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Abstract

COLLABORATIVE RANKING AND COLLABORATIVE CLUSTERING
by
Zheng Chen
Adpviser: Professor Heng Ji

Ranking and clustering are two important problems in machine learning and have
wide applications in Natural Language Processing (NLP). A ranking problem is
typically formulated as ranking a collection of candidate “objects” with respect to
a “query” while a clustering problem is formulated as organizing a set of instances
into groups such that members in each group share some similarity while members
across groups are dissimilar. In this thesis, we introduce collaborative schemes into
ranking and clustering problems, and name them as “collaborative ranking” and
“collaborative clustering” respectively. Contrast to the tradition non-collaborative
schemes, collaborative ranking leverages strengths from multiple query collabo-
rators and ranker collaborators while collaborative clustering leverages strengths
from multiple instance collaborators and clusterer collaborators. We select sev-
eral typical NLP problems as our case studies including entity linking, document

clustering and name entity clustering.
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Chapter 1

Introduction

Our human society is a connected network consisting of individuals. We are leveraging others’
expertise from time to time. For example, before we make important financial, shopping and
medical decisions, we often ask opinions from our family members, friends, professionals and
experts. The motivation of doing so is to gain more confidence in making a right decision
by evaluating, weighing opinions from various people and combining them through our own
thinking process. We not only benefit from others’ intelligence, but also contribute ourselves
by collaborating with others in a team or group. Our society can make progress not because of
any individual’s success, but because of the common efforts from many people.

The collaborative idea of leveraging “crowd intelligence” has been explored in Natural
Language Processing (NLP) and machine learning. For example, many NLP (e.g., information
extraction) techniques have gone beyond the limitation of single document and now start tak-
ing advantages of redundant and complementary information contained in multiple documents.
With the explosive increase of data on the web, the same facts no longer exist on their own and
they are expressed in different forms in multiple topically-related documents. In machine learn-
ing, ensemble-based approaches have been proposed for classification, clustering and ranking
problems [38, 76, 85, 91]. For example, co-training [5] leverages two collaborative classifiers
each of which is learned from a single view of the data.

In this thesis, we present two collaborative learning schemes, namely, “Collaborative Rank-

ing” (CR) for ranking problems, and “Collaborative Clustering” (CC) for clustering problems.



1. Introduction

We briefly describe the basic ideas of the two collaborative learning schemes in section 1.1
and section 1.2 respectively, by answering the following questions: (1) what are the intuitions

behind the ideas? (2) what are exactly the ideas?

1.1 Collaborative Ranking

A ranking problem is typically formulated as ranking a collection of candidate “objects” with
respect to a “query”. The relative order of objects in the list can represent the likelihood of
relevance, preference, depending on applications. In information retrieval, a “query” is typ-
ically a string while a candidate “object” is a web page. In this thesis, we have generalized
the meanings of query and candidate object which can be varied in different natural language
processing tasks. For example, parsing can be formulated as ranking multiple possible pars-
ing trees with respect to a sentence (query) [10, 24, 46], machine translation can be formu-
lated as ranking multiple translation hypotheses (objects) with respect to a source sentence
(query) [70, 81], anaphora resolution can be formulated as ranking multiple antecedents with
respect to an anaphora (query) [95], question answering can be formulated as ranking multiple
possible answers (objects) with respect to a question (query) [74], guided summarization can
be formulated as ranking multiple sentences (objects) from various topically related documents
with respect to a topic (query)'. If not specified, the query and candidate object discussed in
this thesis are “generalized query” and “generalized candidate object”.

In order to illustrate our collaborative ranking idea, let us consider the following scenario:

Mr. Turner desires to buy a camera so that he can take pictures when he travels.
A rational way to help him make a decision is to make a check list such that he
can evaluate all the important features of a camera, for example, brand, production
date, weight, size, max resolution, optical zoom ability, LCD screen size, battery
life, storage size etc. Unfortunately, like most of novices in photography, Mr.
Turner does not know much about those technical specifications except some basic

ones. Therefore one reasonable way to help him is to focus on some most important

Thttp://www.nist.gov/tac/2011/Summarization/Guided-Summ.2011.guidelines.html



1. Introduction

features he can understand and for each feature, an autonomous agent can present
him a ranking of cameras. For example, by the feature of price, an agent can
show him a ranking from the cheapest to the most expensive; by the feature of
production date, an agent can show him a ranking from the latest model to the
oldest; by the feature of customer review, an agent can let him know a ranking
from five star to one star. Finally, given all those rankings, he needs to make a
compromise and choose the one which best fits him. To conclude, the final decision
is reached by coordinating multiple rankings from various collaborative agents. An
alternative way is to find out some customers who are most similar to Mr. Turner
from various aspects, e.g., age, budget of buying a camera. The solution is simple,
Mr. Turner can be recommended with a camera which has been bought most by

those customers who are similar to Mr. Turner.

In the above scenario, we see two types of collaborations that lead to a final decision. The
first type of collaboration comes from multiple autonomous agents which provide multiple
rankings, and the second type of collaboration comes from multiple customers that are similar
to Mr. Turner.

Similarly, our collaborative ranking scheme aims to seek collaborations from two levels:

(1) query-level: search a group of query collaborators, and make the joint decision from
the group containing the collaborators and the query. This can be compared to the second type
of collaboration in the example in which those customers who have similar preferences as Mr.
Turner can be considered as his query collaborators.

(2) ranker-level: design a group of multiple rankers, and make the joint decision from
multiple rankings. This can be compared to the first type of collaboration in the above example
in which each autonomous agent can be considered as a ranker.

Figure 1.1 presents an intuitive illustration of 5 ranking approaches, including traditional
non-collaborative ranking, and 4 collaborative ranking forms: micro collaborative ranking
(MiCR), macro collaborative ranking (MaCR), micro-macro collaborative ranking (MiMaCR)
and macro-micro collaborative ranking (MaMiCR).

Compared with traditional non-collaborative ranking that only leverages the information
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Figure 1.1: Non-collaborative ranking and four collaborative ranking approaches.

contained in the query and only applies one ranking function (Figure 1.1 (a)), the 4 collaborative
ranking approaches have the following advantages:

(1) MiCR (corresponding to query-level' collaboration) leverages the information contained
in the collaborators of a query. Figure 1.1 (b) demonstrates that 6 query collaborators together
with the query form a query collaboration group and the ranking score for each candidate object
is computed based on the query collaboration group using a singleton ranker.

(2) MaCR (corresponding to ranker-level® collaboration) integrates the strengths from two
or more rankers. Figure 1.1 (c) demonstrates an example of 3 rankers and the ranking score for
each candidate object is computed based on the isolated query using 3 rankers.

(3) MiMaCR combines the advantages from MiCR and MaCR as shown in Figure 1.1 (d).
The ranking score for each candidate object is computed based on the query collaboration group
using 3 rankers.

(4) MaMiCR also combines the advantages from MaCR and MiCR as shown in Figure
1.1 (e), but it differs from MiMaCR in that MiMaCR applies multiple rankers on the query
collaboration group, while MaMiCR applies multiple rankers on each member in the query
collaboration group.

We make the following hypotheses:

(1) A ranking problem can benefit from redundant and/or complementary information con-

'Query is normally expressed by a small-scale data structure, so we call it micro.
ZRanker is normally implemented by a large-scale algorithm, so we call it macro.



1. Introduction

tained in query collaborators. The meaning of “query collaborator” varies depending on appli-
cations, e.g., in document retrieval, a query collaborator can be a name string which is syntac-
tically or semantically similar with the given query; in entity linking, a query collaborator is a
relevant document that contains the same name string as the query.

(2) A ranking problem can benefit from diversified ranker collaborators. The diversity of
rankers can be implemented via exploring different ranking algorithms, training with different
data and sampling strategies, developing different training models, etc.

(3) A ranking problem can further benefit from the combination of query collaborators and
ranker collaborators.

We validated the above hypotheses through a case study of entity linking task defined in the
Knowledge Base Population (KBP) track [50] at Text Analysis Conference (TAC). The goal
of entity linking is to rank a list of candidate Knowledge Base (KB) entries according to their
linking(coreference) likelihood to a query. Each query is associated with a name and its context
document.

In the example shown in Figure 1.2, the query name is “NASA” and it is associated with a
context document. A typical entity linking system goes through two steps, in the first step, it
retrieves 7 possible KB entries in the knowledge base (such as Wikipedia) each of which refers
to an unambiguous meaning of “NASA”; in the second step, it ranks the 7 KB entries using a
known ranking algorithm, and returns kb1 as the correct answer. For query level collaboration
(MiCR), it first retrieves more documents that mention “NASA”, and by document clustering,
it uses the documents that are clustered together with the query context document as query
collaborators. Then a ranking algorithm can be applied on the query collaboration group rather
than the single query. We hypothesize that those extra documents can provide redundant and
complementary information that can benefit ranking. For ranker-level collaboration (MaCR),
multiple rankings can be obtained through diverse ranking models and then can be combined
to obtain a new ranking. We hypothesize that the combined ranking result can outperform the
individual ranking result because it leverages the advantages in multiple ranking models. For
either type of collaboration or their combination MiMaCR, the goal is to enhance the ranking

score of kbl so that it can be output as the correct answer.
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Figure 1.2: An example of entity linking task.

1.2 Collaborative Clustering

Clustering is another important problem in machine learning which is formulated as organizing
a set of instances into groups such that members in each group share some similarity while
members across groups are dissimilar. The meaning of instance varies depending on applica-
tions. For example, document clustering aims to organize documents (instances) into a prede-
termined or automatically derived number of groups so that the documents in each group share
the same topic and the documents in different groups are topically dissimilar. Within-document
coreference resolution aims to group entity mentions into clusters so that all the mentions in
a cluster refer to the same entity. Web people search aims to group web pages that contain
the same person name into clusters so that in each cluster, all the web pages refer to the same
person entity. A more general clustering problem that extends web people search aims to group
documents that contain a mention name or its variants into clusters so that in each cluster, all
the documents refer to the same name entity.

Clustering problem is known to suffer from little prior knowledge of the underlying data
population. Particularly, if the number of instances to be clustered is relatively small, it is hard
to predict the actual structure in those instances. In this case, it will be desirable to find col-
laborative instances and add them into the original data set. Thus, the clustering algorithm can
take the advantage of more interactions among the instances and help to better discover the
inherent structure in the origin data set. In one example shown in Figure 1.3 (a), the original

data set contains three instances A, B and C, since A and B are closer measured by some dis-
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tance function, it is likely to be clustered together by some clustering algorithm. However, the
actual case is that they are located at the boundaries of two different clusters. By adding more
instances, it is easier for the clustering algorithm to reshape the two distinguishable clusters.
In the other example shown in Figure 1.3 (b), the original data set also contains three instances
A, B and C. Since B and C are closer, it is likely that some clustering algorithm clusters them
together. However, the actual case is that A and B are boundary instances of the same cluster.
By adding more instances, it is easier for the clustering algorithm to recognize that A and B

belong to the same cluster.

(a) (b)
Figure 1.3: Two motivating examples for instance-level collaborative clustering

It is also known that every proposed clustering algorithm has its strengths and weaknesses.
For example, the well-known K-Means clustering is sensitive to initial settings and thus might
get stuck in a local minimum. Furthermore, the effectiveness of clustering algorithm also de-
pends on distance or similarity measure, however, finding such measures is not trivial, espe-
cially in high-dimensional space (typically true for many NLP data sets). It will be desirable
to apply a collection of diversified clustering approaches (either by varying the clustering algo-
rithm or varying the similarity measure) and then produce a final clustering by combining the
various clustering results. An example is shown in Figure 1.4.

Based on the above motivations, we present a collaborative clustering scheme for clustering
problems.

(1) MiCC (corresponding to instance-level' collaboration) leverages the information con-
tained in the instance collaborators. Good examples are shown in Figure 1.3 (a) and Figure 1.3
(b). However, if too many noisy collaborators are added, the structure of underlying data can

also be destroyed.

'Instance is normally expressed by a small-scale data structure, so we call it micro.
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Figure 1.4: An example of clusterer-level collaborative clustering.

(2) MaCC (corresponding to clusterer-level' collaboration) integrates the strengths from
two or more clustering algorithms, as shown in Figure 1.4.

(3) MiMaCC combines the advantages from MiCC and MaCC.

We make the following hypotheses:

(1) A clustering problem can benefit from redundant and/or complementary information
contained in instance collaborators. The meaning of “instance collaborator” varies depending
on applications, e.g., in web people search, each instance is associated with a person name and
its context web page, we can find “instance collaborators” by retrieving more web pages that
contain the name.

(2) A clustering problem can benefit from diversified clusterer collaborators. The diversity
of clusterings can be implemented via exploring different clustering algorithms, developing
various similarity measures to compute similarity of two instances, etc.

(3) A clustering problem can further benefit from the combination of instance collaborators
and clusterer collaborators.

We validated the above hypotheses through two NLP related case studies, one is document

! Clusterer is normally implemented by a large-scale algorithm, so we call it macro.
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clustering (Chapter 6) and the other is name entity clustering (Chapter 7).

In document clustering, the goal is to cluster documents into groups such that documents
in one cluster are more similar to each other than the documents assigned to different clus-
ters, for example, the documents in each cluster focus on one specific topic, business, politics,
technology etc. For instance-level collaboration, the system retrieves more documents and ap-
plies a clustering algorithm on the expanded set. For clusterer-level collaboration, it assembles
multiple clusterings generated from diversified clusterers and generates the final clustering by
applying a consensus function.

In name entity clustering, the goal is to cluster instances (each instance is associated with
a mention name and a context document) so that instances in one cluster refer to the same en-
tity. There are two challenges for name entity clustering, one is name variation (an entity can
have multiple mention names, therefore multiple instances with different names could actually
be in the same cluster), and the other is name disambiguation (a mention name can refer to
multiple entities, therefore multiple instances with the same name may actually be in multiple
clusters). In the example shown in Figure 1.5, a good system should not only detect name vari-
ants of “Michael Jeffrey Jordan” in document D2 and “Michael Jordan” in document D3, but
also disambiguate the “Michael Jordan” in document D1 from the “Michael Jordan” in docu-
ment D2. For instance-level collaboration, the system retrieves more documents that contain
“Michael Jordan”. The clustering of the original set of instances can be obtained through clus-
tering on the expanded set of instances. For clusterer-level collaboration, it combines multiple

clusterings and generates the final clustering based on a consensus function.

1.3 Terminology

e query: The meaning of query varies according to applications. For example, in the most
familiar information retrieval setting, it means a string; in entity linking, a query is a
complicated object which consists of a name string and a context doc id which links to
a concrete document. In the former case, a query can be stored in a variable using some

programming language, while in the later case, a query has to be stored in a class or
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Figure 1.5: An example of name entity clustering.

structure using some programming language. In this thesis, we do not give a general

meaning to query and let practitioner assign its meaning in different ranking problems.

instance: in this thesis, instance is mentioned in the context of clustering problem in
which multiple instances form the dataset to be clustered. An instance is also called a pat-
tern, usually represented as a vector of measurements, or a point in a multi-dimensional

space.

collaborator: in this thesis, a collaborator refers to either a query collaborator or an in-
stance collaborator. A query collaborator should have the same data structure as the
query itself. For example, if query is a string, then its query collaborators should also be
strings which are different from the string in the query. For a more concrete example, if
the query is “Barack Obama”, then its query collaborators could be other strings related
with the query, e.g., “white house”. In entity linking, a query collaborator has the same
data structure as the query both of which have the same name but two different context
doc ids. An instance collaborator should also have the data structure as the instance.
For example, in document clustering, all the instances are documents, then an instance

collaborator should also be a document. For name entity clustering, an instance is a struc-

10
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ture consisting of name and context doc id, therefore an instance collaborator should also

have the same structure, i.e., consisting of the same name but a different context doc id.

e ranker: a ranker is a ranking model which produces rankings of candidate objects in a

ranking problem.

e clusterer: a clusterer is a clustering approach which produces clustering of the dataset in

a clustering problem.

1.4 Thesis Structure

This thesis is mainly organized into two major parts, namely, collaborative ranking and collab-

orative clustering.

e In Chapter 2, we survey relevant literature in ranking and clustering. Given a huge vol-
ume of literature in ranking and clustering, we will not cover every aspect of ranking and
clustering, instead, we briefly state the core problem, main techniques that have been pro-
posed, and most importantly, related research that has greatly motivated the main topic

(collaborative ranking and collaborative clustering) presented in this thesis.

e In Chapter 3, we present the theory of “collaborative ranking”. We propose four spe-
cific forms of collaborative ranking: micro (query level) collaborative ranking (MiCR),
macro (ranker level) collaborative ranking (MaCR), micro-macro collaborative ranking
(MiMaCR) and macro-micro collaborative ranking (MaMiCR). We present the algorithm

for each of the four collaborative ranking approaches.

e In Chapter 4, we take entity linking as a case study of collaborative ranking. Entity
linking involves two important steps: (1) generation of candidate KB entries (2) ranking
of candidate KB entries. In this thesis, we focus on the later step and extensively study the
performance of 8 baseline ranking models. We then apply MiCR, MaCR and MiMaCR

algorithms and validate their effectiveness.

e In Chapter 5, we present the theory of “collaborative clustering” which involves mi-

cro (instance level) collaborative clustering (MiCC), macro (clusterer level) collaborative

11
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clustering (MaCC) and micro-macro collaborative clustering (MiMaCC). A key issue in
MiCC is to find a good internal measure such that the selected instance collaborators can
help optimize (or approximately optimize) the structure in the original set of instances.
Therefore, we extensively study 12 internal measures that we believe can cover the typ-
ical internal measures proposed so far. For MaCC, we present diverse ways to produce
individual clustering methods, and we also extensively study different formulations of

consensus functions.

e In Chapter 6, we take document clustering as a case study of collaborative clustering.
We extensively study various factors that are involved in document clustering, includ-
ing the selection of external measure, similarity function, baseline clustering algorithms,

selection of internal measure, impact of MiCC, MaCC and MiMaCC.

e In Chapter 7, we take name entity clustering as another case study of collaborative clus-
tering. We first study two classification problems, one deals with name variation identi-
fication, and the other deals with name disambiguation classification. We then elaborate
the name entity clustering problem, including the study of baseline clustering algorithms,

impact of MiCC and MaCC.

e In Chapter 8 we summarize our thesis and present some future directions of this thesis.

1.5 Related Publications

Some of the thesis work has been published in the following papers.

e Collaborative ranking: [18]
e Entity linking: [9, 18, 20]
e Literature survey of graph clustering: [13, 17]

e Event coreference resolution and event extraction: [14, 15, 16, 19, 49]

12



Chapter 2

Preliminaries

2.1 Ranking

2.1.1 Problem Formulation

In this thesis, the goal of ranking problem is to return a ranked list of objects ordered by
relevance or preference or some relationship with respect to a query. Document retrieval is
a typical ranking problem we study here, namely, given a query string submitted by a user,
the information retrieval system returns a ranked list of documents in the descending order of
relevance to the query. In our case study discussed in Chapter 4, a query consists of a name and
a context document in which the name occurs, our entity linking system returns a ranked list
of knowledge base (KB) entries in the descending order of coreference likelihood to the query
and determines whether the top KB entry (entity) is actually what the query refers to.
Formally, let g denote a query.

n(Q)

denotes the size of the 0(?, 0§q)

Let 09 = {o@, . ,o(q) } denote the candidate object set associated with ¢, where n(9)
denotes the jth object in the set.

Let R = {ry,...,r} denote the rating labels where [ denotes the number of ratings. A
rating label could be represented using a string, for example, in document retrieval, a retrieved
document can be rated as relevant, partially relevant, and irrelevant; it could be represented
using a cardinal, e.g., 1, 2, which indicates the ranking position in the sequence.

The goal of our ranking problem is to seek a ranking function such that it produces ratings

13
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for the set of objects, i.e., y? = f(0?) = {yg‘”, . ,yfﬁi)} in which each element y](q) denotes

the rating label for the object 0'?, i.e.,yj(.q) €ER.

Let < be a preference operator which can be applied on any pair of ranking labels, i.e.,
r; < r; indicates that an object with the rating label r; should be ranked higher than an object
with the rating label of ;. As an example in document retrieval, the rating set consists of three
labels, i.e., R = {irrelevant, partial relevant, relevant}, documents with the label of relevant
should be ranked higher than those with the label of partial relevant and then higher than those
with the label of irrelevant.

Without loss of genericity, we assume that the rating labels in R are ordered such that
rE <7y <. <71

Learning to rank: a supervised setting

A supervised setting for ranking problem is formulated as follows: given a set of queries
and each query is associated with a set of objects and corresponding rating labels (used as our

training data), the goal of ranking is to learn an optimal ranking function that minimizes a

certain loss function based on the training data.

Formally, let Q = {q1, ..., qnv} denote the set of IV queries in the training data, each query
¢; is associated with a set of objects 0(%) = {ogqi), cee o(q(iq)i)} and a set of ground-truth rating
labels y(%) = {yi%), . y(q(q)) } Let .rg-qi) = o(q;, og-qi)) denote a feature vector associated with

each query-object pair (g;, og.‘“)).

2.1.2 Non-collaborative Ranking Approaches

Earlier studies on non-collaborative ranking mainly explored unsupervised methods, e.g., vec-
tor space model such as BM25 model [75], link based algorithm such as HITS [56] and
PageRank [71]. Unsupervised approaches are based on well-established statistical and prob-
ability theory, nevertheless, they suffer from some drawbacks, for example, it is hard to tune
parameters. Recently, supervised approaches (named “learning to rank™) that automatically
learn ranking functions from training data become the focus of ranking research. In the litera-
ture, supervised approaches are categorized into three classes, namely, pointwise, pairwise, and

listwise. We summarize a comparison of the three approaches in Table 2.1.

14
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pointwise \ pairwise listwise
approach | common: 1) use training samples; 2) learn the best ranking function by
overview | minimizing a given loss function; 3) apply the ranking function at ranking

step

transform ranking to re- | transform ranking to classifi- | ranking by learning

gression or classification | cation on object pairs from lists of objects

on single objects
training | (077 [T |
set E=1,...,n(2)

k#j4,i=1,...,N
+1ifalt) 5 o)
v= { _“iji’qn < a0
loss func- | pointwise loss, e.g., square | pairwise loss, e.g., hinge | listwise loss, e.g.,
tion loss [11] loss [97], exponential | cross entropy
loss [4], logistic loss [60] loss [8],cosine
loss [73]

pros and | pros: classification is well | pros: classification is well | pros: fully consider
cons studied studied relationship among

cons:1) only consider one | cons:1) only consider pair- | objects

object at a time ignoring | wise orders; 2) biased to- | cons: 1) less well

relationship among objects | wards lists with more objects | studied in theory
selected Discriminative model for | SVM Ranking [52]; ListNet [8];
algo- IR [69]; RankBoost [37]; RankCosine [73]
rithms McRank [59] RankNet [6]

Table 2.1: Comparison of pointwise, pairwise and listwise ranking approaches.

The pointwise approaches transform the ranking problem into a classification problem, and

each training unit is a query-object pair. Though classification problem is well studied, it con-

siders each query-object pair individually and the orders of objects are purely obtained by sort-

ing the classification probabilities in descending order. The pairwise approaches are superior

to pointwise approaches since they take into accounts the relative order of object pairs. How-

ever, they still do not tackle the ranking problem in a straightforward style, in contrast, listwise

approaches use the whole object list (with their rating labels) as a training unit, therefore, they

are superior to pairwise or pointwise approaches.

We categorize most of the past unsupervised or supervised approaches into non-collaborative

approaches because they only leverage the information contained in the query, and meanwhile

only exploit one single ranking function. We will discuss our collaborative ranking scheme and

representative approaches in Chapter 3.
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2.1.3 Query Expansion

One form of our collaborative ranking scheme leverages the strength of query collaborators,
in other words, given a query, we expand the query to a group which contains members that
can potentially help the ranking task. This should be distinguished from the traditional query
expansion in information retrieval although they share the same goal of improving the final
ranking results. In the literature of information retrieval, query expansion is a technique that
reformulates a query, and as a consequence, is capable to extend the ability of a query and
improve the retrieval performance. The basic assumption is that users may not use the best
terms as the query, therefore, replacing terms with synonyms, re-weighting the terms in the
query can all help. An extensive survey of query expansion techniques is presented in [63]. The
query level collaborative ranking differs from the traditional query expansion in two aspects,
firstly, we do not focus on reformulating the query, instead, we aim to search potentially helpful
query collaborators (the meaning of a query collaborator varies by applications); secondly, the
ranking decision is made by taking into accounts the whole collaboration group and a key issue

here is how to effectively combine the strengths from multiple query collaborators.

2.1.4 Ensemble Ranking

Another form of our collaborative ranking scheme leverages the strength of ranker collabora-
tors, in other words, a ranking decision is made by taking into accounts decisions from multiple
rankers, rather than a single ranker. This topic has started attracting attentions from our com-
munity and become known as ensemble ranking, however, the work in this topic is still limited
as compared to the considerable amount of research in ensemble classification [76], which is
to build a predictive classification model by integrating multiple classifiers.

[45] proposed a novel semi-supervised ensemble ranking (SSER) algorithm that learns
query-dependent weights when combining multiple rankers in document retrieval. The al-
gorithm is formulated as an SVM-like quadratic program which can be solved efficiently by
traditional SVM approaches. Their experimental results validated the effectiveness of the al-
gorithm by comparing with other single ranking algorithm (e.g., RankBoost, Ranking SVM,

ListNet, AdaRank), however, a main drawback of their algorithm is that it has to learn a dif-
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ferent set of weights online for each query, which is intractable for every large application.
Therefore, more efficient approaches should be explored to alleviate the high computational
cost for online learning.

[91] proposed an interactive algorithm iRank in which two rankers can teach each other
so as to jointly improve the ranking performance of both rankers. More specifically, one base
ranker takes the most confident ranking results from the other ranker as feedback to update
its own ranking results, and vise visa. This process continues iteratively until a termination
condition is satisfied (e.g., the ranking results do not change any more). However, the iRank
algorithm also has limitations:(1) The iRank does not explicitly indicate that the two rankers
can be re-learned during the iterations because in their algorithm description, we do not see that
their rankers are feeded with training data or the parameters in the rankers can be updated. From
the case study (query-focused summarization) of iRank, we noticed that they implemented two
unsupervised rankers, and only in the first iteration, the two rankers produce initial ranking
scores. In the later iterations, the ranking score of each object from one ranker is updated
depending on how similar it is with the top N (N = 1) ranked objects from the other ranker.
(2) The iRank does not tell how the rankers get updated if the number of rankers is greater
than 2. In spite of these limitations, we have been greatly motivated by their work and we will

propose an extended work that takes into accounts of unlabeled data and multiple rankers.

2.2 Clustering

2.2.1 Problem Formulation

In this thesis, we mainly focus on the following hard clustering problem, given a collection of
instances, our clustering algorithm organize them into clusters such that the instances in each
cluster are homogeneous (similar) while the instances across different clusters are heteroge-
neous (dissimilar).

Formally, given a data set of n instances X = {X;, Xy, ..., X,,}, a hard clustering 7 is a
partition of the data set X into K disjoint clusters 7 = {cy, ¢a, ...cx }, such that

(D c; #£Ofori e {1,..., K}
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(2)e;Nej=0fori,je{l,....,K}andi # j.

(3)CIUUCK:X

2.2.2 Non-collaborative Clustering Approach

Clustering is an extensively researched topic and there is considerable amount of literature.
Two most recent thorough surveys have been presented in [48] and [94] respectively. A typical
clustering solution is as follows [48, 94]:

(1) pattern representation (optionally including feature extraction and/or selection): de-
termining the number of classes (this information may not be available in many cases), the
number of instances in the total collection, and the number, type, and scale of the features
available to the clustering algorithm. Feature selection deals with selecting the most useful
features in clustering while feature extraction deals with transforming some input features into
new salient features.

(2) similarity computation: a distance function or a similarity function is usually defined
to measure the dissimilarity (distance function) or similarity (similarity function) of two in-
stances in the collection. Various distance functions can be used according to the setting of
clustering problem, for example, Euclidean Distance. For natural language processing prob-
lems, cosine similarity based on bag-of-word model is widely used.

(3) grouping: exploring various clustering algorithms, for example, hierarchical cluster-
ing produces a nested series of partitions by iteratively merging or splitting clusters based on
similarity.

(4) data abstraction (optional): extracting a simple and compact representation of gen-
erated clusters. It could be human-oriented such that representation of each cluster is easy to
explain and comprehend.

(5) clustering evaluation (optional): evaluating how “good” is a clustering based on some
internal measure (without leveraging external information of gold clustering) or external mea-
sure (a gold clustering is known).

In our previous work, we extensively surveyed the clustering problem using graph formula-

tion [13, 17]. From the theoretical aspect, we state the methodology of graph-based clustering
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using the following five-part story :

(1) hypothesis. The hypothesis is that there exist groups of instances in the graph such
that the similar instances are assigned in the same sub-graph while the dissimilar instances are
distinguished by different sub-graphs.

(2) modeling. It deals with the problem of transforming data into a graph or modeling the
real application as a graph, in which the vertices are instances and edges represent some type
of relationship between pairs of instances. There are various forms of constructed graphs, e.g.,
full connected graph, k-nearest neighbor graph, bipartite graph.

(3) internal quality measure. A quality measure is proposed to answer the question: what
exactly is an optimal clustering in the graph?

(4) algorithm. An algorithm is developed to exactly or approximately optimize the quality
measure.

(5) evaluation. Evaluation is carried out when a specific algorithm produces a set of clus-
ters. First, humans can look into the clusters and make an intuitive sense of the plausibility in
each cluster. Second, some form of ”ground truth” can be prepared so that various metrics can

be used to measure the performance of clustering.
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Chapter 3

Collaborative Ranking

3.1 Micro Collaborative Ranking(MiCR)

Micro collaborative ranking is characterized by integrating joint strengths from multiple query
collaborators and the query itself. It is based on the following assumptions:

e Expandability: Query is expandable, that is, it is able to find potential collaborators.

e Redundancy: Collaborators and query may share redundant information.

e Diversity: Collaborators exhibit multifaceted information that may complement the in-
formation contained in the query.

e Robustness: Noisy collaborators are allowable, and they could be put under control. For

example, query collaborators can be ranked and lower ranked collaborators will be removed.

(@)

Let ¢ = {cy, ..., ¢} be k collaborators of a query q. For each object o, associated with

q, we form k + 1 feature vectors :zcg-q) = ¢(q, 0;

= (e, ogc’“)) . Let f be a ranking function which is obtained by either an unsupervised

(q))7 $§‘61) = ()0(017 05'01))’ LR

xg-c’“)
or a supervised approach. There are two important steps that distinguish MiCR from traditional
non-collaborative ranking approaches:

e Step (1): searching the best & collaborators of q.

e Step (2): computing the interaction of k collaborators at the ranking step.

Solutions for step (1) can vary from case to case. In our case study of entity linking, we

transform the collaborator searching problem into a clustering problem. Collaborators of a
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query are then formed by members (excluding the query) in a cluster which contains the query
and k is the size of the cluster minus one.

We transform the problem of step (2) into solving a composite function g; such that a

() ()

ranking score y,;* can be computed for each object o;

; . Firstly we compute the ranking scores

of collaborators and query using the ranking function f and then combine those ranking scores
in some way (Formula 3.1). Another approach is to learn a supervised ranking function f’

which takes collaborators and query as input (Formula 3.2).

i = g (FD), F), L f ) G.1)

Y =gi() = f @02l 2l (3.2)

We present three specific forms of ¢g; in Formula 3.1, namely, max, min, and weighted. We
can also define a special case of weighted, called “average” in which wg = w; = ... = wy =
1/(k+1).

o max: y\” = max(f(z\"), f(«\), ..., f(z{V))

o min: ¢} = min(f(2}"), (i), ..., f(f)

k

in which wq, wy, . . ., wy represent the weight of each query collaborator.

The practical meanings of max, min, weighted and average are:
(9)

(1) max: the overall ranking score for each object o, relies on the query collaborator with

the maximum strength. The problem of “max” is that while it promotes the higher ranked (in
truth) objects, it may also promote the lower ranked (in truth) objects. If the lower ranked
objects are promoted more, ranking performance can be dropped.

(2) min: the overall ranking score for each object qu)

relies on the query collaborator with
the minimum strength. The problem of “min” is that while it weakens the lower ranked (in
truth) objects, it may also weaken the lower ranked (in truth) objects. If the higher ranked

objects are weakened more, ranking performance can also be dropped.
(9)

(3) weight: the overall ranking score for each object o, relies on every query collaborator

according to its strength (weight) in the group.
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(4) average: the overall ranking score for each object qu) relies on every query collaborator

without distinguishing.
We will discuss three supervised versions of g; (Formula 3.2) in section 4.5.

A general algorithm for MiCR is presented in Algorithm 1.

Algorithm 1 MiCR Algorithm.

Input:
a query ¢; a set of objects 0(?); a composite function ¢;
Output:
a set of ranking scores y(@
. Search k collaborators of ¢: ¢'? = {c,...,c;}.
. for j =1 — n'9 do
Form k + 1 feature vectors: x

(9 _

1

2

3 yeoos O
4:  Compute composite function: y g1(+).
5

6

: end for
. return y@

3.2 Macro Collaborative Ranking(MaCR)

Macro collaborative ranking is featured by integrating joint strengths from multiple rankers. It
is based on the following assumptions:

e Independence: Each ranker can make ranking decisions and is not interfered by any other
rankers.

e Diversity: Each ranker has its own strengths in making ranking decisions.

e Collaboration: Rankers in the group could collaborate to make a consensus decision under
some mechanism.

Let xg-Q) = ¢(q, og-q)) be the feature vector formed from the pair consisting of query ¢ and an
associated object qu). Let F* = {f1,..., fm} be the m existing ranking functions. We trans-
form the simulation of collaboration among rankers into computing the following composite

function gs:

yg('q) = gz(fl(xgq)), e ’fm(x§q))) )

Similar with MiCR, g, can be expressed by max, min, weighted (average) respectively:
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3. Collaborative Ranking

® max: y](-q) = maX{fz‘(x§q)) i1

e min: y](»q) = min{fi(xﬁq)) i1
e weighted: yj(-q) => wifi(l";q))
i=1

It is worth noting that max and min can be useful only if the ranking scores produced by

various rankers can be compared to each other directly, which means that the ranking scores

from different rankers should be normalized.

A special form of ranking problem is that only the best object is required as output. In this

case, we have another version of g, which is called voting:

e voting: y\? = 21 sig(fi(x?])))
in which sig(+) is an indicator function

1 if f; outputs o'

;. as the best object

sig(-) =
0 otherwise

A general algorithm for MaCR is presented in Algorithm 2.

Algorithm 2 MaCR Algorithm.

Input:

a query ¢; a set of objects 0(%); a set of m ranking functions F*; a composite function g,

Output:

SANRANE -~ S e

a set of ranking scores (%
. for j =1 — nl9 do

Form a feature vector x(Q)

j .
Compute ranking scores: f; (xgq)), - fm(a:gq)).

Compute composite function: yj(q) = g2(+).

end for
return y(@

3.

3 Micro-Macro Collaborative Ranking (MiMaCR)

The above two ranking approaches can be further integrated into a joint model which is named

Micro-Macro Collaborative Ranking (MiMaCR). In order to simulate the query-level collab-

oration and ranker-level collaboration jointly, we compute the following complex composite

function g3:
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3. Collaborative Ranking

U = ga(1(-)) (3.4

in which, for each object ol?

;. firstly we compute m micro-ranking scores using m ranking

functions on the query-level collaborators
(

ai(fu@), fulal), . ()

\ 91 (Fu(@7), Frn (25, frala$))
and secondly, we compute a macro-ranking score using formula 3.3.

We can similarly define ¢g; and g, as those in MiCR and MaCR. A general algorithm for

MiMacCR is presented in Algorithm 3.

Algorithm 3 MiMaCR Algorithm.

Input:

a query g; a set of objects 0(?); a set of ranking functions F*; composite functions gy, go
Output:

a set of ranking scores (%

1: Search k collaborators of ¢: ¢ = {c|,...,c}.

2: for j =1 — nl@ do

3:  Form k + 1 feature vectors: ng)7 xﬁcl), o xg»c’“).
4:  Compute m micro-ranking scores using J* and g;.
5:  Compute the macro-ranking score using gs.

6: end for

7: return y(9

3.4 Macro-Micro Collaborative Ranking (MaMiCR)

MaMiCR differs from MiMaCR in that MiMaCR applies multiple rankers on the query collab-
oration group, while MaMiCR applies multiple rankers on each member in the query collabo-
ration group.

we compute the following complex composite function g,:

U = g1(ga(:)s- -, 92()) (3.5)
k+1

in which, for each object oé‘I), we compute k£ + 1 macro-ranking scores
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g2 (Fi(@$?), o (2l
g2 (fi(@l), o fn(l))

g (fi@l™), o f(2$))

for feature vectors z\?| x§cl), . ,x§ck>

] respectively, and secondly, we compute a micro-ranking

score using formula 3.1.
We can similarly define g; and go as those in MiCR and MaCR. A general algorithm for
MaMiCR is presented in Algorithm 4.

Algorithm 4 MaMiCR Algorithm.
Input:
a query g;
a set of objects 09 = {ogq), ..o };

) n(‘Z)
a set of ranking functions F* = {f,..., fm};
composite functions g1, g»

Output:
a set of ranking scores Y@ = {yg;)j o ,yr(lq(?z)}
1: Search k collaborators of ¢: ¢ = {ci, ..., }.

2: for j =1 — nl@ do

3:  Form k + 1 feature vectors:
xéq), xécl), . ,xg-c’“).
4:  Compute k£ + 1 macro-ranking scores.
5:  Compute the micro-ranking score for yﬁ”.
6: end for

7: return y(?

3.5 Summary

In this chapter, we propose four specific forms of collaborative ranking, namely, MiCR, MaCR,
MiMaCR, and MaMiCR. We present a detailed algorithm for each of the schemes, and in next
chapter, we will validate whether these proposed schemes are effective in a real application of

entity linking.
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Chapter 4

Entity Linking: A Case Study of

Collaborative Ranking

4.1 Problem Formulation

The entity linking task aims to align a textual mention of a named entity (person, organization
or geo-political) to an appropriate entry in a knowledge base (KB), which may or may not
contain the entity. More formally, given a large corpus C, let ¢ = (q.id, q.string, q.text) denote
a query in the task which is a triple consisting of query id (q.:d), name string (q.string) and
context document (g.text € ). Let 0@ = {ogq), . ,o;q()q)} denote the candidate KB entries
associated with the query. Each KB entry is a tuple consisting of KB id, KB title, KB infobox

(attribute-value pairs) and KB text. The goal is to rank the KB entries and determine whether

the top entry id should be considered as the answer, otherwise NIL should be returned.

4.2 Related Research

There has been an increasing amount of research on entity linking, especially through the eval-
uations of KBP2009 and KBP2010. Various unsupervised or supervised approaches have been
proposed, as summarized in [50, 65]. However, most of the previous research mainly focused
on individual ranking algorithms and feature contributions of supervised ranking models, for

example, [26] applied Bag-of-Word (BOW) unsupervised ranking approach, [31] applied a
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4. Entity Linking

Knowledge @

Base

[ Query Expansion & ]

Candidate Generation

——

[ Candidate Ranking ]

1T

Figure 4.1: Framework of entity linking system.

pairwise ranking appraoch SVM Rank model, and [98] applied a pointwise ranking approach
SVM classifier. [102] compared the listwise ranking approach ListNet, pairwise ranking ap-
proach Ranking Perceptron, and pointwise ranking approaches SVM and Perceptron. Their
experimental results show that the listwise approach can outperform pairwise or pointwise ap-
proaches. [44] proposed a entity-mention model which takes the product form of 3 separate
models, i.e., entity popularity model, entity name model, and entity context model. As far as
we know, our work is the first to explore query-level collaboration and ranker-level collabora-

tion for entity linking problem.

4.3 General Framework

A general framework of entity linking consists of two crucial components as shown in Figure
4.1, one for candidate generation, the other for candidate ranking. We developed the first com-
ponent by following the procedures described in [20] which extensively leveraged resources
mined from Wikipedia. The first component is important in that it determines the qualities of
candidate KB entries. If the true KB entry is excluded from this candidate set, the second com-
ponent makes no sense. If there are too many very similar KB entries with the true KB entry, it
will also make the second component harder to rank them correctly. In this thesis, we focus on

the ranking problem itself.
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4. Entity Linking

4.4 Baseline Rankers

We developed 8 baseline rankers, including 4 unsupervised rankers (f1, fo, f3, f14) and 4 super-
vised rankers(f5, fs, f7, fs). We use f1, ..., fs to denote the 8 ranking functions.

eNaive (f): since the answer for each query can either be a KB id or NIL, the naive ranker
simply outputs NIL for all queries.

oEntity (f5): fy is defined as weighted combination of entity similarities in three types
(person, organization and geo-political). Name entities are extracted from ¢.text and KB text
respectively using Stanford NER toolkit'. The formulas to compute entity similarities are de-
fined in [96].

oTF-IDF (f3): f3 is defined as cosine similarity between q.text and KB text using TF-IDF
weights.

eProfile (f,): f4 is defined as profile similarity between ¢.text and KB text [20]. We used a
slot filling toolkit [21] to generate the profile (attribute-value pairs) for each query.

eMaxent (f5): a pointwise ranker implemented using OpenNLP Maxent toolkit> which is
based on maximum entropy model.

eSVM (fs): a pointwise ranker implemented using SV M"9" [51].

eSVM ranking (f): a pairwise ranker implemented using SV M7 [53].

eListNet (f3): a listwise ranker presented in [8].

The four supervised rankers apply exactly the same set of features except that SVM ranking
(f7) needs to double expand the feature vector. The features are categorized into three levels,
surface features [31, 102], document features [31, 102], and profiling features (entity attributes
that are extracted by a slot filling toolkit [21]). Furthermore, as described in [102], we also
added a top candidate validation module in the ListNet ranker except that we implemented the

binary classifier based on maximum entropy model and used slightly different features.

Thttp://nlp.stanford.edu/software/CRF-NER .shtm]
Zhttp://maxent.sourceforge.net/about.html

28



4. Entity Linking

4.5 MiCR for Entity Linking

We convert the collaborator searching problem into a clustering problem, i.e., for a given query
q in the task, we retrieve at most K = 300 documents from the large corpus €, each of which
contains q.string; we then apply a clustering algorithm to generate clusters over the documents,
and form query collaborators (excluding q.text) from the cluster that contains q.text.

We experimented the following two clustering approaches:

(1)agglomerative clustering: it iteratively merges clusters from singleton documents until
a stop threshold is reached. Document similarity is defined as cosine similarity using TF-IDF
weights. We applied group-average linking strategy to merge clusters [63].

(2)graph-based clustering: it iteratively partitions clusters from one single cluster until a
stop threshold is reached. Document similarity is similarly defined as agglomerative clustering.
We selected normalized spectral clustering as our clustering algorithm [82].

We first selected f3 as our basic ranking function, and investigated whether the ranker can
benefit from query collaborators formed by either agglomerative clustering or graph cluster-
ing. We implemented three versions of composite function g; (max, min and average), and
experimented their performance on three unsupervised rankers fs, f3, f4 respectively.

Last, we implemented three supervised versions of ¢g; (Maxent, SVM and ListNet respec-
tively) by adding cluster-level features and retraining the models in three supervised rankers
f5, fe, [s respectively. Cluster-level features include maximum, minimum, average tfidf/entity

similarities between the candidate and the query collaboration group.

4.6 MaCR for Entity Linking

We implemented two versions of composite function g», average and voting. Furthermore, we
investigated how the performance can be affected by incrementally adding more rankers into
the ranker set 3*. To do so, we first sorted the 8 rankers according to their performance on
the development set from the highest to the lowest, and starting with the highest performance
ranker, we added one ranker at a time, until we have all the 8 rankers. It is worth noting

that, when there are even number of rankers in the set 3*, “ties” could take place using voting
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4. Entity Linking

function. In order to break the ties, we rank the candidate higher if it is outputted as the answer

from a higher performance ranker.

4.7 MiMaCR for Entity Linking

We investigated how the final performance can be boosted by jointly computing micro-ranking

scores and macro-ranking score as described in section 3.3.

4.8 Experimental Results

4.8.1 Data and Evaluation Metric

We used TAC-KBP2009 evaluation data as our training (75%) and development set (25%), and

used TAC-KBP2010 evaluation data as our blind testing set (shown in Table 4.1).

Corpus Queries

PER | ORG | GPE | Total

Training&Dev | 627 | 2710 | 567 | 3904
Testing 750 | 750 | 750 | 2250

Table 4.1: Training, development and testing corpus.

The reference KB consists of 818,741 entries which are extracted from an October 2008
dump of English Wikipedia. The source text corpus (denoted as € in section 4.1) consists of
1,777,888 documents in 5 genres (mostly Newswire and Web Text).

We used the official evaluation metric for TAC-KBP2010 entity linking task, that is, micro-

averaged accuracy. It is computed by

#correct answers

micro — averaged accuracy = 7 :
queries

An answer is considered as correct if the system output (either a KB entry id or NIL) exactly

matches the key.
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4. Entity Linking

Overall (%) PER (%) ORG (%) GPE (%)

All | KB [ NIL | All | KB [NIL | All | KB |NIL | All | KB | NIL
Naive 545 (0.0 [100 [ 708 |0.0 |100 |59.7 |0 100 | 33.0 0 100
Entity 65.6 | 48.6 | 79.7 | 82.1 | 52.1 | 945 | 68.4 | 46.2 | 83.3 | 46.1 | 485 | 41.3
Tfidf 68.3 | 45.0 | 87.7 | 83.6 | 54.3 | 95.7 | 66.2 | 45.9 | 80.0 | 54.9 | 40.3 | 84.6
Profile 75.0 | 58.7 | 88.6 | 90.8 | 82.2 | 944 | 73.3 | 62.7 | 804 | 61.0 | 46.1 | 91.1
Maxent 774|723 | 816|865 |826|944 | 733|627 |804|610| 715|721
SVM 781 | 73.0 (823|911 817|949 | 787|700 |846|644|711]|510
SVM Rank 80.3 | 66.7 | 91.7 | 91.3 | 76.3 | 97.6 | 77.3 | 59.7 | 89.1 | 72.3 | 66.7 | 83.8
ListNet 81.1 | 69.7 | 90.6 | 90.8 | 77.6 | 96.2 | 79.0 | 64.0 | 89.1 | 735 | 69.7 | 814

Table 4.2: Comparison of 8 baseline rankers.

4.8.2 Performance of 8 Baseline Rankers

Table 4.2 shows the performance of the 8 baseline rankers in 4 columns: Overall for all queries,
PER for person queries, ORG for organization queries, and GPE for geo-political queries. Each
column is further split into All, KB (for Non-NIL queries) and NIL (for NIL queries). It shows
that all the four supervised rankers perform better than the four unsupervised rankers. Naive
ranker obtains the lowest overall micro-average accuracy (54.5%) but the highest NIL accuracy
(100%). Among the four unsupervised rankers, profile ranker performs the best, which clearly
shows that the extracted attributes of entities are effective for disambiguating confusable names.
For example, our data analysis shows that the attribute value of “per:alternative-name” from
the context document is particularly useful if a person query is only mentioned by its last
name. The attribute “per:title” is another important indicator to discriminate one person from
the other. For geo-political queries, if the query is a city name, attribute “gpe:state” is useful
to distinguish cities with the same name but in different states or provinces. Among the four
supervised rankers, ListNet outperforms SVM ranking and then SVM ranking outperforms
the two pointwise rankers. It may confirm previous research findings that listwise ranking is
superior to pairwise ranking and pairwise ranking is superior to pointwise ranking [8, 102].
The best baseline ranker (ListNet) obtains an absolute overall accuracy gain of 26.6% over the

naive ranker.
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Figure 4.2: MiCR: comparison of average, max, and min functions with Graph and Agglomer-
ative (Aggr)-based query collaborator searching strategies (#fidf ranker).

4.8.3 Impact of MiCR

To study the impact of MiCR, we first select f5 (#fidf ranker) as our ranking function. Figure 4.2
shows the performance of applying different query collaborator searching strategies (graph or
agglomerative clustering) and different versions of g; (average, max and min respectively). We
intentionally adjust the meaning of threshold (x-axis) for both graph clustering and agglomera-
tive clustering, such that at threshold 0, both clustering algorithms generate the largest number
of clusters (i.e., each document is a cluster), and at threshold 1, they generate only one cluster.
We now take the average function (Figure 4.2 (a)) into considerations, as graph clustering algo-
rithm gradually partitions from one cluster (corresponding to threshold 1) to more clusters, the
number of query collaborators gradually reduces, meanwhile, the accuracy gradually increases
and arrives at the highest (73.6%) at threshold of 0.45, which clearly shows that removing noisy
collaborators in the query collaboration group can improve the performance. As the threshold
continues dropping below 0.45, the number of query collaborators reduces and the performance
significantly drops until it arrives at the baseline performance of tfidf ranker (68.3%). It clearly
shows that maintaining a controllable number of query collaborators can improve the perfor-
mance. For the agglomerative clustering, it is the other story. As it continues merging from
singleton clusters (corresponding to threshold 0) to one single cluster, the performance contin-
ues increasing until in the end it arrives the highest accuracy of 72.6%. However, unlike graph
clustering, a peak never appears in the middle which may imply that agglomerative clustering
is inferior to graph clustering.

The max function (Figure 4.2 (b)) leverages the strengths from the strongest collaborator

in the group, which may potentially improve KB accuracy, but meanwhile hurt NIL accuracy.
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As shown in the figure, as more collaborators join in the group, the performance increases first
for both graph and agglomerative clustering, however, it starts to deteriorate when arriving at a
threshold, and in the end, the performance drops even lower than the baseline of tfidf ranker.

The min function (Figure 4.2 (c)) leverages the strengths from the weakest collaborator in
the group, which may potentially improve NIL accuracy, but meanwhile hurt KB accuracy.
Our data analysis shows that the gain in NIL accuracy can not afford the larger loss in non-
NIL accuracy, therefore, the performance continues dropping as the threshold increases. Min
function is a counter example showing that searching query collaborators may not always lead
to benefits.

To summarize so far, the best strategy for #fidf ranker in MiCR approach is graph-ave
(applying graph clustering and using average function) which obtains overall accuracy gain of
5.3% over the baseline (68.3%). We further validate the performance of graph-ave using fs, f4
ranking functions, for entity ranker, we obtain accuracy gain of 6.3%, and for profile ranker, we
obtain accuracy gain of 3.0%.

We then experiment the three supervised g; functions (ListNet, Maxent, and SVM respec-
tively) using graph clustering as the query collaborator searching strategy. Figure 4.5 shows
that ListNet, Maxent, SVM rankers obtain accuracy gain of 1.4%, 4.6%, 4.2% respectively

over the baselines (corresponding to those points at threshold 0).

4.8.4 Impact of MaCR

Figure 4.3 shows that the MaCR approach obtains absolute accuracy gain of 1.3% (voting
function) and 0.5% (average function) over the best baseline ranker (81.1%) when we add the
7th ranker (entity ranker). The improvement of voting function is statistically significant at a
99.6% confidence level by conducting Wilcoxon Matched-Pairs Signed-Ranks Test on the 10
folds of the testing set. However, the improvement of average function is not significant at the
0.05 level which implies that average is inferior to voting. We observe that the performance
drops when there are even number of rankers in the ranker set using voting function, which
implies that our tie breaking strategy may not be very effective.

We also experimented the voting function on the top 10 KBP2009 entity linking systems
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(each system performance is shown in the table embedded in Figure 4.4, and experiment is
similarly done as described in section 4.6). Figure 4.4 shows that it can obtain absolute accuracy
gain of 4.7% over the top entity linking system (82.2%). The reasons why we achieve relative
smaller gains using our own ranker set are as follows: (1) we use the same candidate object
set for all rankers, while different KBP2009 systems may use their own set of objects. (2)
our top 4 supervised rankers apply almost the same set of features, while different KBP2009
systems may apply more diversified features. Therefore, diversity is a highly important factor

that makes MaCR approach effective.

82.6

—a— voting
8247 —e— average 82.4

82.2

82.0

818 81.7

81.6 -

1 81.6 81.6
81.4 -

1 81.4
812 81.1
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81.0

80.8

0 1 2 3 4 5 6 7 8 9
#rankers
Figure 4.3: MaCR: comparison of voting and average.

4.8.5 Impact of MiMaCR

We applied the following settings in our MiMaCR approach: selecting graph clustering as the
query collaborator searching strategy, including five rankers (tfidf, entity, Maxent, SVM and
ListNet) in the ranker set, using average function to compute micro-ranking scores for the tfidf
and entity ranker, using the three corresponding supervised versions of g; to compute micro-
ranking scores for Maxent, SVM and ListNet respectively, and finally applying voting function
to compute the macro-ranking score. In Figure 4.5, the curve of “MiMaCR” shows how the
performance of MiMaCR is affected by the threshold in graph clustering. We obtain the best

micro-average accuracy of 83.7% at threshold 0.3, which is 2.6 % higher than the best baseline
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Figure 4.4: MaCR: voting function applied to the top 10 KBP2009 entity linking systems.
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Figure 4.5: MiMaCR: Comparison of MiMaCR and three supervised versions of g; (ListNet,
Maxent, and SVM respectively).

ranker (81.1%). The improvement is statistically significant at a 98.6% confidence level by

conducting Wilcoxon Matched-Pairs Signed-Ranks Test on the 10 folds of the testing set. The

score reported here is the second best in the KBP2010 evaluation.
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4.9 Summary

In MiCR, effective searching of query collaborators and active interplay among members in
the query collaboration group are two key factors that make MiCR successful. In MaCR,
diversity is a highly important factor to make it successful. Overall, MiMaCR can bootstrap
the performance to its maximum if integrating MiCR and MaCR properly. However, the better

performance is at the expense of more computations.
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Chapter 5

Collaborative Clustering

In this chapter, we propose a scheme that leverages instance collaborators and clusterer collab-

orators in order to obtain a better clustering.
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Figure 5.1: Examples showing good and bad collaborative instances
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5.1 Motivations

5.1.1 Why Collaborative Instances Can Help?

The clustering problem is known as “unsupervised classification”, because there is not a “su-
pervisor” (as compared to the classification problem) that can tell which distribution an obser-
vation (instance) is from. For most clustering problems, we only focus on the instances that are
required to be clustered and detect whether we can find good clustering structures from those
instances. In this thesis, we assume that instances may come from a larger data space and we
can populate other instances through some mechanism.

There are several scenarios in which we may not find good clustering structures based on
the original set of instances:

(1) some instances look so dissimilar with some others, and at the first sight, they should
come from two more more clusters, but they actually belong to a common good cluster, in other
words, there is a hidden good cluster structure behind those instances, but unfortunately they
are not representative enough for any clustering algorithm to discover. For example, in Figure
5.1 (a), instances are dispersed at the two ends of a circular shape cluster, it is likely that some
clustering algorithm splits them into two clusters. However, after filling enough instances in
the middle of the circular shape cluster, it is rather easy to find the natural cluster. A proverb
describing this phenomenon is “seeing the trees instead of seeing the forests”, so it may be
easier to discover good clustering structures after looking at forests rather than some isolated
trees.

(2) some instances look so similar with each other, and at the first sight, they should be
clustered together, however, they actually come from two or more well formed clusters. For
example, in Figure 5.1 (b), instances are dispersed at the ends of two circular shape clusters, and
they are close enough, therefore, it is very likely that some clustering algorithm clusters all these
instances together. However, after filling enough instances in the middle of the two circular
shape clusters, it is rather easy to distinguish the two clusters. Another proverb describing this
phenomenon is “seeing is deceiving”, so in order not to be fooled by what they look, we should

look at something more.
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We have discussed two cases in which collaborative instances can help, but another question
arises, “‘can adding collaborative instances always help?”

There are several cases that adding collaborative instances can not help, and sometimes,
even hurt.

(1) Instances are representative enough and a clustering algorithm can detect good clus-
tering structures only using those instances. For example, in Figure 5.1 (a), if collaborative
instances are added among the detectable clusters, they can enhance the cluster structure, but
probably may not improve the result. However, if collaborative instances (shown as bad col-
laborators in Figure 5.1 (a)) fall outside those well formed clusters, they look more like noises.
In this case, a clustering algorithm can be disturbed so the result can become worse.

(2) By looking into the first case where collaborative instances can help, we can easily figure
out a case in which they do not help, e.g., if the newly added instances fall outside the good
cluster, it becomes even harder for a clustering algorithm to detect the good cluster (shown as
bad collaborators in Figure 5.1 (b)).

(3) By looking into the second case where collaborative instances can help, we can also find
a case when they do not help, e.g., if the newly added instances are similar with the confusable
instances that are from two distinguished clusters, a clustering algorithm can be more confused
(shown as bad collaborators in Figure 5.1 (c)).

Two important questions arise:

(1) how to select collaborative instances? A more specific question is what objective func-
tion needs to be optimized by continually adding more collaborative instances.We will answer
this question in section 5.2.

(2) what is the algorithm for instance level collaborative learning? We will answer this

question in section 5.3.

5.1.2 Why Collaborative Clusterers Can Help?

There is not a single clustering solution that works for every specific clustering problem and
dataset.

(1) Every clustering algorithm has its own strengths and weaknesses. For example, K-
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means algorithm is good at clustering spherical shapes of clusters, but can be very sensitive
to noises and can not handle well with non-convex shapes of clusters. Most clustering algo-
rithms aims at optimizing an objective function (which measures the clustering quality based
on the information embedded in the data), however, it turns out that the optimization is a NP-
Hard problem in most cases, and a solution using greedy optimization leads to a sub-optimal
clustering.

(2) Distance function also plays an important role, however, it is also hard to obtain a
consistently good distance function for every specific problem.

Therefore, we leverage the mass strengths from multiple clustering solutions in which we do
not care much about which clustering solution is the best, and which is the worst. According
to observations from common phenomena happened in our society (such as “voting” for a
president), we have enough confidence to foretell that if appropriate combination scheme is

applied, we can obtain a rather robust and better result in general.

5.2 Clustering Validation

The basic hypothesis of adding collaborative instances is that they can help uncover good clus-
tering structures. Therefore, an important question is how to measure the quality of clustering
structures such that good clustering can be distinguished from bad clustering and the best set
of collaborative instances can be identified when the clustering quality is optimized.

Traditionally, according to whether it needs to rely on external information, the clustering
validation measures can be mainly categorized into two types:

(1) Internal which measures the quality of a clustering structure by only using the infor-
mation present in the data set.

(2) External which measures the quality of a clustering structure by comparing with exter-
nal gold clustering.

We focus on internal validation measures in this section because we only use it for final

evaluation.
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5.2.1 Two Basic Criteria for a Good Internal Measure

There are two basic criteria that most of internal measures aim to satisfy [87].

1. Cohesion:

This criterion indicates how cohesive the instances in a cluster are. The more cohesive, the
better the cluster is. If we use graph structure in which nodes represent instances and edge
weights represent the distances (computed by a distance function d) of pairwise instances, then
there are several ways to compute cohesion.

(1) The cohesion of a cluster C; is computed as the sum of the weights of edges in the graph

which connect points in the cluster, i.e.,

Cohesion(C;) = Z d(x,y) (5.1)

z€Ci,yeC;

The smaller value of this formula, the more cohesive the cluster is.
(2) If we can compute the centroid of a cluster, the cohesion of C; can be computed as the

sum of distances between each instance and the centroid, i.e.,

Cohesion(C;) = Z d(z, ) (5.2)

zeC;

where ¢; is the centroid of cluster C;.

The smaller value of this formula, the more cohesive the cluster is.

Some researchers have used the term “compactness” to mean “cohesion” discussed here.

2. Separation:

This criterion indicates how separated a cluster is from other clusters.

(1)Using graph structure, separation between two clusters C; and C; can be computed as the
sum of the weights of edges that connect the points from cluster C; to the points from cluster

c;.

Separation(C;, C;) = Z d(z,y) (5.3)

:pEC’i,yECj

The larger value of this formula, the more distinct or separated the two clusters are.
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The separation of a cluster C; can be computed as the sum of separations between cluster

C; to any other clusters

Separation(C;) = Z Separation(C;, C;) (5.4)
Je{L,. k}

(2)Separation between two clusters can also be computed as the the distance of the two

centroids in the two clusters, i.e.,

Separation(C;, C;) = d(c;, ¢j) (5.5)

where ¢; and c; are the centroids of C; and C; respectively.

The larger value of this formula, the more distinct the two clusters are.

5.2.2 Overview of Internal Validation Measures

Most of internal validation measures proposed so far have captured either one or both of the
criteria. However, it is a consensus that a good internal validation measure should capture both.
In this thesis, we intend to study the following 12 representative internal validation measures
that have been widely used in previous work [41, 61, 64, 90, 100].

First, We define the common notations in Table 5.1.

Notation Meaning

D data set

d number of dimensions for each instance in DD
n the number of instances in the data set
k the number of clusters

c centroid of the whole data set

C; the i*" cluster

¢ centroid of cluster Cj

n; the number of instances in cluster C}
x; the j'" instance in a cluster

d(z,y) distance between instance = and y

| X = VXXT | dot product, where X is a row vector
Table 5.1: Notations of internal validation measures

We first summarize the 12 internal validation measures in Table 5.2, and then discuss the
details of each measure. For convenience of discussions, we use distance functions in the

formula, however, they can be replaced with similarity functions when needed. It is worth
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noting that in most cases, minimizing some internal measure using distance function means
maximizing the measure using similarity function, and vice versa as shown in the column of
“Optimal(distance)” and “Optimal(similarity)”. There is only one exception, when Silhouette

Coefficient is applied, we need to maximize it either using distance function or similarity func-

tion.
Name(Notation) Optimal(distance) | Optimal(similarity) | Complexity
I Min Max O(n?)
I, Min Max O(n)
€1 Max Min O(k)
H, Min Max O(n?)
H, Min Max O(n)
Gy Max Min O(n?)
Calinski-Harabasz index (CH) | Max Min O(n)
Dunn’s Index (D) Max Min O(n?)
Silhouette Coefficient (SC) Max Max O(n?)
Davies-Bouldin Index (DB) Min Max O(n)
SD validity index (SD) Min Max O(n)
S_Dbw Validity Index (S_Dbw) | Min Max O(n?)

Table 5.2: Summary of 12 internal validation measures

1. L.

This measure is computed as k ]
Il = n;, \ —- d Z, (56)

I, computes the sum of average pairwise distances between two instances in the same clus-
ter, therefore, it measures the degree of cohesion. The smaller the value is, the more cohesive
the clusters are. Therefore, the optimal clustering is obtained when this measure is minimized.
2. I.

This measure is computed as

k
L= Y dxc) (5.7)

i=1 z€C;

1> computes the sum of pairwise distances between an instance and the centroid in the same
cluster, therefore, it also measures the degree of cohesion. The smaller the value is, the more
cohesive the clusters are. Therefore, the optimal clustering is obtained when this measure is
minimized.

This measure is actually the basic objective function which k-means clustering aims to

optimize.
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3. £1. This measure is computed as

k
= Z n;d(c;, c) (5.8)
i=1

€1 computes the sum of distances between a cluster centroid and the centroid of the whole
data set, therefore, it measures the separation of clusters. The larger the value is, the more
separated the clusters are. Therefore, the optimal clustering is obtained when this measure is
maximized.

4. H,. This measure is computed as
I

H =— (5.9)
€1

H; combines /; and ; which captures both cohesion and separation. Therefore, the optimal

clustering is obtained when this measure is minimized.

5. H,. This measure is computed as
Iy

Hy = — (5.10)
€1

H, combines I5 and €, which captures both cohesion and separation. The optimal clustering
is obtained when this measure is minimized.

6. G;. This measure is computed as d(z,y)

k
Z cut( Cz,X\C Z x60§¢6‘d o (5.11)

z,y€C; z,y€C;

In this formula, cut(C;, X\ C;) computes the sum of distances between instances in cluster
C; and instances outside cluster C;, so it measures separation . Therefore, the optimal clustering
is obtained when this measure is maximized.

This metric was proposed as an objective function for spectral clustering based on normal-
ized cut [82].
7. Calinski-Harabasz index (CH) [7].

This measure is computed as follows:

TB n—=k
CH=-2 5.12
Tw k=1 (>-12)
where
k
Tp =Y nid*(ci,c) (5.13)
=1
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k

Tw=> > &) (5.14)

i=1 zeC;

In fact, T’z indicates the inter-cluster variances, hence it measures the degree of separation.
The larger the value is, the more separated the clusters are. Ty indicates intra-cluster variances,
hence it measures the degree of cohesion. The smaller the value is, the more cohesive the
clusters are. A cohesive and separated clustering should have large T’z and small Ty .

CH looks very similar with /{5 except that it multiplies a normalization term Z—:'f It is
worth noting that this measure will be undefined when k = 1 or k£ = n because of 0/0.

8. Dunn’s Index (D) [32]

This measure is computed as:

minmin; j«mingec, yec, d(z, y)

DN =
maxmmaXIECmyeCmd(ma y)

(5.15)

The numerator in the formula indicates inter-cluster separation which is computed as the
overall minimum pairwise distance between an instance in one cluster and an instance in the
other cluster. The larger the value is, the more distinct the clusters are. The denominator
indicates intra-cluster cohesion which is computed as the overall maximum pairwise distance
between two instances in one cluster!. The smaller the value is, the more cohesive the clusters
are. Overall, a large value of Dunn’s index means a cohesive and distinct clustering structure.
Therefore, the optimal clustering is obtained when the Dunn’s Index is maximized. It is worth
noting that this measure will be undefined when k£ = 1 (numerator can not be computed) or
k = n (the denominator is 0).

9. Silhouette Coefficient (SC) [78]
The Silhouette Coefficient of the clustering is computed as the average of Silhouette Coef-

ficient for each cluster, i.e.,

k
1
SC = . Zl SC; (5.16)

where SC; is the Silhouette Coefficient for cluster C;.

lit is also called the diameter of a cluster
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The value of SC}; is then computed as the average of Silhouette Coefficient for each instance

in the cluster, i.e.,

1 &
2 . 17
SC; ni;SC’] (5.17)

where n; is the number of instances in cluster C;, and SCj is the Silhouette Coefficient for
instance x; in cluster C;.

To compute Silhouette Coefficient for each instance x5,

(1) For an instance x; in cluster C;, compute the average distance (a;) to the other instances

in the same cluster, i.e.,

1
a; = ——F Z d(z;,y) (5.18)

i yeC,y#z;
(2) For the instance z; in cluster C;, compute the minimum of the average distance (b;) to
the instances in another cluster C,,, (m # 1), i.e.,
) 1
bj = min  {— d(zj,y)} (5.19)

mée{l,...k}m#i TN
{ bma# m o

(3) The Silhouette Coefficient for instance z; is then computed as

SCJ' = (b] — CLj)/Hl&X(bj, CLj) (520)

The Silhouette Coefficient of an instance SC}, a cluster SC;, and a clustering SC varies
from -1 to 1. When SCj is closer to 1, it means that instance x; is an instance that contributes a
lot to the cohesion and separation of the cluster it belongs to. When SCj is closer to 1, it means
that cluster C; is a cohesive cluster and it is distinct to any other clusters. When SC' is closer to
1, it means that all the clusters are cohesive and distinct from each other.

Therefore, the optimal clustering is obtained when the Silhouette Coefficient SC' is max-
imized. It is worth noting that this measure will be undefined when £ = 1 (b; can not be
computed) or k£ = n (a; can not be computed).

10. Davies-Bouldin Index (DB) [27]
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This measure is computed as

k
1
DB = — D; 521
k; (5.21)
where
D,L' = HlaXDijj (522)
YNE
and
Dij= [~ S dw, e+ — 3 diw, ep)]fd(cir ;) (5.23)
ii = |— T,C — T, C; Ciy Cj .
5J ni nj ] ]

zeC; $€CJ‘

Term D; ; computes the intra-cluster cohesion and inter-cluster separation involving cluster
C; and C;. Hence, the smaller value of D, ;, the more cohesive and distinct C; and C} are.
Term D, represents the worse case involving cluster C; which is computed as the maximum
value of D; ;. The value of Davies-Bouldin index is then computed as the average of D; for
all the clusters. A small value of this index means a cohesive and distinct clustering structure.
Therefore, the optimal clustering is obtained when the Davies-Bouldin Index is minimized (but
should be larger than 0). It is worth noting that when k& = 1, the value of this index is undefined
and when k£ = n, the value is 0.
11. SD validity index (SD) [40]

This measure is computed as:

SD = « - Scatt + Dis (5.24)
where
k
o (Ci)l
Scatt = — (5.25)
— [lo(D)]
max d(¢;, ¢j) &
iy ’ 1
Dis = % 5.26
" min d(c;, ¢;) Z k (5.26)
i, =13 d(e, ¢)
J=1j#i
and
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a is a weighting factor which is equal to Dis(7,,4, ) in Which n,,,, is the maximum number
of clusters.

The first term Scatt computes the average scattering (cohesion) of clusters and the smaller
the value is, the more cohesive the clusters are. The second term Dis computes the total
separation of clusters and the smaller the value is, the more distinct the clusters are. Overall,
a small value of SD validity index indicates a cohesive and distinct clustering. Therefore, the
optimal clustering is obtained when this index is minimized. It is worth noting that [40] has
shown that the value of n,,ax does not have significant influence on the value of SD validity
index.

In the first term, o (D) is defined as the variance of the data set, o(C;) is the variance of the
cluster C;, and ||-|| is dot product.

op is a column vector

9p
op=| .. (5.27)
o
and the p'" dimension in the column vector
p IBS P 2
oh = d (@ =) (5.28)
i=1
o¢; 1s a column vector
og,
oo, = | .. (5.29)
ol
and the p'" dimension in the column vector
p S p 2
ot =— > (@ —d) (5.30)
7 ]:1

12. S_Dbw Validity Index (S _Dbw) [39]
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This measure is computed similarly as SD validity index, but it differs in the computation
of inter-cluster separation by taking into density. The optimal clustering is obtained when this

index is minimized.

S_Dbw = Scatt + Dens_bw (5.31)

Scatt is computed exactly as the one in SD validity index, and Dens_bw is computed as

ko ok :
1 density(u;;)
Dens bw = ——— J 5.32
nsow k(k —1) Zl 123‘7&@' max{density(c;), density(c;)} (5-32)

where ¢;, c; are the centers of clusters C; and C; respectively, and w;; is the center point of
the line connecting c¢; and ¢;. The term density is defined as
Mg
density(u;;) = Zf(xl,uij) (5.33)
=1
where x; is defined as an instance in a set of S which consists of instances in both C; and
Cj,ie., 2, € C; UC; = S and ny; is the total number of points that belong to the clusters C;
and C.

The f function is defined as

0 ifd(z,u) > std
flz,u) = (5.34)
1 otherwise

in which The standard deviation std is defined as

(5.35)

and o(C;) is defined in 5.29.
13. Other measures

In the literature, researchers have proposed variants of the above mentioned measures, e.g.,
Simplified Silhouette Coefficient by replacing the distance between two instances with the dis-
tance between the instance and the centroid; and some other measures, e.g., Root-mean-square

standard deviation [80], Modified Hubert I" statistic [47], [ index [64], Xie-Beni index [93]. In
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previous work, clustering problem is modeled using graph structure. Besides the G; discussed
earlier, there are quite some other measures proposed in the context of graph, as surveyed in
our previous work [13].

All the internal measures proposed so far can be used to evaluate the quality of clustering
without referring to external gold clustering. The question is that given all these internal mea-
sures, which one should we choose? Are there some internal measures that can outperform the

others? We will focus on examining various internal measures in the next section.

5.2.3 Comparison of Various Internal Measures

Many researchers have started to compare various internal measures since last eighties [41, 61,
68]. Most of previous work focused on comparing those measures by identifying whether they
can identify the correct number of clusters. An internal measure is normally considered good
if it can correctly find the number of clusters, i.e., reaching its optimal value (either maximum
or minimum) at the correct number of clusters.

A general procedure of determining the best number of clusters using an internal measure

1s as follows:

Algorithm S Determine the best number of clusters using an internal measure.

Input:
a clustering algorithm J;
an internal validation measure M;
a data set D;
n: number of instances in D;
Nmaez: Maximum number of clusters, suggested value 7,,,, = /1
Output:
: for k =2 — nye. do
Apply F on D using parameter k and produce a clustering C
Compute the clustering quality m on C using M
end for
: Find the optimal value in the array of 7, and the optimal k,,; when m,, is optimal
return K,

SANR AN S ey

Recently, Liu et al. [61] compared 11 measures from the following five aspects:
(1) monotonicity: whether a measure can reach a optimal value at some certain number of

cluster k, rather than increase or decrease monotonically.
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(2) noise: whether a measure can identify the correct number of clusters when there are
noise instances dispersed among well separated clusters.

(3) density: whether a measure can identify the correct number of clusters when there are
dense regions.

(4) subclusters: whether a measure can identify the correct number of clusters when there
are clusters that are closed to each other.

(5) skewed Distributions:whether a measure can identify the correct number of clusters
when the cluster size follows a skewed distribution, i.e., some clusters have much more in-
stances than the others.

They found that only S_Dbw Validity Index can identify the correct number of clusters for
all the five cases based on the synthetic datasets they developed.

Although it is indeed important to identify the correct number of clusters, the problem is
whether it is the only aspect that can distinguish a good internal measure from a bad one. Ven-
dramin et al. [90] have argued that there are some conceptual flaws in the comparison paradigm
by only considering whether a good measure can identify the correct number of clusters. The
key issue is that there are many clustering results that produce the correct number of clus-
ters, but are actually not optimal and there are many clustering results that produce the wrong
number of clusters, but actually exhibit good clustering structure. Therefore, they proposed
a method that compares multiple measures by computing the correlation (e.g., Pearson Cor-
relation) between the internal measure with some external measure. The hypothesis is that a
good internal measure should have a high degree of compatibility with external measure. The
problem is that if the external measure is a flawed one, high correlation may turn out to be a
misleading result.

In this thesis, we will examine the 12 internal measures from another aspect: can they help
recover the good clustering structure by incrementally adding more collaborative instances?
In the next section 5.3, we will elaborate how to use an internal measure for instance level

collaborative clustering (MICC).
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5.3 Micro Collaborative Clustering (MiCC)

Micro collaborative clustering (i.e.,instance-level collaborative clustering) takes the advantage
of looking into a bigger and better “picture” of the underlying structure by adding collaborative
instances. In order to achieve success in MiCC, we need to find solutions for the following key

problems.

5.3.1 Mechanism of Populating Collaborative Instances

In general, this is a difficult problem, since for clustering, we do not know the function of data
distribution. However, when it comes to specific applications, it is possible. The solutions can
vary from case to case. For example, in name entity clustering, each instance contains a name
and a context document, in order to find collaborative instances, we retrieve a certain number
of documents from a large corpus and each of the document contains the name, e.g., in order to
cluster "Michael Jordan” in different documents, we just retrieve more documents containing

”Michael Jordan”. We define the set of collaborative instances as Y.

5.3.2 Selection of Collaborative Instances

It is possible that not all collaborative instances in Y are helpful, and some can even hurt. In
order to identify the best set of collaborative instances, we apply an iterative algorithm in which
for each iteration, we pick some collaborative instances from the pool and check whether they
can improve the clustering structure of the original data set (using an internal measure). So the
key issue is how to select collaborative instances.

In this thesis, we apply the following simple strategy: in each iteration, repeat a procedure
of randomly selecting a certain number of collaborative instances for some rounds, and pick one
of the best set of randomly selected collaborative instances which produced the best clustering

measured by an internal measure.
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5.3.3 Algorithms of MiCC

The basic idea of MiCC is that we incrementally add instances from the pool of Y, continually

check the clustering quality of the original set of instances after new instances are added, and

identify the optimal clustering quality at some iteration. In this thesis, we apply a simple

strategy to select collaborative instances by random selection (Algorithm 6).

Algorithm 6 MiCC algorithm by random selection.

Input:

X = {1, 9, ..., z,, }: instances in the data set;

Y ={y1,y2, ..., ym }: a pool of candidate collaborative instances;

J: a clustering algorithm;

M: an internal measure; //Assume the measure takes maximum as optimal
Ngep: Maximum number of collaborative instances picked in each iteration;
Nyrials: NUMber of times

Niterations. NUMber of iterations

Output:

SARRANE I

~

10:
11:
12:
13:
14:
15:

a set of best collaborative instances: Best(C'
the optimal value computed by the internal measure LM,,,;;
Apply F on X and output a clustering, compute the clustering quality by the internal mea-
sure M.
initialize a list of best found candidate collaborative clustering instances LC'
initialize a list of best found values of clustering quality LM
fori=1— Niterations A0
for j =1 — nypjus do
Randomly pick ngep collaborative clustering instances (naming the set as Y;) from Y and produce a
new set of instances by X U'Y}.
Apply I on X UY;, compute clustering quality LM;j using M.
end for
Find LM;k such that LM;, >= LM;; for j € {1,...,nas}, expand X such that
X =XUY,, remove Y, fromY suchthatY =Y — Y.
LC; =Yy, LM; = LMy,
end for
Find LM, such that LM, >= LM, fori € {1, ..., Nierations }
LM,y = LM,
BestC' = LC, U ...ULC,
return BestC and LM,

5.3.4 Obtaining Final Clustering Solution

The original set of instances is a subset of expanded set including the best selected collaborative

instances, therefore, the clustering result can be retrieved from the clustering based on the
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expanded set, in other words, we only care about the cluster ids that are assigned to the original
set of instances. The evaluation (using external measure) is still conducted on the original

instances.

5.4 Macro Collaborative Clustering (MaCC)

Macro collaborative clustering (i.e., clusterer-level collaborative clustering) takes the advantage
of leveraging the integration of various clustering results from different clustering methods by
applying a consensus function. There are two key issues in MaCC:

1. Ensemble generation: A clustering ensemble is a set of clusterings, each of which is
generated by a clusterer. Diversified clusterers can be implemented through:

(1) different clustering algorithms;

(2) different distance functions to compute the distance between two instances;

(3) different parameter settings for a specific algorithm;

(4) different dimension reduction methods which project from high dimensional space to
lower dimensional space;

(5) different sampling methods;

We denote the clustering ensemble as IT = {7', ..., 7"} in which r is the number of clus-
terers and each clustering 7" consists of k; number of clusters, i.e., 7* = {C1, ...,C} } where
Ciu..uCj =X.

In section 5.4.1, we will discuss various clusterers we used.

2. Consensus function: Given the clustering ensemble IT = {r!,..., 7"}, a consensus func-
tion [" maps the ensemble to an integrated clustering, i.e., I' : I — €. In section 5.4.2, we will

discuss some major categories of consensus functions.

5.4.1 Ensemble Generation

In this thesis, we apply the following series of clustering algorithms
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5.4.1.1 K-means algorithm

The algorithm (Algorithm 7) works as follows:
(1) Randomly select & instances as centroids.
(2) Assign each instance to a cluster label associated with its closest centroid.
(3) Recompute centroids.

(4) repeat (2) and (3) until the centroids do not change any more.

Algorithm 7 K-means algorithm.

Input:
X = {x1,x9, ..., z,}: instances in the data set
k: number of clusters
d(x,y): a distance function which computes distance between vector x and y
rand(X, k): a function that randomly picks & instances from X
Output:
{c1, ..., i} set of k centroids L = {l(x1),...,l(x,)}: set of cluster labels of X
1: {1, e} = rand(X, k).
2: fori=1—ndo
[(x;) = argmin d(x;,c;)
jge{l,..k}
end for

changed = true
while changed do
fori=1— kdo

S={jlj e{L,...,n},l(z;) =i}

Ci = |_;| D jes T
10:  end for
11:  changed = false

/lAssign each instance to its closest centroid

122 fori=1—ndo

D A A

13: label e, = argmin d(x;,c )
7.i€{l,...k}

14: if label,e,, # [(x;) then

15: l(x;) = label e

16: changed = true

17: end if

18:  end for

19: end while
20: return L = {i(x1),...,l(z,)}

We can obtain multiple K-means based clusterings by varying the selection of initial cen-
troids, and different choices of distance functions.

K-means tends to run fast with the running complexity of O(knt) where k is the number of
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clusters, n is the number of instances, and ¢ is the number of iterations (normally, £ < n and
t < n). Meanwhile, there are several concerns related with K-means, (1) it tends to work well
for spherical shaped clusters of similar sizes, but does not work well for non-convex shapes
or clusters of different sizes; (2) it is quite sensitive to noisy instances, because an outlier is
forced to be in a cluster even if it is far from the centroid , thus distort the cluster shape; (3) it

is sensitive to the initial centroid selection, thus tends to get trapped in local optima values.

5.4.1.2 Agglomerative clustering algorithms[84]

Two versions of agglomerative clustering algorithms are applied here, one is based on linkage
of clusters (Algorithm 8), the other is based on optimizing a criterion function (Algorithm 9).

Agglomerative clustering by linkage.

(1) Compute the distance (guided by some linkage criterion) for each pair of clusters (ini-
tially each cluster is an instance).

(2) Merge two clusters with the smallest distance.

(3) Repeat (1)(2) until the number of clusters k is reached.

When computing the distance of two clusters, normally, we have three strategies: (a) single-
linkage which computes the minimum pairwise distance in the two clusters; (b) complete-
linkage which computes the maximum pairwise distance in the two clusters; (c) average-
linkage which computes the average pairwise distance in the two clusters.

Agglomerative clustering by optimizing an internal metric.

(1) Merge two clusters which leads to the highest gains computed by an internal metric.

(2) Repeat (1) until the number of clusters k is reached.

There are two major concerns related with agglomerative clustering, (1) the running com-
plexity is relatively high, which takes O(n?) in general but can be reduced to o(n?) for single-
linkage clustering and complete-linkage clustering; (2) errors in early stages of merging can
not be fixed in the later iterations which can be a serious problem if there are lots of close but

actually distinct clusters.
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Algorithm 8 Agglomerative clustering algorithm (by linkage).

Input:

X = {1, 9, ...,z,}: instances in the data set
k: number of clusters
d(C;, C}): a distance function which computes distance between cluster C; and C;

Output:
C ={C4,...,Cy}: setof clusters
1: C=10
2: fori=1—ndo
3: Cl = {.CL'Z}
4: C=CuU {CZ}
5: end for
6: while |C| > £k do
7. (Cy, Cy) = argmind(C;, C;)
Ci,Cjee
o C=(C\{C I\ {C})u{C, UG}
9: end while
10: return C

Algorithm 9 Partitioning clustering algorithm (optimizing an internal metric).

Input:

X = {x1,x9, ..., z,}: instances in the data set
k: number of clusters
f(C©): an internal metric which computes a clustering C, assume optimal when minimizing

Output:
C = {C},...,Ck}: set of clusters
1:C=0
2: fori=1—ndo
3: Oz = {ZEZ}
4 C=CU{C;}
5: end for
6: while |C| > £ do
7 (Cn ) = agmin F((C\{GI\{GH UG UG
8 C=(C\{C}\{C}) U{C. UC}
9: end while
10: return C

5.4.1.3 Partitional clustering algorithms[84]

Two versions of partitional clustering algorithms are applied in this thesis, one is based on

repeated bisections(Algorithm 10), the other is based on direct k-way partitioning (Algorithm

11).

In repeated bisections, the whole set of instances are continually bisected until k clusters are

obtained. Each bisection iteration consists of two major steps: (a) initial clustering (b) cluster
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refinement. In initial clustering, two instances are selected as seeds of two clusters, and the
other instances are assigned to one of the two clusters according to the distance between the
instance and the seed. Then in the cluster refinement step, it consists of a number of iterations.
During each iteration, the instances are visited in random order. For each instance, validate
whether we can obtain improvement in the value of an internal metric by moving it to the other
cluster. If improvement can be obtain, move the instance to the other cluster immediately,
otherwise, just leave it in the old cluster. This refinement step stops when it reaches the number
of iterations or in some iteration, no instances can be moved. An important issue related with
bisection is to determine which cluster to be bisected next. A simple strategy is to always select
the largest cluster available at that point of bisection. This strategy tends to output balanced
cluster sizes and can not work well on data set in which cluster sizes are skewed. Another
strategy is to select a cluster which can lead to better improvement in the value of an internal
metric if it is bisected.

A direct k-way partitioning also consists of two major steps, which are quite similar with
the two steps in a bisection iteration, but differs in (1) initial clustering: instead of choose 2
seeds, k seeds are chosen and instances are assigned to the k seeds accordingly; (2) cluster
refinement: instead of moving an instance to the other cluster if there is improvement, moving
the instance to one of the £ — 1 which leads to the best improvement in the value of an internal
metric. It is worth noting that if the internal metric /5 (optimizing the sum of pairwise distances
between an instance and the centroid in the same cluster) is applied, it is exactly the general
K-means algorithm.

The approaches applied in the step of cluster refinement are greedy in nature, and by no
means lead to global optimal because the refinement is based on randomly selected seeds. In
order to reduce the sensitivity, we can repeat the whole procedure for a number of trials, and

select the best clustering which obtains the maximum value computed by the internal metric.

5.4.2 Consensus Functions

A consensus function maps a set of clusterings into a final clustering. Various approaches

have been proposed, including mutual information based [62, 88], voting based [34, 35], co-
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Algorithm 10 Agglomerative clustering algorithm (repeated bisection).

Input:
X = {1, 9, ...,z,}: instances in the data set
k: number of clusters
f(€): an internal metric which computes the quality of clustering C, assume optimal when
minimizing
Output:
C = {C},...,Ck}: setof clusters
1: C = {X} //select the largest cluster to bisect
2: while |C| < k do
3: B =argmax|C]
Ciee
4 (Cy,Cy) = argmin  f((C\{B})U{Ci} U{C}})
C;UC;€B,C;NC;=0
5: end while
6: return C

Algorithm 11 Partitioning clustering algorithm (k-way direct).

Input:
X ={zy,x9,...,x,}: instances in the data set
k: number of clusters
f(€): an internal metric which computes the quality of a clustering €, assume optimal
when minimizing

Output:
C ={C4,...,Cy}: setof clusters
1. C={X}
2: (C1,Cy,...,Ck) = arg min fHCIU .. U{CL})

C1U...UC,=X Vi, j,CiNC;=0
3: return C7,Cs, ..., C}

association matrix based [36], mixture model based [89], and graph based [33, 85].

5.4.2.1 Consensus function based on mutual information

Without knowing the relative importance (confidence) of those multiple clusterings, a reason-
able way is to find the best clustering which shares most mutual information with all the clus-
terings in the ensemble. Strehl et. al. [85] applied normalized mutual information metric
and proposed the following consensus function which aims to optimize an average normalized

mutual information (ANMI), i.e.,

1 « .
(ort) — -y NMI(#, 5.36
T arg max ; (7, 7") (5.36)

T
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where N M is defined as
MI 1y /g
NMI(m;,7;) = (i, ) (5.37)
H(m;)H (m;)
M T is mutual information between two clusterings
ki kK
Ny s My
MI(m;,7;) = 1 5.38
(mom) = > 2 S los 0 (538)

where n is the number of instances in the data set, k; and k; are the number of clusters
in clustering 7¢ and 7/ respectively, n, and n, are the number of instances in cluster C? (in
clustering 7*) and CY (in clustering 77) respectively, n,, is the number of common instances in
cluster C? and CY.

H is entropy of a clustering

H(r') = ; —log—* (5.39)

In order to solve the optimization problem in equation 5.36, we can apply a brute-force
search going over all possible clusterings (7) and find out the maximum. However, the search-
ing space is k" /k! for k >> n which makes the problem intractable. [85] proposed a greedy
search method which first picks a clustering from the clustering ensemble which produces the
largest ANMI, and then iteratively updates the cluster label (i.e., cluster id) of each instance
according to whether the change can lead to gains in ANMI, until no cluster labels will be

changed for all the instances. This greedy search can significantly reduce the searching space

(although it is still large), however, it tends to reach a local optimum.

5.4.2.2 Consensus function based on co-association matrix

The co-association matrix is a n*n (n is the number of instances in the data set) matrix in which
each element represents the association value between two instances. For each clustering, we
can construct a co-association matrix and the value of each element is 1 if the two instances are
clustered together, otherwise 0. To combine 7 clusterings, we simply sum the r co-association

matrices, and then normalize the resulting matrix by dividing r for each element.
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Once the final co-association matrix is obtained, we can apply any clustering algorithm
on the matrix, e.g., agglomerative clustering with average-linkage. A simple demonstrative
example (r = 2) is shown in Figure 5.2 in which the true clustering is {{1,2,3},{4}}. After we
apply agglomerative clustering with average-linkage (stopping threshold is set to 0.5), we can

correctly recover the true clustering from the two imperfect clusterings.

: 1 2 3 4
clustering 1 ~ 111 To lo
1@ ® N
2 —> 111 (010
3 w
o’ @) 0|01 |0
~ 1010 |0 |1
12 I 3 4
clustering 2 “1110l0 10
1@ ~
[ 2] |:> o111 1|0
o3 ©« 0|1 ]1]0
¢’ . [o oo [+
final clustering ! 5: ° 4
=11 05|10 |0
10 o 2
<—‘ 105 |1 05 |0
A « |0 |05]1 |0
® {0 |0 |o |1

Figure 5.2: An example of consensus function based on co-association matrix
There is a major concern about the consensus function based on co-association matrix [89]:
the new clustering structure represented by co-association may not reflect the original clustering
structure, especially when the number of clusterers is relatively small.

5.4.2.3 Consensus function based on voting

Unlike the classification problem where a classifier produces a class label which falls in a fixed

set of categories, various clusterers may produce different sets of labels. In the example shown
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in Figure 5.3, clusterer 1 produces labels of {A,B,C}, clusterer 2 produces labels of {a,b,c},
while clusterer 3 produces labels of {«, 3,~v}. In order to apply the voting strategy, we need
to relabel some of clusterings based on a single common reference clustering. Ideally, the true
clustering is the best choice to be a reference clustering, unfortunately, it is not known until
evaluation. Alternatively, we can use any one of the clusterings as reference clustering, as
shown in the example, we use clustering 1 as the reference clustering and the labels in other
clusterings are relabeled accordingly.

The relabeling problem can be converted to a bipartite graph matching problem in which
labels from reference clustering form one set of nodes in the graph while labels from the other
clustering form another set of nodes. There are no edges connecting nodes from the same
set. The connecting edges connecting nodes in different sets show the number of common
instances. The goal of bipartite graph matching is to find matches between labels such that the
overall edge weights for pairwise matched labels can be maximized. In the example, we have
two possible ways to relabel clustering 2: (1) a — A, b — B in which we can obtain an overall
weight of 2; (2) a — B,a — A in which we can obtain an overall weight of 3. Therefore
we choose the second relabeling solution. A general bipartite graph matching can be solved
through effective Hungarian algorithm [57].

Once all the clusterings are relabeled with the same set of labels, we can simply apply
majority voting for each in instance. If there is a tie, a random selection can be applied.

The major concern about the consensus functions based on voting is that the relabeling

errors introduced by the bipartite graph can significantly mislead the voting.

5.4.2.4 Consensus function based on graph formulation

We can leverage graph formulation to capture the similarity of instances (IBGF), the similarity
of clusters (CBGF) or both (HBGF).

(1) Instance-based graph formulation (IBGF) [85]

Given a clustering ensemble IT = {r!,..., 7"}, we can construct a fully connected graph
G = (V,W) in which V is a set of vertices in the graph and each vertex represents an instance;

W is a similarity matrix, and the edge weight W (i, j) can be computed as the frequency the
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instances true clustering 1 clustering 2 clustering 3 voting
clustering
X1 1 A a—-B a—B B
X 2 A b-A B—oA A
X3 2 A b-A a—B A
X4 1 B b-A a—B B
X5 2 A b—A B—oA A
clustering 1 clustering 2

{xy,x2, %3 x5}

clustering 2 relabeling:

b-Aa—-B

clustering 1 clustering 3

{1, %7, X3 x5} L {3, x4} clustering 3 relabeling:

a—>BB-A

.x4}

Figure 5.3: An example of consensus function based on voting

instances ¢ and 7 are clustered together in the ensemble. The final clustering can be obtained
by applying any graph based clustering algorithms.

(2) Cluster-based graph formulation(CBGF) [85]

Given a cluster ensemble IT = {r! ..., 7"}, we collect all the clusters from the ensemble

n={c{,...C}, ...C;, .., Cy. }. The total number of clusters is denoted as ¢. Then the graph

R

can be constructed in which V' is a set of ¢ vertices, each vertex represents a cluster; IV is a

matrix in which each element is the similarity between cluster ¢; and c;. One of the ways to

_ laind|

compute the weight similarity is to apply Jaccard measure W (i, j) = TeANeRE
2L

Then we apply any graph clustering algorithm and each cluster contains a group of clusters
in the ensemble. In order to produce the final clustering, we can consider the group of clusters as
a metacluster, then we can iterate each instance in X, and count which meatacluster with which
it is most frequently associated. If there are ties, we just randomly assign it to a metacluster.

(3) Hybrid bipartite graph formulation (HBGF) [33]

HBGF constructs a bipartite graph G = (V, W) in which V' = Vi U V; where V¢ is a set
of ¢ vertices each representing a cluster in the ensemble as described in CBGF, V] is a set of

vertices each representing an instance.
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If ¢ and j are both clusters or instances, W (i,j) = 0, otherwise if instance ¢ belongs to
cluster j, W(i,j) = W(j,7) = 1 otherwise 0. By applying any graph-clustering algorithms,

we can directly produce the final clustering.

5.5 Micro Macro Collaborative Clustering (MiMaCC)

It is quite natural to combine instance-level collaborative clustering and clusterer-level collab-
orative clustering so that we can first recover good clustering structure by using collaborative
instances and then apply multiple clustering algorithms to produce a final clustering. The hy-
pothesis is that clustering on data in which good structure is embedded can produce better
results than clustering on data in which ill structure is embedded.

A basic algorithm to implement MiMaCC is as follows:

(1) expand the data set by introducing collaborative instances;

(2) apply clusterer-level collaborative clustering to produce a final clustering on the ex-
panded dataset;

(3) down-scale the clustering by removing those collaborative instances from clusters.

5.6 Summary

In this chapter, we present the “collaborative clustering” scheme which includes MiCC, MaCC
and MiMaCC. For MiCC, one of the key issues is to find a good internal measure and we
hypothesize that if the selected instance collaborators can help improve the score of internal
measure, it is also likely that we can obtain a better clustering for the original set of instances.
In the next chapter, we will empirically study which internal measures are good choices, and
how effective of our MiCC algorithm. For MaCC, we focus on at least two key issues, one
is how to generate diverse clustering results, and the other is how to select a good consensus

function. The MiMaCC algorithm is a natural extension that combines MiCC and MaCC.
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Chapter 6

Document Clustering: A Case Study of

Collaborative Clustering

6.1 Introduction

Document clustering is a basic clustering problem in text mining, and has been applied in
several applications. For example, in information retrieval, when a document is considered as
relevant to the query, then the other documents in the same cluster should also be relevant to
the query. By incorporating this simple idea, recall of document retrieval can be significantly
improved. For another example, the documents retrieved with respect to a query are often
organized in a flat order. If the documents can be clustered into coherent groups, then the user’s
browsing experience can be significantly improved because instead of sifting through the long
list, the user only needs to look into groups each of which represents a coherent topic/sense
relevant to the query.

The research of document clustering has started decades ago, mostly focusing on comparing
various clustering algorithms, e.g., [84, 100]. The observations and conclusions are based on a
certain external clustering evaluation measure. However, some external measures are defective
so that the conclusions may be opposite if some other measures are applied. For example, K-
means algorithm tends to produce balanced cluster sizes (e.g., balanced number of documents

in different clusters). If the results are evaluated by “entropy” measure, it turns out that K-
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means algorithm is better than other algorithms that produce unbalanced cluster sizes. This is
not desired because “entropy” can not capture the so-called “uniform effect” [92] of K-means
algorithm, so the evaluation results are misleading.

In this chapter, we first study some basic issues in document clustering, including selection
of external validation measure, selection of distance function, comparison among different
baseline clustering algorithms, and then focus on experimenting the approaches proposed in
Chapter 5, including instance-level collaborative learning, clusterer-level collaborative learn-

ing.

6.2 Problem Formulation

In this thesis, we follow the conventions to define the document clustering problem.

Let D = {ds, ..., d,} denote the set of n documents. Using the well-known term frequency-
inverse document frequency (tf-idf) vector space model [79], a document can be represented as
a vector

n

d= (Wi, wp) :(tfllog#,...,tfmlog o ) 6.1)

where wj is the tfidf value of 7" term, ¢f; is the term frequency of i*" term, n is the total
number of documents, and df; is the number of documents which contain the it" term. This
vector is usually normalized to unit length.

The goal of document clustering is to generate a hard (non-overlapping) clustering for D,
ie., D = (D, ..., D) such that

() D; # 0 fori e {1,....k}

2)D;ND; =0fori,j€{l,...,k} and i # j

B3)D1U...UD,=D
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6.3 Distance Functions

Distance functions are closely related with applications, and they are important for the success
of clustering. In this chapter, we want to investigate which distance functions can be good
choices for document clustering application.

A distance function normally satisfies the following three properties:

(1) symmetric, i.e., dis(z,y) = dis(y, x)

(2) non-negative, i.e., dis(z,y) > 0

(3) triangle inequality, i.e., dis(z, z) < dis(z,y) + dis(y, 2)

We applied the following four distance functions to compute the distance between two
documents:
1. Euclidean distance

This function is defined as

diseuclidean(dw d]) = Hdz - d]H (62)

Euclidean distance is a widely used distance function, however, the major drawback is that
it is very sensitive to scaling.
2. Cosine distance
Instead of cosine distance, cosine similarity is more well-known, which can be defined as
d; - d;

» cosine dzyd = T .0 63
simeosine (s d;) = 6.3

Since we use normalized vector of d, the cosine similarity can be simplified to deosine =
d; - d;j. Since the tf-idf values in a document vector are non-negative, the cosine similarity
ranges from O to 1. 1 means that the two document vectors are in the same direction (using the
same terms), 0 means that the two documents do not have any overlapping terms. Unlike Eu-
clidean distance, cosine similarity is not sensitive to scaling because it only computes the angle
between two document vectors rather than the magnitude difference. For example, considering
a document containing 1 “document” and 1 “clustering” and the other document containing

100 “document” and 100 “clustering”, the cosine similarity will consider the two documents as
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the same, however, the magnitude difference may be significantly different.

In order to transform cosine similarity to cosine distance, we use the following formula:

discosine<dia dj) =1- Simcosine(dia d]) (64)

Cosine distance is non-negative, symmetric, but does not satisfy triangle inequality.
3. Distance based on Pearson Correlation Coefficient
Pearson Correlation Coefficient is a similarity measure to compute how correlated two vari-

ables are:

ny ry— xy Yy 65)
VT2 (S )0 Y (X y)?)

By replacing z, y with d;,d;, we obtain:

P(z,y) =

m m m
N Wi — Y Wi ) Wy
Simpearson(dia d]) = =l =l =l 5 (66)

m m 2 m m
\/(n Yowy® = (D wa) J(n Y wi? — (X wi) )
=1 =1 =1 =1
The value of Pearson Correlation Coefficient ranges from -1 to 1, 1 means that the two

documents are perfectly correlated, and -1 means that the two documents are not correlated. To

transform similarity to distance, we use the following formula:

05y ooreon(d. ;) = 1 — stMpearson(diy dj)  if siMpearson(di, dj) >=0 67
|$tMpearson(di, dj)|  otherwise
Distance based on Pearson Correlation Coefficient is non-negative, symmetric, but does not
satisfy triangle inequality.
4. Distance based on Jaccard Coefficient Jaccard Coefficient is a similarity measure which

computes the intersection of two sets divided by their union. For two document vectors d; and

d;, the Jaccard coefficient can be computed as

d; - d,
2 2
|di|”™ + |d;|” — d; - d;

(6.8)

SimJaccard =
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In order to transform Jaccard similarity to Jaccard distance, we use the following formula:

dis]accard<dia d]) =1- SimJaccard(div d]) (69)

6.4 External Clustering Validation Measures

An external measure is to compare the system clustering output with the gold clustering which
is normally created by human assessors. Some external measures are naturally defective, for
example, using either “purity” or “entropy” measure, we can obtain the best performance by
simply putting each document in a singleton cluster. Many previous researches apply those
defective external measures, therefore, some of their results are misleading. In this chapter, we
will investigate which external measures are good choices for our evaluation purpose.
Previously, various external measures have been surveyed in [1] and re-surveyed in [13].

The external measures can be categorized into several types as shown in Table 6.1.

Type Representative external measures

based on set matching Purity, F-measure

based on pair counting Rand index, Jaccard Coefficient, Folks and Mallows

based on entropy Entropy, Mutual Information, Variation of Information,
V-measure

based on edit distance Edit distance

mixed type MUC F-measure, BCubed F-measure

Figure 6.1: Summary of external clustering measures by types

Researchers have proposed various properties/constraints [ 1, 30, 66] to identify what makes
a better clustering, for example, [1] presented four formal constraints, i.e.,

(1) homogeneity: a clustering in which most of clusters contain “clean” instances is better
than a clustering in which clusters are mixed with instances from various classes

(2) completeness: a clustering in which the instances belonging to the same class are put in
one cluster is better than a clustering in which those instances belonging to the same class are
put in different clusters

(3) rag bag: a clustering in which miscellaneous instances (belonging to different small
classes) are put in one “rag bag” is better than a clustering in which those instances are dispersed

in a most “clean” cluster.
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(4) cluster size vs. quantity: a clustering in which instances belonging to a minority of
classes are put in the same clusters is better than a clustering in which those instances are put
in many fragmented clusters.

The above four constraints are demonstrated in Figure 6.2.

Figure 6.2: Illustrations of four formal constraints [1]

Various external measure can then be validated by checking whether they can satisfy the
constraints, using the test cases as shown in Table 6.3. The table shows that only BCubed F-
measure can satisfy all the four constraints, and VI, V are the second best measures which only
fail the “rag bag” constraint.

Wu et al., 2009 [92] presented the “uniform effect” of K-means algorithm, and compared 16
external measures by validating whether they can capture the “uniform effect”. They showed
that entropy, purity, F measure, mutual information, Variation of Information (VI), Fowlkes
and Mallows (FM) are defective measures which fail to capture the “uniform effect”, however,
the normalization forms of some measures (normalized VI, normalized FM) can well capture
the “uniform effect”.

In this thesis, we will focus on three external measures: normalized mutual information,
BCubed and recently proposed V measure [77]. According to the four constraints discussed
above, they are good choices as shown in Table 6.3, however, it is unknown whether the three
measures can capture the “uniform effect” as they were not stated in [92].

1. Normalized Mutual Information

Normalized mutual information is an entropy based measure which measures the mutual
dependence of two clusterings based on information theory. For the convenience of discussion,

we assume that the data set consists of n data points, the system clustering is € = {C", ..., Cx },
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Figure 6.3: Satisfaction of constraints for various external measures [1], measures noted by *
are extensions presented in [13]

and the reference (gold) clustering is R = {Ry,..., R, }. In the following, we use “class”
to represent a cluster in reference clustering, and “cluster” to represent a cluster in system
clustering.

Let A be the contingency matrix such that A = {a;;} where q;; is the number of data points
that are in class ¢ and are assigned to cluster j. Then we have:

P(i,j) = a;j/n : the probability of an item in class ¢ and is assigned to cluster j

P(i) = |R;|/n : the probability of an item in class ¢
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P(j) = |C;|/n : the probability of an item in cluster j
P(ilj) = 20,

1) — Plug).
P(jli) = 2.
Then, the entropy of reference clustering is

the conditional probability of an item in class 7 if it belongs to cluster j

the conditional probability of an item in cluster 7 if it belongs to class ¢

H(R)=—> P (i)log(P (i) (6.10)
i=1
The entropy of system clustering is
k
H (€)=~ P(j)log(P(j) 6.11)
j=1
The conditional entropy H (C|R) is
m k
H(EIR) => > P(i,j)log P(jli) (6.12)
i=1 j=1

The conditional entropy H (R|C) is

m

k
H(R|C) =) > P(i,j)log P(ilj) (6.13)
=1 =1
The joint entropy H (R, C) is koom
H(R,€) =Y "> P(i,j)log P(i, ) (6.14)
j=1 i=1
Mutual Information is then defined as
m k
P(i, j)
P(i,5) - log—=——"— (6.15)
M =220 P (i) P(J)
A normalized mutual information can be defined as
2I(C; R) 6.16)

NMI(C;R) = m
The relations among entropy, conditional entropy, joint entropy and mutual information are
shown in Figure 6.4 and the proves are given in [25].
2. BCubed F-measure[3]

B-Cubed measure evaluates the clustering by summing the score of each instance in the

clustering.
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H(C,R)
p————,
I(C:R)=H(C)-H(C|R)=H(R)-H(R|C)
H(C,R)=H(C)+H(R|C)=H(R)+H(C|R)
(©) H(R)

Figure 6.4: Relations among entropy, conditional entropy, joint entropy and mutual information

For each instance 7, the precision and recall are defined as

# correct instances in the system cluster containing instance %

/S10N; = . . — . 6.17
preciston # instances in the system cluster containing instance ¢ ( )
recall, = # cm"rect instaflces in the system cluster 001'1tzllinir'1g instanc.e 1 6.18)
# instances in the reference cluster containing instance ¢

precision (C) = Z w;precision; (6.19)

i=1
recall (C) = Z w;recall; (6.20)

i=1

where w; is the weight assigned to instance i (e.g., w; = 1/n).
2 .sion (€ (e

BCubed_F (€) = precision (C) recall (C) 621)

precision (C) + recall (C)
3. V-measure[77]
V-measure is another entropy based measure which is computed as the harmonic mean of
homogeneity and completeness (refer to the beginning of this section for definitions) scores.

Homogeneity is computed as

1 H(R) =0
- (6.22)

1— 55 H(R) #0
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Completeness is computed as

1 HC) =0
. e (6.23)

1 - G HE)#0
Then V-measure is computed as v (1+—B)hc (6.24)
S |

In this thesis, we prove that normalized mutual information is equivalent to V-measure

(B =D.

Theorem 6.4.1 Normalized mutual information is equivalent to V-measure with 5 = 1.

Proof v, (Leane 2(1—;1%2%(1—%?2'5?

he (1= B + (- G

_ 2(H(R) ~ HRIE)H(E) - H(ER)
H(©)(H(R) — H(R|®)) + H(R)(H(€) — H(E[R))

B 21(C; R)?

T HOIEGR) + HRI(ER)

O 20(GR)

~ HE) T H®)

= NMI

Based on the above proof, we can reduce the three external measures to two, BCubed F-
measure and V-measure (3 = 1).

In order to validate whether Bcubed F-measure and V-measure can capture “uniform ef-
fect”, we exactly follow the approach presented in [92]. The major math tool applied here is
called the coefficient of variation which measures the skewness of cluster sizes. The larger the
value is, the more skewed (unbalanced) the cluster sizes are. The coefficient of variation is
computed as the ratio of the standard deviation to the mean, i.e.,

given X = {x1,...,x,},

CV =s/z (6.25)

n n
-1 1 N2
where 7 = zzlxi and s = \/Ezl(%_x) )
1= 1=
Let C'V; denote the coefficient of variation for the truth clustering, and C'V; denote the

coefficient of variation for a system clustering produced by some clustering algorithm. For a
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high skewed cluster distribution (C'Vj is high), an algorithm which produces “balanced” clus-
ters normally makes C'V; small, such that DC'V = C'V; — C'V; is small. As DC'V decreases, a
good external measure is expected to show worse scores, so we can apply some rank correlation
metric to compute the correlation between DC'V and the score produced by the external mea-
sure. The higher the correlation, the better the external measure which can capture “uniform
effect”.

We applied two rank correlation metrics, one is Spearman’s rank correlation coefficient,
and the other is Kendall’s rank correlation [55]. The range of either correlation coefficient
falls in [-1,1], 1 means an extremely positive correlation, while -1 means an extremely negative

correlation.

6.5 Experiments

6.5.1 Data Sets

We used four datasets from CLUTO package' which have been commonly used for evaluating
clustering algorithms in previous research of document clustering. Some characteristics of the
three datasets are summarized in Table 6.5. The table shows the data source (column “source”),
the number of documents (column “#docs’’), the number of terms (column “#terms’’), the num-
ber of clusters (column “#clusters”), class distribution (in the format of “cluster label=number
of documents in that cluster”), minimum cluster size in the clustering, maximum cluster size,
and coefficient of variance (column “CV”) [28]. Table 6.5 shows that k1b, sports have higher
skewed class distribution than reviews and hitech.

The documents in the datasets have been preprocessed through the following steps:

(1)stop word removal,;

(2)word stemming using Porter’s stemming algorithm [72];

(3)removing any words that occur in fewer than two documents.

"http://glaros.dtc.umn.edu/gkhome/fetch/sw/cluto/datasets. tar.gz
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dataset | source #docs | #terms | #clusters | cluster size distribution min max CcVv
cluster cluster
size size
kib WebACE 2340 | 21839 6 business=142 entertainment=1389, 60 1389 1.3162
health=494,politics=114,sports=141,
tech=60
reviews | SanJose Mercury 4069 126373 |5 food=999,movie=1133,music=1388, | 137 1388 0.6401
(TREC) radio=137,restaurant=412
sports San Jose Mercury 8580 126373 |7 baseball=3412 basketball=1410, 122 3412 1.0223
(TREC) bicycle=145,boxing=122,
football=2346,golf=336,hockey=809
hitech San Jose Mercury 2301 126373 | 6 computer=485 electronics=116,health | 116 603 0.5
(TREC) =603,medical=429,research=481,tech
nology=187

Figure 6.5: Summary of datasets used for our experiments of document clustering

6.5.2 Experimental Tools

We developed a toolkit' in order to facilitate our experiments on document clustering. The
toolkit consists of implementations in every aspect of clustering problem, including internal
measures, external measures, distance functions, the clustering algorithms discussed in Chap-
ter 5, instance-level collaborative clustering algorithms, and clusterer-based collaborative clus-
tering algorithms. The toolkit also includes a wrapper for the well-known clustering toolkit,
CLUTO [54] which is not open source and implemented in C++. The CLUTO toolkit imple-
ments some major clustering algorithms which are applied in our toolkits as individual cluster-

ers in clustering ensemble.

6.5.3 Impact of External Measures

As discussed in section 6.4, BCubed F-measure, V-measure are two good external measures
because BCubed F-measure satisfies all the four constraints in [1] while V-measure satisfies 3
of them. In this set of experiments, we will validate whether they can capture “uniform effect”.

Following the experimental setup in [92], we used the data set hitech which contains 2301
documents in 6 classes: computers, electronics, health, medical, research and technology and
obtained 8 sample data sets with the class-size distributions (CV0) ranging from 0.490 to 1.862,
as shown in Table 6.1. For each of the 8 data sets, we repeated sampling 10 times. We applied

K-means algorithm and the number of clusters ( was set to the number of true classes. Table

Ithe toolkit was developed in Java programming language
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6.2 shows the correlation coefficients between DCV and the four measures. We can observe
that only V-measure can capture the “uniform effect”, while BCubed F-measure as well as pu-
rity and entropy can not. This shows that there is not a perfect external measure discovered so
far that can capture all the good constraints. However, we consider that V-measure is an ideal
evaluation metric because it satisfies two very important criteria (homogeneity and complete-
ness) and can capture “uniform effect”, therefore, in the later experiments, we will only apply

V-measure as our external measure.

dataset | 1 2 3 4 5 6 7 8
class1 | 100 | 90 80 70 60 | 50 40 30
class2 | 100 | 90 80 70 60 | 50 40 30
class3 | 100 | 90 80 70 60 | 50 40 30
class4 | 250 | 300 | 350 | 400 | 450 | 500 | 550 | 600
class5 | 100 | 90 80 70 60 | 50 40 30
class6 | 100 | 90 80 70 60 | 50 40 30
CVO | 0.49|0.686 | 0.88 | 1.078 | 1.27 | 1.47 | 1.666 | 1.86
Table 6.1: 8 sample data sets from hitech data set

measure Spearman’s rank correlation | Kendall’s rank correlation
V-measure 1.0 1.0
BCubed F-measure -0.857 -0.714
purity -1 -1
entropy -1 -1

Table 6.2: Correlation between DCV and the measures

6.5.4 Impact of Similarity Functions

We experimented four similarity functions Euclidean similarity (euc), Cosine similarity (cos),
Pearson Correlation Coefficient (cor) and Jaccard Coefficient(jac) on two datasets (k/b and
reviews). We applied two clustering algorithms, repeated bisectional partitional clustering opti-
mizing I, (rbr+i2) and repeated bisectional partitional clustering optimizing G, (rbr+gl). For
each of the two datasets, we generated 100 datasets each containing 100 documents by random
sampling such that the final result is averaged from the 100 results. For clustering, the number
of clusters was set to the number of true classes, and V-measured was applied for evaluation.
Wilcoxon Matched-Pairs Signed-Ranks Test was applied to validate the statistical significance.

Table 6.3 shows that among the four similarity functions, Euclidean similarity (euc) per-

forms the worst except for the case when rbr+i2 was applied on dataset k/b. Cosine distance
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rbr+i2 rbr+gl

cos euc cor jac cos euc cor jac
klb 0.556 0.546 0.555 0.530 0.619 0.323 0.645 0.630
reviews | 0.537 0.465 0.533 0.508 0.522 0.232 0.517 0.470

Table 6.3: Impact of four distance functions (clustering evaluated by V-measure)

(cos) normally performs the best (shown as bold in the table), and cor almost performs as well
as cos and we did not observe that one is statistically significant than the other at the p < 0.05
level except that when rbr+g1 was applied on dataset kb, cor can even perform better than cos
. jac normally performs worse than either cos or cor with statistical significance at the p < 0.05
level.

Based on the above observations, we will use cosine similarity as our similarity function in

the experiments of studying baseline clustering algorithms.

6.5.5 Impact of Baseline Clustering algorithms

Agglomerative Clustering Partitional Clustering
dataset linkage optimizing internal measure repeated bisection direct k-way
slink | clink | alink | I, I, | & | G, | H | Hy | rly | rl, | v& | vG, | vHy | vH, | dl, | dI, | d& | dG, | dH, | dH,
k1b 0.104 | 0.453 | 0.607 | 0.477 | 0.451 | 0.398 | 0.539 | 0.437 | 0.425 | 0.552 | 0.553 | 0.521 | 0.614 | 0.554 | 0.530 | 0.544 | 0.545 | 0.521 | 0.590 | 0.544 | 0.529
reviews | 0.075 | 0.349 | 0.275 | 0.326 | 0.390 | 0.330 | 0.336 | 0.366 | 0.357 | 0.398 | 0.544 | 0.497 | 0.520 | 0.531 | 0.514 | 0.415| 0.537 | 0.513 | 0.477 | 0.525 0.514
sports 0.175 | 0.391 | 0.409 | 0.455 | 0.479 | 0.423 | 0.506 | 0.461 | 0.457 | 0.498 | 0.592 | 0.565 | 0.666 | 0.576 | 0.576 | 0.490 | 0.577 | 0.545 | 0.597 | 0.555 0.558
hitech 0.096 | 0.248 | 0.177 | 0.266 | 0.265 | 0.231 | 0.261 | 0.252 | 0.248 | 0.293 | 0.335 | 0.315 | 0.344 | 0.328 | 0.326 | 0.293 | 0.322 | 0.311 | 0.330 | 0.319 0.323
Table 6.4: Performance of 21 baseline clustering algorithms evaluated by V-measure
slink  [clink [alink | 1 [, [ & [ 6 [ H [ H, [ vty [ v, | ve, | 76, [ vH, | vH, [ an, | a, | d&, | d6, | daH, | aH,

Slink - << << << << << << << << << << << << << << << << << << << <<
clink >> - << << > >> << >> >> << << << << << << << << << << << <<
alink >> >> >> >> >> >> >> >> >> >> >> < >> >> >> >> >> >> >> >>
11 >> >> << >> >> << >> >> << << << << << << << << << << << <<
12 >> < << << >> << > >> << << << << << << << << << << << <<
81 >> << << << << << << << << << << << << << << << << << << <<
Gl >> >> << >> >> >> >> >> < < >> << < > < < > << < >

Hl >> << << << < >> << - > << << << << << << << << << << << <<
HZ >> << << << << >> << < << << << << << << << << << << << <<
T11 >> >> << >> >> >> > >> >> - > >> << > >> > > >> << > >>
7"12 >> >> << >> >> >> > >> >> < >> << < >> > >> >> << > >>
rel >> >> << >> >> >> << >> >> << << << << < << << > << << <
TGl >> >> > >> >> >> >> >> >> >> >> >> >> >> >> >> >> >> >> >>
‘V'H1 >> >> << >> >> >> > >> >> < > >> << >> > >> >> << >> >>
THZ >> >> << >> >> >> < >> >> << << > << << << << >> << << <
dll >> >> << >> >> >> > >> >> < < >> << < >> - > >> << > >>
d[2 >> >> << >> >> >> > >> >> < << >> << << >> < >> << > >>
dgl >> >> << >> >> >> < >> >> << << < << << << << << << << <<
dGl >> >> << >> >> >> >> >> >> >> >> >> << >> >> >> >> >> - >> >>
dH1 >> >> << >> >> >> > >> >> < < >> << << >> < < >> << >>
dHZ >> >> << >> >> >> < >> >> << << > << << > << << >> << <<

Table 6.5: Significance matrix among 21 clustering algorithms on dataset k/b

We tested 21 baseline clustering algorithms including 9 agglomerative clustering algorithms

(3 based on linkages and the other 6 each of which optimizes a specific internal measure), 12
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slink [clink [alink [ 6 [, [ & [ 6 [ H [ H [ v [ vy [ reg [ 76, | vhy | rH, | an | a1, | dg, | dG, | aH, | aH,

slink - << << << < < < << << << << << << << << << << << << << <<
clink >> - >> > < > > < < << << << << << << << << << << << <<
alink >> << - << << << << << << =< << <«< << << << << << << << << <<
I >> < >> - «< < < «< << | << << << << << << <«< <«< <«< <«< << <«<
I, >> >> >> >> - >> > > > | < << << << << << <«< <«< <«< <«< << <«<
& >> < >> > <«< - < <« << | << << << << << << << << << << << <<
Gy >> < >> > «< > - <« << | << << << << << << << << << << << <<
H, >> > >> > << > > - > <«< << << << << << <«< <«< <«< <«< << <«<
H, >> > >> > < > > < - <«< << << << << << <«< <«< <«< <«< << <«<
rly >> >> >> > > P T << << << << << < << << << << <<
rl, >> >> >> >> > > > > > [ > - >> > >> >> >> > >> >> >> >>
rel >> >> >> >> >> >> >> >> >> >> << - << << << >> << << > << <<
T‘Gl >> >> >> >> >> >> >> >> >> >> < >> - < > >> < > >> < >
rH, | >> >> >> >> > > > > > [ > << >> > - >> >> < >> >> > >>
rHy, |>> >> >> >> > > > > > [ > << >> < << - >> << > >> < <
dll >> >> >> >> >> >> >> >> >> > << << << << << - << << << << <<
dlZ >> >> >> >> >> >> >> >> >> >> < >> > > >> >> - >> >> >> >>
dg; | > >> >> >> > > > > > > << >> < << < >> << - >> << <
dG; | > >> >> >> > > > > > > << < << << << >> << << - << <<
dHl >> >> >> >> >> >> >> >> >> >> << >> > < > >> << >> >> - >>
dHZ >> >> >> >> >> >> >> >> >> >> << >> < << > >> << > >> << -

Table 6.6: Significance matrix among 21 clustering algorithms on dataset reviews

slink [clink [alink [ 6 [, [ & [ 6 [ [ B, [ v [ v, | v& [ 76 [ vHy | vH, | an, | a1, | de, | d6, | an, | aH,

slink - << << << < < < < < | << << << << << << << << << << << <<
clink >> - < << << << << << << << << << << << << << << << << << <<
alink >> > - «< << < < << << << << << << << << << << << << << <<
I >> >> >> - < > <« < < << << << << << << << << << << << <<
I, >> >> >> > - > << > > | << << << << << << < << << << << <<
& >> >> > «< << - < < << | << <«< <«< <«< <«< << <«< <«< <«< <«< << <«<
Gy >> >> >> > > > - > > | > <«< <«< <«< <«< << > <«< <«< <«< << <«<
Hy >> >> >> > < > << - > << << << << << << << << << << << <<
H, >> >> >> > < > << < - << << << << << << << << << << << <<
rl, >> >> >> > > > < > > |- <«< <«< <«< <«< << >> <«< <«< <«< << <«<
rl, >> >> >> S>> 3> > > > | >> - >> <«< >> >> >> >> >> < >> >>
r& | > >> >> > > > > > > > << - << << << >> < >> << > >
G, |> >> >> > > > > > > > >> >> - >> >> >> >> >> >> >> >>
rH, | > >> >> S>> 3> > > >> | >> <«< >> <«< - < >> < >> <«< >> >>
rH, |>> >> >> >> > > > > > > << >> << > - >> < >> <«< >> >>
dl, | >> >> >> > > > < > > | << << << << << << - << << << << <<
dl, |> >> >> > > > > > > | >> << > << > > >> - >> << >> >>
d&;, | > >> >> S>> 3> > > > | >> <«< << <«< <«< << >> <«< - <«< << <«<
dG, |> >> >> S>> 3> > > > | >> > >> <«< >> >> >> >> >> - >> >>
dH, |>> >> >> > > > > > > | >> << < << << << >> << >> <«< - <
dH, | >> >> >> > > > > > > | >> << < << << << >> << >> << > -

Table 6.7: Significance matrix among 21 clustering algorithms on dataset sports

slink  [clink Jalink | [, [ & [ G | H [ H | v [ 1, [ re, [ 76, | vHy | vH, | a1, | dl, | d& [ dG, | aH, [ dH,

slink - << << << < < < << << << << << << << << << << << << << <<
clink >> - >> < < >»> < < < << << << << << << << << << << << <<
alink >> << - < < < < << << << << << << << << << << << << << <<
I >> >> >> - > > > >> >> << << << << << << << << << << << <<
I, >> >> >> < - >> > >> >> << << << << << << << << << << << <<
& >> << >> << << - << << << << << << << << << << << << << << <<
Gy >> > >> < < >> - > >> << << << << << << << << << << << <<
H,y >> > >> << < >»> < - > << << << << << << << << << << << <<
H, >> > >> << < > < < - << << << << << << << << << << << <<
rly >> >> >> >> 0 >> >> 0 > > >> - << << << << << > << << << << <<
rl, >> >> >> >> 0 >> 0 >> 0 >> > >> >> - >> < >> >> >> >> >> > >> >>
r&; >> >> >> >> > > > >> >> >> << - << << << >> < > << < <
Gy >> >> >> > > > > >> >> >> > >> - >> >> >> >> >> >> >> >>
TH, >> >> >> > > > > > >> >> << >> << - > >> > >> < >> >
rHy, | >> >> >> >> > > > >> >> >> << >> << < - >> > >> < > >
daly >> >> >> >> > > >> > >> < << << << << << - << << << << <<
dl, >> >> >> >> > > > > >> >> << > << < < >> - >> < > <
del >> >> >> >> >> >> >> >> >> >> << < << << << >> << - << < <<
dGl >> >> >> >> >> >> >> >> >> >> < >> << > > >> > >> - > >
dH; | >> >> >> >> 0 >> >> 0 > > >> >> << > << << < >> < > < - <
dH, |>> >> >> >> 0 >> >> 0 >> > >> >> << > << < < >> > >> < > -

Table 6.8: Significance matrix among 21 clustering algorithms on dataset hitech

partitional clustering algorithms (6 repeated bisectional clustering algorithms each of which op-

timizes a specific internal measure and 6 k-way direct clustering algorithms each of which also
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€6 9

optimizes a specific internal measure). We put letter “r”” or “d” in front of the internal measure
name, for example, “r/;” means the repeated bisectional clustering which optimizes /; mea-
sure, “dl,” means the direct k-way clustering which optimizes /; measure. We experimented
on the four datasets as mentioned in section 6.5.1. For each of the dataset, we generated 100
sampled datasets each of which contains 100 randomly selected documents. Table 6.4 shows
the performance for 21 baseline clustering algorithms. Each number in the table shows the
average V score computed by V-measure over the 100 sampled datasets in each dataset. We
applied Wilcoxon Matched-Pairs Signed-Ranks test for significance test.

We compared our results with the results published in previous work [99, 100, 101]. Our
experiment settings are a little different from [101] and [100], for example, we used 3 datasets
and for each of them we created 100 subsets each of which contains 100 documents while in
[101] they used 11 datasets (including 2 of our 3 datasets) and for each of them, they created 10
subsets each of which contains 70% of the documents from the original dataset; in [100] they
used 15 datasets without sampling. The evaluation methods are also different: in [101], they
applied F-score and entropy over the whole hierarchical tree (without indicating the specific
clustering solution); in [100], they used entropy on each clustering with fixed k (k=5,10,15, 20)
number of clusters; while in our experiments, we applied V-measure on each clustering with the
number of clusters set to be the true number of classes. For statistical significant test, [101] and
[100] applied paired-t test while we applied Wilcoxon Matched-Pairs Signed-Ranks test. Table
6.5,6.6,6.7 and 6.8 show the significance matrix among the 21 methods on the four datasets
respectively. Note that “<”” (“>>”) indicates that the method of the row performs significantly
worse (better) than the method of the column, and “<” (“>”) indicates the relationship is not
significant. For all statistical significance tests, p-value is set to 0.05.

We summarize the comparisons of various observations among [100, 101] and ours in Ta-
ble 6.9. Some of the observations in previous work are the same as ours. However, when
comes to the comparison of methods which optimize 6 internal measures, we observed some
different results. By taking a parallel comparison among the three tables Table 6.4 (our results

evaluated by V-measure), Table 6.10 (results evaluated by F-score in [99]") and Table 6.11 (re-

Iresults for each specific dataset were not reported in [100] but in [99]
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sults evaluated by entropy in [99]), we can observe that in previous work, GG; and /; normally
perform worse than the others and ; normally has a mediocre performance, however, in our
experiments, (G; usually outperforms the others, while £, and /; have worse performance.

We briefly go over the discussions about the common observations among [100, 101] and
ours. For example, partitional clustering methods generally perform better than agglomerative
clustering methods because agglomerative methods have a natural drawback in that they can
not remedy the clustering mistakes which were made in the earlier stage of merging while
for partitional clustering methods, the instances can be freely re-arranged in each iteration of
partitioning whenever such moves lead to the optimal value computed by an internal measure.
The discussions of repeated bisectional methods vs. direct k-way methods are presented in
[100].

In the following, we focus on discussing the reasons that lead to the different observations
between ours and [100, 101]. As discussed in Section 6.4, some clustering methods (e.g., K-
means) tend to produce balanced number of clusters which is called “uniform effect”. It is
a desired property if the original dataset has a balanced class distribution, however, it is not
desired if the original dataset has a skewed class distribution. In order to test to what extend a
clustering method can capture “uniform effect”, we computed DCV = C'V; — C'V} in which
C'V, denotes the coefficient of variation for the truth clustering, and C'V; denotes the coefficient
of variation for a system clustering produced by a clustering algorithm. The higher the C'V; is,
the more unbalanced class distribution in the true clustering; the higher the DCV is, the more
skewed cluster distribution in the clustering generated by some clustering algorithm. Table 6.12
shows the average DC'V values (except the second column C'Vj) for 21 clustering methods on
the 4 datasets. We can observe that de; and slink represent two extreme cases in which de;
produces the most balanced cluster distribution while s/ink produces the most skewed cluster
distribution. Besides dey, I5, H; and H, also produce balanced cluster distribution, while /3,
G4, alink and clink produce skewed cluster distribution. By looking into the performance
table in Table 6.4, both de; and slink lead to inferior performance.

Recall that we use V-measure as our evaluation metric which is computed as the harmonic

mean of homogeneity and completeness. A clustering algorithm which produces balanced clus-
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Observations Zha02004 Zha02005 Ours
In general, repeated bisectional methods | not tested supported supported, not only repeated
outperforms agglomerative methods bisectional clustering but also
k-way direct clustering
outperform agglomerative
clustering
Among the three linkage based methods, | not tested supported partially supported, slink
slink performs the worst, and alink performs the worst, but alink does
performs the best not always perform the best, clink
sometimes perform the best (refer
to dataset reviews and hitech)
Among the 9 agglomerative methods, not tested supported not supported, except k1b dataset,
alink performs the best in the other 3 datasets, others can
perform better
Among the 6 internal measure based supported supported G,normally performs the best, I,
methods, I, normally performs the best, H;, H, thesecond, & and I,
H,, H,, &, G; the second, and I; the the worst
worst
Repeated bisectional methods outperform | supported not tested supported (k is set to the number
k-way direct methods when k goes of classes)
large (e.g.,
k>10)

Table 6.9: Comparisons of observations among [100, 101] and ours.

Agglomerative Clustering Partitional Clustering
dataset optimizing internal measure repeated bisection
L I, & Gq H; H, rl; rl, r&€ rGy TH; TH,
klb 0.836 0.896 0.816 0.844 | 0.889 0.858 0.873 0.873 0.894 0.868 0.885 0.920
reviews | 0.642 0.689 | 0.690 | 0.654 | 0.648 | 0.727 | 0.684 | 0.822 | 0.866 | 0.790 | 0.753 | 0.762
hitech 0.480 0.480 0.489 0.471 0.476 0.468 0.473 0.556 0.571 0.522 0.545 | 0.580

Table 6.10: Performance of 12 clustering methods (k=10, 10-way clustering) on three datasets
evaluated by F-score, reported in [99].

Agglomerative Clustering

Partitional Clustering

dataset optimizing internal measure repeated bisection

I I, & G, H; H, rl; rl, r&; rG; rH; rH,
klb 0.276 0.180 0.280 0.174 0.173 0.235 0.187 0.172 0.152 0.156 0.183 0.133
reviews 0.606 0.442 0.460 0.506 0.436 0.402 0.359 0.299 0.232 0.288 0.316 0.254
hitech 0.734 0.726 0.731 0.714 0.720 0.710 0.666 0.583 0.575 0.602 0.593 0.571

Table 6.11: Performance of 12 clustering methods (k=10) on three datasets evaluated by en-

tropy, reported in [99].

Agglomerative Clustering

Partitional Clustering

dataset | CV, linkage

optimizing internal measure

repeated bisection

direct k-way

slink | clink |alink | I, I, &

G | Hi | H,

rly rl, €

rG, | rHy

vH, | dI, | dI, | d& | dG, | dH, | dH,

kib 1.307 0.973 | -0.798 | -0.052 | 0.160 | -1.050 | -1.177

-0.080

-0.912 | -1.150

-0.126 | -1.116 | -1.184

-0.510

-1.038

-1.172 | -0.309 | -1.115 | -1.205 | -0.636 | -1.067 | -1.187

reviews | 0.665 1452 | 0.029 | 0.960 | 0.730 | -0.325 | -0.330

0.768 | -0.236 | -0.336

0.481 | -0.468 | -0.582

0.171 | -0.385

-0.565 | 0.345 | -0.484 | -0.586 | 0.065 | -0.411 | -0.568

sports 0.980 1451 | -0.267 | 0.787 | 0.182 | -0.733 | -0.772

0.410 | -0.676 | -0.773

-0.031 | -0.804 | -0.897

-0.102

-0.757

-0.872 | -0.105 | -0.796 | -0.898 | -0.253 | -0.773 | -0.873

hitech | 0534 | 1.760 | 0.160 | 1.376 | 1.009 | -0.302 | -0.404

0.979 | -0.182 | -0.373

0.736 | -0.389 | -0.451

0.388 | -0.308

-0.442 | 0576 | -0.395 | -0.472 | 0.248 | -0.333 | -0.453

Table 6.12: DC'V of 21 baseline clustering algorithms

ter distribution tends to split a large cluster into smaller clusters. The splitting has two potential

effects: in one hand, it can potentially improve the homogeneity if the large cluster contains

instances from mixed classes and splitting leads to more cleaner clusters; in the other hand, it
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can potentially hurt the completeness if the large cluster already contains most clean instances
from one class and splitting leads to more dispersed clusters in which the instances are from
the same class. We pick out one of the 100 sampled datasets in the k1b dataset, and illustrate
the cluster distribution produced by slink,clink,alink, d1,, d1,, de, dG1, dHy, and dH5 in Table
6.13. We can observe that dey, I, H; and H, which have been shown to produce balanced
cluster distribution in Table 6.12 lead to relative higher homogeneity and lower completeness
compared with [y, alink, clink which produce skewed cluster distribution. By looking into
more sampled datasets with relative high skewed class distribution (e.g., sampled datasets in
k1b dataset with average C'V; = 1.307), we observe the follows that were not stated in previous
work:

1. alink and GGy consistently perform better than deq, I>, H; and H, with statistical signif-
icance, and /; tend to perform better without statistical significance. As shown in the example
in Table 6.13, alink’s clustering contains several small and tight clusters and a cluster which
consist of mixed types of documents (cid=5), (G; also contains several tight clusters and a rel-
ative small cluster with mixed types of documents. Furthermore, the high skewed class “heal”
is mainly distributed in cid=5 in alink and cid=5 in G; while it is distributed in 3 to 4 clusters
in dey, I, Hy and H, which leads to much worse completeness.

2. slink performs the worst because it produces several singleton clusters and one very
large and loose cluster with mixed types of documents.

As the dataset becomes more balanced (e.g., sampled datasets in dataset of reviews or
hitech), I, H; and H, start to supersede [, alink and G; which become better choices, how-
ever, r(G; still remains the best choice for the dataset of hitech as shown in Table 6.4.

In conclusion, some of observations in previous work are contradictory with ours because
the evaluation metric (e.g., purity, entropy) applied in their experiments favors those clustering
algorithms which tend to generate balanced cluster distribution while we applied V-measure

which can capture the “uniform effect”.
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(e) Clustering by

dl, (V=0.5427, h=0.6757, c= 0.4534)

cid size purity | heal spor busi poli ente tech
0 3 1 0 0 3 0 0 0
1 7 0.857 1 0 0 6 0 0
2 14 1 0 0 14 0 0 0
3 14 0429 5 6 1 1 1 0
4 21 0714 15 0 0 0 0 6
5 41 0976| 40 1 0 0 0 0

(g) Clustering by dG, (V=0.5962, h= 0.6803, c= 0.5306)

cid size purity | heal spor busi poli ente tech
0 15 0.6 9 5 0 0 1
1 18 1 0 0 18 0 0 0
2 15 0.467 7 1 0 6 0 1
3 18 0.889| 16 1 0 1 0 0
4 17 1 17 0 0 0 0 0
5 17 0.706| 12 0 0 0 0 5

cid size purity | heal spor busi poli ente tech cid size purity | heal spor busi poli ente tech
0 1 1 1 0 0 0 0 0 0 23 0.304 7 6 0 3 1 6
1 1 1 1 0 0 0 0 0 1 29 1] 29 0 0 0 0 0
2 1 1 1 0 0 0 0 0 2 16 0.625| 10 1 1 4 0 0
3 1 1 1 0 0 0 0 0 3 7 1 7 0 0 0 0 0
4 1 1 1 0 0 0 0 0 4 17 1 0 0 17 0 0 0
5 95 0.589| 56 7 18 7 1 6 5 8 1 8 0 0 0 0 0
(@) Clustering by slink (V=0.0346, h=0.0685, c=0.2729)  (b) Clustering by clink (V= 0.4883, h= 0.5867, c=0.4182)
cid size purity | heal spor busi poli ente tech cid size purity | heal spor busi poli ente tech
0 17 1 0 0 17 0 0 0 0 3 1 0 3 0 0 0 0
1 3 1 3 0 0 0 0 0 1 5 0.6 2 0 3 0 0 0
2 1 1 1 0 0 0 0 0 2 7 0714 1 1 0 5 0 0
3 6 1 0 0 0 0 0 6 3 14 1 0 0 14 0 0 0
4 2 1 2 0 0 0 0 0 4 16 0.688| 11 0 0 0 0 5
5 71 0.775| 55 7 1 7 1 0 5 55 0.855| 47 3 1 2 1 1
(c) Clustering by alink (V= 0.6049, h=0.5406, c= 0.6866) (d) Clustering by dI; (V=0.5213, h=0.552, ¢= 0.4938)
cid size purity | heal spor busi poli ente tech cid size purity | heal spor busi poli ente tech
0 13 0462 2 5 0 6 0 0 0 16 0.375 5 5 0 6 0 0
1 18 1 0 0 18 0 0 0 1 18 1 0 0 18 0 0 0
2 16 0875 | 14 1 0 1 0 0 2 15 0733 11 2 0 1 1 0
3 16 0.625 10 0 0 0 0 6 3 16 1 16 0 0 0 0 0
4 18 0.889 16 1 0 0 1 0 4 17 1 17 0 0 0 0 0
5 19 1] 19 0 0 0 0 0 5 18 0.667| 12 0 0 0 0 6

(f) Clustering by d

&, (V=0.5216, h= 0.6506, c= 0.4353)

cid size purity | heal spor busi poli ente tech
0 14 0.429 3 5 0 6 0 0
1 18 1 0 0 18 0 0 0
2 15 08| 12 2 0 1 0 0
3 17 1] 17 0 0 0 0 0
4 18 0.611 11 0 0 0 1 6
5 18 1] 18 0 0 0 0 0

(i) Clustering by dH, (V=0.487, h=0.6074 , c= 0.4065)
Table 6.13: Cluster distribution generated by various clustering methods. cid: cluster id; size:
number of documents in this cluster; heal,spor,busi,poli,ente,tech are 6 class names

(h) Clustering by dH; (V=0.5399, h=0.6729, c= 0.4508)

6.5.6 Correlation between Internal Measures and V-Measure

In Chapter 35, section 5.2.2, we studied 12 internal measures. In previous work, the internal

measures were mainly experimented by validating whether they can capture the correct number

of classes k£ [68, 90]. In this thesis, we apply a specific internal measure as our objective
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function in the Micro Collaborative Clustering (MiCC) algorithm, in other words, the goal of
MiCC is to optimize some internal measure by iteratively adding a certain number of instance
collaborators. In this set of experiments, we have two goals:

(1) identifying whether the 12 internal measures can be applied for determining the number
of clusters;

(2) identifying which internal measure has the highest correlation with V-measure.

To achieve the first goal, we experimented with one sampled dataset from the dataset of
k1b by applying rbr+g1 (repeated bisectional clustering which optimizes (G;). The true number
of classes in k1b is 6. Table 6.14 shows the scores computed by the 12 internal measures' as
the number of clusters £ gradually increases. In each column, we highlight the optimal values
as bold. We can see that as k increases, the scores of Iy, I, €1, Gy, Hy, Hy, CH, D and SD
monotonically increase or decrease, therefore they are not good measures to determine the size
of clusters. SC, DB and S_Dbw reach the optimal when k = 5, £k = 5 and k = 8 respectively,

therefore, they are good candidates to determine the best number of clusters &.

I I & G | H, | H, | cH D sc | DB | sD |s Dbw
45169 | 20.7477 | 1333.513 2.4052 | 0.0034 | 0.0156 | 6298.732 | 29618951 | 0.6598 | 36.2463 | 31.4155 2.0567
6.1856 | 24.0647 | 1172.402 3.9221 | 0.0053 | 0.0205 | 2362.854 | 27716557 0.66 | 38.2832 | 15.1044 2.2644
7.7192 | 27.3005 | 1006.277 5.5865 | 0.0077 | 0.0271 | 1179.498 | 22715856 | 0.6223 | 36.5277 | 15.8475 2.3946
9.0265 | 29.0833 963.107 7.2696 | 0.0094 | 0.0302 | 786.4919 | 2989.165 | 0.6624 | 45.7985 6.3662 2.4627

10.5779 | 30.5881 | 945.7332 9.0556 | 0.0112 | 0.0323 | 581.2657 | 4546.656 | 0.6173 | 40.6919 4.6038 2.4638
11.6117 | 31.7443 | 928.3161 | 10.8472 | 0.0125 | 0.0342 | 453.2753 | 4546.656 | 0.5346 | 42.5396 2.983 2.5747
12.8605 | 33.8697 852.863 | 12.7716 | 0.0151 | 0.0397 | 330.9466 | 4546.656 | 0.5106 42.007 2.8136 2.5755
14.0543 | 34.9775 | 839.6695 | 14.7372 | 0.0167 | 0.0417 273.068 | 4546.656 | 0.5069 | 41.9235 2.6468 2.3533

Table 6.14: Impact of 12 internal measures in determining the number of clusters k

O NOOUL|bd | W|N|X

To achieve the second goal, we applied the 21 baseline clustering algorithms as experi-
mented in section 6.5.5, and for each generated clustering, we computed the clustering quality
by the 12 internal measures respectively and the V score computed by V-measure. We then ap-
ply the Spearman’s rank correlation to compute the correlation between each internal measure
with V-measure. The higher correlation, the better the internal measure is, in other words, if
the clustering quality computed by an internal measure has a higher score, it is also likely that
the score computed by V-measure has a higher score. That is the basis of our Micro Collabo-

rative Clustering (MiCC) algorithm. Through optimizing some internal measure after adding

'we applied similarity function in the formula
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collaborative instances, we expect to achieve a higher score computed by external measure
such as V-measure. Table 6.15 shows that the correlation between each internal measure and
V-measure. We can observe that for dataset k/b and sports, Gy has a higher correlation than
the other five internal measures ([, 5, 1, H1, H>) that were applied as optimization functions
in our baseline clustering algorithms. That further confirms that optimizing (G; leads to better
performance evaluated by V-measure on those two datasets. We can also observe for dataset
reviews, I and H; has a relative higher correlation compared with the other four (15, 1, H>)
and optimizing them leads to better performance as shown in Table 6.4. Among the left 6
internal measures (CH,D,SC,DB,SD,S_Dbw), we can see that SC consistently has the highest
correlation with V-measure.

By taking the above two goals into considerations, we finally choose Silhouette Coefficient
(SC) as our internal measure applied in MiCC algorithm because SC can determine the number

of clusters' and it has high correlation with V-measure.

dataset | I, I, & G, | H | H, | CH D SC | DB | SD | S_Dbw

k1lb 0.430 | 0.119 | 0.005 | 0.642 | 0.156 | 0.050 | 0.050 | 0.204 | 0.469 | 0.450 | -0.337 0.287

reviews | 0.182 | 0.627 | 0.571 | 0.423 | 0.641 | 0.592 | 0.592 | 0.403 | 0.681 | 0.134 | 0.202 0.149

sports 0.088 | 0.330 | 0.292 | 0.668 | 0.313 | 0.307 | 0.307 | 0.325 | 0.764 | 0.315 | 0.071 0.457
Table 6.15: Correlation between internal measures and V-measure

6.5.7 Impact of MiCC

We experimented on three datasets: klb, reviews and sports. Similar with the experimental
setup for evaluating the performance of baseline clustering algorithms, in each of the three
datasets, we generated 100 sampled datasets each of which contains 100 randomly selected
documents. The pool of collaborative documents contains all the left documents in the dataset
excluding the 100 selected initial documents. We selected Silhouette Coefficient (SC) as our
internal measure. For each iteration, we selected at most 74, = 20 collaborative documents.
To pick the best 20 collaborative documents in each iteration, we tried 74,4, = 10 times by

randomly selecting 20 documents from the pool. For each trial, we added the 20 documents

we do not leverage this good property in the experiments of document clustering since we set the number of
clusters to be the number of classes, however, in the case study of name entity clustering, we will leverage it to
determine the number of clusters
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into the expanded set of documents (in the first iteration, the expanded set only contains 100
initial documents), and apply a clustering algorithm on the newly expanded set of document
and then compute the clustering quality of the original 100 documents using SC. Among the
10 trials, we pick the best 20 collaborative documents which lead to the best clustering quality.
We set Njterations = D, in other words, we at most select 100 collaborative documents in the
end.

We tested on the 12 baseline clustering algorithms (I3, I, €1, G1, Hy, Ho, vy, 15, 11,
rGy, rHy, rHy) , and validated whether the MiCC algorithm can help each baseline algorithm
to achieve better performance evaluated by V-measure. Figure 6.6, 6.7 and 6.8 show the impact
of applying MiCC on top of 12 baseline clustering algorithms on three datasets k1b, reviews,
and sports respectively. Each number on the bar is the average V score over the 100 sampled
datasets in each dataset and the Wilcoxon Matched-Pairs Signed-Ranks test was applied to test
statistical significance (p-value is set to 0.05).

M non-collaborative M collaborative

0.700
0.600
0.500
0.400
0.300
0.200
0.100
0.000

V Score

& G, H, H, rl, rl, rg rG, rH, rH,
Figure 6.6: Impact of MiCC algorithm on the dataset k/b

M non-collaborative M collaborative
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0.500
0.400 -
0.300 -
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0.100 -
0.000 -

0413 _ 0410
0392 366

V Score

Figure 6.7: Impact of MiCC algorithm on the dataset reviews

From the three figures, we can observe that the MiCC algorithm on top of every baseline
clustering algorithm can outperform the baseline clustering algorithm itself and all the improve-

ments are statistical significant. For example, on dataset k/b, we observed 3.4% performance
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M non-collaborative M collaborative

0.800

0.600 . : : 0.514
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& G, H, H, rl, r, rg ré, rH, rH,
Figure 6.8: Impact of MiCC algorithm on the dataset sports

l I,

gains over the best baseline clustering algorithm which is (G, on dataset reviews, we observed
3.6% performance gains over the best baseline clustering algorithm which is r /5, and on dataset
sports, we observed 6.8% performance gains over the best baseline clustering algorithm which
isrGy.

Table 6.16 shows the average number of iterations that is needed by each baseline clustering
algorithm to reach the optimum value of silhouette coefficient. We can observe that in dataset
k1b and sports, rG is faster than the others (with statistical significance) to reach the optimum
value of silhouette coefficient. More importantly, we also know that (G performs significantly
better than the others. This is an important property that (G, can not only take shorter time to

converge, but also perform well. A similar observation applies to r{; in dataset reviews.

da.taset 11 12 &1 Gl H1 H2 T11 le réq T‘Gl THl THZ
klb 199 | 175|179 |185| 263|148 | 212|233 | 1.76 | 1.38 22 | 1.79
reviews | 2.31 | 2.11 | 1.58 | 2.09 | 2.61 1.8 2.2 281222 | 186 | 155 | 261

sports | 222|192 | 237|229 |238|209 | 205|249 | 21| 168 | 258 | 2.19
Table 6.16: Average number of iterations that is needed to optimize Silhouette Coefficient

6.5.8 Impact of MaCC

We collected 80 clustering solutions including:

(1) 24 solutions based on agglomerative clustering which is obtained by 8 agglomerative
clustering algorithm1 (clink, alink, I, I, €1, Gy, Hy, Hs) and 3 different similarity functions:
cosine, correlation, and Jaccard.

(2) 18 solutions based on repeated bisectional partitional clustering which is obtained by

"because of significant bad performance of slink as showed earlier, we do not use it here
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6 agglomerative clustering algorithm (r1y, 15, rey, rGy, Hy, rHs) and 3 different similarity
functions: cosine, correlation, and Jaccard.

(3) 18 solutions based on direct k-way partitional clustering which is obtained by 6 agglom-
erative clustering algorithm (d [, dI5, deq, dG1, dHy, dH5) and 3 different similarity functions:
cosine, correlation, and Jaccard.

(4) 20 solutions based on K-means algorithm with 20 different initial seed settings.

The goals of this set of experiments are

(1) to identify whether we can achieve even higher performance than the best baseline, if
not, whether the combined clustering can outperform most of the individual clusterings. (2) to
identify how the performance changes by incrementally adding more clustering solutions.

In order to achieve the above goals, we experimented four different schemes of combining
the 80 clustering solutions':

Scheme 1. As we have observed from the earlier experiments that clusterers using cosine
similarity can outperform those using correlation similarity, and then outperform those using
Jaccard similarity. Therefore, we split the 60 clusterings (24+18+18) into 3 serial groups, the
first group uses cosine similarity, the second group uses correlation similarity, and the third
group uses Jaccard similarity. Each group contains 20 clusterers (8 agglomerative+6 repeated
bisectional+6 direct k-way). We use notations “cos”, “cor” and “jac” to represent the three
groups.

Scheme 2. As we have observed from the earlier experiments that repeated bisectional
partitional clustering can outperform direct k-way partitional clustering in general, and then
agglomerative clustering. We split all of the 80 clusterings into 4 serial groups, the first group
consists of repeated bisectional partitional clustering (24 = 8 x3 clusterers), the second group
consists of direct k-way partitional clustering (18 = 6x3 clusterers), the third consists of ag-
glomerative clustering (18 = 63 clusterers) and the fourth consists of 20 K-means clusterings.
We use notations “rbr”, “direct”, “agglo” and “kmeans” to represent the four groups respec-
tively.

Scheme 3. We rank the 80 clusterings by computing the internal measure “silhouette coef-

Ifor scheme 1, we only use 60 clustering solutions
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ficient” from the highest to the lowest, and then split them into 4 groups, each consisting of 20
clusterings.

Scheme 4. We rank the 80 clusterings by computing the external measure “V-measure”
from the highest to the lowest, and then split them into 4 groups, each consisting of 20 cluster-
ings.

We experimented four consensus functions:

(1) Co-association matrix based (Co.): we first construct a matrix in which each element
is computed as the frequency of the two instances are clustered together among the set of
clusterings. Then we apply agglomerative clustering with average-linkage to obtain the final
clustering.

(2) IBGF: we first construct a fully connected graph in which each node represent the in-
stance, and the edge weight represents the frequency of the two instances are clustered together
among the set of clusterings. Then we apply graph partitional algorithm (i.e., repeated bisec-
tional partitional clustering which optimizes () to obtain the final clustering.

(3) CBGF: similarity with IBGF, we first construct a fully connected graph, however, each
node represent a cluster from the cluster ensemble of the clusterings, and the edge weight rep-
resents the linked strength of two clusters by computing the Jaccard similarity. Then we apply
graph partitional algorithm (i.e., repeated bisectional partitional clustering which optimizes GG1)
to obtain the clustering of those clusters. In order to obtain clustering for instances, we assign
each instance to the most frequently assigned clusters.

(4) HBGF: we construct a bipartite graph, and the nodes are split into two sets, one set to
represent instances, and the other set to represent clusters as in CBGF. The edge weight is 1 if
an instance is included in a cluster. Then we apply graph partitional algorithm (i.e., repeated
bisectional partitional clustering which optimizes GG1) to obtain the final clustering.

We experimented on three datasets: kIb, reviews and sports. Similar with the settings
in testing baseline clustering algorithms, for each of the dataset, we reused the 100 sampled
datasets each of which contains 100 randomly selected documents. We computed average V
score over the 100 sampled datasets in each dataset. We applied Wilcoxon Matched-Pairs

Signed-Ranks test for significance test.
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29 &6

Table 6.17 summarizes the statistics from our experiments. The columns of “max”, “min”,
“ave”, “std” represent the maximum V-score, minimum V-score, average V-score, standard de-
viation of the individual clustering solutions in the ensemble. The columns of “macc-similarity”,
“macc-algorithm”, “macc-internal”, “macc-external” represent the four incremental combina-
tion schemes as above. “best” represents the best consensus function that we can obtain the
best result, “score” shows the V-score by applying the best consensus function, and “rank(%)”
represent the rank position of the combined score among the V-score from the individual clus-
tering solutions, for example, “100%” represents the combined solution can outperform all the
individual clustering solutions, and “97.5%” represents the combined solution can outperform
97.5% of all the individual clustering solutions.

The separated results of the four combination schemes are shown in Figure 6.9, 6.10, 6.11
and 6.12 respectively.

By analyzing Figure 6.9 and Table 6.17, we can observe that:

(1) For dataset k1b, the consensus function “CBGF” outperforms the others with statistical
significance, and for dataset reviews and sports, co-association matrix based (Co.) performs
the best with statistical significance.

(2) The best combined scores for dataset k/b and sports can not beat the best individual
clustering solution, however, it beats 97.5% of the clusterers. The best combined score for
dataset reviews can beat all the individual clusterers.

(3) For dataset k1b, there is not a significant performance improvement or drop as we incre-
mentally add more clustering solutions with different similarity functions. The reason could be
that the performance of clusterers using cosine similarity is comparable with the performance
of clusterers, and then comparable with the performance of clusterers, as we computed the av-
erage V scores for the three groups of clusters(group 1: clusterers with cosine similarity, group
2: clusterers with correlation similarity, group 3: clusterers with Jaccard similarity), which are
0.522,0.519 and 0.496 respectively. Therefore, the change of similarity functions does not pro-
vide great variation in clustering results. Diversity is a key issue for the success of clustering
ensemble (MaCC).

By analyzing Figure 6.10 and Table 6.17, we can observe that:

91



6. Document Clustering

dataset | max min ave std macc-similarity macc-algorithm macc-internal macc-external

best | score | rank(%) | best | score | rank(%) | best | score | rank(%) | best | score | rank(%)
kib 0.645 | 0.364 | 0.516 | 0.056 | CBGF | 0.620 97.5 | CBGF | 0.618 97.5 | CBGF | 0.645 100 | CBGF | 0.693 100
reviews | 0.544 | 0.275 | 0.462 | 0.070 Co. | 0.558 100 Co. | 0.567 100 Co. | 0.572 100 Co. | 0.602 100
sports | 0.666 | 0.235 | 0.514 | 0.089 Co. | 0.627 975 Co. | 0.626 975 Co. | 0.651 98.8 Co. | 0.680 100

Table 6.17: Summary of MaCC experiments

(1) For dataset k1b, the performance can be significantly improved by incrementally adding
clusterers which are from different algorithm genres, for example, using “co-association ma-
trix” and “CBGF”, the performance gains are 2.6% (from 0.582 to 0.608) and 2.5% (from
0.593 to 0.618) respectively. However, the best combined V score 0.618 which is obtained by
“CBGF” still can not beat the best individual score which is 0.645.

(2) For dataset reviews, we can observe a significant drop after we add “agglo” clusterers.
We computed the average V score for each series of clusterers (rbr, direct, agglo, kmeans),
which are 0.498, 0.488, 0.366, and 0.519 respectively. As the average performance of agglo
series of clusterers is significantly worse than the other three series, therefore, the worse clus-
terings from agglo series of clusterers weaken the combined clustering after they are added,
however, we can observe significant improvement after we add kmeans series of clusterers,
as they perform well individually. That tells us that good individual clusterers (collaborators)
can bootstrap the combined performance, while bad individual clusterers can hurt the group
strength.

(3) For dataset sports, we found an interesting problem: we still observed a drop by ap-
plying IBGEF, CBGF or HBGF, since the average performance of agglo series of clusterers is
also much worse than the others, however, by applying co-association matrix, we observed an
unexpected performance increase. We believe that the main reason is that the clustering method
applied in co-association matrix is more effective than the others to take advantage of group
combination. That may tell us that consensus function is also important for success of MaCC.
In fact, by comparing among the few figures, we can observe that co-association matrix method
normally works well, although it is also simple.

By analyzing Figure 6.11 and Table 6.17, we can observe that:

(1) For dataset k/b and dataset reviews, after we add the top 40 clusterers (ranked by sil-

houette coefficient), we can obtain the best performance by applying CBGF on k/b and apply-
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ing co-association matrix on reviews respectively. The best combined V score on k/b is very
slightly higher than the best individual V score without statistical significance.

(2) For dataset sports, the best performance is achieved when we only add the top 20 clus-
terers.

(3) most importantly, we can observe this combination scheme can achieve better result
than the previous two combination schemes. That can tell that selection of good clusterers
(collaborators) is important for the success of MaCC.

We now look at the Figure 6.12, and we can observe that:

(1) For all the three datasets, the best combined V scores outperform the best individual
V scores. On dataset kb, it outperforms the best by 4.8% (0.693 vs. 0.645) and outperforms
the average by 17.7% (0.693 vs. 0.516). On dataset reviews, it outperforms the best by 5.8%
(0.602 vs. 0.544) and outperforms the average by 14% (0.602 vs. 0.462). On dataset sports, it
outperforms the best by 1.4% (0.680 vs. 0.666) and outperforms the average by 16.6% (0.680
vs. 0.660).

(2) For all the three datasets, we can observe very consistent tendency as we incrementally
add 20 more clusterers from higher performance to lower performance. The combined V score
all achieve the best when only the top 20 clusterers are added. That can tell that the elite
collaborators in fact produce even better results, while after adding inferior collaborators, the
performance drops.

However, this scheme is not realistic for every case, since we leverage the gold clustering
and external measure to rank the clusterers.

To summarize this set of experiments, we come to the following conclusions:

(1) the success of MaCC relies on clustering diversity. However, such diversity is based on
the precondition that the individual performance is reasonably good.

(2) the success of MaCC relies on selection of clusterers. Good clusterers tend to produce
even better final result, while bad clusterers tend to produce negative result.

(3) the success of MaCC also relies on consensus function. Co-association matrix based

and CBGF are normally two good choices according to our observations on the three datasets.
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6.5.9 Impact of MiMaCC

For this set of experiments, we first apply MiCC algorithm which uses (G as the baseline
clustering algorithms to obtain a best set of instance collaborators, then we apply the MaCC
algorithm which uses the combination scheme of ranking 80 clusterers by V measure to obtain
a combined clustering on the expanded set. Finally, we down-scale the clustering by removing
those collaborative instances.

Figure 6.13 shows that using MiMaCC, we can achieve even much better result than either
MiCC or MaCC. By parallelly comparing Figure 6.13, Figure 6.6, Figure 6.7, Figure 6.8 and
Table 6.17, we can observe that on dataset k/b, it outperforms the best MiCC by 8.5% (0.733
vs. 0.648) and outperforms the best MaCC by 4% (0.733 vs. 0.693). On dataset reviews, it
outperforms the best by 3.4% (0.614 vs. 0.580) and outperforms the best MaCC by 1.2% (0.614
vs. 0.602). On dataset sports, it is slightly worse than the best MiCC by 0.1% (0.733 vs. 0.734)
and outperforms the best MaCC by 5.3% (0.733 vs. 0.680).

6.6 Summary

In this chapter,

(1) we have compared various external measures and picked V-measure as our evaluation
metric, because it captures the most important characteristics in measuring the quality of clus-
terings: homogeneity, completeness and uniform effect.

(2) we have compared four similarity functions and picked cosine similarity as our similar-
ity function in document clustering, because of its stable and good performance across datasets.

(3) we have compared 21 baseline clustering algorithms, and identified that for dataset with
unbalanced class distribution, (G, may be the best choice since it does not intend to produce
balanced clusters, while for dataset with balanced class distribution, r/, may be a better choice
since it tends to produced very balanced clusters.

(4) we have compared 12 internal measures and picked Silhouette Coefficient as our internal
measure that is further applied in MiCC algorithm because Silhouette Coefficient can not only

capture the size of clusters, but also has the highest correlation with V-measure which indicates
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that if a clustering has a high Silhouette Coefficient, the clustering is also likely to be a good
clustering with a high V score.

(5) we have studied the impact of MiCC by using various baseline clustering algorithms,
and showed that collaborative instances are really helpful to reconstruct the clustering structure
if the structure in the original dataset is vague and not easy for any baseline clustering algorithm
to identify.

(6) we have studied the impact of MaCC using four different combination schemes, and
identified three factors that can affect the success of MaCC: diversity, selection scheme, and
consensus function.

(7) we have showed that MiMaCC produces the best results we have achieved so far.
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Figure 6.9: Impact of MaCC by incrementally adding clusterers using 3 serial similarity func-
tions: cosine similarity (cos), correlation similarity (cor) and Jaccard similarity (jac)
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Figure 6.10: Impact of MaCC by incrementally adding clusterers using 4 serial algorithms:
repeated bisectional (rbr), direct k-way (direct), agglomerative (agglo) and K-means (kmeans)
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Figure 6.11: Impact of MaCC by incrementally adding clusterers ranked by internal measure
“silhouette coefficient”
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Figure 6.12: Impact of MaCC by incrementally adding clusterers ranked by external measure
“V-measure”
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Chapter 7

Name Entity Clustering: Another Case

Study of Collaborative Clustering

Part of the work in this chapter including name disambiguation classification, name variation
identification and baseline of name entity entity is based on my 2011 summer internship work

at IBM.

7.1 Problem Formulation

Let Q = {q,...,qn} denote the set of n instances. Each instance ¢ = (q.id, q.string,
q.text) is a triple consisting of instance id (¢.id), name string (¢.string) and context document
(g.text € C) in which C is source document corpus. The goal of name entity clustering is to
generate a hard (non-overlapping) clustering for Q, i.e., Q = (Q1, ..., @) such that

(1) Q; # 0 fori e {1,.. k}.

2)Q:NQ;=0fori,je{l,. k}andi#j.

B)QLU...UQr =9

in which each cluster @); refers to an entity.

An example of name entity clustering is shown in Figure 1.5 in Chapter 1.

There are two main challenges in name entity clustering:

(1) name variation identification: the same entity can have multiple mention forms. For

example, in one instance, the name string is “Michael Jeffrey Jordan” and in the other instance,
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the name string is “Michael Jordan”. However, if the two context documents indicate that they
refer to the same person, the name entity clustering system should group the two instances into
the same cluster.

(2) name disambiguation: the same name can refer to multiple entities. For example, the
name strings in both instances are “Michael Jordan”, however, if their context documents indi-
cate that they refer to two different persons, the name entity clustering system should group the
two instances into two different clusters.

Before we solve our target problem of name entity clustering, we study the following two
simpler problems, i.e., identifying whether two name strings are variants or not, identifying
whether two instances refer to the same entity or not. Both of the two simpler problems can
be formulated as classification problems. We believe that successful solutions of these two

problems can finally help to set up a high performance name entity clustering system.

7.2 Related Research

The name entity clustering task defined in this thesis is closely related with other research topics
such as person name disambiguation[12], web people search [2], cross-document entity coref-
erence resolution. The common thing in these research topics is that they all can be formulated
as a clustering problem. However, person name disambiguation and web people search focus
on clustering person name entity mentions into unambiguous entities. Cross-document entity
coreference resolution studies not only name entities “Mike Jordan”, but also nominal entities
such as “professor” and pronominal entities such as “he” and “she”. The clustered results in
cross-document entity coreference resolution are often mentioned as coreference chains, for
example, a chain can contain the following mentions, “Mike Jordan”, “professor” and “he”.
In this thesis, we focus on name entities, and do not explore nominal entities and pronominal
entities.

The work in this thesis can be distinguished from previous research in:

(1) unlike person name disambiguation and web people search, we study not only person

name entities, but also organization and geo-political entities.
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(2) we take both name disambiguation (same name string referring to different entities) and
name variation (same entity using different name strings) into considerations, while previous

research focuses more on name disambiguation.

7.3 Name Variation Identification

7.3.1 Problem Formulation

We first study name variation identification which can be formulated as a classification prob-
lem: given a pair of names, classify them into variant or non-variant. Successful solutions of
name variation detection will help instances which may not share the same name forms to be
potentially clustered. Without this step, two instances with two different name forms can not

be clustered.

7.3.2 Approach

Traditional approaches for name variation identification focus on applying various string sim-
ilarity measures[22], in this thesis, we intend to apply semantic resources(i.e., Wikipedia) and
manually designed rules to identify whether two name strings are variants or not.

We implemented a rule-based classifier consisting of a pipeline of prioritized checkpoints.
At each checkpoint, if the two name strings satisfy a given condition, the classifier outputs
“variant” or if the pair satisfies a given filtering rule, it outputs “non-variant”.

The prioritized checkpoints are defined as follows:

1. Checkpoint 1 is a filtering rule

Filtering 1: two mention forms are both acronyms (a name consisting of all capital letters),
and they are not the same in the spelling. For example, “ABC” and “ABT” can not be variants
of each other.

If the filtering rule is satisfied, it outputs non-variant; otherwise, the name pair continues to
the next checkpoint.

2. Checkpoint 2 utilizes Wikipedia redirect resource
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A redirect page in Wikipedia provides a link to its target entity page for a given alternative
name. For example, “Barack Hussein Obama” is redirected to “Barack Obama”.

Let p be the target entity page of a given name if it exists, and R = {ry, 79, ..., "x } be the set
of redirect pages that are redirected to the target page. We make a string set by assembling the
titles of those redirect pages together with the target entity page. For example, for name “Bob
Dole”, we can obtain such a set as {Bob Dole,Bob Dole Jokes,Bob dole, Bob doles, Robert
Dole, Robert J. Dole, Robert Joseph Dole, Senator Bob Dole}

If the pair satisfies the following condition, the classifier outputs variant:

Condition I: both names are in the same set.

3. Checkpoint 3 utilizes Wikipedia disambiguation resource

A disambiguation page in Wikipedia lists all possible links to their target entity pages for
an ambiguous name. For example, the disambiguation page of “ABC” contains the list of
“American Broadcasting Company”, “Australian Broadcasting Corporation”, etc.

If a given name has a corresponding disambiguation page, we collect its all possible dis-
ambiguated names from the page. Therefore, each name corresponds to a set of disambiguated
names (the set could be empty). For example, for name “Central News Agency”, we can obtain
such a set as { CNA (bookstore),Central News Agency (London), Central News Agency (Repub-
lic of China), Korean Central News Agency}.

If the pair satisfies the following condition, the classifier outputs variant:

Condition 2: one name is in the set of the disambiguated names of the other name.

4. Checkpoint 4 utilizes expanded names extracted from large corpus

If a name is an acronym, we use Lucene search API to retrieve the top 1000 documents
(each of which contains the acronym) from the source text corpus prepared for the KBP 2010
evaluation [50]. We extract all unique expanded names that match the following pattern:
expanded_name(acronym). We consider a name as an expanded name if it satisfies the fol-
lowing criteria: (1) the first word in the expanded name starts with capital letter; (2) the length
of the expanded name is shorter than the length of acronym multiplying by 20; (3) there are no
two continuous words starting with non-capital letter in the expanded name.

Although some of the expanded names found from a large corpus may overlap those ex-
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tracted from Wikipedia redirect or disambiguation page, we do find some new names that can
not be extracted from Wikipedia. For example, for name “ABT”, we extracted a new name
variant from the corpus: Agricultural Bank of Taiwan.

If the pair of names satisfies the following condition, the classifier outputs variant:

Condition 3: one name is in the set of the expanded names of the other name.

5. Checkpoint 5 utilizes coreference names extracted from large corpus

For a given name, we apply the IBM KLUE toolkit [43] to obtain coreference names from
the top 300 documents that contain the target name. We only pick the coreference names
with the type of “NAM” (proper names). For example, for name “Air Macau”, we obtained
three new name variants through within-document coreference resolution: Air Macau , China
Airlines, CAL, Macau. However, due to the fact that within-document coreference resolution
system may introduce errors, the extracted name variants may not be correct, as shown in the
above example, “Macau” could not be a good name variant of “Air Macau™.

If the pair of names satisfies the following condition, the classifier outputs variant:

Condition 4: one name is in the set of the coreference names of the other name.

6. Checkpoint 6 contains several specific conditions

(1) Condition 5: one name is an acronym, and the other is not. Meanwhile, we can get the
spelling of the acronym by connecting the first capital letter of each word in the non-acronym
name. For example, one name is “IBM”, the other name is “Internal Business Machine”.

(2) Condition 6: one name is an acronym, and the other is not. Meanwhile, the spelling of
the non-acronym name starts with the acronym. For example, “RIA” and “RIA Novosti”.

(3) Condition 7: the two names share at least 3 same words, for example, “Tianjin FAW
Toyota Engine” and “Tianjin FAW Toyota Motor Co. Ltd.”

(4) Condition 8: both names are person names, and we can find at least one overlapping
spelling from the two sets of coreference names.

If any of the above conditions are satisfied, the classifier outputs variant.

7. The final checkpoint consists of two lenient conditions.

Condition 9: the Levenshtein distance between the two names is smaller than some thresh-

old (T'hreshold = 2).
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Condition 10: one name string is a substring of the other.

If none of the above conditions are satisfied, the classifier outputs non-variant.

7.3.3 Dataset and Measure

We created a data set containing pairs of 514 unique name strings extracted from KBP 2009
entity linking evaluation corpus and the goal of name variation identification is to classify each
pair into variant or non-variant. A name string, together with a associated context document,
make up a query in the 2009 evaluation corpus. There are 3904 queries in the KBP 2009
evaluation corpus and each query is either linked to an entry in the knowledge base (KB)
or assigned a NIL id. In order to tell whether two name strings are variants or non-variants
automatically, we wrote a program that checks through all the queries each of which contains
one of the two name strings. If there are two queries linked to the same KB id or the same
NIL id and the contained two name strings are different, then we say the two name strings are
variants. If there are not any two queries which can be linked to the same id, then the two
name strings are non-variants. As a result, we created 406 “variant” pairs, and 131435 “non-
variant” pairs. It is worth noting that in those 131435 non-variant pairs, some pairs are actually
variants, however they can not be detected by the program, simply because we only check the
cases contained in those 3904 queries. To create more accurate answer keys without making
huge efforts in manually checking the majority of “non-variant” pairs, we first applied the full
functional rule-based classifier described above to produce the initial outputs and then manually
reviewed “variant” pairs detected by the classifier which were annotated as “non-variant” in
answer keys. We found that in most cases, we can remedy the errors that are introduced by the
automatic program from which the answer keys were created. Furthermore, since the number
of “variant” pairs produced by the classifier is not overwhelming, we can quickly check those
pairs in short time.

We use precision, recall, and F-measure to evaluate the performance of the rule-based clas-
sifier.

The confusion matrix is shown in table 7.1.

a

Precision is computed as P = —%-.
a+b
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Recall is computed as R =

F-measure is computed as F' =

gold variant non-variant
syste
variant a b
non-variant c d

Table 7.1: Confusion matrix of name variant classifier.
_a_
a+c’

2xPxR
P+R

7.3.4 Experimental Results

The experimental results are showed in Table 7.2 and Figure 7.1. There are two major columns

at each major step by incrementally adding more checking points, one of which shows P (Pre-

cison), R (Recall) and F (F-measure) before manual reviewing of key answers (i.e., using auto-

matically generated answer keys), the other shows the performance after manual reviewing.

before manual review after manual review

P R F P R F
baseline 0.35 0.32 0.33 0.42 0.28 0.34
(+acronym filtering) 0.40 0.31 0.35 0.48 0.28 0.35
(+redirect) 0.48 0.48 0.48 0.57 0.43 0.49
(+disambiguation) 0.47 0.55 0.51 0.63 0.57 0.60
(+expanded) 0.48 0.59 0.53 0.65 0.60 0.63
(+coref) 0.47 0.65 0.54 0.63 0.66 0.65
(+specific rules) 0.53 0.71 0.61 0.79 0.79 0.79

Table 7.2: Impact of various resources and rules in the task of name variation detection
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Figure 7.1: Impact of various resources and rules in the task of name variation detection

107



7. Name Entity Clustering

The results show that redirect and disambiguation resources are indeed useful to identify
name variants (14% and 11% absolute gains after manual cleaning). The expanded names and
coreference names also improve the performance which clearly shows that Wikipedia resources
are not complete. Specific rules (condition 7,8,9,10) also help the performance by 13% gains.

The errors from the rule-based classifier come from two-fold sources:

Type I: two name strings are in fact “variants”, however, the classifier outputs “non-variants”;

Type II: two name strings are in fact “non-variants”, however, the classifier outputs “vari-
ants”.

There are several reasons that lead to the first type of errors:

(1) the Wikipedia resources can not cover all the cases, furthermore, the pattern match-
ing program that detects expanded names for acronyms and the program for within-document
coreference resolution are far from perfect. Therefore, quite some of the name variants are not
identified. We further split the cases into 3 categories by entity types, namely, person, orga-
nization and GPE. Some person related variants are not identified because of the shortage of
resources for detecting nicknames or birthnames. For example, “Angela Dorothea Kasner” is
the birthname of “Angela Dorothea Merkel” who can also be mentioned as “Angie Merkel”
or “Maggie Merkel” or “The Iron Frau”. Organization related variants are hard to detect if
such resources as stock symbols are not collected and applied. For example, “Chunghwa Tele-
com Co., Ltd.” or its shorter form “Chunghwa Telecom” is listed using stock symbol “CHT”
at the New York Stock Exchange (NYSE). Furthermore, the rule in Condition 5 which works
for most of the time can not identify the variants sometimes. For example, concatenating the
capital letters in “the Islamic Conference Organization” can not obtain its variant of “OIC” (the
Organization of Islamic Conference). Other examples include “SAC” and “Southern Ammuni-
tion Co. Inc.”, “NSC” and “United States National Security Council”’. Some organizations also
have nicknames, for example, “Galatasaray SK” is called “The Lions”. Geopolitical related
variants are hard to identify because some nicknames are only known in local people, or exist
for some period in the history. For example, “Nablus”, a Palestinian city, was called “Little
Damascus” since around the 10th-century.

(2) The filtering rule in Filtering 1 works in most of the time, however, it may fail some-
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times. For example, “TSE” may mean Taiwan Stock Exchange, and “TSEC” which is the
acronym of “Taiwan Stock Exchange Corporation”, can also mean Taiwan Stock Exchange.

The error distribution by categories is presented in Figure 7.2 (a). To overcome these errors
in the future, we need to collect more resources for persons, organizations and GPEs respec-
tively.

(a) Type I error 4.3%

/
4
12.1% o lack of person related resources

M lack of organaization related
resources

i lack of GPE related resources

W side-effect of filtering 1

(b) Type Il error

W mistakes by condition 4
(coreference)

m mistakes by condition 5
(connecting capital letters)

W mistakes by condition 6
(acronym head)

m mistakes by condition 7
(common words)

W mistakes by condition 8
(person names)

w mistakes by condition 9
(Levenshtein distance)

mistakes by condition 10
(substring)

Figure 7.2: Error distribution by categories (Type I error: missing variants, Type II error: wrong
variants)

There are also several reasons that lead to the second type of errors:

(1) due to the imperfect performance of within-document entity coreference resolution sys-
tem, satisfying condition 4 leads to errors. For example, the resolver considers the pair “Macao”
and “Air Macao” as name variants which are wrong.

(2) satisfying condition 5 may also introduce some errors, for example, “CCP” and “CNS
Confectionery Products”, “CC” and “Chelsea Clinton” which is a person name.

(3) satistying condition 6 leads to errors , for example, “CPN” and “CPN(UML)”

(4) satistying condition 7 leads to errors, for example, “Communist Party of India (Marxist-
Leninist)” and “Communist Party of Nepal (Marxist-Leninist)” which shares 4 common words,
but they are not name variants.

(5) satisfying condition 8 leads to errors, for example, “Mohammad Daud Khan” and “Mo-

hammad Khan Junejo”.
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(6) satisfying condition 9 leads to errors, for example, “MDC” and “MoD” are not variants,
but their Levenshtein distance is 2.

(7) satisfying condition 10 also leads to errors, for example, “John Dewey” and “John
Dewey High School” in which the former is a substring of the latter.

The error distribution by categories is presented in Figure 7.2 (b). To overcome these errors
in the future, we need to design more complicated rules, however, the dilemma is that the gain
in precision (reducing type II error) is usually at the cost of the loss in recall (increasing type I

error).

7.4 Name Disambiguation Detection

7.4.1 Problem Formulation

Given a pair of instances in which they share the same name string but are associated with two
different context documents, classify them into coreference or non-coreference. Successful
solutions of name disambiguation classification will help construct better similarity functions
since a supervised classifier can normally provide a probability that tells to what extent the two
instances refer to the same entity.

Since the two instances are associated with documents which provide lots of information
to help disambiguate, therefore, we first preprocess those context documents to extract some
important information. This preprocess step was also presented in [12] and some information
extracted by ours overlaps with theirs; however, we go beyond their work by not only studying
how the direct extracted information can help disambiguate persons, but also studying how
the more complicated features derived from the extracted information can help disambiguate

persons, organizations and GPEs.

7.4.2 Preprocessing Step

For each context document, we extract the following information using the IBM KLUE toolkit
[43].

1. target mentions
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Target mentions are a set of entity mentions one of which has the form of the name string
in the instance, and the others are the coreference mentions. For example, Target mentions
often contain some useful information about the ambiguous object, for example, the title of
a person. Therefore, it is possible to disambiguate names by leveraging the information in
the conflicting nominal target mentions (e.g., professor “Barack Obama” in one document and
president “Barack Obama” in the other document).

Once we find the target mentions, we can locate the local sentences in which target mentions
occur.

Sometimes, we can not find any such target mentions using the IBM toolkit because it can
not detect any entity mentions that has the name string. In the data set we used, we observed
that in about 7% cases, we do not find any target mentions. In such cases, we use exact string
matching to locate the local sentences in which the name string occurs.

2. local entity mentions

Local entity mentions are those mentions (excluding target mentions) that occur in the local
sentences that contain at least one of the target mentions. It is worth noting that we only
extract name (“NAM”) and nominal (“NOM”) entity mentions. We can also take coreference
information of those entity mentions into considerations, i.e., from the entity of each local
mention, we get its canonical form'.

Local entity mentions often contain useful information that is related with the ambiguous
name, such as related persons, locations.

3. local noun phrases

We also extract the noun phrases that occur in the local sentences that contain one of the
target mentions. Though there could be some overlaps between local noun phrases and local
entity mentions, local noun phrases may contain extra information that does not exist in local
entity mentions.

4. non-local (global) entity mentions

Global entity mentions are those mentions that occur in the whole document excluding

target mentions and local entity mentions. Non-local entity mentions often provide implicit

Icanonical form is the longest “NAM” mention
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and background information for the ambiguous object. As we did for local entity mentions, we
only get the canonical form of each entity.

5. person/organization/GPE entity mentions We extract person, organization and GPE
entity mentions from the whole document. We only get the canonical form of each entity.

6. relation mentions

We extract relation mentions in which the target mentions are involved. We collect relation
types from those relation mentions, meanwhile we also collect the participant entity mentions
that are involved in the same relation mentions with those target mentions.

Using the same example presented in [ 12], we can extract the information as shown in Table

7.3.

Name: John Smith
Document:
S'HOPE MILLS — Commissioner Tonzie Collins has been banned from a town restaurant after an
alleged run-in with two workers there Feb. 21. ......

* “In all fairness, that is not a representation of the town,” said Jenny Thomas, manager at Andy’s
Cheesesteaks in the Village Shopping Center on Hope Mills Road. ......

5% Hope Mills police Capt. John Smith said based on what he read in the statements, no criminal
violation was committed.

S17“Based on what the individuals involved said, there was no direct threat,” Smith said.

*® He and Thomas said they don’t think Collins intentionally left without paying his bill. ......
target mentions John Smith **°, police Capt. >'°, Smith "', he >*°

local mentions in local Hope Mills **®, Thomas **¢, Collins >*®

mentions | sentences
coreference mentions in | Hope Mills **°, Jenny Thomas **, Tonzie Collins **
canonical forms

local noun phrases Hope Mills **®, police Capt. **°, statements **°, criminal violation
S18 individuals ¥, threat '/, bill **®

global mentions Commissioner **, restaurant ', manager >, Andy’s Cheesesteaks
** Village Shopping Center *, Hope Mills Road **

person mentions John Smith **° Jenny Thomas ** , Tonzie Collins >

organization mentions restaurant>" ,Andy’s Cheesesteaks >

GPE mentions Village Shopping Center **, Hope Mills Road **,Hope Mills *°

relations [located at"™" %P Hope Mil|gPaticipant argument)

Note: “he” in sentence 18 is a coreference of “John Smith”, although it is excluded from the

set of target mentions, we still extract local entity mentions from S18.
Table 7.3: An example of preprocessing a document associated with an instance
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7.4.3 Features

Based on the above extracted information, we designed the following features as tabulated in
Table 7.4. Basically, for each document, we can obtain a series of string vectors based on
the extracted information. Most of features are computed by comparing corresponding vectors
from two documents. For example, if there are conflict “NOM” target mentions between two
vectors from two documents, then the two instances are likely to refer to the same entity. This
comes from the intuition that “professor’” Barack Obama should be distinguished from “presi-
dent” Barack Obama. For the other example, if there are more overlapping local mentions or
local noun phrases, the two instances are more likely to refer to the same entity. Some features
take integer values, some features take real values in which cases they will be quantized into
bins. When comparing the common items in two vectors, we also apply two strategies, one
is based on exact matching, the other is based on exact matching by applying soft TFIDF [23]
(similarity threshold was set to be 0.65, i.e., if the ScoreTFIDF score for two name strings is
higher than 0.65, we consider them as matched).

e Features of np, tc, all, 11, 12, p, o, g, 1, arg are computed as the number of exact matched
items between two vectors.

e Features of nps, alls, 11s, 12s, ps, os, gs, args are computed using soft TFIDF [23].

|ANB]

[AUD] where A

e Features with names ended by “j” are first computed by Jaccard formula:

and B are two vectors, and then quantized into bins. We add “1” after the original feature name
(e.g., “npsj1”) to represent 10-bin quantization (scale the real value by 10 times), and “2” after

the original feature name to represent 20-bin quantization.

7.4.4 Classification Model

The classification model we applied is maximum entropy model which can be expressed as

exp(i Mefr(ai, a5, L))
P(L|g;,q;) = kZIZ(qi )

where f;(e, e, L) is a feature and )\, is its weight; Z(e, e) is a normalized factor. The output

of L has two possible values, 1 for coreference which means that the two queries refer to the
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Features | Description

np the overlap number of noun phrases in the two noun phrase vectors

tc the conflicting number of target mentions in the two target mention vectors

all the overlap number of mentions in the two non-local mention vectors

11 the overlap number of mentions in the two local entity mention vectors (without coreference)

12 the overlap number of mentions in the two local entity mention vectors (with coreference)

p the overlap number of mentions in the two person entity mention vectors

0 the overlap number of mentions in the two organization entity mention vectors

g the overlap number of mentions in the two GPE entity mention vectors

r the overlap number of relation types in the two relation type vectors

arg the overlap number of relation arguments in the two argument vectors

npj jaccard similarity between the two noun phrase vectors

allj jaccard similarity between the two non-local entity mention vectors

11j jaccard similarity between the two local entity mention vectors (without coreference)

12 jaccard similarity between the two local entity mention vectors (with coreference)

Pj jaccard similarity between the two person entity mention vectors

0j jaccard similarity between the two organization entity mention vectors

aj jaccard similarity between the two GPE entity mention vectors

argj jaccard similarity between the two argument vectors

nps the overlap number of noun phrases (SoftTFIDF) in the two noun phrase vectors

alls the overlap number of mentions (SoftTFIDF) in the two non-local entity mention vectors

I11s the overlap number of mentions (SoftTFIDF) in the two local entity mention vectors (without
coreference)

12s the overlap number of mentions (SoftTFIDF) in the two local entity mention vectors(with
coreference)

ps the overlap number of mentions (SoftTFIDF) in the two person entity mention vectors

0s the overlap number of mentions (SoftTFIDF) in the two organization entity mention vectors

gs the overlap number of mentions (SoftTFIDF) in the two GPE entity mention vectors

args the overlap number of mentions (SoftTFIDF) in the two argument vectors

npsj jaccard similarity (SoftTFIDF) in the two noun phrase vectors

allsj jaccard similarity (SoftTFIDF) in the two non-local entity mention vectors

11sj jaccard similarity (SoftTFIDF) in the two local entity mention vectors (without coreference)

12sj jaccard similarity (SoftTFIDF) in the two local entity mention vectors (with coreference)

psj jaccard similarity (SoftTFIDF) in the two person entity mention vectors

0sj jaccard similarity (SoftTFIDF) in the two organization entity mention vectors

gsj jaccard similarity (SoftTFIDF) in the two GPE entity mention vectors

argsj jaccard similarity (SoftTFIDF) in the two argument vectors

tfidf cosine similarity between the two documents

esim entity similarity between the two documents

Table 7.4: Features of maximum entropy model for name disambiguation

same entity, 0 for not coreference.

We utilized the implementation of maximum entropy model in OpenNLP toolkit!.

7.4.5 Dataset and Measure

Similar with name variation experiments, our data sets for name disambiguation are also created

based on KBP 2009 entity linking evaluation corpus. In the 2009 corpus, each query (consisting

Thttp://incubator.apache.org/opennlp/
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of a name and a context document) is either linked to an entry in the knowledge base (KB) or
assigned a NIL id. There are 514 names distributed among 3904 queries including 96 person
names, 358 organization names, 78 GPE names'. Some names are ambiguous, which means
the queries with those names can be clustered into 2 or more clusters, while some other names
are unambiguous which means all the queries with those names are from the single cluster.
We constructed two datasets by forming pairs of queries. The first dataset covers 101 am-
biguous names in those 514 names including 27 persons, 73 organizations, and 19 GPEs. The
second dataset is constructed by using all the 514 names. The answer keys are created based
on the following rule: if the two queries in the pair are linked to the same KB id or assigned
by the same NIL id, then they are coreference, otherwise non-coreference. Table 7.5 shows the
number of coreference and non-coreference pairs for dataset 1 and dataset 2 respectively. It
shows that GPE names are much less ambiguous than PER names or ORG names as we ob-
served that a majority of the pairs belong to the class of “coreference”. It is also worth noting

that the number of ORG pairs dominate PER and GPE pairs.

All PER | ORG | GPE
dataset 1 #coreference 10453 790 | 8909 | 754
#non-coreference 14404 2054 | 12171 | 179

dataset 2 #coreference 21404 2132 | 15330 | 3942
#non-coreference 14404 2054 | 12171 | 179

Table 7.5: Class distribution of dataset]l and dataset2.

We use Precision (P), Recall (R), and F-measure to evaluate the performance of supervised
classifier.

The confusion matrix is shown in table 7.6.

gold coreference | non-coreference
system
coreference a b
non-coreference c d

Table 7.6: Confusion matrix of name disambiguation classifier.

Precision is computed as P = -2

atb
Recall is computed as R = —*-.
a+c
. _ 2xPxR
F-measure is computed as F' = <57¢.

'some names have multiple entity types
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7.4.6 Experimental Results
7.4.6.1 Feature Contribution

The goal of our first set of experiments is to study the feature contributions in a maximum en-
tropy model. We actually implemented four maximum entropy models, one single maximum
entropy model which does not distinguishing entity types, and three individual maximum en-
tropy models for three entity types PER, ORG and GPE respectively. We applied information
gain' to measure the contribution of each feature. The higher information gain a feature has,
the greater contribution (more importance) the feature has in the model. Information gain can
be formally defined as follows:

Let T be a set of training set, each instance in the set can be expressed as (z,y) =
(1, T2, ..., Tk, y), Where x; = a € Vals(x;) indicates the iy, feature has value a and the set
of values that z; can take is Vals(z;), and y is the corresponding class label. The information

gain for each feature x; can be computed as

H{x € T|z; = a}|
|T|

IG(T,x;) =H(T) - ) _

a€Vals(z;)

H{x € T|z; = a}) (7.1)

where H () is defined as the entropy of the set.

We utilized the implementation of information gain included in the Weka toolkit[42]. Table
7.7 shows the top 30 features ranked by information gain from high to low.

Table 7.7 shows that for ORG and GPE names, GPE features (feature names starting with
“g”) are more important than the others, meanwhile, global features (feature names starting
with “all”’) have more contributions than local features (feature names starting with “I’). For
PER names, local features dominate the global features and PER features (feature names start-
ing with “p”’) are more important.

By analyzing the data, we observed that

(1) if the name in the pair of queries is an ORG and GPE name, and the two associated
documents share some common GPE related mentions, then the pair is likely to be coreference.

For example, “Newark™ is an ambiguous city name, however, if in the two documents, it is

lan alternative synonym of Kullback-Leibler divergence.
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All PER ORG GPE
gj2 tfidf2 gj2 tfidf2
gsj2 tfidfl 0sj2 0j2
gsjl 12sj2 gsj1 0jl
gjl 12s gjl allj2
allj2 I11s allj2 gsjl
allsj2 11sj1 allsj2 gsj2
tcj2 12sj1 tcj2 125

g 11sj2 g 12sj2
tcjl ps tcjl 12sj1
allsjl psj2 allsj1 allj1
allj1 p all 12j1
all 11 allj1 12j2
as np gs 12
tfidf2 pj2 tfidf2 11s
tfidfl psjl tfidfl g

alls 12 alls 11j2
esim2 nps esim2 11j1
12sj2 11j2 esiml 11sj1
12sj1 12j2 12sj2 11sj2
esiml allj2 12sj1 11
12s tcj2 12j2 tfidfl
122 allsj2 12j1 0sj1
12 tcjl 12 args
121 allsj1 0S argsjl
11sj2 11j1 125 argsj2
11j2 pjl pj2 np
11sj1 12j1 p 0sj2
11 allj1 psj2 all
11j1 all 11j2 gs

I11s gsj2 psjl 0j1

Table 7.7: Feature contribution ranked by information gain from high to low.

followed by the same state name, “Delaware” or “DE”, then it is likely that the two documents
talk about the same entity. It is also common that when a document mentions an organization,
it is also likely to mention its location.

(2) if the name in the pair of queries is a PER name, and the two associated documents
mention common person names, then the pair is likely to be coreference. It is true that a person
together with others involved in some event are often reported in a document.

All the above observations explain why the features have different contributions. However,
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€6 0 (X3

Table 7.7 also shows that relation related features (e.g., “r”, “arg”) which we expect to play
important roles in disambiguating names did not rank high or even appear in our list. The
reasons may be that: (1) relation extraction system is not good enough so that it introduces
noises, (2) those features suffer more from the data sparsity of extracted feature values.

Table 7.7 shows that the top most important features for one single model (“All” column)
are quite similar with those for ORG model. The reason is that the number of ORG names
dominate the other two types in our dataset which indicates that it is necessary to develop a

separated maximum entropy model for each entity type.

single model 3 models 3 models with reduced | 3 models with reduced
features features + acronym handling
P R F P R F P R F P R F
dataset 1 0.632 | 0.760 | 0.682 | 0.680 | 0.815 | 0.735 | 0.680 | 0.823 | 0.739 | 0.690 0.820 0.742
dataset 2 0.752 | 0.877 | 0.801 | 0.785 | 0.899 | 0.832 | 0.795 | 0.892 | 0.836 | 0.799 0.903 0.843

Table 7.8: Performance of supervised classifier.

7.4.6.2 Separate Models Vs. Single Model

In order to validate that the separated maximum entropy models for three entity types can work
better than a single maximum entropy model, we conducted five-fold cross validation on the
two datasets discussed above. The experimental results in Table 7.8 show that the separate
models can significantly work better than single model. For dataset 1, the performance gains is
5.3% in F-measure and it is statistical significance at a 99.9% confidence level by conducting
Wilcoxon Matched-Pairs Signed-Ranks test. For dataset 2, the performance gains is 3.1% with

statistical significance at a 99.9% confidence level.

7.4.6.3 Impact of Separate Models with Reduced Features

We also experimented 3 separate maximum entropy models with the top 30 selected features
for each entity type. Table 7.8 shows it obtained slight performance gains of 0.4% for dataset
1 and 0.4% for dataset 2. However, both gains are statistical significant at a 99.9% confidence

level by conducting Wilcoxon Matched-Pairs Signed-Ranks test.
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7.4.6.4 Impact of Handling Acronyms

We noticed that there are quite a few acronyms for organization names. Therefore, we designed
a rule based classifier and put it ahead of the supervised maximum entropy model to process
the pairs with acronym names. For each acronym, we first searched possible expanded names
in the two associated documents. The rule based classifier works as follows:

(1) if expanded names can be searched in the two documents and they are exactly the same,
the classifier outputs coreference.

(2) if expanded names can be searched in the two documents and they are not the same, the
classifier outputs non-coreference.

Table 7.8 shows that this extra processing can obtain a slight performance gains. The gains

are statistical significance at a 99.9% confidence levels for both dataset 1 and dataset 2.

7.5 Name Entity Clustering

7.5.1 Two Baseline systems

Baseline 1. (all-in-one) For each name, we cluster all the instances into one single cluster.

Baseline 2. (one-in-one) For each name, we cluster each instance into a cluster.

7.5.2 Clustering Algorithms and Similarity Functions

Similar with the approaches applied in document clustering discussed in Chapter 6, we applied
21 baseline clustering algorithms, including 9 agglomerative clustering algorithms (3 based on
linkages and the other 6 each of which optimizes a specific internal measure), 12 partitional
clustering algorithms (6 repeated bisectional clustering algorithms each of which optimizes a
specific internal measure and 6 k-way direct clustering algorithms each of which also opti-
mizes a specific internal measure). The symbols to represent the 9 agglomerative clustering
algorithms are slink,clink,alink, Iy, I, €1, Hy, Hy respectively, the symbols to represent the
6 repeated bisectional clustering algorithms are 1, /s, rey, rHy, rHs and the symbols to

represent the 6 k-way direct clustering algorithms are dI,, dI5, dey, dH;, dH>.
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We studied two settings of each clustering algorithm, one is to use fixed /K (assuming that
we know the prior of the number of clusters), the other is to compute Silhouette Coefficient to
automatically determine the number of clusters. The algorithm for determining the number of
clusters by applying an internal measure has been presented in Algorithm 5 in Chapter 5. It
is worth noting that in document cluster, we only cluster the documents into fixed number of
clusters by assuming that the prior K is known.

Besides the cosine similarity function and correlation similarity applied in document clus-
tering, we include another two supervised approaches to compute the coreference likelihood
of two instances, one is based on maximum entropy model as discussed in section 7.4.4, and
the other is based on Support Vector Machine for which we utilized the LibSVM' toolkit and
applied default parameters (e.g., linear kernel function). We use symbols cos, cor, maxen, svm
to represent the four similarity functions.

The features applied in the above two models have been presented in Table 7.4. It is worth
noting that maximum entropy model we utilized can only accept categorical numbers (so the
real values are quantized), while SVM can accept real values.

In total, we can produce 84 = 21 x 4 clustering results by taking the combinations of 21

clustering algorithms and 4 similarity functions.

7.5.3 Experiments

7.5.4 Dataset and Evaluation Metric

We created a dataset based on the following procedure:

(1) we first collected all the queries from KBP 2009 evaluation corpus, 2010 entity linking
evaluation corpus and 2011 entity linking training corpus. We obtained 6652 queries (i.e.,
instances) distributed in 1379 names.

(2) we wrote a program to automatically pick out names that satisfy the following condi-
tions: (a) the name should be ambiguous, which means the queries that contain the name should

be able to be clustered into 2 or more clusters according to the answer keys; (b) the number

Thttp://www.csie.ntu.edu.tw/ cjlin/libsvm/
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of queries that contain the name should be larger than 4; (c) the entity types in those queries
that contain the name should be consistent and those name with mixed entity types are filtered;
(d) besides the context documents in those queries which share a name, we can find at least 5
relevant documents that also contain the name.

As a result, we obtained a dataset consisting of 1686 queries distributed in 106 names,
including 21 person names, 67 organization names, and 18 GPE names.

In some sense, we have simplified the name entity clustering problems from the following
aspects:

(1) we assume that the queries which share the same name can be clustered into at least
2 clusters. The reason of filtering unambiguous names is that most of advanced clustering
algorithms aim to cluster instances into K > 1 clusters. In reality, we also need to handle the
case that all the queries should be grouped into one cluster. To solve this problem in the future,
we can apply a two-step processing, first we use a binary classifier to determine whether all
the queries should be clustered together or they should be further clustered into more than 2
clusters. In the later case, we just apply the clustering algorithms as studied in this thesis.

(2) we assume that the queries which share the same name have a consistent entity type.
However, in reality, two queries with the same name can have different entity types, for ex-
ample, “Chicago” may mean ‘“the City of Chicago” which has a GPE type, but it can mean
“Chicago Bulls” which is a football team and has a ORG type. To solve this problem in the fu-
ture, we can simply first group the queries which share the same name by entity types, because
it is obvious that queries with different entity types are unlikely to be clustered together.

We ignored a name if there are fewer and equal to 4 queries that share the name, simply
because almost all the baseline clustering algorithms can equally work well on this small num-
ber of queries as we have experimented. We also omitted a name if we cannot find at least 5
collaborative documents that contain the name. The motivation of doing so is to experiment the
algorithms of micro (instance level) collaborative clustering. If there are too few collaborative
instances, the MiCC algorithm may not work well.

By analyzing the dataset, we observed two types of long tail effect:

Type I: As shown in Figure 7.3, most ambiguous names only refer to a few entities (i.e.,
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clusters). For example, 39 names (36.8% of the total) only have two clusters, and 91 names
(85.8% of the total) have fewer than and equal to 6 clusters. There are only a few names that
have extremely large number of clusters.

45
40
35
30
25
20
15
10

39

#names

2 3 4 5 6 7 8 9 10 11 12 13

#clusters
Figure 7.3: Type I long tail effect

Type II: As shown in Figure 7.4, most names have very unbalanced class distribution,
in other words, most queries (instances) are clustered in a few large clusters, while the other
queries are clustered into small clusters including many singleton clusters. The number on each
bar is computed as follows: we rank the clusters for each name from high to low by computing
the number of queries contained in each cluster, so the first cluster (as shown in the most left
bar in Figure 7.4) always contains the largest number of queries; we then compute the average
number of queries for the 7;;, cluster among all the names. The figure shows that the top cluster
contains 9.4 queries in average, and the second largest cluster only contains 3.3 queries, and
more clusters contains even fewer queries.

We can also compute the coefficient of variation (CV) to measure the skewness of class
distribution for each name. By taking all the 106 names into consideration, the maximum CV
we obtained is 1.862, the minimum CV is 0 and the average CV is 0.849, standard deviation
is 0.411. About 80% of the 106 names have the CV value above 0.5 which indicates that
many names have a high unbalanced class distribution. This is intuitive because some entities
(e.g., famous persons) are so popular such that the documents mentioning those popular entities

dominate the others.
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Figure 7.4: Type II long tail effect
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As discussed in Chapter 6, the external measure V-measure can capture the “uniform ef-

fect”, therefore, we applied V-measure to measure the clustering results in our experiments for

name entity clustering.

7.5.4.1 Impact of Clustering Algorithms

name cluster distribution V-score of one-in-one
George Kennedy 8,111 0.539
George Young 10,1 0.225
Iron Lady 16,8,4,3,3,2,1,1,1,1 0.662
Li Jie 20,10,3,2,2,1,1,1,1,1 0.604
Michael Kennedy 6,3,2,2,1,1,1 0.766
Mike Kennedy 2,111,1 0.931
Mohamed Ahmed 211111 0.946

Table 7.9: Examples of performance of one-in-one system

We first tested the performance of two baseline systems, one-in-one and all-in-one. For one-

in-one system, each of the instances of each name forms a singleton cluster. Since we measure

the performance by V-measure, the value of homogeneity in the V-measure is 1 because each

cluster contains only members of a single class, however, the value of completeness is low

because the members in a single class are assigned to different clusters. As discussed in the

previous section, the cluster distribution in our dataset follows a long-tail effect, in other words,

for many names, the instances are clustered into a few large clusters together with even more
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o Agglomerative Clustering Partitional Clustering
similarity . o - -
function linkage optimizing internal measure repeated bisection direct k-way
slink | clink | alink Iy I, & Gy Hy H, rly rl, r€ | rGy | rHy | TH, dl, dl, d€; | dG; | dH, | dH,
cos 0.587 | 0.658 | 0.645 | 0.545 | 0.554 | 0.513 | 0.612 | 0.529 | 0.535 | 0.544 | 0.572 | 0.521 | 0.627 | 0.541 | 0.544 | 0.542 | 0.573 | 0.530 | 0.613 | 0.546 | 0.547
cor 0.511 | 0.528 | 0.538 | 0.521 | 0.534 | 0.533 | 0.418 | 0.527 | 0.540 | 0.516 | 0.526 | 0.545 | 0.453 | 0.522 | 0.536 | 0.513 | 0.528 | 0.546 | 0.472 | 0.525 | 0.540
maxen 0.602 | 0.557 | 0.660 | 0.626 | 0.615 | 0.616 | 0.615 | 0.570 | 0.568 | 0.587 | 0.591 | 0.561 | 0.609 | 0.566 | 0.566 | 0.580 | 0.586 | 0.561 | 0.596 | 0.570 | 0.569
svm 0.603 | 0.567 | 0.647 | 0.644 | 0.643 | 0.614 | 0.561 | 0.567 | 0.561 | 0.585 | 0.596 | 0.575 | 0.586 | 0.576 | 0.575 | 0.575 | 0.584 | 0.578 | 0.591 | 0.570 | 0.565
M cos Mcor WMmaxen Msvm
0.700
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Figure 7.5: Performance of 21 clustering algorithms for all names (known prior K)

similarity Agglomerative Clustering Partitional Clustering
function linkage optimizing internal measure repeated bisection direct k-way

slink | clink | alink Iy I, & Gy H,; H, rly rl, r€ | rGy | THy | TH, dl; dl, d&; | dGy | dH; | dH,
COS 0.789 | 0.829 | 0.811 | 0.718 | 0.726 | 0.675 | 0.786 | 0.692 | 0.713 | 0.725 | 0.745 | 0.676 | 0.790 | 0.710 | 0.717 | 0.720 | 0.738 | 0.697 | 0.788 | 0.712 | 0.710
cor 0.708 | 0.770 | 0.760 | 0.674 | 0.676 | 0.705 | 0.580 | 0.676 | 0.691 | 0.674 | 0.678 | 0.725 | 0.603 | 0.676 | 0.710 | 0.672 | 0.692 | 0.720 | 0.615 | 0.676 | 0.707
maxen 0.760 | 0.660 | 0.743 | 0.722 | 0.722 | 0.742 | 0.706 | 0.675 | 0.678 | 0.696 | 0.700 | 0.675 | 0.717 | 0.687 | 0.698 | 0.688 | 0.692 | 0.681 | 0.705 | 0.701 | 0.682
svm 0.861 | 0.750 | 0.834 | 0.832 | 0.821 | 0.792 | 0.729 | 0.732 | 0.734 | 0.769 | 0.805 | 0.756 | 0.725 | 0.764 | 0.761 | 0.760 | 0.778 | 0.748 | 0.724 | 0.750 | 0.746

Mcos Mcor Wmaxen Msvm
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Figure 7.6: Performance of 21 clustering algorithms for person names (known prior K)

similari Agglomerative Clustering Partitional Clustering
functionty linkage optimizing internal measure repeated bisection direct k-way
slink | clink | alink I I, & Gy H,y H, rly rl, € rG, | rHy | rH, dal, dl, d€, | dG; | dH, | dH,
cos 0.563 | 0.648 | 0.656 | 0.501 | 0.517 | 0.475 | 0.610 | 0.488 | 0.497 | 0.495 | 0.539 | 0.499 | 0.632 | 0.506 | 0.515 | 0.496 | 0.543 | 0.507 | 0.609 | 0.512 | 0.523
cor 0.472 | 0.479 | 0.505 | 0.469 | 0.487 | 0.487 | 0.361 | 0.476 | 0.486 | 0.472 | 0.487 | 0.498 | 0.416 | 0.482 | 0.492 | 0.466 | 0.481 | 0.501 | 0.440 | 0.483 | 0.495
maxen 0.606 | 0.552 | 0.694 | 0.649 | 0.641 | 0.627 | 0.638 | 0.572 | 0.568 | 0.600 | 0.609 | 0.571 | 0.632 | 0.577 | 0.573 | 0.594 | 0.608 | 0.568 | 0.619 | 0.575 | 0.579
svm 0.554 | 0.550 | 0.654 | 0.620 | 0.639 | 0.617 | 0.568 | 0.533 | 0.530 | 0.552 | 0.565 | 0.553 | 0.592 | 0.547 | 0.550 | 0.544 | 0.555 | 0.562 | 0.601 | 0.543 | 0.542
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Figure 7.7: Performance of 21 clustering algorithms for organization names (known prior K)

smaller clusters (in many cases, just singleton clusters). Therefore, one-in-one system can
perform well if the size the largest cluster is not so large and a number of singleton clusters
dominates the distribution, as shown in the example of “Mike Kennedy” in Table 7.9. As
the size of the largest cluster increases, V-score of one-in-one system drops as shown in the
example of “George Young”. The averaged V-score over the 106 names of the one-in-one

system is 0.537. In the later experiments, we will see this is actually a strong baseline.
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similarit Agglomerative Clustering Partitional Clustering
functiony linkage optimizing internal measure repeated bisection direct k-way
slink | clink |alink | I, I, & G, H, Hy | rly | vl, | v& | rGy | vHy | rHy | dI, | dl, | d& | dG, | dH, | dH,
[ele) 0.417 | 0.478 | 0.399 | 0.483 | 0.467 | 0.441 | 0.404 | 0.468 | 0.447 | 0.488 | 0.470 | 0.404 | 0.408 | 0.454 | 0.429 | 0.478 | 0.470 | 0.399 | 0.408 | 0.460 | 0.426
cor 0.403 | 0.397 | 0.377 | 0.510 | 0.519 | 0.476 | 0.413 | 0.518 | 0.539 | 0.467 | 0.474 | 0.484 | 0.394 | 0.471 | 0.474 | 0.476 | 0.485 | 0.484 | 0.408 | 0.481 | 0.487
maxen 0.395 | 0.446 | 0.440 | 0.429 | 0.393 | 0.425 | 0.422 | 0.433 | 0.436 | 0.406 | 0.394 | 0.386 | 0.395 | 0.380 | 0.380 | 0.401 | 0.383 | 0.391 | 0.386 | 0.388 | 0.395
svm 0.450 | 0.402 | 0.394 | 0.491 | 0.438 | 0.381 | 0.327 | 0.481 | 0.452 | 0.472 | 0.444 | 0.429 | 0.391 | 0.442 | 0.431 | 0.448 | 0.440 | 0.420 | 0.396 | 0.440 | 0.420
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Figure 7.8: Performance of 21 clustering algorithms for GPE names (known prior K)
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similarity Agglomerative Clustering Partitional Clustering
function linkage optimizing internal measure repeated bisection direct k-way
slink | clink | alink I I, & Gy H, H, rly rl, r€ | rGy | rHy | rH, dly dl, d&, | dG; | dH, | dH,
cos 0.520 | 0.632 | 0.551 | 0.555 | 0.557 | 0.509 | 0.561 | 0.546 | 0.538 | 0.549 | 0.563 | 0.507 | 0.615 | 0.537 | 0.520 | 0.549 | 0.565 | 0.513 | 0.605 | 0.534 | 0.529
cor 0.474 | 0.557 | 0.515 | 0.551 | 0.558 | 0.556 | 0.417 | 0.563 | 0.563 | 0.556 | 0.560 | 0.565 | 0.480 | 0.554 | 0.557 | 0.552 | 0.557 | 0.555 | 0.484 | 0.556 | 0.555
maxen 0.525 | 0.493 | 0.545 | 0.532 | 0.537 | 0.537 | 0.515 | 0.537 | 0.540 | 0.536 | 0.528 | 0.525 | 0.498 | 0.536 | 0.536 | 0.531 | 0.524 | 0.520 | 0.510 | 0.531 | 0.531
svm 0.511 | 0.508 | 0.552 | 0.549 | 0.553 | 0.528 | 0.524 | 0.533 | 0.534 | 0.536 | 0.533 | 0.510 | 0.525 | 0.530 | 0.523 | 0.530 | 0.533 | 0.518 | 0.532 | 0.534 | 0.530
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Figure 7.9: Performance of 21 clustering algorithms for all names (unknown prior K)

similarit Agglomerative Clustering Partitional Clustering
functiony linkage optimizing internal measure repeated bisection direct k-way
slink | clink | alink Iy I, & Gy H, H, rly rl, r€ | Gy | THy | THy | dI} dl, d&; | dGy | dH; | dH,
Cos 0.681 | 0.703 | 0.733 | 0.718 | 0.694 | 0.678 | 0.703 | 0.689 | 0.656 | 0.696 | 0.701 | 0.626 | 0.708 | 0.664 | 0.646 | 0.715 | 0.711 | 0.651 | 0.714 | 0.684 | 0.650
cor 0.642 | 0.601 | 0.672 | 0.600 | 0.605 | 0.624 | 0.486 | 0.604 | 0.601 | 0.587 | 0.582 | 0.592 | 0.536 | 0.589 | 0.586 | 0.577 | 0.587 | 0.594 | 0.540 | 0.593 | 0.604
maxen 0.581 | 0.557 | 0.583 | 0.574 | 0.585 | 0.590 | 0.526 | 0.644 | 0.646 | 0.603 | 0.588 | 0.605 | 0.534 | 0.619 | 0.612 | 0.590 | 0.584 | 0.575 | 0.552 | 0.602 | 0.587
svm 0.576 | 0.592 | 0.602 | 0.573 | 0.582 | 0.574 | 0.521 | 0.597 | 0.603 | 0.575 | 0.583 | 0.559 | 0.557 | 0.587 | 0.569 | 0.587 | 0.600 | 0.595 | 0.570 | 0.618 | 0.597
M cos Mcor Mmaxen Msvm
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Figure 7.10: Performance of 21 clustering algorithms for person names (unknown prior K)
For all-in-one system, all the instances of each name are clustered into one cluster. The
value of completeness is 1 because members of a single class are assigned to a single cluster,
however, the value of homogeneity is 0, because H(R|C) = H(R). As aresult, the final V-score
of the all-in-one system is 0.
We then tested the performance of the 21 clustering algorithms as described in Section

7.5.2. Figure 7.5, 7.6, 7.7, 7.8 show the performance of 21 clustering algorithms using prior

125



7. Name Entity Clustering

similarit Agglomerative Clustering Partitional Clustering
flunlctiolny linkage optimizing internal measure repeated bisection direct k-way

slink | clink | alink Iy I, & Gy H, H, rly rl, r€ | rGy | rHy | THy dly dl, d&; | dGy | dH; | dH,
cos 0.480 | 0.605 | 0.500 | 0.526 | 0.531 | 0.483 | 0.527 | 0.516 | 0.512 | 0.524 | 0.541 | 0.485 | 0.598 | 0.521 | 0.491 | 0.521 | 0.542 | 0.493 | 0.591 | 0.514 | 0.502
cor 0.427 | 0.526 | 0.486 | 0.507 | 0.520 | 0.525 | 0.369 | 0.526 | 0.525 | 0.521 | 0.528 | 0.534 | 0.423 | 0.521 | 0.529 | 0.517 | 0.526 | 0.519 | 0.441 | 0.526 | 0.528
maxen 0.530 | 0.505 | 0.572 | 0.564 | 0.558 | 0.558 | 0.549 | 0.550 | 0.544 | 0.560 | 0.559 | 0.550 | 0.527 | 0.563 | 0.560 | 0.558 | 0.554 | 0.548 | 0.539 | 0.560 | 0.562
svm 0.504 | 0.497 | 0.561 | 0.553 | 0.561 | 0.532 | 0.544 | 0.523 | 0.523 | 0.541 | 0.534 | 0.503 | 0.530 | 0.528 | 0.524 | 0.527 | 0.525 | 0.505 | 0.537 | 0.520 | 0.524

Hcos Mcor WMmaxen Hsvm
0.650

0.605 0.598 0.591

slink clink alink 1, I, & G H H, ol rl, rg

., rH, rH, di, dl, dg dG, dH, dH,
Figure 7.11: Performance of 21 clustering algorithms for organization names (unknown prior
K)

similari Agglomerative Clustering Partitional Clustering
functio;y linkage optimizing internal measure repeated bisection direct k-way
slink | clink | alink | 1, I, & G, H, Hy | vy | rl, | v& | rG, | vHy | vHy | dl, | dl, | d& | dG, | dH, | dH,
Cos 0.505 | 0.548 | 0.515 | 0.527 | 0.508 | 0.450 | 0.522 | 0.521 | 0.497 | 0.524 | 0.484 | 0.451 | 0.527 | 0.496 | 0.489 | 0.519 | 0.484 | 0.442 | 0.503 | 0.488 | 0.481
cor 0.510 | 0.486 | 0.466 | 0.538 | 0.539 | 0.502 | 0.447 | 0.538 | 0.547 | 0.523 | 0.518 | 0.515 | 0.481 | 0.504 | 0.499 | 0.531 | 0.524 | 0.513 | 0.475 | 0.512 | 0.512
maxen 0.438 | 0.375 | 0.405 | 0.368 | 0.407 | 0.403 | 0.385 | 0.360 | 0.393 | 0.370 | 0.349 | 0.343 | 0.356 | 0.343 | 0.363 | 0.367 | 0.346 | 0.353 | 0.358 | 0.343 | 0.359
svm 0.457 | 0.442 | 0.461 | 0.504 | 0.490 | 0.457 | 0.459 | 0.485 | 0.486 | 0.474 | 0.468 | 0.470 | 0.465 | 0.466 | 0.461 | 0.469 | 0.481 | 0.469 | 0.467 | 0.477 | 0.467
M cos Mcor Wmaxen Msvm
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K for all names, person names, organization names, and GPE names respectively. Figure 7.9,
7.10,7.11, 7.12 show the performance of 21 clustering algorithms without using prior K for all
names, person names, organization names, and GPE names respectively. A few top scores are
explicitly showed in each figure. Above each figure, there is a table in which the highest score
in each category of clustering algorithms (namely, 3 linkage based agglomerative clustering,
6 agglomerative clustering optimizing an internal measure, 6 repeated bisectional partitional
clustering and 6 direct k-way clustering) are made bold and underlined, and the highest score
among all the scores is grayed.

We first analyze the clustering algorithms using prior K (Figure 7.5, 7.6, 7.7, 7.8).
Observations:

(1) In general, the three linkage based agglomerative clustering algorithms can perform well
using any of the four similarity functions. For example, in Figure 7.5 using cosine similarity,

the highest score (0.658) is achieved by clink, and using maximum entropy based similarity
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7. Name Entity Clustering

function, the highest score (0.660) is achieved by alink.

(2) In general, the scores for person names are higher than the scores for organization
names, and then higher than the scores for GPE names. In other words, in our dataset, the task
of clustering person name entities is easier than that of clustering organization name entities,
and then easier than that of clustering GPE name entities.

(3) Unlike document clustering, we did not observe the performance advantages of parti-
tional clustering algorithms over agglomerative clustering algorithms, nor did we observe the
performance advantages of repeated bisectional clustering algorithms over direct k-way clus-
tering algorithms.

(4) In general, clustering algorithms using correlation (cor) similarity function perform the
worst for mixed names (Figure 7.5) and organization names (7.7), however, for GPE names,
the highest score is achieved through agglomerative clustering algorithm by optimizing /{5 and
applying cor similarity function.

We then analyze the clustering algorithms without using prior K (Figure 7.9, 7.10, 7.11,
7.12). In fact, all of the above four observations still hold except that in general, the scores are

relatively lower than those using prior K.

known K unknown K
cos cor maxen svm COs cor maxen svm

ALL PER ORG GPE | ALL PER ORG GPE | ALL PER ORG GPE | ALL PER ORG GPE | ALL PER ORG GPE | ALL PER ORG GPE | ALL PER ORG GPE | ALL PER ORG GPE
slink 0 0 0 0 1 1 0 0 0 11 0 0 0 6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
clink | 18 15 18 0 2 17 1 0 0 0 0 0 0 0 0 0| 18 13 18 3 5 4 5 0 0 0 0 0 0 0 0 0
alink | 17 2 17 0 3 13 1 0 20 1 19 0| 15 9 14 0 0 0 0 0 1 1 2 0 2 0 1 1 8 1 13 0
Iy 0 0 0 0 2 1 1 1 8 1 9 0 16 15 6 4 4 0 1 5 4 1 4 3 0 0 2 0 5 0 8 0
I, 3 3 4 0 7 2 5 2 3 1 5 0 16 11 15 0 5 0 3 0 4 1 4 3 2 0 0 0 11 0 13 1
& 0 0 0 0 5 3 3 1 7 6 1 0 3 4 3 0 0 0 0 0 4 1 4 0 4 1 0 0 0 0 0 0
Gy 6 2 6 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 1 1 0 0 0 0 0 0 0 0 0 0 2 0
H,y 0 0 0 0 3 2 1 2 0 0 0 4 0 0 0 2 3 0 0 1 6 1 4 3 1 8 0 0 1 0 0 0
H, 1 2 1 0 7 3 3 2 0 0 0 3 0 0 0 1 2 0 1 0 5 1 4 4 2 8 0 0 1 0 0 0
rly 0 1 0 0 3 1 2 00 1 0 0 7 1 2 2| 3 0 0 3| 4 1 4 1 2 1 0 0 1 0 3 0
rl, 12 10 11 0 5 2 3 2 9 1 9 0 9 8 4 1 8 6 6 0 4 1 4 0 0 0 0 0 1 0 2 0
€ 0 0 1 0 13 11 8 3 0 0 0 0 0 0 0 1 0 0 0 0 6 2 5 0 0 0 0 0 0 0 0 0
rGy | 16 2 16 0 1 0 1 0 1 0 1 0 1 0 1 0| 18 11 18 0 1 1 1 0 0 0 0 0 0 0 0 0
THy 2 1 1 0 3 2 2 2 0 0 0 0 0 1 0 1 2 0 1 0 4 1 4 0 2 1 0 0 1 0 0 0
TH, 3 4 3 0 6 4 3 2 0 1 0 0 0 0 0 1 0 0 0 0 4 1 4 0 1 0 0 0 0 0 0 0
dly 0 1 0 0 3 2 1 1 0 0 0 0 0 1 0 1 4 0 1 1 4 1 4 2 0 0 0 0 0 0 0 0
dl, | 12 4 1 0 4 3 2 2.0 0 3 0 1 0 1 1 8 9 8 0 4 1 4 1 0 0 0 0 1 0 0 0
d&, 1 0 1 0] 12 3 11 2 0 0 0 0 1 0 2 0 0 0 0 0 4 1 4 0 0 0 0 0 0 0 0 0
dG, | 12 2 11 0 2 0 2 0 0 0 0 0 1 0 1 0| 16 7 16 0 1 1 1 0 0 0 0 0 0 0 0 0
dHy 2 0 2 0o 4 3 2 3.0 0 0 0| 0 0 0 1 1 0 1 0| 4 1 4 0 0 0 0 0 2 3 0 0
dH, 3 1 6 0 9 3 5 3 0 0 0 0 0 0 0 0 1 0 0 0 4 1 4 0 1 0 0 0 1 0 0 0

Table 7.10: Comparison of 21 clustering algorithms

It is worth noting that each score in the above figures is the average of scores over all the
names and from the figures, we can not see whether one score is statistical significant than
the others. In fact, like document clustering, we can also create significance matrices among
21 clustering algorithms, however, the number of such significance matrices could reach 32 (8

figures * 4 similarity functions in each figure). Tabulating such matrices in this thesis not only
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7. Name Entity Clustering

occupies lots of space but also makes it difficult to interpret what are good clustering algorithms
in general. To overcome this problem, we present a matrix which summarizes the results among
the 32 significance matrices as shown in Table 7.10. The rows in the table are the 21 clustering
algorithms. The columns are mainly split into two categories (known K and unknown ), and
then the columns are further split according to the four similarity functions, and finally, each
column of similarity function is further split by four cases, namely, all names (ALL), person
names (PER), organization names (ORG) and GPE names (GPE). In total, there are 32 fine-
grained columns. Each number in the cell represents the number of clustering algorithms that
are statistically significantly worse than the algorithm in the row. The higher the number is,
the better the clustering algorithm is. The maximum possible number is 20 which means the
algorithm can statistically significantly outperform all the other 20 algorithms. In this way,
we can clearly observe which algorithms are normally better than the others in general. We
highlight those numbers in the table which indicate that the algorithm can outperform at least
half of the other clustering algorithms (>= 12). From the table, we can easily observe some
important facts.

Observations:

(1) clink is a good clustering algorithm for mixed names (outperform the other 18 algo-
rithms), person names (15), and organization names (18) by applying cosine similarity function.
This observation holds for either known K or unknown K.

(2) alink is a good algorithm for mixed names (17) and organization names (17) by apply-
ing cosine similarity function. This observation only holds for known K and does not hold for
unknown K.

(3) r(G; is a good algorithm for mixed names (17) and organization names (17) by applying
cosine similarity function. This observation holds for either known K or unknown K.

(4) if correlation similarity function is applied, clink and alink are good ones for only
person names. This observation only holds for known K and does not hold for unknown K.

(5) if maxen or svm similarity function is applied, alink is a good one for mixed names and
organization names. This observation only holds for known K and does not hold for unknown

K.
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7. Name Entity Clustering

(6) there is not a clustering algorithm that can statistically significantly perform better than
the others for GPE names. Recall that we obtained relatively lower scores for GPE names which
clearly shows that clustering GPE name entities is harder than clustering person or organization
name entities.

The further analyses of the above observations are discussed as follows.

Analyses:

(1) the “long tail effect” discussed in Section 7.5.4 tells that our dataset has a very unbal-
anced class distribution. Like document clustering, we can compute the the coefficient of vari-
ation (CV) to measure how unbalanced a clustering is. Similarly, we can compute the CV value
of true clustering which is denoted as C'Vj, and then we can compute the CV value of a system
(C'V}) clustering generated by any clustering algorithm. For a good clustering algorithm, the
cluster distribution should be as close as the true class distribution, i.e., DCV = CV; — CV}
should be close to 0 as much as possible. A clustering algorithm which produces a balanced
cluster distribution normally lead to a small C'V}, therefore, DC'V' is normally negative.

The results are shown in Table 7.11 and Table 7.12, in which except the column of “C'V})”,
the number in each cell represents the DC'V value of each specific clustering algorithm. We
can clearly see that the DC'V values of clink, alink, rG; are closer to O than most of the others
when cosine similarity function is applied. This tells why clink, alink and rG; can produce

better results from the aspect of class distribution.

similarity Agglomerative Clustering Partitional Clustering
function v, linkage optimizing internal measure repeated bisection direct k-way
slink clink | alink | 1, I, & | G | Hy | Hy | vy | rl, | v& | rGy | rHy, | vHy | dI, | dI, | d& | dG, | dH, | dH,
cos 0.85 0.28 | -0.10 | 0.12 | -0.33 | -0.43 | -0.57 | -0.07 | -0.46 | -0.50 | -0.35 | -0.48 | -0.61 | -0.12 | -0.49 | -0.56 | -0.36 | -0.48 | -0.61 | -0.14 | -0.50 | -0.57
cor 0.85 0.33|-0.10 | 0.18 | -0.26 | -0.27 | -0.32 | -0.59 | -0.27 | -0.28 | -0.30 | -0.31 | -0.35 | -0.70 | -0.31 | -0.33 | -0.31 | -0.32 | -0.36 | -0.70 | -0.33 | -0.35
maxen 0.85 0.22 | -0.18 | 0.01 | -0.20 | -0.20 | -0.24 | -0.16 | -0.38 | -0.40 | -0.35 | -0.34 | -0.42 | -0.26 | -0.38 | -0.39 | -0.36 | -0.35 | -0.43 | -0.30 | -0.38 | -0.40
svm 0.85 0.23 | -0.18 | 0.04 | -0.19 | -0.18 | -0.25 | -0.17 | -0.40 | -0.38 | -0.34 | -0.32 | -0.40 | -0.27 | -0.37 | -0.38 | -0.35 | -0.37 | -0.41 | -0.31 | -0.40 | -0.41
Table 7.11: DCV values of 21 clustering algorithms for all names (known K)
similarity Agglomerative Clustering Partitional Clustering
function CVy linkage optimizing internal measure repeated bisection direct k-way
slink clink | alink | 1, L | & | G | Hy | H, | v, | v, | & | vGy | vHy | vH, | dl, | dl, | d& | dG, | dH, | dH,
cos 0.85 0.11 | -0.12 | 0.03 | -0.28 | -0.36 | -0.51 | -0.04 | -0.41 | -0.44 | -0.30 | -0.44 | -0.59 | -0.12 | -0.49 | -0.54 | -0.32 | -0.44 | -0.58 | -0.17 | -0.49 | -0.53
cor 0.85 0.14 | -0.08 | 0.05 | -0.26 | -0.26 | -0.29 | -0.56 | -0.28 | -0.28 | -0.29 | -0.27 | -0.31 | -0.68 | -0.30 | -0.29 | -0.31 | -0.29 | -0.34 | -0.69 | -0.33 | -0.31
maxen 0.85 0.10 | -0.26 | -0.08 | -0.25 | -0.23 | -0.26 | -0.21 | -0.35 | -0.36 | -0.35 | -0.37 | -0.39 | -0.34 | -0.38 | -0.38 | -0.36 | -0.38 | -0.41 | -0.36 | -0.37 | -0.39
svm 0.85 0.12 | -0.22 | -0.04 | -0.23 | -0.22 | -0.24 | -0.19 | -0.35 | -0.36 | -0.33 | -0.35 | -0.41 | -0.32 | -0.37 | -0.38 | -0.33 | -0.37 | -0.42 | -0.31 | -0.37 | -0.38

Table 7.12: DCV values of 21 clustering algorithms for all names (unknown K)

(2) As we have observed, clink is a good clustering algorithm for name entity clustering.
We illustrate by some examples and explain why it can perform extremely well in some cases

and why it fails in some other cases.
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First, let us start from the “long tail effect” in our dataset, which shows that for many names,
the gold clustering has a few large clusters and many small clusters (or even singletons). We
have observed that in many cases, most of instances in those large clusters are tightly con-
nected (i.e., similarity values of pairwise instances are high), therefore, usually any clustering
algorithm has no difficulty in putting them in one cluster, however, some instances from those
large clusters look more like from another cluster since the similarity values between them and
other tightly connected instances are relatively low. The key issue for any clustering algorithm
is whether it can correctly place those “fake” outliers into the cluster which already has some
tightly connected instances, and meanwhile it can correctly place the true outliers in small
clusters or singletons.

Second, let us analyze the characteristics of some clustering algorithms. For slink, the
similarity of two clusters is defined as the largest pairwise similarity between members of
the two clusters. For clink, the similarity of two clusters is defined as the smallest pairwise
similarity, while for alink, the similarity of two clusters is defined as the average pairwise
similarity. As a result, slink is prone to confuse the “fake” outliers and the true outliers, while
clink and alink are more likely to correctly distinguish them. We use the following example to
illustrate this problem. For those clustering algorithms that optimize an internal measure, some
of the properties have been discussed in Chapter 6.

We then use the following example to help analyze why some algorithms have advantages.

Figure 7.13 shows an example of clustering 5 instances with the name of “National Students
Union”. From the clustering plot, we can clearly observe how instances are clustered during
each step of hierarchical clustering. We can observe that the three linkage based agglomerative
clustering together with (G; can produce a perfect clustering, while [1,/5,H;,H, behave simi-
larly by incorrectly put instance 1 into the cluster of 2,3, £; also makes a mistake by clustering
instance 1 with 3.

(3) As we have observed, the performance of clustering algorithms also depends on the
applied similarity function. According to the 8 figures (Figure 7.5-Figure 7.12), in general,
we did not observe that the two supervised similarity functions (maxen, svm) can significantly

perform better than the two unsupervised similarity functions (cos, cor). As we can observe in
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Name: National Students Union  Instances: {1,2,3,4,5} Gold clustering: {{1},{2,3,4,5}}
Similarity matrix computed by cosine similarity:

1.0000 0.0108 0.0144 0.0247 0.0237

0.0108 1.0000 0.0671 0.1610 0.1518

0.0144 0.0671 1.0000 0.0480 0.0731

0.0247 0.1610 0.0480 1.0000 0.9463

0.0237 0.1518 0.0731 0.9463 1.0000

clustering | system clustering clustering plot clustering system clustering | clustering plot
algorithm algorithm

slink {{1}.{2,3,4,5}} clink {{1}.{2,3,4,5}} 3
V-score=1.0 % V-score=1.0 ﬁi
| ‘5
—1
alink {{1}.{2,3,4,5}} I {{1,2,3},{4,5}} —1
V-score=1.0 V-score= 0.202 r3

12 {{11213}1{415}}
V-score=0.202

& {{1.3}{2.45}}
V-score=0.38

1
= wo ks N

P Pl Pl

Gl {{1}1{2131415}}

V-score=1.0

Hl {{1,2,3},{4,5}}
V-score= 0.202

BTN W=

H, {{1.2,3},{4,5}}
V-score=0.202

1
3
2
5
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Figure 7.13: An example for comparison of clustering algorithms

Figure 7.7 and Figure 7.11, to cluster organization name entities (either known K or unknown
K), cor related results are significantly worse than the other three. In Figure 7.12, to cluster
GPE name entities (unknown K'), maxen related results are significantly worse than the other
three. Again the 8 figures do not show whether some similarity function can statistically sig-
nificantly perform better than the others. Therefore, we make a significance table for similarity
functions as shown in Table 7.13.

In the table, the rows represent the four similarity functions, the columns are split into
two major parts, known K and unknown K, and then further split into 4 parts, All, PER,
ORG and GPE, and finally, the rows and columns form 8 4*4 significance matrices. Each
cell is a number tells how many clustering algorithms (21 at most) one similarity function can
statistically significantly perform better than the other. The larger the number is, the better

the similarity function is. The possible largest number is 21, which indicates the similarity

131



7. Name Entity Clustering

function can consistently work better than the other using any of the 21 clustering algorithms.
We highlight the numbers which is larger than at least half of 21 (> 11) in the table.

The table clearly shows that cos similarity function has no significant difference from
maxen or SVM. For either ALL or ORG (known K), cor similarity function is significantly
worse than the other three. For GPE (unknown K'), maxen is significantly worse.

known K
ALL PER [ ORG GPE
COs CcOor maxen svm  COS COr maxen Ssvm | COS COr maxen Svm  COS COr maxen Svm | COS COr maxen svm | COS cor maxen svm‘cos COor maxen svm | COS COr maxen svm
cos - 12 1 3 - &6 1 0| - 13 1 1] - o0 0o o] - 4 3 3] - 4 55‘—4 2 2/ - 0 9 0
cor 0o - 0 0o - 1 0/ 0 - 0o o/ 0 - 0 o 4 - 1 20 - 6 3 1 - 0 0o/ 0 - 14 0
maxen | 4 17 - 0o 3 - 0|16 21 - 1/ 0 o0 - 0/ 0 1 - 0/ 0 o0 - 0| 5 10 - 0/ 0 o0 -0
sym | 11 20 0 3 14 12 —-|11 20 0o -0 0 o -0 1 0o -0 0 o -/ 0 4 o -0 0 5 -

Table 7.13: Comparison of similarity functions

unknown K
ALL [ PER [ ORG GPE

| oo

(4) Determining the number of clusters K is a hard issue for any clustering problem with-
out using the prior K, and as we have observed, clustering algorithms without using prior K
normally perform worse than clustering algorithms using prior K. In order to study the impact
of Algorithm 5 in Chapter 5, we compared the system generated number of clusters k; with the

true number of classes kg, and computed the percentages of whether the algorithm can produce
e agoodky (ky — kg =0o0r £1)
e amediocre ky (k1 — kg = £2 or £3)
e abad k; (others)

The results are shown in Table 7.14 in which each number shows the percentage that Algo-
rithm 5 in Chapter 5 can produce a good or a mediocre or a bad number of clusters, for example,
when the clustering algorithm clink with cosine similarity function is applied, for 41.7% of the
106 names in our dataset, the algorithm can produce a good number of clusters (equal to or just
one more or one fewer than the true number of classes). Table 7.14 shows that when the cosine
similarity function is applied, clink, alink, rG, and dG; have higher percentages of producing
good or mediocre k;. We have known that those few clustering algorithms can perform better
than the others using prior K, and now we also know that better k; can be obtained for those
algorithms. Taking these two factors into considerations, it is easier to understand why we also

obtained higher performance for those algorithms without using prior K.
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similarity range Agglomerative Clustering Partitional Clustering
function ki—kg linkage (%) optimizing internal measure (%) repeated bisection (%) direct k-way (%)

slink | clink | alink | I, I, & | Gy | Hy | Hy | rly | vl | & | rGy |rHy | TH, | dly | dI, | d€; | dGy | dHy | dH,
cos 0,41 | 406 | 41.7 | 41.7| 25|27.1(229|41.7|27.1|27.1|281|30.2|27.1|39.6|333(281|29.2|323|27.1|417 354323

+2,£3 | 208 | 21.9 24| 24| 26|229| 25|281| 25|219|229| 26| 25| 24| 24| 24|229| 24219229208
others | 38.5| 365 | 344 | 51|469 |54.2|333|448|479| 50|469 |46.9|354 |427 479|469 |448| 49365 |41.7|469
cor 0,41 | 438 | 458 | 44.8 | 42.7 | 42.7 | 41.7 | 375|427 | 41.7 | 44.8 | 43.8 | 47.9 | 36.5 | 43.8 | 43.8 | 45.8 | 47.9 | 42.7 | 344 | 448 | 50
+2,+43 | 208 | 229 | 198|208 | 24| 26|21.9|208| 24|188|20.8|21.9|281|198|229| 24|208| 25|333|271|208
others | 35.4 | 31.2 | 354 | 36.5|33.3 |323|40.6 | 365|344 365|354 302|354 |365|333|302|31.2|323|323|281|29.2
maxen 0,41 | 55.2| 479 | 59.4 | 57.3 | 58.3 | 54.2 | 56.2 | 53.1 | 55.2 | 57.3 | 57.3 | 57.3 | 59.4 | 58.3 | 59.4 | 57.3 | 57.3 | 60.4 | 55.2 | 58.3 | 61.5
+2,£3 | 208 | 27.1 26(219|208| 25|20.8|229|208|229|219|177| 25|208|19.8| 24|219|17.7|229 198|156
others 24 25| 146|208 |20.8 208|229 | 24| 24|198|208| 25|15.6|20.8|208|18.8|20.8|21.9|219|219]|229
svm 0,£1 | 375| 406 | 438 | 51|458 | 51 |41.7 (427|427 |479|41.7|448| 50|458|469| 50|458 | 448 | 49458448
+2,+43 | 323|281 | 302 | 25|292| 24|302|292| 26| 25|271|208|271| 25|219|229| 24| 26208 |271| 25
others | 30.2 | 31.2 26| 24| 25| 25|281|281|312|271|31.2|344]229|292|31.2|271|30.2|292|30.2|271|30.2

Table 7.14: Comparison of system generated K and prior K
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Figure 7.14: Impact of MiCC (known K)
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Figure 7.15: Impact of MiCC (unknown K)

7.5.4.2 Impact of MiCC

For each name, we first applied Lucene' to search at most 100 documents that mention the
name and use them as the pool of collaborative instances. It is worth noting that the selected
instances are actually ranked by the default ranking model in the Lucene. Similar with doc-
ument clustering, we selected Silhouette Coefficient (SC) as our internal measure. For each
iteration, we selected at most n., = 5 collaborative instances. To pick the best 5 collaborative

documents in each iteration, we tried n4.;s = 10 times by randomly selecting 5 documents

Thttp://lucene.apache.org/
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7. Name Entity Clustering

from the pool. For each trial, we added the 5 documents into the expanded set of documents,
and applied a clustering algorithm on the newly expanded set of document and then computed
the clustering quality of the original set of instances using the internal measure SC. Among the
10 trials, we picked the best 5 collaborative documents which led to the best clustering quality.
We set Niterations = 0, 1IN other words, we at most selected 30 collaborative documents in the
end.

We tested on the 15 baseline clustering algorithms (alink,clink,alink, I, I, €1, G1, Hy,
Hy, rly, rls, req, rG1, rHy, 7Hy) , and validated whether the MiCC algorithm can help each
baseline algorithm to achieve better performance evaluated by V-measure. Figure 7.14, 7.15
show the results for known K and unknown K respectively.

We observed that MiCC achieves limited success for some clustering algorithms while fails
for some other clustering algorithm if the number of clusters (K) is given. There are two
reasons that lead to the possible failure: (1) in name entity clustering, the cluster distribution in
instance collaborators are still quite close to the original set of instances. Therefore the added
collaborators can only enhance some already well-formed clusters in the original dataset and
still lack the ability to help uncover bad clusters; (2) the added collaborators may belong to
a new cluster that is not in the original dataset. Thus if K is set to be fixed, those new added
collaborators which belong to a new cluster will be distributed to clusters in the original dataset,
thus they are introduced as noises which make the results worse.

However, if K is not given, MiCC works for most of the clustering algorithms. That clearly
shows the approach that automatically determines K helps to reduce the side-effect of introduc-

ing new clusters as K can be dynamically changed.

7.5.4.3 Impact of MaCC

We collected 84 clustering results, which is a combination of 21 clustering algorithms and 4
similarity functions.

Similar with what we have done in document clustering, we experimented four combination
schemes and four consensus functions, specifically,

Scheme 1. The 84 clustering results are categorized into 4 serial groups, the first group
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uses cosine similarity, the second group uses correlation similarity, the third group uses maxen
similarity and the final group uses svm similarity. Each group contains 21 clustering results.
We use notations “cos”, “cor”, “maxen” and “svm” to represent the four groups.

Scheme 2. The 84 clustering results are categorized into 3 serial groups, the first group
includes 24 repeated bisectional clustering results (6 repeated bisectional clustering algorithms
times 4 similarity functions), the second group includes 24 direct k-way clustering results (6
direct k-way clustering algorithms times 4 similarity functions) and the third group includes 36
agglomerative clustering results(9 agglomerative clustering algorithms times 4 similarity func-
tions), . We use notations “rbr”, “direct” and “agglo” to represent the three groups respectively.

Scheme 3. The 84 clustering results are ranked from the highest to the lowest by the scores
computed by the internal measure “silhouette coefficient”, and then split into 4 groups, each
group containing 21 ranked clustering results.

Scheme 4. The 84 clustering results are ranked from the highest to the lowest by the
scores computed by the external measure “V-measure”, and then split into 4 groups, each group
containing 21 ranked clustering results.

The four consensus functions include co-association matrix based, IBGF, CBGF, and HBGF.

Figure 7.16 and Figure 7.17 show the performance of the four combination schemes and
four consensus functions for known K and unknown K respectively. We can observe that:

(1) In Figure 7.16 (a), after cor related clustering results are added, the performance sig-
nificantly drops which clearly show that they hurt the performance. However, after adding
maxen and svm related clustering results, the performance increases again. The final best per-
formance is obtained after adding all the 84 clustering results, however, the score 0.646 cannot
beat the best one (0.660) among the 84 clustering results although it beats 95.2% of 84. This
observation does not quite hold for unknown K in which case, cor related clustering results are
significantly worse than the others, and the best combination performance (0.621) is obtained
only by adding cosine related clustering results and it also cannot beat the best score among the
84 clustering results (unknown K') which is 0.632.

(2) In Figure 7.16 (b), we do not observe significant improvement after adding direct re-

lated clustering results which is consistent with the fact that direct related results are not sig-
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nificantly better than rbr, however, after adding agglomerative related results, the performance
can increase significantly, because we already know that three linkage based agglomerative
clustering algorithms perform well. This observation also holds for unknown K.

(3) Better performance can be obtained by Scheme 3 and Scheme 4 either for known K or
unknown K. Most importantly, the best combined score can all outperform the best one in the
84 clustering results. For known K, in Figure 7.16 (c), we obtained the best score of 0.699, in
Figure 7.16 (d), we obtained the best score of 0.750. They outperform the best individual score
of 0.660 by 3.9% and 9.0% respectively. For unknown K, in Figure 7.17 (c), we obtained the
best score of 0.646, in Figure 7.17 (d), we obtained the best score of 0.751. They outperform
the best individual score of 0.632 by 1.4% and 11.9% respectively. All those performance gains
are statistically significant.

Similar to the conclusions we obtained from document clustering, we claim that

(1) the success of MaCC relies on clustering diversity. For example, direct related clustering
results perform comparably with rbr related clustering results in Figure 7.16 (b), therefore,
direct related results do not have enough diversity to further improve the combined score.

(2) the success of MaCC relies on selection of clusterers. Good clusterers tend to produce
even better final result, while bad clusterers tend to produce negative result. This is obvious
from Figure 7.16 (c) and (d).

(3) the success of MaCC also relies on consensus function. Co-association matrix based is

a good choice according to our experiments.

W cos M +cor +maxen M +svm

0.660
0.650
0.640
0.630
0.620
0.610
0.600
0.590
0.580
0.570
0.560
0.550

0.646 0.644
0.636 0.63

V Score

Co-association IBGF CBGF HBGF
Matrix

(a) Scheme 1: combination by series of similarity functions (known K)
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Hrbr MW+direct M +agglo
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(b) Scheme 2: combination by series of clustering algorithms (known K)
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(c) Scheme 3: combination by ranks of silhouette coefficient (known K)
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(d) Scheme 4: combination by ranks of V measure (known K)

137



7. Name Entity Clustering

Figure 7.16: Four combination schemes of MaCC (known K)
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(c) Scheme 3: combination by ranks of silhouette coefficient (unknown K)
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Figure 7.17: Four combination schemes of MaCC (unknown K)

7.6 Summary

In this chapter,

(1) we have implemented a rule based classifier to identify name variation. We extensively
studied the two types of errors, and claim that in order to improve the performance, we can
either collect more resources or design more complicated rules.

(2) we have studied feature contributions in name disambiguation classification models. For
different entity types, different features weigh differently, and separate models for entity types
can perform better than a single model without distinguishing entity types.

(3) we have identified two types of “long tail effect” in name entity clustering. We ex-
tensively studied the performance of various baseline clustering algorithms, discussed why we

only achieved limited success in MiCC, and finally, we validated the effectiveness of MaCC.
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Chapter 8

Conclusions and Future Directions

8.1 Conclusions
In this thesis,

e we proposed two collaborative learning schemes, i.e., collaborative ranking (CR) and
collaborative clustering (CC). Each of the two collaborative learning schemes leverages

two levels of collaboration and the combination of the two levels.

More specifically, collaborative ranking seeks (1) query-level collaboration (MiCR) which
searches query collaborators and leverages the redundant and complementary informa-
tion in those query collaborators to help improve ranking decisions; (2) ranker-level col-
laboration (MaCR) which combines the ranking decisions from multiple rankers. The
query-level collaborative ranking (micro collaborative ranking) should not be confused
with the traditional query expansion technique which is mostly referred to as query refor-
mulation and there are no such functionalities of leveraging multiple helpful collaborators
of the query. The ranker-level collaborative ranking (macro collaborative ranking) corre-
sponds to some other proposed names such as “‘consensus ranking”, “ensemble ranking”
in the community. The reason why we assign a new name here is to make it a counterpart
of “query-level” and “micro”. To summarize, there are two innovations in Collabora-

tive Ranking: (1) the proposed concept of collaborative queries and the mechanism of

combining multiple collaborative queries. (2) the first trial of combining query level
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collaborative ranking and ranker-level collaborative ranking (MiMaCR).

Collaborative clustering seeks (1) instance-level collaboration (MiCC) which searches in-
stance collaborators which can potentially help recover the clustering structure hidden in
the original data; (2) clusterer-level collaboration (MaCC) which combines the clustering
results from multiple clusterers. The instance-level collaborative clustering is a novelty
proposed in this thesis while the clusterer-level collaboration corresponds to some other
known names such as “‘consensus clustering” or “ensemble clustering” (again, the reason
why we make a new name here is to make it a perfect counterpart of “instance-level”
and “micro”). Another novelty of this thesis is the first trial of combining instance-level

collaborative clustering and clusterer-level collaborative clustering (MiMaCC).

Actually the same similar scheme can be proposed for classification problems, i.e., for
a testing sample in a classification problem, the collaborative classification seeks (1)
sample-level collaboration which searches other potential helpful samples that can pro-
vide redundant or complementary information which can then be combined to help clas-
sification; (2) classifier-level collaboration which combines the classification results from
multiple classifiers. Similarly, sample-level can be combined with classifier-level to

achieve even better results.

A more general scheme which can cover the above three types of machine learning prob-
lems (classification, ranking and clustering) is obvious which seeks (1) object-level col-
laboration in which object means testing sample in classification, query in ranking or
instance in clustering; (2) model-level collaboration in which model can mean classi-
fier for classification, ranker in ranking or clusterer in clustering. The combination of

object-level and model-level still works.
we studied how MiCR, MaCR and MiMaCR can be applied in entity linking problem,
and showed

(1)there are several important factors that determine whether MiCR can succeed includ-
ing the searching strategy of query collaborators (not all potential query collaborators are

helpful, and noisy query collaborators can actually hurt the result) and the combination
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scheme of multiple query collaborators.

(2)there are also several important factors that determine whether MaCR can succeed
including the diversity of multiple rankers, the combination scheme of multiple ranking

results.

(3)MiMaCR can achieve better results than either MiCR and MaCR.

we studied various factors involved in document clustering, including comparison of
various external measures, four similarity functions, 21 clustering algorithms and 12
internal measures. Mostly importantly, we validated the effectiveness of MiCC, MaCC

and MiMaCC on this application. We showed that

(1) collaborative instances are really helpful to reconstruct the clustering structure if the
structure in the original dataset is implicit and not easy for any baseline clustering algo-

rithm to identify.

(2) there are also several important factors that determine whether MaCC can succeed :
diversity of multiple clusterers, the order of adding multiple clusterers (selection scheme),
and consensus function (the approach to obtain a consensus clustering result based on

multiple clustering results).

we studied two key challenges in name entity clustering, including name variation and

name disambiguation.

(1) For name variation, more person, organization and GPE related resources should be

collected for further performance improvement.

(2) For name disambiguation, global (document-wide) features and GPE related features
have more contributions to disambiguate ORG or GPE names, while local (context sur-

rounding the target entity) features have more contributions to disambiguate PER names.

(3) MiCC achieves limited success for some clustering algorithms while fails for some
other clustering algorithm if the number of clusters (K) is given. It clearly shows that
searching collaborative instances for name entity clustering is much harder than docu-

ment clustering as the added collaborators may still lack the ability to help recover clus-
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tering structure or even worse introduce noises that should be excluded from the original
K clusters. If K is not given, MiCC works for most of clustering algorithms. That clearly
shows the approach that automatically determines K helps to reduce the side-effect of

introducing new clusters (as K can be dynamically changed).

(4) The several factors that determine whether MaCC can succeed still apply in name

entity clustering.

8.2 Future Directions

8.2.1 Coupling Collaborative Ranking and Collaborative Clustering

Ranking and clustering are normally considered as two different problems and they do not have
tight connections. Recently, Sun et al. [86] addressed a problem of generating clusters for a
specified type of objects, as well as ranking information for all types of objects based on these
clusters in a heterogeneous information network. The motivation is twofold: first, it often leads
to unwanted results by ranking objects globally without considering which clusters they belong
to, for example, globally ranking papers from two quite different areas does not make much
sense; second, it also leads to dull results by clustering a huge number of objects without dif-
ferentiating the ranks of objects, for example, it makes no sense to cluster thousands of reviews
of a restaurant without first filtering worthless (lower-ranked) reviews (e.g., advertisement). A
novel framework RankClus they proposed can mutually enhance the quality of clustering and
ranking until little change can be made.

In fact, in this thesis, we already coupled the usage of ranking and clustering either in
collaborative ranking or in collaborative clustering. For collaborative ranking, the main method
of searching good collaborators is achieved by clustering. For collaborative clustering, when
searching collaborative instances in the application of name entity clustering, we use Lucene
search engine to produce a pool of ranked collaborative instances and when considering the
combination order of multiple clustering results, we also tried ranking method either by internal
measure or external measure.

We can further enhance the connection of ranking and clustering from the following aspects:
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(1) when searching collaborative queries in collaborative ranking, we can apply MaCC to
produce a more robust clustering.
(2) when searching collaborative instances in collaborative clustering, we can apply MaCR

to produce a more robust ranking.

8.2.2 Enhancing MiCR

In Chapter 3, although we proposed a weighted version of combining the contributions of
diverse query collaborators, we did not elaborate how we can compute such weights. There
are two promising approaches and the effectiveness should be validated using real applications
such as entity linking.

Approach 1: Rank by distance to the cluster center.

The closer the collaborators are to the center of the cluster, the more important the collab-
orators are. Let C' represent the cluster that contain the query ¢ and its k£ query collaborators
cquy ..., CQk, 1.€., C = {q,cqi, ..., cqr. }. Each mention in the cluster is a d-dimensional vector.
We use the same notation ¢, cqy,...,cqy to represent the vectors. Then the centroid of the cluster

can be computed as:

k
1
troid = —— i
centroi k+1(q+izlcq)
The distance from each query collaborator to the centroid can be computed using Euclidean
distance, Mahalanobis distance and so on. The query collaborators are then ranked by distance,

the smaller the distance is, the higher the rank. The distances of query collaborators can be nor-

distance—min
mar—min

malized, for example, normalized_distance = in which max and min represent
the largest and smallest distance. The normalized distances can then be converted to weights,
normalized_weight = 1 — normalized_distance.

Approach 2: Rank by PageRank of query collaborators.

PageRank is one of the most popular ranking algorithms proposed in [71], and was designed
to compute the ranks of web pages in the whole world wide web by leveraging the hyperlinks

in the web pages. The intuition is that a web page that is linked by many high ranked web pages

should also receive a high rank.
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Formally, let G = (V, E') be a directed graph in which V' is the set of vertices and F is the
set of edges. For a given vertex v;, let in(v;) be the set of vertices that link to it, and let Out(v;)

be the set of vertices that vertex v; links to. The ranking score for the PageRank is computed

_ PageRank(v;
as PageRank(v;) = 1Td +dx ) _Ouzdegree((vj))
(vj,vi)EE

where NV is the number of pages in the web and d is called damping parameter 0 < d < 1.

The above formula works well for unweighted and directed graph, in other words, if a query
collaborator has forward links to other query collaborators or have backward links from other
query collaborators, then the formula can be applied.

There is another case that the formed graph is undirected and weighted, for example, if
each query collaborator represents a document, then query collaborators are connected by a
weighted value that measures the relationship between the two documents. For undirected and

weighted graph, the PageRank formula can be revised accordingly ([67]), i.e.,

1—d

Wi
PageRank(v;) = T d x E Z—jwjkpageRank(vj)
(vj,v;)EE
! (vjvK)EE

This modified version of PageRank has been shown to work well for such NLP problems
as document summarization [67] and word sense disambiguation [83].

In the above modified formula, the weight can be computed through different ways varied
by applications. For example, in our case study of entity linking, the weight can be computed

as the document similarity of two query collaborators.

8.2.3 Enhancing MaCR

In section 3.2, we discussed several ways to compute the combined strengths of “ranker collab-
orators”, however, the rankers do not communicate (or interact) with each other and therefore,
each ranker does not have chance to improve itself. This is counter-intuitive since in human
collaborative learning, for example, students can gain new knowledge and improve their skills
after interacting with teachers or other students.

Wei et. al. [91] proposed an interactive algorithm iRank in which two rankers can teach

each other so as to jointly improve the ranking performance of both rankers. More specifically,
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one base ranker takes the most confident ranking results from the other ranker as feedback
to update its own ranking results, and vise visa. This process continues iteratively until a
termination condition is satisfied (e.g., the ranking results do not change any more). However,
the iRank algorithm also has limitations:

(1) The iRank does not explicitly indicate that the two rankers can be re-learned during the
iterations because in their algorithm description, we do not see that their rankers are feeded
with training data or the parameters in the rankers can be updated. From the case study (query-
focused summarization) of iRank, we noticed that they implemented two unsupervised rankers,
and only in the first iteration, the two rankers produce initial ranking scores. In the later itera-
tions, the ranking score of each object from one ranker is updated depending on how similar it
is with the top NV (N = 1) ranked objects from the other ranker.

(2) The iRank does not tell how the rankers get updated if the number of rankers is greater
than 2.

A possible direction to extend the iRank algorithm is to take into accounts of unlabeled data
and multiple rankers.

It is known that it is expensive to obtain training data for supervised ranking, for example,
in information retrieval, for a given query and retrieved list of documents, the annotators need
to provide a relevance judgment for each document, e.g., a class label such as irrelevant or rel-
evant; an integer number such as k£ which indicates the ranking position in the list; a similarity
score which indicates the relevant of the document. However, it is relative easier to obtain a
lot of unlabeled data. Similar with classification problems, we can design a general algorithm
(Algorithm 12) which can use a small set of training data and a relative large set of unlabeled
data. We then can study whether the multiple rankers can improve themselves by leveraging
large amount of unlabeled data.

In Algorithm 12, the training set contains /N pairs of (query, object list), each query ¢

corresponds to a list of objects 0@ = {ogq), e ,oflq()q)} that need to be ranked. y(%) =
{ygq"), e ,y(q(f])i)} corresponds to the gold ranking labels for the list of objects. Let xg.q") =

(gi)

¢(gi,0;") denote a feature vector associated with each query-object pair (g;, o).

J

We also have a set of unlabeled data which consist of M pairs of (query, object list), how-
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ever, we do not know the gold ranking labels for the object list. We call each (query, object list)

as an instance in the algorithm.

Algorithm 12 Boosting algorithm for ranking

Input:
a set of training data 7"

(@) , (a:)
{<Ijq 7y‘q >}j:1,...,n(qi);i:1,...,N

a set of unlabeled data U: )
{qul }jzl,...,n(qi);z’:L...,M

a set of m ranking functions fi, fs, ..., f,n, some of which are supervised.
Initialization:

Create a pool U’ of instances by removing P random instances from U.

1: repeat
fori=1—mdo
if f; is a supervised ranker then

train it on 7', and label the data in U’;

select the most confidently labeled K instances and add them to 7" (without dupli-

cates)
6 end if
7. end for
8
9

Refill U’ with instances from U, and keep the size of U’ as constant P
: until termination condition is satisfied (e.g., iteration counter reaches a preset number)

In Algorithm 12, the supervised rankers can get updated (i.e., the parameters in the super-
vised model can be dynamically updated) whenever there are new training data available.

There are two main issues that can differentiate the above algorithm from the general boost-
ing algorithm for classification:

(1) In ranking, different supervised methods utilize an instance in different ways, i.e., for
pointwise method, an instance is split into multiple query-object pairs which are then used as
training samples; for pairwise method, multiple tuples of (query-object-object) are made from
an instance and are then used as training samples; only for listwise method, an instance is also
a training sample.

(2) In ranking, a confidently labeled instance has different meanings according to which
supervised method is applied , i.e., for pointwise method, an instance is confidently labeled
if there are many highly confidently labeled (query-object) pairs made from the instance; for
pairwise method, an instance is confidently labeled if there are many highly confidently labeled

(query-object-object) tuples made from the instance; for listwise method, an instance is con-
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fidently labeled if there are many high scores among the (query-object) pairs in the instance.
To compute the confidence of an instance, we intend to use summation of confidence values of
labeled samples (query-object, query-object-object etc.).

In Algorithm 12, each ranker contributes its top K confidently labeled instances, and then
they are added into training set without duplicates. An alternative way to get more confidently
labeled instances is to pick out those frequently occurred instances that are confidently labeled
by as many rankers as possible. We can use simple voting method to find such frequently
occurred instances.

The above proposed algorithm needs to be validated in some real applications, such as entity

linking.

8.2.4 Enhancing MiCC

In Chapter 5, we have proposed a simple strategy to select collaborative instances by randomly
selection from a relatively larger pool. This strategy is successful for document clustering, but
is only partially successfully (works for some baseline clustering algorithms) for name entity
clustering. We expect the following algorithm may lead to better result.

The intuition of this selection strategy by ranks of collaborative instances is that the high
ranked collaborative instances can provide more information to help identify the good structure

of the original set of instances in a better and faster way.

8.2.5 A Third Application of Collaborative Clustering: Event Corefer-

ence Resolution

The task of within-document event coreference resolution is defined in the Automatic Content
Extraction (ACE) program, i.e., organize the event mentions in a document into equivalent
classes so that all the mentions in a given class refer to a unified event.

In our previous work, we

(1) modeled the problem as a clustering problem, and applied two clustering algorithms, one

is spectral graph clustering algorithm [14] and the other is agglomerative clustering algorithm'

Ithis agglomerative clustering algorithm is different from any of 9 nine agglomerative clustering algorithms
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Algorithm 13 MiCC algorithm by ranking selection.

Input:
X = {1, 9, ..., z,}: instances in the data set;
Y ={v1,v2, ..., ym}: a pool of candidate collaborative instances;
J: a clustering algorithm;
R: a graph ranking algorithm;
M: an internal measure;//Assume the measure takes maximum as optimal
Nstep: Maximum number of collaborative instances picked in each iteration;
Niterations. NUMber of iterations

Output:
a set of best collaborative instances: Best(;
the optimal value computed by the internal measure LM,;

1: Apply I on X and output a clustering, compute the clustering quality by the internal mea-

sure M.

2: Rank collaborative instances (from high to low) in Y by the graph ranking algorithm R.

3: fOI'j =1 = Nyterations Ao

4:  initialize a list of best found candidate collaborative clustering instances LC'

5:  initialize a list of best found values of clustering quality LM

6:  Pick ng., collaborative clustering instances (naming the set as Y;) from Y and produce
a new set of instances by X U Y.

7:  Apply F on X UY;, compute clustering quality L M; using M.

8: end for

9: Find LM, such that LM, >= LM, fori € {1, ..., Nierations }
10: LM, = LM,

11: BestC = LCyU...ULC,

12: return BestC and LM,

[19];

(2) explored two ways of computing coreference likelihood of two event mentions, one is
to compute a formula combined from overlapping statistics of triggers and event arguments,
and the other is to compute a supervised probability model which incorporates rich syntax,
semantic features [14];

(3) studied feature contributions of supervised model in computing coreference likelihood
[19].

Event coreference resolution is an even harder problem than name entity clustering. From
the aspect of complexity of an instance, we can see that an instance in document clustering
is simply a document, in name entity clustering, it consists of a query name and its context

document, while in event coreference resolution, an instance is an event mention which contains

discussed in Chapter 5
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more complex structures including an event trigger which indicates the event type and several
event arguments which indicate the roles participated in the event. We can extend the previous
work from the following aspects:

(1) MiCC.

A motivating example why MiCC can work is shown in figure 8.1:

EM11 EM12

doc#2 EM21 EM22

Figure 8.1: A motivating example of searching collaborative instances.

Document #1:

EMI11: Yesterday in Los Angeles, pin-up icon Bettie Page succumbed to complications from
a heart attack suffered almost three weeks ago.

EM12: The details of her death are known as follows.

Document #2:

EM2]1: Bettie Page, the 1950s pin-up model who helped set the stage for the 1960s sexual
revolution, has died.

EM?22: Her agent, Mark Roesler, said Page died yesterday at a Los Angeles hospital after
suffering a heart attack on December 2.

In the above example, EM11 and EM12 in document #1 are two event mentions that need
to be clustered, and the two mentions are coreferential because both indicate the same “DIE”
event of “Bettie Page”. Unfortunately, due to the data scarcity in the training corpus, the word
“succumbed” in EM11 fails to be identified with the meaning of “death”, and therefore, the
coreference score between EM11 and EM12 may be low. The problem can be alleviate if we
have a topically related document #2 in which there are two event mentions EM21 and EM22.
Now all the four mentions can be grouped into a strong cluster because EM11 is strongly
coreferential with EM21 and EM22 due to the overlapping arguments (e.g., Bettie Page, page,
Los Angeles, heart attack), and EM12 is also strongly coreferential with EM21 and EM22
because “die” and “death” are often witnessed to be coreferential in the training corpus.

To retrieve topically related documents from ACE 2005 corpus, we can apply the topic
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model with biased propagation (TMBP) algorithm described in [29, 58] which incorporates
both the textual information (bag of words) and semantic information in multiple objects in a
heterogeneous information network (in our case, objects include entities such as persons and
organizations). The underlying intuition is that the topic of a document not only depends on
the inherent content of the text, but also correlates with the entities in the documents. The basic
idea of TMBP is to regularize a statistical topic model along with a biased regularization on the
heterogeneous information network such that the biased regularization can exploit valuable and
reinforced information from heterogeneous network. The experiments in [29] show that TBMP
can significantly work better than other state-of-the-art topic modeling approaches. Hao et al.
[58] also show that the topically related documents extracted by TMBP can significantly help
the task of event extraction.

(2) MaCC

In our previous work, we only tried very limited clustering algorithms. We can simply
extend the algorithms discussed in this thesis to this problem, and meanwhile, we can also

study whether the combination schemes are still effective in this application.
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