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Lexical semantics studies the meaning of words, which is a useful tool for computer-based

automatic natural language processing (NLP). This thesis explores graph-based algorithms

to learn and apply distributional lexical semantics in NLP applications. One theory of lexical

semanticists holds that semantic relations among words can be extracted from their textual

context in natural languages. Based on this theory, we propose using graphs to represent

natural language text according to the contextual relations of words in higher-level language

units (e.g. sentences, definitions or documents). In these graphs, words and/or higher-level

language units are represented with nodes, and edges are added between them according to

their textual context to indicate their observed relatedness in a dictionary or a collection

of documents. We explore two types of graph representations: the word-word graph which

is used for modeling the semantic relations among words, and the instance-word bipartite

graph which uses words as a medium to study the relatedness among higher-level language

units. In this way, we can embed the semantic relations among words and optionally higher-

level language units into the graph structure. We design algorithms to propagate semantic

information through the graphs in order to recover the unobserved relatedness among words

or higher-level language units, which is used in designing unsupervised, semi-supervised or

active learning algorithms to reduce human supervision in NLP applications for harvesting

or analyzing text data resources. Specifically, we design graph-based algorithms either for

quantitatively assessing lexical semantic similarity, or for developing representativeness and





diversity criteria for selecting a characteristic subset of terms, which is useful for problems

such as keyword summarization and query design for active learning. In particular, we focus

on designing graph-based algorithms to apply lexical semantics in three NLP applications,

including Wiktionary lexical semantic similarity extraction, Twitter user interest extraction,

and active learning for semantic orientation classification.
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Chapter 1

INTRODUCTION

Thanks to the rapid development of the internet and the online service industry, espe-

cially the emergence of web 2.0, there is a huge amount of user-generated text data on the

internet, ranging from blogs, tweets, user reviews to wiki websites. Using computer-based

automatic natural language processing (NLP) techniques to analyze these data can be very

helpful for various commercial applications, such as improving information retrieval services,

evaluating consumer feedback, or discovering user interests and preferences for targeted ser-

vices or advertising. Lexical semantics, which studies the meaning of words [60], is a useful

tool in related NLP techniques for these applications. Different from the techniques that

work with the lexical form of words, lexical semantics looks beyond the “surface” of a word

and explores the concepts and other semantic characteristics behind it, and thus enables

deeper analysis of natural language text. Currently, lexical semantics is being applied in

a wide range of NLP applications, such as paraphrase identification and generation [19],

document summarization [62, 73], query expansion [118, 34, 61], information extraction

[88, 16], and opinion mining [36].

The huge amount of text data on the internet poses both opportunities and challenges for

applying lexical semantics in NLP tasks. On one hand, wiki websites such as wikipedia and

wiktionary that are collaboratively edited by internet volunteers provide new resources to

extract lexical semantic information, which enjoy larger coverage and more instant updates

than traditional expert-edited linguistic resources. On the other hand, analyzing the huge

amount of data demands efficient algorithms and requires minimizing human labor needed

to annotate the data.

To tackle these challenges, this work focuses on the study of graph-based algorithms

in a data driven approach to use lexical semantics for NLP applications. We propose to

use graphs to represent natural language corpora and design graph-based algorithms to
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extract, summarize or query semantic information in natural language text for specific NLP

applications. The graph representations enable us to explore the relatedness among words

and higher-level language units (sentences or documents), which is convenient to develop

unsupervised, semi-supervised or active learning algorithms that can help to reduce human

supervision in NLP applications. In addition, the graph-based algorithms explored in this

work require relatively simple computation and can be extended to parallel computation

for scaling up on huge data sets.

In the proposed graph representation framework, words and/or higher-level language

units are represented with nodes, and edges are added between them according to their tex-

tual context to indicate their observed relatedness. We view each node in the graph as both

a source and a receiver of semantic information, and design algorithms to propagate seman-

tic information through the graph to recover the unobserved relatedness between words or

higher-level language units. This relatedness is either used for quantitatively extracting se-

mantic similarity between words, or for developing representativeness and diversity criteria

for selecting a characteristic subset of terms, which is useful for problems such as keyword

summarization and query design for active learning.

This work focuses the study of lexical semantics and graph algorithms on three NLP

applications, includingWiktionary semantic similarity extraction, Twitter user interest sum-

marization, and active learning for semantic orientation classification.

1.1 Semantic Concepts and Semantic Orientation

In lexical semantics, the meaning of words covers many loosely defined “dimensions” in

linguistics [49, 60], this dissertation focuses on two of them that are closely related to natural

language processing applications: semantic concepts and semantic orientation. Lexical

semantic concepts refer to the cognitive concepts a word expresses, for instance “slim”,

“thin”, and “skinny” all express the concept of “not well fleshed.” In linguistics, semantic

concepts can be characterized in terms of semantic fields, which is defined as a group of

words closely related in meaning [49]. In the above example, “skinny”, “thin”, and “slim”

can be grouped into the same semantic field. The semantic conceptual overlap of two words

can be evaluated by semantic similarity, which have important applications in paraphrase
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Figure 1.1: Three natural language processing applications to be studied in this dissertation

identification, generation, and text summarization. On the other hand, lexical semantic

orientation refers to the sentiment associated with the words, which indicates the direction

the word deviates from its semantic field [36] and constrains the word’s usage in language

due to its evaluative characteristics [7]. Taking the above example, “thin” is a neutral

description, but “slim” has a positive sentiment associated with it, while “skinny” usually

contains a negative sentiment. Although the three words belong to the same semantic

field, and are nearly synonymous, yet they range from positive to negative in the semantic

orientation dimension. Lexical semantic orientation is important for text sentiment analysis

and opinion mining.

For the three NLP applications explored in this work, Wiktionary semantic similarity

extraction and Twitter user interest summarization are in the domain of lexical semantic

concepts, and active learning for semantic orientation classification is focused on the lexical

semantic orientation (Figure 1.1).
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1.2 Main Contributions

The goal of this work is to develop new models for graph-based algorithms to study and

apply lexical semantics in NLP applications, including Wiktionary semantic similarity ex-

traction, Twitter user interest summarization, and active learning for semantic orientation

classification.

Cruse claims that semantic relations among words can be extracted from the context in

natural languages [20]. Based on this theory, we apply traditional graph representations of

a dictionary and text corpora to natural language text for NLP applications:

• For lexical semantic similarity extraction, we propose two homogenous graph repre-

sentations of Wiktionary (directed and undirected WikNet) based on its word sense

definitions. We also prove that the graph properties of both types of WikNet conform

with that of a ‘small world network’ [121].

• For Twitter user interest summarization, we introduce a homogenous graph represen-

tation of user’s tweets based on a combination of words/phrases semantic similarity

and contextual co-occurrence.

• For active learning for semantic orientation classification, we use a bipartite graph to

represent the relation between words in product and movie reviews, leveraging words

as a medium for propagating semantic orientation information among the reviews.

We propose using graph algorithms to model the way semantic information is propa-

gated through words and higher-level language units in natural language text to recover

the unobserved relatedness between them for extracting, summarizing or querying semantic

information. In particular, the recovered relatedness is used in NLP applications either for

extracting semantic similarity, or for integrating representativeness and diversity criteria in

summarization results or active learning queries.

For Wiktionary lexical semantic similarity extraction, we extend algorithms for social

network link predictions to evaluate lexical semantic similarity in WikNet. We also de-

velop a new semantic similarity measure from WikNet based on the traditional Jaccard
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coefficient, which has the advantages of being able to model the semantic information prop-

agated between mutually linked nodes in WikNet and incorporate synonym information in

Wiktionary. The effectiveness of the new WikNet-based measure is demonstrated on three

human-rated lexical semantic similarity datasets and two NLP tasks, including paraphrase

detection and forum alignment identification.

For Twitter user interest summarization and active learning for semantic orientation

classification, we introduce graph-based algorithms that combine random walk algorithms

[12, 131] and graph-cut algorithms [55] for summarization or active learning, which have

the advantage of taking both the representativeness and diversity criteria into account in

the summarization results or active learning queries.

For Twitter user interest summarization, we develop a summarization system that com-

bines PageRank [12] and maximum graph-cut [55] algorithms to extract key words or phrases

from the user’s tweets to summarize his/her interests. This system achieves high precision

on the summarization results.

For active learning for semantic orientation classification, we propose a graph-based

active learning framework that is convenient for both query design and graph-based semi-

supervised learning. Based on this framework, we introduce two new active learning query

strategies that outperforms the standard active learning baseline on the semantic orientation

classification task.

1.3 Dissertation Outline

The remainder of this dissertation is organized as follows:

Chapter 2 gives a brief introduction to the lexical semantic theory which establishes the

context of this work and provides us the foundation of our proposed graph representation for

natural languages. We also give a brief overview of graph-based algorithms in the literature,

and discuss their advantages and limitations in applications.

Chapter 3 presents our work on extracting lexical semantic similarity from Wiktionary.

It begins with a background introduction of related work on lexical semantic similarity ex-

traction. We then introduce the proposed graph representation for Wiktionary (WikNet)

and the study of its graphic properties. Then we propose a series of WikNet-based lexical
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semantic similarity measures. We compare their performance together with WordNet-based

measures on human rated lexical semantic similarity datasets, followed by further compar-

isons in the paraphrase detection and alignment identification tasks.

Chapter 4 presents our work on Twitter user interest summarization. We first give a

brief background introduction, including a literature review of keyword extraction work on

general text genres and related work on natural language processing over Twitter corpora.

Then we present the architecture of our Twitter user interest summarization system, to-

gether with the proposed graph representation and summarizing algorithms, followed by

experimental results.

Chapter 5 presents our work on graph-based active learning framework for semantic

orientation classification. It begins with a background introduction of related works in active

learning and semantic orientation classification. Then we introduce the proposed active

learning framework based on a bipartite graph representation, followed by the presentation

of two new graph-based active learning query strategies. We give the experimental results

of the proposed graph-based query strategies comparing with other commonly used active

learning baseline strategies on the movie and product review corpora.

Chapter 6 summarizes our work in this dissertation and discusses directions of future

work.
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Chapter 2

BACKGROUND

In this chapter, we first give a brief overview of some of the necessary background mod-

els of lexical semantics, followed by a brief introduction to the motivation of our proposed

graph-representations in NLP applications. Then an literature review of graph-based algo-

rithms is presented, together with a discussions of their advantages and limitations. Finally,

we introduce some practical issues that need to be accounted for in NLP applications. In-

troduction to prior work in task-specific computational methods of lexical semantics will be

given in later chapters on applications of lexical semantics for the respective NLP tasks.

2.1 Lexical Semantics

2.1.1 Overview of Studies in Lexical Semantic Theory

As defined by Pustejovsky, lexical semantics “is a study of how and what the words of a

language denote” [90]. Specifically, it covers the classification, decomposition and repre-

sentation of the meaning of words, as well as the relation between word meaning and the

meaning and structure of higher level language units in natural languages, such as sentence

meaning and syntax [40]. It not only touches the structure and function of languages, but

also involves psychology, philosophy and cognitive science. This work will focus on two as-

pects of lexical semantics: the semantic sense and semantic sentiment. We will study graph

representations and algorithms for applying lexical semantics in computer-based automatic

NLP applications. Though we will not work on the linguistic theory side of lexical seman-

tics, here we present a brief overview of some of the important theoretical frameworks of

lexical semantics in linguistics to give the readers a complete picture of lexical semantics.

One focus of lexical semantics is to explore the nature of the meaning of words. Cruse

[20] and other researchers in this area believe that the meaning of words can be expressed by

other words, thus studies on the relationship between words becomes one of the central parts



8

of lexical semantics. One way to study the relationship between words is through lexical

relations in a language, which is defined as patterns of association between words, such as

synonymy, antonyms, hyponymy and hypernymy. Lexical relations can be derived from four

basic congruence relations, including identity, inclusion, overlap and disjunction. Structural

semantics studies the relationship between words with the theory of semantic fields [60].

Lehrer [49] defines semantic field to be a group of words closely related in meaning, often

subsumed under a general term. Studies in this area explore properties of semantic fields,

and use them to suggest lexical strategies for selecting words, stretching word meanings,

and interpreting unusual sentences. Researchers of structural semantics also believe the

vocabulary of a language can be structured hierarchically in terms of hyponymy under

several different roots [60]. One further step from this is to organize the vocabulary of a

language into a taxonomy (an acyclic directed graph) based on the hyponymy and synonymy

relations between words [20]. The meaning of a word can thus be viewed as being expressed

through its relations with other words in the taxonomy. A typical example is WordNet [29],

a widely used lexical semantic database edited by linguistic experts. In WordNet, nouns,

verbs, adjectives and adverbs are grouped into sets of synonyms (synsets), each expressing

a distinct concept, and synsets are interlinked by means of conceptual-semantic and lexical

relations. Our work on Wiktionary semantic similarity extraction is related to the work

on WordNet, but instead of using the expert-edited taxonomy, we extract lexical semantic

information from the crowd-edited Wiktionary sense definitions.

Lexical semantics also studies the relationship between words and other lexical units

in languages. For instance, Everaert [40] studies how idioms are lexically represented in a

generative theory. Stubbs [106] explores the meaning of words within the context of phrases

and the way words are used in predictable combinations in phrases. Our work does not

study the relationship between words and other lexical units in linguistic theories, but we

will use the contextual relation of words and higher-level language units (e.g. sentences or

documents) to design the graph representations of natural language text.

Another important subfield of lexical semantics is focused on the relationship between

lexical semantics and syntax. Grimshaw and Williams [89] explore the interaction between

nominalization (the use of a verb, an adjective, or an adverb as the head of a noun phrase)



9

and the character of PP complements to nominals. Ingria and George [89] examine the

mapping from surface syntactic constituents to semantic arguments. Dalrymple et.al. [22]

work on using a deductive approach to the syntax-semantics interface by integrating log-

ical deduction for semantic composition and the lexical functional grammar for analyzing

linguistic structures. Our work does not consider the relation of syntax and semantics,

focusing instead on extracting or analyzing lexical sense and sentiment.

Computational research in semantics [3, 45] may involve combining the semantic informa-

tion of words to determine the meaning of a sentence or larger language unit. Alternatively,

it may involve shallow word-level analysis to determine the sense or role of individual words

for applications such as translation, paraphrasing or sentiment classification. The emphasis

of this thesis is on the latter, where we focus on paraphrasing and sentiment classification

applications. There are different approaches to representing lexical semantics, including use

of word context statistics in general or in terms of a “frame” that includes human specified

categories (e.g., arguments a verb can do). Our work concentrates on the general context

statistics.

2.1.2 Lexical Semantics and Vector Representation

A widely used computational strategy for lexical semantics is through vector representa-

tion. This strategy uses a data-driven approach to extract the co-occurrence statistics from

the natural language text and represent them with a vector. One approach extracts vec-

tor representation of lexical semantics from word distribution in a set of documents. For

instance, latent semantic analysis [28] starts with a word-document matrix which describes

word occurrence in documents, and applies singular value decomposition to find its low-

rank approximation, where the concept vector of a word is produced by extracting a linear

combination of the ‘concept bases’ in the low-rank space. Probabilistic latent semantic

analysis [37] adopts a statistical technique and uses the probabilistic distribution of a word

across a set of documents as its vector representation. Another approach extracts vector

representation of a word using other words that co-occurs with some window of the target

word in natural language context. Context vector [99] (a.k.a. the first order context vector)
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constructs a word’s vector representation by accumulating the co-occurrence frequency of a

set of pivot words with it in context windows through a text corpus. The second order con-

text vector [85] is also proposed by accumulating the first order context vectors according

to the word gloss in a dictionary.

Vector representation of lexical semantics is not a focus of this work, but it is similar to

our approach in the use of co-occurrence statistics. Therefore some of the related algorithms

will be compared with or incorporated into the graph representations of lexical semantics

proposed in our work. A key difference in our approach is the representation of dependencies

between words through the graph.

2.1.3 Lexical Semantics and Graph Representation

In this section, we introduce two graph structures motivated by the contextual relation

model in lexical semantics. From the linguistic perspective, words are basic units in natural

languages to convey semantic information, which are combined to form the semantics of

higher-level language units such as sentences or documents. The way the semantic infor-

mation is passed among words and higher-level language units provides the foundation of

using graphs to represent natural language and study lexical semantics. According to Cruse

[20], an extremely useful model of the meaning of a word is to view it as being made up,

at least in part, of the meaning of other words. Cruse believes that such semantic relations

among words can be extracted from their textual context in natural languages. There are

two types of context we are going to explore in this work to help construct the graph rep-

resentations for studying lexical semantics. One type of context is word sense definitions

in dictionaries, where the meaning of a word is explained by other words in its gloss. The

other type of context is the higher-level language units where the word occurs, words in

the same sentence or document share common semantic information, thus the meaning of

a word can be constituted by these contextual relations.

Cruse’s model provides a motivation to utilize the dictionary gloss or word co-occurrence

relations among higher-level language units to design the graph representation of text cor-

pora for exploring semantic information in natural languages.
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Figure 2.1: Word-word graph representation

One strategy is using a word-word graph representation, where each node represents a

word, and an edge is added between two words if there is a contextual relation observed.

For example, the edge could be used when one word appears in the dictionary gloss of the

other, or if they co-exist in a higher-level language unit in the corpus (Figure 2.1). This

graph representation provides us a way to explore the similarity or relatedness between

words through their contextual relation in natural languages.

Alternatively, we can introduce higher-level units in the graph to construct a word-

sentence or word-document bipartite graph representation. In this bipartite graph, the left

side nodes represent sentences or documents, the right side nodes represent words, if one

word appears in a sentence or document, an edge is added between them as in Figure 2.2.

The bipartite graph representation enables us to use words as a medium to explore the

relatedness between higher-level language units in natural languages.

Details on applying these two types of graph representations will be studied in later

chapters on specific NLP tasks.

Two types of graphs, divided by the directional property of their edges, will be used

in this work. One is the directed graph, in which the edges are directional pairs between

two nodes: an edge (a, b) is considered to be directed from node a to node b, a is called

b’s predecessor, and b is said to be a’s successor, as shown in Figure 2.3a. The other is
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Figure 2.2: Bipartite graph representation

(a) directed graph (b) undirected graph

Figure 2.3: Two types of graphs divided by directional property of edges
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the undirected graph, where the edges have no orientation. Edges in an undirected graph

are unordered pairs, edge (a, b) is identical to edge (b, a), a and b are called each other’s

neighbor, as shown in Figure 2.3b. From the perspective of information propagation, in

directed graphs, the information can be viewed as flowing along the edge directions, i.e. for

edge (a, b), the information is propagated from node a to node b; there is no information

being propagated from node b to node a unless there is a reverse edge (b, a) in the graph. In

undirected graphs, we can view the information as being propagated along both directions

of an edge.

2.2 Review of Graph Algorithms

In this section, we provide an overview of typical graph-based algorithms in the machine

learning area, and give a brief analysis of these algorithms from the perspective of infor-

mation propagation through the graphs, followed by a discussion of their advantages and

limitations. The graph-based algorithms can generally been divided into three groups:

neighborhood-based algorithms, random walk algorithms and the maximum graph-cut al-

gorithm.

2.2.1 Neighborhood-based Algorithms

Neighborhood-based graph algorithms are typically used to assess the relation between

nodes in their graphs, they are widely applied in friend recommendations for social network

services [75]. Neighborhood based graph algorithms assume the characteristics of a node

can be expressed through its neighbors, and thus the overlap of two nodes’ neighbors can be

used to evaluate the relatedness between them. A few commonly used neighborhood-based

graph algorithms are described briefly here.

Common-neighbors

Common-neighbors [75] counts the number of shared neighbors between two nodes i and j

to evaluate their similarity. For the undirected WikNet. It is defined as

simCN (i, j) = |Γ(i) ∩ Γ(j)| (2.1)
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where Γ(i) is the neighbor set of node i.

Adam-Adar

Adamic and Adar [1] proposed a metric to evaluate the similarity between two nodes within

a social network by counting their common neighbors weighted by the neighbor’s frequency.

It can be seen as a refined version of the common-neighbors by assigning larger weights to

rare neighbors, which is defined as

simAA(i, j) =
∑

k∈Γ(i)∩Γ(j)

1

log |freq(k)|
(2.2)

where Γ(i) is the neighbor set of node i, and freq(k) is the degree of node k.

Jaccard Coefficient

Another extended version of common-neighbors is the Jaccard coefficient [97], which is

commonly used in information retrieval. Jaccard coefficient was originally proposed to

measure the similarity between two web pages. For evaluating the similarity between two

nodes i and j in a graph, it counts the number of neighbors that both nodes have over the

number of neighbors that either of them has,

simJC(i, j) =
|Γ(i) ∩ Γ(j)|
|Γ(i) ∪ Γ(j)|

(2.3)

where Γ(i) is the neighbor set of node i.

We can view the neighborhood-based graph algorithms as performing a 1-step informa-

tion propagation from a node to its close neighbors, the overlap of two nodes’ neighbors are

thus the overlap of the information being propagated from them. Naturally, one can extend

this information propagation to n-steps.

2.2.2 Random Walk Algorithms

This group of algorithms are based on a random walk model over the graph, and they

propagate rank value or class distribution through a random walk for either ranking or clas-

sification tasks. Typical algorithms in this group include PageRank and label propagation.
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PageRank

PageRank [12] is originally proposed for ranking web pages in information retrieval tasks.

According to PageRank, the linking relations of webpages can be represented with a directed

graph, in which each web page is represented with a node, and an directed edge is added

between two nodes if one links to the other. Each node i has a rank value R
(n)
i which will

be updated iteratively according to the following equation,

R
(n)
i = (1− d) ∗R(0)

i + d
∑

j∈Γ(i)

wji∑
k∈Γ(j)wjk

R
(n−1)
j (2.4)

where wji is the edge weight between node j and i, Γ(i) is the node i’s predecessor set, and

d is a damping factor that is usually set to 0.85 [12]. R
(0)
i is the initial rank value, which is

set to be 1 for all nodes. This iteration continues until convergence.

We can view the PageRank iteration as a random walk among the graph nodes: at each

node j, it has has a probability of (1 − d) to stay in the same node, and a probability of

d
wji∑

k∈Γ(j) wjk
to walk into its successor node i. When the PageRank iteration converges, the

normalized rank value for each node is the probability of the random walk arriving at that

node.

Label Propagation

Label propagation [136, 131] is proposed as a semi-supervised learning algorithm for classi-

fication tasks. According to this algorithm, a graph is constructed to represent the corpus.

In this graph, each node represents a data sample in the corpus, weighted edges are added

between nearest neighboring nodes according to a closeness measure between data samples.

Each node has a label distribution for the corresponding sample, which will be updated

iteratively in the label propagation process. In Zhu’s paper [136] the label distribution for

each node is updated as follows,

F
(n)
i = (1− α)F (0) + α

∑
j∈Γ(i)

wji∑
k∈Γ(j)wki

F
(n−1)
j (2.5)

where F
(n)
i is node i’s label distribution in the n-th iteration, F

(0)
i is node i’s initial label

distribution, Γ(i) is node i’s neighbor set, and α is a factor selected in (0, 1). The update
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process continues until F
(n)
i converges.

It can be seen that the updating function for label propagation is quite similar to that

for PageRank, except that the rank value is replaced with a label distribution. We can view

the label propagation process as a random walk of labels, where in each iteration the label

of node i has a (1−α) probability to keep as its initial label, and a α
wji∑

k∈Γ(j) wki
probability

to take the label from its neighbors.

Both the PageRank and label propagation can been seen as performing a ∞-step infor-

mation propagation from a node to its neighbors.

2.2.3 Maximum Graph-cut Algorithms

Maximum graph-cut algorithms split one graph into two subgraphs with the maximum cut.

A widely used branch of the maximum graph-cut algorithms, which will be discussed in

more details in this work, selects one subgraph with a fixed size N .

argmax
S

∑
i∈S,j /∈S

wij (2.6)

s.t.|S| = N

where S is the N -size subgraph to be cut. Equation 2.6 is a submodular function, and its

maximization can be solved with a greedy algorithm for a near-optimum solution [54]. This

process can be viewed as selecting an N -sized node set that is the most closely related to

the rest of nodes in the graph.

The maximum graph-cut based algorithms can also be viewed as a 1-step information

propagation process. Different from the neighborhood-based or random walk algorithms

where the source of information propagation are each individual node that propagates in-

formation to all the other nodes, the source of information propagation in maximum graph-

cut algorithms is a node set in the selected subgraph, which only propagates information

to nodes outside this set. Its advantage is to take into account the diversity criterion in

addition to representative criterion when selecting the N -sized node set. It only counts

the information propagated between the selected node set and its complement set in the

graph, while disregarding the information propagated among nodes in the selected set to
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avoid redundancy. This advantage makes it suitable for applications such as extraction or

summarization [54, 55].

To compare the advantages and limitations of the above graph-based algorithms, and

discuss their suitable scenarios to apply, we summarize their properties in Table 2.1.

2.3 Some Practical Issues in NLP

In this section, we present some practical issues that need to be accounted for in NLP appli-

cations that impact graph construction, including morphological variations and stopwords.

2.3.1 Morphological Variations

In many languages, words have morphological variations in different tense, plurality, or

gender, etc. For example, in English, the word “begin” has “begins”, “began”, “begun” as

its morphological variations in different tenses. In morphology, “begin” is called the lemma

of this group of morphologic variations, also known as the canonical form, dictionary form

or citation form; “begin”, “begins”, “began” and “begun” are called the surface forms of

the lemma, which are the forms that appear in natural language text. Depending on specific

NLP applications, words may need to be reduced from their surface forms to the lemma in

order to reduce data sparsity. One way to achieve this is to use a morphological dictionary,

which is a linguistic resource that contains the correspondences between surface forms and

their lemma.

2.3.2 Stopwords

Stopwords are a group of words that need to be filtered out during the preprocessing of

natural language data in some NLP applications in order to improve the performance. For

example, in information retrieval and text classification, stopwords should be removed before

putting the text to the training or classification stage.

A stopword set generally contains function words, such as “the”, “a”, “is”, “on”, “what”,

etc. Depending on specific applications, it may also include the most frequent content

words, such as “want” and “need”. Different NLP applications generally have different sets
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of stopwords tailored for the specific tasks.
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Chapter 3

WIKTIONARY LEXICAL SEMANTIC SIMILARITY EXTRACTION

In this chapter, we use a collaboratively edited on-line resource, Wiktionary

(http://www.wiktionary.org/) as a source of lexical context to develop a new lexical

semantic similarity measure. Lexical semantic similarity is a measure for evaluating the

likeliness of the meaning (semantic concepts) of two given words, which can be interpreted as

the question “how similar is word A to word B”. Semantic similarity has many applications

in natural language processing. For example, it can be employed in textual entailment,

paraphrase identification for multi-document summarization, and paraphrase generation for

text simplification. We propose graph representations of Wiktionary, and develop algorithms

to extract lexical semantic similarity from the graph structure, and study their applications

in two NLP tasks: paraphrase identification in news articles, and alignment identification

in web forum discussions.

In Wiktionary, or any other dictionary, each word is explained by other words in the

definitions for each of its senses, which we shall refer to as “word sense definitions.” The

referring relationship among words in sense definitions indicate a closeness in semantic

concepts organized in an underlying graph: if we treat each word as a node, and add an

edge between two words if one appears in any of the sense definitions of the other, then we

can build a word closeness graph from Wiktionary, which is named WikNet in this thesis.1

In other words, the semantic concepts of a word can be defined by the graphic structure of

WikNet.

In social network studies, a widely accepted belief is that a person can be defined by

his/her relationship with other people, similarity measures that estimate the closeness of two

people can therefore be derived from the graph structure of social networks by propagating

1We use word nodes rather than sense nodes in order to reduce the size of the graph and because our
applications do not require word sense disambiguation.
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“friendship” through the social network. The analogy between WikNet and social networks

inspires us to view each word in WikNet as a “person”, and edges among words as “friend

relationships”. We can treat WikNet as a “social network” for words, since we show that

it is a “small word graph” – a key property shared by social networks. Algorithms for

evaluating the closeness of two people in social networks [80] can be borrowed to evaluate

the semantic similarity of two words in WikNet. Instead of propagating “friendships”, we

use these algorithms to propagate semantic concept information through WikNet to assess

the semantic similarity between words. These algorithms can also be enhanced by additional

lexicon information in Wiktionary, such as the synonym lists. The main contributions of

this chapter include: 1) we develop a new lexical semantic similarity measure that integrates

an n-step semantic information propagation with Wiktionary synonym information; and 2)

we demonstrate the proposed similarity measure’s competitiveness on human-rated lexical

semantic similarity datasets and two NLP applications.

The rest of this chapter is organized as follows: in Section 2, we give a brief introduction

to related work in lexical semantic similarity extraction. In Section 3, we provide details

on WikNet construction and give an analysis of its graphical properties. Section 4 intro-

duces a series of WikNet-based lexical semantic similarity measures. Section 5 presents

the experimental results and analysis of evaluating the proposed measures on human-rated

lexical semantic similarity datasets. In Section 6 we apply the proposed lexical seman-

tic similarity measures on a paraphrase identification task, and a forum discussion implicit

alignment identification task. Finally, Section 7 summarizes the main findings and potential

extensions.

3.1 Background

A related concept to semantic similarity is semantic relatedness, which is a measure of

the relatedness of words, and thus is a broader concept than semantic similarity. It can

be interpreted as “how much does word A have to do with word B”. For instance, “bird”

and “chicken”, “car” and “vehicle” are semantically similar; while word pairs as “chicken”

and “egg”, “car” and “traffic” are not semantically similar, but are semantically related.

Semantic relatedness can be used in tasks as word sense disambiguation and knowledge
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based query expansion. Due to the close relation between semantic similarity and semantic

relatedness, we will also include the latter in the background introduction.

Much of the previous work on computing word semantic similarity mainly focuses on

extracting measures from the expert-edited structured resource – the WordNet [29]. A

directed acyclic graph, the word sense taxonomy, can be built according to the synset,

hypernym and hyponym relations defined in WordNet, in which nodes represent word sense

synsets, and edges are added to link nodes with the hypernym-hyponym relation. Semantic

similarity measures derived from this hierarchical structure can generally be divided into two

groups, the path based measures and the information content based measures. For path

based measures, Leacock and Chodorow [48] create a word semantic similarity measure

based on the shortest path between word senses; Wu and Palmer [123] design a measure

based on the depth of word senses and their least common subsumer (LCS); Yang and Powers

[124] use weighted path counts between two words to assess their semantic similarity; and

Alvarez and Lim [4] combine shortest path length, depth of LCS and WordNet gloss as

the word semantic similarity measure. For information content based measures, Resnik [92]

uses information content of the LCS as the measure. Jiang and Conrath [43] and Lin [53]

improve Resnik’s measure by evaluating the information content difference between the two

word senses and their LCS. Other related work includes Hughes and Ramage [41], which

builds the graph with richer semantic information in addition to the hypernym/hyponym

relationship extracted from WordNet, and performs a random walk to assess word semantic

relatedness.

The advantage of WordNet is its word sense taxonomy, which facilitates the definition

of varies semantic similarity measures. But building and updating such a taxonomy by

linguistic experts is expensive and time consuming. Recent work explores the use of on-line

resources built by collaborative efforts, such as Wikipedia (http://www.wikipedia.org/)

and its lexical counterpart Wiktionary. Ponzetto and Strube [87], Strube and Ponzetto [105],

Zesch et al. [127] build a taxonomy from Wikipedia category labels, and apply the above

semantic similarity measures originally designed for WordNet on the generated Wikipedia

taxonomy; Yeh et al. [125] build a graph according to wikipedia page link relations and

apply the random walk as proposed in [41] to extract semantic relatedness. Zesch et al. [128]
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evaluate semantic relatedness by applying a concept vector based measure on Wiktionary

pages.

Words in Wiktionary have yet to be organized into a taxonomy2, which forces us to tackle

the problem in a different way than the traditional taxonomy based semantic similarity

measures designed for WordNet.

3.2 WikNet: Graph Representation of Wiktionary

3.2.1 Wiktionary

Wiktionary is a multilingual free dictionary that is written collaboratively by volunteers

around the world. Since it can be edited freely, it enjoys more frequent updates and thus

has broader coverage than WordNet, especially for newly invented words and word senses,

such as iPhone and tweet (as an entry published on the microblog service). As of roughly

April 2010, the English Wiktionary contained around 177k words and phrases, which exceeds

the size of the latest WordNet version (v3.0) with 150k words and phrases. In addition,

versions of Wiktionary exist for many languages, 18 of which contain more than 100k entries,

so the semantic similarity measure we derived from the English Wiktionary can easily be

extended to other languages, though the success will likely depend on how developed the

resource is for that language. Compared with Wikipedia which mainly consists of nouns

and proper nouns, Wiktionary has much better coverage on verbs, adjectives and adverbs,

which makes it more suitable for tasks as paraphrase identification and generation.

On a typical Wiktionary entry page, there are pronunciations, part-of-speech (POS)

and corresponding sense definitions of the word. Some of the word entries also contain

other lexicon information as etymology, synonyms, antonyms, anagrams, related terms and

derived terms, etc. Figure 3.1 shows an example English Wiktionary page for the word

”rooster”.

2Though Wiktionary has Wikisaurus as its subproject to build the taxonomy, it is still at an embryo
stage, containing only around 1,258 entries by June 2012.



24

Figure 3.1: The English part of word “rooster” on the Wiktionary page
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Figure 3.2: Part of the directed WikNet with words “boy” and “lad”.

3.2.2 WikNet

We construct the WikNet according to word sense definitions in English Wiktionary. In

our work, each lexical content word (noun, verb, adjective and adverb) in the English

Wiktionary is represented by one node in WikNet. The WikNet graph can be built as

either directed or undirected. For the directed WikNet, if word j appears in any of the

sense definitions of word i, one directed edge i → j is added, which represents “word i

refers to word j” to explain its semantic meaning. Figure 3.2 shows part of the directed

WikNet with words ”boy” and ”lad” as an example. For the undirected WikNet setting,

we use the same approach to construct the WikNet graph except replacing directed edges

with undirected edges. The edges are unweighted.

There are several issues we need to deal with when building the WikNet.

Map morphological variations to base forms

To avoid an overly large graph size and sparse links, we only add words in base forms to

WikNet. Correspondingly, we need to map morphological variations in word sense defini-

tions to their base forms when constructing the WikNet. In Wiktionary, a morphological

variation entry has a link to its base form entry together with a tag labeling the morpholog-

ical variation type. We use these morphological variation entries in Wiktionary to extract a
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morphological form to base form map, which contains 119k map entries. We use this map

to convert morphological variations in word sense definitions into their base forms.

Remove atypical word senses

Most word entries in Wiktionary contain more than one sense definitions, some of the sense

definitions are rarely used, either because it is an archaic usage or only used in certain

dialect. Adding these rarely used sense definitions to the WikNet may mislead the semantic

similarity measures. We collect the sense context tags in Wiktionary, and manually picked

39 sense context tags, such as “rare”, “obsolete”, “dialect”, “Jamaican English”, to form

an excluded sense context tag list. When we building the WikNet, sense definitions with

these atypical context tags are ignored.

Remove stopwords

In Wiktionary, there are some words that appear in most of the word sense definitions;

adding them to WikNet will lead to large number of edges with little semantic information.

To deal with this issue, we build a stop word list for such words. Specifically, we treat each

word sense definition as a document and compute the inverse document frequency (idf) for

each word, and picked 88 words with the smallest idf values to form the stop word list.

When building the WikNet, all words in the stop word list are ignored from the word sense

definitions.

WikNet Statistics

We build both the directed and undirected WikNet from Wiktionary. In the undirected

WikNet, there are roughly 177k nodes and 1.15M undirected edges. Its graph density3 is

7.4×10−5, which indicates that the undirected WikNet is a very sparse graph. The average

node degree (number of edges of a node) of the undirected WikNet is 13.1. As shown in

Figure 3.3, the degree distribution of the undirected WikNet conforms to the power law,

which is an important property shared by social networks.

3The graph density for an undirected graph is defined as D = 2|E|
|V |(|V |−1)

, where |E| denotes the number

of edges, and |V | denotes the number of nodes.
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Figure 3.3: Degree distribution of undirected WikNet (both x-axis and y-axis are in log

scale).

Another measure of the graph structure is the average cluster coefficient. The cluster

coefficient of node n in an undirected graph is defined as

cn =
2T (n)

deg(n)(deg(n)− 1)
(3.1)

where T (n) is the number of edges among node n’s neighbors, and deg(n) is the degree

of node n. It evaluates the local connection density of a graph. The average clustering

coefficient of the undirected WikNet is 0.101, compared with that of a random graph 0.06.4

The fact that the average clustering coefficient of the undirected WikNet is significantly

larger than that of the random graph is an important property of a small world network

[121], which is the type of graphs social networks belong to.

We also study the connectivity of undirected WikNet, the size of the largest connected

component is 176k, which covers 99.3% nodes in WikNet. This shows that a large majority

4The average cluster coefficient of a random graph is computed according to the equation used in [138],

Crandom = (<k2>−<k>)2

|V |<k>3 , where k is the node degree, and |V | is the number of nodes in the graph.
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of words in WikNet are mutually connected, it is another indication that link-based node

similarity algorithms which are commonly applied for person closeness evaluations in social

network studies may also be feasible for word semantic similarity in WikNet.

In the directed WikNet, there are 1.17M directed edges; the average in-/out-degree

(number of incoming/outgoing edges of a node) is 6.6. The size of the largest weakly con-

nected and strongly connected components are 176k and 29k, respectively. Other properties

of the directed WikNet are similar to those of the undirected WikNet.

3.3 WikNet-based Lexical Semantic Similarity Measures

Thanks to the analogy between WikNet and social networks, the neighborhood-based meth-

ods introduced in Section 2.2.1, which are widely applied on evaluating user closeness for

link prediction or friend recommendation in social networks, can be borrowed as our basis to

develop lexical semantic similarity in WikNet. Specifically, we view each word represented

in WikNet as a source that propagates semantic concept information to its neighbors, and

the overlap of two words’ neighbors can be viewed as the overlap of the semantic infor-

mation propagated from these two words, and thus can be used to evaluate their semantic

similarity. Below we present the WikNet-based lexical semantic similarity measures derived

from the neighborhood-based methods.

3.3.1 Common-neighbors

The Common-neighbors measure [80] counts the number of shared neighbors between two

words in WikNet to evaluate their semantic similarity. For undirected WikNet, it is defined

as,

sim(i, j) = |Γ(i) ∩ Γ(j)| (3.2)

where Γ(i) is the neighbor set of word i, and | · | indicates the number of members in the

set. We extend this measure to apply on the direct WikNet, which is defined as

sim(i, j) = w|Γsuc(i) ∩ Γsuc(j)|+ (1− w)|Γpre(i) ∩ Γpre(j)| (3.3)
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where Γsuc(i) and Γpre(i) represent the successor set and predecessor set of word i’s node,

respectively; and w ∈ (0, 1). The first part of Equation (3.3) counts the number of over-

lapped words in word i and j’s sense definitions, the second part counts the number of

words that both refer word i and j in their sense definitions, and w is the weight used to

balance the contribution of the two part to semantic similarity. Without development data

for the test, we set w to be 0.5, which is the same case for the following neighborhood-based

measures.

3.3.2 Adamic & Adar

The Adamic&Adar measure [1] can be seen as a refined version of the common-neighbors

measure, which assumes that a word propagates different amount of semantic information to

different neighbors and the rare neighbors receive more semantic information. Its undirected

WikNet version is defined as,

sim(i, j) =
∑

k∈Γ(i)∩Γ(j)

1

log |Γ(k)|
(3.4)

where Γ(i) is the neighbor set of word i. Similarity, we define the Adamic&Adar measure

for directed WikNet as,

sim(i, j) = w
∑

k∈Γsuc(i)∩Γsuc(j)

1

log |Γpre(k)|
+ (1− w)

∑
k∈Γpre(i)∩Γpre(j)

1

log |Γsuc(k)|
(3.5)

where Γsuc(i) and Γpre(i) represent the successor set and predecessor set of word i’s node,

respectively, and w ∈ (0, 1). Similar to the common-neighbors measure, the first part in

the measure definition is the weighted sum of the shared words in word i and j’s sense

definitions, and the weight is each word’s inverse document frequency (idf) over Wiktionary

if we treat the collection of a word’s sense definitions as one document.
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3.3.3 Jaccard coefficient and its variations

Jaccard

Another “extended version” of the common-neighbors measure is the Jaccard coefficient [97].

It assess the semantic similarity between two words by counting the number of neighbors

that both words have over the number of neighbors that either of them has in WikNet. For

undirected WikNet, the Jaccard coefficient is defined as

sim(i, j) =
|Γ(i) ∩ Γ(j)|
|Γ(i) ∪ Γ(j)|

(3.6)

where Γ(i) is the neighbor set of word i.

Equation (3.6) well illustrates the underlining logic of the Jaccard coefficient : it not only

considers the overlap of the semantic information propagated from the two words, but also

takes into account of the differences. This definition conforms to a set-theoretic contrast

similarity as per Tversky’s definition [115].

Similarly, we have the version for the directed WikNet as

sim(i, j) = w
|Γsuc(i) ∩ Γsuc(j)|
|Γsuc(i) ∪ Γsuc(j)|

+ (1− w) |Γpre(i) ∩ Γpre(j)|
|Γpre(i) ∪ Γpre(j)|

(3.7)

The advantage of the Jaccard coefficient is that its value is bounded within the range of

[0,1].

Xjaccard

An extended version of the Jaccard coefficient is the XJaccard [31] which not only con-

siders the immediate neighbors of i, j, but also nodes that can be reached in n steps. It

can be seen as a result of an n-step semantic information propagation. This extension is

useful for WikNet, because two related words may not share any neighbors in WikNet, but

can be related by nodes within their n-step’s reach (n ≥ 2). For instance, “rooster” and

“crane” share no words in their sense definition, but they can be related by “bird” which is

within 2-step’s reach of “rooster” (“rooster”→“fowl”→“bird”) and 1-step’s reach of “bird”

(“crane”→“bird”).

For the undirected WikNet, the XJaccard coefficient is defined as
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simn(i, j) =
n∑

l=1

C l(1− C)Jl(i, j) (3.8)

where Jl(i, j) = |Γl(i)∩Γl(j)|
|Γl(i)∪Γl(j)| , Γl(i) is the set of nodes that can be reached in l steps from

word i, and C ∈ (0, 1) is a damping factor having a similar function as the one defined in

Katz’s measure. Without development data for tuning, we omit the damping factor and

use simn(i, j) =
∑n

l=1 Jl(i, j).

Accordingly, the directed WikNet version is

simn(i, j) = w

n∑
l=1

Jsuc,l(i, j) + (1− w)
n∑

l=1

Jpre,l(i, j) (3.9)

where Jsuc,l(i, j) =
|Γsuc,l(i)∩Γsuc,l(j)|
|Γsuc,l(i)∪Γsuc,l(j)| , Jpre,l(i, j) =

|Γpre,l(i)∩Γpre,l(j)|
|Γpre,l(i)∪Γpre,l(j)| ; Γsuc,l(i) and Γpre,l(i) are

word i’s l-step successor/predecessor set, respectively.

J0-XJaccard

In Wiktionary, a word is referred by other words in their sense definitions. For instance,

in Figure 3.2, “boy” is referred by “lad” in its sense definition. It indicates high semantic

similarity between two words with such referring relationship. However, because the defini-

tion of a word usually does not include itself which would be a self-loop in WikNet, when

computing the semantic similarity between this word (“boy”) and a word referring to it

(“lad”), this word (“boy”) is not included in |Γl(i) ∩ Γl(j)|, so the Jaccard and XJaccard

measures miss this important information. To deal with this issue, we introduce a virtual

J0 term in the XJaccard coefficient. For undirected WikNet, J0(i, j) = 1 if there is an edge

between i and j, otherwise J0(i, j) = 0. For directed WikNet

J0(i, j) =
e(i, j) + e(j, i)

2
(3.10)

where e(i, j) = 1 if there is an edge pointing from i to j, otherwise e(i, j) = 0.

Synonym J0-XJaccard

Many words in Wiktionary contains a synonym list, which is another information source we

can leverage to improve the semantic similarity measure. First, if word i is in the synonym
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list of word j, or vice versa, then they should have the maximum semantic similarity value.

Second, when we count the common “features” of the two words, i.e., computing |Γl(i) ∩

Γl(j)| in the Jaccard or XJaccard equation, we can also incorporate the synonym information

by counting two words as a common “feature” if one is on the other’s synonym list or their

synonym lists overlap. Below we use |Γl(i) ∩synset Γl(j)| to denote the common “feature”

number counted with the synonym information.

Hence for undirected WikNet, we define the Synonym J0-XJaccard as

simn(i, j) =

 maxsim if i ∈ synset(j) or j ∈ synset(i)∑n
l=0 J

synset
l (i, j) otherwise

(3.11)

and

Jsynset
l (i, j) =

|Γl(i) ∩synset Γl(j)|
|Γl(i) ∪ Γl(j)|

(3.12)

where synset(i) is the set of synonyms of word i, and maxsim is the maximum possible

value of J0-XJaccard, it is 3 with no damping and n = 2.

Similarly, we can define the Synonym J0-XJaccard for directed WikNet by replacing

Jsynset
l (i, j) with the weighted sum of Jsynset

suc,l (i, j) and Jsynset
pre,l (i, j).

The Synonym J0-XJaccard integrates the Wiktionary synonym information into the

n-step semantic information propagation.

3.3.4 Non-linear transformation of semantic similarity score

We apply a non-linear transformation over all semantic similarity measures we proposed for

WikNet. Suppose the original semantic similarity score produced by these measures is x,

then the transformed score is computed as

y =
ex − e−x

ex + e−x
. (3.13)

This transformation was proposed in [52] for measuring semantic similarity. It scales

scores to compress the difference between higher scores.
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3.4 Experiments on Human-rated Lexical Semantic Similarity Datasets

In this section, we evaluate the proposed WikNet-based lexical semantic similarity measures

against human-rated similarity scores on three standard datasets, and compare their per-

formance with several commonly used WordNet-based lexical semantic similarity measures

to demonstrate the feasibility of the WikNet-based approaches.

3.4.1 Datasets

The evaluation datasets for lexical semantic similarity are generally created by asking human

annotators to rate the semantic similarity of given word pairs; and the averaged rating of

these annotators are set as the golden standard score. Several such human rated datasets for

word semantic similarity are available: Rubenstein and Goodenough [96] created a dataset

with 65 noun pairs; Miller and Charles [68] and Resnik [92] used a subset (30 noun pairs)

of Rubenstein and Goodenough’s dataset for their experiments, and each provided a set

of human ratings for this subset. Finkelstein et al. [30] has a larger set that contains

353 word pairs, but this dataset is mainly designed for semantic relatedness rather than

semantic similarity. Hence, we adopt the three semantic similarity datasets, Rubenstein and

Goodenough, Miller and Charles, and Resnik for our experiments. Although the correlation

of human-rated similarity scores between these sets are high, we report results on all three

sets, since that is standard in other work on semantic similarity measures.

3.4.2 Results and Analysis

We evaluate semantic similarity measures by computing Pearson’s correlation between

their scores and the corresponding human ratings, which is standard for reporting on

these data sets. We first compare the performance of WikNet-based measures, including

common-neighbors, Adamic&Adar, Jaccard coefficient and its variations. The performance

of WikNet-based lexical semantic similarity measures are presented in Table 3.1.

It is shown that two relatively simple measures, common-neighbors and Adamic&Adar,

achieve fairly good performance when computed with the directed WikNet. The Synonym

J0-XJaccard coefficient in directed WikNet achieves the best performance, obtaining Pear-
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Table 3.1: Comparison of WikNet-based semantic similarity measures on Resnik, Miller and

Charles (M&C), Rubenstein and Goodenough (R&G) datasets under Pearson correlation

coefficient

Semantic similarity measure Resnik M&C R&G

Common-neighbors (undirected) 0.63 0.60 0.55

Common-neighbors (directed) 0.77 0.81 0.71

Adamic&Adar (undirected) 0.74 0.77 0.68

Adamic&Adar (directed) 0.76 0.77 0.76

Jaccard (undirected) 0.67 0.61 0.63

Jaccard (directed) 0.60 0.55 0.64

Synonym J0-XJaccard (n=2)(undirected) 0.85 0.83 0.77

Synonym J0-XJaccard (n=2)(directed) 0.88 0.85 0.83

son correlation with human ratings as 0.88, 0.85 and 0.83 on the three datasets respectively.

To further assess the relative contribution of different extensions from the basic Jaccard

coefficient to the Synonym J0-XJaccard in directed WikNet, we added these extension one

by one, and presented their performance in Table 3.2. It is shown that the XJaccard, which

searches the given word’s successors/predecessors beyond one step’s reach, explores richer

information, and thus outperforms the original Jaccard coefficient, which only considers the

imminent successors/predecessors. The biggest improvement is achieved by incorporating

the J0 term and synonym information. The J0 term extension includes the otherwise

neglected link between the compared word pairs in the Jaccard/XJaccard measure. The

synonym extension incorporates synonym information in computing the joint set size of the

given word pair’s successors/predecessors, which is essentially a makeup of the sparsity in

WikNet.

The Synonym J0-XJaccard measure used with undirected WikNet has the second best

result among WikNet based measures. The fact that it performs worse than its directed
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Table 3.2: Comparison of the performance of Jaccard coefficient with different extensions

under Pearson correlation coefficient

Semantic similarity measure Resnik M&C R&G

Jaccard (directed) 0.60 0.55 0.64

XJaccard (n=2)(directed) 0.64 0.57 0.67

J0-XJaccard (n=2)(directed) 0.74 0.71 0.74

Synonym J0-XJaccard (n=2)(directed) 0.88 0.85 0.83

WikNet counterpart is due to the loss of directional information among a word’s referring

relationship in sense definitions, which can be critical for assessing word semantic similarity,

especially on cases involving hyponym-hypernym pairs. For instance, in experimental results

obtained on the undirected WikNet, we found that some hyponym-hypernym pairs, such

as “crane” and “bird”, “cock” and “bird”, were assigned similarity scores comparable to

those of synonym pairs, such as “noon” and “midday”, “gem” and “jewel”. In Wiktionary,

hyponyms tends to refer to their corresponding hypernyms in sense definitions, but generally

will not have links referring back; while synonym pairs tend to refer to each other in their

definitions, and thus generate mutually linked node pairs in WikNet. The directed WikNet

can distinguish hyponym-hypernym pairs from synonym pairs by checking whether the word

pair is mutually linked or only linked by a single direction edge (Figure3.4a); however, the

undirected WikNet has difficulty doing so due to its edges having no direction information

(Figure3.4b).

Next, we compare the Synonym J0-XJaccard measure in directed WikNet with some

of the most commonly used WordNet-based lexical semantic similarity measures, including

the measures proposed by Wu and Palmer [123], Resnik [92], Jiang and Conrath [43], Lin

[53] and Leacock and Chodorow [48]. The WordNet-based measures were implemented

with the Perl package WordNet::Similarity [86]. Their results are presented in Table 3.3.

It is shown that Synonym J0-XJaccard outperforms the above WordNet-based semantic
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(a) synonym pair vs. hyponym-hypernym pair representation in the directed

WikNet

(b) synonym pair vs. hyponym-hypernym pair representation in the undi-

rected WikNet

Figure 3.4: Comparison of synonym pair vs. hyponym-hypernym pair representation in the

directed and undirected versions of WikNet

Table 3.3: Comparison of WikNet-based andWordNet-based measures on Resnik, Miller and

Charles (M&C), Rubenstein and Goodenough(R&G) datasets under Pearson correlation

coefficient

Semantic similarity measure Resnik M&C R&G

Synonym J0-XJaccard (n=2)(directed) 0.88 0.85 0.83

Gloss Vector 0.83 0.81 0.76

Wu and Palmer (1994) 0.78 0.76 0.80

Resnik (1995) 0.82 0.81 0.82

Jiang and Conrath (1997) 0.80 0.74 0.72

Lin (1998) 0.80 0.75 0.74

Leacock and Chodorow (1998) 0.83 0.78 0.84

Yang and Powers (2005) n/a 0.92 0.90

Alvarez and Lim (2007) 0.92 0.91 0.90

Agirre et.al. (2009) n/a 0.93 n/a
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similarity measures on the three datasets except for Leacock and Chodorow on the R&G

set, which obtains a correlation of 0.84, slightly higher than our result 0.83. Considering

that WikNet lacks a well-organized hierarchical structure of word senses as in WordNet,

this result which is obtained solely on the linking relationship of WikNet and synonym

information from Wiktionary is very promising.

We also implement the GlossVector -based lexical semantic similarity measure for Wik-

tionary, which was originally proposed by Patwardhan and Pedersen [85] for WordNet. We

would like to compare the GlossVector-based measure derived from the WordNet with our

WikNet-based measure, however, since Patwardhan and Pedersen did not provide their

result in Pearson correlation coefficient, we implement this method for Wiktionary as an

alternative comparison. It is shown that the Synonym J0-XJaccard measure in directed

WikNet also outperforms the GlossVector-based measure derived from Wiktionary.

We also list the Pearson correlation coefficient results obtained in some later work

[124, 4, 2] on WordNet-based lexical semantic similarity measures in Table 3.3. These stud-

ies design more sophisticated models for extracting lexical semantic similarity and achieve

better performance on some of the three human-rated lexical semantic similarity datasets.

However, the size of these datasets is small, and they cover only nouns. In addition, there

have been so many studies reported on these datasets that there is a high potential for over

tuning to the set. Results are reported on these datasets since it is a standard for work

in lexical semantic similarity, but the comparisons represent only a limited assessment that

we view as mainly useful for development and validation. In the next section, we apply

the lexical semantic similarity measures on NLP tasks to evaluate their performance in real

application scenarios.

3.5 Experiments on NLP applications

In this section, we apply the WikNet and WordNet based lexical semantic similarity mea-

sures on two NLP applications: paraphrase identification in news articles, and implicit

alignment identification in web forum discussions.
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3.5.1 Paraphrase Identification

Paraphrase identification is a useful task for many natural language processing applications.

For instance, it can be used for grouping semantically equivalent or similar sentences in

multiple document summarization, or for automatically extracting paraphrased phrases or

sentences as training data for text rewriting. It is also a good test bed for evaluating

the effectiveness of word semantic similarity measures, Corley and Mihalcea [19] tested the

performance of paraphrase identification with different semantic similarity measures derived

from WordNet. To compare the effectiveness of Wiktionary derived semantic similarity

measure, we redo the paraphrase identification experiments in [19] using the directed version

of WikNet-based Synonym J0-XJaccard.

Lexical Semantic Similarity based Paraphrase Identification

We adopt the lexical semantic similarity based paraphrase identification algorithm proposed

in [19]. The basic idea is that for a given sentence pair, we pair up words in each sentence

that are most similar to each other and weight their semantic similarity to produce the

similarity score of the sentence pair.

Specifically, for every given pair of sentences, we first perform part-of-speech (POS)

tagging on each sentence and divide the words into several POS classes. We pick words

in content word POS classes (including nouns, verbs, adjectives, adverbs) and cardinals to

evaluate the semantic similarity between these two sentences. For each word with the chosen

POS classes in one sentence, we find its best match in the same POS class from the other

sentence.5 For the four semantic content word POS classes, we use the directed WikNet-

based Synonym J0-XJaccard measure; and for the cardinals, we apply lexical matching.

This is a little bit different from the original method proposed in [19], where only verbs

and nouns use semantic similarity derived from WordNet, while adjectives, adverbs and

cardinals use lexical matching, since most semantic similarity measures for WordNet only

apply to nouns and verbs. Since our proposed measure derived from Wiktionary has no such

restrictions, we apply semantic similarity to all four semantic content word POS classes.

5Stemming is performed before the matching to transform the surface form of a word to its lexical form.
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After obtaining the best match of each word in the sentence pair, the semantic similarity

of the matched word pair is summed together as the sentence pair similarity score. Since

words may have different contributions to determining the semantic content of a sentence,

the semantic similarity of each matched word pair is weighted with the word idf. Hence,

the directional similarity from sentence Si to sentence Sj is defined as

Sim(Si, Sj)Si =
Σwk∈POS(Si)maxSim(wk) ∗ idfwk

Σwk∈POS(Si)idfwk

(3.14)

where POS(Si) = {wk ∈ Si|POS(wk) = noun, verb, adjective, adverb, cardinal}, and

maxSim(wk) = max
wl∈SjandPOS(wl)=POS(wk)

sim(wk, wl) (3.15)

which is the semantic similarity (for noun/verb/adjective/adverb) or lexical match (for

cardinal) between wk and its best match in sentence Sj . Here we use the Synonym J0-

XJaccard derived from the directed WikNet as the semantic similarity measure.

Consequently, the bidirectional sentence similarity is defined as the combination of the

two directional sentence similarities,

Sim(Si, Sj) =
Sim(Si, Sj)Si + Sim(Sj , Si)Sj

2
(3.16)

The obtained sentence similarity score is within the range [0, 1].

Evaluation

We use the Microsoft Research Paraphrase Corpus [25] to evaluate the effectiveness of

Synonym J0-XJaccard derived from directed WikNet for paraphrase identification. The

Microsoft Research Paraphrase Corpus contains a training set with 4,076 sentence pairs,

and a test set with 1,725 sentence pairs.

As in [19], we use the sentence similarity score defined above as the sole indicator for

paraphrase identification, and conduct the experiments with two settings:

1. Unsupervised setting

A constant threshold of the sentence similarity score is set to be 0.5 for determining

whether the given sentence pair is paraphrase or not.
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2. Supervised setting

The threshold of sentence similarity is tuned by maximizing the paraphrase identification

F1 measure over the training set.

Table 3.4 and Table 3.5 show the experimental results of our proposed semantic similarity

measure and the ones obtained in [19] on the unsupervised and supervised setting, respec-

tively. In [19], the paraphrase identification performance obtained with several WordNet-

based semantic similarity measures were given, including Lin [53], Wu and Palmer [123],

Leacock and Chodorow [48], Jiang and Conrath [43], Resnik [92] and their combination.

In the supervised setting, the optimal threshold and weight (for the combined result) for

various semantic similarity measures were learned from the training set.

Table 3.4: Comparison of paraphrase identification performance with different semantic

similarity measures under unsupervised setting (the results of WordNet-based measures are

obtained from [19])

Semantic similarity measure Accuracy Precision Recall F1 measure

WordNet-based measures

Wu and Palmer (1994) 67.4 72.2 83.1 77.3

Resnik (1995) 67.2 72.5 81.5 76.8

Jiang and Conrath (1997) 68.3 72.4 84.6 78.0

Lin (1998) 67.9 71.7 85.5 78.0

Leacock and Chodorow (1998) 68.0 72.4 83.8 77.7

Combined 68.8 74.1 81.7 77.7

WikNet-based measure

Synonym J0-XJaccard 71.4 70.5 97.8 82.0

For the paraphrase identification task, the WikNet-based Synonym J0-XJaccard out-

performs each individual WordNet-based semantic similarity measure under both the unsu-

pervised and supervised settings. Though it has slightly lower precision than its WordNet
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Table 3.5: Comparison of paraphrase identification performance with different semantic

similarity measures under supervised setting (the results of WordNet-based measures are

obtained from [19])

Semantic similarity measure Accuracy Precision Recall F1 measure

WordNet-based measures

Wu and Palmer (1994) 69.9 70.5 94.1 80.6

Resnik (1995) 69.2 70.5 92.1 79.9

Jiang and Conrath (1997) 69.9 70.7 93.5 80.5

Lin (1998) 70.2 70.6 94.7 80.9

Leacock and Chodorow (1998) 69.9 70.8 93.1 80.4

Combined 71.5 72.3 92.5 81.2

WikNet-based measure

Synonym J0-XJaccard 71.6 71.4 95.8 81.8

counterparts, but its recall is much higher. Overall, it achieves F1 measure of 82.0 and

81.8 on both settings, which accomplishes a better or comparable result with the combined

results of WordNet-based measures of 78.0 and 81.2 on the two settings, respectively.

We hypothesized that WikNet might have better vocabulary coverage than WordNet,

but this is not the case. The vocabulary coverage of WikNet and WordNet on this corpus

are similar, each covers 81.5% and 80.8% words appearing in this corpus. There are several

possible advantages of the WikNet-based semantic similarity measure that contribute to its

better performance on this paraphrase identification task. First, the WikNet-based measure

can also apply on adjectives and adverbs, while WordNet-taxonomy-based measures do

not support semantic similarity on these two types of content words very well. Second,

the WikNet-based measure is derived from Wiktionary sense definitions, thus it can also

evaluate the semantic similarity of two words with different POS; on the other hand, the

hypernym and hyponym relation used to build WordNet taxonomy covers only words with
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the same POS, thus the WordNet taxonomy based measures have poor performance to

assess the semantic similarity between two words with different POS. For instance, the

semantic similarity between “declare” and “declaration” under Synonym J0-XJaccard is 1,

while their semantic similarity under the three WordNet taxonomy based measures are all

0.

One thing worth noting is that the WikNet-based Synonym J0-XJaccard obtains similar

results under the unsupervised and supervised setting, while there are performance gaps of

the WordNet-based measures under the two settings. This indicates that the WikNet-based

paraphrase identification has less reliance on development data.

3.5.2 Implicit Alignment Identification

The second task we tested is the implicit alignment identification in web forum discussions.

Alignments are statements made by participants in discussions to express their agreement or

disagreement with other participants’ opinions. Alignments are common moves in web forum

discussions, which is an important feature for studying the discussion dynamics and divid-

ing the participants into different opinion groups. Besides explicit alignments, where the

participants use wording such as “I agree”, “No, I don’t think so” to signal their agreement

or disagreement with others, implicit alignments also widely exist in web forum discussions.

In an implicit alignment, a discussant responds with a rewording of another discussant’s

statement to either confirm or negate them, as shown by the examples in Table 3.6.

Lexical Semantic Similarity based Implicit Alignment Identification

Due to the semantic overlap between the two statements involved in the implicit alignments,

the lexical semantic similarity based algorithms used for paraphrase identification can also

be used for identifying implicit alignments in web forum discussions. In this section, we

apply the same algorithm introduced in Section 3.5.1 to identify implicit alignments.
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Table 3.6: Examples of implicit alignments in Wikipedia forum discussions

Agreement
A: Invasion is a completely neutral word as far as I’m

concerned .

B: ‘Invasion’ is a reasonably neutral word

Disagreement

A: Its logical that in the first case the sanctions caused

more people to die, and in the second case the war did.

B: If mortality rates were increasing already, then a war

begins, you cannot simply say everyone who died over last

years number died because of the war.

Evaluation

We built an implicit alignment identification corpus from Wikipedia forums, where par-

ticipants discuss the editing of corresponding Wikipedia pages. Adjacent sentence pairs

with context overlaps larger than a threshold were extracted from 106 Wikipedia forum

discussion threads. One annotator was hired to label each given sentence pairs as implicit

agreement or disagreement or not an alignment. In this evaluation, we did not distinguish

between agreement or disagreement cases, since here we are interested in semantic similarity

and not polarity. There are 297 implicit alignment moves being identified among the 1445

extracted sentence pairs.

During the evaluation, each sentence pair is presented to the system, where a decision is

made to judge whether the given sentence pairs involves implicit alignment moves or not.6

We applied the lexical semantic similarity based algorithms used in Section 3.5.1 to

identify implicit alignments in this corpus. Due to a lack of development data, we used the

unsupervised setting in this experiments, i.e., a constant threshold of the sentence similarity

score is set to be 0.5 for determining whether the given sentence pair is implicit alignment

or not. We compared the proposed Synonym J0-XJaccard semantic similarity derived from

6the polarity, i.e., agreement or disagreement, of the sentence pairs are not identified
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the directed WikNet with three WordNet based semantic similarity measures that obtains

the best performance in the paraphrase identification task under the unsupervised setting,

including “Jiang and Conrath”, “Leacock and Chodorow”, and “Lin”. These WordNet-

based measures were implemented with the Perl package WordNet::Similarity [86].

Table 3.7: Comparison of implicit alignment identification performance with different se-

mantic similarity measures

Semantic similarity measure Accuracy Precision Recall F1 measure

WordNet-based measures

Jiang and Conrath (1997) 52.0 23.0 56.9 32.8

Lin (1998) 68.1 28.9 37.7 32.7

Leacock and Chodorow (1998) 43.5 22.4 71.0 34.1

WikNet-based measure

Synonym J0-XJaccard 72.5 34.4 37.0 35.7

The experimental results are presented in Table 3.7. It is shown that the WikNet-

based Synonym J0-XJaccard measure outperforms all three WordNet-based measures both

in terms of accuracy and F1 score. Besides the advantages of WikNet semantic similar-

ity measures we discussed in Section 6.1, the WikNet-based measures have one additional

advantage over WordNet-based measures on this task. The WikNet has better vocabulary

coverage on this implicit alignment identification corpus, which covers 89.8% words appear-

ing in it, comparing with 86.6% for WordNet. The coverage advantage is more obvious on

the web forum genre corpora, thanks to the collaborative work by Wiktionary volunteers,

the Wiktionary can enjoy more frequent updates than the expert-edited WordNet, and thus

have better coverage on new words, especially web terms.

The overall performance on the implicit alignment identification task is not as good

as that on the paraphrase identification task, because the former is a more difficult task.

First, the way the paraphrase corpus [25] was collected and filtered simplified the task, for
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instance, the positive target (true paraphrase) rate in the test set is as high as 66.5%, which

doesn’t reflect the rate in the original data. On the other hand, the implicit alignment

identification corpus was collected in a relatively “organic” way, its positive target (true

implicit alignment) rate is 20.6%, which is closer to the discussion dynamics in the web

forum, but the lower positive target rate makes it harder to get a high F1 score. Second the

datasets for the two tasks involve different genres: the paraphrase identification data was

extracted from news articles that are in formal written styles, while the implicit alignment

identification data was collected from web forums that is in causal web language styles,

which make it more difficult to analyze. But since the alignment detection task is more

difficult, the WikNet-based measure obtains greater relative improvement over WordNet-

based measures on this task than the paraphrase identification task.

3.6 Summary

In this chapter, we propose a method for representing semantic relations between words

based on a graph constructed from Wiktionary word sense definitions. This graph shares

many properties with social networks. We borrow algorithms for evaluating member close-

ness in social networks and enhance them by incorporating additional semantic informa-

tion provided by Wiktionary, including the mutual reference between sense definitions and

synonym lists, to apply to the problem of assessing word semantic similarity in WikNet.

Based on experiments on three word semantic similarity datasets, the proposed Synonym

J0-XJaccard applied on the directed WikNet obtains the best performance, which outper-

forms many of the WordNet derived semantic similarity measures and achieves Pearson

correlation with human rates of 0.83-0.88. The Synonym J0-XJaccard also outperforms the

WordNet-based measures in the paraphrase identification task on Microsoft Research Para-

phrase Corpus, and the implicit alignment identification task on the Wikiforum discussion

corpus.
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Chapter 4

TWITTER USER INTEREST SUMMARIZATION

Twitter is a popular social media and social network service, which allows users to

publish tweets with up to 140 characters on “what am I doing” or “what’s happening

right now”. Twitter is growing at a fast pace. Currently it has 140 million active users,

generating 340 million tweets per day. A large proportion of Twitter users update their

tweets frequently, in which case the tweets compose a detailed log of their everyday life.

These tweets contain rich information about the user’s interest: people tweet about their

hobbies, preferences and products they use, etc. Identifying a Twitter user’s interest has

wide commercial applications. For instance, it can be employed to produce personalized

advertising for promoted tweets and promoted accounts. It can also be used as an important

feature to improve the quality of “who to follow” suggestions, where users sharing similar

interests and hobbies can be recommended as friends on Twitter.

In this chapter, we present an automatic system using graph-based algorithms to summa-

rize a Twitter user’s interest from their tweets in terms of key words or phrases. Keywords

are used in mainstream content-based advertising systems, such as Google’s Adsense or

Twitter’s promoted tweet system, where advertisements are shown to users based on whether

related keywords are triggered in the content. We introduce a new two-stage graph-based

algorithm to model the semantic concept information among a user’s tweets, and extract

key words or phrases to summarize his/her interests. This two-stage graph-based algo-

rithm concatenates a graph random walk algorithm and a maximum graph-cut algorithm,

which has the advantage of integrating the representativeness and diversity criteria into the

summarization results.
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4.1 Background

Studies that are related to our work include Zhao et al. [130] and Liu et al. [58], which use a

keyword extraction technique to summarize Twitter topics contributed by the whole Twitter

community. Our work is focused instead on summarizing an individual user’s interests.

Ou et al. [81] works on mining user’s tweets and social network links for recommending

Twitter users to join in groups sharing similar interests. Their work employs latent Dirichlet

allocation [8] based topic models to represent a Twitter user with the topic vector for

exploring similarity between users, but they do not directly extract keywords describing the

user’s interest.

Besides previous work on Twitter corpora, our work is also related to keyword extraction

on academic papers, spoken documents and web pages. For supervised keyword extraction,

a series of papers [112, 114, 42, 126, 57] employed TFIDF or its variants with Part-of-

Speech (POS), capitalization, phrase and sentence length, etc., as features to train keyword

extraction models, and discriminative training is usually adopted. Yih et al. [126] use

logistic regression to extract keywords from web pages for content-targeted advertising,

which has the most similar application to our work. However, due to the lack of human

annotation on the Twitter corpus, we have to adopt an unsupervised strategy.

For unsupervised keyword extraction, TFIDF ranking is a popular method, and its

effectiveness has been shown in the literature [42, 126]. TextRank and its variants [67,

119, 59] are graph-based text ranking models, which are derived from Google’s PageRank

algorithm [12]. It outperforms TFIDF ranking on traditional keyword extraction tasks.

However, previous work on both TFIDF ranking and TextRank has been done mainly on

academic papers, spoken documents or web pages, whose language style is more formal than

that of Twitter messages. Tweets contain large amounts of “noise” like emoticons, internet

slang words, abbreviations, and misspelled words. In addition, tweets are a casual log of

a user’s everyday life, which often lacks a coherent topic sequence compared to academic

papers and most spoken documents.
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4.2 Algorithm Outline and System Architecture

For an active Twitter user who tweets frequently, the collection of his/her tweets can essen-

tially serve as a log of his/her everyday life, thus the semantic concept information expressed

in this user’s tweets convey his/her personal interests. If we can use a graph to represent

the collection of a user’s tweets, in which each node represents a word or phrase appearing

in the tweets, and edges are added between nodes according to certain relatedness criterion,

then the user interest summarization process can be modeled with semantic information

propagation among this graph. Specifically, we can treat each word or phrase in the graph

as both a source and a receiver of semantic information, then depending on the modeling

strategy, the top-N words and phrases that receive or emit the most semantic information

in the graph (i.e. have the strongest relatedness to the rest of the words and phrases) can

be extracted to summarize the user’s interests.

A typical graph-based algorithm for summarization is PageRank [12], also known as

TextRank [67] when applied on text corpora. PageRank assigns each node in the graph

with a rank value, which will be updated iteratively until it converges to a stationary

distribution. This process can be viewed as an ∞-step semantic information propagation

in the context of text summarization. The advantage of PageRank is that due to the ∞-

step process, it thoroughly propagates the semantic information among words and phrases

represented in the graph, thus can usually produce better performance in terms of the

representativeness criterion for summarization results. However, PageRank does not take

the diversity criterion into account during the summarization, one potential problem is that

the summarization result may contain too much redundancy. For instance, if a user is a

fan of football, he may mention many words and phrases related to football in his tweets.

These words and phrases tend to coexist within tweets, and have high semantic similarity

with each other, and thus form a closely connected group in the graph. Words and phrases

in this group tend to promote each other’s rank values during the PageRank iterations, and

may end up with many related and phrases having high rank values, and crowd out words

and phrases related to this user’s other interest from the top-N result.

Another graph-based algorithm can be applied for summarization is maximum graph-cut
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[56]. With the given graph representation, an N -size subgraph that has the maximum cut to

the rest of the graph is extracted as the summarization. In the context of summarization,

maximum graph-cut can be viewed as a 1-step information propagation: the subgraph

that emits the most semantic information propagated from its neighbors is extracted as

the summarization result. This algorithm has the advantage of integrating the diversity

criterion for summarization, i.e., it only measures the semantic information propagation

between the summarization subgraph and its complement subgraph, while disregards the

propagation within the summarization subgraph. However, it only considers the result of

1-step propagation, and thus fails to take into account the semantic information propagated

between words and phrases that are not directly connected in the graph. As a result,

the maximum graph-cut algorithm integrates the diversity criterion at the expense of the

representative criterion.

To take the advantages of both algorithms, we propose a new two-stage graph-based

summarization algorithm that cascades PageRank and maximum graph-cut, which incor-

porates both the representativeness and diversity criteria in the summarization result. We

use PageRank to perform the ∞-step semantic information propagation on the first stage,

and then take the accumulated semantic information received by words and phrases in

PageRank and further propagate it within 1-step during the maximum graph cut process

as the second stage. Words and phrases in the subgraph that emit the most semantic

information on the second stage are extracted as the summarization result.

Figure 4.1 shows the architecture of our Twitter user interest summarization system.

In this system, tweets from the target user are collected and put through a preprocessing

pipeline, where the tweets are cleaned and tokenized. Then the tokenized tweets will go

through the two-stage graph-based algorithm to extract user interest keywords. In stage

1, an undirected token graph is built according to the co-occurrence relation and semantic

similarity between words and phrases in tweets, and PageRank is applied over the graph

to extract the top user interest summarization candidates. In stage 2, another smaller

directed graph is built according to the PageRank result and pairwise semantic similarity

between summarization candidates obtained in stage 1, and maximum graph-cut is applied

to produce the final summarization results of user interests. In the following sections of this
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Figure 4.1: System architecture



51

chapter, details of each component in the system will be provided.

4.3 Preprocessing Pipeline

A tweet is from a very noisy text genre, which is filled with emoticons, various abbreviations

and slang words. Useful information about user interest can be easily buried in this “noisy”

background. We designed a preprocessing pipeline to remove the noise in replying tweets

and tokenize each tweet into a collection of words or phrases.

4.3.1 Removing Replying Tweets

In addition to tweets describing “What am I doing” or “what’s happening right now”,

Twitter users also write replying tweets to comment on other users’ tweets. These kinds

of tweets generally contains more information about the users they reply to than about

themselves, and therefore are removed in the preprocessing pipeline.

4.3.2 Mapping Emoticons

Most emoticons in tweets can be classified as a laughing face or a crying face, hence we

created a “ laugh ” and a “ cry ” token to represents the two groups of emoticons, and

mapped the most frequent emoticons into these two tokens. Part of the mapping rules are

presented in Table 4.1.

Table 4.1: Examples of Emoticon Mapping

Emoticons mapped to laugh Emoticons mapped to cry

:) :(

:-) :-(

:D T T

:-D

=)

=D
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4.3.3 Tokenization

Tweets are tokenized into words and phrases according to a vocabulary containing 159k

words and 14k phrases, words that are not in the vocabulary are discarded, and punctu-

ation is removed. In this vocabulary, words are selected by filtering out infrequent words

(frequency < 50) in the Twitter corpus, and phrases are extracted from the Twitter corpus

using the mutual information and context dependency based algorithm proposed in [129].

Words outside this vocabulary are discarded in the preprocessing pipeline.

4.3.4 Removing Stopwords

The stopword list is built with multiple sources. It consists of a publicly available stop-

word list for general NLP tasks1, a swear word list from http://www.noswearing.com/, a

manually edited version of the slang word list from http://www.noslang.com/ excluding

content slang words,2 and a Twitter-specific stopword list. The Twitter-specific stopword

list is built by selecting words with low inverse document frequency (idf) in the Twitter

corpus, where the idf is computed by taking each tweet as one document. After merging

stopwords from these sources, we obtain a final stopword list containing 6.4k words.

4.4 Graph Representation of Tweets and Two-stage Summarization Algorithm

The proposed two-stage graph-based summarization algorithm concatenates PageRank and

maximum graph-cut in order to incorporate the representativeness and diversity criteria in

the summarization result. We design two different graph representations for the two stages

in the summarization algorithm respectively. The graph representation for the PageRank

stage is based on a combination of words/phrases context co-occurrence and their semantic

similarity, and the graph representation for the maximum graph-cut stage integrates the

PageRank outputs.

1http://armandbrahaj.blog.al/2009/04/14/list-of-english-stop-words/

2A few slang words are potentially useful content words, e.g. “bff” (best friend forever), “fone” (phone),
so they are not included in the stopword list.
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4.4.1 Stage 1 PageRank Summarization

Context Co-occurrence based Graph Representation

In the PageRank stage of the proposed summarization algorithm, we develop a graph rep-

resentation for a user’s tweet collection based on a combination of word and phrase context

co-occurrence and their semantic similarity. Specifically, after tweets from the target user

are cleaned and tokenized in the preprocessing pipeline, an undirected graph is constructed

to represent this user’s tweets. In this graph, each node represents a token (word or phrase)

appearing in the user’s tweets. An edge is added between two tokens if they co-exist within

at least one tweet of this user.

Different from the traditional TextRank, where the edge weight is solely determined by

two tokens’ co-occurrence frequency, we introduce a weight that combines co-occurrence

frequency of the two tokens in a user’s tweet collection with a corpus-based semantic sim-

ilarity score between them, where the semantic similarity serves as the corpus background

information. The weight is set to be the multiplication3 of the user-based co-occurrence

frequency and the corpus-based semantic similarity for the token pair. The corpus-based

score is included because the user-based co-occurrence counts are sparse and noisy. Tex-

tRank was originally proposed for keyword extraction from formal written documents as

academic papers or news articles, and uses sentences as the context window for accumu-

lating token co-occurrence frequency. In this graph representation, the context window is

each tweet from the target user. In a formal written document, the topic is generally con-

sistent, and the length of both the document and the sentences it contains are long enough

for co-occurrence frequency to capture the semantic relations between tokens. However, a

user’s tweet collection is a casual log of his/her everyday life, which usually lacks a coherent

topic. In addition, each individual tweet is short due to the 140-character limit and filled

with various types of “noise”. Hence, solely relying on context co-occurrence frequency to

capture the semantic relations between tokens is not enough.

The token semantic similarity is computed with the cosine distance between their context

3From a check of some anecdotal examples, we choose multiplication over a linear combination of the
scores for the token pair (user-based co-occurrence frequency and corpus-based semantic similarity).
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vectors [99] derived from the Twitter corpus, resulting in a value in the [0, 1] range, where

1 is the most similar. We use tweets as context windows to accumulate the context vector

for each token. The token context co-occurrence frequency from a user’s tweet collection

reflects the user-specific semantic relations between tokens, while the Twitter corpus derived

token semantic similarity can be viewed as user-independent background semantic relations

between tokens.

PageRank Summarization Algorithm

After the context co-occurrence graph is constructed to represent the target user’s tweet

collection, we perform the PageRank algorithm to extract the user interest summarization

candidates, as described in Section 2.2. To review, each token i has a rank valueRi initialized

with an arbitrarily assigned value (e.g. 1.0), this rank value will be updated iteratively

according to the following equation,

Ri = (1− d) + d
∑

j∈Γ(i)

wji∑
k∈Γ(j)wjk

Rj (4.1)

where wji is the edge weight between token j and i, Γ(i) is token i’s predecessor set, and d is

a damping factor that is usually set to 0.85 [12]. This iteration continues until convergence.

In the context of Twitter user interests summarization, we can view each token in the

graph as both a source and a receiver of semantic information: each token propagates its

current amount of semantic information (represented by the rank value) to its neighboring

tokens in the graph. The split of the semantic information it propagates to a specific

neighboring token is proportional to their edge weight
wji∑

k∈Γ(j) wjk
, which is determined by

their user-specific context co-occurrence frequency and corpus semantic similarity in our

method. At the same time, it also receives the semantic information propagated from its

neighboring tokens. When the PageRank process converges, the rank value of a token can

thus be viewed as the amount of semantic information it eventually receives after ∞ steps

of propagation. The ones that receives the most semantic information can be seen as the

most representative tokens in the graph, and can therefore be selected as the user interest

summarization candidates.
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4.4.2 Stage 2: Maximum Graph-cut Summarization

Rank Value Pairwise Graph Representation

To reduce redundancy in the summarization results, we introduce a second stage of pro-

cessing. After obtaining the PageRank result, we first filter out tokens with weak topic

orientation and then select the top tokens with the largest rank values as the summariza-

tion candidates to build a new graph representation for the maximum graph-cut algorithm.

Tokens with weak topic orientation are too general to convey specific semantic informa-

tion about user’s interests, such as “new”, “stop”, “like”, which are referred as non-specific

tokens below. We keep them in the PageRank process in order to use them as a medium

to help propagate semantic information among potential candidate tokens. Since most of

them are content words, they are usually not contained in a general stopword list. Such

kinds of tokens cannot be filtered by document frequency based measures such as idf ei-

ther. This is because some of them have relatively high idf values, while some user interest

keywords that represent hobbies shared by most users tend to have low idf values, such as

“music”, “movie” and “game”. Document frequency based measures cannot separate these

two groups of tokens.

We take advantage of hashtags as a form of metadata in tweets, and develop a strategy

to filter out non-specific tokens based on their distribution across hashtags. Hashtags are

a community-driven convention for marking the topics of tweets. They start with the “#”

symbol, as “#ladygaga”, “#vegan”. Users add hashtags inline as a way to conveniently

categorize tweets. Our assumption is that user interest is closely related with topics, a user

interest keyword should mostly correlate only with hashtags on related topics, and thus tends

to have a relatively sharp distribution across hashtags; while on the other hand, non-specific

tokens generally do not have a strong correlation with any specific groups of hashtags,

and thus should have a relatively flat distribution across hashtags. With this assumption,

we design a strategy to build a non-specific token list based on token distribution across

hashtags.

We group tweets with the same hashtag together to form a hashtag document. For

each token t, we can have its count distribution across all hashtag documents as Pt =
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(p1, p2, ..., pM ), where M is the total number of hashtags in the Twitter corpus, and pm is

the probability that token t appears in hashtag document m, computed as

pm =
C(t,m)∑M

m=1C(t,m)
(4.2)

where C(t,m) is token t’s count in hashtag document m. We compute the entropy of each

token’s hashtag distribution,

Ht = −
M∑

m=1

pm log(pm) (4.3)

Tokens with high hashtag distribution entropy are added to the non-specific token list. The

size of the non-specific token list we used in this paper is 1k determined by inspecting the

token list ranked by hashtag distribution entropy.

After filtering out non-specific tokens, we build a pairwise directed graph for the top-

L summarization candidate tokens (L set to be 64 in experiments when available) using

the PageRank result. In this graph, each token is represented by one node, and directed

edges are added from it to all other candidate tokens in the graph. The edge weight is

set to be the source token’s rank value produced in stage 1 multiplied by the corpus-

based semantic similarity between the two connected tokens, where the rank value serves as

the user-specific information and the semantic similarity serves as the corpus background

information. Similar to the edge weight setting in stage 1, the token PageRank value from

a user’s tweet collection reflects the user-specific semantic relations between this token to

the other tokens, while the Twitter corpus derived token semantic similarity can be viewed

as user-independent background semantic relations between them.

Maximum Graph-cut Summarization Algorithm

With the new graph-representation, we formulate the user interest summarization task as a

graph cut problem: we choose top-N candidate tokens with the largest directed graph cut

to the rest of the graph as the interest summarization for the target user,

argmax
S

∑
i∈S,j /∈S

wij (4.4)

s.t.|S| = N
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Figure 4.2: Pseudo-token node

where S is the user interest summarization token set, wij is the weight of the directed edge

from token i to token j.

According to the weighting scheme of the graph, tokens with larger rank values and

closer semantic connection with other tokens have more chance to be selected as user interest

keywords. To account for the token’s semantic coverage of itself, we also add a pseudo-token

node to each of them, as in Figure 4.2. The pseudo-token node has no outgoing edges, it

only has an incoming edge from the corresponding candidate node with the weight set to

be the candidate’s rank value (i.e., set the semantic similarity between the token and its

pseudo-token to be 1). This maximum graph-cut process can also be seen as a semantic

information propagation: each token in the graph has accumulated semantic information

from the∞-step propagation in PageRank measured by its rank value, now it will propagate

this accumulated semantic information to its neighboring tokens in 1 step during the graph-

cut process. The amount of semantic information it propagats to its neighboring tokens is

weighted by their semantic similarity to account for their semantic closeness. Tokens in a

subgraph that emit the most semantic information to its complement graph are extracted as

the final user interest summarization result. Since the graph cut only counts the semantic

information propagated from summarization tokens to the rest tokens in the graph, it avoids

counting the redundant propagation within the summarization result.
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To further penalize redundancy, we adopt the penalizing strategy proposed by [55] for

multi-document summarization,

argmax
S

∑
i∈S,j /∈S

wij − λ
∑
i,k∈S

wik (4.5)

s.t.|S| = N

where λ is a factor deciding the weight of the penalization, which is set to be 1 in exper-

iments. Both Equation 4.4 and 4.5 are submodular functions, their maximization can be

solved with greedy algorithm for a near-optimum solution [54].

4.5 Experimental Results

4.5.1 Data

In our experiments, we used the Twitter corpus introduced by Choudhury et al. [15]. This

dataset is a focused snow ball crawl of Twitter data performed in late 2009. It consists

of approximately 400K users and 29M tweets, whose timestamps of posting span between

April 2006 and December 2009.

We extracted phrases and the hashtag-based non-specific token list, and computed the

context-vector-based token semantic similarity on this corpus.

We evaluated the proposed user interest summarization algorithm on users with more

than 180 tweets in this corpus. A heuristic rule was applied to filter out promotion and

spam accounts, where users with more than 20% tweets containing http links or having

fewer than 5% replying tweets or retweets are excluded from the evaluation set.

4.5.2 Experimental Settings

We adopted an evaluation measure similar to the one proposed in [126] for identifying

advertising keywords on web pages, which emphasizes precision. We randomly selected 169

Twitter users to evaluate the top-N precision of their interest summarization tokens. After

we obtained the top-N outputs from the system, three human evaluators were asked to

judge whether the output user interest keywords reflected the corresponding user’s interests

or concerns according to the full set of his/her tweets. Each of them assessed a subset
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of the user extraction results for all three systems.4 We adopted a conservative standard

in the evaluation: when a person’s name is extracted as a user interest keyword, which is

frequent among Twitter users, we judge it as a correct user interest keyword only when it

is a name of a famous person (pop star, football player, etc). The percentage of the correct

user interest keywords among the top-N selected output corresponds to the top-N precision

of the system.

4.5.3 Results and Analysis

To evaluate the effectiveness of each component (Figure 4.1) in our Twitter user interest

summarization system, we compared the results from the following three types of outputs:

outputs after the PageRank summarization in stage 1, outputs after the non-specific token

filtering (+ Non-specific token filtering) and outputs after the maximum graph-cut in stage

2 (+ GraphCut). Their top-N precision results are presented in Table 4.2. It is shown

that the non-specific token filtering is very effective, it greatly improves the user interest

summarization precision after PageRank by filtering out tokens that are too general to reveal

a user’s interests. This confirms our previous assumption that user interest tokens tend to

have closer association with certain hashtags than other tokens, which can be used to extract

the non-specific token list. The final output of our system achieves a top-N precision which

greatly outperforms the system reported in [122] (top-1, 2, 5 and 10 precision as 67.3%,

66.0%, 63.0% and 58.3%, respectively), whose preprocessing baseline is based on part-of-

speech tagging.

After applying maximum graph-cut, we obtained further improvement on top-1 to top-5

output, and kept comparable result on the top-10 output. This shows that although max-

imum graph-cut is mainly designed for reducing redundancy in the user interest summa-

rization result, it can bring precision improvement for higher ranked user interest keywords.

By checking some anecdotal examples, we hypothesize that this is because the diversity

criterion in the maximum graph-cut summarization can help filter out some of the left-over

non-specific tokens that co-exist with the correct user keywords. To evaluate the effective-

4The pairwise Kappa value for inter-evaluator agreement ranged from 0.62-0.65, showing substantial
agreement.
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Table 4.2: Top-N Precision of Twitter User Interest Summarization Results from Different

System Components

Precision (%) top-1 top-3 top-5 top-10

PageRank 39.1 37.3 38.5 43.3

+ Non-specific Token Filter 84.6 81.9 80.7 76.3

+ GraphCut 85.8 84.0 81.8 76.2

ness of the redundancy reduction by maximum graph-cut, we computed and compared the

average pairwise semantic similarity5 among the top-N user interest summarization results

before and after maximum graph-cut is applied. The result is presented in Table 4.3. It is

shown that maximum graph-cut can effectively reduce the redundancy among the user in-

terest summarization result, on the top-10 result it achieves a semantic similarity reduction

among the output up to 14.2%.

Table 4.3: Average Pairwise Semantic Similarity among the Top-N keywords of Twitter

User Interest Summarization Results

Average Semantic Similarity top-3 top-5 top-10

+ Non-specific Token Filter 0.052 0.089 0.167

+ GraphCut 0.047 0.082 0.144

Reduction 9.6% 7.2% 14.2%

4.6 Summary

In this chapter, we designed a system to automatically summarize Twitter user interests by

extracting key words and phrases from his/her tweets. In this system, we introduce graph

representations of a user’s tweet collection that combine user-specific semantic information

5We use the same context-vector-based semantic similarity presented in previous sections, which has a
range of 0 to 1.
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and corpus-based background semantic information, and propose a two-stage graph-based

summarization algorithm that cascades PageRank and maximum graph-cut algorithms to

effectively incorporate the representativeness and diversity criteria in the summarization

result. We also designed a strategy to filter out uninformative tokens for user interest based

on their distributions across hashtags. The proposed system achieves promising results in

experiments, with a top-5 precision up to 81.8%.

Since the graphs for both PageRank and maximum graph-cut algorithms are built with

tweets from one user, their size is relatively small. Further, because both PageRank and

maximum graph-cut algorithms are efficient in computation, the memory requirement and

computational load for extracting one user’s interests is relatively low. In addition, the

algorithm process of extracting each user’s interests is independent of each other, thus they

can be run in parallel on different machines. Hence, the system has good scalability for

handling a large number of user interest extraction tasks.
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Chapter 5

ACTIVE LEARNING FOR SEMANTIC ORIENTATION
CLASSIFICATION

Semantic orientation classification is an important technology for opinion mining over

the large amount of user generated text on the internet, such as on-line forums, blogs,

review web sites and tweets. It can be used either by product or service providers to obtain

instant consumer feedbacks or by consumers to make well-informed shopping decisions.

Most previous research treated semantic orientation classification as a supervised machine

learning problem, applying text classification algorithms such as naive Bayes, maximum

entropy models and support vector machines [84], which typically require a large amount

of labeled data to train a model with high accuracy. While there are some genres for which

semantic orientation labels are easy to collect (e.g. reviews with user ratings), there are

many others for which there is little user-rated data. However, it can be expensive and time

consuming to annotate training data. To deal with this issue, researchers have sought ways

to minimize hand labeling efforts through active learning [17, 18], which aims to choose

data to label that is expected to provide the biggest improvement in system performance.

Active learning starts with a base model trained with a small labeled set and uses a query

strategy to select the most informative data samples (referred to here as instances) from

the unlabeled set. These instances are hand-labeled and added to the training set, and then

the process may be repeated to add another batch of data. The key to active learning is

the query strategy, which has received much attention in previous work; readers can refer to

[100] for a detailed summary. The most commonly used query strategies choose individual

instances that have the highest label uncertainty, e.g. as measured by entropy [101].

The strategy of choosing individual instances ignores the potential relatedness between

samples. In this work, we take advantage of a graph-based representation – specifically

an instance-word bipartite graph – to characterize the relatedness between data instances
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for semantic orientation classification. In this bipartite graph, we use words as a medium

to propagate semantic orientation information between data instances in order to explore

the relatedness between them. Using the graph, we introduce two new query strategies

that leverage relatedness. In one case, the relatedness is used to improve the uncertainty

estimates associated with individual instances, tightly integrating semantic orientation label

propagation as a semi-supervised learning algorithm with active learning. In the second case,

the relatedness is used in a batch query to extract instances with both high uncertainty

and diversity. In either case, the resulting models learned from the hand-labeled data

can be integrated with semantic orientation label propagation in a final stage. In general,

the proposed graph-based active learning framework has the advantages that it is easy to

incorporate prior lexical semantic orientation information and it is simple to compute in a

parallel framework such as MapReduce [24].

The rest of this chapter is organized as follows, Section 5.1 gives a literature review

of work on semantic orientation classification and active learning; Section 5.3 presents the

instance-word bipartitle graph representation we applied on semantic orientation classifi-

cation corpora and an outline of the proposed active learning framework based on that;

Section 5.4 introduces the label propagation algorithm in the context of semantic orien-

ation classificaiton, and Section 5.5 presents the two new graph-based active learning query

strategies. Experiments are presented and analyzed in Section 5.6, followed by a summary

of this chapter in Section 5.7.

5.1 Background

Semantic orientation classification is a well-studied topic, with related work falling into two

groups that leverage polarity lexicons [113, 47, 91, 117] vs. machine learning [84, 82]. This

work falls into the second group. Previous research on machine-learning-based semantic

orientation classification have explored features [93, 33, 69, 76], classifiers [104, 26, 72], and

domain adaptation [9, 63]. Our work focuses on active learning.

The key to active learning is the query strategy, i.e., the criterion to evaluate the infor-

mativeness of data instances in order to select the most informative ones to label. A brief

summarization of the query strategies explored in the existing literature is presented here.



64

The most commonly used query strategy is uncertainty sampling, which selects instances

with the most uncertain result under the current model. For a model that produces a

probability for each classification hypothesis, the uncertainty measure can be least confident

(minimum top 1 result probability) [21], margin sampling (minimum gap between top 1

and top 2 result probability) [101], or maximum entropy of the hypothesis distribution

[108, 14, 94, 134].

Version space reduction is another group of query strategies that has received extensive

study. It selects instances that once being labeled can lead to the maximum reduction of

the model’s version space [116]. For a support vector machine, this is equivalent to selecting

instances which are closest to the decision boundary [98, 109, 110]; for a Bayesian classifier

of a binary problem, it is to select the instance whose posterior probability produced by

the current learner is closest to 0.5 [50]. In some cases, these methods are equivalent to

uncertainty sampling. Other than specializing this criterion for specific types of learners, an-

other way to implement version space reduction selection is to create a committee of several

learners, and select instances which have the largest disagreement within the committee.

Query-by-Committee constitutes the committee by randomly sampling from the probability

distribution of the model, i.e. the version space, resulted from the labeled training data.

It has been applied to learners as perceptrons [32] and Naive Bayes [65]. Multi-view active

learning generates the committee by building several learners with different sets of fea-

tures, which was introduced as Co-Testing in [70, 71]. Active-Decorate [66] generates the

committee by successively augmenting the training set with artificially-generated instances

according to the distribution of the data space, and label instances with largest disagreement

in the current committee to train a new model and adding it to the committee.

Other widely employed query strategies includes expected error reduction, which builds

a loss function to estimate the error rate and selects instances that minimize the expected

error once it is labeled and added to the training set [95, 137, 35], and expected model change

which aims to select instances that once being labeled would bring the greatest change to

the current model. For machine learning models trained with gradient ascending/desending,

as conditional random field or maximum entropy, the expected gradient length can be used

as the measure for model change [101]. Co-EM [78, 11] can also be integrated into active
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learning as proposed in [44, 111].

Diversity and density are two query strategies that take the data distribution into con-

sideration. They are generally applied together with one or several of the other query

strategies introduced above. The diversity criterion selects instances from different region

of the data space to ensure their representativeness. It can be implemented by selecting

instances with the largest distance to the labeled data set [13, 6], or by clustering the un-

labeled data first and then selecting instances from each of these clusters [108, 77, 103, 46].

The density criterion selects instances from the densely distributed region of the data space,

so that labeling it can influence the classification results of more data instances. When a

pre-clustering is performed, the density can be measured by the inverse of the average intra-

cluster distance [108, 77]. It can also be implemented as selecting instances with maximum

mutual information with the rest of the unlabeled data [46, 35].

In active learning, the relatedness of individual instances can be accounted for by retrain-

ing the model after each instance is labeled, but this is not practical in most applications.

Instead, instances are usually added to the supervised set in a batch. Batch-mode active

learning was first explored by Hoi and colleagues [39, 38], maximizing the Fisher information

of the queried batch. Here, we use the graph structure to account for relatedness between

instances in a batch query strategy that moves beyond prior work by integrating uncertainty

with diversity and density.

The first query strategy we proposed is inspired by [51] which uses the maximum entropy

model to regularize label propagation for query classification. In contrast to [51], which

designs a co-training based semi-supervised learning strategy, we are aiming for an active

learning framework. This query strategy is related to the expected gradient length query

proposed for a conditional random field (CRF) in [102]. The latter uses the posterior

probability produced by the CRF to compute the expectation of the gradient length for the

CRF itself, while we take advantage of the framework that combines the maximum entropy

model and label propagation, and use the label propagation result to estimate the gradient

length.

The second query strategy we proposed is designed for batch-mode active learning set-

tings. Batch-mode active learning was first explored by Hoi and colleagues [39, 38], max-
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imizing Fisher information of the queried batch. Different from Hoi’s work, our approach

uses a graph-based corpus representation, which makes it easier to be incorporated with

label propagation or extended for parallel computation. Lin and Bilmes [54] studied batch

mode active learning with submodular graph functions for the problem of training hidden

Markov models for speech recognition. In addition to differences in the structure of the

graph (associated with differences in the applications), our approach differs in that it incor-

porates uncertainty, representativeness and diversity criteria as compared to the approach

in [54] which is mainly designed for representativeness.

Semi-supervised learning [135] provides another mechanism for leveraging large amounts

of unlabeled data in combination with some labeled data. For example, graph-based semi-

supervised learning can be employed by applying label propagation [136, 131] over a graph

built according to relatedness between data instances in the corpus [104], and passing the la-

beling information from labeled data instances to unlabeled ones. Zhu et al. [137] combined

active learning with graph-based semi-supervised learning strategy using a Gaussian field

to enhance an expected risk query strategy, assessed on both topic classification and other

tasks. A key difference in our approach vs. [137] (and vs. earlier work on active learning in-

tegrated with EM-based semi-supervised learning [64, 27]) is the use of model combination:

a maximum entropy model [79] trained from labeled data provides a regularizing prior in

combination with label propagation for graph-based semi-supervised learning.

Other researchers have applied both semi-supervised and active learning to semantic

orientation classification over the Amazon product review dataset, using an SVM [23] and

Active Deep Network [133]. We obtain higher accuracy, but the results are not directly

comparable since their work is on an early (smaller) version of that data set. While their

work did obtain larger relative gains due to active learning, our work starts with a much

better baseline (as well as consistently higher final performance). We claim that starting

from a better baseline provides a stronger result. On the Amazon review dataset, our

baseline achieves comparable performance with the result presented in [10], when the same

amount of training data are used.
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5.2 Base Classification Model

The semantic orientation of a piece of text (e.g. sentence or document) is expressed through

the semantic orientation of words in it. It can be viewed as a collaborative result of sentiment

evaluative characteristics of words, especially for words with strong semantic orientation,

as shown by examples in Figure 5.1.

Figure 5.1: Examples of lexical semantic orientation in sentence semantic orientation, where

red font indicates words with positive semantic orienation and blue font indicates words with

negative semantic orienation.

A simple but effective model for text semantic orientation classification is the “bag-

of-words” assumption, in which a sentence or document is represented as an unordered

collection of words, disregarding grammar and word order. It views the semantic orientation

of a piece of text as an accumulated result of lexical semantic orientation. The success of

the “bag-of-words” assumption in semantic orientation classification has been demonstrated

in a series of previous literature [84, 69, 117].

In this work, we also adopt this assumption and use maximum entropy model [79] as

our base model for semantic orientation classification. The maximum entropy model is a

discriminative classification model, formulated as:

P (y|x;λ) =
exp(

∑
k λkfk(x, y))∑

y exp(
∑

k λkfk(x, y))
, (5.1)

where fk(x, y) is the k-th feature of the model, and λk is the model parameter associated

with it. The parameters of the maximum entropy model are estimated using gradient ascent

with L2 regularization.
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In this work, we use unigram and bigram occurrences as features for the maximum

entropy model, which are widely used for semantic orientation classification. We filter out

unigrams and bigrams with frequency smaller than a given threshold (< 4) in the corpus,

and remove stopwords. To handle negations, we use the heuristic proposed in [84], where a

“NOT ” prefix is added to all unigrams occurring between a negation word and the closest

punctuation following it.

5.3 Bipartite Graph Representation

The “bag-of-words” assumption also provides us a way of using graphs to represent text, in

which a sentence or document can be represented by a node connecting to a group of words

that appear in it. A simple example of the graph representation of a sentence (S1) with

positive semantic ordination is illustrated in Figure 5.2. Note stopwords have been removed

before constructing this graph representation. Undirected edges in the graph indicate that

the semantic orientation information can be propagated in both directions: according to

the “bag-of-words” assumption, lexical semantic orientation forms the semantic orienta-

tion of a sentence, which corresponds to the semantic orientation information propagation

from word nodes to the sentence node. On the other hand, the semantic orientation of a

sentence constrains its choice of words, e.g. a sentence with positive semantic orientation

tends to contain positive words, which corresponds to the semantic orientation information

propagation from the sentence node to word nodes.

With the graph representation of a sentence or document, we can construct a bipartite

graph representation of a text corpus. As shown in Figure 5.3, the left side nodes represent

instances (sentences or documents), the right side nodes represent words. If a word occurs

in an instance, an edge is added between them. The edge weight can be set according to

prior knowledge of the word’s discriminative power for semantic orientation classification.

In experiments presented in this chapter, we set the weight of all edges as 1 due to lack of

sufficient prior knowledge on semantic orientation of words. Assuming there arem instances

and n unique words in the corpus, the graph can be represented by an (m+ n) × (m+ n)

adjacency matrix. Due to the bipartite structure, two blocks in this matrix will have zero
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Figure 5.2: Text graph presentation with “bag-of-words” assumption (stopwords are re-

moved in the graph representation)

values as shown below,  0 W

W T 0

 (5.2)

where W is an m × n matrix representing the connection weight from m instances to n

words.

This bipartite graph representation enables us to build a graph-based active learning

framework that captures the relatedness between instances in the corpus by using words as

a medium to propagate semantic orientation information among the instances. With this

graph, we can view each node (including instance nodes and word nodes) as both a source

and a receiver of semantic orientation information and design active learning query strategies

based on the semantic orientation information propagation result. We propose two active

learning query strategies for semantic orientation classification. The first query strategy

integrates label propagation as a semi-supervised learning method into the active learning

process. We use label propagation to fully propagate the semantic orientation information

from labeled instances to unlabeled ones, and use the result to query instances that are

expected to bring the most improvement to the maximum entropy model. The second

query strategy is specifically designed for a batch-mode active learning by incorporating

uncertainty criterion with the representativeness and diversity criteria. It queries a batch of
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Figure 5.3: Bipartite graph presentation of the text semantic orientation classification corpus
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instances that once being labeled will propagate the most semantic orientation information

to the rest of the unlabeled instances in the corpus. Both of the two active learning query

strategies share the same graph representation and algorithm infrastructure as the label

propagation algorithm, which makes it convenient to integrate the actively learned models

with label propagation in the classification stage.

5.4 Semantic Orientation Label Propagation

Label propagation [136, 131] is a graph-based semi-supervised learning strategy, which has

been studied in a number of works for various machine learning problems [132, 5, 107, 51,

120]. It is an important component in our proposed graph-based active learning framework.

We use label propagation to propagate semantic orientation information from labeled in-

stances or words to unlabeled ones. It serves as a key part in one of our proposed active

learning strategy, and will also be concatenated to the actively learned models in the clas-

sification stage to obtain further gain through this semi-supervised learning process. This

section gives a detailed introduction to our adoption of label propagation for propagating

semantic orientation information among instances in the corpus.

5.4.1 Label Propagation

Graph-based data representations have been studied extensively in previous work on la-

bel propagation as a semi-supervised learning method [136, 131]. Early work was based

on homogeneous graphs, where only instances are represented in the graph according to

their nearest-neighbor relations. Later studies applied it on bipartite graphs for various

applications, including Youtube video recommendation (user-video graph) [5] and query

classification (query-link graph) [51, 120]. The instance-word bipartite graph data repre-

sentation used in our work is inspired by these studies and other work on semi-supervised

semantic orientation classification [104]. Below we gives a brief introduction to the label

propagation algorithm in the context of the semantic orientation classification.

Given the instance-word bipartite graph presented in the previous section, according

to label propagation, each node i has an adjustable semantic orientation class “likelihood”

vector Ii (for an instance node) or Fi (for a word node), where each element Ii,y and Fi,y is
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Algorithm 1 Label Propagation

Initialize I(0) and F (0);

repeat

F (n) = αW̃ T I(n−1) + (1− α)F (0);

I(n) = αW̃F (n−1) + (1− α)I(0);

until ∥I(n) − I(n−1)∥ < ϵ

Normalize I∗ = I(n) and output the semantic orientation posterior probability Pprop(y|x)

for each instance node.

a non-negative real number that when normalized gives the posterior probability of a node

belonging to a semantic orientation class y. Let I denote a matrix with the i-th row as

Ii and I
(0) as the semantic orientation class prior used to initialize I, and similarly for F ,

Fi, and F
(0). The label propagation process can then be defined as shown in Algorithm 1,

where W̃ = D−1/2W (D−1/2)T is the normalized adjacency matrix from the instance nodes

to word nodes and D is a diagonal matrix with its (i, i) element equal to the sum of the i-th

row of W . According to this algorithm, in each iteration I(n) and F (n) are updated as a

weighted sum (0 < α < 1) of the propagation from the node’s neighbors and its prior. The

iteration continues until it converges, and the normalized semantic orientation class vector

of an instance node gives the posterior semantic orientation distribution of that instance.

This label propagation process is an efficient computation that is convenient to imple-

ment in a MapReduce system for parallel programming, which enables it to handle large

data corpora.

5.4.2 Regularizing Semantic Orientation Label Propagation with Prior Knowledge

As shown by [131], the label propagation defined in Algorithm 1 will converge to the opti-

mum result by minimizing the objective function

Q(N) = α
n+m∑
i,j=1

wi,j∥
1√
Dii

Ni −
1√
Djj

Nj∥2

+(1− α)
n+m∑
i=1

∥Ni −N (0)
i ∥

2
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where Ni represents node i’s semantic orientation class likelihood vector (i.e., it is Ii for

an instance node and Fi for a feature node). The first term in this objective function

is the smoothness constraint, preferring a result that does not change too much between

neighboring nodes, i.e. instances sharing the same words tend to have the same semantic

orientation. The second term can be seen as a regularization term; it prefers a result

that does not deviate too far from its semantic orientation prior. With proper priors, this

regularization can help prevent propagating errors through the graph [51].

In the semantic orientation classification experiments, we use the maximum entropy

model result and lexicon semantic orientation knowledge to regularize the label propagation.

The two types of nodes in the bipartite graph (instances and words) are treated differently

when setting the priors for label propagation:

For the instance nodes, the label propagation is regularized by a maximum entropy

model. Specifically, if the instance is unlabeled, its prior F (0)(x) is set to be the poste-

rior semantic orientation distribution P (y|x;λ) produced by the maximum entropy model;

otherwise, it is set as their label indicator vector l(y|x).

For the word nodes, the setting of their priors provides a chance to introduce an outside

source of lexicon semantic orientation information. The word node’s prior can either be set

with a knowledge-based strategy, using a polarity lexicon from a human-edited semantic

orientation dictionary, or with a data-driven strategy, using a polarity lexicon obtained

by mining on-line resources [117]. In this work, we adopt the knowledge-based strategy.

We use the Inquirer1 semantic orientation lexicon list, which contains 1,915 positive words

(Inquirer Positiv category) and 2,291 negative words (Inquirer Negativ category). For words

on this list, we set the semantic orientation prior as their semantic orientation label indicator

vector. For words outside this list, they are initialized with the uniform distribution and

then updated with the label propagation semantic orientation posterior obtained in the

previous active learning iteration.

1http://www.wjh.harvard.edu/∼inquirer
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5.5 Graph-based Active Learning Query Strategies

Most traditional uncertainty-based active learning query strategies are optimized for select-

ing one instance at a time, ideally the model should be retrained after querying every single

instance. However, this will lead to too many active learning iterations (a query→label

→retrain cycle), which is usually not practical in application scenarios. First, many ma-

chine learning models do not support on-line training or perform less effectively under on-line

training settings, and frequently retraining the model with all labeled data can be expensive.

Second, small sample active learning iterations may pose difficulties for managing annotator

working hours. Hence, in our proposed framework, the active learning is carried on in a

batch mode, where a group of instances are queried at each active learning iteration.

Let L be the labeled set of instances, U be the unlabeled instance pool, λ be the max-

imum entropy model and G be the graph representation. The batch mode active learning

will select a batch set B for human labeling from U according to a query strategy ψ(B, λ,G).

We assume that the batch size at each algorithm set is |B| = N . The overall active learn-

ing process is described in Algorithm 2. We propose two graph-based query strategies

within this framework: i) maximum gradient length, and ii) batch network gain, the lat-

ter is specifically optimized for this batch mode active learning. Label propagation based

semi-supervised learning is incorporated in the query strategy when the maximum gradient

length approach is used. It can also be used in the classification stage for either approach

with the maximum entropy model providing regularization.

5.5.1 Maximum Gradient Length Query

The first active learning query strategy we proposed is the maximum gradient length query.

It incorporates label propagation as a graph-based semi-supervised learning method to

leverage large amounts of unlabeled data to help select the most informative instances

for the maximum entropy model. This query strategy views labeled instances and words

as the original sources of semantic orientation information. During each active learning

iteration, we apply label propagation on the bipartite graph representation of the given

corpus, which propagates semantic orientation information from currently labeled instances
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Algorithm 2 Graph-based Active Learning Framework

Given: the initial labeled set L, the unlabeled set U , the graph G, the query strategy

ψ(B, λ,G), and batch size N ;

repeat

// train maximum entropy model λ

λ = train(L);

// find B according to the query strategy

B∗ = argmax|B|=N,B⊂U ψ(B, λ,G);

L← L ∪B∗; U ← U −B∗;

until meet the labeling budget

// Train model with labeled samples

λ = train(L)

and words to unlabeled ones. The propagation results on the unlabeled instances are used

to help query the instances that once being labeled will bring the largest improvement to

the maximum entropy model. We assume that the instances that bring large changes to the

current model tend to improve it the most. For a maximum entropy model, parameters are

estimated by maximizing the log likelihood L(y|x;λ) = logP (y|x;λ) with gradient ascent,

thus the gradient length induced by an instance can be used as measure of the change it

brings to the model during the training process. The gradient of the maximum entropy

model log likelihood induced by instance x is computed as

∂L(y|x;λ)
∂λk

= EP̃ (x,y)[fk(x, y)]− EP (y|x;λ)[fk(x, y)] (5.3)

where P̃ (x, y) is the empirical distribution of the data and EP [·] denotes expectation with

respect to distribution P . Thus

EP̃ (x,y)[fk(x, y)] =
∑
y

l(y|x)fk(x, y) (5.4)

where l(y|x) is the label indicator of instance x. Then we can select instances that has the

largest the gradient length ∥ ▽ L(y|x;λ)∥ to query for their labels.
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However, for unlabeled instances, we do not know their true labels to estimate the

empirical distribution EP̃ (x, y)[fk(x, y)]. Here we propose to approximate EP̃ (x, y)[fk(x, y)]

with the label propagation output Pprop(y|x). We have two options to utilize the label

propagation result in computing the maximum entropy model gradient: First, we can use

the posterior classification distribution Pprop(y|x) produced by label propagation as a soft

decision to replace l(y|x) in Equation 5.4:

EP̃prop(x,y)
[fk(x, y)] =

∑
y

Pprop(y|x)fk(x, y) (5.5)

Note that ∥ ▽ L(y|x;λ)∥ computed with Equation 5.5’s approximation corresponds to the

length of the expected gradient, which is not strictly the same as the expected gradient

length used in [102], which would use the posterior distribution of the current maximum

entropy model to estimate the gradient length. Alternatively, we can use the classification

decision indicator vector D(Pprop(y|x)) of label propagation as a hard decision to replace

l(y|x) in Equation 5.4:

EP̃prop(x,y)
[fk(x, y)] =

∑
y

D(Pprop(y|x))fk(x, y) (5.6)

With the estimated gradient length ∥▽L(y|x;λ)∥, we can select top-N instances (indicated

using the N argmax notation) with maximum gradient length to query for their labels

according to algorithm 3, i.e. ψ(B, λ,G) =
∑

x∈B ∥ ▽ L(y|x;λ)∥.

Algorithm 3 Maximum gradient length query strategy

Given: labeled set L, unlabeled set U , and batch size N

// Run regularized label propagation over L ∪ U

Pprop(y|x) = propagation(L ∪ U |P (y|x;λ));

// Map unlabeled samples to soft or hard labels l(y|x)

l(y|x) = Pprop(y|x) or D(Pprop(y|x));

B = N argmaxx∈U∥ ▽ L(y|x;λ)∥;
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5.5.2 Maximum Batch Network Gain Query

The maximum batch network gain query is a query strategy optimized for the batch mode

active learning; it combines representativeness and diversity criteria with the traditional un-

certainty criterion. Representativeness and diversity are two complementary criteria to the

uncertainty criterion, which take into account the interdependence between instances in the

corpus. For example, an instance with high classification uncertainty can also be an outlier

point, in which case labeling it will give little help for classifying other instances. Hence,

we would like to have the labeled instances be representative in the corpus, i.e., choosing

instances located in an area of the feature space with densely distributed instances. In

batch mode active learning, we also want to increase the instance diversity in the queried

batch to reduce labeling redundancy. The proposed maximum batch network gain query

incorporates the two criteria and selects the batch set by maximizing the network gain as-

sociated with labeling instances in the batch, leveraging the bipartite graph representation.

This query strategy views instances in the queried batch as the original source of semantic

orientation information. In each active learning iteration, it selects a batch of instances that

once being labeled will propagate the most semantic orientation information to the rest of

the unlabeled instances in the corpus.

For each unlabeled instance i in S, we use its semantic orientation class distribution

entropy to measure the individual gain of semantic orientation information by querying its

label:

H(i) = −
∑
y

P (y|xi;λ) log(P (y|xi;λ)), (5.7)

where P (y|xi;λ) is i’s semantic orientation class distribution produced by the maximum

entropy model.

Inspired by label propagation, we approximate the gain of querying a batch by propa-

gating the individual gain of querying instances in it through the graph to other unlabeled

instances. We compute the effective weights between instances aji = [W̃W̃ T ]ji, where W̃

is the normalized adjacency matrix from the instance nodes to feature nodes. In other

words, aji sums all normalized paths from queried instance i to unlabeled instance j in the

bipartite graph, incorporating all words they have in common. Computing aji is analogous
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Figure 5.4: Propagation of semantic orientation information gain through the bipartite

graph.

to one step of label propagation, as shown in figure 5.4, the words are used as a medium to

propagate the gain from labeling individual instances.

The effective weights between instances can be used to evaluate their relatedness. With

this idea, we define the batch network gain NG(B) as:

NG(B) =
∑

j∈U−B,i∈B
ajiH(i)− µ

∑
i,k∈B,i ̸=k

akiH(i) (5.8)

where the first term represents the impact of the information gain from querying the batch

on the rest of the unlabeled set, i.e., the semantic information propagated from nodes in the
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queried batch to the rest of the unlabeled instances, and the second term compensates for

the redundancy between nodes in the batch with penalty term µ. For experiments in this

paper, we set µ = 1. The batch network gain criterion integrates uncertainty (through the

use of the node entropy term H(·)) with representativeness (via the first term) and diversity

(via the second term).

In each active learning iteration, we select the batch with maximum NG(B) to query

for their labels, i.e. ψ(B, λ,G) = NG(B). To solve this maximizing problem, we can see

A = [aij ] as an adjacency matrix of a new graph consisting of only the instances nodes,

then maximizing the first term of Equation (5.8) is equivalent to maximize the graph cut

between B and U−B given B’s size. This is a submodular problem [74], which can be solved

near-optimally with a greedy algorithm [54]. Similarly, Equation (5.8) is also submodular,

therefore we can select the active learning batch with the following greedy algorithm 4.

Algorithm 4 Maximum batch network gain query

Given: unlabeled set U , batch size N

Initialize B = ∅;

repeat

k = argmaxi∈U NG(B ∪ {i})

B ← B ∪ {k}, U ← U − {k}

until |B| = N

5.6 Experimental Results

To assess the effectiveness of the proposed active learning framework, we applied it using two

semantic orientation review datasets, including the document-level Amazon product review

dataset that includes multiple domains, and the sentence-level movie review dataset. Two

sets of experiments were run to study different configurations of the two proposed graph-

based query strategies. For conciseness, only results on the most difficult task (Amazon

book reviews) are presented. Then we present trends for the proposed system compared

to several contrasting cases over various domains from the two semantic orientation review
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datasets.

5.6.1 Data

1. Amazon product reviews:

The Amazon product review dataset is the “Multi-domain semantic orientation dataset

v2.0” introduced in [10]. This dataset consists of Amazon product reviews from 4 domains,

including books, dvds, electronics, and kitchen. Each domain contains 5k-6k user reviews

with balanced positive/negative classes. In our experiments, we conducted a 5-fold cross

validation for each of the 4 domains. In each fold, we divided the domain dataset into a test

set (1/5 of the dataset documents), an initial training set (500 documents), and an active

learning instance pool with the rest of documents in this corpus. The batch size for each

active learning iteration is 250.

2. Movie reviews:

The movie review dataset is the “sentence polarity dataset v1.0” introduced in [83]. This

dataset consists of sentences extracted from http://www.rottentomatoes.com/ user re-

views. It has two tasks, the positive/negative classification task and the subjective/objective

classification task, each has 10k sentences with balanced classes. In our experiments, we

performed a 5-fold cross-validation for each of the two tasks. In each fold, we divided the

task dataset into a test set (1/5 of the dataset sentences), an initial training set (1k sen-

tences), and an active learning instance pool with the rest of sentences in this corpus. The

batch size for each active learning iteration is 500.

5.6.2 Maximum Gradient Length Query: Settings for Estimating Gradient Length

For the maximum gradient length query proposed in Section 5.5.1, we compare there possible

settings to estimate the gradient length in this query strategy: soft decisions (Equation 5.5),

hard decisions (Equation 5.6), and maxent prob which is to use the posterior distribution

produced by the current maximum entropy model instead of label propagation to estimate

the gradient length. The results on the positive/negative task in the Amazon book review

domain are presented in Figure 5.5, with a comparison to random selection as a baseline.
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Figure 5.5: Performance using maximum gradient length query with soft decisions, hard

decisions and maxent prob compared to the random baseline.

It is shown that estimating the gradient length from label propagation with hard deci-

sions significantly outperforms the baseline, while the soft decision version obtains perfor-

mance worse than the baseline. To study the reason for the soft decision’s failure, we ana-

lyzed the label propagation results from the first active learning iteration. Let Pprop(y = 1|x)

denote the posterior probability of being positive semantic orientation produced by label

propagation. In Figure 5.6, we show the relative frequency of positive semantic orientation

labels for different bins of the posterior Pprop(y = 1|x). An unbiased posterior would have

relative frequencies that match the diagonal line. We see that label propagation tends to

converge with distributions that are not confident and thus biased, leading to poor estimates

of the gradient length. The bias is such that the decisions associated with these posteriors

are more often correct than predicted, which may explain why hard decisions being more

effective than soft decisions.

Figure 5.5 also shows that estimating the gradient length from label propagation with
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Figure 5.6: Bias of posterior probability produced by label propagation.

hard decisions achieves better performance than with the maximum entropy model pos-

terior distribution. This is because the former combines the outputs from both the label

propagation and maximum entropy model, while the latter only uses the output from the

maximum entropy model along and thus has less accurate judgement on sentiment classes

of unlabeled instances when estimating the gradient length.

Hence, in subsequent experiments, we only present results using the maximum gradient

length query with a hard decision.

5.6.3 Maximum Graph-cut vs. Maximum Batch Network Gain

Recall that the maximum batch network gain query integrates the uncertainty criterion

with the representativeness and diversity criteria in the query strategy by propagating the

individual instance gain H(i) through the graph (equation 5.8). If we modify Equation (5.8)

setting H(i) to be 1 for all instances in the queried batch, we eliminate the uncertainty

component of the criterion and obtain a simple “diversity and density” criterion that is the
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Figure 5.7: Performance of maximum batch network gain and maximum graph-cut queries,

compared to a random baseline.

counterpart of the maximum graph-cut query [54] in the general text classification setting.

Figure 5.7 compares these two methods on the Amazon book review data, together with the

random selection baseline. As expected, the addition of the uncertainty component leads

to improved results. The maximum graph-cut query alone does no better than the random

baseline, indicating that relying on graph structure alone is not effective for active learning

for this task where the graph is determined by feature co-occurrence.

5.6.4 Comparison across Different Domains

In this section, we systematically evaluate the proposed query strategies for active learning

over different domains, including two tasks in the movie review dataset, and the four domains

from the Amazon product review dataset. For each domain, we conducted six active learning

iterations, which used 10%-40% of the data to train the model.



84

Comparison of Query Strategies

We first made a direct comparison of the different query strategies. In our experiment, the

following four systems are compared, which are all based on the maximum entropy model

and use its outputs as the final decisions:

• Random query [Baseline]

This system uses random selection to choose instances to label in each iteration. This

is a standard baseline for active learning; building on uninformed labeling of data is

essentially not using active learning.

• Uncertainty query [ActiveEnt]

This system applies the widely used uncertainty query, specifically the variation based

on entropy (equation 5.7), which is equivalent to the least confident and marginal

sampling query strategies for binary classification problems.

• Maximum gradient length query [ActiveMGL]

This system applies the maximum gradient length query with a hard decision based

on label propagation results.

• Maximum batch network gain query [ActiveBNG]

This system applies themaximum batch network gain query with redundancy penalties

as in equation (5.8).

Table 5.1 summarizes the average absolute accuracy gain and relative error reduction of

the three other systems over the [Random] baseline system in the first six active learning

batches. Both the proposed maximum gradient length and maximum batch network gain

queries outperform the random query baseline. By leveraging the larger dataset through

label propagation, the maximum gradient length query obtains better performance than

uncertainty query on all domains except on the Amazon electronics domain. The maximum

batch network gain query consistently outperforms the uncertainty query, which does not

account for interdependence between individual instances in the batch. It also outperforms
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maximum gradient length on all the tested domains except the Amazon book domain, for

which none of the differences are significant.

Classification Enhanced with Label Propagation

In this section, we integrate label propagation into the semantic orientation classification

process to enhance the performance of the four systems described above, and compare dif-

ferent query strategies under this new setting. Specifically, we apply the regularized label

propagation after obtaining the maximum entropy posterior, and use the label propaga-

tion result as the final system output. The random query system with label propagation

corresponds to semi-supervised learning alone, i.e. without active learning. The four semi-

supervised systems are again compared to the baseline system (random query without label

propagation).

Figures 5.8-5.13 present the experimental results in each domain respectively. The hori-

zontal dash line in each figure represents the random query baseline system’s perform after

the sixth active learning iteration. Table 5.2 summarizes the average absolute accuracy gain

and relative error reduction of the four other systems over the [Random] baseline system in

the first six active learning batches. Compared with results in Table 5.1, systems with all

query strategies get a performance boost with the label propagation. With label propaga-

tion, both maximum gradient length and maximum batch network gain queries significantly

outperform the baseline across all domains. With one exception, all strategies combining

active learning and semi-supervised learning improve over semi-supervised learning alone,

The maximum batch network gain query has relatively stable performance, which con-

sistently outperforms all other systems on the tested domains, except for the maximum

gradient length query on the Amazon book domain. The maximum batch network gain

not only benefits the maximum entropy model (indicated by the results in Table 5.1), but

also label propagation by choosing well-connected instances in the “key” paths of the label

propagation.

The improvement margin associated with integrating label propagation is relatively

larger on the movie review dataset than the other four domains from the Amazon review
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Figure 5.8: Performance on Amazon product review (books)

dataset. This is because the movie review data is on the sentence-level, which on average

has a much smaller number of features as clues for semantic orientation judgment per in-

stance, thus the data sparseness problem is more severe for this dataset. Hence, leveraging

the unlabeled data with label propagation can bring more “mileage” to this dataset than

the Amazon review dataset, which is on the document-level.

Figure 5.14 compares the percentage of the required training data amount relative to

the random query [Baseline] system for the other 4 compared systems to reach the per-

formance of the [Baseline] system on the 6th iteration. It is shown that the both the

[ActiveMGL+LProp] and [ActiveBNG+LProp] systems need only 50%-75% of the data re-

quired by the [Random] baseline system to reach its performance on the 6th iteration; and

they also require less training data than the other systems to achieve this goal on most of

the tested domains.
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Figure 5.9: Performance on Amazon product review (dvd)

5.7 Summary

In this chapter, we have proposed a graph-based active learning framework that integrates

label propagation based semi-supervised learning with a maximum entropy model. Based

on this framework, we design two active learning query strategies that aim to account for

interdependence between samples through a bipartite graph structure. One method uses

label propagation through the graph to improve the evaluation of usefulness of individual

samples. The other method uses the graph to incorporate diversity and representativeness

into the selection criterion referred to as batch network gain. Experiments with and with-

out label propagation in testing stage in order to understand the impact of semi-supervised

learning. The success of the batch network gain method in both cases suggests that it is

not semi-supervised learning per se that is leading to the performance gains, but rather the

representation of interdependence between samples. This finding would support investiga-

tion of different graph structures for this and other tasks, as well as tight integration of

semi-supervised learning into the network gain model.
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Figure 5.10: Performance on Amazon product review (electronics)
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Figure 5.11: Performance on Amazon product review (kitchen)
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Figure 5.12: Performance on movie review (positive/negative task)
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Figure 5.13: Performance on movie review (subjective/objective task)
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Figure 5.14: Percentage of the required training data relative to the [Random] base-

line system for [Random+LProp], [ActiveEnt+LProp], [ActiveMGL+LProp] and [Ac-

tiveBNG+LProp] to reach the baseline system’s performance on the 6th iteration
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Chapter 6

SUMMARIZATION AND FUTURE DIRECTIONS

6.1 Summarization of Contributions

6.1.1 General Contributions

This thesis focuses on graph representation and algorithms for applying lexical semantics

in computer-based automatic natural language processing tasks. We explore strategies for

using graphs to represent natural language text based on contextual relations between words

and/or other higher-level natural language units (e.g. sentences and documents). We work

with two types of contextual relations when building graph representations for specific NLP

applications: the word sense definitions in dictionary and word co-occurrence in higher-level

language units. In the graphs, words and/or higher-level language units are represented with

nodes, and edges are added between them according to their textual context to indicate

their relatedness in semantics. We design two types of graph representations for specific

NLP applications: the word-word graph which is used for modeling the semantic relations

among words, and the instance-word bipartite graph which uses words a medium to study

the relatedness among higher-level language units in natural languages. In this way, we

can embed the semantic relations among words and/or higher-level language units into the

graph structure.

With the proposed graph representations, we develop a series of algorithms to propagate

semantic information among words or among higher-level language units via words in graphs,

in order to explore the relatedness between words or higher-level language units in natural

language text. The relatedness is used in designing unsupervised, semi-supervised or active

learning algorithms to reduce human supervision in NLP applications for harvesting or

analyzing text data resources. Specifically, we design graph-based algorithms either for

quantitatively assessing lexical semantic similarity, or for developing representativeness and

diversity criteria for selecting a characteristic subset of terms, which is useful for problems
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such as keyword summarization and query design for active learning.

6.1.2 Application Advances

This work focuses the study of lexical semantics and graph algorithms on three NLP ap-

plications, including Wiktionary semantic similarity extraction, Twitter user interest sum-

marization and active learning for semantic orientation classification. The graph-based

representation and algorithms for lexical semantics lead to advances in all three cases.

For Wiktionary lexical semantic similarity extraction, we design graph-based algorithms

to develop lexical semantic similarity measures from Wiktionary. We propose a word-word

graph representation of Wiktionary based on its word sense definitions (WikNet), and study

its graph properties. We apply a series of graph-based similarity measures to assess lexical

semantic similarity in WikNet, and develop a new lexical semantic similarity measure (Syn-

onym J0-XJaccard) based on a combination of n-step semantic similarity propagation and

synonym information in Wiktionary. We demonstrate this new lexical semantic similarity

measure obtains comparable performance with its WordNet-based counterparts on three

human-rated lexical semantic similarity datasets. We further evaluate the performance of

the WikNet-based lexical semantic similarity measure with the WordNet-based measures in

two NLP applications, including paraphrase identification in news articles and alignment

identification in web forum discussions. Experiments show that the WikNet-based Synonym

J0-XJaccard measures consistently outperforms its WordNet-based counterparts.

For Twitter user interest summarization, we develop a system based on graph algorithms

to summarize a Twitter user’s interest and preferences in terms of keywords extracted

from his/her tweets. We propose graph representations of the collection of a user’s tweets

based on lexical semantic similarity and word co-occurrence in tweet context, and design

a new summarization algorithm that cascades an ∞-step random walk based semantic

information propagation algorithm (PageRank) and a maximum graph-cut based 1-step

semantic information propagation algorithm, which integrates both representativeness and

diversity criteria in the summarization results. Experiments demonstrate that the proposed

summarization system achieves high precision in the keyword summarization result.



95

For active learning for semantic orientation classification, we propose a graph-based ac-

tive learning framework. We apply an instance-word bipartite graph representation for the

semantic orientation classification corpora, and design two new graph-based query strategies

that account for the instance relatedness for batch-mode active learning. The first query

strategy tightly integrates an∞-step random walk based semantic information propagation

as a semi-supervised learning method to improve the uncertainty estimates associated with

individual instances. The second query strategy is designed with a maximum graph-cut

based 1-step semantic information propagation that combines the uncertainty criterion to-

gether with the representativeness and diversity criteria. The proposed graph-based active

learning framework outperforms the standard active learning baseline on the semantic ori-

entation classification task over a movie review dataset and an Amazon product review

datasets covering four different product domains.

6.2 Future Directions

There are several directions we can pursue as future work of this thesis. First, we can

extend the work in this thesis to more languages. Although the NLP corpora we studied in

this work is in English, the proposed graph-based frameworks and algorithms for exploring

lexical semantics in NLP applications are general across languages, and online dictionaries

(including Wiktionary) are available in many languages. Second, we can develop new types

of graph representations that combine the word-word graph and word-sentence (or other

higher-level language unit) graph to leverage semantic information from difference sources.

For example, starting with a word-sentence bipartite graph built from a text classification

corpus, we can also connect the word nodes according to their sense definitions in Wik-

tionary. In this way, we can incorporate the semantic information from Wiktionary to help

the text classification task.

Besides the general graph representation and algorithm framework, We can also extend

our work in each of the three NLP applications.

For future work with WikNet, we can incorporate more information from Wiktionary to

assess lexical semantic similarity. For instance, we can integrate the “derived terms” and

“related terms” information from Wiktionary and the hyponym-hypernym relation from
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Wiksaurus into the lexical semantic similarity measure. In addition, the current version of

the WikNet-based semantic similarity measures is based on word-level nodes that merge

links from all senses of a word; in future work we can extend this to sense-dependent nodes.

We can apply the sense-dependent lexical semantic similarity measure derived from WikNet

in applications such as word sense disambiguation. Alternatively, we can use a weighted

combination of scores for different senses depending on context.

For future work with Twitter user interest summarization, we can place an inference

layer on top of the word-level summarization. For instance, if “Manchester United” and

“Arsenal” are extracted as user keywords, our system should also output “soccer” as a

derived keyword for this user, though it may not appear in his/her tweets. This inference

layer can improve the generalization of the summarization result, which can be more helpful

for applications as following recommendation. In addition, we can incorporate semantic

orientation classification into the user interest summarization result, so that we can associate

the user interest keywords together with the user’s affection towards them.

For future work with active learning for semantic orientation classification, we can apply

and evaluate the proposed framework to genres other than movie or product reviews, such

as tweet and facebook status. Second, we can develop active learning strategies for more

resource-limited scenarios, for example, building a semantic orientation classification start-

ing with only a semantic orientation lexical list without any annotated instances. Finally,

we can extend the active learning framework to other text classification tasks, such as topic

classification, alignment identification, political orientation classification, and so on.
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