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Abstract

Statistical Natural Language Processing (NLP) lies at the intersection of

Computational Linguistics and Machine Learning. As linguistic models incor-

porate more subtle nuances of language and its structure, standard inference

techniques can fall behind. One such application is research on the unsuper-

vised induction of part-of-speech tags. It has the potential to improve both

our understanding of the plausibility of theories of first language acquisition,

and Natural Language Processing applications such as Speech Recognition and

Machine Translation. Sequential Monte Carlo (SMC) approaches, i.e. particle

filters, are well suited to approximating such models.

This thesis seeks to determine whether one application of SMC methods,

particle Gibbs sampling, is capable of performing inference in otherwise in-

tractable NLP applications. Specifically, this research analyses the benefits

and drawbacks to relying on particle Gibbs to perform unsupervised part-of-

speech induction without the flawed one-tag-per-type assumption of similar

approaches.

Additionally, this thesis explores the affects of type-based supervision with

tag-dictionaries extracted from annotated corpora or from the wiktionary. The

semi-supervised tag dictionary improves the performance of the local Gibbs

PYP-HMM sampler enough to nearly match the performance of the particle

Gibbs type-sampler.

Finally, this thesis also extends the Pitman-Yor HMM tagger of Blunsom

and Cohn (2011) to include an explicit model of the lexicon which encodes

those tags from which a word-type may be generated. This has the effect

of both biasing the model to produce fewer tags per type and modelling the

tendency for open class words to be ambiguous between only a subset of the

available tags. Furthermore, I extend the type based particle Gibbs inference

algorithm to simultaneously resample the ambiguity class as well as tags for



all of the tokens of a given word type. The result is a principled probabilistic

model of part-of-speech induction that achieves state-of-the-art performance.

Overall, the experiments and contributions of this thesis demonstrate the

applicability of the particle Gibbs sampler and particle methods in general to

otherwise intractable problems in NLP.
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Chapter 1

Introduction

With the introduction of statistical methods to natural language processing

(NLP), researchers have been steadily developing new models and applications.

Many of these applications rely on the analysis of the syntactic categories of

the words in a sentence. The word-level syntactic categories, often called parts

of speech (PoS), provide a considerable benefit to many applications without

requiring deeper, more complicated analysis of a sentence. The part-of-speech

of a word describes its syntactic function, allowing many models to generalise

over many different words with similar behaviour. Intricate, hierarchical non-

parametric models have been developed in an attempt to model these and

other linguistic phenomena. These models incorporate long-range correlations

that complicate standard inference techniques. This thesis explores particle

filters as a new technique for performing inference on these intricate models,

focusing on unsupervised induction of parts of speech.

The task of supervised part-of-speech tagging was one of the first successful

applications of statistical machine-learning techniques to linguistic problems.

A part-of-speech tagger assigns a part-of-speech label, or tag, to each word

in a sentence. Supervised part-of-speech taggers rely on manually annotated
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corpora to learn common patterns for each part-of-speech. These approaches

are now capable of correctly labelling 97% of the words in an English corpus

with their parts of speech (Manning, 2011).

On the other hand, unsupervised part-of-speech taggers have largely re-

lied on manually created dictionaries listing the possible tags of each word.

As NLP spreads to new languages and domains, even this small amount of

supervision is undesirable in many applications. Furthermore, research into

language acquisition relies on models of language that do not assume such

specific knowledge. However, without these tag-dictionaries, a word’s part-of-

speech was too ambiguous for standard models.

In the last decade, considerable improvement has been made on the related

task of unsupervised part-of-speech induction. Non-parametric models are re-

sponsible for much of this improvement, using Bayesian priors to more closely

reflect natural language. The introduction of hierarchical Pitman-Yor process

priors with the PYP-HMM lead to further improvements (Blunsom and Cohn,

2011). This model reflects intricate correlations between similar words in mul-

tiple sentences, making inference difficult. These correlations forced Blunsom

and Cohn (2011) to resort to a one-tag-per-type approximation, which assumes

all occurrences of a word have the same part-of-speech tag.

An alternative approach explored in this thesis leverages the Particle Gibbs

(PG) sampler to perform tractable inference without any such restrictions.

The Particle Gibbs sampler incorporates particle filters into a Gibbs sampler

by relying on their capacity to generate samples for each iteration of a Gibbs

sampler. Particle filters generate multiple, independent sequences of random

variables, accounting for global dependencies after they are satisfied. Thus,

they are able to tractably perform inference on hierarchical, non-parametric

models like the PYP-HMM. In fact, the Particle Gibbs sampler can perform
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inference on even more intricate models, enabling the development of models

reflecting more of the subtlety of language, which is what is done in this thesis.

1.1 Thesis Structure

The thesis is structured into two chapters (2 and 3) reviewing different aspects

of the problems addressed by this thesis in the literature and three chapters

(4, 5, and 6) describing solutions to the problem and their extensions. The

final chapter (7) discusses the results from this research and possible future

extensions to this work.

Section 1.1.1 summarizes the two aspects to the problem of unsupervised

part-of-speech tagging with particle filters. The first is the history of the

concept of part-of-speech from ancient Greek philosophy, to modern linguistics,

to recent computational approaches to automatic part-of-speech tagging. The

other aspect is the development of the hierarchical, non-parametric Bayesian

models, including the PYP-HMM extended in this thesis.

The contributions of this thesis represent the key results of the chapters

described in section 1.1.2. The content chapters first explore the application

of the Particle Gibbs algorithm to unsupervised PoS induction with the PYP-

HMM. The remaining chapters extends this approach to address questions

brought up by the initial results. These extensions include semi-supervised

tag-dictionaries and the development of a new unsupervised PoS model that

incorporates a more explicit model of the lexicon.

1.1.1 Problem Description

Chapter 2 describes the history of part-of-speech and part-of-speech tagging,

resulting in the definition of part-of-speech as word-level grammatical cate-
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gories that allow a deeper syntactic analysis. The traditional parts of speech

can be traced back to ancient Greeks at the Library of Alexandria attempting

to describe classes of words that behave similarly. From then on, part-of-speech

has been an integral part of describing a language’s grammar. The American

Structuralists refined the concept of part-of-speech to incorporate the concept

of substitutability. They defined a part-of-speech as a class of words that appear

in interchangeable contexts (Harris, 1946).

Automatic part-of-speech taggers were developed with this definition, al-

lowing the creation of part-of-speech annotated corpora and simplifying the

task of grammatical parsing. These annotated corpora enabled supervised

part-of-speech taggers to use statistical machine learning techniques, resulting

in excellent accuracy. While other techniques were successfully applied to case

of part-of-speech disambiguation with a tag-dictionary, they did not transfer

well to the much more ambiguous task of unsupervised part-of-speech induc-

tion. This ambiguity was recently addressed with modern hierarchical non-

parametric Bayesian models, as demonstrated by the PYP-HMM (Blunsom

and Cohn, 2011). However, while these models are more adapted to modelling

linguistic phenomena, they are more difficult for standard inference.

Chapter 3 explores the motivation and formulation of Bayesian inference

with hierarchical non-parametric models. While supervised and semi-supervised

techniques were relatively successful with a simple bigram HMM model, it has

too much ambiguity for unsupervised PoS induction. Bayesian inference de-

fines a prior distribution over the model parameters to capture the structure

of the parameters and define their ambiguity. Non-parametric models like the

Dirichlet and Pitman-Yor processes are particularly well adapted to modelling

the linguistic structure with parameters of an unknown number or order. These

models can be organized into hierarchies that connect related parameters, like
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those of similarly spelled words or parts-of-speech with similar context.

Chapter 3 concludes with a description of the PYP-HMM model that serves

as the basis for the experiments and extensions in the remainder of this thesis.

This is a hierarchical non-parametric HMM that shows promising results. A

non-parametric hierarchy allows the model to back off from trigram to bigram

and ultimately unigram transitions. A further extension uses a hierarchical

non-parametric character language model to connect similarly spelled words

and model morphology. This morphological extension has too many long-

range correlations, making it unable to mix properly without simultaneously

sampling all word-tokens of the same word-type. Blunsom and Cohn (2011)

were forced to resort to an approximation of these samplers that assumes all

tokens of the same word-type share the same tag, called the one-tag-per-type

assumption.

Problem Statement: “Can Particle Gibbs enable or improve un-

supervised part-of-speech induction tractably, without the one-tag-

per-type constraint?” As a fundamental unit of syntax, part-of-speech is

a critical task for many NLP applications. Furthermore, the one-tag-per-type

assumption is unsatisfying, as many words that might have multiple parts of

speech are critical to the grammatical structure of a sentence. For example,

mislabelling bank might lead to a sentence that is missing a subject or a main

verb. Successfully applying Particle Gibbs sampling to unsupervised PoS in-

duction without relying on the one-tag-per-type assumption both proves its

viability as a solution to otherwise intractable non-parametric inference prob-

lems and improves the viability of unsupervised part-of-speech induction.
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1.1.2 Contributions

Success on this problem is evaluated according to three metrics: posterior like-

lihood of the resulting model, many-to-one accuracy of the tag assignments

across multiple languages, and the speed of inference. Posterior likelihood of

two different inference techniques on the same model provides a direct compar-

ison between them; if the PG sampler can find more likely assignments, then

it is a superior technique for that model. Many-to-one (M-1) accuracy enables

comparison of different models across multiple languages; unsupervised PoS

induction should perform well in a variety of languages. Christodoulopoulos

et al. (2010) found that M-1 accuracy is an intuitive PoS evaluation metric

that reflects performance as long as the number of tags is held constant. Fi-

nally, speed addresses the issue of tractability, the potential improvements

from Particle Gibbs are of little benefit if they come at too great of a compu-

tational cost. This thesis shows that Particle Gibbs inference finds more likely

tag assignments without the one-tag-per-type assumption. It then develops

a new model of part-of-speech that matches or exceeds the accuracy of the

one-tag-per-type assumption across multiple languages and twice as quickly.

The contributions of the research presented in this thesis are described over

three chapters. The first chapter describes two different implementations of the

Particle Gibbs algorithm to the PYP-HMM model, analysing their behaviour

and comparing them to previous approaches. This results in the discovery

that the one-tag-per-type assumption compensates for a flaw in the model.

The second chapter addresses this flaw with semi-supervised tag-dictionaries,

comparing their effects with and without the Particle Gibbs algorithm. The

last content chapter proposes an extension to the unsupervised model, the

Lex-HMM, that improves the base model and compares favourably to the one-

tag-per-type approximation.
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The first contribution from Chapter 4 is the description of two different

implementations of the Particle Gibbs sampler for the PYP-HMM. The first

implementation performs block sampling over sentences, allowing comparison

with an existing block sampling algorithm based on the forward-backward

algorithm. Analysis of the sentence samplers reveal that the Particle Gibbs

algorithm improves with the addition of more particles only up to a point.

Furthermore, this sampler can match the performance of the efficient forward-

backward sampler in less time.

The second sampler implemented in Chapter 4 samples all word-tokens

of the same word-type, mimicking the one-tag-per-type approximation, called

the PYP-1HMM, without the restriction. Results show that the type-sampler

finds more likely tag assignments under the PYP-HMM model than the PYP-

1HMM, though it is considerably slower. The final analysis of the accuracy

of each sampler reveals that while the PG type sample finds more likely tag

assignments, they are less accurate than those found by the approximation.

These results show that the PYP-HMM assigns a high probability to tag assign-

ments with many tags per type, and the one-tag-per-type restriction achieved

its high accuracy by ignoring those assignments. The main contribution of

Chapter 4 is demonstrating empirically that the Particle Gibbs sampler is

capable of performing inference on otherwise intractable models.

Chapter 5 addresses the issue of too many tags per type with the inclusion

of semi-supervised tag-dictionaries. The first tag-dictionaries are extracted

from a subset of labelled training data and applied to the traditional semi-

supervised discrimination task. These experiments found that the inclusion

of tag-dictionary minimizes the benefit of type sampling with or without Par-

ticle Gibbs. These results were then reinforced during experiments with tag-

dictionaries extracted from the Wiktionary. The Particle Gibbs nearly matches
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the performance of the slower model of Li et al. (2012). However, the standard

local Gibbs sampler also achieves nearly the same performance while being con-

siderably faster still. Another contribution of these results was the discovery

that the 1HMM underperforms with a tag-dictionary because it cannot take

full advantage of the reduced ambiguity.

The final contribution of this thesis is the creation of a new model of part-of-

speech, the Lex-HMM, in Chapter 6. The Lex-HMM extends the PYP-HMM

with an unsupervised model of the lexicon. This lexicon directly models the

generation of each word-type’s ambiguity class, the set of tags that might be

assigned to a word. The Lex-HMM implements a basic model of ambiguity

classes that allows a soft restriction on the number of tags assigned to each

word-type. This soft constraint allows the Lex-HMM to address the flaw of

the PYP-HMM without resorting to the one-tag-per-type assumption.

Furthermore, Chapter 6 describes an extension of the type-based Particle

Gibbs sampler from Chapter 4 to perform inference on the Lex-HMM. The

Particle Gibbs sampler is necessary for PoS induction with the Lex-HMM

because the model has even more long-range constraints than the standard

PYP-HMM. With the Particle Gibbs sampler, the Lex-HMM is able to match

or exceed the accuracy of the 1HMM on most of 10 different languages. Beyond

that, the Lex-HMM achieves this performance in half the time as the 1HMM.

Chapter 7 concludes the thesis with an overview of these contributions.

The conclusion also discusses interesting questions and areas for expansion for

future research in unsupervised part-of-speech induction and the application

of particle filters to NLP problems. The overall contribution of the thesis is

the establishment of the utility of particle filters in applications with long-

range correlations and the creation of the Lex-HMM model that relies on such

particle filters.
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Chapter 2

Parts of Speech

2.1 Introduction

Part-of-speech, also referred to as word-class or lexical category, is a word-

based unit of syntax. As such, part-of-speech tagging is often the first step

in the NLP pipeline. It provides a surface-level understanding of sentence

structure and an obvious clustering to allow generalisation in machine learning.

Many applications have come to rely on part-of-speech tagging because

supervised PoS tagging is considered a “solved” problem (Manning, 2011).

The large amounts of labelled data in several major languages has resulted in

very high accuracies. Similarly, the relatively limited search results in a fast

first pass for a deeper analysis. However, these results are generally language

and domain dependent, and there is less labelled data in many important or

rising domains and languages, e.g. Twitter and Arabic or Indonesian.

On the other hand, unsupervised PoS tagging is still an open problem.

Early results depended on difficult to replicate, finely tuned dictionaries (Banko

and Moore, 2004). Recent techniques aim to eliminate the involvement of

expensive experts.
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This chapter aims to define part-of-speech and the problem of part-of-

speech tagging. To provide context for the part-of-speech tagging problem and

the definition of part of speech, section 2.2 covers the history of the concept

of parts of speech. Then, section 2.3 explores the literature of supervised,

semi-supervised, and unsupervised part-of-speech tagging. Finally, section 2.4

explains the specific definition of part-of-speech that this thesis uses and some

theoretical and practical considerations for this definition.

2.2 History of Part-of-Speech

To better motivate a definition of part-of-speech, it helps to understand the

history of the term. Through most of the history of the term, the concept of

part-of-speech has been explained only by the distinctions made in the indi-

vidual definitions of the distinct parts of speech. Therefore, the motivation of

the creator in distinguishing these parts of speech is the only tool for under-

standing their purpose. This purpose has changed over time, and the defining

features of the parts of speech have changed with it. A common theme across

the centuries is that, once defined, the parts of speech are treated as the basis

of more complicated grammatical structure. This results in the conflict be-

tween defining parts-of-speech as categories of word-types (word classes) and

as categories of syntactic context (syntactic categories). This conflict was not

resolved until modern linguists recognized the two as separate, but related

concepts.

2.2.1 Traditional Parts of Speech

Most linguists credit the ancient Alexandrians Aristarchus and his pupil Diony-

sius Thrax with the creation of what would become the traditional parts of
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speech in the second century B.C.E. (Robins, 1966). The Alexandrians were

chiefly concerned with the preservation and critical analysis of poetry from ear-

lier Greek writers (Rauh, 2010, p. 14). In this pursuit, they noticed similarities

in the inflections of these words. Thrax codified these similarities in his gram-

matical analysis, Tékhnē grammatikē (The Art of Grammar). Thrax identified

8 parts of speech: noun, verb, participle, article, pronoun, preposition, adverb,

and conjunction. In his grammar, Thrax stressed that his parts of speech were

determined by “analogy”, meaning categories represented words that behaved

in the same way (Rauh, 2010, p. 16). This is a precursor to the distribu-

tional approach proposed by the American Structuralists. A translation (by

Davidson (1874)) of the definitions Thrax gives is presented below.

1. A Noun is a declinable part of speech, signifying something either con-
crete or abstract (concrete, as stone; abstract, as education); common or
proper (common, as man, horse; proper, as Socrates, Plato). It has five
accidents: genders, species, forms, numbers, and cases.

2. A Verb is an indeclinable word, indicating time, person, and number,
and showing activity or passivity. The verb has eight accidents: Moods,
Dispositions (voices!), Species, Forms, Numbers, Tenses, Persons, Con-
jugations.

3. A Participle is a word partaking of the nature both of nouns and verbs.
It has all the accidents which belong to nouns as well as those which
belong to verbs, except mood and person.

4. An Article is a declinable part of speech prefixed or subjoined to the
various cases of nouns.... It has three accidents: Gender, Number, and
Case.

5. A Pronoun is a word assumed instead of a noun, and indicating definite
persons. It has six accidents: Person, Gender, Number, Case, Form, and
Species.

6. An Adverb is an indeclinable part of speech, said of a verb or added
to a verb. Of the Adverbs, some are Simple, and others Compound –
...Some are indicative of time.... Some indicate manner...; some, qual-
ity...; some, quantity...; some, number...; some, place.... Some Adverbs
signify a wish...; some express horror...; some, denial or negation.
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7. A Preposition is a word placed before any of the parts of speech, both
in Composition and Syntax.

8. A Conjunction is a word binding together a thought in order and filling
up the hiatuses of speech. Of conjunctions, some are copulative, some
disjunctive, some conjunctive, some præter-conjunctive, some causative,
some dubitative, some conclusive, and some expletive.

These definitions focus primarily on the morphological features of the words,

making them properties of the word-types. For example, nouns are distin-

guished by the fact that they can be inflected in case, gender, and num-

ber, resulting in the inclusions of adjectives which behave the same way in

Greek. Later, Apollonius Dyscolus used these parts of speech in his descrip-

tion of Greek syntax, first connecting the concept of part-of-speech with syntax

(Robins, 1966). This approach to part-of-speech inspired the Romans Rem-

nius Palaemon and later Priscian to use almost the same 8 parts of speech 1

in their descriptions of Latin grammar. This is a natural extension, as Latin

grammar is largely inflectional, so when a part-of-speech dictates what in-

flections a word can take, it also dictates that word’s grammatical function.

However, this approach conflates the word-type based word classes and the

context based syntactic categories, starting a trend that would continue for

millennia.

The concept of part-of-speech continued with Lindley Murray’s English

Grammar, first published in 1795 (1809). This grammar defined 9 parts of

speech, including both the Greek article and the Roman interjection, but for-

saking the participle in favour of distinguishing adjectives from nouns. The

adjective is described as modifying a noun, syntactically motivated by the fact

that an adjective requires a noun while the reverse is not true. The descrip-

tions of Murray’s (1809) parts of speech are similar to Thrax’s, with less of a

1Replacing the non-existent articles with interjections.
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focus on morphology and more on notional and prototypical definitions, they

are (emphasis added on the part-of-speech name):

1. An article is a word prefixed to substantives to point them out, and
to show how far their signification extends: as, a garden, an eagle, the
woman.

2. A Substantive or noun is the name of any thing that exists or of which
we have any notion: as, London, man, virtue.

A substantive may, in general, be distinguished by its taking
an article before it, or by its making sense of itself: as, a book,
the sun, an apple; temperance, industry, chastity.

3. An Adjective is a word added to a substantive, to express its quality: as,
“An industrious man; a virtuous woman.”

An adjective may be known by its making sense with the addi-
tion of the word thing : as, a good thing: a bad thing: or of any
particular substantive; as, a sweet apple, a pleasant prospect,
a lively boy.

4. A Pronoun is a word used instead of a noun, to avoid the too frequent
repetition of the same word: as, “The man is happy; he is benevolent;
he is useful.”

5. A Verb is a word which signifies to BE, to DO, or to SUFFER: as, “I
am; I rule; I am ruled.”

A verb may generally be distinguished by its making sense with
any of the personal pronouns, or the word to before it: as, I
walk, he plays, they write; or, to walk, to play, to write.

6. An Adverb is a part of speech joined to a verb, an adjective, and some-
times to another adverb, to express some quality or circumstance respect-
ing it: as, “He reads well ; a truly good man; he writes very correctly.”

An adverb may generally be known, by its answering to the
question, How? how much? when? or where? as, in the
phrase, “He reads correctly,” the answer to the question, How
does he read? is, correctly.

7. Prepositions serve to connect words with one another, and to show the
relation between them: as, “He went from London to York:” “she is
above disguise;” “they are supported by industry.”

A preposition may be known by its admitting after it a personal
pronoun, in the objective case: as, with, for, to, &c.
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8. A Conjunction is a part of speech that is chiefly used to connect sen-
tences; so as, out of two or more sentences, to make but one. it sometimes
connects only words: as “Thou and he are happy, because you are good.”
“Two and three are five.”

9. Interjections are words thrown in between the parts of a sentence, to
express the passions or emotions of the speaker: as “O virtue! how
amiable though art!”

Each notional definition is accompanied by examples demonstrating the

part-of-speech’s syntactic distribution. Murray (1809) goes on to describe

English Syntax as a set of rules applying to the syntactic behaviour of the

parts-of-speech and their subcategories.

This tradition of morphologically defining parts of speech to aid in describ-

ing a languages syntax continued into the 19th century with Diez’s Grammatik

der romanischen Sprachen (Diez, 1836-38). Diez described several Romance

languages in a similar style to Priscian’s, with primarily morphological de-

scriptions of the parts of speech that are used to describe the grammar of

each language. Diez describes 10 parts of speech, using syntactic differences

to distinguish adjectives from nouns, adding a part-of-speech for numerals,

reintroducing the article, and ignoring participles.

The morphological definitions used in defining the Greek and Romance

parts of speech are less useful in languages with less inflection. Therefore,

when Mätzner published his Modern English grammar, his definitions focused

on semantic features of the words (Mätzner, 1880-85, vol. 1). Mätzner describes

the same 10 parts of speech as Diez and discusses their inflectional properties

with respect to Old English. However, these inflectional properties no longer

exist in Modern English for the most part. Still, having defined his parts

of speech, Metzer proceeds to describe their syntactic properties to define a

grammar for simple and complex sentences (Rauh, 2010, p. 23).
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Rauh (2010, p. 24) argues that Mätzner was influenced by a second, older

tradition in his definition of the parts of speech, that of Plato and the Sto-

ics. The Greek philosopher Plato used the term “mérē lógou” (sentence parts)

when he separated the sentence (lógos) into ónoma and rhēma. These terms

are now translated into noun and verb, respectively, but Plato intended them to

split the sentence into topic and comment, or argument and predicate (Robins,

1966). These terms were used more like the broad syntactic categories of Noun

Phrase (ónoma) and Verb Phrase (rhēma) (Robins, 1966). Plato was attempt-

ing to analyse speech as logical statements, and his parts of speech were se-

mantic and syntactic in nature (Rauh, 2010, p. 25). This is most apparent in

Plato’s categorisation of adjectives and adjectival phrases as rhēmata, because

they could be used as a predicate without a copula in ancient Greek. Aris-

totle extended Plato’s parts of speech to include a third, lesser category, the

sýndesmoi (conjunctions), which were all of the other words in a sentence that

connected the key elements, the onómata and the rhēmata.

This tradition of analysing sentences as statements of logic was continued

by the Stoics (Robins, 1966). The Stoics introduced morphology into the defi-

nition of the parts of speech by distinguishing the árthron (a class representing

articles and pronouns) that can be inflected from the rest of the sýndesmoi.

Robins (1966) claims that by defining classes according to grammatical cate-

gories, the Stoics represent the beginning of the European grammatical tradi-

tion. The Stoics used the existence of case inflection to distinguish the gram-

matical purpose of the parts of speech. The fact that rhēmata(verbs) lacked

case distinguished them from the onómata(nouns), and similarly the árthra

from the sýndesmoi. Later, Diogenes and Chrysippus split the nouns into

proper and common nouns. Other Stoics added a class of adverbs, so that the

Stoic system defined 6 parts of speech (Robins, 1966). While the Stoic system
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was used to describe syntactic as well as semantic function, Rauh (2010, p. 25)

stresses that, like Plato and Aristotle, the intention was to better understand

logical argument while the Alexandrians sought to analyse written language.

The Stoics’ logical approach to grammatical analysis eventually inspired

the creation of the Port Royal grammar by the linguist Claude Lancelot and

philosopher Antoine Arnauld (1975). The grammar was published in a book

titled Grammaire générale et raisonée (General and Rational Grammar) in

1660. The goal was to focus on purely semantic definitions of the 8 Alexandrian

parts of speech plus the interjection, so that they would be universal to all

languages. Rauh (2010, p. 25) argues that this grammar fails to be universal

because it attempts to force all words into 9 semantic categories that were

originally distinguished according to their morphology.

The morphological basis of the original parts of speech and the semantic and

syntactic similarity of the words they described lead grammarians to equate

each of these aspects. This historical tradition of classifying words and then

using those classes as the basis of a sentence’s grammatical structure persists

to this day. Even as linguists of the first half of the twentieth century eschewed

the prescriptive traditions of European grammarians, they still operated under

the assumption that words could be assigned to one of roughly ten classes

representing their syntactic behaviour.

2.2.2 The American Structuralism

The continued reliance on conflating grammatical categories with word classes

originally designed for morphological languages, as well as infusion of semantic

meaning into these same categories has lead to confusion over the definition

and use of parts of speech in modern linguistics starting with the American

Structuralists. This movement was inspired by anthropologist Franz Boas and
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codified by Leonard Bloomfield. Boas found that the Native American lan-

guages he was studying could not be adequately explained by the western

grammatical tradition (Rauh, 2010, p. 27-28). Bloomfield advocated a sci-

entific approach to language description that involved the transcription and

analysis of spoken utterances (Rauh, 2010). These utterances would be used

as data that would support and be explained by linguistic theories.

The Structuralist movement would lead to the distributional approaches

described by linguists like Zellig Harris and Charles Carpenter Fries (Rauh,

2010, p. 33). Harris described the distributional approach as relying on the

principle of substitutability. This approach relied on the collection of utter-

ances into “corpora” and comparing the distribution of elements within these

corpora. He used the principle of substitutability to create morpheme classes

and morpheme sequence classes (Harris, 1951). Harris’s (1951, p. 363) original

description of his substitutability principle was:

The morphemes are grouped into morpheme classes, or classes
of morphemes-in-environments, such that the distribution of one
member of a class is similar to the distribution of any other mem-
ber of that class. These morpheme classes and any sequences of
morpheme classes which are substitutable for them within the ut-
terance, are now grouped into larger classes (called position or re-
sultant classes) in such a way that all the morpheme sequences
(including sequences of one morpheme) in a position class substi-
tute freely for each other in those positions in the utterance within
which that class occurs.

Harris described two methods for identifying morpheme classes using the

substitutability principle. The first compared all environments that occur with

each morpheme, identifying each set of morpheme with identical environments

as a morpheme class. The second method alternates between expanding the

set of environments in which a morpheme can be substituted and expanding

the set of morphemes which can be substituted in those environments. Harris

17



claims that the second method is equivalent to the first on the assumption

that any word in the class that can substituted in one environment can also

be substituted in any environment in which one of the other words occurs.

Harris combined his morpheme classes into morpheme sequence classes, built

of multiple morpheme classes. The distributional behaviour of these morpheme

sequence classes define a language’s grammar.

Recognizing that both of these methods are limited by the lack of all pos-

sible utterances existing within a corpus, Harris relaxed the principle to only

require 80% environment overlap (Harris, 1951, p. 245). Applying the second

method to a variety of corpora led Harris to describe 35 morpheme classes.

18 classes represented syntactic categories, 7 of which are subcategories of the

greater verb category. Harris’s method did not distinguish between morpho-

logical categories and syntactic categories, so 1 class was a neutral stem class

that could be combined with the remaining 16 affix classes to form a syntactic

class (Harris, 1946). Rauh (2010, p. 48-53) suggests that Harris’s use of the

names for the traditional parts of speech affected his application of his own

rules, resulting in far fewer morpheme classes than the rigorous application of

substitutability would find. This is because many words can occur in different

syntactic contexts, like the word feels, which can be substituted with kicks in

The boy feels the ball, but not in The sand feels warm. Similarly is can be

substituted with feels in The sand is warm, but not in the interrogative Is the

sand warm? The combination of the principle of substitutability of context

with the assignment of a single morpheme class to each morpheme results in

a much larger number of classes than described by the traditional parts of

speech.

Another Structuralist was by Charles Fries, a contemporary of Harris with

a slightly different approach to syntactic classification. Unlike Harris, Fries
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approached syntactic categories as separate from morphological ones. Fries

assigned words to classes according to their substitutability into the words

in 3 test frames, short clauses covering a range of syntactic structures (Fries,

1952, p. 75). Fries’s (1952) test frames were:

Frame A: The concert was good (always)
Frame B: The clerk remembered the tax (suddenly)
Frame C: The team went there

Fries identified 19 categories, 4 of which he referred to as “parts of speech”

or “form classes”, because they could be identified by their morphology. He

referred to the remaining 15 classes as “function words” (Fries, 1952, p. 110).

Fries to care to avoid reusing the names of the traditional parts of speech,

instead naming his categories with letters and numbers. Still, the limited

number of test frames fails to distinguish words that cannot be substituted

in other contexts. Rauh (2010, p. 49) suggests the words is and feels for the

frame The concert good. Note that only is works in the interrogative

the concert good?

The above example can be solved by splitting the verbs like feels and is into

verbs of perception and verbs of being, respectively. The necessity of splitting

word-classes into smaller and more specific subclasses is known as the subclass

problem (Haspelmath, 2001). The problem with the subclass strategy is that it

becomes difficult to distinguish when a word is distributed differently because

of its semantics2. While the categories still represent common context, they

become more semantic in nature and less syntactic as they get smaller.

This is a similar problem to the one faced by Harris (1946) with substi-

tutability. However, dividing the verbs kicks and feels into transitive and

intransitive or perception verbs is not a universal solution. The word feels acts

2The word sounds is a similar perception verb to feels, yet it is unlikely to be substituted
in the phrase The sand warm.
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as either a transitive or intransitive verb in different contexts. Another percep-

tion word, e.g. looks, fits in the context frame The sand warm. However,

looks cannot replace feels as a transitive verb in the frame The boy the ball.

Words like banks can occur in even more distinct contexts, e.g. She went to

several banks and She banks her money. Harris (1946) reconciled this problem

with the goal of assigning one morpheme class to each morpheme by consid-

ering these cases as homophones or homographs, different words that have the

same pronunciation or spelling. This solution leads to the homograph problem,

where it is unclear how to determine which homograph is present in a given

environment or if it even represents a new homograph.

The homograph problem and the subclass problem can often exacerbate

each other. As the granularity of the subclasses becomes more fine, more

homographs must be distinguished. On the other hand, if the same word in

two different environments or frames is actually two different words, then what

links the subclasses to their superclass? A major cause of the problems with

the Harris’s morpheme classes and Fries’s categories was that both attempted

to uniquely define a word-class that completely described the grammatical

environments in which each word could occur. The homograph and subclass

problems persist into modern linguistics, but they are mitigated as linguists

begin to distinguish between word-classes and syntactic categories.

2.2.3 Modern Linguistics

Franz Boas and the Structuralists represent the start of a more scientific,

evidence-based approach to the study of language and the predecessor of the

field of modern Linguistics. Following the “Chomksyan Revolution” (Newmeyer,

1980, p. 19), modern linguists rejected the materialistic proposal of Bloomfield

(1933, p. 22) that the study of language must be based solely on a finite number
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of observable utterances. Instead, modern theories of language include models

of how new words and utterances might be understood or generated (Rauh,

2010). A common feature of these models is the distinction of word-classes

and their features, often contained within a lexicon, and the categories that

make up a sentence’s grammatical structure.

After the Structuralists, linguists were divided regarding how best to de-

scribe a language’s grammar. Chomsky (1975b, 1957, 1965) proposed a Gen-

erative Grammar made up of phrases named after some of the parts of speech:

Noun Phrases, Verb Phrases, etc. These phrases are made up of words di-

vided into lexical categories, representing the “major” semantic parts of speech:

noun, verb, and adjective, and functional categories representing word-classes

that only represent syntactic function (Chomsky, 1975a). Chomsky (1975a)

distinguished the lexical categories according to the presence of nominal (±N)

and verbal (±V) features. This feature-based approach was extended by Jack-

endoff (1977, p. 31) to include the preposition category (-N,-V). The grammar

contain rules describing the sub-categorical properties of the lexical categories

and these properties determine a word’s grammatical function.

Jackendoff (1977) then went on to further describe the remaining func-

tional categories with additional features for Subject, Object, Complement,

and Determiner. These features represent whether or not a word can have a

subject, a complement that is an NP, any complement, or whether the word

is an article or word of degree, respectively. Table 2.1 shows the specific cat-

egories proposed by Jackendoff (1977), note that they are also named after

the traditional parts of speech, but are not necessarily the same, especially for

non-Indo-European languages (Haspelmath, 2001).

Pollard and Sag (1987) developed a rule-based model of grammar in which

words and phrases are combined according to complex feature structures. In
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Subject Object Complement Determiner
verb + + +
modal + + -
preposition - + +
particle - + -
noun + - +
article + - - +
quantifier + - - -
adjective - - +
degree - - - +
adverb - - - -

Table 2.1: The lexical categories proposed by Jackendoff (1977, p. 33)

this approach, a syntactic category is the complete feature structure of a word,

which ultimately achieves the substitutability Harris set out to accomplish

(Rauh, 2010, p. 199). In the grammar of Sag et al. (2003), a lexicon pairs a

word with all of its relevant syntactic, phonetic, and semantic features. The

part-of-speech of a word represents its highest-level feature, determining what

other features the lexicon needs to describe in order to fully determine each

word’s syntactic category (Pollard and Sag, 1994, p. 22).

Langacker (1987) proposed the Cognitive Grammar as a semantic-focused

response to Chomksy’s Generative Grammar. This grammar is built of symbols

representing semantic and phonetic pairs, with no explicit distinction between

morphemes, words, phrases, and sentences. Despite the lack of any explicit

reference to syntactic categories, Langacker (1987, p. 189,214,242) still distin-

guishes between word-level basic grammatical categories and phrasal grammat-

ical categories. Every grammatical element in Langacker’s Cognitive Grammar

has some semantic meaning, so the basic grammatical categories are defined

notionally, by their general meaning (Rauh, 2010, p. 237).

Anderson (1971) described his Localist Case Grammar as a dependency

grammar that is based on word classified according to the notional features N

and P. This approach was further clarified in the book A Notional Theory of
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{P} {P N} {P N} {N P} {N} {}
aux verb adjective noun name functor

Figure 2.1: Anderson’s (1997) primary categories for English.

Syntactic Categories (Anderson, 1997). The Localist Case Grammar uses the

ability and prevalence of a word as describing a participant (N) and as an event

or situation (P) to describe primary categories or basic word classes (Ander-

son, 1997, p. 105). The six categories used to describe English are shown in

figure 2.1, with a “;” indicating that the feature on the left is more prevalent

and a “:” indicating a balance between the two. There are further intermedi-

ary classes with head features (notional and inflectional) from one word class

and complement selection properties of another (Anderson, 1997, p. 82). These

classes have further secondary categories that describe the complements a class

can take, for nouns these represent Case, Gender, Definiteness/Specificity, and

Number (Anderson, 1997, p. 106). These primary and secondary categories, in

addition to syntactic derivation rules, are stored in a lexicon and are used to

derive the specific syntactic categories of a word. Note that this approach ex-

plicitly distinguishes syntactic categories from the word classes/lexical classes

from which they derive (Anderson, 1997, p. 2).

A different approach to notional categories comes from research by cog-

nitive psychologist Rosch and her team into prototypical categories (Rosch

1977, p. 36; Mervis 1980, p. 286). This research showed that cognitive cat-

egories are often described by prototypical members with fuzzy boundaries

where members have some features common to categories with different proto-

types (Rosch, 1977). Lakoff (1965) found that the traditional parts of speech

exhibit prototype effects. This research was incorporated into a description

of lexical categories by Dixon (1977). While these prototypical categories are

still used to describe a language’s grammar, they are only grammatical hints,
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as some words might not behave like any of the prototypes.

Table 2.2 shows key examples of the evolution of the traditional parts of

speech. These examples show that, while the identifying features have varied,

part-of-speech has historically been used to identify the surface-level compo-

nents of grammar. In an attempt to avoid confusion, linguists have proposed

other terminology for word-level grammatical categories. Haspelmath (2001)

refers to word classes, a much broader term referring to any classification that

applies to word-types rather than word-tokens, and compares the intersection

of word classes in different languages with the traditional parts of speech.

The term lexical category describes categories of words in a lexicon. Usage

of the term varies over their relation to grammatical categories. Van Valin, Jr.

(2001) names his lexical categories after the traditional parts of speech, but

insists that they be defined morphosyntactically. In this definition, a word’s

lexicon entry defines all of the possible lexical categories a word might have,

with the actual category determined individually for each occurrence according

to its syntactic context. On the other hand, Chomsky distinguishes meaning-

bearing lexical categories (noun, verb, adjective, preposition) and functional

categories (Chomsky, 1975a), and these categories are used to determine the

sub-categorical features that control syntax. Furthermore, Rauh (2002) de-

fines lexical categories as cognitive, prototypical categories used for creating a

lexicon that aid in determining a word’s grammatical category, which is used

in the construction of the grammar.

All of these approaches note the need to distinguish between grammatical

categories of words for deeper grammatical analysis. Regardless of terminology,

every language has groups of words that have very similar syntactic distribu-

tions (Haspelmath, 2001). Modern linguistics distinguishes between the type-

level categories that describe possible behaviour and the specific token-level
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categories that describe actual syntactic function. Both of these categories are

often referred to as parts of speech because there is often considerable overlap

between either of them and the traditional parts of speech. The definition of

part-of-speech for any given application depends on its purpose and practical

considerations in implementation.

2.3 Part-of-Speech Tagging

The work of the American Structuralists like Harris and Fries coincided with

the growing access to mainframe computers at research institutions. The abil-

ity of computers to store and analyse large amounts of data was a natural fit to

the rigorous corpus-based approach they proposed. One of the first successful

applications of computers to language processing was automatic part-of-speech

tagging, or grammatical coding (Klein and Simmons, 1963). With the growing

body of corpora and exponential rise in processing power, the field of Compu-

tational Linguistics formed.

Later on, the creation of annotated corpora greatly simplified the task

of evaluating part-of-speech taggers and enabled the use of supervised ap-

proaches. These supervised approaches were either fully supervised tagging or

semi-supervised part-of-speech disambiguation using a supplied tag dictionary.

Over time, researchers began to question the feasibility of the tag dictionary

approach and started the tasks of minimally supervised (Hasan and Ng, 2009)

and fully unsupervised part-of-speech induction.

2.3.1 Automatic Part-of-Speech Tagging and Corpora

As computers became available to researchers in the early 1960’s, linguists

began to use them to analyse text. Klein and Simmons (1963) created one of
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āta
p

article
(B

)
p

article
m

o
d

al
(R

)
m

o
d

al
h
a
ve,be

d
egree

q
u

an
tifi

er

T
ab

le
2.2:

T
h
e

p
arts

of
sp

eech
or

lex
ical/sy

n
tactic

categories
of

variou
s

gram
m

atical
sy

stem
s

th
rou

gh
ou

t
h
istory,

ex
ten

d
ed

from
tab

le
2.2

p
resen

ted
in

C
h
risto

d
ou

lop
ou

los
(2013,

p
.

16).

26



the first automatic part-of-speech taggers, called the ”computational grammar

coder,” or CGC. Like most of its successors, the purpose of the CGC was

to assign grammatical codes to individual words as a precursor to a total

parsing system. The alternative of the time was to utilize large dictionaries

of words, which slowed the parsing process because they had to be stored

on magnetic tape due to their size. The CGC was system of hand-crafted

rules that systematically reduced the ambiguity of a word’s tag assignment

through a series of tests. The first test used a dictionary of 2000 common

and idiosyncratic words to determine a word’s ambiguity class. If a word

is not in the dictionary or has an ambiguous entry, a series of suffix tests

narrow the ambiguity class further. If the word still has no ambiguity class,

it is assigned to the ambiguity class representing the set of open grammatical

codes. The final Context Frame Test attempts to replicate Harris’s (1951)

substitutability property by limiting the codes in ambiguous strings of up to

three words between unambiguously coded words (Klein and Simmons, 1963).

A major flaw with this hand-coded rule based approach is that the rules can

never truly be exhaustive and must be extended as gaps are found.

The ambiguity classes represented a combination of homograms, like Harris

(1946), and words that were ambiguous because they could not fit in the limited

dictionary. The CGC used a tagset of 30 codes, around twice as many as

the categories proposed by contemporary linguists like Harris (1951) and Fries

(1952). The extra codes are to distinguish between subcategories which behave

differently syntactically, like coding nouns for number and verbs with tense,

simplifying the work for the parser. Other words have specialized grammatical

codes if their syntactic behaviour requires deeper analysis than the Context

Frame Tests can provide. Two examples are the prepositions to and of, which

have the additional grammatical functions of distinguishing infinitive verbs
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and possession, respectively (Klein and Simmons, 1963).

The TAGGIT part-of-speech tagger was a similar rule-based approach by

Greene and Rubin (1971). Like the CGC, TAGGIT uses a word dictionary

and a suffix dictionary to determine ambiguity classes. Additionally, it has

manually designed context rules based on unambiguous words within a con-

text window of 2 words on either side (Greene and Rubin, 1971). However,

the TAGGIT system was designed to automatically tag the much larger and

more diverse data of the newly created Brown Corpus (Francis, 1964). The

Brown corpus is comprised of around 1 million words divided into 15 cate-

gories of American fiction and non-fiction published in 1961 (Francis, 1964).

Completed in 1971, the part-of-speech annotation of the Brown corpus used

82 simple tags and 135 compound tags, further distinguishing syntactically

distinct subcategories of the traditional parts of speech (Francis and Kučera,

1979). TAGGIT used a dictionary of 3,000 words and a suffix list of 450 suf-

fixes (Greene and Rubin, 1971). Additionally, TAGGIT had 3,300 context

frame rules (Greene and Rubin, 1971), compared to the CGC’s 500 (Klein and

Simmons, 1963). TAGGIT successfully tagged 77% of the Brown corpus, and

human annotators corrected the remaining errors (Greene and Rubin, 1971).

The 1 million annotated words of the Brown Corpus enabled a new ap-

proach to PoS tagging, supervision. The first probabilistic part-of-speech tag-

ger, CLAWS (described in detail next section), took advantage of the tag

transition frequencies in the annotated Brown Corpus to assist in the annota-

tion of the Lancaster-Oslo/Bergen (LOB) Corpus (Marshall, 1983). The use

of the supervised frequency information enabled the automatic tagging of 95-

96% and reducing the number of corrections needed to 35,000, compared to

the 230,000 corrections in the construction of the Brown Corpus (Beale, 1985).

The LOB Corpus further expanded the tagset to 135 tags in an effort to ap-
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proach “the ideal of providing distinct codings for all classes of words having

distinct grammatical behaviour” (Garside et al., 1987, p. 167). This stated

ideal reveals the continued attempt to reconcile the two notions of classifying

word-types and categorizing grammatical behaviour. Other corpora followed

suit with the Lancaster UCREL group expanding to 165 tags and the London-

Lund Corpus of Spoken English using 197 (Marcus et al., 1993a). The growth

in size of tagsets during this time shows the consequences of this reconciliation

and exemplifies the subcategory problem.

The trend of steadily increasing the size and specificity of tagsets stopped

in the 1990’s with the creation of the Penn Treebank (Marcus et al., 1993a) and

the British National Corpus (BNC) (Garside, 1996). The BNC was annotated

with an updated version of CLAWS (CLAWS 4) using a basic tagset of 62 tags

for the full corpus of 100 million words and a more extensive tagset of 152 tags

for a smaller “core” of 2 million words (Garside, 1996). The Penn Treebank

(PTB) went even further to create a tagset by reducing the 87 tags of the

Brown tagset to 36 tags for words an 12 more for punctuation and symbols,

for a total of 48 tags (Marcus et al., 1993a). The creators of the Penn Treebank

were concerned with the problem of sparsity in probability estimation, so by

reducing the number of tags they aimed to ensure that each tag was frequent

enough to for trustworthy estimates (Marcus et al., 1993a). Other reasons for

reducing the size of the tagset are the reduction in errors and inconsistency in

the human corrections and in the uncertainty for the automatic taggers (Leech,

1993).

The common goal of all of these part-of-speech annotated corpora has con-

tinued to be the goal set out by the GCG of simplifying the process of full

grammatical analysis. These corpora, as well as those in other languages,

allow the use of supervised machine learning techniques to greatly improve
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the accuracy of PoS taggers. Furthermore, the annotated corpora provide a

gold-standard against which to evaluate the results of both supervised and

unsupervised PoS taggers.

2.3.2 Supervised Part-of-Speech Tagging

As mentioned previously, the (Constituent Likelihood Automatic word-tagging

System) CLAWS tagger was one of the first probabilistic tagger, taking ad-

vantage of the supervised tags of the Brown Corpus to improve its estimation

of ambiguous sequences. The improved CLAWS4 assisted in the tagging of

the BNC (Garside, 1996). This system was motivated by the observation that

80% of the actual applications of TAGGIT’s context frame rules only used

one word in the immediate context (Beale, 1985). Accordingly, CLAWS uses

a matrix of tag-tag transition probabilities, similar to the modern HMM ap-

proach (Beale, 1985). Unlike a HMM, CLAWS uses a conditional random

field (CRF) to incorporate rough word-tag frequency markers in its dictionary,

with “@” marking rare tags for a word and ”%” for very rare tags, lowering

the probability of paths through those tags by one half and one eighth. re-

spectively (Beale, 1985). The system uses similar dictionary and suffix tests

to assign a set of possible tags to each word, but augments a limited set of

language-specific context frame tests with the transition probabilities (Gar-

side, 1996). The transition probabilities and the frequency markers combine

with the Viterbi algorithm choosing the most likely path through a sequence

of ambiguous words (Garside, 1996). The resulting algorithm achieves around

96% accuracy.

The Penn Treebank was tagged with the PARTS tagger of Church (1988),

which used a Hidden Markov Model (HMM) to model part-of-speech. The

HMM generates the next tag according to the transition probability from the
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last tag (or the last two tags in the case of a trigram HMM) and that tag

outputs a word according to an emission probability. Many other subsequent

part-of-speech taggers relied on the HMM, learning the transition and emis-

sion distributions either from supervised data or with a semi-supervised dictio-

nary and the Baum-Welch algorithm, an instance of Expectation-Maximisation

(Merialdo, 1993, Weischedel et al., 1993, Schütze and Singer, 1994, Brants,

2000).

Another approach was proposed by Brill (1994) to automatically learn

transformation rules from a supervised corpus. The approach initialises the

tags to the most frequent tag available for each word, an then performs a series

of transformations that change one tag to another according to various context

features (Brill, 1994). Each transformation is greedily chosen to minimise the

number of errors relative to the supervised corpus (Brill, 1994). Once learned,

the transformations can be reapplied in the same order they were learned to

achieve competitive performance with contemporary approaches (Brill, 1994).

The state-of-the-art results in supervised PoS tagging were achieved by the

Stanford Tagger of Manning (2011) and Shen et al. (2007). These taggers use

linear and log-linear feature-based models to disambiguate tags according to

a variety of orthographic and contextual features (Manning, 2011). Collobert

et al. (2011) show close performance with a supervised neural-network and

word-embedding features learned from a large unsupervised corpus. Manning

(2011) achieved 97.3% accuracy and the inter-annotator agreement is about

98% (Baker, 1997). All of these techniques require a supervised corpus to

achieve these results, and there are still many resource-poor languages and

domains for which the supervised approach is infeasible.
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2.3.3 Part-of-Speech Disambiguation

Considering the cost of manually annotating the large corpora used for su-

pervised training3, many researchers in the 1990’s also experimented with un-

supervised PoS tagging. Most of these “unsupervised” taggers assumed the

availability of a lexicon of available tags, or tag-dictionary, for most words

(Brill, 1995, Kupiec, 1992, Merialdo, 1993). These dictionaries simplified the

inference problem by reducing ambiguity and evaluation by roughly defining

the tagset. They are abstractions of the more complex lexica described by

modern linguistics in section 2.2.3. The task of learning tags with a lexicon

and an unlabelled corpus is referred to as part-of-speech disambiguation (Brill,

1995). The most popular approach modelled the generation of the corpus with

an HMM and learned the maximum likelihood parameters through the Baum-

Welch algorithm, now referred to as Expectation-Maximisation (EM) (Baum,

1972, Kupiec, 1992, Merialdo, 1993, Elworthy, 1994). To reduce the total

number of parameters, Kupiec (1992) treated words with the same possible

tag assignments, or ambiguity class, as equivalence classes, sharing emission

probabilities4. On the other hand, Brill (1995) was able to adapt his rule-based

transformation tagger to tag discrimination by replacing the minimum errors

score with a one that prefers to reuse tags that have already been unambigu-

ously assigned.

While the early part-of-speech disambiguation approaches achieved 95-96%

accuracies, nearly matching the fully supervised counterparts, they assumed

the existence of dictionaries of dubious quality. The tag-dictionaries them-

selves were extracted from the combined training and test sets, resulting in

initial accuracies of 90% before training (Brill, 1995). Furthermore, Banko

3Marcus et al. (1993a) states that the proposal for the Penn Treebank estimated the total
cost at $10 million

4Kupiec (1992) gave the 100 most frequent words their own equivalence classes
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and Moore (2004) found that the results of these taggers depended strongly

on preprocessing the dictionary to remove all word-tag pairs that represent less

than some threshold proportion of the total occurrences of that word. Ravi

and Knight (2009) show that when these uncommon entries are not removed

from the dictionary, the EM algorithm assigns them more evenly than the

actual highly skewed distribution.

More recent research on the part-of-speech disambiguation task tends to

focus on minimising the amount of supervised information necessary or miti-

gating the effects of a non-processed dictionary. Goldwater and Griffiths (2007)

use a diluted dictionary representing the most frequent words. Haghighi and

Klein (2006) learn from a small number of prototypical words for each part-

of-speech. Garrette and Baldridge (2013), Garrette et al. (2013) learn taggers

for low-resource languages with only two hours of annotation of a corpus or

dictionary. Ravi and Knight (2009) use Integer Programming to eliminate rare

or erroneous entries from the lexicon. Finally, Toutanova and Johnson (2008)

model the generation of ambiguity classes to predict new ambiguity classes for

unseen words.

2.3.4 Unsupervised Part-of-Speech Induction

Brown et al. (1992) takes a different approach from its contemporaries. Rather

than part-of-speech disambiguation with a lexicon, Brown et al. (1992) per-

formed fully unsupervised part-of-speech induction. Unsupervised part-of-

speech induction groups word-tokens into unlabelled clusters representing syn-

tactic categories. Brown et al. (1992) models part-of-speech with an HMM

like Kupiec (1992) and Merialdo (1993). Brown et al. (1992) introduces the

one-tag-per-type assumption because fully unsupervised induction has consid-

erably more ambiguity than the disambiguation class. The one-tag-per-type
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assumption means that all tokens of the same word-type are placed in the same

cluster, or word-class. This approach initially places each word in its own class

and then greedily merges classes to maximize the average mutual information

of adjacent word-classes until it reaches the desired number of clusters (Brown

et al., 1992).

Another method by Schütze (1993) also assigns one-tag-per-type, though

it attempts to predict and discard ambiguous words that violate this assump-

tion. This approach uses a series of clustering dimension reducing techniques

for word context vectors to create a vector space that can be used as inputs

and outputs for a neural network. First, four matrices representing the cooc-

currence frequencies of the 5,000 most frequent word-types are combined into

a 5,000x20,000 matrix. The 5,000 words and then mapped to vectors in 15

dimensional space via Singular Value Decomposition (SVD) (Schütze, 1993).

The 5,000 words are combined into 500 clusters, 222 clusters from the 15 di-

mensional space and 278 high-frequency ”closed-class words” (Schütze, 1993).

These clusters are incorporated into a new 2,000x22,771 cooccurrence matrix

of all the words that occur at least 100 times, which are then mapped to a

10 dimensional vector space again with SVD (Schütze, 1993). These vectors

are used to train a birecurrent neural network, a combination of two recurrent

neural networks: one of which predicts the context vector given the left word

and context, the other does the same from the right. The output of the first

5,000 vectors from the network are clustered into 200 clusters, labelled with

the two words closest to their centroid (Schütze, 1993). A word is assigned

to the cluster with the highest correlation coefficient for its closest member

to the network’s output accumulated over all occurrences of the word. If no

cluster scores above a certain threshold for a given word, that word is declared

ambiguous and discarded. Schütze (1993) argues that these clusters represent

34



parts of speech, and uses human annotators to label the clusters according to

which of first 5,000 words are in them.

The scepticism toward tag-dictionaries of the early 2000’s revitalised the

part-of-speech induction task, with Clark (2000) describing an HMM model for

syntactic categories. Clark (2003) expands this model to include a morphol-

ogy (or more accurately orthography) model. This model uses letter HMMs

(compared to the word HMMs described before) for each cluster, such that

the prior probability of a cluster is the product of the probability of that clus-

ter’s HMM generating each of the words within it (Clark, 2003). Clark (2003)

recognized that a key advantage of unsupervised PoS induction over more su-

pervised approaches is its language independence, this motivated his choice of

letter HMMs over other possible morphology models. Like the approaches of

Brown et al. (1992) and Schütze (1993), this approach takes the one-tag-per-

type assumption, greatly improving the efficiency of inference Clark (2003).

Inference in this approach is iterative, starting with the most frequent words

in their own clusters, and another cluster for all of the remaining words (Clark,

2000). Then, each iteration calculates the change in likelihood for the overall

model for moving each word from its current cluster to each other cluster,

choosing the move that maximizes the likelihood (Clark, 2003).

While pragmatic in nature, the one-tag-per-type assumption is similar to

the assumptions of the Structuralists. The result is word-classes that approxi-

mate general syntactic behaviour. The move to lexicon-based models in mod-

ern linguistics and the trend toward small tagsets in supervised PoS tagging are

reactions to flaws in this approach. The one-tag-per-type assumption assigns

the same word-class to different homograms, limits the ability to generalize

over subcategories, and requires large numbers of classes to encode fine gram-

matical distinctions. In the spirit of eliminating this assumption, Clark (2003)
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explored the possibility of allowing ambiguity with a simple HMM and the

EM algorithm used in the discriminative approaches from section 2.3.3, find-

ing that without any restrictions on the number of tags-per-type, the emission

distribution allows too many tags to emit words of the same type.

Goldwater and Griffiths (2007) attempt to alleviate the tags-per-type prob-

lem of the traditional HMM noted by Clark (2003) with the introduction of

non-parametric Bayesian priors. The approach of Goldwater and Griffiths

(2007) used the non-parametric Dirichlet process distributions5 as priors to

encourage sparsity of the transition and emission distributions. Goldwater

and Griffiths (2007) used Gibbs sampling to approximate the marginal poste-

rior distribution for the tag assignment for each individual token. A similar

approach is used by Johnson (2007), performs Variational Bayes inference (an

approximation of the posterior from a more easily computed lower bound) on

the same model. Another solution to the tags-per-type sparsity problem re-

lies on posterior-regularisation (Ganchev et al., 2010) to directly constrain the

posterior distribution of the Bayesian HMM to the desired sparsity (Ganchev

et al., 2009). Additionally, the system of Berg-Kirkpatrick et al. (2010) makes

the HMM emission and transition distributions logistic to allow the incorpo-

ration of manually selected features like morphology.

State-of-the-art results were achieved by the Pitman-Yor Hidden Markov

Model (PYP-HMM) of Blunsom and Cohn (2011). This model is the base of

the work demonstrated in this thesis, and it will be explored in more detail in

Chapter 3. The PYP-HMM extends the context of the HMM from a bigram

HMM to a trigram HMM. A hierarchical non-parametric Pitman-Yor Process

prior accounts for the sparsity of tag trigrams by smoothly backing off to

smaller contexts. The PYP-HMM+LM is an extension to the PYP-HMM that

5examined in more detail in Chapter 3
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incorporates morphology into the emission distribution based on a character

language model, similar to the letter HMM of Clark (2003). However, the

standard collapsed Gibbs sampler is unable to mix, getting trapped in local

maxima. Therefore, Blunsom and Cohn (2011) used a type-based block Gibbs

sampler, resorting to an approximation based on the flawed one-tag-per-type

assumption to make calculating the posterior of this type sampler tractable.

2.4 Defining Part-of-Speech

Section 2.2 explored the history of part-of-speech and found that while the

specific definitions and names have changed, part-of-speech has consistently

been an important step in defining a language’s grammatical structure. While

the traditional parts of speech conflate type-level word classes with token-level

grammatical categories, modern linguists distinguish two related but distinct

categories: grammatical categories that specify a word’s grammatical func-

tion and word-classes that define which of these functions a word might fulfil.

Section 2.3 showed that computational approaches to part-of-speech have con-

sistently treated them as grammatical categories. Therefore, this thesis defines

part-of-speech as word-level syntactic categories revealing the syntactic posi-

tion and function of a word-token.
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Chapter 3

Hierarchical Non-Parametric

Models and the PYP-HMM

3.1 Introduction

As explained in Chapter 2, unsupervised PoS induction results considerably

improved with the development of Bayesian non-parametric models of part-of-

speech. The work in this thesis is an extension of those approaches, based on

the successful PYP-HMM model of Blunsom and Cohn (2011). This chapter

explores the benefits and techniques of Bayesian non-parametric inference.

The discussion will ground the explanations by applying these frameworks to

the problem of unsupervised part-of-speech induction with a Hidden Markov

Model.

Section 3.2 starts with an overview of the bigram HMM in non-Bayesian

part-of-speech induction. This is followed by section 3.3 motivating and ex-

plaining the techniques of Bayesian inference. Then, section 3.4 covers the

Dirichlet and Pitman-Yor Processes, common non-parametric priors, as well

as their hierarchical extensions. Finally, section 3.5 concludes with the de-
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scription of the Hierarchical Pitman-Yor Process Hidden Markov Model of

part-of-speech (PYP-HMM), which will provide a base for the experiments

and extensions introduced in the rest of this thesis.

3.2 The Part-of-Speech Hidden Markov Model

Since the early 1990’s, the Hidden Markov Model has been a popular model

of part-of-speech (Kupiec, 1992, Merialdo, 1993). The HMM captures Harris’s

(1946) idea of substitutability by having the part-of-speech tag1 determine the

word assigned to it and having the tag itself determined by its context. Fur-

thermore, the HMM is a generative model, jointly modelling both the observed

words, w, and the latent tags t. The generative nature of the HMM makes it

easily adaptable to the task of unsupervised induction.

A bigram HMM has a multinomial tag-tag transition distribution, Bj, 1 ≤

j ≤ K for each of K tags, with parameters ΘB
j . Each tag also has another

multinomial tag-word emission distribution, Ej, 1 ≤ j ≤ K, with multinomial

parameters ΘE
j . Each tag is generated sequentially given the previous tag in

the sentence, so the probability of tag tn following tag tn−1 is P(tn|tn−1,Θ) =

ΘB
tn−1,tn

. The tags each generate the word assigned to them, so for word wn

and tag tn, P (wn|tn,Θ) = ΘE
tn,wn

. The conditional dependencies defined by

these probabilities are written as

tn|tn−1, B ∼ Btn−1 (3.1)

wn|tn, E ∼ Etn (3.2)

Where for each tag t, Bt is a multinomial distribution over all other tags and

1For the sake of brevity, part-of-speech and tag will be used interchangeably from now
on
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Et is a multinomial distribution over the vocabulary. The parameters, ΘB
t ,

of the transition multinomial, Bt, are vectors of probabilities for transitions

from t to each of the K other tags, so |ΘB
t | = K,

∑K
k=1 ΘB

t,k = 1, and Θb
t,k ≥

for 1 ≤ k ≤ K. The parameters, ΘE
t , of the emission multinomial, Et, are

probability vectors for the emission from tag t of each of the |V | words in the

vocabulary, V, such that |ΘE
t | = |V | and

∑|V |
v=1 ΘE

t,v = 1. Placing a sentence

boundary tag, t0 = tN+1 = $, before and after each sentence allows them

to be treated as one long string, so that the likelihood of the sequence of all

sentences, w, and their tags, t, with |w| = N is:

P (t,w|Θ) = P (t0|Θ)
N+1∏
n=1

P (tn|tn−1,Θ)P (wn|tn,Θ) (3.3)

In the fully supervised case, both w and t are observed, and inference

finds the parameters, Θ, that maximise the likelihood function P (w, t|Θ) from

equation (3.3). In this case, the Θs that maximise the likelihood are simply

the observed tag-tag and tag-word frequencies. However, these frequencies

represent only the transitions and emissions observed in the training data,

and these data are inherently incomplete. This means that rare tag-tag and

tag-word bigram frequencies are not representative of the “true” probabilities.

Furthermore, unseen words and transitions have frequencies of zero, preventing

the model from making predictions on new test data.

This problem is traditionally solved with smoothing techniques, connecting

rare or unseen frequencies with the more common ones. For example, add-one

smoothing adjusts the frequencies as if each possible occurrence was observed

once more than it actually was. Alternatively, low-frequency estimates can

be replaced by “backing-off” to a representative, more frequent occurrence.

For example, the bigram transitions can back-off to unigram probabilities,
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so that the model prefers common tags when it encounters rare transitions.

This approach ties various parameters to each other reflecting some baseline

understanding of how the model should generally behave.

Once the optimal parameters Θ are found, they are used to predict the

tags T̃ assigned to the new sentences w̃. These tags are the optimal solutions

to the probability P (t̃|w̃,Θ), calculated with the application of Bayes’ rule:

P (t̃|w̃,Θ) ∝ P (w̃|t̃,Θ)P (t̃|Θ) (3.4)

These tag assignments are traditionally found either through application of

the Viterbi algorithm, which finds the most likely sequence of tags for each

sentence, or by choosing the marginally most likely tag as calculated by the

forward-backward algorithm.

Without supervision, the tags, t, are not observed so the likelihood, P (w|Θ)

marginalizes them out and the parameters must be estimated from the words

alone. In this case, the Maximum Likelihood Estimate (MLE) of the param-

eters can be found according to the Baum-Welch algorithm (Baum, 1972),

a variant of Expectation-Maximization designed for HMMs. The algorithm

alternates between calculating the expected frequencies of the transition and

emission data via the forward-backward algorithm and hill climbing the pa-

rameters to maximize the likelihood of those frequencies. This approach is

guaranteed to find the parameters of a local maximum of the likelihood func-

tion.

As Clark (2003) found, this approach struggles because it evenly distributes

the probability over the ambiguities, allowing many tags to transition to each

other and many different tags to emit the same word. This is because the

parameters are not tied together as they are in the smoothed, supervised case.
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The Bayesian solution to this problem is to incorporate a distribution over

the parameters called a prior. Furthermore, in unsupervised part-of-speech

induction, the training data is the test data, so the goal is to find the most

likely tags over all of the parameters. The Bayesian prior allows inference to

integrate over the possible parameters, marginalizing them out and instead

finding the marginal likelihood of the tags. These concepts are explored in the

next section.

3.3 Bayesian Inference

The goal of Bayesian inference is twofold. The first goal is to encode what is

certain about the structure of the parameter space with a prior distribution

over it. The second goal is to marginalize the parameters out entirely, focusing

only on those latent values that are of interest.

Bayesian inference assigns a prior probability, P (Θ|α) to the parameters

of the model. This allows the decomposition of the posterior distribution of

the parameters, P (Θ|w,α) given the observed data according to Bayes’ Rule:

P (Θ |w,α) ∝ P (w|Θ,α)P (Θ |α) (3.5)

The parameters which maximize P (Θ |w,α) in equation (3.5) are the Max-

imum A Posteriori (MAP) estimate of the parameters. As with maximum

likelihood estimation, the inference of the MAP parameters marginalizes over

the possible tag assignments. Additionally, the MAP parameters can then be

used to predict the tag assignments according to their marginal probabilities

or the probability of the entire sequence with the Viterbi algorithm.

A natural choice of prior distribution for the transition and the emission

distributions is the Dirichlet distribution. Both the transition and emission
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distributions are multinomial distributions over the tags and vocabulary, re-

spectively. The Dirichlet distribution, D(α) with parameter vector α of size

K, with αi > 0, 1 ≤ i ≤ K, is a distribution over multinomial distributions

with K categories. The Dirichlet is the conjugate prior of the multinomial

distribution, meaning that after N draws, d1, . . . , dN , from the multinomial

distribution M with K categories defined as:

M |α ∼ D(α) (3.6)

d1, . . . , dN |M ∼M (3.7)

With the term M |α ∼ D(α) indicating that the multinomial, or its param-

eters, were drawn from the Dirichlet prior D(α). If c = (c1, . . . , cK) is the

vector of counts for each class of the draws, d, then

M |c,α ∼ D(c1 + α1, . . . , cK + αK) (3.8)

Therefore, the posterior distribution of a multinomial distribution with a

Dirichlet prior is also a Dirichlet distribution. This leads to a new, Bayesian

version of the HMM from section 3.2 based on Dirichlet priors. This Dirichlet

HMM (DHMM) has each of the multinomial transition and emission distribu-

tions generated from a Dirichlet prior. These priors have transition parameters

αBj , 1 ≤ j ≤ K and emission parameters αEj 1 ≤ j ≤ K for K tags in the
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tagset. The DHMM is thus defined as:

Bj|αTj ∼ D(αTj ) (3.9)

Ej|αEj ∼ D(αEj ) (3.10)

tn|tn−1, B ∼ Btn−1 (3.11)

wn|tn, E ∼ Etn (3.12)

Where, as before, the tn and wn are each generated sequentially. The prior

probability used to calculate the posterior in equation (3.5), P (Θ |α), is the

probability of D(α) generating the multinomial distributions with parameters

Θ.

These approaches are still based around finding point estimates for the

optimal values of Θ, which are then used to predict the tags t. The Bayesian

alternative is to simply predict the most likely tags, t, given the words, w, over

all the possible values of the parameters, Θ. This is achieved by maximizing

over the posterior predictive distribution, P (t|w,α), which is the posterior

distribution marginalized over Θ:

argmaxtP (t|w,α) =

∫
Θ

P (t|w,Θ,α)P (Θ |α)dΘ (3.13)

This integral is generally not solvable analytically and must be approximated.

Variational Bayesian methods approximate this integral by exactly optimising

a simpler approximation of the posterior (Beal, 2003). The alternative ap-

proach explored in this thesis is to use Markov chain Monte Carlo (MCMC)

methods, like Gibbs sampling, to approximate the integral with a series of

samples from the true posterior (Neal, 2003, Goldwater and Griffiths, 2007).

Markov chain Monte Carlo methods generate a sequence of samples such
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that they form a Markov chain with the target distribution as its equilibrium

distribution. For integration with MCMC, the integrand is calculated at each

step in a random walk, and the average value of the integrand approaches the

true value as the number of steps increases without bound.

Gibbs sampling is one MCMC technique for joint distributions where each

step samples a subset of the variables from the posterior conditioned on the

remaining, unchanged variables. A simple implementation of Gibbs sampling

for the DHMM model would be to sample each of the tag assignments, tn

individually, conditioned on all of the other tag assignments, t−n, words, w

and parameters, Θ,α:

P (ti|t−n,w,Θ,α) = P (tn|tn−1, tn+1, wn,Θ) (3.14)

∝ P (tn|tn−1,Θ)P (tn+1|tn,Θ)P (wn|tn,Θ) (3.15)

= ΘB
tn−1,tn

ΘB
tn,tn+1

ΘE
tn,wn

(3.16)

After sampling each tag assignment, the sampler would use the frequency

counts to sample a new set of parameters according to the posterior shown in

equation (3.8).

Alternatively, the tag tn can be sampled jointly with the relevant transition

and emission parameters, ΘB and ΘE
tn , respectively. The resulting probability

distribution depends only on the counts of the variables other than those at the

index of the tag being sampled. In fact, those tags are sufficient to marginalize

out the parameters, Θ, entirely. This integral has an analytical solution and is

referred to as collapsed Gibbs sampling. This approach replaces the factorized
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probabilities in equation (3.14) with the marginalized probabilities:

P (tn|tn−1, c
B−n
tn−1,

,α) ∝ cB−ntn−1,tn
+ αBtn−1,tn

(3.17)

P (tn+1|tn, cB−n,tn ,α) ∝ cB−ntn,tn+1
+ αBtn,tn+1

(3.18)

P (wn|tn, cE−n,wn
,α) ∝ cE−ntn,wn

+ αEtn,wn
(3.19)

Where cB−n and cE−n are the tag and word bigram counts, respectively, of the

remaining variables not at index n.

While this approach marginalizes over the parameters Θ and allows encod-

ing of the uncertainty of Θ, it ultimately pushes that uncertainty on to the

Dirichlet parameters α. There are as many parameters in α as there are in Θ.

One solution is to set all of the values of the transition priors to some scalar

αB, so αBi,j = αB, 1 ≤ i, j ≤ K, and all of the emission parameters to another,

αE, so αEi,v = αE, 1 ≤ i ≤ k and 1 ≤ v ≤ |V |. This prior is known as the

symmetric Dirichlet prior, D(K,α), with parameter K dictating the number

of classes in the resultant multinomial and concentration parameter α > 0,

such that

D(K,α) = D(α, . . . , α︸ ︷︷ ︸
Ktimes

) (3.20)

From equation (3.8), it is clear that the add-one smoothing from section 3.2

is equivalent to the posterior distribution of a symmetric Dirichlet prior with

αj = 2, 1 ≤ j ≤ K. However, the HMM priors should encode the sparsity and

skewness of part-of-speech transitions and emissions. Setting some of the val-

ues for each αTt would bias toward sparse transitions, but it would favour spe-

cific transitions arbitrarily because the parameters are ordered. On the other

hand, section 3.4 shows how non-parametric priors encode limited knowledge

about a domain when the number or order of parameters is unknown.
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3.4 Non-Parametric Models

The goal of non-parametric models is to create a prior over a model’s param-

eters without knowing the number or order of those parameters. This allows

modelling intricate distributions while defining only a limited number of hy-

perparameters. The symmetric Dirichlet prior, D(K,α), described at the end

of section 3.3 fails at these requirements because the number of parameters

must be specified.

Instead, the non-parametric Dirichlet and Pitman-Yor Processes are gen-

eralizations of the Dirichlet prior to a potentially infinite number of classes.

Developed to model biological populations, these priors generate size-based

permutations of an infinite number of classes. Alternatively, they represent

the proportion of a species in the order that it appears (Pitman, 1995).

3.4.1 Dirichlet Processes

A Dirichlet process, DP(α, P0) is a generalisation of the Dirichlet prior over a

potentially infinite number of classes (Ferguson, 1973). The parameter α > 0

is similar to the concentration parameter in the symmetric Dirichlet prior.

The second parameter, P0, is referred to as the base distribution, and it is a

prior distribution over the support of multinomial distributions drawn from

the Dirichlet process.

The base distribution is important because the Dirichlet process is ex-

changeable and the parameters of multinomial distributions drawn from it do

not have a set order. Pitman (1995) demonstrates that the parameters of a

multinomial drawn from a DP without a base distribution are equivalent to the

proportions of each class from a random partitioning of the integers, ordered

according to the smallest integer in each class. With this definition in mind,
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consider the transition distributions of two tags, Bt1 and Bt2 , both drawn from

a Dirichlet process prior. In this example, the first parameter of Bt1 is the pa-

rameter for the first class to come after tag t1, and similarly for Bt2 and t2.

However, the first tag after t1 is not necessarily the same as the first tag after

t2, and there is no way to distinguish which of these tags is which. However,

by assigning P0 to be a distribution over each of the tags, each of the classes

in the partition can be assigned to a tag according to the prior probability of

that tag, P0.

The DP can be defined according to a stick-breaking model. In this model,

a stick of size 1 is broken into two smaller pieces, a class, k ∼ P0, is drawn

from the base distribution, and the first parameter is the size of the first piece

multiplied by the base probability of the class it is assigned to. Subsequent pa-

rameters are determined by breaking the remainder from the previous param-

eter’s break. Formally, the parameters, Θ ∼ DP(α, P0) are assigned according

to:

ki|P0 ∼ P0 (3.21)

β′i|α ∼ Beta(1, α) (3.22)

βi = β′i

i−1∏
j=1

(1− β′j) (3.23)

Θi = βi (3.24)

Where Beta(a, b) is the conjugate prior of the binomial distribution. Of course,

equation (3.21) works on the simplifying assumption that all of the classes ki

are different. In situations where P0 is a multinomial distribution over a finite

number of discrete classes2, this assumption is faulty. Instead, the parameters

2This is the case in both the transition and emission distributions of the HMM
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must sum over all of sticks assigned to the same class:

Θk =
∞∑
i=1

βiδk(ki) (3.25)

Where δ is an indicator function such that if ki = k then δkki = 1 and otherwise

δkki = 0.

While the infinite sum in equation (3.25) is not constructive, there is an

equivalent formulation of the Dirichlet process based on the predictive poste-

rior distribution. The Chinese Restaurant Process (CRP) formulation of the

Dirichlet process considers a sequence of random variables, d1, . . . , dn, repre-

senting customers entering a Chinese restaurant with an infinite number of

tables. The first customer, d1 sits at the first table l1 = 1. A new customer,

dn+1, chooses to sit at a table, ln+1, representing the clusters. Any finite subse-

quence of such a sequence could have been generated from a multinomial with

a Dirichlet prior over unknown number of categories, with a similar posterior

distribution. Thus the new customer either sits at one of the Ln existing tables,

ln+1 ≤ Ln, or chooses to sit at a new table, ln = Ln + 1, with probability:

P (ln+1 = l|ln) =


cnl
n+α

1 ≤ l ≤ L

α
n+α

l = Ln + 1

(3.26)

here cnl is the number of the n previous customers sitting at table l and ln is

the seating arrangement of the n previous customers.

The formulation from equation (3.26) does not account for the base distri-

bution, P0. Each customer at a table, ln+1 shares a dish, dn+1, representing

the classes sampled from P0 and the value of the random variable. Rather

than calculating the infinite sum from the stick-breaking formulation in equa-

tion (3.25), the CRP only needs to track the number of customers sharing the
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same dish:

P (dn+1 = k|dn, P0) =
cnk + αP0(k)

n+ α
(3.27)

where dn is the history of dishes chosen by the previous n customers and cnk is

the number of the previous n customers being served dish k. Equation (3.27)

is essentially the combined probability of the new customer sitting at a table

already serving dish k and the probability of the customer sitting at a new

table and ordering k.

The exchangeability of samples from a DP prior allows a simple collapsed

Gibbs algorithm for inference. Using the CRP formulation, a sequence of

variables has the same probability regardless of its arrangement. Therefore

the next variable to be sampled can be moved to the end of a sequence and

then taken out and resampled. This approach is almost exactly the same as

the collapsed Gibbs sampler described in equation (3.17).

3.4.2 Pitman-Yor Processes

Pitman and Yor (1997) describes a two-parameter generalisation of the Dirich-

let process, called the two-parameter Poisson-Dirichlet process, or the Pitman-

Yor process (PYP). In addition to the strength parameter b and the base dis-

tribution P0, the PYP has a discount parameter a. When a = 0, the PYP

reduces to a DP, DP(α, P0) = PYP(0, α, P0). When a > 0 and b > −a,

however, PYP(a, b, P0) generates long-tailed power-law distributions found in

word frequencies (Zipf, 1932) and other linguistic phenomena (Goldwater et al.,

2011).

The Pitman-Yor process has both a stick-breaking and CRP formulation

similar to that of the Dirichlet process. Unlike the DP, the stick-breaking

formulation of PYP(a, b, P0) incorporates the order of the generation of the β′
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values, modifying equations (3.21) and (3.25) as follows:

ki|P0 ∼ P0 (3.28)

β′i|α ∼ Beta(1− a, b+ ia) (3.29)

βi = β′i

i−1∏
j=1

(1− β′j) (3.30)

Θk =
∞∑
i=1

βiδk(ki) (3.31)

Similarly, the CRP formulation of PYP(a, b, P0) accounts for the number

of tables currently occupied, Ln:

P (ln+1 = l|ln) =


cnl −a
n+b

1 ≤ l ≤ L

Lna+b
n+b

l = Ln + 1

(3.32)

This leads to the posterior probability of class k given the base distribution

P0:

P (dn+1 = k|dn, P0) =
cnk − cnL,k + (Lna+ b)P0(k)

n+ b
(3.33)

where cnL,k is the number of tables serving dish k and, as in equation (3.27), cnk

is the number of customers served dish k.

Equations (3.30) and (3.33) show how the discount parameter a results in

a longer tail of classes, as a gets larger and the number of tables increases,

a new customer is more likely to choose to sit at a new table. The strength

parameter b, effects the first few tables, but diminishes in relevance as the

number of customers increases. Overall, the DP and PYP have a clustering

effect, assigning a higher predictive probability to larger classes. This effect

ultimately results in the desired sparse distributions.
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3.4.3 Hierarchical Non-Parametric Models

While the standard PYP results in sparse distributions similar to those found

in linguistics, there is still a problem when the data are not rich enough to

learn rare frequencies. Increasing the context of the part-of-speech model

from a bigram to a trigram HMM complicates inference because most trigrams

are rare. The standard smoothing approach discussed in section 3.2 uses a

back-off distribution with less context to fill in the gaps. An even better

solution interpolates between the full distribution and the back-off distribution

to connect related parameters with similar contexts.

Hierarchical Non-parametric models are the Bayesian equivalent to back-

off smoothing (Teh, 2006a). A hierarchical PYP uses another PYP as its base

distribution, backing off smoothly to the base when there is less data. For

example, the PYP-HMM discussed in the next section generates a three-level

hierarchy from trigrams to bigrams to unigrams for the transition distribution

prior.

Hierarchical PYPs have a relatively straightforward CRP formulation that

links each child restaurant to its parent. As can be seen from equation (3.33),

the base-distribution of a PYP is only relevant when a customer sits at a new

table in the CRP formulation. Therefore, when a customer chooses a new table

in the child CRP, a new customer enters the parent CRP. When the parent

customer determines which dish they are served, that is the dish that the child

customer orders for her table.

3.5 The PYP-HMM

This section specifies the hierarchical PYP part-of-speech model that forms the

base of the experiments and extensions examined in this thesis. This model
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was first introduced by Blunsom and Cohn (2011) and achieved state-of-the-art

results in several languages.

The PYP-HMM model of PoS applies a hierarchical Pitman-Yor process

(PYP) prior to a trigram hidden Markov model (HMM) to jointly model the

distribution of a sequence of latent word tags, t, and word tokens, w. The

joint probability defined by the transition, P (tl|tn−1, tn−2,Θ), and emission,

P (wn|tn,Θ), distributions of a trigram HMM is

P (t,w|Θ) =
N+1∏
n=1

P (tn|tn−1, tn−2,Θ)P (wn|tn,Θ)

where N = |t| = |w| and the special tag $ is added to denote the sentence

boundaries. The model defines the transition and emission distributions to be

multinomial:

tn|tn−1, tn−2, T ∼ Ttn−1,tn−2

wn|tn, E ∼ Etn

The PYP-HMM draws the above multinomial distributions from a hierarchical

Pitman-Yor Process prior. The hierarchical prior can be intuitively understood

to smooth the trigram transition distributions with bigram and unigram dis-

tributions in a similar manner to an ngram language model (Teh, 2006b). This

backoff structure greatly reduces sparsity in the trigram distributions and is
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achieved by chaining together the PYPs through their base distributions:

Tij|aT , bT , Bi ∼ PYP(aT , bT , Bi)

Bi|aB, bB, U ∼ PYP(aB, bB, U)

U |aU , bU ∼ PYP(aU , bU ,Uniform).

Ei|aE, bE, C ∼ PYP(aE, bE, Ci),

where Tij, Bi, and U are trigram, bigram, and unigram transition distributions

respectively and Ci is either a uniform distribution (PYP-HMM) or a bigram

character language model distribution (PYP-HMM+LM, intended to model

basic morphology). The character language model of the PYP-HMM+LM is

another hierarchical PYP over the sequence of characters in a word. It is a

bigram Markov model where the states are the observed characters and each

character is dependent on the previous one:

wnm|wnm−1, tn, C ∼ Ctnwnm−1 (3.34)

Cim|aC , bC , Di ∼ PYP(aC , bC , Di) (3.35)

Dj|aD, bD ∼ PYP(aD, bD,Uniform) (3.36)

Where m is an index over the characters in a word and a representation of

the character itself and the distribution Uniform is uniform over the set of all

characters.

Draws from the posterior of the hierarchical PYP can be calculated with a

variant of the Chinese Restaraunt Process (CRP) called the Chinese Restau-

rant Franchise (CRF) (Teh, 2006b, Goldwater et al., 2006). In the CRP anal-

ogy, each latent variable (tag) in a sequence is represented by a customer

entering a restaurant and sitting at one of an infinite number of tables. A
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customer chooses to sit at a table in a restaurant according to the probability

in equation (3.32) All customers at a table share the same dish, representing

the value assigned to the latent variables. When customers sit at an empty

table, a new dish is assigned to that table according to the base distribution

of the PYP. To expand the CRP analogy to the CRF for hierarchical PYPs,

when a customer sits at a new table, a new customer enters the restaurant

representing the PYP of the base distribution.

3.5.1 Inference with the PYP-HMM

Blunsom and Cohn (2011) explored two Gibbs sampling methods for inference

with the PYP-HMM model. The first individually samples tag assignments for

each token. The second employs a tactic shown to be effective by earlier works

by constraining inference to only one tag per word type (PYP-1HMM) (Brown

et al., 1992, Lee et al., 2010). Because marginalizing over all possible table

assignments for more than a single tag is intractable, this inference must be

approximated. Blunsom and Cohn (2011) approximate the PYP-1HMM tag

assignment probabilities for a particular sample according to heuristic frac-

tional table counts. Additionally, the hyperparameters a and b for each PYP

distribution are inferred and sampled between iterations, with a slice sampler

and Beta and Gamma priors for a and b, respectively. Specific details of this

model and associated samplers can be found in (Blunsom and Cohn, 2011).

Chapter 4 presents a principled SMC based sampler that allows for the

simultaneous sampling of all the tags associated with a given word type without

resorting to heuristics. This type based sampler achieves near state-of-the-art

performance without the requirement that all words of a given type share

the same tag. This one-tag-per-type assumption is clearly false for syntactic

categories (e.g. sample as a verb and a noun), thus its elimination is a step on
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the path to high performance unsupervised PoS induction.
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Chapter 4

Unsupervised Bayesian Part of

Speech Inference with Particle

Gibbs

Chapter 4 introduces the basic Sequential Monte Carlo algorithm and describes

the implementation of two Particle Gibbs samplers for the PYP-HMM model

described in Chapter 2. These samplers are compared with those used in

Blunsom and Cohn (2011) using a variety of metrics. Much of this research is

based on work originally published in Dubbin and Blunsom (2012).

4.1 Introduction

Modern research is steadily revealing more of the subtle structure of natural

language to create increasingly intricate models. Recent advances in Bayesian

non-parametrics have been employed by Computational Linguistics researchers

to create effective unsupervised models of the latent structure text (Goldwater
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et al., 2006, Liang et al., 2007, Cohn et al., 2009, Blunsom and Cohn, 2011).

Chapter 3 describes the motivation and application of these models. These

models predominantly make use of the Dirichlet Process (DP), and its gener-

alization the Pitman-Yor Process (PYP), in part due to the ease of deriving a

collapsed Gibbs sampler for its inference. Unfortunately, this ease of inference

comes at a cost; collapsed Gibbs samplers mix poorly due to the strong global

dependencies present in the conditional distributions sampled from Liang et

al. (2010).

Chapter 2 suggests that latent part-of-speech induction is one application

with such non-local correlations. The correlations between PoS tags of word-

tokens of the same word-type make part-of-speech induction a useful test for

inference techniques.

Sequential Monte Carlo methods, like particle filters, are particularly well

suited to estimating tightly coupled distributions (Andrieu et al., 2010). Parti-

cle filters sample sequences of latent variable assignments by concurrently gen-

erating several representative sequences consistent with a model’s conditional

probability distribution. The sequential nature of the sampling simplifies in-

ference by ignoring ambiguous correlations with future latent variables at the

cost of sampling the sequence multiple times. Other applications of particle

filters in computational linguistics generally focus on the online nature of SMC

(Canini et al., 2009, Borschinger and Johnson, 2011). On the other hand, this

chapter demonstrates that batch applications benefit from the power of SMC

to generate samples from tightly coupled distributions that would otherwise

need to be approximated. Furthermore, the time cost of the additional samples

generated by SMC can be mitigated by generating them in parallel.

This chapter focuses on the task of unsupervised part-of-speech induction,

which aims to label tokens in a corpus with the syntactic role they play. In
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particular it describes and evaluates novel SMC inference algorithms for the

Pitman-Yor Hidden Markov Model (PYP-HMM) first proposed in (Blunsom

and Cohn, 2011). This model represents the state-of-the-art for unsupervised

PoS induction, but the complex conditional dependencies present in the pos-

terior led the authors of Blunsom and Cohn (2011) to resort to a heuristic

inference strategy and unrealistic restrictions on the model to achieve their

highest reported results.

Section 4.2 starts by introducing PYP-HMM model and its previously pro-

posed inference algorithms the PYP-HMM itself and non-parametric models

in general are explored in more detail in Chapter 3. Section 4.3 introduces

the Sequential Importance Sampling (SIS) algorithm, a basic SMC method

that generates samples from the model’s posterior. Using this approach Sec-

tion 4.3 describes two novel inference algorithms for the PYP-HMM: a simple

sentence-based block sampler (4.3.1) and a more complicated type-based sam-

pler (4.3.2). Section 4.4 evaluates these algorithms, analysing their behaviour

in comparisons to the previously proposed state-of-the-art approaches. In sum-

mary, this chapter shows that our SMC based algorithms are able to improve

inference, finding higher probability modes, and task specific accuracies. The

results indicate two clear areas for further improvements with semi-supervision

or taking advantage of the Particle Gibbs sampler to extend the PYP-HMM

model.
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4.2 The Pitman-Yor Hidden Markov Model

4.3 Sequential Monte Carlo

Sequential Monte Carlo was introduced in 1993 as a Bayesian estimator for

signal processing problems with strong non-linear conditional dependencies

(Gordon et al., 1993). Since then, SMC methods have been adopted by many

fields, including statistics, biology, economics, etc. (Jasra et al., 2008, Beau-

mont, 2003, Fernandez-Villaverde and Rubio-Ramirez, 2007). The SMC ap-

proach is the probabilistic analogue of the beam search heuristic, where the

beam width can be compared to the number of particles and pruning is analo-

gous to resampling. Two key advantages to SMC are its online nature and its

ability to generate samples for sequences with non-local correlations.

The basic SMC approach serves as the basis for several variants. Many

SMC implementations resample the population of particles from the existing

population to minimize the effect of increasing sample variance with increasing

sequence length (Kitagawa, 1996). Particle smoothing variants of SMC reduce

the relative variance of marginals early in the sequence, as well improving the

diversity of the final sample (Fearnhead et al., 2008). Particle Markov chain

Monte Carlo (PMCMC) formally augments classic Markov chain Monte Carlo

(MCMC) approaches, like Gibbs sampling, with samples generated by particle

filters (Andrieu et al., 2010).

While MCMC approximates a distribution as the average of a sequence

of samples taken from the posterior of the distribution, SMC approximates a

distribution as the importance weighted sum of several sequentially generated

samples, called particles. This section describes two SMC samplers that jointly

sample multiple tag assignments: a sentence based block sampler (sent) and a

word-type based block sampler (type). The basics of particle filtering are out-
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lined below, while the implementation specifics of the sent and type particle

filters are described in sections 4.3.1 and 4.3.2, respectively. The hyperparam-

eters are inferred with a slice sampler as mentioned in Chapter 3 and explained

by Blunsom and Cohn (2011).

SMC can be understood as a probabilistic analogue of the beam search

heuristic. SMC stores P sequences, analogous to beam width, and extends each

incrementally according to a proposal distribution qn, similar to the heuristic

cost function in beam search. Many particle filtering implementations also

include a resampling step which acts like pruning by reducing the number of

unlikely sequences.

I implemented Sequential Importance Sampling (SIS), detailed by Doucet

and Johansen (2009), to approximate joint samples from the sentence and

word-type distributions. This approach approximates a target distribution,

πn(x1:n) = γn(x1:n)
Zn

, of the sequence, x1:n, of n random variables, that is γn(x1:n)

calculates the unnormalized density of x1:n.

SIS initialises each particle p ∈ [1, P ] by sampling from the initial proposal

distribution q1(xp1), where xpn is the value assigned to the n-th latent variable for

particle p. The algorithm then sequentially extends each particle according to

the conditional proposal distribution qn(xpn|x
p
1:n−1), where xp1:n is the sequence

of values assigned to the first n latent variables in particle p. After extending

a particle p, SIS updates the importance weight ωpn = ωpn−1 ∗ αn(xp1:n). The

weight update, defined as

αn(x1:n) =
γn(x1:n)

γn−1(x1:n−1)qn(xn|x1:n−1)
, (4.1)

accounts for the discrepancy between the proposal distribution, qn, and the tar-

get distribution, πn, without normalizing over x1:n, which becomes intractable

63



for longer sequences even in discrete domains. The normalizing constant of

the target distribution is approximately Zn ≈
∑P

p=1 ω
p
n and the unnormalized

density is γn(x1:n) ≈
∑P

p=1 ω
p
nδx1:n(xp1:n), where δx1:n(xp1:n) = 1 if xp1:n = x1:n and

0 otherwise. The particles can also be used to generate an unbiased sample

from πn by choosing a particle p proportional to its weight ωpn.

Andrieu et al. (2010) shows that to ensure the samples generated by SMC

for a Gibbs sampler has the target distribution as the invariant density, the

particle filter must be modified to perform a conditional SMC update. This

means that the particle filter guarantees that one of the final particles is as-

signed the same values as the previous Gibbs iteration. This implementation

of the conditional SMC update reserves one special particle, 0, for which the

proposal distribution always chooses the previous iteration’s value at that site.

4.3.1 Sentence Sampling

The sent particle filter samples blocks of tag assignments tS1:n for a sentence, S,

composed of tokens, wS
1:n. Sampling an entire sentence minimizes the risk of as-

signing a tag with a high probability given its local context, but minimal prob-

ability given the entire sentence. Sentences can be sampled by ignoring table

counts while sampling a proposal sentence, incorporating them after the fact

with a Metropolis-Hastings (MH) acceptance test (Gao and Johnson, 2008).

The MH acceptance test accepts or rejects the new sample after accounting for

the associated changes in the seating arrangement. The Metropolis-Hastings

step simplifies the sentence block particle filter further by not requiring the

conditional SMC update, with the acceptance test ensuring ergodicity.

While there is already a tractable dynamic programming approach to sam-

pling an entire sentence based on the Forward-Backward algorithm, particle

filtering the sentences PYP-HMM model should prove beneficial. For the tri-
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sentence: The new rate will be payable Feb. 15 .
GS: DT JJ NN MD VB JJ NNP CD .
P1: DT JJ NN VB VB JJ NN CD . .9
P2: NN JJ NNS VB VBN JJS JJ NN . .1

Figure 4.1: A hypothetical example of the sentence particle filter with two
particles (P1 and P2) as well as the gold standard (GS). The final number at
the end is the normalized weight assigned to each particle. The final sample
will choose one of these two particles with probability equal to each weight.

gram HMM defined by the model, the forward-backward sampling approach

has time complexity in O(NT 3) for a sentence of length N with T possible

tag assignments at each site. Particle filters with P particles can approximate

these samples in O(NTP ) time, which becomes much faster as T increases.

At iteration i = 0 randomly initialise PoS assignments;
for i← 1 to Iterations do

foreach sentence S in the corpus do
Remove table counts from zS1:N ;
for n← 1 to N do

for p← 1 to P do

Sample tS,pn ∼ qSn (◦|tS,p1:n−1, w
S
n) ; // equation (4.2)

Update weight ωS,pn ← ωS,pn−1 · αn(tS,p1:n) ; // equation (4.1)

end

end

Sample p ∝ ωS,pN ;

Sample new table counts zS1:N based on tS,p1:N ;
if Metropolis-Hastings accepts then

Set tS1:N ← tS,p1:N ;
else

Keep old tS1:N ; // from iteration i-1

Sample new table counts zS1:N based on tS1:N ;

end

end

end

Algorithm 1: sent Particle Gibbs Sampler

Figure 4.1 shows a hypothetical example of this algorithm for one sentence.

The pseudocode for the Particle Gibbs sent sampler is shown in Algorithm 1.
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Sampling of sentence S begins by removing all of the transitions and emissions

in S from the table counts, z, resulting in the table counts z−S of tag assign-

ments t−S the values assigned to the variables outside of S. For each site index

n ∈ [1, N ] in the sentence, the particle filter chooses the new tag assignment,

tS,pn , for each particle p ∈ [1, P ] from the sentence proposal distribution,

qSn (tS,pn |t
S,p
1:n−1, w

S
n) ∝ P (tS,pn |t

S,p
n−2, t

S,p
n−1, t

−S, z−S)

× P (wSn |tS,pn , t−S, z−S,w−S).

(4.2)

Where wSn is the word-token at site index n in sentence S and w−S are the

word-token variables outside of sentence S. After each new tag is assigned,

the particle’s weight is updated according to equation (4.1). The simplicity of

the proposal density hints at the advantage of particle filtering over forward-

backward sampling: it tracks only P histories and their weights rather than

tracking the probability of over all possible histories. Once each particle has

assigned a value to each site in the sentence, one tag sequence is chosen pro-

portional to its particle weight, ωS,pN .

4.3.2 Type Sampling

The type sampling case for the PYP-HMM is more complicated than the sent

sampler. The long-range couplings defined by the hierarchical PYP priors

strongly influence the joint distribution of tags assigned to tokens of the same

word-type (Liang et al., 2010). For example, in the calculation of the posterior

of the emission probability, the associated Chinese Restaurant will start with

no tables associated with the sampled word-type. Therefore, the effects of the

seating decisions of new customers cannot be postponed during filtering as

in sentence sampling. To account for this, the type particle filter samples se-
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quences of seating arrangements and tag assignments jointly, xW1:n = (tW1:n, z
W
1:n),

for the word-type, W . The final table counts are resampled once a tag assign-

ment has been chosen from the particles. Algorithm 2 shows the pseudocode

of the type Particle Gibbs sampler.

At iteration i = 0 randomly initialise PoS assignments;
for i← 1 to Iterations do

foreach word-type W observed in the corpus do
Remove table counts from zW1:N ;
for n← 1 to N do

tW,0n ← tWn ; // from iteration i− 1
for p← 1 to P do

Sample tW,pn ∼ qWn (◦|tW,p1:n−1, z
W,p
1:n−1,w

W
1:n) ; // equation

(4.3.2)

Sample zW,pn Update weight ωW,pn ← ωW,pn−1 · αn(tW,p1:n ) ;
// equation (4.1)

end

end

Sample p ∝ ωW,pN ;

Set tW1:N ← tW,p1:N ;
Sample new table counts zW1:N based on tW1:N ;

end

end

Algorithm 2: type Particle Gibbs Sampler

Tracking the seating arrangement history for each particle adds an addi-

tional complication to the type particle filter. The exchangeability of seating

decisions means that only counts of customers are necessary to represent the

history. Each particle represents both a tag sequence, tW,p1:n , and the count

deltas, zW,p1:n . The count deltas of each particle are stored in a hash table that

maps a dish in one of the CRF restaurants to the number of tables serving that

dish and the total number of customers seated at those tables. The count delta

hash table ensures that it has sufficient data to calculate the correct proba-

bilities (per equation (3.32)) by storing any counts that are different from the
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base counts, z−W , and deferring to the base counts for any counts it does not

have stored.

At each token occurrence n, the next tag assignment, tW,pn for each particle

p ∈ [1, P ] is chosen first according to the word-type proposal distribution

qWn (tW,pn |t
W,p
1:n−1, z

W,p
1:n−1,w

W
1:n) ∝

P (tW,pn |c−2
n , c−1

n , t−W,p
1:n−1, z

−W,p
1:n−1)

× P (c+1
n |c−1

n , tW,pn , t−W,p
1:n−1, z

−W,p
1:n−1)

× P (c+2
n |tW,pn , c+1

n , t−W,p
1:n−1, z

−W,p
1:n−1)

× P (wWn |tW,pn , t−W,p
1:n−1, z

−W,p
1:n−1,w

−W,p
1:n−1).

In this case, c±on represents a tag in the context of site tWn offset by o, while

t−W,p1:n−1, zW,p1:n−1, and w−W,p1:n−1 represent the tag assignments, table counts, and word

token values chosen by particle p as well as the values at all of the sites where

a word token of type W does not appear. This proposal distribution ignores

changes to the seating arrangement between the three transitions involving the

site n. The specific seating arrangement of a particle is chosen after the tag

choice, at which point the weights are updated by the result of equation (4.1).

As with the sent sampler, once all of the particles have been sampled, one of

them is sampled with probability proportional to its weight. This final sample

is a sample from the true target probability asymptotically as P increases

without bound.

As mentioned earlier, the sequence of particle approximations do not have

the target distribution as invariant unless they use the conditional SMC up-

date. Therefore, a special 0th particle is automatically assigned the value from

the prior iteration of the Gibbs sampler at each site n, though the proposal

probability qWn (tW,0n |t
W,p
1:n−1, z

W,p
1:n−1,w

W
1:n) still has to be calculated to update the
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weight ωW,pn properly. This ensures that the type sampler has a non-zero

probability of reverting to the prior iteration’s sequence.

4.4 Experiments and Results

This section aims to explore several aspects of both the PG sampler and the

specifics of the PoS inference task. Firstly, the motivation of the PG implemen-

tations is to allow better inference on tightly coupled models. This suggests

that the PG samplers should mix better than the local sampler, finding the

mode of the model in fewer iterations. The type sampler should perform es-

pecially better with the character-LM, which assigns a higher likelihood when

words of the same type are labelled with the same tag than unigram-emission

distribution. If the PG approach does find more likely modes, does that cor-

respond to gains in practical measures like accuracy? Finally, how does the

number of particles in PG samplers influence the inference? The hypothesis

is that increasing the number of particles decreases the variance of the poste-

rior likelihoods as the chance of generating a population dominated by likely

modes increases. However, the marginal improvement from additional particles

should exhibit diminishing returns.

Section 4.4.1 describes the corpora on which these hypotheses are tested.

It evaluates the performance of the samplers with two approaches. The first

approach is an analysis of the samplers as inference algorithms. Each approach

should tend toward a mode in the distribution as it mixes, resulting in more

likely restaurant configurations. Section 4.4.2 analyses the particle filter based

samplers with various numbers of particles in an effort to understand how

they behave. Then, section 4.4.3 evaluates each of the proposed approaches

on PoS inference tasks from several languages. These results allow a practical
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comparison with other PoS inference approaches.

4.4.1 Data

Section 4.4.2 tests and compares several different approaches with a number

of parameters. To simplify the procedures, all of the tests in the analysis

are performed on a reduced version of the Penn Wallstreet Journal (WSJ)

treebank, similar to Gao and Johnson (2008) and Goldwater and Griffiths

(2007). This reduced corpus is composed of the first 10,000 sentences in the

Penn WSJ treebank, with 240,236 tokens. Additionally, this corpus uses the

same, 17 tag, reduced tagset as Goldwater and Griffiths (2007), developed by

Smith and Eisner (2005).

Section 4.4.3 compares the many-to-one (M-1) accuracy of the induced tag

assignments on the full Penn WSJ treebank corpus, as well as the corpora from

the CoNLL-X shared language task (Buchholz and Marsi, 2006). M-1 accuracy

assigns the induced syntactic categories to the PoS of the most tokens of that

category.

4.4.2 SMC Analysis

Before comparing the performance of the PG samplers to other inference meth-

ods, their behaviour should be analysed. It is not obvious how well the benefits

of block sampling transfer to SMC based approaches. Both the sent and type

samplers are novel approaches to computational linguistics, and many of their

properties are unclear. For example, the samples generated from the particle

filter should have a higher variance than the target distribution. If the variance

is too high, the sampler will be slower to converge. While additional particles

lower the relative variance, they also increase the run time linearly. It seems

that there is a threshold of particles necessary to ensure that some are high
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likelihood sequences, beyond which inference gains are minimal the additional

computational expense is wasted.

Like other MCMC methods, Particle Gibbs generates a sequence of samples

from the posterior distribution of the model in question. The PG sampler

should mix more quickly than a local sampler because it takes larger steps.

These larger steps should move the PG sampler to a more likely mode in fewer

iterations. The results in this section measure the power of the inference as the

rate at which the posterior likelihood of the restaurant configuration increases.

The sentence based sampler, sent, samples from a distribution that can be

almost exactly computed1, facilitating comparisons between the exact sampler

and the SMC approach. Figure 4.2 compares the posterior log-likelihoods of

the sent sampler and the exact sentence sampler over 200 iterations. As ex-

pected, the likelihoods of the particle filters approach that of the exact sentence

sampler as the number of particles increases from 10 to 100.

Figure 4.3 compares the table configuration log-likelihood of the 1HMM ap-

proximation implemented by Blunsom and Cohn (2011) with the type particle

filter based sampler as well as the local sampler and the exact block sentence

sampler. Unlike the sentence based block sampler, type sampler cannot be

exactly calculated, even with the 1HMM approach of constraining inference

to only consider sequences that assign the same tag to every token of the

same word-type. The 1HMM sampler approximates these probabilities using

expected table counts. Theoretically, the type sampler should be a better ap-

proximation, being guaranteed to approach the true distribution as the number

of particles increases. The results suggest that the type sampler can perform

better than the 1HMM sampler with few particles. Unlike the sent sampler,

the type sampler performs well even with fewer particles than the number of

1Except for the minimal effect of intrasentence seating decisions accounted for with a
Metropolis-Hastings acceptance test
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PoS categories in the tagset. These results suggest that the choice of block has

a strong influence on the resulting sampler.

Interestingly, the local sampler reaches a higher mode than the 1HMM

approach before the iteration 50. However, earlier work by Blunsom and

Cohn (Blunsom and Cohn, 2011) found that the 1HMM approximation achieved

a consistently higher M-1 accuracy than the local sampler. Section 4.4.3 con-

firms the same result. This reveals a disconnect between the likelihood under

the PYP-HMM model and the M-1 accuracy. Additionally, both the type

and 1HMM samplers reach likely modes within 30 iterations, after which they

plateau and the additional cost of these approaches is wasted.

An interesting variant of the basic PYP-HMM model uses replaces the

unigram base of the emission distribution with a bigram character language

model (PYP-HMM-LM) (Blunsom and Cohn, 2011). In addition to allowing

the PYP-HMM to recognize basic word morphology, the character language

model creates a strong bias toward only one tag per word-type. Figure 4.4a

shows that the PYP-HMM-LM model is too tightly coupled for either the local

or the sent samplers to mix quickly as they did with the simpler PYP-HMM

model. The PYP-HMM-LM model reveals a weakness of the simple local

Gibbs sampler approach, because the probability of a word being emitted by

a new state is so low that sampler is highly likely to choose the same PoS

tag assignment as other occurrences of that word. The additional context

of the sent sampler results in bigger steps and faster mixing than the local

sampler, but most of the variables influencing probability of and particular tag

assignment are in different sentences.

On the other hand, the type and 1HMM samplers sample all of the tags

assignments for words of the same type simultaneously. Figure 4.4b shows that

the result is drastically faster mixing. The type sampler is just as strongly
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influenced to assign all words of the same type to the same PoS category, but

there are no same-word-type assignments to bias the choice of which one tag

they will all get. This strong correlation between the tags assigned to words

of the same type may explain the type sampler’s strong performance with

so many fewer particles than necessary for the sent sampler: once a tag has

been assigned to a sufficient number of words of the same type, that same

tag will be progressively more likely to be chosen again. Perhaps a one-tag-

per-type particle filter can take advantage of this fact to simplify the proposal

distribution.

The fact that the type sampler requires so few particles for inference rela-

tive to the sent sampler suggests that the choice of block can heavily influence

the performance of a block Particle Gibbs sampler. The optimal block for a

given model or dataset is not obvious and may be difficult to determine em-

pirically. On the other hand, the large and expensive steps taken by a Particle

Gibbs sampler are likely only necessary when faster methods reach modes from

which they are slow to escape. A mixed sampler that only occasionally takes

large steps with Particle Gibbs might achieve similar results with less com-

putational cost. Such an approach need not even rely on any specific block

partitioning, particle filters do not place many restrictions on the distributions

from which they generate samples.

There are a multitude of possible combinations of mixed samplers, figure 4.5

demonstrates the performance of a few instantiations of one simple approach.

Each of the mixed samplers in figure 4.5 randomly chooses on of either the

local, sent, or type samplers (the numbers in the legend describe the ratio of

each sampler in the mixture.) For the sake of simplicity, each mixed sampler

uses the same number of particles for the sent and type samplers, the mixed

samplers in figure 4.5 all use ten particles. While there is a high degree of
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variance, the mixed samplers all show the rapid migration toward the mode

shown by the type sampler, but each iteration takes less time on average

because of the sent and local samplers. The results in figure 4.5b suggest

that the computational costs of the Particle Gibbs samplers can be mitigated

by mixed sampling without eliminating the benefits from particle filtering.

Finally, the samplers with the sent sampler in the mix performed quite well

with ten particles despite the its poor performance with the same number of

particles on its own. Perhaps mixing the block samplers diminishes the particle

cost of poor block choice.

4.4.3 Unsupervised Part-of-Speech Tagging

Table 4.1 compares the M-1 accuracy of the sent and type particle filter

samplers, from sections 4.3.1 and 4.3.2, with 100 particles each. Each site in a

corpus is assigned the most commonly visited tag assignment at that site over

all iterations. The particle filter based samplers rarely score a higher accuracy

than even the local sampler, which completes 500 iterations before the particle

filters complete 200.

While figures 4.2a and 4.3a show that all of the samplers surpass the 1HMM

sampler in likelihood, the accuracies of the 1HMM and 1HMM-LM approxi-

mations remain well above the other approaches. This suggests that there are

high-likelihood assignments that produce lower accuracy results, presumably

related to the fact that the type sampler is not restricted to assignments with

exactly one tag for each word-type. If the model assigns equal likelihood to

these assignments, inference will not be able to distinguish between them.

The Type-10-LM sampler outperforms all of the other non-restrictive ap-

proaches, except in the case of Arabic. This suggests that the PYP-HMM-LM

model may be a more accurate representation of PoS. As noted in section 4.4.2,
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the PYP-HMM-LM model is biased toward fewer tags per type than the more

standard HMM model, resulting in an average number of tags per word-type

that is closer to the true value. Even so, figure 4.4b shows that the type sam-

pler mixes at least as well as the 1HMM sampler with the character language

model, yet the 1HMM sampler still scored a higher many-to-one accuracy on

all languages other than Danish. This discrepancy between model likelihood

and accuracy suggests that a different model is necessary to further improve

unsupervised PoS induction.

The discrepancy between the 1HMM sampler and the type sampler without

constraints reveals that the unsupervised PYP-HMM model over assigns the

number of tags per type. One solutions to reduce the number of tags assigned

to a word-type are semi-supervised constraints on the tag assignments. Such

constraints can be easily extracted from a relatively small set of labelled data or

from freely available dictionaries such as the Wiktionary. Another approach

is to extend the PYP-HMM so that it assigns a higher probability to tag

assignments with fewer tags per type.

4.5 Discussion

This chapter explores the effects and behaviour of the Particle Gibbs Sampler,

described in detail in section 4.3. By only accounting for those variables that

have already been sampled, particle filters avoid the intractable calculations

inherent to some samples. Global effects are accounted for as sampling con-

tinues by updating an importance weight and tracking multiple, independent

sequences of samples, called particles. The particle filtering algorithm is in-

corporated into a Gibbs sampler through the conditional SMC update, which

ensures ergodicity by guaranteeing that one particle represents the sample from
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the previous iteration. Sections 4.3.1 and 4.3.2 describe the particle filtering

algorithm for sentence- and type-based block samplers, respectively.

Then, section 4.4 explored the behaviour and performance of these new

algorithms in a variety of experiments. The graphs in section 4.4.2 demon-

strated the overall behaviour of the Particle Gibbs approach. Comparing the

Particle Gibbs sent sampler to the forward-backward sentence sampler showed

that increasing the number of particles increases the mixing of the sampler.

Increasing the number of particles only improves performance up to a point.

Still, with sufficient particles, the Particle Gibbs sent sampler can match the

performance of the forward-backward sentence sampler in less time.

Additionally, the local and Particle Gibbs type samplers achieve a mode

with a better likelihood under the model than the 1HMM. The Particle Gibbs

type sampler and 1HMM sampler both mix very quickly, reaching a plateau

within 50 iterations. Unfortunately, the Particle Gibbs type sampler requires

many particles to mix well, resulting in a considerable time cost. This time cost

can be somewhat mitigated by mixing the type and local samplers, achieving

similar results while only using the type particle filter occasionally.

Finally, section 4.4.3 compared the M-1 accuracy of each of the local, sent,

type, and 1HMM samplers on 10 different language corpora. This analysis

revealed that there was a disconnect between the likelihood of the samples

generated on the PYP-HMM model and the accuracy of the resulting tag as-

signments. While the Particle Gibbs type sampler achieves a higher accuracy

than the local sampler and is able to mix with the morphological character

language model, it still performs worse than the one-tag-per-type 1HMM ap-

proximation

These results ultimately suggest that there is more benefit from the limi-

tations of the one-tag-per-type assumption than tractable inference. The un-
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restricted local and type samplers are assignment too many tags per type

because the PYP-HMM model favours too many tags per type. One solution

to this problem is to restrict the tag assignments for each word-type according

to the observed tag assignments from a semi-supervised labelled corpus or tag-

dictionary. The other solution is to expand the PYP-HMM model to include

a soft constraint on the number of tags per type, an approach that is viable

with the type Particle Gibbs sampler.
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Chapter 5

Type-based Semi-supervision

5.1 Introduction

Much of the research into fully unsupervised PoS tagging is motivated by the

lack of expensive fully labelled language corpora. However, there is a growing

body of less informative, but less expensive, supervised data in the form of

smaller labelled corpora (Garrette and Baldridge, 2013), the wiktionary (Li

et al., 2012), and parallel corpora (Das and Petrov, 2011). An advantage of

unsupervised induction methods like Gibbs sampling is that it is relatively

straightforward to incorporate this type of minimal supervision. For example,

labelled data contributes to the Chinese Restaurant Franchise table counts

from Chapter 3 when calculating probabilities but doesn’t need to be resam-

pled.

Furthermore, semi-supervised tag-dictionaries provide explicit constraints

on the set of tags assigned to a word type. These constraints limit the common

tendency of unsupervised models to assign too many tags per word-type. They

provide this effect without restricting word-types that should have multiple

tags to only one tag. In fact, even a small supervised tag-dictionary can
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improve the assignments of unseen words when a word in the dictionary is in

an unseen word’s local context.

An obvious source of tag-dictionaries is a small labelled corpus. If a word

is common enough that it occurs multiple times with such a corpus it is rea-

sonable to assume that all of its possible labels have been observed. This

approach has the additional advantage of providing some fully labelled data

that gives additional supervision. It is interesting to explore the benefits of

context-based, type-based, and combined semi-supervision.

A newer approach extracts tag-dictionaries from the Wiktionary (Li et al.,

2012). The Wiktionary is an open dictionary that can be freely accessed and

modified by the public. As such, it is a steadily growing source of information

in a large variety of languages. As a dictionary, each word entry lists the

possible parts-of-speech of a word. Thus, the Wiktionary acts as a massive,

freely available source of semi-supervised tag-dictionaries. Unfortunately, the

Wiktionary’s tagset is usually different from the tagset of the test data. The

solution is to map both the Wiktionary and test tag sets to an intermediary,

like the Universal Part-of-Speech Tagset proposed by Petrov et al. (2012).

This chapter explores both approaches to semi-supervised part-of-speech

induction. Section 5.2 describes the related literature of semi-supervised PoS

induction. Then, section 5.3 explores type and context based semi-supervision

with a subset of the Penn Wall Street Journal Treebank corpus. Section 5.4

explores type based semi-supervision with tag-dictionaries extracted from the

Wiktionary. Finally, section 5.5 summarises the results and conclusions from

this examination of semi-supervised PoS induction.
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5.2 Background

As explained in Chapter 2, the first attempts at unsupervised PoS tagging as-

sumed the existence of tag-dictionaries (Brill, 1995, Merialdo, 1993, Elworthy,

1994, Kupiec, 1992, Cutting et al., 1992). These tag-dictionaries would list the

ambiguity class, the set of all tags that a word-type is labelled with, for every

observed word-types. This turns the task of PoS induction into one of PoS

discrimination: determining which of the available tags to assign to a given

token. Tag-dictionaries are less demanding in time and other expenses and

can generally be extracted from online dictionaries or native speakers without

much training (Garrette and Baldridge, 2013).

This approach has many advantages over the fully unsupervised PoS induc-

tion from Chapter 2. First, PoS discrimination results in a tagged corpus that

can be directly evaluated against a labelled gold-standard. The tag-dictionary

injects some human knowledge of what each part-of-speech means because of

the word-types to which it can be assigned. A tag-dictionary can result in a

significant improvement in accuracy by reducing confusion for words that do

not occur enough to be distinguished according to their distribution. Finally,

training with a tag-dictionary is considerably faster than without because only

a limited subset of the full tagset is considered for assignment to each token.

Historically, the tag-dictionaries were extracted from the entire corpus, in-

cluding the test partition (Banko and Moore, 2004). Including the test data

ensures that the vocabulary of the model accounts for words that only exist

in the test data. However, this construction of tag-dictionaries is problematic

because many words only occur a few times and with only one tag, allow-

ing baseline test accuracies of e.g 90.7% (Brill, 1995). Beyond that, many

of these tag-dictionaries were automatically pruned to only include tags for

a given word-type if that tag-type pair occurred above a specific threshold
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(Banko and Moore, 2004). These facts lead to serious questions about the

representativeness of the tag-dictionaries generated this way.

Some approaches attempt to address this by artificially limiting the tag-

dictionary to frequent word-types or extracting only from a subset of the full

corpus (Toutanova and Johnson, 2008, Smith and Eisner, 2005). Another

proposal in Haghighi and Klein (2006) uses only a few word-type prototypes

for each part-of-speech.

More recent work has focused on extracting tag-dictionaries from indepen-

dent sources. Garrette et al. (2013) create new type- and token-annotations

for low-resource languages by limiting the time spent annotating to only a few

hours. Das and Petrov (2011) utilize a supervised English PoS tagger and bilin-

gual parallel data to extract tag-dictionaries across aligned words. Similarly,

Li et al. (2012) extract a tag dictionary from the Wiktionary. Both of these

methods require that the labels are converted to the Universal Part-of-Speech

Tagset proposed by Petrov et al. (Petrov et al., 2012). Still, they both are

practical and extendible to a variety of languages with limited labelled data.

5.3 Labelled Semi-Supervised Part-of-Speech

Discrimination

While the unlabelled data is generally easy to get, even in resource poor lan-

guages, a small amount of labelled data can provide a large benefit. Only

a few hundred labelled sentences can be enough to surpass state-of-the-art

unsupervised approaches. The standard approach to semi-supervision is to

take a small amount of labelled data and use unlabelled data to make up for

any missing patterns (Chapelle et al., 2006). This approach is complicated by

the need to minimize the effects training on noisily tagged unlabelled data.
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An alternative is type-based supervision, where a tag-dictionary is extracted

from the labelled data to restrict the possible tag assignments for common

words. Both of these approaches can be combined, allowing the tag-dictionary

to reduce the noise in the assignments of the unlabelled data.

There are many ways to combine labelled and unlabelled data, the following

experiments explore the effects of the variables involved in semi-supervised

learning. The experiments are performed using the Penn Wall Street Journal

Treebank (WSJ) with sections 2-21 used as training data and section 23 used

for testing1. The labelled and unlabelled sentences are both randomly taken

from the training data. The following experiments will explore the effects of

varying the amount of labelled data, the amount of unlabelled data, the size

of the tag-dictionary extracted from labelled data, as well as other variables

more specific to each approach. Section 5.3.1 explores the complexities of the

traditional approach to semi-supervised learning. Then, section 5.3.2 examines

extracting a tag-dictionary from labelled data, as well as the motivations and

benefits of doing so. Finally, section 5.3.3 combines the two approaches to gain

the most improvement with the fewest labelled sentences.

5.3.1 Traditional Semi-Supervision

The first approach to semi-supervision is the traditional one. A small corpus

is labelled in a supervised manner and additional unlabelled data is provided.

The intention is for the supervised data to provide a strong bias when learn-

ing on the remaining unlabelled data. In turn, the unlabelled data demon-

strate new structure and unseen vocabulary to refine the supervised model.

The straightforward extension of the unsupervised Gibbs sampler to a semi-

supervised one is to not resample the assignments on labelled data while still

1See section 2.3.1 for more on the WSJ corpus
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# Sentences Supervised Semi-supervised
100 75.3% 75.1%
500 81.9% 81.9%
1000 85.5% 83.2%
5000 92.5% 89.4%
10,000 93.9% 90.9%
15,000 94.5% 91.8%
20,000 94.9% 91.9%

Table 5.1: Fully supervised and simple semi-supervised PoS tagging accuracy
of the local sampler described in Chapter 2 trained on 100 to 20,000 random
sentences from the standard training/test split of the Penn Wall Street Journal
Treebank. The semi-supervised tagger adds an equal number of unlabelled
sentences to the labelled sentences from the training set.

resampling the seating arrangements. In the case of the non-parametric PYP-

HMM model, the latent CRP seating arrangements are not observed and must

still be resampled occasionally. The labelled data is also used to randomly

initialise the unlabelled data before adding the associated customers to the

CRF, reducing noise in the initial sample.

The number of labelled sentences has an obvious effect on the final accu-

racy of the result. As the amount of labelled data increases, it becomes a

better representation of the domain. At a some level of supervision, there is

little room for improvement from additional labelled or unlabelled data. This

becomes a problem for other evaluations because it becomes difficult to judge

the difference in performance between different approaches. Table 5.1 shows

the evaluation of fully supervised data on the Penn WSJ Treebank from 100

to 20,000 labelled sentences. Based on the results from table 5.1, 5000 labelled

sentences is where the benefits of additional labelled data show diminishing

returns. The remaining tests will be restricted to only 5000 labelled sentences

unless otherwise stated to simplify the analysis of other effects.

The second column of table 5.1 is the accuracy of the simple semi-supervised

approach described above. It demonstrates a common problem with semi-
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supervision where the unlabelled data overwhelms the labelled data, lowering

the overall accuracy. Most semi-supervised applications of this sort heavily

weight the limited supervised data to prevent the larger and noisier unla-

belled data from overwhelming the model. Unfortunately, the hierarchical

non-parametric PYP-HMM model does not easily allow for assigning weights.

Counting customers for labelled data as multiple customers leads to questions

of how to propagate a multi-customer down the CRF hierarchy. For example,

if one supervised customer counts as 100 customers and they decide to sit at

a new table, do they all sit at the same new table or are there 100 new tables.

Either of these options violate the posterior probability calculated by the Chi-

nese Restaurant Process and have an unpredictable effect, especially on the

base probabilities.

The simplest solution is to treat each supervised sentence as if it occurs

multiple times. For each token in the labelled data, w customers are entered

into the relevant restaurants in the CRP for a given weight, w. For example,

if a sentence begins with the word “The” labelled as “DT”, the restaurant

representing the bigram “($ $)” will have w customers enter and sit at tables

that represent “DT”. Some of these costumers may choose to sit at a new table,

this will represent a new customer entering the “$” restaurant as explained in

Chapter 3.

Table 5.2 shows the results of this weighting method with various weights

and number of unlabelled sentences. After a weight of 50, the unlabelled data

begins to improve, rather than reduce, the accuracy of the trained model. The

higher weights significantly slow the training process because this approach

adds a customer for each point of weight. With so many customers, there

is less variance in the latent seating arrangement, so the supervised seating

arrangement only needs to be resampled occasionally. To save on memory, the
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Unlabelled Sentences
Weight 0 5000 15000
1 92.2% 88.9% 84.9%
3 91.8% 88.8% 85.4%
5 92.6% 89.6% 86.1%
10 93.6% 93.6% 92.7%
50 93.3% 93.6% 93.7%
100 93.3% 93.6% 93.7%
500 93.5% 93.7% 93.4%

Table 5.2: Semi-supervised accuracy with weighted labelled data and increas-
ing unlabelled data. Weight is applied by repeating labelled corpus.

# Sentences Local Type Local+LM Type+LM
5000 93.6% 93.6% 94.8% 95.0%
15,000 93.7% 93.7% 94.8% 95.0%
25,000 93.8% 93.6% 94.9% 94.6%
35,000 93.8% 93.4% 94.9% 94.6%

Table 5.3: Traditional semi-supervised learning with 5000 labelled sentences
at weight 50 with the Local and Type-based samplers with and without the
morphological character language model.

implementation should simply add multiple customers for every supervised

data point rather than hold multiple copies of the same labelled data. While

the weighting approach does minimize the negative effects of the unlabelled

data, the additional data does little to improve the accuracy on the test set.

The remaining question is whether this approach results in greater im-

provements with the PYP-HMM+LM morphological model and with the type

Particle Gibbs sampler. Table 5.3 shows the semi-supervised approach with

5000 labelled sentences and an increasing number of unlabelled sentences for

each of these models. These results were all trained with a weight of 50, based

on the results of table 5.2.

The results in table 5.3 show that the local and type samplers perform

similarly even as more data is added. This is similar to the fully unsupervised

results in Chapter 4. The difference is that while the fully unsupervised lo-
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cal+LM sampler is unable to mix, resulting in incredibly poor performance,

the semi-supervised local+LM sampler performs better than without the char-

acter language model. Since the local sampler is generally the fastest, there is

no advantage to using type-based sampling in the semi-supervised case.

Interestingly, the additional unlabelled data does not improve the perfor-

mance of any of the samplers. While weighting the labelled data as discussed

earlier prevents the unlabelled data from lowering the accuracy, it does not

allow the sampler to benefit from the unlabelled data. One possibility is that

the weighted data biases the model to the point that the unlabelled data is

ineffectual. The other possibility is that the weighting prevents the noisy as-

signments on the unlabelled data from compounding errors and instead the

erroneous noise is balanced by the correct noise. Type-based semi-supervision

using a tag-dictionary is another method to potentially reduce the noisy as-

signments on unlabelled data by focussing assignments to more likely tags.

Such a method can be combined with the traditional, token-based approach to

enable the semi-supervised samplers to learn from the addition of unlabelled

data.

5.3.2 Type-Based semi-supervision

While the labelled data provide a context-based bias, they do little to address

the tags-per-type problem demonstrated in Chapter 4. This problem is best

addressed with type-based semi-supervision, wherein the a tag-dictionary, or

lexicon of words and the parts-of-speech which may be assigned to them. While

such a tag-dictionary is traditionally extracted from a labelled corpus, it is

generally meant to represent more easily accessible data. For example, it

requires considerably less investment in time, effort, and expertise to assign an

ambiguity classes for the 1462 word-types that are common enough to occur
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# Sentences Local 1HMM Type Local+LM 1HMM+LM Type+LM
0 77.2% 77.7% 78.7% 68.4% 82.3% 84.1%
100 77.2% 77.0% 80.2% 66.7% 80.0% 83.9%
1000 75.8% 76.4% 78.7% 67.1% 81.6% 82.0%
5000 75.2% 77.6% 77.6% 67.7% 82.2% 83.0%

Table 5.4: Type-based supervision accuracy with a lexicon of word-types that
occur at least 10 times in a corpus of 5000 labelled sentences. The training
was done with varying numbers of unlabelled sentences randomly chosen from
the WSJ corpus.

at least 10 times within a random 5000 sentences of the WSJ corpus, rather

than labelling the 119,204 tokens in the same sentences.

By restricting the parts-of-speech of common word-types, these tag-dictionaries

counteract the tendency of the PYP-HMM model to favour more tags-per-

type than are observed. This would result in the type Particle Gibbs sam-

pler matching the performance of the 1HMM approximation. In addition, the

tag-dictionary allows a considerable speed increase as the inference has fewer

options for the most frequent word-types. There is also the possibility that the

tag restrictions can cause the local sampler to overcome the mixing problems it

encounters with the PYP-HMM+LM model. Table 5.4 shows the type-based

semi-supervision results with the lexicon described earlier for the local and

type samplers with and without the character language model.

Table 5.4 shows that the type-based semi-supervision eliminates most of

the difference between the PG type sampler and the 1HMM sampler. This

confirms the hypothesis that type-supervision is a straightforward method of

mitigating the PYP-HMM’s tendency to assign too many tags-per-type. Fur-

thermore, while the local sampler does perform better with the tag-dictionary,

it still gets stuck in local optima with the PYP-HMM+LM, preventing mixing

and resulting in lower performance than without the character language model.

Note that the local sampler appears to struggle as more unlabelled training
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data is added, this is likely a result of an increasing number of unseen words.

The supervised lexicon is so small that it doesn’t have enough examples of

some tags to distinguish between them. The type-based samplers do not show

this effect, perhaps because they mix better. This implies that as the size of

the unlabelled corpus grows, the local sampler requires more coverage while

the type samplers do not.

The type sampler actually surpasses the 1HMM sampler with the type-

based supervision. This is because the type sampler has the flexibility to assign

multiple tags to a given word type. Unlike the fully unsupervised case, the tag-

dictionary limits the type sampler to only assign observed tags and only where

multiple tags should be assigned. On the other hand, the 1HMM sampler is

still assigning only one tag-per-type even when the tag-dictionary shows that

the word-type occurs with more. Interestingly, the type+LM sampler achieves

up to 84.1% accuracy with the very limited tag-dictionary extracted from only

5000 sentences with words that occurred at least 10 times in those sentences.

This approaches the 85% reported by the LDA PoS model2 of Toutanova and

Johnson (2008) with a tag-dictionary extracted from the full WSJ corpus with

a cutoff of 3. This suggests that a considerable benefit results from a relatively

small lexicon as well as a relatively small amount of labelled data.

5.3.3 Combined Supervision

The promising results of the type-based supervision suggest that traditional

semi-supervision can be improved by including the tag-dictionary extracted

from the labelled data itself. This approach combines the benefits of biasing

the HMM parameters with labelled data with the noise reducing effects of the

tag-dictionary. As before, the type-based semi-supervision also reduces the

2without the full ambiguity class model
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Unlabelled Sentences
Weight 0 5000 15,000
1 92.8% 92.1% 91.2%
3 93.5% 93.4% 92.7%
5 93.5% 93.6% 93.1%
10 93.7% 93.8% 93.5%
50 93.7% 93.7% 93.9%

Table 5.5: Combined semi-supervision with varying weights. The local sampler
is trained on 5000 labelled sentences and 0 to 15,000 unlabelled sentences. The
labelled sentences are weighted in the manner described in section 5.3.1.

training time on the unlabelled data. The idea is to improve the traditional

semi-supervised approach by incorporating a tag-dictionary extracted from

the already available labelled sentences. The noise-reducing effects of the tag-

dictionary may compensate for lowering or even eliminating the need to heavily

weight the labelled data. Table 5.5 examines combined type- and token- based

semi-supervision with different weights. The combined approach still shows the

most improvement with a weight of 50, but the difference between a weight of

1 or 5 and a weight of 50 is much less than in the traditional semi-supervised

approach.

Finally, section 5.3.2 showed that the type sampler outperformed the lo-

cal sampler with the type-based semi-supervision. This bears examining the

various samplers performance with the combined supervision approach. The

superior performance of the type sampler in the type-supervision task leads to

the hypothesis that it will also outperform the local sampler in the combined

supervision task. Table 5.6 shows the combined supervision performance with

5000 labelled sentences and the tags extracted from them for both the local

and the type samplers with and without the morphology model.

Like in the traditional semi-supervision approach, the local and type sam-

plers achieve almost the same accuracy with both type- and token-based semi-

supervision. Additionally, while the type-supervision in section 5.3.2 did not
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# Sentences Local Type Local+LM Type+LM
0 93.7% 93.5% 94.9% 94.9%
1000 93.7% 93.6% 95.0% 95.0%
5000 93.7% 93.7% 94.9% 95.1%
35,000 94.1% 93.7% 94.8% 94.7%

Table 5.6: Accuracy of semi-supervised local and type samplers with 5000
sentences of labelled data and a tag-dictionary extracted from it.

improve the performance of the local+LM sampler, the traditional supervision

did. The combined supervision approach retains the benefits of the local+LM

sampler, so that it performs as well as the type+LM sampler. This implies

that when labelled data is available, the local sampler is superior to the type

approach as it is considerably faster. A universal speed-up results from the use

of the tag-dictionary. Even the limited tag-dictionary explored in this analysis

restricts the most common words enough that the type sampler is three times

as fast with the tag-dictionary than without it.

Unlike traditional semi-supervision, table 5.6 shows an improvement in

accuracy of .4% with the addition of 35,000 unlabelled sentences. This con-

firms the hypothesis that the type-supervision reduces the noise from the tags

assigned to unlabelled data. These results suggest that further accuracy im-

provements might be possible if the labelled data is augmented with large

amounts of unlabelled data. More labelled data can also be used to increase

the coverage of the unlabelled vocabulary, further reducing the noise and in-

creasing the speed. The speed benefits of the tag-dictionary should also be

stressed as larger amounts of unlabelled data will result in a considerable time

investment.

Ultimately, the combined sampler achieves an accuracy of 95% with only

5000 labelled sentences and a generative model with minimal features. This

approach can be improved with more labelled data, more unlabelled data, and

a more extensive tag-dictionary. As the amount of labelled data increases, the
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tag-dictionary extracted from it becomes more comprehensive. The results

here show that a tag-dictionary extracted from 5000 sentences can still cover

most of the word-tokens in a corpus of 35,000 sentences. However, for massive

amounts of unlabelled data, or when very little labelled data exists, better

sources are needed for tag-dictionaries.

5.4 Wikily-Supervised Part-of-Speech Induc-

tion

Section 5.3.2 shows how type-based semi-supervision prevents the PYP-HMM

model from assigning too many tags per type. It also demonstrates the ben-

efit of larger tag-dictionaries for larger corpora. However, relying on larger

labelled corpora to extract these large tag-dictionaries is counter to the pur-

pose of type-based semi-supervision. Creating a tag-dictionary from scratch

for low-resource languages requires access to native speakers in each language.

An alternative proposed by Li et al. (2012) is to use the free and publicly

maintained Wiktionary at wiktionary.org.

The Wiktionary is an open dictionary, allowing the public to extend and

amend it. As of writing, the Wiktionary hosts actively updated dictionaries

in 148 different languages. These dictionaries are steadily being updated and

expanded with more words. Li et al. (2012) analyses the type- and token-

coverage of the Wiktionary on several languages and finds that while type-

coverage varies considerably, especially frequent words are well covered by the

Wiktionary. This means that even in low type-coverage languages like Greek

and Portuguese, most of the tokens are accounted for by the Wiktionary. The

main issue with the Wiktionary is that each language uses its own tagset, and

therefore must be mapped to an intermediary tagset, like the Universal tagset
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sentence: The new rate will be payable Feb. 15 .
original: DT JJ NN MD VB JJ NNP CD .

universal: DET ADJ NOUN VERB VERB ADJ NOUN NUM .

Figure 5.1: An example English sentence with the Penn Treebank and the
Universal tagsets. Note that NNP and NN have been merged into NOUN and
MD and VB have been merged into VERB.

of Petrov et al. (2012), for evaluation. This is a reduced tagset of only 12

general parts-of-speech, figure 5.1 gives an example from the WSJ corpus with

the original Penn Treebank tagset and the new Universal Tagset. Furthermore,

the downstream applications of the PoS tags may require a specific tagset, and

some errors will be introduced by the conversion.

Li et al. (2012) present the wikily-supervised results trained with a first and

second order model hidden Markov Model, referred to as HMM and SHMM,

respectively. While these models do not improve especially well, the extended

models include feature-based Maximum Entropy models for the emission dis-

tribution. The HMM-ME and SHMM-ME models use various morphological

features to improve tagging accuracy. However, these maximum entropy mod-

els must be summed over the entire vocabulary for each tag, slowing the overall

training process. This approach takes advantage of the tag-dictionary by lim-

iting the size of the vocabulary for each tag, minimizing the slowing effects of

the ME morphology model.

Table 5.7 evaluates the wikily-supervised approach on the same corpora

as Li et al. (2012) for comparison. This evaluation is performed on the PoS

tagged corpora of nine languages used for the CoNLL-X and CoNNL-2007

dependency parsing shared task. In order to evaluate the accuracy, the tags

in the corpora are converted to the Universal tagset with the mappings found

online3. The entire corpus is trained on without labels and the accuracy is

3http://code.google.com/p/wikily-supervised-pos-tagger/
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evaluated against a test set for each language. Table 5.7 shows the accuracies

for each of the samplers from Chapter 4 as well as the results reported by Li

et al. (2012).

The results in table 5.7 help clarify and expand the conclusions reached

in section 5.3. While the type-supervised local sampler without the morphol-

ogy model performed worse as the number of labelled sentences increase, the

wikily-supervised local sampler matches the type sampler. This is because the

Wiktionary has considerably more coverage than the limited tag-dictionary in

section 5.3.2. These results confirm that the local sampler is more sensitive to

the coverage of the tag-dictionary than the type sampler.

Like the type-supervised experiments in section 5.3.2, the 1HMM samplers

performs worse than the Particle Gibbs type sampler. As before, the tag-

dictionary makes up for the PYP-HMM’s tendency to assign too many tags

per word-type. On the other hand, the strict one-tag-per-type restriction of

the 1HMM prevents it from taking full advantage of the tag-dictionary. In fact,

the local sampler also outperforms the 1HMM sampler in table 5.7. The more

extensive data from the wiktionary benefits the local sampler considerably

more than the other samplers, eliminating the difference in accuracy observed

in Chapter 4. However, the local sampler still gets stuck in local optima with

the PYP-HMM+lm, scoring the lowest average accuracy.

The type+LM sampler shows the best wikily-supervised performance of the

samplers demonstrated in Chapter 4. The average accuracy of the type+LM

sampler is still lower than that of the SHMM-ME of Li et al. (2012). The

SHMM-ME also has more consistently high accuracies across all of the lan-

guages, with the highest accuracy in four of the nine languages. The other

highest accuracies are split among the PYP-HMM samplers. Each of the local

and type samplers have uncharacteristically low accuracies for at least one
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language. For example, the type+LM sampler score a lower accuracy in Dan-

ish than either the non-LM type sampler or the local sampler. This leads to

an overall lower performance over all of the languages.

5.5 Discussion

Chapter 4 demonstrated the tendency in unsupervised PoS induction for Hid-

den Markov Models to favour to many tags per type. Even when the Particle

Gibbs sampler enabled tractable inference over the entire problem space, the

results were worse than the 1HMM one-tag-per-type approximation. This

chapter examined one potential solution to the tags per type problem: type-

based semi-supervision. Using observed data, rather than the artificial one-

tag-per-type assumption, to constrain inference should allow stronger results.

Two sources of tag-dictionaries were examined, labelled data and the open on-

line dictionary Wiktionary. The results confirm the hypothesis that constrain-

ing inference via tag-dictionaries eliminates the need for the one-tag-per-type

assumption.

Section 5.3.1 explored the use of labelled data to perform semi-supervised

PoS discrimination. The experiments found that unlabelled data can over-

whelm impact of the labelled data in the traditional inference task when using

non-parametric models. By counting the labelled data as multiple, indepen-

dent customers in the model’s Chinese Restaurant Franchise, the negative im-

pact of unlabelled data can be minimised. This method outperforms standard

unsupervised induction with only a few hundred labelled sentences.

In section 5.3.2, a small amount of labelled data was used to generate a

small, but useful, tag-dictionary. This dictionary allowed type-based semi-

supervision, with the goal of allowing inference with the PYP-HMM without
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resorting to the one-tag-per-type assumption. In this task, the 1HMM actu-

ally performs worse than the Particle Gibbs type sampler because it is too

restrictive to take full advantage of the tag-dictionary. The type+LM sam-

pler performs very well with a relatively limited tag-dictionary. The fact that

the PG type sampler outperforms the 1HMM sampler with a tag-dictionary

confirms that the poor performance compared to the 1HMM in Chapter 4 is a

result of the HMM assigning too high a likelihood to solutions with too many

tags per type.

The next step in section 5.3.3 is to take advantage of the constraints of the

tag-dictionary to improve the traditional semi-supervision results. The first

observation from this approach is that a much lower weight is necessary to

outweigh the unlabelled data. This results from the tag-dictionary limiting

the noisiness of the sampler’s assignments for the unlabelled data. This leads

to the semi-supervised samplers achieving an accuracy of 95%, compared to

the annotator agreement of 97%.

The type-based results are interesting considering how well they compare

to other approaches with tag-dictionaries extracted from larger corpora and

with lower thresholds. The example in the beginning of section 5.3.2 demon-

strates the two key variables that address this trade off when deciding what

word-types are added to the lexicon: the size of the corpus and the frequency

of the word-types therein. The more frequently a word occurs, the greater

the confidence that all of its possible labels have occurred. Similarly, the

larger the corpus, the lower the likelihood that a word occurs in some not-

yet-encountered context. Of course, if the tag-dictionary is being labelled by

humans or when generating tag-dictionaries from labelled corpora, larger cor-

pora require a greater investment. While there is some research on the effects

of lexicon quality on performance (Banko and Moore, 2004, Ravi and Knight,
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2009), there is still room for a thorough exploration on estimating the quality

of a lexicon and the resultant tags.

The benefit of type-based semi-supervision was further confirmed in sec-

tion 5.4, by experimenting on nine different languages with tag-dictionaries

extracted from the Wiktionary. Here the type+LM sampler achieved a higher

average accuracy across all of the languages than the other PYP-HMM sam-

plers. The excellent coverage of the Wiktionary allowed the local sampler

to match the type sampler average. However, the tag-dictionary is still not

enough to overcome the local+lm sampler’s failure to mix. Once again, the

1HMM sampler performs relatively poorly because it cannot take as much

advantage of the tag-dictionary as the type and local samplers.

Ultimately, the PYP-HMM samplers do not perform as well as the SHMM-

ME model of Li et al. They are somewhat inconsistent across the nine lan-

guages, with poor performance in one or two languages bringing down the

overall average. Still, the local and type samplers combined have the highest

accuracies in five of the nine languages. There is room for improvement in the

model by allowing it to learn more from the tag-dictionaries and better model

morphology.

Toutanova and Johnson (2008) shows very strong type-based accuracy re-

sults by incorporating a semi-supervised model of the ambiguity classes that

make up a tag-dictionary, or lexicon. This model is able to learn and pre-

dict unseen ambiguity classes, generalizing the tag-dictionary to a lexicon that

incorporates all of the word-types, including unlabelled ones. Such a model

naturally favours limited tags per type through observed data and the design

of the model itself. The type-based inference allowed by the Particle Gibbs

sampler enables the creation of a generative lexicon model.

This suggests a second solution to the tags per type problem of Chapter
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4. Rather than using observed data like labelled corpora or the Wiktionary to

constrain the ambiguity class of a word, the PYP-HMM model itself can be

extended to incorporate a lexicon. This unsupervised lexicon can use Bayesian

priors to have a bias for smaller ambiguity classes. By leveraging the type

Particle Gibbs sampler, a word-type’s ambiguity class can simply be sampled

with its tokens.

The results of this chapter suggest that the best model in a semi-supervised

application depends on the coverage of the available tag-dictionary and the

trade-off between accuracy and time. In the combined or traditional super-

vised case, the local+LM sampler matches the performance of the considerably

slower type+LM sampler and is therefore the superior choice. When there is

sufficient type coverage, as in the Wiktionary experiments, the SHMM-ME

sampler of Li et al. (Li et al., 2012) has the best average accuracy and the best

performance on the most languages. Unfortunately, the maximum entropy

morphology it incorporates requires normalisation over the entire vocabulary,

making it much slower than the type+LM sampler that has the next best av-

erage performance. In general, though, the local sampler has the best perfor-

mance on more languages than the type+LM samplers and a very high average

performance while easily being the fastest of the examined approaches4.

4see section 4.4.2 for graphs comparing the training times of the various samplers
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Chapter 6

Modelling the Lexicon in

Unsupervised Part-of-Speech

Induction

Chapter 6 introduces and examines the Lex-HMM model, an extension of the

PYP-HMM of Blunsom and Cohn (2011) described in Chapter 3. This chapter

is based on research originally published in Dubbin and Blunsom (2014).

6.1 Introduction

Research on the unsupervised induction of part-of-speech (PoS) tags has the

potential to improve both our understanding of the plausibility of theories of

first language acquisition, and Natural Language Processing applications such

as Speech Recognition and Machine Translation. While there has been much

prior work on this task (Brown et al., 1992, Clark, 2003, Christodoulopoulos

et al., 2010, Toutanova and Johnson, 2008, Goldwater and Griffiths, 2007,
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Blunsom and Cohn, 2011), a common thread in many of these works is that

models based on a Hidden Markov Model (HMM) graphical structure suffer

from a tendency to assign too many different tags to the tokens of a given word

type. Models which restrict word types to only occur with a single tag show

a significant increase in performance, even though this restriction is clearly

at odds with the gold standard labelling (Brown et al., 1992, Clark, 2003,

Blunsom and Cohn, 2011). While the empirically observed expectation for the

number of tags per word type is close to one, there are many exceptions, e.g.

words that occur as both nouns and verbs (opening, increase, related etc.).

On the other hand, the standard Hidden Markov Model (HMM) for un-

supervised PoS tagging does not directly model the observed sparsity of the

number of tags assigned to tokens of a given word-type. As a result, unre-

stricted unsupervised PoS models often assign too many tags per type. One

solution to this problem is to use semi-supervised tag-dictionaries to restrict

the tag assignments for some words. Unfortunately these approaches do not

always extend well to out of vocabulary words or they require restricted tag

sets to match available semi-supervised data.

The alternative to semi-supervised tag-dictionaries is to explicitly model

tags per type sparsity. Hidden Markov Models do not have a parameter to

encode sparsity between word-types and part-of-speech. The model must be

extended by assigning an ambiguity class representing the tags which can be

assigned to tokens of each word-type. Ambiguity classes are used in supervised

part-of-speech inference to simplify inference and improve results. Unsuper-

vised ambiguity classes, unfortunately, result in non-local correlations that

make standard inference intractable. However, a straightforward extension to

the word-type based Particle Gibbs (type sampler performs inference without

issue.
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In this chapter we extend the Pitman-Yor HMM tagger (Blunsom and

Cohn, 2011) to explicitly include a model of the lexicon that encodes from

which tags a word-type may be generated. For each word-type we draw an

ambiguity class which is the set of tags that it may occur with, capturing

the fact that words are often ambiguous between certain tags (e.g. Noun and

Verb), while rarely between others (e.g. Determiner and Verb). We extend

the type based Sequential Monte Carlo (SMC) inference algorithm of (Dubbin

and Blunsom, 2012) (type) to incorporate our model of the lexicon, removing

the need for the heuristic inference technique of (Blunsom and Cohn, 2011).

We start in Section 6.3 with a brief overview of the original PYP-HMM

model and our extended model of the lexicon. Chapter 3 has a more in depth

examination of the PYP-HMM and non-parametric models in general. Section

6.4 introduces a Particle Gibbs sampler for this model, a basic SMC method

that generates samples from the model’s posterior. We evaluate these algo-

rithms in Section 6.5, analysing their behaviour in comparisons to previously

proposed state-of-the-art approaches.

6.2 Background

We find that modelling the lexicon in part-of-speech inference can lead to more

efficient algorithms that match the state-of-the-art unsupervised performance.

We also note that the lexicon model relies heavily on morphological informa-

tion, and suffers without it on languages with flexible word ordering. These

results promise further improvements with more advanced lexicon models.
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6.3 The Pitman-Yor Lexicon Hidden Markov

Model

This article proposes enhancing the standard Hidden Markov Model by explic-

itly incorporating a model of the lexicon that consists of word types and their

associated tag ambiguity classes. The ambiguity class of a word-type is the

set of possible lexical categories to which tokens of that type can be assigned.

Ambiguity classes have traditionally been used in tag dictionaries for partially

supervised PoS induction. Toutanova and Johnson (2008) show that modelling

ambiguity class generation significantly improves partially supervised induc-

tion with a small supervised tag dictionary. In this work we aim to learn the

ambiguity classes unsupervised, i.e. without than have them specified in a tag

dictionary.

The Lexicon HMM (Lex-HMM) extends the Pitman-Yor HMM (PYP-

HMM) described in the previous chapters. When the ambiguity class of all of

the word types in the lexicon is the complete tagset, the two models are the

same.

6.3.1 PYP-HMM

The Lex-HMM is an extension of the PYP-HMM of Blunsom and Cohn (2011).

This model is covered in detail in Chapter 3. The following is a brief re-

examination of the model with some slight alterations to the terminology to

simplify the description of the Lex-HMM.

The base of the model applies a hierarchical Pitman-Yor process (PYP)

prior to a trigram hidden Markov model to jointly model the distribution of

a sequence of latent word tags, t, and word tokens, w. The joint probabil-

ity defined by the transition, P (tl|tn−1, tn−2,Θ), and emission, P (wn|tn,Θ),
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distributions of a trigram HMM is

P (t,w|Θ) =
N+1∏
n=1

P (tl|tn−1, tn−2,Θ)P (wn|tn,Θ)

where N = |t| = |w| and the special tag $ is added to denote the sentence

boundaries. The model defines a generative process in which the tags are

selected from a transition distribution, tl|tl−1, tl−2, T , determined by the two

previous tags in their history, and the word tokens are selected from the emis-

sion distribution, wl|tl, E, of the latest tag.

tn|tn−1, tn−2, T ∼ Ttn−1,tn−2

wn|tn, E ∼ Etn

The PYP-HMM draws the above multinomial distributions from a hierarchi-

cal Pitman-Yor Process prior. The Pitman-Yor prior defines a smooth back

off probability from more complex to less complex transition and emission

distributions. In the PYP-HMM trigram model, the transition distributions

form a hierarchy with trigram transition distributions drawn from a PYP with

the bigram transitions as their base distribution, and the bigram transitions

similarly backing off to the unigram transitions. The hierarchical prior can

be intuitively understood to smooth the trigram transition distributions with

bigram and unigram distributions in a similar manner to an ngram language

model (Teh, 2006b). This back-off structure greatly reduces sparsity in the

trigram distributions and is achieved by chaining together the PYPs through
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their base distributions:

Tij|aT , bT , Bi ∼ PYP(aT , bT , Bi)

Bi|aB, bB, U ∼ PYP(aB, bB, U)

U |aU , bU ∼ PYP(aU , bU ,Uniform).

Ei|aE, bE, C ∼ PYP(aE, bE, Ci),

where Tij, Bi, and U are trigram, bigram, and unigram transition distribu-

tions respectively, and Ci is either a uniform distribution (PYP-HMM) or

a bigram character language model distribution to model word morphology

(PYP-HMM+LM).

Sampling from the posterior of the hierarchical PYP is calculated with a

variant of the Chinese Restaurant Process (CRP) called the Chinese Restau-

rant Franchise (CRF) (Teh, 2006b, Goldwater et al., 2006). In the CRP anal-

ogy, each latent variable (tag) in a sequence is represented by a customer

entering a restaurant and sitting at one of an infinite number of tables. A

customer chooses to sit at a table in a restaurant according to the probability

P (zn = k|z1:n−1) =


c−k −a
n−1+b

1 ≤ k ≤ K−

K−a+b
n−1+b

k = K− + 1

(6.1)

where zn is the index of the table chosen by the nth customer to the restaurant,

z1:n−1 is the seating arrangement of the previous n − 1 customers to enter,

c−k is the count of the customers at table k, and K− is the total number of

tables chosen by the previous n− 1 customers. All customers at a table share

the same dish, representing the value assigned to the latent variables. When

customers sit at an empty table, a new dish is assigned to that table according
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to the base distribution of the PYP. To expand the CRP analogy to the CRF

for hierarchical PYPs, when a customer sits at a new table, a new customer

enters the restaurant of the PYP of the base distribution.

Blunsom and Cohn (2011) explored two Gibbs sampling methods for in-

ference with the PYP-HMM model. The first individually samples tag assign-

ments for each token. The second employs a tactic shown to be effective by

earlier works by constraining inference to only one tag per word-type (PYP-

1HMM). However, marginalizing over all possible table assignments for more

than a single tag is intractable. Blunsom and Cohn (2011) approximates the

PYP-1HMM tag posteriors for a particular sample according to heuristic frac-

tional table counts. This approximation is shown to be particularly inaccurate

for values of a close to one.

6.3.2 The Lexicon HMM

We define the lexicon to be the set of all word types (W ) and a function

(L) which maps each word-type (Wi ∈ W ) to an element in the power set of

possible tags T ,

L : W → 2T .

The Lexicon HMM (Lex-HMM) generates the lexicon with all of the word

types and their ambiguity classes before generating the standard HMM pa-

rameters. The set of tags associated with each word-type is referred to as its

ambiguity class si ⊆ T . The ambiguity classes are generated from a multino-

mial distribution with a sparse, Pitman-Yor Process prior,

si|S ∼ S (6.2)

S|aS, bS ∼ PY P (aS, bS, G) (6.3)
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Figure 6.1: Lex-HMM Structure: The graphical structure of the Lex-HMM
model. In addition to the trigram transition (Tij) and emission (Ej), the
model includes an ambiguity class (si) for each word-type (Wi) drawn from a
distribution S with a PYP prior.
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Figure 6.2: Ambiguity Class Distribution: Log-log plot of ambiguity class
frequency over rank for the Penn-Treebank WSJ Gold Standard lexicon high-
lighting a Zipfian distribution and the ambiguity of classes extracted from the
predicted tags.

where S is the multinomial distribution over all possible ambiguity classes.

The base distribution of the PYP, G, chooses the size of the ambiguity class

according to a geometric distribution (normalized so that the size of the class

is at most the number of tags |T |). G assigns uniform probability to all classes

of the same size. A plate diagram for this model is shown in Figure 6.1.

This model represents the observation that there are relatively few distinct

ambiguity classes over all of the word types in a corpus. For example, the

full Penn-Treebank Wall Street Journal (WSJ) corpus with 45 possible tags

and 49,206 word types has only 343 ambiguity classes. Figure 6.2 shows that

ambiguity classes in the WSJ have a power-law distribution. Furthermore,

these classes are generally small; the average ambiguity class in the WSJ corpus
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has 2.94 tags. The PYP prior favours power-law distributions and the modified

geometric base distribution flavours smaller class sizes.

Once the lexicon is generated, the standard HMM parameters can be gen-

erated as described in section 6.3.1. The base emission probabilities C are

constrained to fit the generated lexicon. The standard Lex-HMM model emis-

sion probabilities for tag ti are uniform over all word types with ti in their

ambiguity class. The character language model presents a challenge because it

is non-trivial to renormalise over words with ti in their ambiguity class. In this

case word types without ti in their ambiguity class are assigned an emission

probability of 0 and the model is deficient.

Neither of the samplers proposed by Blunsom and Cohn (2011) and briefly

described in section 6.3.1 are well suited to inference with the lexicon. Local

Gibbs sampling of individual token-tag assignments would be very unlikely to

explore a range of confusion classes, while the type based approximate sample

relies on a one-tag-per-type restriction. Thus in the next section we extend

the Particle Filtering solution presented by Dubbin and Blunsom (2012) to

the problem of simultaneous resampling the ambiguity class as well as the tags

for all tokens of a given type. This sampler provides both a more attractive

inference algorithm for the original PYP-HMM and one adaptable to our Lex-

HMM.

6.4 Inference

To perform inference with both the lexicon and the tag assignments, we block

sample the ambiguity class assignment as well as all tag assignments for tokens

of the same word-type. It would be intractable to exactly calculate the prob-

abilities to sample these blocks. Particle filters are an example of a Sequential
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Monte Carlo technique which generates unbiased samples from a distribution

without summing over the intractable number of possibilities.

The particle filter samples multiple independent sequences of ambiguity

classes and tag assignments. Each sequence of samples, called a particle, is

generated incrementally. For each particle, the particle filter first samples an

ambiguity class, and then samples each tag assignment in sequence based only

on the previous samples in the particle. The value of the next variable in a

sequence is sampled from a proposal distribution based only on the earlier val-

ues in the sequence. Each particle is assigned an importance weight such that

a particle sampled proportional to its weight represents an unbiased sample of

the true distribution. Algorithm 3 shows the pseudocode for the Lex-HMM

Particle Gibbs sampler, it is very similar to algorithm 2 with extensions to

account for the sampling of the ambiguity class sW for word W .

Each particle represents a specific sampling of an ambiguity class, tag se-

quence, tW,p1:n , and the count deltas, zW,p1:n . The term tW,p1:n denotes the sequence

of n tags generated for word-type W and stored as part of particle p ∈ [1, P ].

The count deltas store the differences in the seating arrangement necessary to

calculate the posterior probabilities according to the Chinese restaurant fran-

chise described in section 6.3.1. The table counts from each particle are the

only data necessary to calculate the probabilities described in equation (6.1).

The particle filter first samples a new proposal ambiguity class for each par-

ticle. Then, the particle filter uses the appropriate ambiguity class to sample

sequences of seating arrangements in the Chinese Restaurant representation

and tag assignments jointly, xW1:n = (tW1:n, z
W
1:n), for the word-type, W . The final

table counts are resampled once a tag assignment has been chosen from the

particles. The exchangeability of seating decisions means that only counts of

customers are necessary to represent the history.
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At iteration i = 0 randomly initialise PoS assignments;
for i← 1 to Iterations do

foreach word-type W observed in the corpus do
Remove table counts from zW1:N ;
sW,0 ← sW ; // from iteration i− 1
for p← 1 to P do

Sample ambiguity class sW,p ∼ S; // equation (6.2)

Set ωW,p0 ; // equation (6.4)

end
for n← 1 to N do

tW,0n ← tWn ; // from iteration i− 1
for p← 1 to P do

Sample tW,pn ∼ qW,pn (◦|zW,p1:n−1, z
−W ) ; // equation (6.5)

Update weight ωW,pn ← ωW,pn−1 · αn(tW,p1:n ) ; // equation

(4.1)

end

end

Sample p ∝ ωW,pN ;
Set sW ← sW,p;

Set tW1:N ← tW,p1:N ;
Sample new table counts zW1:N based on tW1:N ;

end

end

Algorithm 3: Lex-HMM Particle Gibbs Sampler
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The ambiguity class for a particle is proposed by sampling from the Pitman-

Yor process that defines the lexicon distribution. The particle weights are then

set to

ωW,p0 =
P (sW,p|S−W )∏

t∈sW,p
(et + 1)#(Et)

∏
t∈T−sW,p

(et)#(Et)
(6.4)

where P (sW,p|S−W ) is the probability of the ambiguity class proposed for parti-

cle p for word-type W given the ambiguity classes for the rest of the vocabulary,

et is the number of word types with t in their ambiguity class, and #(Et) is the

number of tables in the CRP for the emission distribution of tag t. The last

two terms of the equation correct for the difference in the base probabilities of

the words that have already been sampled with a different lexicon.

At each token occurrence n, the next tag assignment, tW,pn for each particle

p ∈ [1, P ] is determined by the seating decisions zW,pn , which are made according

the proposal distribution:

qW,pn (zW,pn |z
W,p
1:n−1, z

−W ) ∝

P (zW,pn |c−2, c−1, zW,p1:n−1, z
−W )

×P (c+1
n |c−1

n , zW,pn , zW,p1:n−1, z
−W )

×P (c+2
n |zW,pn , c+1

n , zW,p1:n−1, z
−W )

×P (wWn |zW,pn , zW,p1:n−1, z
−W ).

(6.5)

In this case, c±kn represents a tag in the context of site tWn offset by k, while

zW,p1:n−1 and z−W represent the table counts from the seating decisions previously

chosen by particle p and the values at all of the sites where a word token

of type W does not appear, respectively. This proposal distribution ignores

changes to the seating arrangement between the three transitions involving

the site n. The specific tag assignement, tW , pn, is completely determined by

the seating decisions sampled according to this proposal distribution. Once all

117



of the particles have been sampled, one of them is sampled with probability

proportional to its weight. This final sample is a sample from the target

distribution.

6.5 Experiments and Results

I provide an empirical evaluation of our proposed Lex-HMM in terms of the

accuracy of the taggings learned according to the most popular metric, and the

distributions over ambiguity classes. This experimental evaluation considers

the impact of the improved Particle Gibbs inference algorithm both for the

original PYP-HMM and when used for inference in our extended model.

The goal is to learn whether the lexicon model can match or exceed the

performance of the other models despite focusing on only a subset of the pos-

sible tags each iteration. I hypothesize that an accurate lexicon model and the

sparsity it induces over the number of tags per word-type will improve the per-

formance over the standard PYP-HMM model while also decreasing training

time. Furthermore, the lexicon model is novel, and its accuracy in representing

ambiguity classes is an important aspect of its performance. The model focuses

inference on the most likely tag choices, represented by ambiguity classes.

6.5.1 Unsupervised Part-of-Speech Tagging

This section evaluates the Lex-HMM according to the many-to-one accuracy

metric, as described in previous chapters. For experiments on English, the

evaluation reports results on the entire Penn. Treebank (Marcus et al., 1993b).

For other languages we use the corpora made available for the CoNLL-X Shared

Task (Buchholz and Marsi, 2006). All Lex-HMM results are reported with 10

particles as no significant improvement was found with 50 particles.
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Sampler M-1 Accuracy Time (h)
Meta-Model (CGS10) 76.1 —
MEMM (BBDK10) 75.5 ∼40*
Lex-HMM 71.1 7.9
Type PYP-HMM 70.1 401.2
Local PYP-HMM 70.2 8.6
PYP-1HMM 75.6 20.6
Lex-HMM+LM 77.5 16.9
Type PYP-HMM+LM 73.5 446.0
PYP-1HMM+LM 77.5 34.9

Table 6.1: M-1 Accuracy on the WSJ Corpus: Comparison of the ac-
curacy of each of the samplers with and without the language model emis-
sion prior on the English WSJ Corpus. The second column reports run
time in hours where available*. Note the Lex-HMM+LM model matches the
PYP-1HMM+LM approximation despite finishing in half the time. The ab-
breviations in parentheses indicate that the results were reported in CGS10
(Christodoulopoulos et al., 2010) and BBDK10 (Berg-Kirkpatrick et al., 2010)
*CGS10 reports that the MEMM model takes approximately 40 hours on 16
cores.

Table 6.1 compares the M-1 accuracies of both the PYP-HMM and the Lex-

HMM models on the Penn. Treebank Wall Street Journal corpus. Blunsom and

Cohn (2011) found that the Local PYP-HMM+LM sampler is unable to mix,

achieving accuracy below 50%, therefore it has been left out of this analysis.

The Lex-HMM+LM model achieves the same accuracy as the state-of-the-

art PYP-1HMM+LM approximation. The Lex-HMM+LM’s focus on only the

most likely tags for each word-type allows it to finish training in half the time as

the PYP-1HMM+LM approximation without any artificial restrictions on the

number of tags per type. This contrasts with other approaches that eliminate

the constraint at a much greater cost, e.g. the type PYP-HMM, the MEMM,

and the Meta-Model 1

The left side of table 6.2 compares the M-1 accuracies of the Lex-HMM

1While I was unable to get an estimate on the runtime of the Meta-Model, it uses a
system similar to the feature-based system of the MEMM with an additional feature derived
from the proposed class from the brown model. Therefore, it is likely that this model has a
similar runtime.
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model to the PYP-HMM model. These models both ignore word morphol-

ogy and rely on word order. The 1HMM approximation achieves the highest

average accuracy. The Lex-HMM model matches or surpasses the type PYP-

HMM approach in six languages while running much faster due to the particle

filter considering a smaller set of parts-of-speech for each particle. However, in

the absence of morphological information, the Lex-HMM model has a similar

average accuracy to the local and type PYP-HMM samplers. The especially

low performance on Hungarian, a language with free word ordering and strong

morphology, suggests that the Lex-HMM model struggles to find ambiguity

classes without morphology. The Lex-HMM model has a higher average accu-

racy than the type or local PYP-HMM samplers when Hungarian is ignored.

The right side of table 6.2 compares the M-1 accuracies of the Lex-HMM+LM

model to the PYP-HMM+LM. The language model leads to consistently im-

proved performance for each of the samplers excepting the token sampler,

which is unable to mix properly with the additional complexity. The accu-

racies achieved by the 1HMM+LM sampler represent the previous state-of-

the-art. These results show that the Lex-HMM+LM model achieves state-of-

the-art M-1 accuracies on several datasets, including the English WSJ. The

Lex-HMM+LM model performs nearly as well as, and often better than, the

1HMM+LM sampler without any restrictions on tag assignments.

The drastic improvement in the performance of the Lex-HMM model rein-

forces our hypothesis that morphology is critical to the inference of ambiguity

classes. Without the language model representing word morphology, the dis-

tinction between ambiguity classes is too ambiguous. This leads the sampler

to infer an excess of poor ambiguity classes. For example, the tag assignments

from the Lex-PYP model on the WSJ dataset consist of 660 distinct ambi-

guity classes, while the Lex-PYP+LM tag assignments only have 182 distinct
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ambiguity classes.

Note that while the Lex-HMM and Lex-HMM+LM samplers do not have

any restrictions on inference, they do not sacrifice time. The additional samples

generated by the particle filter are mitigated by limiting the number of tags

each particle must consider. In practice, this results in the Lex-HMM samplers

with 10 particles running in half time as the 1HMM samplers. The Lex-

HMM+LM sampler with 10 particles took 16.9 hours, while the 1HMM+LM

sampler required 34.9 hours. Furthermore, the run time evaluation does not

take advantage of the inherent distributed nature of particle filters. Each of the

particles can be sampled completely independently from the others, making it

trivial to run each on a separate core.

6.5.2 Lexicon Analysis

While section 6.5.1 demonstrates that the Lex-HMM+LM sampler performs

similarly to the more restricted 1HMM+LM, this section also seeks to evaluate

the accuracy of the lexicon model itself. This analysis compares the ambiguity

classes extracted from the gold standard and predicted tag assignments of the

WSJ corpus. The analysis also explores the relationship between the actual

and sampled ambiguity classes.

The solid curve in figure 6.2 shows the distribution of the number of word

types assigned to each ambiguity set extracted from the gold standard tag

assignments from the Penn Treebank Wall Street Journal corpus. The straight

line strongly indicates that ambiguity classes follow a Zipfian distribution.

Figure 6.2 also graphs the distribution of the ambiguity classes extracted from

the best tag-assignment prediction from the model. The predicted graph has

a similar shape to the gold standard but represents half as many distinct

ambiguity classes - 182 versus 343.
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For a qualitative analysis of the generated lexicon, table 6.3 lists frequent

ambiguity classes and the most common words assigned to them. The 14 most

frequent ambiguity classes contain only one tag each, the top half of table 6.3

shows the five most frequent. One third of the word-types in the first five

rows of the table are exactly matched with the ambiguity classes from the gold

standard. Most of the remaining words in those rows are assigned to a class

representing almost all of the words’ occurrences in the gold standard, e.g.,

‘Corp.’ is an NNP in 1514 out of 1521 occurrences. Some words are assigned

to classes with similar parts of speech, e.g. {NNS} rather than {NN} for week.

The lower half of table 6.3 shows the most frequent ambiguity classes with

more than a single tag. The words assigned to the {NN,CD}, {DT,NNP},

and {NN,JJ} classes are not themselves ambiguous. Rather words that are

unambiguously one of the two tags are often assigned to an ambiguity class

with both. The most common types in the {NN, CD} set are unambiguously

either NN or CD. In many cases the words are merged into broader ambigu-

ity classes because the Lex-HMM+LM uses the language model to model the

morphology of words over individual parts-of-speech, rather than entire ambi-

guity classes. Therefore, a word-type is likely to be assigned a given ambiguity

class as long as at least one part-of-speech in that ambiguity class is associ-

ated with morphologically similar words. These results suggest modifying the

Lex-HMM+LM to model word morphology over ambiguity classes rather than

parts-of-speech.

The {VB,NN} and {VBN,JJ} are representative of true ambiguity classes.

Occurrences of words in these classes are likely to be either of the possible

parts-of-speech. These results show that the Lex-HMM is modelling ambiguity

classes as intended.
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6.6 Discussion

This chapter introduces and explores the Lex-HMM, an expansion to the PYP-

HMM that incorporates a lexicon into the generative model in order to provide

a soft constraint on the number of tags per type. Section 6.3 explains the design

of the Lex-HMM, which generates ambiguity classes for each word-type and

restricts the emission distributions of the PYP-HMM accordingly. This model

is tightly coupled on the type level, rather than the token level, making the

Particle Gibbs type sampler from Chapter 4 instrumental to inference under

the model.

Section 6.4 demonstrates the specific Particle Gibbs algorithm implemen-

tation for the Lex-HMM. The algorithm relies on type-based sampling to allow

the sampler to resample a word-type’s ambiguity class before it assigns any

tags to tokens of that type. This greatly simplifies the posterior probability

calculation of the ambiguity class sample. A secondary benefit of this approach

is that each particle will only be sampling tags from the limited ambiguity class

for its type rather than the full tagset for a considerable speed-up.

The first result in section 6.5.1 shows that the unsupervised Lex-HMM+LM

matches the performance of the one-tag-per-type 1HMM+LM in half the time

on the English WSJ corpus. This result confirms the hypothesis that the

soft constraint of the Lex-HMM makes the model favour a more empirically

reasonable number of tags per type. Furthermore, efficient inference can be

performed on this model without necessitating unjustified constraints and ap-

proximations. These speed improvements fail to capture the additional benefit

of the inherent ability of the Particle Gibbs sampler to be parallelised.

The next result shows that on average, the Lex-HMM matches the 1HMM

approximation across all languages other than Hungarian. Hungarian is a par-

ticularly morphologically rich language, and the poor performance of the Lex-
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HMM+LM on Hungarian suggests that the model has room for improvement

in its model of morphology. The Lex-HMM+LM model surpasses or matches

the state-of-the-art results of the 1HMM+LM in 5 out of the 10 languages.

Finally, section 6.5.2 explores the quantitative performance of the Lex-

HMM by examining some of the ambiguity classes the model generates. This

intention is achieved in several of the examples demonstrated, like plan {VB,NN}

and related {VBN,JJ}. On the other hand, the {NN,CD} ambiguity class

incorrectly demonstrates a class of similarly distributed word-types that are

completely unambiguous in their correct tagging, e.g. dollar is always an NN

and 150 is always a CD. This quantitative analysis reveals that while the qual-

itative results are quite compelling, the lexicon model of the Lex-HMM has

considerable room for improvement. The lexicon model could potentially be

improved by incorporating morphology or refining its ambiguity class genera-

tion to reuse common tags more often.
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Chapter 7

Conclusion

This thesis explored the implementation and effects of the application of par-

ticle filtering techniques to the problem of unsupervised part-of-speech induc-

tion. I show that the Particle Gibbs algorithm enables type-based inference

for unsupervised part-of-speech induction without the simplifying one-tag-per-

type assumption. The approach is expanded with the inclusion of a semi-

supervised lexicon. The thesis culminated with the creation of the Lex-HMM,

a new model of part-of-speech that explicitly models the lexicon without su-

pervision. The Lex-HMM is able to match previous state-of-the-art results in

all but a few languages tested while being faster than previous work without

relying on the one-tag-per-type simplification. These results demonstrate that

not only does Particle Gibbs enable tractable inference on existing models that

are too intricate for other approaches, it also enables the creation of even more

advanced models that would otherwise prove infeasible.

In its exploration of the history of part-of-speech and part-of-speech tag-

ging, Chapter 2 defines unsupervised part-of-speech induction and the prob-

lems associated with it. It found that much of the difficulty in defining the

parts of speech results from the flawed assumption that word-types can be
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partitioned into simple classes that exactly represent the syntactic context in

which they occur. Instead, words-classes and syntactic categories should in-

form each other without being equated. Linguists represent this separation

with a lexicon that describes the possible syntactic behaviours of words. Sim-

ilarly, part-of-speech taggers assign codes describing the grammatical function

of a specific word-token in its particular context. The chapter also discussed

the similarity between the flawed traditional approach to part-of-speech and

the one-tag-per-type assumption often relied on to simplify unsupervised part-

of-speech induction.

Chapter 3 describes the motivation and formulation of hierarchical non-

parametric Bayesian models. Bayesian inference allows the encoding of am-

biguity regarding model parameters that are related to each other. Non-

parametric models use priors like the Dirichlet and Pitman-Yor processes to

describe some of these relationships without knowledge of the number or or-

der of the parameters themselves. Hierarchical non-parametric models further

extend this concept by sharing non-parametric base distributions of priors, al-

lowing intricate, interconnected models that back-off to simpler ones when less

data is available. Chapter 3 concludes with a description of the PYP-HMM,

a hierarchical non-parametric hidden Markov Model of part-of-speech. This

model achieves state-of-the-art results, but requires the one-tag-per-type as-

sumption for tractable inference. Performing tractable inference on this model

without the one-tag-per-type assumption with Particle Gibbs demonstrates the

viability of hierarchical non-parametric models, and other similarly complex

models, in other linguistic applications.

Chapter 4 aims to perform type-sampling on the PYP-HMM with Parti-

cle Gibbs sampling allowing tractable inference without the flawed one-tag-

per-type assumption. It describes two implementations of the Particle Gibbs
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algorithm, one that block samples sentences and another that samples based

on word-type. The different samplers are compared to each other accord-

ing to the likelihood of the assignments they find under the same models.

As expected, the sentence PG sampler has almost the same performance as

the forward-backward sentence sampler with sufficient particles, while being

slightly faster. Similarly, the type PG sampler achieves higher likelihoods than

the 1HMM sampler. These results confirm that the Particle Gibbs algorithm

enables tractable type-based inference without resorting to the one-tag-per-

type assumption.

However, the Particle Gibbs algorithm has a considerable computational

cost, so while the type-based PG sampler is not prohibitively slow, it still

significantly slower than the 1HMM sampler. To address this issue, Chapter 4

also shows promising results when mixing the local and type-based samplers.

These samplers only occasionally rely on the slower particle filter, matches the

performance of the pure Particle Gibbs sampler. In this implementation, the

type-based sampler takes large steps through the sample space and the local

sampler takes smaller steps to perform inference around the new space.

An interesting result from Chapter 4 comes from the discrepancy between

the likelihoods and the accuracy of the tag assignments found by each sampler.

While the PG type-sampler found more likely tag assignments, the 1HMM

outperforms all of the other samplers when their assignments are compared

against a gold-standard, including the type PG sampler. This implies that the

one-tag-per-type restriction of the 1HMM prevents it from exploring higher

likelihood assignments that have too many tags-per-type and lower accuracy.

Therefore, the PYP-HMM model assigns too high of a probability to tag as-

signments with more tags assigned to words of the same type than empirical

data supports. Chapters 5 and 6 examine two proposed solutions to this prob-
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lem: semi-supervised tag-dictionaries, and an unsupervised lexicon model.

Chapter 5 explores the related task of semi-supervised part-of-speech dis-

crimination with a tag-dictionary. The chapter first explores adapting the

unsupervised samplers to the traditional semi-supervised task with a small

amount of labelled data and a larger amount of unlabelled data. These ex-

periments find that the unlabelled data do not improve the results, instead

they overwhelm the labelled data without modifying the algorithm to heavily

weight the labelled data. Then, Chapter 5 uses some labelled data to extract a

tag-dictionary for type-based supervision. The local sampler benefits consid-

erably from this approach, matching the performance of the 1HMM and type

PG samplers. Finally, the two approaches are combined to achieve relatively

high accuracy with only a small number of labelled sentences.

The exploration of type-based supervision continues with a more extensive

tag-dictionary extracted from the freely available online Wiktionary. These

results largely replicate the smaller scale results from before. With an extensive

semi-supervised lexicon, the 1HMM approximation is hurt by its one-tag-per-

type assumption because the tags are already limited to the correct number.

While the type and local samplers do not perform as well as the SHMM-ME of

Li et al. (2012), they come close with considerably less computational overhead.

The local sampler is especially impressive in this regard as it is so much faster

than the other top approaches while achieving the best accuracy in multiple

languages.

Finally, Chapter 6 addresses the problem of too many tags-per-type in

the fully unsupervised induction task with the incorporation of a lexicon into

the PYP-HMM. The lexicon acts as a soft constraint on the number of tags

assigned to each type. The lexicon uses a fairly simple model to generate an

ambiguity class for each word-type, restricting the tags which can be assigned
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to tokens of that type. The ambiguity class model prefers a small number of

tags, thus counteracting the tendency of the base model to over-assign tags

per type. This model has even stronger long distance correlations between

tokens of the same type, requiring the type-based Particle Gibbs sampler for

tractable inference. Chapter 6 presents the Lex-HMM model and the modified

type PG sampler algorithm that can perform inference on it.

The first result from experiments with the Lex-HMM show that it can

match the state-of-the-art performance of the 1HMM approximation while be-

ing twice as fast. The fact that a word’s ambiguity class is a random variable

in the model restricts inference to only those tags that it predicts might be

assigned to a given word, resulting in a considerable speed-up. The accuracy

of the Lex-HMM matches or surpasses the 1HMM approximation in several

different languages. However, the Lex-HMM scores a very low accuracy on the

Hungarian test set, suggesting that it needs an improved morphology model

for such a morphologically rich language. Further quantitative analysis of

the predicted ambiguity classes show that many represent words that might

have either tags, but some are simply a combination of otherwise unambigu-

ous words. Overall, the Lex-HMM replicates the performance of the 1HMM

without requiring any artificial restrictions.

7.1 Future Work

The work presented here merits many avenues of further research. Many of

the results hint at future extensions in the task of part-of-speech induction

and disambiguation. Such extensions to this work could result in even further

improvements, and should be investigated. Furthermore the successful appli-

cation of Particle Gibbs and particle techniques in general suggest applications
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to a variety of other NLP problems.

While the Lex-HMM model naturally speeds up inference by eliminating

unlikely possibilities, there is still room for improving the speed. An interesting

option is to replicate the mixed samplers explored in Chapter 4 with the Lex-

HMM from Chapter 6. In this formulation, the local sampler would find likely

tag assignments within the constraints of the lexicon. The type-sampler steps

would sample new ambiguity classes for the lexicon. Chapter 4 suggested

that the mixed sampler could match the performance of the pure PG sampler,

thus potentially resulting in further speed improvements without dropping

performance. Furthermore, the constrained local sampler would be even faster

than in the standard PYP-HMM model, because it is still only sampling from

the tags in each word’s ambiguity class.

In addition, the lexicon model in the Lex-HMM is relatively simple com-

pared to those proposed by linguists. Expanding the lexicon to improve it’s

model of ambiguity classes or incorporate additional information may further

improve speed and accuracy. Furthermore, the qualitative results from Chap-

ter 6 show that there is still room for improvement of the lexicon model. The

strength of these results with a fairly simple lexicon model promise to only get

stronger as research continues.

For example, a common factor in the history of part-of-speech and the

early part-of-speech taggers is the reliance on morphology. The first auto-

matic tagger of Klein and Simmons (1963) used morphology to determine the

ambiguity class of most words, reducing the size of the lexicon. Similarly, the

semi-supervised model of ambiguity class of Toutanova and Johnson (2008)

also relied on morphological features to predict unknown ambiguity classes.

The same approach should work with the Lex-HMM, moving the morphologi-

cal model from the emission distribution to the lexicon model. This would syn-
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ergize well with the mixed sampler approach, keeping the morphology model

separate from the local sampler.

Another aspect of the parts of speech is their general separation into closed

and open classes (Haspelmath, 2001). Most parts of speech are closed, mean-

ing that only a small, finite set of words can be assigned to each. On the

other hand, a few parts of speech are assigned to many different words, with

new words constantly added over time. The PYP prior on ambiguity class

generation only models the tendency for whole ambiguity classes to experience

a power-law distribution over word-types, not the individual tags themselves.

Rather than the simple geometric distribution, the base distribution of the

ambiguity class model could represent this tendency for tags to be divided

between a few large clusters and several smaller ones. For example, if the

each tag were added independently according to a Bernoulli distribution with

a beta prior, then the ambiguity classes would tend to have common (open)

tags and would rarely have uncommon (closed) tags.

Such improvements to the lexicon model would translate to better predic-

tions with a semi-supervised lexicon. Toutanova and Johnson (2008) found

that modelling ambiguity classes improved semi-supervised part-of-speech dis-

ambiguation. Furthermore, Hasan and Ng (2009) used graphical methods to

predict ambiguity classes from a small supervised lexicon, bootstrapping part-

of-speech tagging for low-resource languages. Combining Particle Gibbs with

hierarchical non-parametric priors to create a strong model of lexicon genera-

tion should produce similar results.

Beyond the unsupervised part-of-speech induction, the results of this thesis

suggest that particle methods can be applied to a variety of problems in NLP.

Others have implemented particle filters in online contexts, leveraging their

sequential nature (Canini et al., 2009, Borschinger and Johnson, 2011). Ad-
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ditionally, the non-local correlations found in the PYP-HMM and Lex-HMM

occur in many hierarchical non-parametric models. This thesis has shown that

particle filters are especially well-suited to inference with such models.

To extend these results to other applications, first note that the particle

filtering approach itself is applicable outside of the Particle Gibbs algorithm.

For example, the weighted average of some function over all particles is an un-

biased approximation of the expected value of that function. This can be used

in many applications, supervised and unsupervised, that require the calcula-

tion of expected value. Additionally, many algorithms, like Gibbs samplers,

are often dependent on their initialisation, with results varying depending on

the quality of the initial values. Particle filters do not require initialisation,

and are therefore good choices for generating the initial iteration for other

algorithms.

On the other hand, many applications can take advantage of the contin-

uing advances to the basic Particle Gibbs algorithm presented in this thesis.

While the Particle Gibbs sampler is very powerful, it wastes a large amount of

computational power generating many particles but ignoring all but one. Since

the development of the Particle Gibbs algorithm, much research has focused

on reducing the number of particles that need to be generated each itera-

tion by leveraging previous iterations’ particles or maximizing the information

from the current iteration’s particles. One such approach particle filters back-

ward over the generated particles, increasing the diversity of the final selection

(Lindsten and Schon, 2012). Another, called Ancestor Sampling, resamples

previously generated particles in the new iteration, so that the same particles

do not have to be sampled each iteration (Lindsten et al., 2014).

The Particle Gibbs algorithm can also be applied to any other problem

with long-range correlations. Dependency parsing often depends on decisions
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made by the parser much earlier in the sentence. Word alignment models in

bilingual parallel corpora generally assume that a word is commonly aligned to

the same word it has been aligned to in other sentences, similar to the tendency

of words to be assigned the same tag in PoS induction. Another potential

application is reference resolution, where a pronoun’s antecedent might be in a

different sentence. Any application where variables are dependent on non-local

information might benefit from Particle Gibbs sampling.

Furthermore, many NLP applications are strongly connected to each other,

but approached independently for practical reasons. For example, part-of-

speech tagging is closely related to morphological analysis of words and gram-

matical analysis of sentences. This suggests that they might benefit from joint

modelling, allowing knowledge from one aspect of the model to inform an-

other, like knowing if the word ”to” is linked to a verb or a noun to determine

if it marks an infinitive or a preposition. Christodoulopoulos (2013) imple-

ments an iterative framework where morphological analysis and part of speech

tagging are each used to improve the other. This idea is similar to the ap-

proach of this thesis to jointly model the lexicon and the assignment of parts

of speech. Bohnet et al. (2013) shows that jointly performing morphological

analysis, part-of-speech tagging, and dependency parsing leads to improve-

ments in morphologically rich languages. Particle filtering over such a joint

model would allow the propagation of uncertainty until it can be resolved.
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