeled with a single dummy label. As a result, by treating every sense of a

word as different words and assigning them to distinct Gaussian embeddings, the

effect of polysemy is removed. Then, our sense-controlled corpus is used to train

the Gaussian embedding model. In Figs. (4.10) and (4.11), the Zipfian pattern

of the variance values can still be observed.

In order to provide more experimental evidence, another experiment is per-

formed with the manually sense-annotated SemCor corpus [86]. SemCor corpus

is a corpus where humans annotated word senses. Although that kind of anno-

tation is more reliable, it is extremely laborious. Therefore, SemCor is relatively

small, with approximately 200,000 tokens. The same experimental strategy is

followed while training on this corpus. Figs. (4.12) and (4.13) demonstrate the

behavior of variances. Although corpus size is small, manual sense annotation

provides a better fit to Zipfian regularity. It is well-known that WSD is an AI-

complete problem [87]. Although there are several well-performing algorithms,

obtaining high performance in WSD is still a challenging task, especially through

unsupervised means. Manual annotation is more effective than unsupervised al-

gorithms. In other words, SemCor provides better polysemy neutralization than
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Figure 4.10: Variances of Gaussian embeddings trained on the sense-controlled
corpus.

sense-controlled corpus obtained by deploying the Lesk. Therefore, variances

obtained by the SemCor corpus fit to the Zipf model better.

Another crucial aspect of these two experiments based on polysemy neutral-

ization is that obtained results show that the variances of Gaussian embeddings

are now only measuring the semantic extents of words without the effects of pol-

ysemy. In other words, the results of experiments on sense-controlled corpora

strongly indicate a Zipfian relation between semantic breadth and frequency.

Lastly, to verify the statistical significance of results, correlation analysis is

performed between word variances and word frequencies by following the proce-

dure given in [1]. Pearson, Spearman, and Kendall correlations [88] are calculated

between variances and frequency, obtained from both Wikipedia corpus and its

sense-controlled version. Results are tabulated in Table 4.2, where the correlation

results between the number of senses and frequency from [1]’s quantitative study

for Zipf’s meaning-frequency relation are added. It is observed that the variance

values are highly correlated with frequencies. Here, it should be noted that the
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Figure 4.11: Variances of Gaussian embeddings trained on the sense-controlled
corpus in logarithmic scale.
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Figure 4.12: Variances of Gaussian embeddings trained on the SemCor corpus.
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Figure 4.13: Variances of Gaussian embeddings trained on the SemCor corpus in
logarithmic scale.

Pearson correlation displays the linear relationship between the variables. It is

demonstrated that the actual relationship between variances and word frequen-

cies (or word ranks) is a power relationship rather than linear. Therefore, Pearson

correlation results are relatively more minor than other correlation results due to

the non-linear relationship between variance values and word frequencies.

On the other hand, these independent experiments correlate different variable

pairs; correlation results are not comparable with those from [1]. However, in

terms of the statistical significance levels that are reached, results are compatible

with those in [1].

4.3.3 Control Experiment on Randomly Constructed

Corpus

The purpose of this experiment is to inspect whether obtained Zipfian regularities

actually reflect the characteristics of words but do not arise due to dynamics of
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Table 4.2: Correlations scores. Variance vs. frequency for both bimodal and
sense-controlled corpora. WordNet number of senses vs. frequency from [1].

Pearson r Spearman ρ Kendall τ

Bimodal Variance
0.083 0.828 0.647

vs Frequency

Sense-cont. Variance
0.042 0.861 0.677

vs Frequency

Number of senses [1]
0.068 0.422 0.307

vs Frequency

the Gaussian embedding learning algorithm. To this end, a corpus is randomly

constructed. In order to conform with English corpus which is used in previous

experiments, the number of tokens and unique words are arranged accordingly.

More specifically, 200,000 unique words are composed first. These words are

totally random and does not carry any meaning. By randomly choosing from this

vocabulary, a corpus of 2,000,000,000 tokens is constructed. Training procedures

are kept same as previous experiments. Variance patterns obtained at the end of

training are displayed in Figs. (4.14) and (4.15). As observed from Figs. (4.14)

and (4.15), variances of words from the random corpus do not exhibit any Zipfian

patterns but relatively a uniform pattern. This shows that Zipfian patterns in

word variances are beyond a simple random process and can be considered as a

representative of language structure in term of word uncertainties.

4.3.4 Zipfian Regularities on Swadesh and Number Words

In [70], many experiments are implemented to investigate whether there are other

features of languages satisfying Zipf’s law, other than just word frequency rank

and word frequencies. One of these experiments is related to the Swadesh list

[71]. Swadesh list is a collection of certain words reflecting basic frequent concepts

in the language such as mother, we, one, walk. In different languages, Swadesh

lists reflect the same basic concepts. In [70], frequency-rank curves of Swadesh

lists from different languages are examined. In that experiment, ranks of words

41



25000 50000 75000 100000 125000 150000 175000 200000

Rank of Words

0.0500

0.0525

0.0550

0.0575

0.0600

0.0625

0.0650

0.0675

0.0700

V
ar

ia
nc

e

a = 0.0, b = 0.06

0

20

40

60

80

W
or

d
C

ou
nt

s
fa

lli
ng

in
to

th
e

bi
n

Figure 4.14: Variances of Gaussian embeddings trained on the randomly created
corpus.
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Figure 4.15: Variances of Gaussian embeddings trained on the randomly created
corpus in logarithmic scale.
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pointing to the same concepts across different languages are fixed. Acquired

patterns are highly similar to each other, and every language sample shows a

Zipfian pattern. Likewise, the behavior of variances of words in the Swadesh list

is investigated to learn whether variances of Swadesh words also display a Zipfian

pattern. Results are given in Fig. (4.16), where the weighted average of variances

is used again. Indeed, like the original Zipfian patterns of the Swadesh list given

in [70], variances of Swadesh words display similar linearity in the logarithmic

scale.

101 102 103 104

Rank of Words

10 1

6 × 10 2

Va
ria

nc
e

a = 0.09, b = 0.17

0

1

2

3

4

5

6

7

8

9

W
or

d 
Co

un
ts

 fa
llin

g 
in

to
 th

e 
bi

n

Figure 4.16: Two dimensional histogram of average variances of Swadesh words.

Another interesting vocabulary subset that can be studied to strengthen Zip-

fian analysis is the number words, e.g., one, two, ten, twenty. As mentioned

above, [70] investigates different language aspects in order to observe that Zip-

fian patterns are not limited to only word frequencies. For that purpose, word

ranks of number words are not used. Instead, words are ordered by their car-

dinality [70]. Although word ranks based on word frequencies are not used, a

near-Zipfian distribution can still be observed in results reported by [70]. One

critical remark is that decades (e.g., ten, twenty) are not included in this ex-

periment since their frequencies are exceedingly higher than the common usage
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Figure 4.17: Two dimensional histogram of average variances of number words.

of any arbitrary number. Therefore, exceeding frequency values may be mislead-

ing. With similar motivation, the experiment is repeated with word variances.

Number words are ordered according to their cardinality, and corresponding word

variances are displayed in Fig. (4.17). As can be seen in Fig. (4.17), the linear

pattern of the Zipfian regularity is present in the log-log plot. One drawback of

this experiment is that there are not so many numbers consisting of a single word.

However, available words are still sufficient to observe the pattern.

The primary purpose of implementing experiments with Swadesh and number

words is to show Zipfian patterns word variances in different domains where origi-

nal Zipf’s law exists. Acquired results demonstrate that word variances, which are

indicators of the semantic breadth of words, are compatible with the Zipf’s law

in a more generalized context. In other words, word variances do not exhibit Zip-

fian patterns in not only particular cases but also different circumstances where

traditional Zipf’s law maintains its existence.
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4.3.5 Experiments with Different Frequency Thresholds

The threshold for the minimum word frequency count in determining the vocab-

ulary is a crucial hyperparameter. Constructing vocabulary without a threshold

value causes much noise in vocabulary. A significant part of words in a corpus

has a small number of occurrences. This situation can also be understood by

looking at the long tail of the rank-frequency graph of a corpus. In order to

obtain successful word embeddings in terms of modelling a language, frequency

threshold value should always be taken into consideration.

Especially in experiments of this study, word frequencies play a central role in

Zipfian regularities. In the original model of the multimodal Gaussian embeddings

deployed, the frequency threshold is chosen as 100. This value is continued to be

used in the experiments shown in former chapters so far. However, to observe

the behavior of word variances under different frequency thresholds, additional

experiments are performed with two threshold parameters other than 100. One

of them is chosen as 50 to be lower than 100. Similarly, another value is chosen

as 200 to observe the effects of both increase and decrease in threshold values.

Figs. (4.18, 4.19, 4.20, and 4.21) demonstrate that the Zipfian patterns of word

variances for 50 and 200 threshold values, respectively. Changing the frequency

threshold does not affect the rank of words, but chosen threshold determines the

size of the corpora. If a word’s occurrence is below the threshold, that word is not

included in the training. In other words, those words are completely ignored in

the training phase. Ignoring them changes the context of words in the corpus and

affects the information that the model learns. Despite these effects of different

thresholds, Zipfian patterns are preserved for both models. In particular, after

thresholding with 50 and 200, the difference between the vocabulary sizes of the

two corpora is approximately 200,000. This situation can be observed from the

long tail of variances of words with low frequencies in Figs. (4.18). Nevertheless,

Zipfian regularities are observed in both models. These results further validate

the consistency of the relationship between word frequencies and word variances.
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Figure 4.18: Average variances of Gaussian embeddings (frequency threshold =
50).
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Figure 4.19: Average variances of Gaussian embeddings in logarithmic scale (fre-
quency threshold = 50).
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Figure 4.20: Average variances of Gaussian embeddings (frequency threshold =
200).
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Figure 4.21: Average variances of Gaussian embeddings in logarithmic scale (fre-
quency threshold = 200).
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4.3.6 Results on the Corpora from Different Languages

One significant property of Zipf’s law is that it is independent of language. Here,

the word independent emphasizes the existence of Zipf’s law in all-natural lan-

guages. Therefore, examining the behavior of word variances against different

languages is a crucial experiment that will show word variances’ compatibility of

original Zipf’s law and their consistency against different languages.

It is important to experiment with distinctive structures and features such

as language families, grammatical structures, or the alphabet. In this regard, we

study Turkish, German, Russian, and Spanish to enrich the demonstration of Zip-

fian regularities with various languages from different language families. Turkish

is a member of the Altaic language family, while German, Russian and Spanish

belong to the Indo-European family. We utilize [89] for organizing the Wikipedia

dumps. The same experiments are repeated with the same pre-processing pro-

cedures. All non-alphanumeric characters and stop words are removed. Addi-

tionally, since Turkish is an agglutinative language, several words can be derived

from the same stem. Therefore, we also applied stemming to Turkish corpus 2,3.

Token numbers and vocabulary sizes are given in Table 4.3. The experimental

results belonging to different languages are presented in Figs.(4.22, 4.24, 4.25,

4.26, 4.27, 4.28, and 4.29) where Zipfian patterns are clearly seen.

This experiment provides further evidence that the Zipfian patterns of word

variances can be observed across various languages belonging to different lan-

guage families. Another critical aspect of these results is that word variances

are compatible with Zipf’s law’s universality. As mentioned in previous chapters,

Zipf’s law of word frequencies holds for different languages. In this regard, word

variances’ attitudes toward different languages support the Zipfian characteristic

of word variances. Despite different power parameters, Zipfian patterns maintain

their existence in different languages like conventional Zipf’s law.

As in Section 4.3.2, correlation scores of the models trained on corpora from

2www.cmpe.boun.edu.tr/tr/content/boun-nlp-morphological-analysis-system-turkish
3https://github.com/otuncelli/turkish-stemmer-python
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Table 4.3: Number of tokens and vocabulary size.

Language # of Tokens Vocabulary Size

English 2,127,511,369 229,922

German 780,841,792 237,321

Russian 452,775,788 200,665

Spanish 587,115,302 122,452

Turkish 343,225,727 46,801
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Figure 4.22: Average variances of Gaussian embeddings for the Turkish corpus.
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Figure 4.23: Average variances of Gaussian embeddings for the Turkish corpus
in logarithmic scale.
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Figure 4.24: Average variances of Gaussian embeddings for the German corpus.
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Figure 4.25: Average variances of Gaussian embeddings for the German corpus
in logarithmic scale.
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Figure 4.26: Average variances of Gaussian embeddings for the Russian corpus.
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Figure 4.27: Average variances of Gaussian embeddings for the Russian corpus
in logarithmic scale.

20000 40000 60000 80000 100000 120000

Rank of Words

0.05

0.06

0.07

0.08

0.09

V
ar

ia
nc

e

a = 0.08, b = 0.13

0

20

40

60

80

W
or

d
C

ou
nt

s
fa

lli
ng

in
to

th
e

bi
n

Figure 4.28: Average variances of Gaussian embeddings for the Spanish corpus.
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Figure 4.29: Average variances of Gaussian embeddings for the Spanish corpus
in logarithmic scale.

different languages are calculated. The same correlation methods are utilized as

in Section 4.3.2. Correlation results are given in Table 4.4. It can be seen that

all languages provide a high correlation between frequency and variances.

Table 4.4: Frequency-variance correlation comparison of languages.

Language Pearson r Spearman ρ Kendall τ

German 0.093 0.817 0.635

Russian 0.080 0.865 0.687

Spanish 0.075 0.878 0.704

Turkish 0.352 0.861 0.673

4.3.7 Entailment

In Section 4.2, a method for entailment tests is proposed to improve the per-

formance of word embeddings. In this section, how the proposed method is

implemented and evaluated will be described.
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For the sake of comparison, studies employing word embeddings based on

probability distributions are reimplemented [8, 78]. In experiments, two datasets

are utilized: BBDS [76] and BLESS [90] as given in [78]. These datasets include

word pairs that can have entailment relations or not. word2vec embeddings are

used to calculate the cosine similarity between words, [13].

For each candidate word pair, an overall score is calculated as described in Sec-

tion 4.2. The main purpose is to make the positive instances have a larger score.

Then, a threshold is determined to distinguish positive instances from negative

instances. Word pairs whose score is higher than the threshold are considered

as positive instances and vice versa for negative instances. After calculating the

overall scores of the proposed method and other proposed methods, the threshold

is determined to obtain the best F1 score. Parameter k in Eq. 4.4 is set to 20

and 40 for BBDS and BLESS datasets, respectively.

Results from the baseline cosine similarity of word2vec embeddings, the multi-

modal Gaussian (w2gm) [8], the Bayesian Skip-gram distribution (BSG) [78], and

the proposed Zipfian-frequency-injected cosine similarity methods are all tabu-

lated in Tables 4.5 and 4.6. For w2gm and BSG experiments, both KL-divergence

and cosine similarity are used to be compatible with original implementations.

While reporting their results, measurement with the highest performance is con-

sidered.

Table 4.5: Precision, Recall and F1 scores of the entailment test on BBDS dataset

BBDS Baseline w2gm (KL) BSG (Cos) Proposed

Precision 0.671 0.742 0.662 0.696

Recall 0.887 0.815 0.891 0.891

F1 0.764 0.776 0.759 0.781

As can be observed from Tables 4.5 and 4.6, the proposed method offers im-

provements over both datasets in terms of F1 score. The entailment pairs of

BLESS dataset are more detailed and complex compared to the BBDS dataset.

Therefore, extracting the correct entailment relations from BLESS dataset is more
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Table 4.6: Precision, Recall and F1 scores of the entailment test on BLESS dataset

BLESS Baseline w2gm (Cos) BSG (Cos) Proposed

Precision 0.131 0.545 0.124 0.135

Recall 0.618 0.134 0.647 0.546

F1 0.216 0.204 0.208 0.217

challenging. Additionally, the number of positive pairs and the number of nega-

tive pairs in the BBDS dataset are equal. In contrast, the ratio of positive and

negative pairs is about 0.10 in the BLESS dataset. This is another contribution of

BLESS dataset’s difficulty in discriminating positive and negative samples from

each other. By this experiment, we showed that capturing entailment relations

can be improved by using word frequencies. Utilizing frequencies may not be

successful in all scores metrics and sometimes yields mixed results. However, the

presented method displays a better trade-off between precision and recall to reach

higher F1 scores. Due to the difficulty of the BLESS dataset, this improvement

can be slight compared to the BBDS dataset. Capturing lexical entailment re-

lations is still a challenging and unsolved problem. The primary purpose of this

experiment is to show the potential of using frequency regularities to reinforce

the methods in the literature.
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Chapter 5

Discussion and Conclusions

As a result of a trade-off between the sender and the receiver in natural languages

which is named “the principle of least effort”, words with both broad and narrow

meanings emerged, [2]. In [54, 56, 91], the compromise between the sender and

the receiver is studied quantitatively. It is shown that Zipf’s law should not be

considered as a null hypothesis of a language feature. There is a plausible moti-

vation to study the existence of a relation between semantic breadth of words and

word frequency ranks. Contribution of this study comprises the first exhibition of

Zipfian patterns between generality-specificity of words and their frequency ranks

when polysemy is controlled. The Gaussian embedding models are employed to

study Zipfian statistics, where the variance of Gaussian embeddings is used as a

measure for semantic uncertainty of words.

Needless to say, mathematical and quantitative modeling of semantic breadth

by variances of non-point word embeddings is not as straightforward as simply

counting word frequencies within a corpus. Language and word meaning are very

flexible concepts, and quantization of meaning may not reflect all aspects of word

senses. Thus, ripples in variance values between adjacent words in rank order lists

are expected to arise. However, ripples do not constitute a hindrance to appre-

hend the general Zipfian regularity occurring between word variances and word
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frequencies. Furthermore, frequency information helps determine entailment re-

lations between words. Assuming that hypernym words have larger frequencies

compared to hyponym words, existence of a Zipfian regularity in the semantic

breadth of words can be leveraged to enhance baseline methods used to detect

entailment.

Hierarchical relations between concepts can be compelling for some information

retrieval tasks. Particularly, information content based studies adopt hierarchical

relations. For example, there are studies working on semantic similarities between

Wikipedia concepts by using hyponym and hypernym links of categories [92, 93,

94]. Therefore, our findings of a fundamental empirical regularity of words and

improvements in the detection of entailment, are natural candidates for being

tools that may be utilized in information science.

The main results of this study are (1) demonstration of Zipfian regularities

between the semantic breadth and frequency ranks, (2) the utilization of Gaus-

sian embeddings in a quantitative study of Zipfian statistics and computational

semantics. Gaussian embeddings are tools that are capable of modeling seman-

tics and semantic uncertainty simultaneously. We believe that these findings can

also generate new ideas and research directions in computational linguistics as

well as several possible utilizations of the presented Zipfian regularity in NLP,

information science and computer science applications.

Here, one should note that two main factors promote the semantic uncertainty:

direct polysemy and being a generic word. To better observe semantic breadth

and frequency relations, the effect of polysemy should be eliminated. Gaussian

embeddings with multimodal scheme can handle polysemy up to some point by

assigning different Gaussian modes to different senses. In addition to this, ex-

periments are performed on sense disambiguated corpora where the polysemy is

eliminated. The results show that the variances of Gaussian embeddings only

measure the semantic extents of words irrespective of the effects of polysemy.

It is also showed that our results are valid for different languages and valid for

special vocabularies such as Swadesh list and number words. Tests for showing

the statistical significance of the presented results have also been performed.
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To leverage obtained results, we also present a method where an immediate

utilization of Zipfian regularities in the semantic breadth of words is leveraged.

Zipfian regularities are merged with baseline methods to improve the performance

of practical word entailment tests, which are important for several NLP and

information retrieval tasks.

To sum up, this computational study reveals the existence of new Zipfian

patterns: more frequent words tend to be generic while less frequent ones tend

to be specific. The contributions are complementary to Zipf’s law of meaning

distribution and the related meaning-frequency law. Uncovering such a Zipfian

regularity present in the semantic breadth of words is essential in linguistic stud-

ies, information retrieval, and common NLP tasks. Acquired results related to

the uncertainty of words and the usage of Guassian embeddings can also be very

helpful for further quantitative studies of various semantic properties of words.

As a future works, Zipfian regularities in semantic breadth can be investi-

gated in the scope of the basic-level categories [95]. Basic-level categories can

be defined as categories that are used generally people choose to use over their

superordinate and subordinate categories [96]. For example, most people con-

sider a particular object as chair, not as kitchen chair or furniture. Taking

basic-level categories into account can help to understand generality-specificity

relations in Zipfian patterns. It is also beneficial to evaluate modeling perfor-

mance of multimodal Gaussian embeddings. Moreover, diachronic changes of

variances can be examined by using corpora compiled from text samples belong-

ing to different time periods. [97] examines the words in a diachronic framework

and study how meaning and embeddings in vector spaces change over time. In

fact, [98] investigates semantic changes over different timelines via multimodal

Gaussian embeddings. The evolution of language over time in the probabilistic

framework is studied as well, [99, 100]. Non-point word embeddings can open up

new research directions for diachronic analysis since they can model the dynamic

semantic structures of words that may enlarge or shrink through time.
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[78] A. Bražinskas, S. Havrylov, and I. Titov, “Embedding words as distribu-

tions with a Bayesian skip-gram model,” in Proceedings of the 27th Inter-

national Conference on Computational Linguistics, (Santa Fe, New Mex-

ico, USA), pp. 1775–1789, Association for Computational Linguistics, Aug.

2018.

[79] J. Weeds, D. Weir, and D. McCarthy, “Characterising measures of lexical

distributional similarity,” in COLING 2004: Proceedings of the 20th Inter-

national Conference on Computational Linguistics, (Geneva, Switzerland),

pp. 1015–1021, COLING, 2004.

[80] M. Baroni, S. Bernardini, A. Ferraresi, and E. Zanchetta, “The WaCky

wide web: A collection of very large linguistically processed web-crawled

corpora,” Language Resources and Evaluation, vol. 43, no. 3, pp. 209–226,

2009.

[81] J. Duchi, E. Hazan, and Y. Singer, “Adaptive subgradient methods for

online learning and stochastic optimization,” Journal of Machine Learning

Research, vol. 12, no. 61, pp. 2121–2159, 2011.

[82] R. Ferrer-i-Cancho, “The variation of zipf’s law in human language,” The

European Physical Journal B-Condensed Matter and Complex Systems,

vol. 44, no. 2, pp. 249–257, 2005.

67
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