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In many machine learning domains (e.g. text processindgnfoiomatics), there is a large supply of unlabeled data
but limited labeled data, which can be expensive to gene@asequently, semi-supervised learning, learning from
a combination of both labeled and unlabeled data, has beadc of significant recent interest. In the proposed
thesis, our research focus is on semi-supervised clugtexinich uses a small amount of supervised data in the form of
class labels or pairwise constraints on some examples toraidpervised clustering. Semi-supervised clustering can
be either search-based, i.e., changes are made to thericlgstbjective to satisfy user-specified labels/constsin
or similarity-based, i.e., the clustering similarity metis trained to satisfy the given labels/constraints. Owirm
goal in the proposed thesis is to study search-based sqrendsed clustering algorithms and apply them to different
domains.

In our initial work, we have shown how supervision can be jed to clustering in the form of labeled
data points or pairwise constraints. We have also develapeattive learning framework for selecting informative
constraints in the pairwise constrained semi-supervikestering model, and proposed a method for unifying search-
based and similarity-based techniques in semi-supereisistering.

In this thesis, we want to study other aspects of semi-sigmahclustering. Some of the issues we want
to investigate include: (1) effect of noisy, probabilisticincomplete supervision in clustering; (2) model selmtti
techniques for automatic selection of number of clusteseimi-supervised clustering; (3) ensemble semi-supatvise
clustering. In our work so far, we have mainly focussed onegative clustering models, e.g. KMeans and EM, and
ran experiments on clustering low-dimensional UCI datasethigh-dimensional text datasets. In future, we want
to study the effect of semi-supervision on other clustegahygprithms, especially in the discriminative clusteringla
online clustering framework. We also want to study the dffeness of our semi-supervised clustering algorithms on
other domains, e.g., web search engines (clustering oflseasults), astronomy (clustering of Mars spectral images
and bioinformatics (clustering of gene microarray data).
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Chapter 1

Introduction

Two of the most widely-used methods in machine learning fedjztion and data analysis are classification and clus-
tering (Duda, Hart, & Stork, 2001; Mitchell, 1997). Classdiion is a purely supervised learning model, whereas
clustering is completely unsupervised. Recently, theselde®en a lot of interest in the continuum between completely
supervised and unsupervised learning (Muslea, 2002; Nigae1; Ghani, Jones, & Rosenberg, 2003). In this chap-
ter, we will give an overview of traditional supervised ddiEation and unsupervised clustering, and then describe
learning in the continuum between these two, where we hat@lhasupervised data. We will then be presenting the
main goal of our proposed thesis.

1.1 Classification

Classification is a supervised task, where supervisionasiged in the form of a set of labeled training data, each
data point having a class label selected from a fixed set skel(Mitchell, 1997). The goal in classification is to
learn a function from the training data that gives the bestlfmtion of the class label of unseen (test) data points.
Generative models for classification learn the joint digttion of the data and class variables by assuming a paticul
parametric form of the underlying distribution that gentechthe data points in each class, and then apply Bayes
Rule to obtain class conditional probabilities that aredusepredict the class labels for test points drawn from the
same distribution, with unknown class labels (Ng & Jord&02). In the discriminative framework, the focus is on
learning the discriminant function for the class boundaoiea posterior probability for the class labels directlyhout
learning the underlying generative densities (Jaakkolaauss$ler, 1999). It can be shown that the discriminative
model of classification has better generalization erronttige generative model under certain assumptions (Vapnik,
1998), which has made discriminative classifiers, e.g.pstwector machines (Joachims, 1999) and nearest neighbor
classifiers (Devroye, Gyorfi, & Lugosi, 1996), very popular the classification task.

1.2 Clustering

Clustering is an unsupervised learning problem, whiclstiiegroup a set of points into clusters such that points in the
same cluster are more similar to each other than points fardiiit clusters, under a particular similarity metric (Jai

& Dubes, 1988). Here, the learning algorithm just observeetaof points without observing any corresponding
class/category labels. Clustering problems can also legjoetzed as generative or discriminative. In the genegativ
clustering model, a parametric form of data generationssiaed, and the goal in the maximum likelihood formulation
is to find the parameters that maximize the probability (ik@od) of generation of the data given the model. In
the most general formulation, the number of clust&rss also considered to be an unknown parameter. Such a
clustering formulation is called a “model selection” framark, since it has to choose the best valueFfofunder
which the clustering model fits the data. We will be assumhag & is known in the clustering frameworks that
we will be considering, unless explicitly mentioned othisev In the discriminative clustering setting (e.g., graph



theoretic clustering), the clustering algorithm tries toster the data so as to maximize within-cluster similaaitd
minimize between-cluster similarity based on a particslarilarity metric, where it is not necessary to consider an
underlying parametric data generation model. In both theegative and discriminative models, clustering algorishm
are generally posed as optimization problems and solvedebgtive methods like EM (Dempster, Laird, & Rubin,
1977), approximation algorithms like KMedian (Jain & Vamii, 2001), or heuristic methods like Metis (Karypis &
Kumar, 1998).

1.3 Semi-supervised learning

In many practical learning domains (e.g. text processimginformatics), there is a large supply of unlabeled data bu
limited labeled data, which can be expensive to generates€uentlysemi-supervised learnindgearning from a
combination of both labeled and unlabeled data, has becdom@@of significant recent interest. The framework of
semi-supervised learning is applicable to both classifioadnd clustering.

1.3.1 Semi-supervised classification

Supervised classification has a known, fixed set of categaaied category-labeled training data is used to induce a
classification function. In this setting, the training cdsosexploit additional unlabeled data, frequently resigitin a
more accurate classification function. Several semi-stped classification algorithms that use unlabeled datanto i
prove classification accuracy have become popular in thef@as/ears, which include co-training (Blum & Mitchell,
1998), transductive support vector machines (Joachim@9)1@nd using Expectation Maximization to incorporate
unlabeled data into training (Ghahramani & Jordan, 1994aRi, McCallum, Thrun, & Mitchell, 2000). Unlabeled
data have also been used to learn good metrics in the clasisifisetting (Hastie & Tibshirani, 1996). A good review
of semi-supervised classification methods is given in (Se&00).

1.3.2 Semi-supervised clustering

Semi-supervised clustering, which uses class labels owis& constraints on some examples to aid unsupervised
clustering, has been the focus of several recent proje@suBBanerjee, & Mooney, 2002; Klein, Kamvar, & Man-
ning, 2002; Wagstaff, Cardie, Rogers, & Schroedl, 2001;gXiNg, Jordan, & Russell, 2003). If the initial labeled
data represent all the relevant categories, then both sep@rvised clustering and semi-supervised classificatgpm
rithms can be used for categorization. However in many dosy&nowledge of the relevant categories is incomplete.
Unlike semi-supervised classification, semi-supervisestering (in the model-selection framework) can groupadat
using the categories in the initial labeled data as well asrekand modify the existing set of categories as needed to
reflect other regularities in the data.

Existing methods for semi-supervised clustering fall itd@ general approaches that we cstlarch-based
andsimilarity-basedmethods.

Search-based methods

In search-based approaches, the clustering algoriththigsmodified so that user-provided labels or constraings ar
used to bias the search for an appropriate partitioning.s Tah be done by several methods, e.g., modifying the
clustering objective function so that it includes a termdatisfying specified constraints (Demiriz, Bennett, & Em-
brechts, 1999), enforcing constraints to be satisfied dutie cluster assignment in the clustering process (Wdgstaf
et al., 2001), doing clustering using side-informatiomfroonditional distributions in an auxiliary space (Sinkkon

& Kaski, 2000), and initializing clusters and inferring stering constraints based on neighborhoods derived from
labeled examples (Basu et al., 2002).

Similarity-based methods

In similarity-based approaches, an existing clusteriggiaihm that uses a similarity metric is employed; howetres,
similarity metric is first trained to satisfy the labels omstraints in the supervised data. Several similarity rnstiave



been used for similarity-based semi-supervised clugeiirtluding string-edit distance trained using EM (Bilenk
& Mooney, 2003), Jensen-Shannon divergence trained usamjent descent (Cohn, Caruana, & McCallum, 2000),
Euclidean distance modified by a shortest-path algorithtai(iet al., 2002), or Mahalanobis distances trained using
convex optimization (Hillel, Hertz, Shental, & Weinshallp03; Xing et al., 2003). Several clustering algorithms
using trained similarity metrics have been employed forisempervised clustering, including single-link (Bilenko
Mooney, 2003) and complete-link (Klein et al., 2002) aggtoative clustering, EM (Cohn et al., 2000; Hillel et al.,
2003), and KMeans (Hillel et al., 2003; Xing et al., 2003).

However, similarity-based and search-based approachssmd-supervised clustering have not been ade-
guately compared in previous work, and so their relativergiths and weaknesses are largely unknown. In Section 3.4,
we will be presenting a new semi-supervised clusteringrélya that unifies these two approaches.

1.4 Goal of proposed thesis

In the proposed thesis, the main goal is to study semi-sigeehclustering algorithms, characterize some of their
properties and apply them to different domains. In our catga work, we have already shown how supervision
can be provided to clustering in the form of labeled data {soor pairwise constraints. We have also developed
an active learning framework for selecting informative swaints in the pairwise constrained semi-supervised- clus
tering model, and proposed a method for unifying searcledand similarity-based techniques in semi-supervised
clustering. Details of the completed work are given in Ckafit

In future, we want to look at the following issues, detailsvifich are given in Chapter 4:

¢ Investigate the effects of noisy supervision, probalidistipervision (e.g., soft constraints) or incomplete su-
pervision (e.g., labels not specified for all clusters) mstéring;

e Study model selection issues in semi-supervised clugteviich will help to characterize the difference be-
tween semi-supervised clustering and classification;

e Study the feasibility of semi-supervising other clustgraigorithms, especially in the discriminative clustering
or online clustering framework;

¢ Create a framework for ensemble semi-supervised clugterin

e Apply the semi-supervised clustering model on other dosajpart from text, especially web search engines,
astronomy and bioinformatics;

¢ Study the relation between different evaluation metriedu® evaluate semi-supervised clustering;
¢ Investigate other forms of semi-supervision, e.g., aiteblevel constraints;

e Do more theoretical analysis of certain aspects of semgsugion, especially semi-supervised clustering with
labeled data and the unified semi-supervised clusteringeimod



Chapter 2

Background

This chapter gives a brief review of clustering algorithmsadhich our proposed semi-supervised clustering techisique
will be applied. It also gives an overview of different poauklustering evaluation measures, and describes the
measures we will be using in our experiments.

2.1 Overview of clustering algorithms

As explained in Chapter 1, clustering algorithms can bestfiasl into two models — generative or discriminative.
There are other categorizations of clustering, e.g., hibiaal or partitional (Jain, Myrthy, & Flynn, 1999), deping
on whether the algorithm clusters the data into a hieraatisitucture or gives a flat partitioning of the data.

2.1.1 Hierarchical clustering

In hierarchical clustering, the data is not partitione@inlusters in a single step. Instead, a series of partitiake t
place, which may run from a single cluster containing alleatg toN clusters each containing a single object. This
gives rise to a hierarchy of clusterings, also known as thstet dendrogram. Hierarchical clustering can be further
categorized as:

¢ Divisive methods: Create the cluster dendrogram in a toprdtivisive fashion, starting with every data pointin
one cluster and splitting clusters successively accorirsgme measure till a convergence criterion is reached,
e.g., Cobweb (Fisher, 1987), recursive cluster-splittisgng a statistical transformation (Dubnov, El-Yaniv,
Gdalyahu, Schneidman, Tishby, & Yona, 2002), etc.;

¢ Agglomerative methods: Create the cluster dendrogram inteoim-up agglomerative fashion, starting with
each data point in its own cluster and merging clusters ssdgely according to a similarity measure till a
convergence criterion is reached, e.g., hierarchical@ggtlative clustering (Kaufman & Rousseeuw, 1990),
Birch (Zhang, Ramakrishnan, & Livny, 1996), etc.

2.1.2 Partitional clustering

LetX = {z;} N, be the set ofV data-points we want to cluster with eache R?. A partitional clustering algorithm
divides the data intd( partitions (< given as input to the algorithm) by grouping the associadeduire vectors into
K clusters. Partitional algorithms can be classified as:

e Graph-theoretic: These are discriminative clusteringrapphes, where an undirected gragh= (V, E) is
constructed from the dataset, each vertex;ire V' corresponding to a data poirt and the weight of each
edgee;; € E corresponding to the similarity between the data pakatandx; according to a domain-specific
similarity measure. Th& clustering problem becomes equivalent to finding enincut in this graph, which



is known to be a NP-complete problem far > 3 (Garey & Johnson, 1979). So, most graph-based clustering
algorithms try to use good heuristic methods to group nodesssto find low-cost cuts iG'. Several differ-

ent graph-theoretic algorithms have been proposed: mestlikel Rock (Guha, Rastogi, & Shim, 1999) and
Chameleon (Karypis, Han, & Kumar, 1999) group nodes basetth@idea of defining neighborhoods using
inter-connectivity of nodes i, Metis (Karypis & Kumar, 1998) performs fast multi-leveldristics onG at
multiple resolutions to give good partitions, while Opassstrehl & Ghosh, 2000) uses a modified cut criterion
to ensure that the resulting clusters are well-balancedrdot to a specified balancing criterion.

e Density-based: These methods model clusters as densasemiol use different heuristics to find arbitrary-
shaped high-density regions in the data space and groupspaicordingly. Well-known methods include
Denclue, which tries to analytically model the overall dgnaround a point (Hinneburg & Keim, 1998), and
WaveCluster, which uses wavelet-transform to find highsitgmegions (Sheikholesami, Chatterjee, & Zhang,
1998). Density-based methods typically have difficultyliscaup to very high dimensional data>(10000
dimensions), which are common in domains like text.

e Mixture-model based: In mixture-model based clusteritg, tinderlying assumption is that each of tNe
data points{x;}Y , to be clustered are generated by ongsoprobability distributions{p, }X_,, where each
distributionp,, represents a clustér;,. The probability of observing any poigt is given by:

K
PI‘(XZ|®) = Z ahph(xi\eh)
=1

where® = (a1, -+ ,ak,b1, - ,0k) is the parameter vectow,, are the prior probabilities of the clusters
(Z,{;1 ayp = 1), andpy, is the probability distribution of cluster;, parameterized by the set of parametgys
The data-generation process is assumed to be as follows,-ofies of theK components is chosen following
their prior probability distribution{a, } £ ;; then, a data-point is sampled following the distributignof the
chosen component.

Since the cluster assignment of the points are not known ssere the existence of a random variaBléhat
encodes the cluster assignmenfor each data poing;. It takes values i{h}/", and is always conditioned
on the data-poink; under consideration. The goal of clustering in this moddbisind the estimates of the
parameter vecta® and the cluster assignment varialdlesuch that the log-likelihood of the data:

N
L(X,Z]0) = logPr(x;, Z|0)

i=1

is maximized. Since is unknown, the log-likelihood cannot be maximized dirgc8o, traditional approaches
iteratively maximize thexpectedog-likelihood in the Expectation Maximization (EM) framverk (Dempster
etal., 1977). Starting from an initial estimate®fthe EM algorithm iteratively improves the estimate®odnd
p(Z|&X, ©) such that the expected value of the complete-data logtiketl computed over the class conditional
distributionp(Z| X, ©) is maximized. It can be shown that the EM algorithm convetgess local maximum
of the expected log-likelihood distribution (Dempster et 4977), and the final estimates of the conditional
distributionp(Z|X, ©) are used to find the cluster assignments of the poinds.in

Most of the work in this area has assumed that the individugiure density componengs, are Gaussian, and
in this case the parameters of the individual Gaussiansstirmaed by the EM procedure. The popular KMeans
clustering algorithm (MacQueen, 1967) can be shown to beMalgorithm on a mixture of{ Gaussians under
certain assumptions. Details of this derivation are shaw®action 2.2.1.

2.2 Our representative clustering algorithms

In our work, we have chosen KMeans and Hierarchical Agglatiex Clustering as two representative clustering algo-
rithms, from the partitional and hierarchical clusterirajagories respectively, on which our proposed semi-sugeatv



schemes will be applied. The following sections give briesctiptions of KMeans and Hierarchical Agglomerative
Clustering.

2.2.1 KMeans and variants

KMeans is a partitional clustering algorithm. It perfornsrative relocation to partition a dataset irkd clusters,
locally minimizing the average squared distance betweend#ta points and the cluster centers. For a set of data
pointsX = {z;}Y,,z; € R, the KMeans algorithm createsk-partitioning® {X;, }X_| of X so that if {u,} 5,
represent thé( partition centers, then the following objective function

K
Jkmeans= Z Z [ER _,uhH2 (2.1)

h=1z; E./Yh

is locally minimized. Note that finding the global optima five KMeans objective function is an NP-complete
problem (Garey, Johnson, & Witsenhausen, 1982)ia¢ the cluster assignment of the paiat wherel; € {h}/_,.
An equivalent form of the KMeans clustering objective fuast which we will be using interchangeably, is:

Jkmeans= Z llzi —

T, EX

2 2.2)

The pseudocode for KMeans is given in Figure 2.1. If we haeeatiditional constraint that the centroifis;, } X,

Algorithm: KMeans

Input: Set of data points X = {x1,--- ,xn},x; € R,
number of clusters K

Output: Disjoint K partitioning {X,}X_, of X such that
KMeans objective function is optimized

Method:

1. Initialize clusters: Initial centroids {ug]) K | are selected at random

2. Repeat until convergence

2a. assign cluster: Assign each data point x to the

cluster h* (i.e. set X,Ei+1)), for h* = arg min||x — ugf)||2
h

. L (1) 1
2b. estimatemeans: — praal Exexlgtu) x

2.t (t+1)

Figure 2.1: KMeans algorithm

are restricted to be selected frakh then the resulting problem is called KMedian clusteringviédian clustering
corresponds to an integer programming problem, for whichyraproximation algorithms have been proposed (Jain
& Vazirani, 2001; Mettu & Plaxton, 2000).

In certain high dimensional data, e.g. text, Euclideanadist is not a good measure of similarity. Certain
high dimensional spaces like text have good directionaperiies, which has made directional similarity measures
like L, normalized dot product (cosine similarity) between theteecepresentations of text data a popular measure
of similarity in the information retrieval community (Bag2rates & Ribeiro-Neto, 1999). Note that other similarity
measures, e.g., probabilistic document overlap (Golddz&iSahami, 1998), have also been used successfully for
text clustering, but we will be focusing on cosine similaiit our work.

Spherical KMeans (SPKMeans) is a version of KMeans thatess®ee similarity as its underlying similarity
metric. In the SPKMeans algorithm, standard KMeans is agpb data vectorkz; } Y, that have been normalized to
have unitL, norm, so that the data points lie on a unit sphere (Dhillon &ia, 2001). Note that in SPKMeans, the

1K disjoint subsets of¢, whose union ist



centroid vectorguy, }7_, are also constrained to lie on the unit sphere. Assurfiing = ||ux|| = 1, Vi, hin (2.1),
we get||z; — un||? = 2 — 227 uy. Then, the clustering problem can be equivalently fornadats that of maximizing
the objective function:

K
jspkmeanF Z Z sz,Uh (2-3)

h=1z;EX)

The SPKMeans algorithm gives a local maximum of this objechiinction. The SPKMeans algorithm is computa-
tionally efficient for sparse high dimensional data vectetsich are very common in domains like text clustering. For
this reason, we have used SPKMeans in our experiments witdaéa.

Both KMeans and SPKMeans are model-based clustering #igwj having well-defined underlying gen-
erative models. As mentioned earlier, KMeans can be coresidas fitting a mixture of Gaussians to a dataset un-
der certain assumptions. The assumptions are that the gisibution {a, }7_, of the Gaussians is uniform, i.e.,
ap = 1/K,Yh, and that each Gaussian has identity covariance. Then attzeneter se® in the EM framework
consists of just thé& means{u,}X_,. With these assumptions, one can show that (Bilmes, 1997):

K N
1 i |2
BzixollogPr(¥, 210)] = 323 toglen - goygme 1) planlzi O (2.4)
K
= =Y > llzi — pnll® planlzi, ©) +
h=11i=1

wherec is a constant anflZ = h) is denoted by;,. Further assuming that

1 if h = argmin ||z; — w3,
p(zn|zi, ©) = ! (2.5)

0 otherwise,

and replacing it in (2.4), we note that the expectation teomes out to be the negative of the well-known KMeans
objective function with an additive constaéhtThus, the problem of maximizing the expected log-likelilamder
these assumptions is same as that of minimizing the KMegestole function. Keeping in mind the assumption in
(2.5), the KMeans objective can be written as

K N
Jkmeans= ZZH% _/Jh||2p(zh|$z'a/~‘h) (2.6)

h=1 i=1

In a similar fashion, SPKMeans can be considered as fittingkture of von Mises-Fisher distributions to a dataset
under some assumptions (Banerjee, Dhillon, Ghosh, & S@G3R0

In this proposal, we will be comparing our proposed semiesuiged KMeans algorithms to another semi-
supervised variant of KMeans, called COP-KMeans (Wagsta#l., 2001). In COP-KMeans, initial background
knowledge, provided in the form of constraints betweenanses in the dataset, is used in the clustering process. It
uses two types of constraintaust-link(two instances have to be together in the same clusterfanadot-link(two
instances have to be in different clusters). The pseude-fadCOP-KMeans is given in Figure 2.2.

2.2.2 Hierarchical Agglomerative Clustering

Hierarchical agglomerative clustering (HAC) is a bottomhierarchical clustering algorithm. In HAC, points are

initially allocated to singleton clusters, and at each $kep“closest” pair of clusters are merged, where closeress i
defined according to a similarity measure between clustéhe algorithm generally terminates when the specified
“convergence criterion” is reached, which in our case is mvttee number of current clusters becomes equal to the

2The assumption in (2.5) can also be derived by assuming traiaace of the Gaussians to Beand lettinge — 01 (Kearns, Mansour, &
Ng, 1997).



Algorithm: COP-KMeans

Method:

1. Initialize clusters: Cluster centers are chosen randomly, but as each one is chosen,
any must-link constraints that it participates in are enforced (i.e. all items that
the chosen instance must link to are assigned to the new cluster, so that they
cannot later be chosen as the center of another cluster).

2. Repeat until convergence

2a. assign cluster: Assign each data point to the closest cluster such that
no must-link or cannot-link constraint is violated by the assignment.

If no such assignment exists, abort.

2b. estimate_means: Update each cluster centroid to be the average of all the

points assigned to it.

Figure 2.2: COP-KMeans algorithm

number of clusters desired by the user. Different clusteel similarity measures are used to determine the closenes
between clusters to be merged — single-link, complete-binkjroup-average (Manning & Schiitze, 1999).

Different HAC schemes have been recently shown to havedediiked underlying generative models — single-
link HAC corresponds to the probabilistic model of a mixtwfebranching random walks, complete-link HAC cor-
responds to uniform equal-radius hyperspheres, whereagpeaverage HAC corresponds to equal-variance config-
urations (Kamvar, Klein, & Manning, 2002). So, the HAC ali¢fums can be categorized as generative clustering
algorithms.

The pseudo-code for HAC is given in Figure 2.3.

Algorithm: Hierarchical Agglomerative Clustering

Input: Set of data points X = {x;,--- ,xn},%; € R?
Output: Dendogram representing hierarchical clustering of X’
Method:

1. Initialize clusters: Each data point x; is placed in its own cluster C;. These
clusters form the leaves of the dendogram, and form the set of current clusters.

2. Repeat until convergence

2a. Merge two closest clusters C; and C; from the current clusters to get cluster C

2b. Remove C; and C; from current clusters, add cluster C' to current clusters

2c.  Add parent links from C; and C; to C in the cluster dendogram

Figure 2.3: HAC algorithm

2.3 Clustering evaluation measures

Evaluation of the quality of output of clustering algoritenis a difficult problem in general, since there is no “gold-
standard” solution in clustering. The commonly used clistevalidation measures can be categorizethternal or
external Internal validation measures, e.g., ratio of average-digster to intra-cluster similarity (higher the better)
need only the data and the clustering for their measurentedérnal validation measures, on the other hand, match
the clustering solution to some known prior knowledge,,eag.underlying class labeling of the data. Many datasets
in supervised learning have class information. We can exala clustering algorithm by applying it to such a dataset
(with the class label information removed), and then ushmgdlass labels of the data as the gold standard against
which we can compare the quality of the data clustering okthi

In our experiments, we have used three metrics for clus@uation:normalized mutual informatio(NMI),
pairwise F-measureandobjective function Of these, normalized mutual information and pairwise Fasuge are



external clustering validation metrics that estimate thelityy of the clustering with respect to a given underlyitass
labeling of the data.

For clustering algorithms which optimize a particular attjee function, we report the value of the objective
function when the algorithm converges. For KMeans and SP&ddgthe objective function values reported @t@eans
and Jspkmeanst€spectively. For the semi-supervised versions of KMeares report their corresponding objective
function values. Since all the semi-supervised clusteaiiggrithms we propose are iterative methods that (locally)
minimize the corresponding clustering objective funciplooking at the objective function value after convergenc
would give us an idea of whether the semi-supervised algoritnder consideration generated a good clustering.

Normalized mutual information (NMI) determines the amooigtatistical information shared by the random
variables representing the cluster assignments and tidalmsded class assignments of the data points. We compute
NMI following the methodology of Strehl et al. (Strehl, Gips& Mooney, 2000). NMI measures how closely
the clustering algorithm could reconstruct the underlylagel distribution in the data. i€ is the random variable
denoting the cluster assignments of the points, &nid the random variable denoting the underlying class labels
the points (Banerjee et al., 2003), then the NMI measurefinettas:

I(C; K)
(H(C) + H(K))/2
wherel(X;Y) = H(X) — H(X|Y) is the mutual information between the random varial¥eandY', H(X) is the
Shannon entropy ok, andH (X |Y') is the conditional entropy ok givenY'.

Pairwise F-measure is defined as the harmonic mean of paipvecision and recall, the traditional infor-
mation retrieval measures adapted for evaluating clusidny considering pairs of points. For every pair of points
that do not have explicit constraints between them, thesttatito cluster this pair into same or different clusters is
considered to be correct if it matches with the underlyiragsllabeling available for the points (Bilenko & Mooney,
2002). Pairwise F-measure is defined as:

#PairsCorrectly PredictedInSameCluster
#Total PairsPredictedInSameCluster

NMI =

Precision =

#PairsCorrectly PredictedInSameCluster

Recall =
cca #Total PairsInSameCluster

2 x Precision X Recall

F—measure = —
Precision + Recall

Pairwise F-measure is a generalization of measures likel Radex (Klein et al., 2002; Wagstaff et al., 2001; Xing
et al., 2003) that are frequently used in other semi-supedviclustering projects. Mutual information (Cover &
Thomas, 1991) has also become a popular clustering evatuatétric (Banerjee et al., 2003; Dom, 2001; Fern &
Brodley, 2003). Recently, a symmetric cluster evaluaticetrio based on mutual information has been proposed,
which has some useful properties, e.g., it is a true metrtbénspace of clusterings (Meila, 2003). Interestingly, we
empirically observed from some of our experimental restlgg NMI and pairwise F-measure are highly correlated,
an observation which we want to investigate further in fatur

Note that the external cluster validation measures we haee ((e.g., pairwise F-measure and NMI) are
not completely definitive, since the clustering can find auging of the data that is different from the underly-
ing class structure. For example, in our initial experingeon clustering articles from the CMU 20 Newsgroups
data (where the main Usenet newsgroup to which an article pgased is considered to be its class label), we
found one cluster that had articles from four underlyingsks —alt.atheism , soc.religion.christian
talk.politics.misc , andtalk.politics.guns . On closer observatlon we noticed that all the artlcles in
the cluster were about the David Koresh episode; this isid calster, albeit different from the grouping suggested
by the underlying class labels.

If we had human judges to evaluate the cluster quality, wédcfiad an alternate external cluster validation
measure — we could ask the human judges to rank data catationz generated by humans and the clustering
algorithm, and the quality of a clustering output would besidered to be high if the human judges could not reliably
discriminate between a human categorization of the datéhengrouping generated by the clustering algorithm. Since
this is a time- and resource-consuming method of evaluatitine academic setting, we have used automatic external
cluster validation methods like pairwise F-measure and NMiur experiments.



Chapter 3

Completed Research

This chapter presents the results of our research so far mirssgpervised clustering. Section 3.1 describes how
supervision in the form of labeled data can be incorporatéal ¢lustering. Section 3.2 describes a framework for
considering pairwise constraints in clustering, whileti#et3.3 outlines a method for selecting maximally inforivat
constraints in a query-driven framework for pairwise coaisted clustering. Finally, Section 3.4 presents a new semi
supervised clustering approach that unifies search-basksimilarity-based techniques (see Section 1.3.2).

3.1 Semi-supervised clustering using labeled data

In this section, we give an outline of our initial work where wonsidered a scenario where supervision is incorporated
into clustering in the form of labeled data. We used the lathelata to generate seed clusters that initialize a clasteri
algorithm, and used constraints generated from the labdde¢a to guide the clustering process. The underlying
intuition is that proper seeding biases clustering towardgood region of the search space, thereby reducing the
chances of it getting stuck in poor local optima, while sitankously producing a clustering similar to the user-
specified labels.

The importance of good seeding in clustering is well-knotmrpartitional clustering algorithms like EM (Demp-
ster et al., 1977) or K-Means (MacQueen, 1967; Selim & Isni&i84), some commonly used approaches for initial-
ization include simple random selection, taking the meathefwhole data and randomly perturbing to get initial
cluster centers (Dhillon, Fan, & Guan, 2001), or running Kafler clustering problems recursively to initialize K-
Means (Duda et al., 2001). Some other interesting initiilin methods include the Buckshot method of doing hier-
archical clustering on a sample of the data to get an inieab$ cluster centers (Manning & Schitze, 1999), running
repeated K-Means on multiple data samples and clusteranffthleans solutions to get initial seeds (Fayyad, Reina,
& Bradley, 1998), and selecting the K densest intervals@kech co-ordinate to get the K cluster centers (Bradley,
Mangasarian, & Street, 1997). Our approach is differenhftbese because we use labeled data to get good initializa-
tion for clustering.

In the following section, we present the goal of clusterimghie presence of labeled data.

3.1.1 Problem definition

Given a dataset, as previously mentioned, KMeans clustering of the dagese¢rates & -partitioning{ X5, }X_, of

X so that the KMeans objective is locally minimized. LeC X, called theseed setbe the subset of data-points on
which supervision is provided as follows: for eache S, the user provides the clustét, of the partition to which

it belongs. We assume that corresponding to each partitjoaf X, there is typically at least one seedpainte S.
Note that we get a disjoink -partitioning {S;, }X_, of the seed se$, so that allz; € S, belongs tat;, according
to the supervision. This partitioning of the seed Seiorms theseed clustering The goal is to guide the KMeans
algorithm towards the desired clustering of the whole dati#lastrated by the seed clustering.
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3.1.2 Seeded and constrained KMeans algorithms

We propose two algorithms for semi-supervised clusteriith labeled data: seeded KMeaissKMeans) and con-
strained KMeansG-KMeans).

In S-KMeans, the seed clustering is used to initialize the KMeans algori Thus, rather than initializing
KMeans fromK random means, the centroid of thth cluster is initialized with the centroid of theh partitionS;,
of the seed set. The seed clustering is only used for irgtitibn, and the seeds are not used in the following steps of
the algorithm. The algorithm is presented in detail in Figd..3

Algorithm: S-KMeans

Input: Set of data points X = {z1,---,zx},z; € R?,
number of clusters K, set S = UK | &), of initial seeds

Output: Disjoint K partitioning {X;} , of X such that
KMeans objective function is optimized

Method:

1. initialize: u;lo) — \Sl_hl Ywes, T forh=1,... K;t«+ 0
2. Repeat until convergence

2a. assign cluster: Assign each data point z to the

cluster h* (i.e. set X}Effl)), for h* = arg min||z — N;Lt)Hz
h

. t+1) 1
2b. estimate_means: ( — T
M, 20D ZEGX}EHU

2c. t+« (t+1)

Figure 3.1: Seeded KMeans algorithm

In C-KMeans, the seed clustering is used to initialize the KMeans alfprias described for th&-KMeans
algorithm. However, in the subsequent steps, the clustenlmeeships of the data points in the seed set are not re-
computed in thassignclustersteps of the algorithm — the cluster labels of the seed datkegat unchanged, and only
the labels of the non-seed data are re-estimated. The thigois given in detail in Fig. 3.2.

Algorithm: C-KMeans

Input: Set of data points X = {x1,--- ,xn},x; € R,
number of clusters K, set S = UK | &), of initial seeds

Output: Disjoint K partitioning {X;}X_; of X such that
the KMeans objective function is optimized

Method:

1. Initialize clusters: [.l,;zo) +— \Sl_zl Y oxes, X forh=1,..., K;t <0
2. Repeat until convergence
2a. assign_cluster: For x € §, if x € §), assign x to the

cluster h (i.e., set X,Et+1)). For x ¢ S, assign x to the

cluster h* (i.e. set X,5£+1)), for h* = argmin||x — ;L;:)HQ
h

2b. estimate_means: Hﬁ,&l) e 1 Z

|X(t+l)‘ (++1) X
h
2c. t« (t+1)

xX€EX,

Figure 3.2: Constrained KMeans algorithm

C-KMeans seeds the KMeans algorithm with the user-specified labeded and keeps that labeling un-
changed throughout the algorithm. 3IKMeans, the user-specified labeling of the seed data may be chandkd i
course of the algorithmC-KMeans is appropriate when the initial seed labeling is noise;foréf the user does not
want the labels on the seed data to change, wh&d€ideans is appropriate in the presence of noisy seeds.
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3.1.3 Motivation of semi-supervised KMeans algorithms

The two semi-supervised KMeans algorithms presented iteitesection can be motivated by considering KMeans
in the EM framework, as shown in Section 2.1. The only “miggitata” for the KMeans problem are the conditional
distributions of the cluster labels given the points andpgheameters, i.ep(zi|z;, urn). Knowledge of these distri-
butions solves the clustering problem, but normally theread way to compute it. In the semi-supervised clustering
framework, the user provides information about some of @@ ghoints that specifies the corresponding conditional
distributions. Thus, semi-supervision by providing lazkbtiata is equivalent to providing information about the-con
ditional distributiongp(zp,|z;, un)-

In standard KMeans without any initial supervision, thiemeans are chosen randomly in the initial M-step
and the data-points are assigned to the nearest means inltbegsient E-step. As explained above, every point
in the dataset ha& possible conditional distributions associated with itcfeaatisfying (2.5)) corresponding to the
K means to which it can belong. This assignment of data pgittd a random cluster in the first E-step is similar to
picking one conditional distribution at random from thepossible conditional distributions.

In S-KMeans, the initial supervision is equivalent to specifying thexddional distribution® (2, |z, us) for
the seed points; € S. The specified conditional distributions of the seed dag¢gjast used in the initial M-step of
the algorithm, ang(zy|z;, up) is re-estimated for alt; € X in the following E-steps of the algorithm.

In C-KMeans, the initial M-step is same &&-KMeans. The difference is that for the seed data points, the
initial labels, i.e., the conditional distributiop$z;, |z, ), are kept unchanged throughout the algorithm, whereas the
conditional distribution for the non-seed points are rérested at every E-step.

Note that in theSPKMeansframework (Sec. 2.2.1), since every point lies on the urtiesp so thafjz;|| =
|lur]| = 1, the expectation term in (2.4) becomes equivalent to

K N
Ezxollogp(X,210)] = > > ol s p(znlzi,0) + ¢

h=1 i=1

So, maximizing theSPKMeansobjective function is equivalent to maximizing the expéotaof the complete-data
log-likelihood in the E-step of the EM algorithm.

It can also be shown that getting good seeding is very essddoticentroid-based clustering algorithms like
KMeans. As shown in Section 2.2.1, under certain generaivgel-based assumptions, one can connect the mixture
of Gaussians model to the KMeans model. A direct calculaiging Chernoff bounds shows that if a particular cluster
(with an underlying Gaussian model) with true centrpids seeded withn points (drawn independently at random
from the corresponding Gaussian distribution) and theredtd centroid i, then

Pr(lis—p| > 0) <e 0m/? (3.1)

whered € R+ (Banerjee, 2001). Thus, the probability of deviation of deatroid estimates falls exponentially with
the number of seeds, and hence seeding results in good @atigroids.

3.1.4 Experimental results

Our experiments demonstrated the advantageS-EMeans and C-KMeans over standard random seeding and
COP-KMeans(Wagstaff et al., 2001), a previously developed semi-stiped clustering algorithm described in Sec-
tion 2.2.1. Details of the experimental results can be fannBasu et al., 2002).

Datasets

We are showing results of our experiments on 2 high-dimeraditext data sets — a subset of CMU 20 Newsgroups
(2000 documents, 21631 words) and Yahoo! News K-series)(884uments, 12229 words) datasets. Both datasets
had 20 classes, and the clustering algorithms were askeehterate the same number of clusters. For each dataset,
we ran 4 clustering algorithmsS-KMeans, C-KMeans, COP-KMeans and random KMeans. In random KMeans,
the K means were initialized by taking the mean of the entire daterandomly perturbing if{ times (Fayyad et al.,
1998). This technique of initialization has given good itsin unsupervised KMeans in previous work (Dhillon
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et al.,, 2001). We compared the performance of these 4 mettodise 2 datasets with varying seeding and noise
levels, using 10-fold cross validation. For each datadek8eans was used as the underlying KMeans algorithm for
all the 4 KMeans variants.

Learning curves with cross validation

For all the algorithms, on each dataset, we generated tgamirves with 10-fold cross-validation. For studying the
effect of seeding, 10% of the dataset was set aside as theetest any particular fold. The training sets at different
points of the learning curve were obtained from the remajr8i8% of the data by varying the seed fraction from 0.0
to 1.0 in steps of 0.1, and the results at each point on theiteacurve were obtained by averaging over 10 folds. The
clustering algorithm was run on the whole dataset, but tlduation metrics (objective function and NMI measure)
were calculated only on the test set. For studying the effethoise in the seeding, learning curves were generated
by keeping a fixed fraction of seeding and varying the noiaetifon.

Results
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Figure 3.3: Comparison of NMI values on the reduced 20 Nemwggdataset with increasing seed fraction, with noise
fraction=0

The semi-supervised algorithmS-KMeans and C-KMeans) performed better than the unsupervised al-
gorithm (random KMeans) in terms of the NMI evaluation measas shown in Figs. 3.3 and 3.4. For a balanced
datasets (e.g., reduced 20 Newsgroups), the NMI value @#iMeans algorithm (see Figure 3.3) seems to increase
exponentially with increasing amount of labeled data alihveglearning curve, a phenomenon which we will explain
later. Similar results were also obtained for objectivedtion. BothS-KMeans andC-KMeans performed better
thanCOP-KMeansin most cases, when the seeds have no noise.

We also performed experiments where we simulated noisesingbd data by changing the labels of a fraction
of the seed examples to a random incorrect value. The rdsuRgure 3.5 show thaB-KMeans is quite robust
against noisy seeding, since it takes the benefit of irgtidilbn using the supervised data but does not enforce the
noisy constraints to be satisfied during every clusteriagation (likeC-KMeans andCOP-KMeansdo).

We also ran initial experiments withcompleteseeding, where seeds are not specified for every clustem- fro
Fig. 3.6, it can be seen that the NMI metric did not decreabstantially with increase in the number of unseeded
categories, showing that the semi-supervised clustetogithms could extend the seed clusters and generate more
clusters, in order to fit the regularity of the data.
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Figure 3.4: Comparison of NMI values on the Yahoo! News dztadth increasing seed fraction, with noise fraction

=0

Figure 3.5: Comparison of NMI values on the reduced 20 Nemggdataset with increasing noise fraction, with seed
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Figure 3.6: Comparison of NMI values on the full 20 Newsgr®dpta with increasing incompleteness fraction, with
seed fraction = 0.1

Further experimental results on other datasets can be fiou(@asu et al., 2002).

3.2 Semi-supervised clustering using pairwise constraiat

In this work, we considered a framework that has pairwisest-linkand cannot-linkconstraints between points in
a dataset (with an associated cost of violating each cangtran addition to having distances between the points.
These constraints specify that two examples must be in the sduster (must-link) or different clusters (cannot-
link) (Wagstaff et al., 2001). In real-world unsupervisedining tasks, e.g., clustering for speaker identificaitice
conversation (Hillel et al., 2003), visual correspondeincaulti-view image processing (Boykov, Veksler, & Zabih,
1998), clustering multi-spectral information from Marsages (Wagstaff, 2002), etc., considering supervisionén th
form of constraints is generally more practical than pravirclass labels, since true labels may be unknown a priori,
while it can be easier for a user to specify whether pairs affgdelong to the same cluster or different clusters.
Constraints are a more general way to provide supervisictustering than labels — given a set of labeled points one
can always infer an unique equivalent set of pairwise mua&tdnd cannot-link constraints, but not vice versa.

We proposed a cost function fpairwise constrained clustering®CC) that can be shown to be the energy of
a configuration of a Markov random field (MRF) over the datdwaitwell-defined potential function and noise model.
Then, the pairwise-constrained clustering problem besmneivalent to finding the MRF configuration with the high-
est probability, or, in other words, minimizing its enerifye developed an iterative KMeans-type algorithm for sajvin
this problem. Previous work in the PCC framework includehied-constraine@ OP-KMeansalgorithm (Wagstaff
et al., 2001) and the soft-constraine@ OP-KMeansalgorithm (Wagstaff, 2002), which have heuristically mated
objective functions. Our formulation, on the other hands hawvell-defined underlying generative model. Bansal et
al. (Bansal, Blum, & Chawla, 2002) also proposed a theaktimdel for pairwise constrained clustering, but their
clustering model uses only pairwise constraints for clilstg whereas our formulation uses both constraints and an
underlying distance metric. Pairwise clustering modelsehaso been proposed for other non-parametric clustering
algorithms (Dubnov et al., 2002).
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3.2.1 Problem definition

Centroid-based partitional clustering algorithms (ekgVieans) find a disjoints” partitioning { X, }X_, (with each
partition having a centroigk,) of a datasett = {x;}~, such that the total distance between the points and the
cluster centroids is (locally) minimized. We introduce arfrework forpairwise constrained clustering®CC) that has
pairwise must-link and cannot-link constraints (Wagsedfél., 2001) between a subset of points in the dataset (with
a cost of violating each constraint), in addition to disesmbetween points. Since centroid-based clustering cannot
handle pairwise constraints explicitly, we formulate tt@abof clustering in the PCC framework as minimizing a
combined objective function: the sum of the total distaneeveen the points and their cluster centroids and the cost
of violating the pairwise constraints.

For the PCC framework with both must-link and cannot-linkswaints, letM be the set of must-link pairs
such that(x;, x;) € M impliesx; andx; should be assigned to the same cluster, @i the set of cannot-link
pairs such thafx;,x;) € C impliesx; andx; should be assigned to different clusters. Note that theetuiplM and
C are order-independent, i.€x;,x;) € C = (x;,%;) € C, and so also foM. LetW = {w;;} andW = {wi;}
be two sets that give the weights corresponding to the nimistebnstraints inM and the cannot-link constraints in
C respectively. Let; be the cluster assignment of a poit wherel; € {h}g":l. Letdy; anddc be two metrics
that quantify the cost of violating must-link and cannatkliconstraints (Kleinberg & Tardos, 1999). We restrict our
attention todas (1;,1;) = 1[l; # ;] anddc(l;,1;) = 1[I; = [;], wherel is the indicator function I[true] = 1,
1[false] = 0). Using this model, the problem of PCC under must-link aadnot-link constraints is formulated as
minimizing the following objective function, where poir} is assigned to the partitiof;, with centroidy,,:

1 _
jpckmeans: 5 Z ||Xz - Ky, 2 + Z wi,j]l[li ?é lj] + Z wij]l[li, = lj] (3-2)

x;EX (xi,x;)EM (xi,x;)€C

This objective function tries to minimize the total distantoetween points and their cluster centroids such that the
minimum number of specified constraints between the pometsialated. The goal of any clustering algorithm in the
PCC framework is to minimize this combined objective fuanti

3.2.2 Pairwise constrained KMeans algorithm

Given a set of data point¥, a set of must-link constraint$1, a set of cannot-link constrainfs the weight of the
constraintaw and the number of clusters to forii, we propose an algorithfaRC-KMeans that finds a disjointK’
partitioning{ X, }7_, of X (with each partition having a centrojg,) such that7pckmeands (locally) minimized.

In the initialization step oPC-KMeans, assuming consistency of constraints, we take the traasitosure
of the must-link constraints (Wagstaff et al., 2001) andraegt the setM by adding these entailed constraints.
Let the number of connected components in the augmented1ske A, which are used to create neighborhood
sets{N,})_,. For every pair of neighborhood$, and NV, that have at least one cannot-link between them, we add
cannot-link constraints between every pair of pointd/inandN,» and augment the cannot-link €eby these entailed
constraints, again assuming consistency of constraimtsn ow on, we will refer to the augmented must-link and
cannot-link sets ad1 andC respectively.

Note that the neighborhood se¥s, which contain the neighborhood information inferred friira must-link
constraints and are unchanged during the iterations oflgaritnm, are different from the partition sefs,, which
contain the cluster partitioning information and get ujdizt each iteration of the algorithm. After this preproaess
step we geh neighborhood set§N,})_,, which are used to initialize the cluster centroids.

If A > K, whereK is the required number of clusters, we select fieeighborhood sets of largest size
and initialize theK cluster centers with the centroids of these sets\ K K, we initialize A cluster centers with
the centroids of the\ neighborhood sets. We then look for a pointhat is connected by cannot-links to every
neighborhood set. If such a point exists, it is used to iliathe (A + 1) cluster. If there are any more cluster
centroids left uninitialized, we initialize them by randqrarturbations of the global centroid af.

The algorithmPC-KMeans alternates between the cluster assignment and centroidagisin steps (see
Figure 3.7). In the cluster assignment steP@-KMeans, every pointx is assigned to a cluster such that it minimizes
the sum of the distance of to the cluster centroid and the cost of constraint violaiamcurred by that cluster
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Algorithm: PC-KMeans
Input: Set of data points X = {x;}~,,
set of must-link constraints M = {(x;, x;)},
set of cannot-link constraints C = {(x;, x;)},
number of clusters K, weight of constraints w.
Output: Disjoint K partitioning {X,}/, of X such that
objective function Jpcem is (locally) minimized.
Method:
1. Initialize clusters:
la. create the A neighborhoods {N,};_, from M and C
1b. sort the indices p in decreasing size of IV,
le. ifA>K
initialize {uglo)}thl with centroids of {N,},
elseif A < K
initialize {uglo)}ﬁzl with centroids of {N,}5_,
if 3 point x cannot-linked to all neighborhoods {N,},_,
T © .
initialize py [, with x
initialize remaining clusters at random
2. Repeat until convergence
2a. assign_cluster: Assign each data point x to the
LT -

cluster h* (i.e. set ), for h* = argmin(%”x
h

T exyyem MR LI+ w o ee Lh = 1))
2b. estimate means: { (t+1)}K S x}<
: : I'l’h h=1 ‘X}(Lt+1)| xex}(Lt+1) h=1

2.t (t+1)

Figure 3.7: Pairwise Constrained KMeans algorithm

assignment (by equivalently satisfying as many must-larkd cannot-links as given by the assignment). The centroid
re-estimation step is the same as KMeans. It is easy to shaiwtid objective function decreases after every cluster
assignment and re-estimation step until convergenceyingpthat the?C-KMeans algorithm will converge to a local
minima of Jpckmeans The proof is shown in detail in (Basu, Banerjee, & Mooney)24).

3.2.3 Motivation of the PCC framework

The mathematical formulation of the PCC framework was natéid by themetric labelingproblem and thgeneral-
ized Pottamodel (Boykov et al., 1998; Kleinberg & Tardos, 1999), forigihKleinberg et al. (Kleinberg & Tardos,
1999) proposed an approximation algorithm. Their formolabnly considers the se¥ of must-link constraints,
which we extended to the PCC framework by adding th& sgtcannot-link constraints. Our proposed pairwise con-
strained KMeansRC-KMeans) algorithm greedily optimizegpckmeandiSing a KMeans-type iteration with a modified
cluster-assignment step.

The PCC formulation can be motivated by considering a MarRandom Field (MRF) (Boykov et al.,
1998) defined ovei’ such that the field (or sef)) = {F;}~ , of random variables ovet can take value$l;}
with I; € {h}E |, Vi. Let a configurationi denote the joint everfF = I} = {F; = [;}I¥,. Restricting the
model to MRFs whose clique potentials involve pairwise [®ithe prior probability of a configuratidnis P(l) o
exp(— X2, 3, Vo) (lis 1)), where

i # ] i (x5,%x;) €M
V(iyj)(li,l]') = W”]l[h = lj] if (Xi,X]‘) el
0 otherwise



Assuming an identity covariance Gaussian noise model ferothserved data (von-Mises Fisher distribu-
tion (Mardia & Jupp, 2000) was considered as the noise mamehifjh-dimensional text dateand assuming the
observed data has been drawn independent{yjf} X, denote the true representatives corresponding to theslabel
{r}},, the conditional probability of the observatidnfor a given configurationis P(X|l) o exp(—3 Y. |lx;i —

;. |1?). Then, since the posterior probability of a configuratias P(1|.X) = P(l)P(X]), finding the MAP config-
uration boils down to minimizing the energy of the configioatthat is exactly as given by (3.2). Hence, the PCC
objective function is really the energy function over theafied MRF.

3.2.4 Experimental results

The experimental results showing the improved performarfale PCC clustering framework over unsupervised
clustering are shown in Section 3.3.4, where we show theftieri¢he PCC framework as well as the usefulness of
selecting pairwise constraints using our proposed aatiaeing algorithm.

3.3 Active learning for semi-supervised clustering

In order to maximize the utility of the limited supervisedtalavailable in a semi-supervised setting, supervised
training examples should kactivelyselected as maximally informative ones rather than chosesmaom, if possi-
ble (McCallum & Nigam, 1998). In the PCC framework, this wabimply that fewer constraints will be required to
significantly improve the clustering accuracy. To this ewd, developed a new method for actively selecting good
pairwise constraints for semi-supervised clustering ®RICC framework.

Previous work in active learning has been mostly restri¢ctedlassification, where different principles of
guery selection have been studied, e.g., reduction of theorespace size (Freund, Seung, Shamir, & Tishby, 1997),
reduction of uncertainty in predicted label (Lewis & Gal®9%), maximizing the margin on training data (Abe &
Mamitsuka, 1998), and finding high variance data points hysidg-weighted pool-based sampling (McCallum &
Nigam, 1998). However, active learning techniques in digssion are not applicable in the clustering framework,
since the basic underlying concept of reduction of clasdifim error and variance over the distribution of exam-
ples (Cohn, Ghahramani, & Jordan, 1996) is not well-defimedlustering. In the unsupervised setting, Hofmann et
al. (Hofmann & Buhmann, 1998) consider a model of activerlgwy which is different from ours — they have incom-
plete pairwise similarities between points, and theinackearning goal is to select new data, using expected vdlue o
information estimated from the existing data, such thatigleof making wrong estimates about the true underlying
clustering from the existing incomplete data is minimizéd.contrast, our model assumes that we have complete
similarity information between all pairs of points, alongpairwise constraints whose violation cost is a compénen
of the objective function (3.2), and the active learninglg®#o select pairwise constraints which are most inforneati
about the underlying clustering. Klein et al. (Klein et 2002) also consider active learning in semi-supervises-clu
tering, but instead of making example-level queries theker@uster level queries, i.e., they ask the user whether or
not two whole clusters should be merged. Answering exartgdelqueries rather than cluster-level queries is a much
easier task for a user, making our model more practical iraewerld active learning setting.

3.3.1 Problem definition

Formally, the scheme has access to a noiseless oracle thass@n a must-link or cannot-link label on a given pair
(xi,x;), and it can pose a constant number of queries to the ofa@ien a fixed number of queries that can be
made to the oracle, the goal is to selectteandC sets such that theC-KMeans clustering algorithm, using those
pairwise constraints, can get to a local optimum of the dbjedunction Jpckmeansvhich is better than the local optima
it would reach with the same number of randomly chosen caimd.

1The framework can be shown to hold for arbitrary exponemtise models.
2The oracle can also givedon't-knowresponse to a query, in which case that response is ignoaitht considered as a constraint) and that
query is not posed again later.
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3.3.2 Explore andConsolidate algorithms

The proposed active learning scheme has two phases. TheHase explores the given data to détpairwise
disjoint non-null neighborhoods, each belonging to a difee cluster in the underlying clustering of the data, as
fast as possible. Note that even if there is only one pointngégghborhood, this neighborhood structure defines a
correct skeleton of the underlying cluster. For this phase propose an algorithiExplore that essentially uses
the farthest-firstscheme (Dasgupta, 2002; Hochbaum & Shmoys, 1985) to formopppte queries for getting the
required pairwise disjoint neighborhoods. For our data ehode prove another interesting property of farthest-first
traversal (see (Basu et al., 2003a) for more details) tisdifis its use for active learning.

At the end ofExplore , at least one point has been obtained per cluster. The rergajueries are used
to consolidate this structure. The cluster skeleton obthinomExplore is used to initializeK pairwise disjoint
non-null neighborhoodﬁNp}{;l. Then, given any point not in any of the existing neighborhoods, we will have
to ask at mos{K — 1) queries by pairinge up with a member from each of the disjoint neighborhodgsto find
out the neighborhood to whick belongs. Note that it is practical to sort the neighborhaadacreasing order of
the distance of their centroids fromso that the correct must-link neighborhood fois encountered sooner in the
querying process. This principle forms the second phaseioéctive learning algorithm, and we call the algorithm
for this phaseConsolidate . In this phase, we are able to get the correct cluster labebyfasking at mostK — 1)
queries. So(K — 1) pairwise labels are equivalent to a single pointwise labeghe worst case, wheR is known.

The details of the algorithms for performing the exploratand the consolidation phases are given in Fig-
ures 3.8 and 3.9.

Algorithm: Explore

Input: Set of data points X = {x;}~,, access to an oracle that
answers pairwise queries, number of clusters K, total number
of queries Q.

Output: A < K disjoint neighborhoods {N,}}_, corresponding
to the true clustering of X with at least one point per
neighborhood.

Method:

1. Initialize: set all neighborhoods {N,}X ; to null

2. Pick the first point x at random, add to N1, A «+ 1

3. While queries are allowed and A\ < K

x <point farthest from existing neighborhoods {Np}g‘:1
if, by querying, x is cannot-linked to all existing
neighborhoods

A < A+ 1, start a new neighborhood N, with x
else

add x to the neighborhood with which it is must-linked

Figure 3.8: AlgorithmExplore

3.3.3 Motivation of active constraint selection algorithm

In Section 3.1.3, it was observed that initializing KMearithweentroids estimated from a set of labeled examples for
each cluster gives significant performance improvemenitee3jood initial centroids are very critical for the suczes
of greedy algorithms such as KMeans, we follow the same plieéor the pairwise case: we will try to get as many
points (proportional to the actual cluster size) as posgir cluster, so th&®C-KMeans is initialized from a very
good set of centroids.

In the exploration phase, we use a very interesting propsrtiie farthest-first traversal. Given a setgf
disjoint balls of unequal size in a metric space, we show tiatfarthest-first scheme is sure to get one point from
each of theK balls in a reasonably small number of attempts (see (Baduy 2083a) for details).
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Algorithm: Consolidate
Input: Set of data points X = {x;}~ ,, access to an oracle that
answers pairwise queries, number of clusters K, total number
of queries @), K disjoint neighborhoods corresponding to true
clustering of X with at least one point per neighborhood.
Output: K disjoint neighborhoods corresponding to the true
clustering of X with higher number of points per
neighborhood.
Method:
1. Estimate centroids {p,, }X | of each of the neighborhoods
2. While queries are allowed
2a. randomly pick a point x not in the existing neighborhoods
2b. sort the indices h with increasing distances ||x — p,,||?
2c. for h=1to K
query x with each of the neighborhoods in sorted order
till a must-link is obtained, add x to that neighborhood

Figure 3.9: AlgorithmConsolidate

Both Explore andConsolidate  add points to the clusters at a good rate. It can be shown vsaudts
provedin (Basu et al., 2003a) that thgplore phase gets at least one point from each ofRhenderlying clusters
in maximumK(’;) qgueries. When the active scheme has finished rurBkpdore and is runningConsolidate
it can also be shown using a generalization of the coupoedolt’s problem (Motwani & Raghavan, 1995) that with
high probability it will get one new point from each cluster approximatelyk? log K queries. Consolidate
therefore adds points to clusters at a faster rate Eaqotore by a factor of(’)(%).

3.3.4 Experimental results

In this section, we present our experiments with activecsigle of constraints in the PCC framework.

Datasets

We ran experiments on both high-dimensional text dataset$oav-dimensional UCI (Blake & Merz, 1998) datasets.
Here we present the results on a subset of the text data €3g&tillon & Modha, 2001), containing 400 documents
— 100Cranfielddocuments from aeronautical system papers,M6é@linedocuments from medical journals, and 200
Cisi documents from information retrieval papers. This Cla®dsiubset dataset was specifically designed to create
clusters of unequal size, and has 400 points in 2897 dimessitier standard pre-processing steps like stop-word
removal, tf-idf weighting, and removal of very high-frequey and very low-frequency words (Dhillon & Modha,
2001). From the UCI collection we selected Iris, which is dlskaown dataset having 150 points in 4 dimensions.
We used the active pairwise constrained versioKMeans on Iris, andSPKMeanson Classic3-subset.

Learning curves with cross validation

For all algorithms on each dataset, we generated learningswith 10-fold cross-validation. The same methodology
was used to generate the learning curves as in Section 8xcdpt for that fact that here the x-axis represents the
number of pairwise constraints given as input to the alporg. For non-activ®CKMeansthe pairwise constraints
were selected at random, while for actk€KMeansthe pairwise constraints were selected using our activaileg
scheme.
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Results

In the domains that we considered, e.g., text clusterirffgrént costs for different pairwise constraints are natibv
able in general, so for simplicity we will be assuming allrents ofi/’ andW to have the same constant valuen
(3.2). Thew parameter acts as a tuning knob, giving us the continuumdstaS-KMeans -like algorithm on one
extreme { = 0), where there is no guarantee of the constraint satisfagt the clustering, and &-KMeans-like
algorithm on the other extrema(= oc), where the clustering process is forced to respect all ibengconstraints.
The parametew can be chosen either by cross-validation on a held-out sdty the user according to the degree
of confidence in the constraints. We chose an intermedidte i w in (3.2) so that the algorithms gives a tradeoff
between minimizing the total distance between points anstet centroids and the cost of violating the constraints.

Figures 3.11-3.13 show that (1) semi-supervised clugiesiith constraints, for both active and non-active
PCKMeans performs considerably better than unsupervised KMearstaing for the datasets we considered, since
the clustering evaluation measures (NMI and pairwise Fsueg improve with increasing number of pairwise con-
straints along the learning curve. and (2) active seleaifgrairwise constraints in actiMeCKMeans using our two-
phase active learning algorithm, significantly outperfemandom selection of constraints in non-aci#@KMeans
Detailed discussions and results on other datasets camubd fio (Basu et al., 2003a).

3.4 Unified model of semi-supervised clustering

In previous work, similarity-based and search-based aires to semi-supervised clustering have not been ade-
guately compared experimentally, so their relative stteegnd weaknesses are largely unknown. Also, the two ap-
proaches are not incompatible, therefore, applying a belaased approach with a trained similarity metric is chearl
an additional option which may have advantages over bottiegi approaches. In this work, we presented a new
unified semi-supervised clustering algorithm derived fidMeans that incorporatdsoth metric learning and using
labeled data as seeds and/or constraints.

3.4.1 Problem definition

Following previous work (Xing et al., 2003), we can paramigte Euclidean distance with a symmetric positive-
definite weight matrixA as follows: ||x; — x,||a = \/(xi —,)TA(x; — py,). If Alis restricted to be a diagonal

matrix, then it scales each axis by a different weight andesmonds to feature weighting; otherwise new features
are created that are linear combinations of the originalufes. In our clustering formulation, using the matAx
is equivalent to considering a generalized version of theeldivs model described in Section 2.2.1, where all the
Gaussians have a covariance maix® (Bilmes, 1997).

It can be easily shown that maximizing the complete datdilajthood under this generalized KMeans model
is equivalent to minimizing the objective function:

Jmkmeans= Z llxi — 1270 ||2A — log(det(A)) (3.3)

x; eX

where the second term arises due to the normalizing constanGaussian with covariance matex!.
We combine objective functions (3.2) and (3.3) to get thiofeihg objective function that attempts to mini-
mize cluster dispersion under a learned metric along withimmizing the number of constraint violations:

Tmpekm = 3 lIxi =y, [[a —log(det(A)) + D wij far(xi, %) [l # 1]

xX; €EX (x:,%x;)EM

+ Z Wij fo(xi, x5) 1l = 1] (3.4)

(xi,x;)€C

where fj; and fo are functions (defined in the next section) that specify geribusness” of violating a must-link
or cannot-link constraint. The weighis; andw;; provide a way to specify the relative importance of the ualat
versus labeled data while allowing individual constraieights. This objective functioffmpckm is greedily optimized
by our proposed metric pairwise constrained KMedviPC-KMeang algorithm that uses a KMeans-type iteration.
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3.4.2 Motivation of the unified framework

If we do not scale the weights,;; andw;; by the functionsf,, and f¢ in (3.4), one problem with the resulting
combined objective function would be that all constraimtiations are treated equally. However, the cost of viotatin
a must-link constraint between twalosepoints should be higher than the cost of violating a mudt-tionstraint
between two points that afar apart Such cost assignment reflects the intuition that it is a S&arror” to violate

a must-link constraint between similar points, and such rmor eshould have more impact on the metric learning
framework. Multiplying the weightsv;; with the penalty functionfa (x;, x;) = max(min, Gmax — ||Xi — x;||4)
gives us the overall cost of violating a must-link consttdietween two points; andx;, whereamin and omax
are non-negative constants that correspond to minimum adnnum penalties respectively. They can be set as
fractions of the square of the maximum must-link distaneex , ) e |Ixi — x;||?, thus guaranteeing that the
penalty for violating a constraint is always positive. Qalerthis formulation enables the penalty for violating a
must-link constraint to be proportional to the “serioussiax the violation.

Analogously, the cost of violating a cannot-link consttdietween twalistantpoints should be higher than
the cost of violating a cannot-link constraint between pothat areclose since the former is a “worse error”. Mul-
tiplying weightsw;; with fo(x;,x;) = min(amin + ||Xi — X;j]|%, @max) @llows us to take the “seriousness” of the
constraint violation into account.

3.4.3 MPC-KMeansalgorithm for the unified framework

Given a set of data point&’, a set of must-link constraintd1, a set of cannot-link constraint corresponding
weight setd¥ andW, and the number of clusters to forfi, metric pairwise constrained KMeangPC-KMeans
finds a disjointK partitioning{ X, }X_, of X (with each partition having a centrojd,) such that7mpckmis (locally)
minimized.

The algorithmMPC-KMeans has two components. Utilizing constraints during clustetialization and
satisfaction of the constraints during every cluster assignt step constitutes the search-based component of the
algorithm. Learning the distance metric by re-estimatimg weight matrixA during each algorithm iteration based
on current constraint violations is the similarity-basedponent.

Intuitively, the search-based technique uses the paireosstraints to generate seed clusters that initialize
the clustering algorithm, and also uses the constraintaitdegthe clustering process through the iterations. Seeds
inferred from the constraints bias the clustering towardsad region of the search space, thereby possibly reducing
the chances of it getting stuck in poor local optima, whildwstering that satisfies the user-specified constraints is
produced simultaneously.

The similarity-based technique distorts the metric spacainimize the costs of violated constraints, pos-
sibly removing the violations in the subsequent iteratiomsplicitly, the space where data points are embedded is
transformed to respect the user-provided constraints, ¢apturing the notion of similarity appropriate for theakst
from the user’s perspective.

Initialization: The MPC-KMeansalgorithm is initialized from neighborhoods inferred frahre M andC
sets, in the same way as tR€-KMeans algorithm (see Section 3.2.2).

E-step: MPC-KMeans alternates between cluster assignment in the E-step, amtbirkestimation and
metric learning in the M-step (see Figure 3.14).

In the E-step oMPC-KMeans every pointx is assigned to a cluster so that the sum of the distangamthe
cluster centroid and the cost of constraint violations fidgsncurred by this cluster assignment is minimized. Note
that this assignment step is order-dependent, since treesubfM andC associated with each cluster may change
with the assignment of a point. In the cluster assignmept st&ch point moves to a new cluster only if the component
of Jmpckm CONtributed by this point decreases. So when all pointsigengheir new assignmenfiypckm Will decrease
or remain the same.

M step: In the M-step, the cluster centroigs, are first re-estimated using the pointsif. As a result,
the contribution of each cluster tBnpckm is minimized. The pairwise constraints do not take in pathis centroid
re-estimation step because the constraints are not arcixphction of the centroid. Thus, only the first term (the
distance component) ¢fmpcim IS Minimized in this step. The centroid re-estimation stépotively remains the same
as KMeans.
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Algorithm: MPC-KMeans
Input: Set of data points X = {x;} |,
set of must-link constraints M = {(x;,x;)},
set of cannot-link constraints C = {(x;,x;)},
number of clusters K, sets of constraint weights W and W.
Output: Disjoint K partitioning {X,}X_, of X such that
objective function Jmpekm is (locally) minimized.
Method:
1. Initialize clusters:
la. create the A neighborhoods {N,})_, from M and C
1b. sort the indices p in decreasing size of N,
le. ifA>K
initialize {“20)}5:1 with centroids of {N,},
else if A < K
initialize {“20)}2:1 with centroids of {N,})_,
if 3 point x cannot-linked to all neighborhoods {N,};_,
initialize ug‘oj_l with x
initialize remaining clusters at random
2. Repeat until convergence
2a. assign cluster: Assign each data point x; to cluster h*

(i-e. set X,(Ltfl)), for h* = arg;nin(”xi - uﬁ?WA — log(det(A))

2 (xexy)em Wi [ (X, x5) L [R £ 1]
+ 2 (xi %y ec Wi fo (xi, x5) 1[h = j])
2b. estimate.means: {/,LELtJrl)}hK:l — {W erxf(ltﬂ) X}§:1
2c. updatemetric: A™!' =3 . (x; fhuli)(xi — )T
= 2 sy e M Wi (X = x5) (%5 — x5) T [l # 1]
+ 3 ey e Wi (xi = %) (xi = %) L[l = 1]
2d. te (t+1)

Figure 3.14: Metric Pairwise Constrained KMeans algorithm

The second part of the M-step is metric learning, where thiima is re-estimated to decrease the objective
function Jmpekm  The updated matripA is obtained by taking the partial derivati\?eg“}gﬂ and setting it to zero,
resulting in:

A —( (i ) — ) = i — ) (%1 — )Tl £ 1]

xX; €EX (xi,%x5)EM™

+

1
Wi (x; — x;)(x; — x;) T 1[l; = lj])
(xi,x;)eC*

whereM* andC* are subsets af/ andC' that exclude the constraint pairs for which the penalty fioms £, and
fc take the threshold values,,;,, anda,,,., respectively. See (Basu, Bilenko, & Mooney, 2003b) for tetads of
the derivation.

Since estimating a full matripA from limited training data is difficult, we limit ourselves tliagonalA for
most of our experiments, which is equivalent to learning &imgia feature weighting. In that case, tli¢h diagonal

25



element ofA, a44, cOrresponds to the weight of thleth feature:

Add = ( Do(xia— )’ — D wij(xia — xa) 1l # 1]

X;EX (xi,x;)EM*

+ Y Wijlxia —x5a) 1l = lj]) :

(x:,x5)EC*

Intuitively, the first term in the sumy__ _ . (xia — 1y,4)%, scales the weight of each feature proportionately to the
feature’s contribution to the overall cluster dispersiamalogously to scaling performed when computing Mahalanob
distance. The second two terms that depend on constraiativios, — Z(x“x]‘)eM* wij(xia — xja)?1[l; # 1;] and
Z(xi,Xj)EC* wij(xia — x;4)%1[l; = l;], respectively contract and stretch each dimension atiegpd mend the
current violations. Thus, the metric weights are adjustedagh iteration in such a way that the contribution of
different attributes to distance is equalized, while coaist violations are minimized.

The objective function decreases after every cluster agsigt, centroid re-estimation and metric learning
step till convergence, implying that théPC-KMeansalgorithm will converge to a local minima Gfmpckm.

3.4.4 Experimental results

In this section, we present ablation experiments which sthevimproved performance of our unified semi-supervised
clustering framework. For each dataset, we compared faui-sapervised clustering schemes:

¢ MPC-KMeansclustering, which involves both seeding and metric leagrimthe unified framework described
in Section 3.4.3;

¢ M-KMeans, which is K-Means clustering with the metric learning compnt only, without utilizing constraints
for seeding;

e PC-KMeans clustering, which utilizes constraints for seeding andt®uassignment without doing any metric
learning;

e Unsupervised K-Means clustering.

Datasets

Experiments were conducted on several datasets from theréf@kitory: Iris, Wine and representative randomly
sampled subsets from tiRen-DigitsandLetterdatasets. FdPen-DigitsandLetter, we chose two sets of three classes:
{I, 3, L} from Letterand{3, 8, 9} from Pen-Digits sampling 20% of the data points from the original datassts r
domly. These classes were chosen from the handwriting rettog datasets since they intuitively represent difficult
visual discrimination problems.

Learning curves with cross validation

We used the same learning curve generation methodologySeciion 3.3.4. Unit constraint weightg andiW were
used, since the datasets did not provide information fdingeindividual weights for the constraints. The maximum
square distance between must-link constraints was useal@s fora,,.,, While a,;, was set to 0. All experiments
were run using Euclidean KMeans.

Results

The learning curves in Figures 3.15-3.18 illustrate thatjaing pairwise constraints is beneficial to clusteringlipy.
On the presented datasets, the unified approsiEfd-KMeang outperforms individual seedindg®C-KMeans) and
metric learning K-KMeans) approaches. When both seeding and metric learning aieedatjlthe unified approach
benefits from the individual strengths of the two methods.
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Some of the metric learning curves display a characteridtf’, where clustering accuracy decreases when
initial constraints are provided, but after a certain paitatrts to increase and eventually outperforms the initidhtp
of the learning curve. We conjecture that this phenomenaluésto the fact that feature weights learned from few
constraints are unreliable, while increasing the numbepoftraints provides the metric learning mechanism enough
data to estimate good metric parameters. On the other haadirg the clusters with a small number of pairwise
constraints has an immediate positive effect on the finatehquality, while providing more pairwise constraintsha
diminishing returns, i.e PC-KMeans learning curves rise slowly. As can be seen from MRC-KMeansresults,
the unified method has the advantages of both metric leaaridgeeding, and outperforms each of these individual
methods of semi-supervised clustering.
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Chapter 4

Proposed Research

This chapter outlines the issues that we want to furtherstigate in this thesis.

4.1 Short-term definite goals

This section describes our short-term goals, which we vefirdtely investigate in our future work.

4.1.1 Soft and noisy constraints

The labeled semi-supervised clustering framework can leaidth soft or noisy labels, as shown in Section 3.1.
We want to extend the formulation of the pairwise constrdisemi-supervised clustering framework to be able to
handle soft or noisy constraints also. This would involvéearling the PCC clustering framework and the active
constraint selection strategy to include a noise modelfamdulating a model where violation of soft-constraints ca
be considered. The penalized cluustering objective fonatan handle soft or noisy constraints, but the active PCC
model we have considered needs to be extended in two plabastbe such constraints. Firstly, the initialization step
takes the transitive closure of must-link constraints addseentailed constraints inferred from cannot-links — this
needs to be modified, since for soft or noisy constraints dlireltt constraint inference will not be possible. Secondly
the active learning strategy also uses the fact that thetreomis are hard and noise-free. Both these steps need to be
modified to be able to support soft or noisy constraints.

SCOP-KMeans (Wagstaff, 2002) supports soft-constraiiition, but they do not perform any algorithm
analysis to show convergence guarantees.

4.1.2 Incomplete semi-supervision and class discovery

In semi-supervised classification, all classes are assumbd known apriori and labeled training data is provided
for all classes. In labeled semi-supervised clusteringgwive consider clustering a dataset that has an underlying
class labeling, we would like to consider incomplete segdihere labeled data are not provided for every underlying
class. For such incomplete semi-supervision, we wouldtblsee if the labels on some classes can help the clustering
algorithm discover the unknown classes. An example of ad&very using incomplete seeding is provided in the
Figure 4.1. Given the points in Figure 4.1, if we are askedda@®-clustering, we can get a clustering as shown in
Figure 4.1. Now, if we give as input a pair of points labeled&in the same cluster (shown by the annular points
in Figure 4.2), we will get a clustering as in Figure 4.2. Iistbase, even though we did not provide any supervision
about the top cluster, clustering using the provided supienv helped us to discover that cluster.

Initial experiments for class discovery under incompleteding were considered in (Basu et al., 2002), where
seeds were not provided for different categories and the Nidasure was calculated on the whole test dataset.
We want to refine these experiments, so that (1) when we resesgs from one category in the labeled data, we
still consider the same overall number of labeled data gginbvided to the clustering algorithm (by adding more
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Figure 4.1: Incomplete seeding and class discovery

labeled data from the other categories), (2) the NMI meaisucalculated only on the test data points which belong
to categories for which no labeled data have been providedipat on the whole test data (so that we see whether
the unknown classes are discovered when supervision idgdewvor the other classes). We expect that in these
experiments the semi-supervised clustering algorithrhbveilable to discover the categories for which no supervision
was provided. We also want to extend the work of (Miller & Broiwg, 2003) to give a theoretically well-motivated
model for class discovery.

4.1.3 Model selection

In all our experiments so far, we have considered that thebmuraf clusters K, has been provided as input to the
algorithm. In the future, we want select the number of clisssitomatically by using a model selection criterion in
the KMeans or EM clustering objective function. Several glagklection criteria exist in the literature for selecting
the right number of clusters. Criteria like Minimum Destigm Length (Rissanen, 1978), Bayesian Information
Criterion (Pelleg & Moore, 2000) or Minimum Message Lengita{lace & Lowe, 1999) encode the Occam’s Razor
principle in some form, penalizing models according to timeddel complexity. We would like to use one of these
models, or explore a recent model proposed in (Hamerly & EIRQ03), where th& in KMeans is selected based on
a statistical test for the hypothesis that a subset of thee fdflbws a Gaussian distribution. In hierarchical clustgr
the right number of clusters can be selected by using soneriarfor stopping the cluster merging, e.g., (Fern &
Brodley, 2003) used a heuristic where they stopped merdisgars when the similarity value between the two closest
current clusters in the algorithm had a sudden drop comparttk values in previous merges.

As mentioned in Section 1.3.2, automatic model selectidhésmain advantage of using semi-supervised
clustering rather than semi-supervised classificatiomémarios where knowledge of the relevant categories igmco
plete.

4.1.4 Generalizing the unified semi-supervised clusteringiodel

In Section 3.4, we proposed a framework for unifying searabed and similarity-based semi-supervised clustering
that works only with Euclidean KMeans. | am working with Mé&Bilenko, who is formulating an effective metric
learning algorithm in high dimensions (Bilenko, 2003), cengralizing our unified PCC framework to work with
SPKMeans so that we can apply it to domains like text.
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Figure 4.2: Incomplete seeding and class discovery

4.1.5 Other semi-supervised clustering algorithms

We want to apply our semi-supervision ideas to hierarchatgrithms, e.g., HAC and Cobweb. Incorporating con-
straints into hierarchical algorithms will be relativelyaghtforward. For example, to run constrained HAC, we can
change the similaritg(x;, x;) between 2 pointg; andx; to s(x;, x;) + w;; if there is a must-link provided between
x; andx; with weightw,;, ands(x;, x,;) — w;; if there is a cannot-link provided betweanandz; with weightw;;.
Then, we can proceed and run the usual HAC algorithm on tree mizints using this modified similarity metric, so
that at each cluster-merge step, we consider the similbgtyween the data points as well as the cost of constraint
violation incurred during the merge operation.

A more interesting problem would be when the initial supsgion is given in the form of a hierarchy, and
the clustering problem will be to do hierarchical clusteritusing” the initial hierarchy. We want to formalize the
notion of using an initial seed hierarchy for hierarchicklstering. Such an approach would be useful for content
management applications, e.g., if the requirement is toatgically cluster the documents of a company, and the
initial seed hierarchy is a preliminary directory struewontaining a subset of the documents.

So far we have mainly focussed on clustering algorithms tis&t a generative model. We also want to
apply the pairwise constrained framework to discriminatilustering algorithms (e.g., graph partitioning), forigfh
pairwise constraints are a natural way for providing caaiats. Another interesting research direction would bénenl
clustering in the semi-supervised framework.

4.1.6 Ensemble semi-supervised clustering

In our work so far, we have assumed constraints to be noge-file have also assumed the weights on the constraints
to be uniform PCKMeang or changed the weights based on the “difficulty of satigfyihe constraints” (unified
model). An interesting problem in the PCC model would be th&ice of the constraint weights in the general case of
noisy constraints.

Given a set of noisy constraints, we can create an ensemldenaifsupervised clusterers, each of which
put different weights on the constraints and possibly giérint clusterings. We propose a scheme for creating an
ensemble of PCC clusterers and combining their resultgusdosting (Freund & Schapire, 1996).

Each PCC clusterer can be considered as a weak learner tp&ingise data points as input, and giving
an binary output decision of “same-cluster” or “differasttister”. The must-link and cannot-link constraints can be
considered as the training data for each weak learner. Giwsat of input constraints, the PCC clusterer initially sets
all constraints to have uniform weight and performs cluetgrAfter clustering is completed, the clusterer catezgsi
each pair of points as “same-cluster” or “different-clustéased on whether the pair ended up in the same cluster
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or in different clusters. Since the given constraints arisyyssome of them will be violated by the clustering. The
constraints are reweighted based on the number of errors imathe weak learner, and a new clusterer is created to
perform the clustering with the new weights on the constgaifiVe use boosting for re-weighting of the constraints
and combining the outputs of the clusterers in the ensemble.

The boosted ensemble will give as outpuVax N symmetric matrix)/ with 0/1 entries, where th&/[i, j]
entry in the matrix would represent the ensemble decisiowtwdther points and; should be in the same cluster
(MJi, 3] = 1) or not (M[i, j] = 0). Once we get this matrix, we can apply any discriminativestdring algorithm
(e.g., graph partitioning using min-cuts) &, which we have to evaluate empirically to see whether itgivebetter
clustering performance than the initial PCC clusterertidhivork along the lines of semi-supervised boosting in the
product space has been proposed in (Hertz, Bar-Hiller, &\dlell, 2003), which we want to investigate further.

4.1.7 Other application domains

We have been running our experiments on text data and UCselataln future, we also want to run experiments on
other domains.

Search result clustering

One domain we are very interested in is the clustering of wedrch results. It is an important tool for helping
search engine users do better navigation of search reantishas become a part of some recent search engines, e.g.,
Vivisimo. For short or ambiguous queries, e.g., “jaguarisiuseful for a user if the retrieved documents are orgahize
in different clusters based on their topics, e.g., Jagua: g@guar cats and Apple Jaguar OS. The task we are proposing
is using constraints derived from the click-through datthinquery-logs to get constrained clustering of searchtesu
which would correspond better with user browsing behavior.

(Joachims, 2002) proposed a model for a user browsing thrsagrch results of a query given to a search
engine. The model considered that lower ranked searchtsedidked-on by the user in a ranked list (as on a search
results webpage) are more relevant to the user than highkedaresults that were not clicked-on. As a natural
corollary of this model, we consider that if a user clicks @mtsearch results on a page, we can infer a must-link
constraint between these pages since the user considetledfiinem relevant for his query. For example, let us
consider a user who gives the quefadguar " looking for automobiles. The top 5 corresponding searciults
in Google are: (1) Jaguar Apple (the Mac OS website), (2) daRacing (Grand Prix racing team sponsored by
Jaguar), (3) Jaguar Cars (official Jaguar car website),dgdidr Australia (Australian Jaguar car website), and (5)
Jaguar Canada (Canadian Jaguar car website). The useré&xamuple, who is interested in jaguar cars, would tend
to skip the first two search results and click on some of the3a®sults, say (3) and (5). Looking at the query-
logs, we can then infer a must-link constraint between £3)-Note that these inferred must-link constraints will be
individually noisy, but we can consider a subset of reliamastraints by aggregating the constraints over all ircstan
of a particular query in the query-logs and considering dhfyse constraints above a particular frequency threshold.
For example, if the threshold is 5%, we consider only thosstriok constraints that occur in more than 5% of all
user sessions for that query in the query-logs. At the endisfaggregation, we will have a set of inferred must-link
constraints corresponding to each query.

If we want more aggressive constraint inference, we can@ssider that if the user skips a higher ranked
search result and clicks on a result of lower rank, then tiee cannot-link between these results. In the jaguar
example, we can infer cannot-link constraints between§},){1)-(5), (2)-(3), and (2)-(5). Note, however, that we
have to be careful while inferring cannot-link constrajsiace in this example (4)-(5) will also be incorrectly infed
to be a cannot-link. To take care of such cases, we have ty appbher cutoff frequency (say 10%) for selecting
cannot-links from the query-logs. For constraints aboeectiitoff frequency thresholds, we can weight the importance
of the constraints by the fraction of times they occurrechimquery-log entries for the corresponding query.

The proposed algorithms in the PCC framework could be uséahpoove clustering of search results. The
constraints corresponding to different queries could Heected from the query-logs and used while clustering the
results of corresponding queries, to give better clusterifle could also re-use the constraints for one query toelust
other similar queries. To this effect, we can use a queryudwnt bipartite graph, where there is a link between a query
and a document if the document is clicked-on a significardtima of times in the query-log entries for that query.
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We can then cluster the queries, based on the overlap of ttientlnts linked to each query in this graph (Dhillon,
2001; Mishra, Ron, & Swaminathan, 2003). lggtbe a query for which not many constraints have been infenad f
the query-logs. Queriag andgs can be considered similar if they belong to the same cluatet the constraints of
q1 inferred from the query-logs can be now used (after weightirem down suitably, e.g., multiplying them by the
fractional similarity betweeg; andgs) while clustering the search resultsgf

This proposed work is part of a research proposal submittébogle. If the proposal gets approved, we can
get access to anonymous query-logs on which we can run o@riexgnts. If a constrained clustering prototype is
developed, evaluation of the clustering results can beopmed by “temps” (temporary contract workers) at Google.
If such clustering is not feasible in real-time, a possibigal deployment model could be the following: do offline
clustering of the topV most popular queries using constraints from the query;logshe the results and show the
clustering results to the restricted set of users giving¢éhgueries.

Other datasets

We want to apply our algorithms to clustering astronomicatbgets, e.g., Mars spectral data (Wagstaff, 2002) and
galaxy data (Pelleg & Moore, 2000). The Mars data will be eslly useful — the dataset consists of spectral
analysis of telescopic Mars images, and has domain knowléstmatial relations, spectrum slope characteristics), etc
encoded in the form of soft constraints, which will be vergfus for testing the soft-constrained clustering algarith

we plan to develop. We also want to investigate clusteringioihformatics data, especially gene micro-array data
and phylogenetic profiles (Marcotte, Xenarios, van derlBl& Eisenberg, 2000). In these cases, constraints can be
derived from other knowledge sources, e.g., while clustea large set of genes, we can use the information that
some of these genes belong to the same pathway (implyinglmlstonstraints) or to different pathways (implying
cannot-link constraints) in the KEGG database (Ogata, (&#to, Fujibuchi, Bono, & Kanehisa, 1999).

4.2 Long-term speculative goals

This section outlines our long-term goals, some of which Va@ po investigate as time permits.

4.2.1 Other forms of semi-supervision

Till now, we have only considered labeled data and congsdirtween data points as possible methods of super-
vision in clustering. Other forms of supervision have alse@ib considered in clustering, e.g., (1) cluster-size con-
straints (Banerjee & Ghosh, 2002), where balancing thedfilee clusters is considered as an explicit soft constraint
and (2) attribute-level constraints (Dai, Lin, & Chen, 2D08here clustering is performed under constraints on the
numerical attributes (e.g., maximum difference betweempwints in a cluster along the “age” attribute should be 15).

We want to also explore supervision in the form of partiaksification functions defined on subsets of the
data spaceX’. In this case, along with the unsupervised d&tave will have a set of classification functions, each of
which classifies a subset of points frethto a set of class labels that can be different for each classior example,
while clustering search engine results, we can use the DM@idtze Yahoo! hierarchies as classifiers for a subset of
the documents returned for a query. Note that in the genasa,¢he label sets for the classifiers will be different, e.g
in the example above, DMOZ and Yahoo! will have differenecgairies.

Given a classifie€’ that gives posterior probabilities corresponding to itsadeclass labeld. and two points
x1 andxs, we can estimate the probabilities of a must-link and catinktetween the two points, given the classifier,
as follows:

Pr(must-link(xl,xQ)\C’) . ZZGL PI‘(Xl‘l)PI‘(Xgu)
Pr(cannot-linKx:,x2)|C) >3, 1 cp i, Pr(xi|l)Pr(xs|ls)

Given R classifiers{C, }E_,, the probability of constraints between the two points, sigreated from the classifiers,

r=11
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R

Pr(must-linkx;, x2)) = Y Pr(must-linkxy,x2)|C,)Pr(C;)
r=1

Pr(cannot-linkx;,x3)) = 1 — Pr(must-link(x, x2))

In the absence of any other information on the distributisaradhe classifiersPr(C,) would be assumed to be
uniform.

In a generative clustering model, the probabilistic caxiets inferred from the different classifiers can be
directly incorporated into the soft-constrained PCC modlielve use kernel-based discriminative clustering, we can
adapt the original kernel so that the kernel similarity begw two points in the adapted kernel would be more similar
if the points have a higher probability of being must-linkatt less similar of they have a higher probability of being
cannot-linked, using a framework similar to (Kwok & Tsan@03).

4.2.2 Study of cluster evaluation metrics

As observed in Figures 3.10-3.13in Section 3.3.4, themnsée be a strong correlation between the NMI and pairwise
F-measure clustering evaluation metrics. We want to fuiithesstigate this similarity between NMI and pairwise F-
measure. Dom (2001) gives a nice formulation of evaluatietrics for hard clustering using the clustering confusion
matrix, where he shows the relation between popular harstaling evaluation metrics like the Rand Index, the
Jaccard index, the Folkes-Mallows index and the HuBestiatistic. We want to see if we can extend this formulation
to evaluate soft-clustering.

4.2.3 Approximation algorithms for semi-supervised clustring

Another interesting research direction is considering kemi-supervision affects appromixation algorithms fanso
clustering methods, e.g., KMedian. The KMedian problemictviivas explained briefly in Section 2.2.1, is similar
to the facility location problem. In the facility locatiorrgblem, we are given a set of demand points and a set of
candidate facility sites with costs of building facilities each of them. Each demand point is then assigned to its
closest facility, incurring a service cost equal to theatse to its assigned facility. The goal is to select a sulfset o
sites where facilities should be built, so that the sum offlifgccosts and the service costs for the demand points is
minimized. The KMedian problem is similar to facility lodan, but with a few differences — in KMedian there are
no facility costs and there is a boud on the number of facilities that can be opened. The KMedigeative is to
select a set oK facilities so as to minimize the sum of the service coststierdemand points.

We propose an semi-supervised extension to KMedian to bagwtistraints on the demand points. The
constrained KMedian problem would be additionally givenraut set of must-link and cannot-link constraints on the
demand points (i.e., two demand points should be or shouldeassigned to the same facility), and the goal would
be to minimize an objective function that is the sum of theisercosts for the demand points and the cost of violating
the constraints.

Initial investigation has shown we if we consider only mlisk constraints, we can make a simple modi-
fication to an approximation algorithm for KMedian to get axstant-factor approximation algorithm for must-link
constrained KMedian. However, if we consider both mudtdimnd cannot-link constraints, then the constrained
KMedian problem becomes NP-complete, which can be shownrbgliection to graph coloring (Plaxton, 2003). An
interesting research problem to look into is the consti@ik&edian problem with limited number of cannot-links
(e.g.,0(log K) cannot-links,K being the number of clusters), and to try and get approxonajuarantees in this
case.

4.2.4 Analysis of labeled semi-supervision with EM

As mentioned in Section 3.1, the objective function plotsSeKMeans seem to increase exponentially as the number
of labeled points are increased along the learning curveshdgvn in (3.1), if we consider a Gaussian model for each
cluster, the probability of deviation of the centroid esiies falls exponentially with the number of seeds (Banerjee
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2001). I am working with Arindam Banerjee to extend this akation and show that when we add more unlabeled
points along with the seeds and perform the EM iteration, eteagighter bound for the centroid deviation with high
probability. Ratsaby & Venkatesh (1995) gave a PAC analfggidabeled and unlabeled sample complexity when
learning a classification rule, with an underlying data gatien model of a mixture of 2 Gaussians. We want to use
their style of analysis to give similar bounds for the sempervised EM algorithm on a mixture of 2 Gaussians.

4.3 Conclusion

Our main goal in the proposed thesis is to study search-lmmadsupervised clustering algorithms and apply them
to different domains. As explained in Chapter 3, our initiark has shown: (1) how supervision can be provided to
clustering in the form of labeled data points or pairwisestaaints; (2) how informative constraints can be selected
in an active learning framework for the pairwise constrdisemi-supervised clustering model; and (3) how search-
based and similarity-based techniques can be unified in-sep@rvised clustering. In our work so far, we have mainly

focussed on generative clustering models, e.g. KMeans dhdkd ran experiments on clustering low-dimensional

UCI datasets or high-dimensional text datasets.

In this thesis, we want to study other aspects of semi-sigmhclustering, like: (1) the effect of noisy,
probabilistic or incomplete supervision in clustering) (2odel selection techniques for automatic selection of num
ber of clusters in semi-supervised clustering; (3) ensemsbmi-supervised clustering. In future, we want to study
the effect of semi-supervision on other clustering aldgwns, especially in the discriminative clustering and omlin
clustering framework. We also want to study the effectissnef our semi-supervised clustering algorithms on other
domains, e.g., web search engines (clustering of searaliggsastronomy (clustering of Mars spectral images) and
bioinformatics (clustering of gene microarray data).
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