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Chapter

Introduction

Abstract

Clustering is a widely used technique to partition a set aérogeneous data to
homogeneous and well separated groups. Its main chastictésithat it does not
require a-priori knowledge about the nature and the hidderctsire of the data
domain. Even if this fact makes clustering a hard task, frbm @ther hand it
makes clustering s highly flexible data processing toolhia thesis we investi-
gate clustering techniques and their applications to Wetated video information
retrieval. In particular we focus on: web snippets clusigrivideo summarization
and similarity searching. For web snippets, clusteringsisdito organize the re-
sults returned by one or more search engines in responsestr guery on the fly.
The main difficulties concern: the poor informative stréngf snippets, the strict
time constraints and the cluster labelling. Video sumnagion is used to give an
idea of the content of a video without downloading it. Alsaliis case processing
time is important, moreover the amount of involved data i€imhigher. For this
task we designed an approximate clustering procedure nastérfthan the state
of the art algorithms and comparable in quality. In docunsémtlarity searching,
clustering is used off-line in the preprocessing phasee lttexr problem of scalabil-
ity is raised by the huge size of document corpora. A furtteenmlication is that
users can weight each field of the query. Allowing this featoais negative effects
on preprocessing. For this task we designed: a novel cingtstrategy to improve
results quality and a weighting scheme that does not inflipneprocessing.

INTRODUCTION 1



1.1

Introduction

Introduction

Since the early 90’s the World Wide Web is growing fast. In It decade, due
to the bandwidth constraints, web sites were in essencecanrected texts col-
lections. These text corpora have nowadays become hugs.tiiilorganization
and retrieval of information on the Web has become one of tteét topic in the
information retrieval research community.

In the recent years Internet and, in particular, the Web,dmanged. An in-
creasing number of users has now access to broad band donsetiius web sites
had the opportunity to enrich their contents with imagesalad with videos. This
situation caused the need to design information retrieystesns able to manage
also multimedia data.

The last in the time line but not least important way in whible Web has
modified its interface is the so called Web 2.0. Thanks torteldgies like AJAX
(Asincronous Javascript And XML), a modern web site is nogkma “static”
collections of texts, images and videos, but it has becomghrmore similar to a
classical interactive stand-alone application. This rortieof the web scenario had
also deep implications in the information retrieval comityirin fact, to be able to
deal with huge data corpora and multimedia data in not enalgbrithms should
work on-line. Moreover also the users have changed theuinements. Therefore,
the success of a web information retrieval system does nuérdkonly on the
quality of the returned results, but also the response timg tve considered.

For example, everybody lové&soogleand Yahoo!search engines. Their pre-
cision is widely appreciated, but also the response timaiisgf their success. If
tomorrow one implements a new search engine much more pré@s Google
but with an expected response time of two seconds, it is ptekthat it will used
only in those few cases in which Google fails.

As the reader can expect, large corpora coming from the Wehighly hetero-
geneous. Clustering is a widely used technique to partdiset of heterogeneous
objects into small groups of objects related among thenst€ting has many prop-
erties that make it largely used and appreciated. Its mgsbitant feature is that
clustering algorithms do not need any a-priori knowledgehef input data and
domain. The only requirement is to provide a notion of dis&for similarity)
between pairs of input objects. This property of clustermagde it suitable for es-
sentially any data domain. For example clustering is widalgd for a preliminary
exploration of a large amounts of data. The lack of any inftram about the data
domain is at the same time the of success key and the drawlbatkstering. In
fact, clustering algorithms tend to produce results of waysality with respect to,
for example, classification algorithms where for each fmssiategory to which
data can be assigned to, a set of positive and negative ezsumpist be available.
Moreover a not enough well pondered choice of the distangetifan is likely to
produce a complete failure.

INTRODUCTION 2
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1.2 Thesis goals and results

The main goal of this thesis is to propose clustering algor# able to produce
high quality results, but fast enough to be suitable forina-Web applications. We
applied our results to three main different contexts: wappts, video summa-
rization and document similarity searching. These threblpms are very different
among them and require to work under different constraifase competitive in
all these tasks, a clustering algorithm must be enough feexMoreover these
problems are interesting also because they raise a senielat#d issues we faced
in this thesis finding novel solutions.

Snippets clustering has become popular since it was widsdy by cluster-
ing web search engines liRdvisima When a user issues a query to the system,
the query is redirected to some auxiliary search engines;gfurned snippets are
clustered and each cluster is labelled with a short senteraéow users to predict
the cluster content. In this particular case, the predictimength of the labelling
algorithm is not less important than the clustering quatitiystering and labelling
are strictly related. In fact, a good cluster with no pradectiabel is likely to be
ignored by the user. Instead clusters that are not well fdrare likely to have
a poor label. What makes clustering of web snippets a harolgrois the fact
that snippets are essentially very small pieces of text hud the amount of in-
formation contained in each of them is poor. This causes aghenon in which
the distance between two related snippets is no far fromigiarste between two
unrelated ones. Despite the fact that the number of snippdis clustered is rela-
tively small (typically about 200 items), clustering eféocy still remains an issue
because a not negligible part of time is spent querying th@iaty search engines.
Studying this problem we designed the M-FPF algorithm deedrin chapter 2
which exploit the triangular inequality to speed up the FRErtstic by Gonzalez
[Gonzalez, 1985 Moreover we improved also the clustering quality provigin
novel definition of the concept ohedoid Therefore we modified the FPF cluster-
ing schema to handle medoids (M-FPF-MD). We also designeaval frabelling
algorithm that works following three main steps. Firstlgélects a certain number
of representative keywords for each cluster (signatutbg) it uses a modified
version of the information gain measure to univocally retaywords that appear
more than once only in the most appropriate signature andvesrthem from the
others. Finally, for each cluster, it extracts a short ssgebased on its signature.
The goal of the first step is to “locally” detect informativeykvords for each clus-
ter. The second step has a “global” overview of the clustadsitis necessary to
avoid that clusters about different aspects of the same tadie a too similar label.
The last step is only used to produce a more charming outputskers. With the
aim of validating our results, we set épmil a full featured clustering meta search
engine.

Video summarization has become an important applicatiocesihe popular-
ity of video portals in the web likerou tubebegan to grow. At the present time
an user who wants to decide whether a video is of interest prisioequired to
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download it entirely and to inspect some random snippets Jituation hinders
the video browsing experience of users causing a waste wbnletresources and
time. Video streaming systems can drastically reduce te@fisetwork resources,
but the problem to watch completely the video in order toldsta if it is of in-
terest still remains. The task of video summarization is pletely different from
the previous one. First of all because the input objects ideoWrames (or scenes)
instead of texts. Secondly there exist an evident reldtipnamong consecutive
frames. Moreover the amount of data involved in the clusteprocedure is much
higher in consideration of the fact that a typical video hasta of at least 25
frames per second. This means that a video of just five mirutetains at least
7500 frames. For this particular problem only cluster centge of interest, the
rest is discarded. In fact a summary is obtained concaten#ie frame (or scene)
associated to each cluster center. The intuition beyorsdabproach is that, if a
cluster is homogeneous, its center should be enough repadge of the content
the whole cluster. This also means that the error due to gertion of a point in
the wrong cluster has completely no effect on the final restilt does not affect
the cluster center. As a direct consequence a faster appaiticlustering can be
considered as a possible alternative. In this sense werdesgpme approximation
techniques devoted to noticeably speed up the executioheo€lustering algo-
rithm attempting to avoid a loss in the result quality. Wedzhsur approximated
clustering on M-FPF-MD. We observed that the two most timescming steps in
this algorithm are: the update of medoids and the procediwseasching, for each
new inserted point, of its closest center. Once the initiatloid is computed, our
approximated procedure requires only two distance contipotato perform the
update. We also approximated the procedure of insertionr@wapoint into the
clusters taking explicitly advantage of the distributidndstances between pairs
of consecutive points. We also used this distribution ofagises for a procedure
that suggests an appropriate size for the storyboard thiespmnds to the number
of clusters to make. As a final result we desigh8toa completely working Web
2.0 application for static video summary.

Similarity searching is a feature often provided by seardjirees. Well known
examples are: the link “related pages” present in many stégeturned by Google
or the “active bibliography” in Citesekrin these examples the document for which
is requested to find the related documents is one of the dousrpeesent in the
collection, but this requirement is not necessarily a qairgt of the problem. The
supplied query can be also an external document or a seqoékegwords. The
naive solution to similarity searching consists in a lineean of all the dataset,
comparing each document with the query and returning thecfesest ones. Even
for relatively small document corpora this solution is imgtical for on-line com-
putations, therefore efficient algorithms were developmdHis purpose. The so-
lution provided by similarity searching algorithms can lither exact or approxi-
mate. In the specific case of the retrieval of related pagerictes, an approximate

*http://citeseer.ist.psu.edu
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solution can be preferable especially if it is fast. We cotiade on approximate
similarity searching with in mind the goal of providing a higuality solution re-
turned in an a-priori bounded time. We followed the clusteming approach, that
performs a preprocessing step in which the document cogpcisistered. Then a
query consists in the scan of all the documents containedcertain predefined
number of clusters whose centers are the nearest with tespttee query point.
Following the cluster pruning approach we observed thafitied result quality
is strictly related to the distance between the query paiut its closest center.
This means that, when the query document is also part of thecton (like in
the above examples), more compact clusters are likely tdume better quality.
In other words, from this observation, we derived that atelisg algorithm for
the k-center problem, which minimizes the maximum cluster die@maes likely
to produce high quality results. We also observed thatr aft the visit of three
or four clusters, the probability to find more related docaoteaeexamining a new
cluster decays drastically. This suggests that it is prighladiter to examine fewer
clusters in some independent clusterings of the colle¢tian more clusters of the
same clustering. We tested our approach over two datass&rofstructured bib-
liographic records (title, authors, abstract) fr@iteSeer In this case, each data
object is much bigger and more representative than in the chseb snippets.
Moreover, the number of involved data objects is of threeoad magnitude big-
ger than in the case of snippets. Clearly, for the simila#grching problem clus-
tering does not require to be made on-line, but it is part afepmcessing phase.
Despite the fact that the main goal is to attain the highessipte result quality, if
one considers the size of the involved datasets and the lytosnd of data avail-
able in the Internet scalability still remains an importesue. In fact a clustering
algorithm able to preprocesses the entire corpus in onedayuch better than
an algorithm that requires a month. Finally we investigdtesimore complicated
setting ofdynamic vector score aggregati@mwhich again data objects are semi-
structured texts and for each field (title, authors, abgtthere is an independent
vector space. Each data object is then represented by #a lbombination of its
vectors and the user is allowed to assign a weight to each Waddhts are known
only at query time. We propose a novel method to embed weggldis that it is no
longer needed to know/manage them during the preprocessutafa.

1.3 Thesis outline
This thesis is organized as follows:

e Chapter 2 introduces the problem of clustering in general. In the fiest of
this chapter we survey the most important clustering ambres, algorithms
and distance functions, then we briefly introduce and desd¢he most used
techniques and strategies for the clustering validatioblpm. In the second
part of this chapter we provide details of the FPF heuriglrctlie k-center
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problem, our clustering strategies and optimizations amddefinition of
medoids.

Chapter 3 surveys the most common strategies for text clusterindndrfitst
part we introduce the well known vector space model for tekigval and
some variants. Then we discuss how to remedy to some limitisomodel
due to the intrinsic characteristics of the human langu@en we provide a
comparison among distance functions for text and a congrakistween our
clustering algorithm against the classiéameans. We conclude the chapter
with the description of our algorithm for labelling text shers.

Chapter 4 introducesArmil a clustering meta search engine for web snip-
pets. Armil is a completely working system whose design wared at ex-
perimentally testing our findings and at showing that frorsuts of our
research it is possible to produce a software prototype wosavin quality
and performance with respect to a successful commercialsic.

Chapter 5 copes with the problem of video summarization. In this ceapt
we provide a solution to produce both static storyboardsdymaimic video
abstracts. In the first part of the chapter we discuss ouroappation and
optimization strategies for the static case. Together thighclustering algo-
rithm, a novel method to suggest a possible appropriatgtstard size is
introduced. We compare our results with other state of themathods. Also
in this case we decided to implement a fully featured systedemonstrate
the validity of our approach. In the second part we focus atymamic video
abstracts. Here the main contribution is the definition efsbene’s bound-
aries and our investigation about the use of frames or scamésput for
clustering.

Chapter 6 copes with the similarity searching problem. In the first pathe
chapter we survey the most common problems related to sityikearch-
ing and well known solutions for both the exact and the apipnate version
of this problem. Then, we derive a relationship betweenlahity searching
and thek-center target function for clustering. Thus we exploisthtla-
tionship to improve the cluster pruning approach for apjpnate similarity
searching. Moreover, we introduce a novel method to managedefined
weights in the more complex problem of vector score aggi@gat hen we
show how to use this scheme to speed up noticeably the chgsignase.

Chapter 7 draws some conclusions and summarizes the results dasanibe
this thesis. Finally we describe briefly the future direatidor our research.

INTRODUCTION 6



Chapter

Clustering

Abstract

Clustering is a widely used technique to partition data imbgeneous groups.
It finds applications in many fields from information ret@g\vo bio-informatics.
The main goal of clustering algorithms is to discover thadbiu structure of data
and group them without any a-priori knowledge of the data @lamClustering is
often used for exploratory tasks.

The intuition behind partitioning data is that if two objgeé@re closely related
and the former is also related to a third object, then moriklso the latter has
a similar relation. This idea is known as thleister hypothesis

In the first part of this chapter we survey the principal swés for clustering,
the main clustering objective functions and related athors, the main definitions
for similarity and the clustering validation techniquese \@bnclude the chapter
giving some results about how we improved the Furthesttgost algorithm in
terms of speed and quality.

CLUSTERING 7
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2.1 Introduction to clustering

Clustering is a technique to split a set of objects in growgs shatsimilar objects
are grouped together, while objects that are not similarifiatlifferent clusters.
The choice of the notion of similarity (or distance) amongects that are needed
to be clustered is of crucial importance for the final result.

Clustering algorithms have no a-priori knowledge aboutdhta domain, its
hidden structure and also the number of hidden classes ichvdita are divided
is unknown. For this characteristic, clustering is oftefemed as un-supervised
learning in contrast to classification (or supervised legin which the number
of classes is known and for each class a certain number off@garare given.

The independence of clustering algorithms from the dataagiom at the same
time the secret of its success and its main drawback. In fiaceé €lustering does
not need any a-priori knowledge of the data domain, it candpdied to a wide
range of problems in different application areas. In catirgeneral purpose pro-
cedures do not allow to apply (even trivial) problem depenagptimizations and
consequently they typically perform worse then ad-hoctamis.

2.1.1 Metric space for clustering

The choice of how to represent the data objects one wantsistec| together with
the choice of the clustering strategy, is critical for thestkring result. The repre-
sentation schema depends from the type of data we are warking some fields
de-facto standards are widely used.

In text retrievalthe vector space model is the most commonly used. Documents
in this model are represented as vectors of weighted terifteddazag of words
For weighting, many approaches are used: binary schemahfchwhe weight of
a term is 0O if the term does not appear in the document, 1 otbeywthe tf-idf
scoring and so on. Imideo retrievalframes are represented as vectors in the HSV
color space. Iiio-informatics DNA microarrays are matrices in which each gene
is stored in a row and each column corresponds to a probe.

In all the above cited cases, a set of obj&ets- {0y, ... ,0,} are represented
with m-dimensional vectors which are stored in a matkik of n rows andm
columns, where: is the number of objects in the corpus whileis the number
of features of the objects. These vector spaces endowedavdistance function
define a metric space. The most widely used distance fursciom

e Cosine similarity: it is defined as the cosine of the angle betwegandoy,.
More formally

5(0g, 0p) = —22" % _
v [[0al] - [los

A distance can be easily derived from cosine similarity by:

d(0q,0) = /1 — 5%(04,0p)

CLUSTERING 8
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The most important property of cosine similarity is thatdted not depend
on the length of the vectors(o,, o) = s(@oq, op) for e > 0. This property
makes the cosine similarity widely used in text informatietrieval.

Jaccard coefficient:in its basic form it is defined as:

#(Oa N Ob)
#(Oa U Ob)

whereo, N oy, is the set of features in common betwegrando, ando, U oy,
is the total set of features (this approach assumes binatyrés). Many
variants of the Jaccard coefficient were proposed in theatitee. The most
interesting is the&Generalized Jaccard Coefficie(BJC) that takes into ac-
count also the weight of each term. It is defined as

J(ch Ob) =

ming™ ; (0a,i, 0b,;)

GJIC(04,0p) =

max!" ; (0q,i; 0b,i)

GJC is proven to be a metri€harikar, 2002 The Generalized Jaccard Co-
efficient defines a very flexible distance that works well witith text and
video data.

Minkowski distance: it is defined as:
m
Lp(oaa Ob) = (Z |0a,i - 0b,i|p)1/p
i=1

It is the standard family of distances for geometrical peaid. Varying the
value of the parameter, we obtain different well known distance functions.
Whenp = 1 the Minkowski distance reduces to the Manhattan distanme. F
p = 2 we have the well known Euclidean distance

m
L3(0a,05) = | Y (0ai — 0b)?

i=1
Whenp = o this distance becomes the infinity norm defined as:

Loo(04,0p) = I?igilX(Oa,ia b,

Pearson correlation: it is defined as follows:

P(on, 0p) = > he1(0ak — Ha)(obk — 1)

ay - )
\/ZZL(Oa,k — fta)? - \/Zgzl(ob,k — p)?

where i, and u;, are the means af, and oy, respectively. Pearson coeffi-

cient is a measure of similarity. In particular it computhe similarity of
the shapes between the two profiles of the vectors (it is Hmistoagainst
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outliers - potentially leading to false positive, assigntrigh similarity to a
pair of dissimilar patterns -, it is sensible to the shapermitto the mag-
nitude). To compute a distance, we defifig ,, = 1 — P(0q4,0p). Since
—1 < P(0q,by) < 1, for all o4, 0, we haved < d,, ,, < 2. This distance
is not a metric since both the triangular inequality and $sef-distance
(do, 0, = 0) do not hold. However, the square rootlef P(o,, o) iS propor-
tional to the Euclidean distance betwegnando, [Clarkson, 2008 hence
only the small self-distance condition fails for this vautizand metric space
methods can be used.

2.2 Clustering strategy

Clustering algorithms can be classified according with ndifigrent characteris-
tics. One of the most important is the strategy used by tharigihgn to partition the

space:
e Partitional clustering: given a seOD = {oy,...,0,} of n data objects, the
goal is to create a partitiof’ = {cy, ..., cx} such that:
- Vi€ [l,k] ¢ #0
- U§:1 ¢ =0
- Vi,j€[Lk]ANi#j ciNej =10
e Hierarchical clustering: given a seO = {o4, ..., 0,} of n data objects, the

goal is to build a tree-like structure (calleéndrogram H = {h1,...,hq}
with ¢ < n, such that: given two clusteks € h,, andc; € h; with ky
ancestor ofi,,,, one of the following conditions hold; C ¢j or¢; Ne; =0
foralli,57 #i,m,l € [1,q].

Partitional clustering is saidard if a data object is assigned uniquely to one

cluster,soft or fuzzy when a data object belongs to each cluster with a degree of

membership.

2.2.1 Partitional clustering

When the data representation and the distance fundtltave been chosen, parti-
tional clustering reduces to a problem of minimization ofigeg target function.
The most widely used are:

e K-center minimizes the maximum cluster radius
min max max d(z, Cj)

7 TEC)
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e K-mediansminimizes the sum of all the point-center distances

min Z Z d(z, pj)

J xEC

e K-meansminimizes the sum of squares of inter-cluster point-ceudisf

tances
miny" 3 (d(e 1)
J TEC
whereC' = {ci,..., ¢} arek clusters such thaf’; is the center of thg-th

cluster andy; is its centroid.
For all these functions it is known that finding the global mrinm is NP-hard.
Thus, heuristics are always employed to find a local minimum.

2.2.1.1 FPF algorithm for the k-center problem

As said in 2.2.1 one of the possible goal for partitional @igg is the minimiza-
tion of the largest cluster diameter solving theenter problem. More formally
the problem is defined as:

Definition 1. The k-centers problem: Given a setO of points in a metric space
endowed with a metric distance functidnand given a desired numbkof result-
ing clusters, partitiorO into non-overlapping clusterst,. .., Cy and determine
their “centers’cy, ..., ¢, € O so thatmax; max,cc; d(w, ¢;) (i.e. the radius of
the widest cluster) is minimized.

In [Feder and Greene, 1988 was shown that thé&-center problem is NP-
hard unless? = NP. In [Gonzalez, 1985; Hochbaum and Shmoys, 138®-
approximated algorithms are given.

We first describe the origin&urthest Point First(FPF) algorithm proposed by
GonzaleZ4Gonzalez, 1986that represents the basic algorithm we adopted in this
thesis. Then, in section 2.4 we will give details about thpriotmements we made
to reduce the running time and obtain a better clusteringjtgua

Basic algorithm Given a set) of n points, FPF increasingly computes the set of
centerse; C ... C ¢ € O, whereCy, is the solution to thé:-center problem and
Cy = {1} is the starting set, built by randomly choosingin O. At a generic
iteration1 < i < k, the algorithm knows the set of cent&rs | (computed at the
previous iteration) and a mappingthat associates, to each paing O, its closest
centeru(p) € C;_,. Iteration: consists of the following two steps:

1. Find the poinp € O for which the distance to its closest centép, 1.(p)),
is maximum; make a new center; and letC; = C;—; U {¢;}.

CLUSTERING 11
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2. Compute the distance of to all points inO \ C;_; to update the mapping
u of points to their closest center.

After k iterations, the set of centers, = {c,...,c;} and the mapping:
define the clustering. Clust€; is the set of point§p € O \ C}, such thatu(p) =
¢}, fori € [1, k]. Each iteration can be done in tim¥n), hence the overall cost
of the algorithm isO(kn). Experiments have shown that the random choice, of
to initialize C, does not affect neither the effectiveness nor the efficieriahe
algorithm.

FPF:

Data: Let O be the input set; the number of clusters

Result C, k-partition of O

C = z such thatr is an arbitrary element ap;

fori=0;i<k;,i++do

Pick the element of O \ C furthest from the closest elementdh
Ci=Ci=u;
end
forall z € O\ C do
| Letisuchthati(c;,z) < d(cj,x), Vs # i C;.append£);
end
Algorithm 1: The furthest point first algorithm for the-center problem.

2.2.1.2 K-means

The k-means algorithn{Lloyd, 1957 is probably the most widely used in the
literature. Its success comes from the fact it is simple tplément, enough fast
for relatively small datasets and it achieves a good qudltg k-means algorithm
can be seen as an iterative cluster quality booster.

It takes as input a roughtclustering (or, more precisel,candidate centroids)
and produces as output anotiteclustering, hopefully of better quality.

K-means, as objective function, attempts to minimize the sliime squares of
the inter-cluster point-to-center distances. More pedgighis corresponds to par-
tition, at every iteration, the input points into non-oegbing clusterg’;, ..., Cy
and determining their centroids, . . ., ux S0 that

k
Z Z (d((ﬂ, :u'j))2

:EEC]'

is minimized.

It has been showfSelim and Ismail, 1984that by using the sum of squared
Euclidean distances as objective function, the procedomgerges to a local min-
imum for the objective function within a finite number of iéions.

The main building blocks of-means are:
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¢ the generation of the initial £ candidate centroids In this phase an initial
choice of candidate centroids must be done. This choiceitic trecause
both the final clustering quality and the number of iteradioeeded to con-
verge are strongly related to this choice. In the next seeti@will survey the
most important initialization strategies. A more complstevey and com-
parison can be found iiBradley and Fayyad, 1998; Peé@gal., 1999.

¢ the main iteration loop: In the main iteration loop, given a set éfcen-
troids, each input point is associated to its closest ciehtemd the collec-
tion of points associated to a centroid is considered as sietluFor each
cluster, a new centroid that is a (weighted) linear commabf the points
belonging to the cluster is recomputed, and a new iteratanss

¢ the termination condition: Several termination conditions are possible; e.g.
the loop can be terminated after a predetermined numbeetibns, or
when the variation that the centroids have undergone inasieiteration is
below a predetermined threshold.

The use ofk-means has the advantage that the clustering quality iglistea
enough good in different settings and with different datsisTnakes:-means the
most used clustering algorithm. Due its importance, there vast literature that
discusses its shortcomings and possible improvementg toasic framework.

A lot of efforts was spent to reduce tlhkemeans computational time that de-
pends on the size of the dataset, the number of desired rdlumte the number
of iterations to reach convergence. Some methods attenusetolever data struc-
tures to cache distancgSlkan, 2003; Smellie, 20Q4others exploit the triangular
inequality for avoiding distance computatiof®hillips, 2002. For small datasets
or when only few iterations are enough to achieve the desitgput quality, the
performance ok-means is acceptable, but for nowadays needs clusterimghas
become a shortcoming (i.e. in chapter 6 we will see that férthGusand of docu-
ments and 1000 clusters;means running time is of the order of a week).

Another well-known shortcoming is that some clusters mayhbee empty dur-
ing the computation. To overcome this problem, the “ISODATFou and Gonza-
lez, 1977 technique was proposed. Essentially when a cluster becemesy,
ISODATA splits one of the “largest” clusters so as to keepribmber of clusters
unchanged.

Initialize k-means Essentiallyk-means accepts as input an initial clustering that
can be made with any clustering algorithm. It is well-knovimattthe quality of
the initialization (i.e. the choice of the initial centroids) has a deep impact on
the resulting accuracy. Several methods for initializingheans are compared in
[Bradley and Fayyad, 1998; Pe@gal., 1999. The three most common initializa-
tions are:

"Note thatk-means is defined on vector spaces but not in general on raptiies, since in metric
spaces linear combinations of points are not points themsel
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RC The simplest (and widely used) initialization femeans is the one in which
the initial centroids are &xdomly Ghosen among the input points and the
remaining points are assigned to the closest centroid. &hdting clustering
is often referred asandom clustering

RP In the Rindom_Prturbation, for each dimensiaf} of the space, the distri-
bution of the projections od; of the data points is computed, along with its
meany; and its standard deviatian;; the k initial centroids are obtained
throughk perturbations, driven by the;’'s ando;’s, of the centroid of all
data pointdPefiaet al,, 1999.

MQ MacQueen’s[MacQueen, 1967proposed a variant df-means: the initial
centroids are randomly chosen among the input points, amdetimaining
points are assigned one at a time to the nearest centroiccaatdsuch as-
signment causes the immediate recomputation of the cdninadlved. Then
k-means is initialized with the resulting clustering. Sintc&as experimen-
tally shown that this initialization achieves generallyand quality in con-
siderably less time thakr-means, this initialization is often used in place of
the standard-means and it is often referred ase-pass-means.

2.2.1.3 PAM: partition around medoids

Partition around medoidEKaufman and Rousseeuw, 199@as introduced by
Kaufman and Rousseeuw. PAM introduces the concephedoid A medoid is
a point of the input, it means that PAM is particularly suieam all those cases
in which the concept of centroid in not well defined. Moregwemany cases, the
more the number of objects increase, the less centroidsttebe representative;
instead medoids are not affected by this problem.

PAM builds ak-clustering and it can be described as follolidgy and Han,
1994:

1. Select a set df random input object® = {o4,... 0},
2. for each input object ¢ O compute the cost functiohC'(x, o;),
3. select the pair of objectsando; that minimizeT'C,

4. if TC(z,0;) < 0 replaceo; with z and restart from step 2.

The final clustering is obtained using the objegetss cluster centers and as-
signing the input points to the cluster with the nearestarent

PAM is computationally expensive, in fact there &ne— k) different pairs of
object for each of thk medoids. It means that for each iteratidd’ is computed
k(n — k) times. Due to its computational cost, many variations antbpmance
improvements were proposed in the literat[ifbang and Couloigner, 2005
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2.2.1.4 SOM: self organizing maps

Self organizing Map$Kohonen, 200llwere introduced by Teuvo Kohonen as sub-
type of artificial neural networks used to produce low dinemsl representation
of the training samples while preserving the topologicalparties of the input
space.

INPUI VALUES

WEIGHT
MATRIX FEATURE MAP

Figure 2.1. A simple 3 x 3 self organizing map.

A self-organizing map is a single layer feed-forward netwydnat is a network
without direct cyclic paths. Neurons are arranged in a lowetisional grid (typ-
ically two-dimensional or tridimensional). Each neurors lagsociated a vector of
weightsw; = {wj1,...,w;m} of the same size of input vectors. There are two
main ways to initialize the weights vectors:

e using small random values,

e using a random perturbation from the subspace spanned hwthiargest
principal component eigenvectors. This initializationsvgiown to speed up
the training phase of the SOM because they are already a gpovdxdma-
tion of the SOM weights.

Self-organizing maps work in two phases:

e training: the training phase can be seen as the process in which the sel
organizing map attempts to adapt the weight vectors of iesdo the train-
ing data. For this purpose a large humber of examples mustcm finput.

If a training set is not available the input data are ofterdusdrain the net-
work. The training algorithm is based orcampetitive learningapproach:
when a new sample(t) is presented to the network it is compared with all
the weights vectors and the neuron with closest weight vectdled Best
Matching Unit) is selected (i. e. the neurbsuch thainin; d(z(t), w;)). The
weight vector of the BMU and its neighbors, are modified agdirwy with the
sample. More formally lef the BMU ande a generic neuron of the SOM.
Let h(e,i) be a proximity function between the two neurons andt) be
the value ofw, at the epochi. The weight vector of the generic neureris
updated according with the following:
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We(t + 1) = we(t) + a(t) x hie, i) = (x(t) — we(t))
wherea(t) is a monotonically decreasing learning coefficient.

e mapping: in this phase the input vectors are simply assigned to isest
neuron. Borrowing the terminology df-means the nodes of the network
in this phase play the same role of centroids. It is intemgsto note that
the number of clusters in output depends on the number obnsun the
network. This means that the structure of the SOM drastigafluences the
clustering results.

Learning:
Data: the SOMM = {m;Vj < TOTNoges }, (t), h(—, =),
X = {m(t)Vt < TOTSample}
Result the trained SOMV/
forall m € M do
| initialize (m);
end
fort =1;t < TOTsqmpie; t + + do
i = argmin; d(x(t), m;);
forall m, € M do
| me(t+1) =me(t) + alt) * he,i) * (x(t) — me(t))
end
end
return M;

Mapping:
Data: the SOMM = {m;Vj < TOTNoges }» X = {x(t)Vt < TOTsqmpic }
Result The clustering”
for i =1;t < TOTnNoges; t + + dO
| Ci=0;
end
fort =1;t < TOTsqmpie; t + + do
i = argmin; d(x(t), m;);
CZ' = CZ U x(t)
end

return C} _ o .
Algorithm 2: The self-organizing map algorithm.

In the case in which the size of input vectors is higher thanrtbmber of
nodes in the output grid, SOM becomes a powerful tool to makesionality
reduction[Tanet al, 2009 (Feature selection).
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2.2.2 Hierarchical clustering

The main difference between partitional clustering anddnihical clustering con-
sists in the fact the latter does not limit only in grouping tiata objects in a flat
partition, but it also arranges the data into a tree likecstme. This structure is
known asdendrogram Each data object is assigned to a leaf of the tree, while
internal nodes represent groups of objects such that fdr pait of elements in
such group, their distance is within a certain thresholde Tdot of the dendro-
gram contains all the objects. A flat clustering can be eakitgined by cutting the
dendrogram at a certain level.

An important characteristic of hierarchical clusteringhiat it requires the com-
putation of theproximity matrixthat is the squared matrix of the distances between
all the pairs of points in the data set. This makes the timespade complexity of
this family of algorithms at least quadratic in the numbedafa objects. In recent
years, a lot of effort was done to improve the hierarchicabkigring algorithms
performances and make them suitable for large scale dataBgiical example
are: BIRCH[Zhanget al., 1996 and CUTE[Guhaet al., 1999.

The two main strategies for hierarchical clustering are:

e Divisive: in this case the dendrogram is built from the root to thedehfi-
tially all the n objects are in the same cluster. A series of split operations
is made until all clusters contains just a single elemeng glitting opera-
tion is made by computing all the distances between the péiobjects in
the same cluster and selecting the two diametral pointseissthen all the
points in the group are assigned to the closest seed.

e Agglomerative: the dendrogram is built from the leaves to the root. At the
beginning each object is inserted in a cluster (that reptegdeaf of the
dendrogram), than a series of merge operations is madealirttile points
belong to the same cluster. Since the data objects arel each merge oper-
ation reduces the number of objects of one unit; 1 merge operations are
needed. It is important to note that the operations of magenade between
the two closest entities (either objects or clusters). Aamodf cluster-cluster
distance and cluster-object distance must to be defined.

2.2.2.1 Divisive clustering

As mentioned in section 2.2.2, hierarchical divisive auisty algorithms start with
considering the whole input set as a single cluster thaeisdbt of the dendrogram.
Before to start the procedure, a threshold distance mushbsea. Once this is
done, hierarchical divisive clustering proceeds as fatlow

¢ the proximity matrix)M is calculated and for each cluster and the furthest
pair of objects is selected,
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e if the cluster satisfies the algorithm splitting criterighe. the distance be-
tween the diametral pair is higher than a certain threshibld)cluster is
divided into two clusters by using the pair selected in thevimus step as
seeds,

e when no more clusters must to be splitted, the algorithmsstop

One of the most important issues in divisive hierarchicastgring is the choice
of the splitting criterion[Savareskt al., 2004. The following strategies are typi-
cally usedKarypiset al., 1999:

e each cluster is recursively splitted until each subclustertains exactly one
element. In this case a complete tree is obtained. The maangabe of this
method is that a complete tree is obtained. The main distayans that the
final clustering quality is not taken into account by thisestia.

e The cluster with the largest number of elements is splittésing this ap-
proach a balanced tree is obtained.

e The cluster with the highest variance with respect to itatiasd” is splitted.
This is a widely used method to choose the cluster to splabseit is related
to the distribution of the elements inside the cluster.

2.2.2.2 Agglomerative clustering

As mentioned in section 2.2.2, hierarchical agglomeratiustering attempts to
cluster a set ofi objects providing also a tree like structure built from thaft to
the root.

In the merging operation the two closest entities of the degrém (leafs or
internal nodes) are joined into a single entity. Considglaafs as clusters contain-
ing only an element, the notion of inter-cluster distancenine defined. There are
many different possibilities for this choice. The most coomones are based on
a linkage criterion (i. e. the distance between two clustethe distance between
two points that are associated to them in such a way). GiverctustersC; and
C; we have:

e Single linkage d(C;, C;) = minyec,qec; d(p,q) is the distance between
the closest pair of objects from different clusters. Thighrod has the draw-
back that it tends to force clusters together due to a sirgjlegb close ob-
jects regardless of the positions of the other elementsarrlisters. This is
known aschaining phenomenon
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Figure 2.2. Single linkage criterion.

e Complete linkage d(C;,C;) = maxyec,qec; d(p,q) is the distance be-
tween the farthest pair of objects from different clustd@itis method tends
to make more compact clusters, but it is not tolerant to ndéetg.

Figure 2.3. Complete linkage criterion.

e Average linkage d(C;, C;) = Wl\c]\ >opec: 2oqec, d(p, q) is the mean of
the distance among all the pairs of objects coming from wdifie clusters.
This method is more robust with respect to the previous anefact the
impact of outliers is minimized by the mean and the chainihgnmmenon
is typically not observed.

Figure 2.4. Average linkage criterion.

Single linkage and complete linkage can be generalizedgggested by Lance
and Williams in[Lance and Williams, 1947using the following formula:

d(Cy, (Cy, Cy)) = d(Cy, C;) + ad(Cy, Cy) + Bd(Cy, Cj) +
+7y ‘ d(Cl,C,') — d(Cl,Cj) ’ (2.1)
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whered is the distance between two entiti€€/;, C;) is the cluster coming
from the union ofC; andC}; and the four parameters;, «;, 3, v, depend on the
specific strategy used. Note that when= «o; = 1/2, 3 = 0 andy = —1/2,
formula (2.1) becomes

d(Cla (027 Oj)) = min(d(cb Cz)v d(Clv CJ))

that is the single linkage formula. Instead, the choicevof= ; = v = 1/2 and
[ = 0 makes (2.1) be

d(Cy, (Cy,Cy)) = max(d(Cy, C;), d(Cy, C;))

that is the formula of complete linkage.
The hierarchical agglomerative clustering algorithm carstoammarized by the
following procedure:

1. Initialize the proximity matrix\/ such that)/; ; is the distance between the
i-th and thej-th entity

2. Findi andj such that # j andVh, k: h # k, M; ; < My, 1,
3. JoinC; andC; and updatel/ accordingly

4. Repeat from step 2 until all the clusters are merged

2.2.3 The choice of the number £ of clusters

All the algorithms we considered in this chapter are not &btiscover the number
of groups in which the hidden structure of the input set sthddl divided. For all
the described algorithms, the number of clusters is patieirtput. In some cases,
like SOMs, the choice ok is subjugated to the algorithm constraints. It is clear
that the final clustering quality is strongly dependent fithia choice. In fact, a too
large number of clusters can have the effect to complicaeaittalysis of results,
while too few clusters can lead to information loss or inaatel modeling.

Many different techniques were proposed in the literatorénd the “right”
value fork; the most common approaches are based on: the construttiatiaes
that take into account properties like homogeneity, seéjparand silhouette (a
survey of some of them and an evaluation of their performaiges be found in
[Milligan and Cooper, 1993; the optimization of some probabilistic functions and
heuristics.

It is also important to note that all those methods, basechercomputation
of indices or on the optimization of probabilistic functggrmust be applied to
many choices of. This makes desirable to have clustering algorithms ahiestice
clusters incrementally without the need to knévin advance and to backtrack if
needed. To this aim divisive hierarchical clustering an& BFRe more flexible with
respect tok-means and SOMs.
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2.2.3.1 Stability based techniques

We describe here in more details the stability based tedenipsed on the pre-
diction strength method (developed by Tibshirani efTabshiraniet al., 2009)
to estimate the numbdr of clusters. Then we describe an efficient variant of this
schema applied to the FPF algorithm as we adoptderaciet al., 2007. This
approach can be used efficiently for all the incrementaltetuslgorithms such as
the divisive hierarchical clustering.

To obtain the estimate of a good valuekfthe method proceeds as follows.
Given the seO of n objects, randomly choose a samplgof cardinality .. Then,
for increasing values of (t = 1,2, ... ) repeat the following steps:

1. using the clustering algorithm, cluster bath, = O \ O, andO, into ¢
clusters, obtaining the partitiorts,(ds) andC,(r), respectively;

2. measure how well theclustering ofO,. predicts co-memberships of mates
in Oy (i.e. count how many pairs of elements that are mates; (ds) are
also mates according to the centergpfr)).

Formally, the measure computed in step 2 is obtained aswellGivent, clus-
teringsC;(ds) andCy(r), and objects; ando; belonging toO;, let D[i, j] = 1 if
o; ando; are mates according to bofl)(ds) andCy(r), otherwiseD|i, j] = 0. Let
Ci(ds) = {Cy1(ds),...,Cit(ds)} , then the prediction strengtiS(t) of Cy(ds)
is defined as:

. 1 .
PS(t) = I s € Coalds) EC% | _<'D[z,J] (2.2)
2,] t,1(aS8),1<]

where the number of pairs i ;(ds) is given by its binomial coefficient over
2. In other words,PS(t) is the minimum fraction of pairs, among all clusters in
Cy(ds), that are mates according to both clusterings, heéng€) is a worst case
measure. The above outlined procedure terminates at tpestavalue oft such
that PS(t) is above a given threshold, settihgequal to such.

We now describe the modified version of the stability basebrtigjue we ap-
plied to FPF in[Geraciet al,, 2007. Note that this modified procedure depends
only on the ability of the clustering algorithm to createstkrs one by one. We
first run the clustering algorithm of,. up to¢ = u, storing all the computed cen-
terscy,...,c,. In a certain sense, the order in which centers are selegtédBb,
is used as a sort of ranking of the points(@f. In the case of using FPF this step
costsO(u|O,[) = O(1?).

We then cluster the input sé,;;. Suppose at stepwe have computed the
clustersC; 1 (ds), ..., C:+(ds) and suppose, for eache Oy, we keep the index
i(o, t) of its closest center among, . . ., ¢;. Such index can be updated in constant
time by comparingi(o, ¢, ;1)) With d(o, ¢), i.e., the distance af from the “cur-
rent” center and that to the new centgrNow, for eachCl ;(ds), I € [1,...,t] we
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can easily count in timé&(|Cy;(ds)|) the number of elements that are closest to
the same center;, j € [1,...,t], and finally compute the summations in formula
2.2intimeO(|Oys).

After the last iteration, we obtain the clustering@by simply associating the
pointscy, . . ., ¢, to their closest centers i, (ds). The overall cost of the modified
procedure using FPF as clustering algorithr®ig:? + k(n — p) + kp) = O(kn)
for p = O(nl/z). Note that, differently from the original technique, westhis
procedure at the first value ofsuch thatPS(t) < PS(t — 1) and setc =t — 1.

In [Geraciet al, 2007 we have empirically demonstrated that this choice of the
termination condition gives good results.

2.3 Clustering validation

Since the clustering task has an ambiguous definition, gesament of the quality
of results is also not well defined. There are two main phjpbsss for evaluating
the clustering quality:

e internal criterion : is based on the evaluation of how the output clustering
approximates a certain objective function,

e external criterion: is based on the comparison between the output clustering
and a predefined handmade classification of the data aaiteshd truth

When a ground truth is available, it is usually preferablaise an external
criterion to assess the clustering effectiveness, bedadsals with real data while
an internal criterion measures how well founded the clusgeis according with
such mathematical definition.

2.3.1 Internal measures

There is a wide number of indexes used to measure the overditygof a cluster-
ing. Some of them (i.e. the mean squared error) are also ssgohfunctions for
the clustering algorithms.

2.3.1.1 Homogeneity and separation

According with the intuition, the more a cluster containsrnegeneous objects the
more it is a good cluster. Nevertheless the more two clustersvell separated the
more they are considered good clusters. Following thetiotyihomogeneity and
separatior Shamir and Sharan, 20pattempt to measure how compact and well
distanciated clusters are among them.

More formally given a set of object8 = {0y, ..., 0, }, we denote wittf(o;, 0;)
the similarity of the objects; ando; according to a given similarity function. We
say thaip; ando; are mates if they belong to the same cluster. We define:
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Homogeneity of a clustering: the average similarity between mates.Akbe
the number of mate pairs:

che - M Z S(Oiaoj)

0;,0; mates,i<j

Separation of a clustering: the average similarity between non-matassM is
the number of mate pairs, the number of non-mates pairs endiyn(n —
1)/2 — M.

2
Save = nin—1) —2M Z 5(0:,05)

0i,0; non—mates,i<j

Observe that the higher homogeneity is, the better theeringt is. Analo-
gously, the lower separation is, the better the clustesng i

Alternative definition can be given using distances instefagimilarities. In
this case a better solution is given with a higher separaimha lower homogene-
ity.

Finally, homogeneity and separation can be approximatatiagcdhey can be
calculated in linear time with the numberof objects (instead of quadratic). Given
a clusteringC = {C1, ..., Ck}, leter(t) be the center (or centroid) of clustéf:

k
Hap;m"om = %Z Z S(Oi,CT‘(t)),

t=1 0;€C4

1
S T Ci||CL|S (er(t), cr(z)).
oppror = S o] él 1C2 S (er(t), er(2))
Again, these measures can be expressed in terms of distastesd of simi-
larities.
These two measures are inherently conflicting, becauseatjypian improve-
ment on one will correspond to a worsening of the other.

2.3.1.2 Average silhouette

Another measure that is worth calculate for a given clustgis theaverage silhou-
ette[Rousseeuw, 1987for each element we compute a quantity, called silhouette,
that gives an indication of how well the element fits into thester it is assigned to.
The silhouette is based on homogeneity and separationjiicydar we compute
the homogeneity of the element with the elements in its etushd the separation
of the element with the closest cluster (among the otherghi$ way we can see if
the element is well placed or if it is better placed in anottiaster. The silhouette

of objecto; that belongs to cluster € C is given by:
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. b; — a;
sil(o)) = ————
(0i) max{a;, b;}’
whereaq; is the average distance of to the elements in its cluster, whilg is
the average distance of to the elements of the closest cluster. In formulas:

1
a; = HZd(OZ‘,Oj)

oj€c

|
b — ; il d(0:. 0
o= L > d(oi,05)

. /
oj€cC

(The valuesa; andb; can be approximated using the centers (or centroid) of
clusters, in the same way as for homogeneity and separation)

Observe that for each elementwe have—1 < sil(o;) < 1 and that whenever
o; fits in its cluster, them; > a; andsil(o;) > 0, while if o; fits better in another
cluster, then we havig < a; andsil(o;) < 0.

To measure the quality of the whole clustering we useatl@rage silhouette

sil(C) = % Z sil(0;).

1En

The higher this value is, the better the clustering is.

1. Asingleton{o;} has silhouette equal to one because- 0 andb; > 0 (each
element fits well in a cluster by its own).

2. If there is only one big cluster then for eaghe n we havesil(o;) = —1,
because); = 0 anda; > 0 (no element fits well in a cluster with all other
elements).

The silhouette is not only used for assessing the clusteypiraity but can be
helpful to guide the clustering task in many ways:

1. Given a cluster, the elements with lower silhouette migghexcluded from
the cluster to have more homogeneous clusters.

2. Given two clusterings of the same set of objects, done tvélsame cluster-
ing algorithm, but with different number of clusters, theeamith higher av-
erage silhouette is preferable to the one with lower avesdgeuette. Thus,
it can be used to decideg the number of clusters in the clusteridgamrous
and Tailerb, 2006 Experiments show that silhouette index is not very useful
for this purpose.
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2.3.2 External measures

In the following, we denote wittGT'(S) = {GT1,...,GT}} the ground truth
partition formed by a collection aflassesand withC' = {¢y, ..., ¢; } the outcome
of the clustering algorithm that is a collectiondéisters

2.3.2.1 F-measure

The F-measure was introduced [ioarsen and Aone, 199%nd is based on the
precisionandrecall that are concepts well known in the information retrievarh
ature[Kowalski, 1991, [Van Rijsbergen, 1999Given a cluster; and a clas&:T;
we have:

|GTi N ¢
|51
Note that precision and recall are real numbers in the réhge. Intuitively

precision measures the probability that an element of tass¢lT; falls in the

clusterc; while recall is the probability that an element of the clustgis also an

element of the clas§’T;. The F-measuré'(GT;, ¢;) of a clusterc; and a class:T;
is the harmonic mean of precision and recall:

GTiij‘

precision(GT;, cj) = recall(GT;, ¢j) = | GT,

precision(iGT cj)recall(GT;, ;)
precision(GT;, ¢j) + recall(GT;, ;)
The F-measure of an entire clustering is computed by theviiatig formula:

F(GTIZ‘,CJ') =2

GT;
=Y ot o),

wheren is the sum of the cardinality of all the classes. The valug€ @ in the
range[0, 1] and a higher value indicates better quality.
2.3.2.2 Entropy

Entropy is a widely used measure in information theory. lrutsinell we can use
the relative entropy to measure the amount of uncertairdy we have about the
ground truth provided the available information is the caiepl clustering. Given
a clusterc; and a clasg-7;, we can define

o 1GTing]
p’l7j - ‘Gz—;‘ )
Ej = pijlogpi;,

3
¢
="l
s
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wheren is the number of elements of the whole clustering. The vafug is in the
range[0, log n] and a lower value indicates better quality.

2.3.2.3 Accuracy

While the entropy of a clustering is an average of the entadjsingle clusters, a
notion of accuracy is obtained using simply the maximum aiger

Aj= miaxpm

|4
A= A;.
2 A
J
The accuracy is in the rangd0, 1] and a higher value indicates better quality.

2.3.2.4 Normalized mutual information

Thenormalized mutual informatio(see e.glStrehl, 2002, page 11)) comes from
information theory and is defined as follows:

B 2 , P(c,d)
NMI(C,GT) = g |CTIGT C;C;Tp(c,c) log 5 B

where P(c) represents the probability that a randomly selected objebie-
longs toc, and P(c, ¢’) represents the probability that a randomly selected object
o, belongs to botkr and¢’. The normalization, achieved by tlﬂ%% factor, is
necessary in order to account for the fact that the cardiesiofC' andGT are in
general differenfCover and Thomas, 1991

Higher values ofN M I mean better clustering qualiti)y M [ is designed for
hard clustering.

2.3.2.5 Normalized complementary entropy

In order to evaluate soft clustering, thermalized complementary entrofitrehl,
2002, page 1d8is often used. Here we describe a version of normalized aampl
mentary entropy in which we have changed the normaliza@eotof so as to take
overlapping clusters into account. The entropy of a cluster C'is
|GT|
|GTkﬂCj| |GTkﬁCj|
E; = — log
=2 |GTy| |GTy|

k=1
The normalized complementary entropycgfis
Lj
log |GT|

NCE(C],GT) =1-
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NCE ranges in the interval, 1], and a greater value implies better quality of
c¢;. The complementary normalized entropy @fis the weighted average of the

contributions of the single clusters @. Letn’ = Z'fé‘l lc;| be the sum of the
cardinalities of the clusters @f. Note that when clusters may overlap it holds that
n’ > n. Thus
IC]| o]
NCE(C,GT) Z SINCE(e, GT)

Jjel

2.4 Improving the FPF algorithm for the k-center
problem

One of the mayor effort we did in this thesis was devoted toraw the Furthest
Point First algorithm from both the computational cost poihview and the output
clustering quality. Since theoretically the FPF algoritamproposed by Gonzalez
[Gonzalez, 198bis optimal (unlessP = N P), only heuristics can be used to
obtain better results and, in the worst case, it is not ptessibgo behind the the-
oretical bounds. We profiled FPF and analyzed the most catipnél expensive
parts of the algorithm. We found that most of the distancepmaation are devoted
to find the next furthest point. We observed that there arescsisch that some dis-
tance computations can be avoided without changing thediustering algorithm.
In section 2.4.1 we describe our results in this sense. ARfering quality can be
improved modifying part of the clustering schema. In sect4.2 we describe
an approach that use the random sampling technique to imtastering output
quality, we call this algorithm M-FPF. Another crucial sttmmings of FPF is that
it selects a set of centers not representative of the chisthis phenomenon must
be imputed to the fact that, when FPF creates a new centetgeitts the furthest
point from the previous selected centers and thus the netgroesm likely be close
to a boundary of the subspace containing the data set. Toawerthis problem in
section 2.4.3 we modify M-FPF to useedoidsinstead of centers. Other domain
specific modifications to FPF will be presented in chaptensdba

2.4.1 Exploiting the triangular inequality to improve the FPF
speed

We observed that most of the running time of the FPF algorithrdevoted to
compute distances for finding the closest center to each.pddiore precisely at
a generic iteration < i < k, after finding the centen, n — k distances must
be computed to decide whether or not to assign a point to tweceater. If this
is done in a straightforward manner it tak@én) time per iteration, thus the total
computational cost of the algorithm @(nk).
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Exploiting the triangular inequality, in certain condit®®we can avoid to com-
pute the distances among all the points in a cluster and thecapter being sure
that they are closer to their center. Unfortunately the woase time complexity
still remain O(nk) because the number of saved distance computations depends
on data distribution and thus, it can not be predicted in adeaThe modifications
discussed here do not change the FPF output, they only speeé algorithm. In
chapter 5 we will discuss some approximations to speed uplgwithm which
are data driven and thus not widely applicable. We modifiedatlqorithm as fol-
lows: consider, in the FPF algorithm, any centgand its associated set of closest
pointsC;. StoreC; as a ranked list, in order of decreasing distance; t&Vvhen a
new center; is selected, scaf in decreasing order of distance, and stop scanning
when, for a poinp € C;, it is the case thai(p, ¢;) < %d(cj, ¢i). By the triangular
inequality, any poinf that satisfies this condition cannot be closertdhan to
¢;. This rule filters out from the scan points whose neighbomoaipossibly be
c;, thus significantly speeding up the identification of neigtsb Note that all dis-
tances between pairs of centers must be available; thissengh added (k?) cost
for computing and maintaining these distances. Note thaitntlodified algorithm
works in any metric space, hence in any vector space

In the remainder of this thesis, when we will refer to FPF, weamthis version
of the algorithm since the final output is identical to thatrad original one.

2.4.2 Using a random sample

The efficiency of the algorithm is further improved by applyiFPF algorithm not
to the whole data set but only to a random sample of size v/nk of the input
points (sample size suggested/indyk, 1999). Note that given that < n, it is
always true that' < n. Then we add the remainin@ — »’) points to the cluster
of their closest center, one by one.

Figure 2.5. Exploiting the triangular inequality.

Also in the operation of insertion of thg: — n’) remaining points, the bot-
tleneck is the time spent computing distances to the poinheéoclosest center.

2\We recall that any vector space is also a metric space, buiceversa.
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According with [Phillips, 2002 this operation can be made more efficiently ex-
ploiting the triangular inequality (see figure 2.5), evernhi& worst case running
time does not change.

Consider to have available the distances between all the picenters of the
clustering. Letp be the new point to be inserted in the clustering, by the gran
lar inequality if £d(c;, ¢c;) > d(c;,p) thend(c;,p) < d(cj,p). It means that the
computation of the distana§c;, p) can be safely avoided. Note that the distances
between each pair of centers is available in this phase bedhey were already
computed for the optimization described in section 2.4.&.Will refer to this al-
gorithm as M-FPF.

M-FPF:

Data: Let O be the input set; the number of desired clusters

Result C: a k-partition ofO

Initialize R with a random sample of siz¢/|O|k elements oD;

C =FPF(R, k);

forall C; € C do

| ;= getCenter;);
end
forall pin O\ R do
| assignp to clusterC; such that(p, ;) < d(p, p1;),Vj # 1;
end
Algorithm 3: M-FPF.

2.4.3 Using medoids as centers

The concept of medoid was introduced by Kaufman and RousseelKaufman
and Rousseeuw, 19P0Medoids have two main advantages with respect to cen-
troids: first of all, they are elements of the input and notifigial” objects. This
make medoids available also in those environments in wiiielconcept of cen-
troid is not well defined or results artificious. Neverthslda many environments
(i.e texts) centroids tends to become dense objects witblarhumber of features
more of which of poor meaning. This makes centroids to lopeesentativeness
and compute distances with them becomes more expensiveregpect to dis-
tances between “normal” objects.

The main drawback of the original definition is that the austg algorithm
(Partition Around Medoids) and the computation of medosdsxipensive. As illus-
trated in section 2.2.1.3 to overcome this disadvantage whéferent re-definitions
of medoids were introduced in the literature.

In the context of the Furthest Point First heuristic whemnasanput points are
elected as cluster centers and are used to determinate wpichpoints belong
to the cluster, the restrictions of the use of centroids atepnesent. However,
we observed that, although the objects selected from FPE&mdsrs determine the
points belonging to the cluster, they are not “centers” sgbnse suggested by the
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human intuition.

Figure 2.6. An example of clustering made using FPF.

Figure 2.6 shows a clustering with three clusters. The festearc; is central
also in the human sens&. is the furthest point frona;. It can be easily observed
that according to the human feeling it is not in the centethefcluster it defines.
The same holds fof;.

This fact can impact negatively on the final clustering dyaliMoreover we
will see in chapter 5 that there are applications in which ve@tto use the center
as a representative point of the cluster. In that easedcs are not a good choice.

To understand how centers as defined in the original FPFidigocan not be
representative, consider the example in figure 2.7:

Figure 2.7. An example with two clusters made by FPF, in gray the ground
truth.

In the figure there are two clusters. The two gray filled cBadlepresent the
expected correct clustering. Due to the choice-oés the furthest point fromy,
the obtained clustering is the one formed from the two balth wentersc; and
co respectively. This has as side effect that some pointsetinréhis example) are
assigned to the wrong cluster. The error is due to the chdiegtbat is not a good
candidate to be a center. Starting from this observationyseel medoids instead
of centers in our evolution of the FPF heuristic.
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Our definition of medoid is quite different from those presiarthe literature.
In fact we want to make the computation of medoids the moreieffi as possible,
and in certain cases quickly approximable.

Given a set ofn pointsO = {oy,...,0,} endowed with a distance function
d(), let(a,b) = argmax, ,co2 d(,y) two diametral points fo©. We say that the
pointm € O such that

m = arg mllol ’d(oia CL) - d(0i7 b)’ + ’d(OZ’,CL) + d(0i7 b) - d(a7 b)‘
0; €

is the medoid ob.

This formula is composed by two main componem$o;, a) — d(o;, b)| con-
straints the medoid to be as equidistant as possible fromidimeetral points, while
|d(0i,a) 4 d(o;,b) — d(a, )| attempts to select the closest possible point to the di-
ametral pair.

The medoid formulae can be generalized via weighting thecovoponents

m = arg mein ald(o;,a) — d(o;,b)| + B|d(0;, a) + d(0;,b) — d(a,b)|  (2.3)
wherea and are real numbers and+ 3 = 1.

According with this definition, the computation of the madi® quadratic in
the number of points ad. In fact, one should compute the distance between all the
possible pairs of objects of the input in order to find the ditrad points. Following
[Omer Egeciolu and Kalantari, 198®is possible to find a good approximatian
andb in linear time using the following search schema:

1. select arandom poipte O
2. in O(n) find the furthest point fronp and call ita

3. inO(n) find the furthest point froma and call itb

Note that the: distances computed in the step 3 can be stored and used for the
computation of formula (2.3).

According with the clustering strategy described in secfiod.2, every time
a new pointp is inserted in a cluster, the medoid should be updated. Trishe
unacceptable for its computational cost. If the new pointds diametral, update
can be done just computing(p, a) andd(p,b). Otherwise all the distances must
be recomputed. This effort can be reduced using anothepzipmation: if for ex-
ampled(p, a) > d(a,b) andd(p,a) > d(p,b), one can consider as new diametral
pair the couplga, p). This allow us to avoid the re-computation of the diametral
points and, by keeping updated a cache of all the distande&er each diametral
point and all the other points, also the distances comutdietweern: and the
other points of the input set can be saved. Using this appration it is possible
to update a medoid at the costrotlistance function invocations instead3ef. We
will refer to this algorithm as M-FPF-MD.
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A further approximation of the medoid computation is stidsgible. Although
it reduces drastically the cost during the update procedure quite rough and
should be used only in those online contexts where computatiime makes the
difference, or in those environments where there is a hugauatrof redundant
data. After the first time in which we find, b and the medoidn, when a new
point p is inserted in the cluster, the update of the medoid can be deimg the
following procedure:

e if d(p,a) > d(a,b) Nd(p,a) > d(p,b) discardb and replace it wittp
e if d(p,b) > d(a,b) Ad(p,b) > d(p,a) discarda and replace it wittp
e if d(a,b) > d(p,a) Ad(a,b) > d(p,b):

— if |d(p,a) — d(p,b)| + |d(p,a) + d(p,b) — d(a,b)| < |d(m,a) —
d(m,b)| + |d(m,a) + d(m,b) — d(a,b)| discardm andp become the
new medoid

— otherwise discarg

After the first initialization, this procedure requires wrthe computation of
two distances. In chapter 5 we will use successfully thisragmation for the
generation of static storyboards from HSV vectors.

M-FPF-MD:

Data: Let O be the input set; the number of desired clusters

Result C: a k-partition of O

Initialize R with a random sample of siz¢/|O|k elements of);

C =FPFK(R, k),

forall C; € C do
t; = getRandomPoint((;);

a; = ¢; such thatmax d(c;, t;) for eache; € Cy;

b; = ¢; such thatmax d(c;, a;) for eache; € C;;

m; = ¢; such that

min ’d(CZ‘, CLZ‘) — d(CZ‘, bz)’ + ’d(CZ‘, CLZ‘) + d(CZ‘, bl) — d(a,-, bz)‘,
end

forall pin O\ R do

assignp to clusterC; such thatd(p, m;) < d(p, m;),Vj # i;
if d(p, bz) > d(a,-, bl) then q; = P,

if d(p, ai) > d(ai, bl) then b; = D,

if d(p, bz) > d(a,-, bl) or d(p, CLZ') > d(ai, bl) then

m; = ¢; such that

min |d(c;, a;) — d(c;, bi)| + |d(ci, ai) + d(ci, bi) — d(as, bi)l;
end
end

Algorithm 4 : M-FPF-MD.
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Chapter

Text document clustering

Abstract

Dealing with text documents is one of the foremost issuegsformation re-
trieval. In this context, clustering plays a strategic rdlarge text document cor-
pora have become popular with the growth of the Internet Bedliécrease of price
of disk storage space and connection band-width.

Dealing with text documents is a hard task. This is due to siatni@sic char-
acteristics of human languages. For example, the same vaordhave different
meanings according with the context in which it is referfddreover the prefix or
suffix of a word can vary in different contexts. All the peeuities of human lan-
guages motivate the effort of researchers in the field ofitdatmation retrieval.

In this chapter we survey the most important problems arfthiqaes related
to text information retrieval: document pre-processind filtering, word sense dis-
ambiguation, vector space modeling, term weighing an@uégt functions. In the
second part of the chapter we present two text clusteringlemts (on-line cluster-
ing of small semi-structured text corpora and off-line tduigg of a large corpus)
and report a comparison of our clustering algorithms agairmeans, which is
the most used algorithm in the text clustering context. lLatehe chapter we in-
troduce the problem of cluster labelling: in a nutshell oaceertain corpus was
clustered into groups of homogeneous documents, in sones,aarse would want
to synthesize a short label to deduce the cluster topic dffitial part of the chapter
we show our solution to this problem.

TEXT DOCUMENT CLUSTERING 33



Introduction

3.1 Introduction

The terminformation retrieval(IR) was firstly introduced by Calvin Mooers at the
end of 40’s. Then information retrieval has become a veradfield of computer
science. It can be intuitively defined as the task of findirigriesting and typically
unstructured “objects” for the user information needs inideveollection.

Conceptually, IR systems can be designed to manage alnmastleng (texts,
images, videos), but the data type which has concentrated ofidhe studies is
text. The growth of the Internet has stressed even more taeest in this sense.
A lot of efforts have been spent to design general modelseidribformation re-
trieval. Of course, the question about how similar are twoutleents has still not
found a univocally accepted answer. There are many reakahsbke it difficult
deal with texts. First of all, the same concept can be expdessmany different
ways by different writers. Moreover, the use of synonyms deastically reduce
the number of words shared by two related documents. On thigary, the same
word can assume very different meanings according with diméext in which it is
used. Nevertheless texts have the intrinsic charactetisdit a not negligible part
of words are due to grammar rules and do not provide additiof@mation.

Despite text documents do not have a clear structure in gkrtbis can not
be considered always true. In fact, text documents are lysdigided in sections,
begin with a title and, in many standard document file formthsir structure is
precisely marked using tags (HTML, XML and RTF just to giversoexamples).
Another example is constituted by semi-structured texas dine documents with
a poor structure (i.e. web snippets). Semi-structuredstesfi be the most used
documents in the applications described in this thesishdpter 4 we will deal with
snippets coming from web search engines with the goal ohging them in an
automatically generated hierarchy. In chapter 6 we witl &gproximate similarity
searching techniques dealing with bibliographic recordmfCitesee.

In this chapter we survey the major techniques designed tageatext docu-
ments and some considerations for applying clusteringritifgos to these data.

3.2 Text representation

A text document is, in its most simplistic representatiorseguence of words.
With the purpose of indexing it or computing its similarityitiwother documents
(or equivalently with a text query), it must be preprocesgedemove the noise
due to “syntactic sugar” and make it more treatable by coergureprocessing
typically consists of many steps:

e Text normalization: in a document the same word can appear in different
forms. For example the beginning of a sentence begins wijtiiatdetter.
Naturally, these little variations do not affect the sern@nbf the term. To

http://citeseer.ist.psu.edu/
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make it easier for IR systems to manege texts, terms must tmeafined
by converting them to lower case, remove dashes in multde/terms, etc.
Numbers, dates and punctuation are removed from textse lvettp of words
model, where the context of the words is not used, terms des sbrted
lexicographically.

Stemming one of the major differences between human languages and pr
gramming languages is that, in the first case, words have @ ffo@ and a
suffix (often also a prefix) that can vary depending on theedntvhile, in

the last case, keywords are invariable. However, the laageg the words
semantics is contained in their root, thus terms with theesaout should be
considered as the same term. The goal of stemming algorithtogeduce

a word to its root. To complicate this task there is the faat the rules for
extracting the root of a word depend from two aspects: the tfpword (i.

e. verbs, conjugations) and the language (i. e. Englishamda Moreover
human languages admit a lot of exceptions (i. e. the plurah fof the word
child is children instead of childs as suggested by the stahcdlle). Mar-

tin Porter[Porter, 198Din 1979 introduced a rule based algorithm that has
become the most famous stemmer algorithm for English stilise. Simi-
lar word stemmer algorithms are now available in almostaalguages. The
major perplexity in using stemming is that it can cause ndsustanding
and change the meaning of the words. For example a too aggressm-
ming can reduce the word “organization” to “organ” or “p@li¢o “police”.

On the other hand, also a mild stemming can modify the origiease of a
word.

Stop words removal to the contrary of computer languages, human lan-
guages are rich of words. Most of them have not a meaning bydékes
but are used as grammar bricks to build complex sentencesxX&mple ar-
ticles or prepositions). All these words can be safely rezddvom the text
without any loss of information. There are also words whielveha very
general meaning or are too popular to be really helpful inutmgerstanding
of the semantics of a text or its topic (i. e. above or belowjeil removal
cause only a marginal loss of information, but has the bepéfieducing
the size of the representation of the text (in sections 3a& Will explain
the reasons that make this reduction a desirable prop@ityg) set of all the
terms, removable with a negligible semantics loss, is datep words list.

Vocabulary building: the growth of the computational power, memory size
and bandwidth was followed by an increase of the availabieié informa-
tion. Low hardware costs had the effect that, even smalrprises want to
be able to process their internal knowledge base. Vocabsldo not change
the models for storing and querying texts, they are only usqutoduce a
more compact representation of texts with the goal of meintauch more
documents in main memory. To each distinct term of the cogpugnivocal
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identifier is assigned and it is stored in a tablecalled vocabulary. Thus,
each document can be represented in a more compact formsaoatkrm
identifiers with a consequent reduction of the requiredagter

Before to discuss a model for dealing with texts, it is impottto understand
how words are distributed in documents and what are the @apdins of this dis-
tribution. Words in a corpus are not evenly distributed. Ategmall set of words
appear very frequently. Some of them like articles and B#ipos are connected
to grammar and can be removed as stop words, some otherstradriopic de-
pendent. A medium size set of words appear with intermediatpency and a
broad set of words appear rarely. This last set is made widendample by words
containing typos or by very specific words. This distribafi@nown agpower law
was observed in all the human languages and is widely aategstan intrinsic
human characteristic. Clearly, words that appear with fighuency are useless
because they do not exploit differences among documergg fihresence in two
documents does not means that those document are similag) rére words can
be useless (the reason will be more clear in section 3.2.1).

3.2.1 The vector space model

With the termmodelin information retrieval we refer to a representation focalo
ments and queries equipped with a notion of distance/gityilamong them. The
vector space modéd a well known model, widely accepted and used, for organiz-
ing texts. After preprocessing, described in the previagdicn, a text document
is reduced to a flat list of terms. Moreover, after prepraogsa vocabulary of all
the terms in the document becomes available. Thus a docwaetiie stored in a
vector that has as many components as vocabulary words.déagbonent of the
vector represents a score for the corresponding word (diépgfrom the chosen
weighting schema) or it i§ if the word is not present in the document. All the
documents of the corpus can be arranged in a matrix cddedment matrixsuch
that rows correspond to documents and columns refer to terms

Let D = {d,...,d,} be a corpus ofi documents such thaf is the vocabu-
lary of all the words inD. ThusD can be arranged in a matri¥ such thatmn; ;
corresponds to the termy € V in documentd; € D. There are many possible
different weighting schemes proposed in the literatures imost advanced IR sys-
tems weight terms according to their importance and cheriatts (i.e. frequency
in the document and in the corpus). The most used weightingnsas are:

e Boolean (binary) model if v; is present ind;, thenm; ; = 1 otherwise
mi,j =0.

e Term frequency (TF): let¢f; ; be the number of occurrences of termin
documentd;. In the term frequency model we hawe; ; = tf; ;. It could
be more convenient to normalize the weights to be independem the
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document length. LetV C; = E‘Z‘jl tfi; be the total number of words in
d;, then:
my ;= Lid
"W
According to this normalizationy; ; is in the rangg0, 1] and can be inter-
preted as the probability that worg appears in documeanl;.

e Term frequency - Inverse document frequency (TF-IDF) let w; the num-
ber of documents in which; appears. We defingf; = log n/w;. According
to the TF-IDF scheman; ; = idf; = tf; ;. To normalize the TF-IDF score in
the rangd0, 1] the following formula is often preferred:

tfi,j * del
m; 5 = v . .
VI (157 ; + idf?
This scheme assigns high score to those words that appeaefy in a
document, but are rare in the corpus. Instead, words thataapp a large

portion of the document corpus are not too helpful to explifferences
among documents and thus are considered not important.

The vector space model has two main drawbacks. Since dod¢sienvectors
with [V'| components, even in the case of small corpora the dimengjonathe
resulting vector space is usually high. Moreover, docusian¢é very sparse vec-
tors. A side effect of these two phenomena is that distanoesng documents tend
to become high. In addition, the distance between a pairnoilai documents is
not so far from the distance between two unrelated ones. tahdard technique to
reduce vector space dimensionality and make documentrgatiore dense is the
feature selection that will be discussed later in this secti

Another important issue is that the bag of words model do¢sosiderate
the context of words. Context is clearly important to extrihe sense of a term
because the same word could change its meaning in diffeceniéxts. This fact
became more evident for multi word terms. For example phraséas in English
or people names. The problem of assigning the correct mgdaia word, called
word sense disambiguatipis well studied and many techniques have been pro-
posed in the literature, but they are typically more compmexomputationally
expensive or their performance depends from a knowledge drad thus are topic
dependent. Moreover, none of them has at the moment exgokaiféiciently higher
performances with respect to the bag of words model to bedersl as a valuable
alternative.

3.2.1.1 Metric spaces and distance

A natural way to see documents (and queries) in the prewiaescribed model
is thinking to them as vectors (or points) in a high dimenaidBuclidean space.
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When a normalized weighting schema is applied, documegtinlghe positive
part of the surface of a iper-sphere of radlus

The most natural way to compute distances among documagmigthe clas-
sical Euclidean distance. This distance is a special cagedinkowski distance
in which the parameteris set to2. Given two documentg, andd, and the related
rows of the matrix\/, The Minkowski distance is defined as

V]
Ly(dy,d2) = () [miq — miofP)'/?
=1

Given two vectors the measure of the angle formed by them eamsbd as
distance between the two represented documents. If the deonuents contain
exactly the same words, they give raise to the same vectotharscdtheir angle is
0. In case the two documents do not have words in common thejupeotwo or-
thogonal vectors and thus their distance is maximum. Basélisidea theosine
similarity is defined as the cosine of the angle formed by two vector deatsn
More formally letd;, d> be two documents:

dy - ds
) = T e
Note that denominator is used only to normalize the cosimdlaity to be in the
range0, 1] independently from the length of the involved vectors. Th&asure is
a similarity score. Similarity is the dual concept with respto distance. The more
two objects are similar (similarity value is high) the maneit distance tends t©
and vice versa. Cosine similarity and all algorithms desibto employ similarity
measures can be converted to use distances and vice vensatetisin[Clarkson,
2004 the inner product of two vectorg, andd, of length1 (in norm 2), that is
the standard cosine similarity of two normalized vectaguirned into a distance
by D(dy,ds) = 1 — s(dy,d2). This distance function is not a metric in a strict
sense since the triangular inequality does not hold, homtiesfollowing deriva-
tion ”dl — dgH% =dy-dy+dy-do—2dy -dy = 2(1 —d - dg) = 2D(d1,d2)
shows that the square root of the distance is indeed a mEtyidvalently one can
say that it satisfies the extended triangular inequdlityl,, d2)® + D(ds, d3)® >
D(dy, ds)™ with parameterx = 1/2. Moreover a linear combination of distance
functions with positive weights defined on the same spacéllissnetric space
D(di,d2) = Y, wiD;(d1,dz) for w; > 0. Thus cosine similarity although not
giving rise to a metric in a strict sense is nonetheless fastated to a metric
space.

Another commonly used coefficient to measure distance legtyairs of doc-
uments is theJaccard coefficientln its original form this measure does not take
into account weights and reduces a weighted scheme to a/lwinar Letd; N do
be the set of terms thal; andds have in common and; U d, the set of terms
present in at least one of the two documents. The Jaccarficieef is defined as:
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#(dl N dg)
#(dl U dg)

Many variants of Jaccard coefficient were proposed in teedlitire. The most
interesting is theGeneralized Jaccard Coefficiettiat takes into account also the
weight of each term. It is defined as

J(dy,da) =

1% .
SV min(m 1, mi o)

Vi

> imy max(m;1,m;2)

GJIC/(dy,dy) =

GJC is proven to be a metid€harikar, 200R

3.2.1.2 Word sense disambiguation

All these distance measures have the drawback that, irr@iffevays, the more
documents share terms, the more they are considered reldtisdis not always
true for many reasons. Firstly, the same word can have diftameanings in dif-
ferent contextsléxical ambiguity, thus having a word in common does not neces-
sarily imply similarity. Secondly, all human languageswalithe use of synonyms
to express the same concept with different words, thergfgoedocuments can
deal with the same topic sharing only few words. Moreoverilaintoncepts can
involve the use of complex semantic relationships amongnathiels. For exam-
ple, after removing stop words, the two sentences: “theeajgpbn the table” and
“there is an orange on my desktop” have no words in commorhdlit say some-
thing about a “fruit on a board”, thus they are not completeiyelated. The above
example shows two important notions of similarity:

e paradigmatic, or substitutional, similarity when two words may be mutu-
ally replaced in a particular context without change thea®tius of the text
(i. e. the words table and desktop in the previous example),

e syntagmatic similarity when two words significantly co-occur in the same
context. (i. e apple, orange and fruit in the previous exampl

To take into account these similarities among words maninigaes have
been proposed. The most common approaches are based aethetab generate
(manually or automatically) an ontology of words. The adage of ontologies is
that they can be used to define a degree of similarity betweaples of words,
and thus to find relationships among them. In the previoumplaboth the words
“orange” and “apple” have as ancestor the term “fruit” andstlthey are related.
A lot of effort was done to design indexes to measure the d@egfesimilarity
between two words in the ontology graph. Many of them take axtcount the
length of the path between two words. [lAgirre and Rigau, 1996Agirre and
Rigau propose theonceptual densitthat also takes into account the depth of the
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nodes in the hierarchy (deeper are closer) and the densitpdsds in the sub-
hierarchies involved (denser subhierarchies are closer)

The most important project for ontologies of words\isrdNet Miller, 1990).
Originally proposed by the Cognitive Science LaboratorfPanceton University
only for the English language, WordNet has become a referércall the infor-
mation retrieval community and similar projects are nowilatée in many other
languages. WordNet is a handmade semantic lexicon thapgmwards into sets of
synonyms calledynsetsintuitively one can replace a word in a text with another
from the same synset without changing its semantics. A wardappear in more
than one synset if it has more than one meaning. Moreoveetyse arranged
as nodes in a graph such that there is an edge to connect tves fdtiere is a
relation between the two synsets. There are different tgppsssible relations, an
exhaustive list of them can be found in the WordNet web[sitdler et al,, 2004.
Given two synsets X and Y, the most common types of relation&aerdNet are:
hypernymf every X is a “kind of” Y, hyponymif Y is a “kind of” X, holonymif X
is a part of Y andneronymif Y is a part of X. Thus, in our example WordNet has a
link between orange and fruit and also between apple andhienice it is possible
to infer a relation between orange and apple.

Clustering is often used also for grouping words into seially homoge-
neous sets. This technique is knownvasrd clustering[Dhillon et al, 2002;
Li and Abe, 1998. In this case the set of objects to be clustered are not datisme
like in the previous case, but only words. Thus, the mainessa this context
are the features associated to each word and the definitithre afistance among
words. In fact the distance should be designed in a mannekéoimto account all
the considerations we made before. There are two main phpihdes available in
the literature. One is to define a distance over an ontoldgfAgirre and Rigau,
1994 and thus the issue of how to create the ontology still remaaes. Another
opportunity is to use distributionally-based semantic similarigpproach. In this
last case the key idea is that the semantic content of a worlearedicted study-
ing how the word occurs with other words in a corpus. Two wadsconsidered
semantically related if they co-occur in a certain numbetdafuments. IhBrown
et al, 1991, a vector containing all the immediately succeeding wond&é doc-
ument, is assigned to each term. For each of these wordspasted the number
of times they occur after the considered term in the whol@wsr Then a notion
of distance between two terms is defined as the average ninfioimhation among
all the pairs of words in the context of the two terms.

The other problem we addressed in this section is that the sand can dras-
tically change its meaning in different contexts, thus ibdld be disambiguated
to avoid misapprehensions. There are two main approachssve this problem.
In theory, one should attempt exploit a sorivadrid knowledgehat makes it pos-
sible to determine in which sense a word is used. Moreovisr,nilethod must be
endowed with an inference mechanism that would make usesdfdke of knowl-
edge to infer the intended sense of words. Clearly, thiscgmpr is not suitable in
practice because a computer readable general purposeddygmbase for this task
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does not exist. Some effort was spent to design knowledgestend inference sys-
tems, but they are usually very limited since they are esdbnhandmade. What
disambiguation systems do in practice is not to try to urtdadsthe meaning of
text at all, but simply trying to guess the correct meaning @ford looking at the
context in which it appears. The key idea of this approaclhnés, tafter observ-
ing several contexts in which a word is used, it can be passibtisambiguate a
word only considering its own context. Many different methavere proposed in
the literature; a good survey of the most important ones atadad problems can
be found in[Ide and Veronis, 1998[Sanderson, 2000[Stokoeet al, 2003 and
[Linden, 200%. Here we limit to mention two of the most important results.

Despite the fact that many important ideas and algorithmsvéyd sense dis-
ambiguation have been proposed in the literature sinceQlse the first working
disambiguator was written by Legkesk, 1986 in 1986. It was the first software
that, for its characteristics, could be used for large terpora. It was based on the
use of an on-line dictionary. In order to disambiguate a term certain context,
all its possible definitions were looked up in the dictiondrgen all the definitions
were treated as a document corpus. The context of the terisambiguate was,
instead used as a query. Thus the problem of word sense digsatibn reduced to
a ranking problem (or alternatively to a similarity seanthproblem). Dictionary
clues are too small pieces of text and this negatively affeétet disambiguator pre-
cision. Since large text corpora became available to reBegrthey were employed
to overcome this problem.

In [Gale et al, 2004, a hybrid approach that uses both a dictionary and a
document corpus is proposed. The only requirement is tieht dacument in the
corpus must be available in at least two different languagieshis purpose they
use for example the Canadian Hansards which are availaBleghsh and French.
The dictionary is used to translate a tern from a languagegother. Note that an
ambiguous word has typically at least one different traimlafor each meaning.
For example the wordutyis often translated adroit when used with the sense of
tax and aglevoirwhen mean obligation. In this way it is possible to autonadityc
extract a certain number of instances for each meaning oftind. Moreover, all
the meanings of a word can be ranked by collecting statisfitkeir frequencies
in the corpus. These data are then arranged in a traininghded #&est set. Thus,
statistical models can be used for word sense disambiguatio

3.2.1.3 Feature selection

Documents in the vector space model are represented byargeyand sparse vec-
tors. Using the standard TF-IDF weighting scheme one cathsse as points in
the surface of the positive region of a iper-sphere. As expthbefore, the high
dimensionality of documents in this representation hasithe effect that the dis-
tances among documents become high and distances betweseof gamilar doc-
uments tend to be close to the distance between pairs ofatedebnes. This is
due to the summation of the contributes in the distance ctetipa given by unin-
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formative words. The goal of feature selection is to remavreaf least drastically
reduce) the dimensionality of the vectors by removing thieimformative words.
There are two main strategies for feature selection: onerdgmt from the content
of the corpus, the other independent. Stemming and stop keondval go in the
latter direction. Despite the fact that these strategiégese a good filtering, they
are unable to remove those words that are uninformative iarticplar context.
For this reason a lot of effort was spent to design algoritkimas are able to take
into account also the corpus content. Some of these metlkadisdtent Semantic
Indexing (LSI)[Deerwestert al, 19940 and Random ProjectiofBingham and
Mannila, 2001 employ structural properties of the document corpus. Qtineth-
ods use information theoretic indexes to measure the ird#twweness of a word
and filter those terms out of a certain range.

information theoretic indexes for feature selection Different indexes were pro-
posed in the literature to measure the informative streogth word, the great
majority of them are suitable only for classification. The k#ea in this case is to
measure the degree of informativeness of the word for eads @nd then discard
those terms with a poor informative power for all classesv Frelexes are suitable
for unsupervised learning, in essence they are based orothengnt frequency.
The most common of these measures used for feature selacdon

e Document Frequency (DF)is the number of distinct documents in which a
certain word appears in. This number is often normalizecetintihe range
[0, 1] by dividing it by the total number of documents in the corpiscord-
ing to section 3.2, words that appear with high frequencyaetess because
they do not exploit differences among documents, rare waresalso use-
less because their contribution in the distance compustie negligible.
Thus words with document frequency above or below certagstiolds can
be discarded.

e Term Strength: was originally proposed ifWilbur and Sirotkin, 199pfor
vocabulary reduction in text retrieval. As the documendgfiency, this index
is not task-dependent, thus can be applied also to clugtévloreover some
variants were proposed in the literature specific for thé ¢exegorization
problem[Yang and Wilbur, 1995 We describe here its original definition.
Term strength collects statistics about the presence of rd wopairs of
related documents in a training set, then it uses thesetgtatio assign a
score to the word. A pair of documents is considered to beeeld their
distance (usually the cosine distance) is under a certegshbld. Let/; and
ds be two related documents anda word, term strength is defined as:

TS('w,dl,dg) = P(w S dllw S dg)

In other words, given two related documents, term strengtthé condi-
tional probability that a word occurs in a document givert thaccurs in the
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other. Let(d;, d;) be a pair of related documents in the training set, the term
strength is:
#(dl,d]) TwEedi Nw € dj

TS(w) = #(d;,dj) w € d; V w € d

Gain: let n the number of documents in the corpus aifg the number
of documents in which the word appears in, thé&ain [Papineni, 200l
function is defined as:

Gain(w):T* 7—1—log7

dfw <dfw dfw>

In this case the gain function assigns a low score both toaralg¢o common
words. On the contrary of DF which requires a range of adbissialues,
in this case all the words with gain under a certain threshodéddiscarded.
An important difference between Gain and DF is that in thenfarcase the
connection between rare and common filtered words is ekphajure 3.1
shows the Gain function.
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Figure 3.1. The gain function.

Information Gain : is only suitable in the context of classification. The irfor
mation gain functiorfCover and Thomas, 1991; Yang and Pedersen,]1997
measures the contribution in terms of informativeness ttiafpresence or
absence of a word gives to a certain class. dbe a document taken uni-
formly at random in the set of documents P(v;) is the probability that/
contains termy;, P(c;) is the probability that! is in categoryc;. The com-
plementary events are denot®dv;) = 1 — P(v;) andP(¢;) = 1 — P(c;).
P(v;,c;) is the probability thatl is in categoryc; and contains term;,
P(v;,¢;) is the probabilityd does not contairy; and is not in category
¢;j. P(v;,¢;) is the probability thaid containsv; but is not in category:;
P(v;,¢;) is the probability that/ does not contain; and is in category:;.
Clearly being these mutually disjoint events it hol&#§w;, ¢;) + P(v;, ¢;) +
P(v;,¢;) + P(v;,¢;) = 1. The information gain is the contribution of the
four terms:
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G(vi, cj) Z Z (v,c IOgW

ve{vi,vi} c€{c;,¢5}

Note that information gain assigns a score/tonly for a category. In order
to have a global score for the temmdifferent choices are possible. The most
common is:
IG ez (vi, ¢5) = max IG(v;, )
c;eC
In this case the key idea is that,f is highly informative for at least one
class, its presence helps to classify documents of that.clas

e Gain Ratio: attempts to overcome some drawbacks of information gain. |
fact the value of the information gain formula does not orgpends onw;
andc;, but also from the entropy of the class. Thus normalizing tactor
we obtain the gain ratio formula:

IG(UZ‘, Cj)

GR(ise) = =5 P08 Ple)

e Mutual Information : is a measure of the degree of dependence between a
document] and a class. Like in the case of information gain, this index is
only suitable in the context of classification. More formatiutual informa-
tion is defined as:

MI(w,c) =log P(w|c) — log P(w)

wherew is a word ana is a class. The main drawback of mutual information
is that it is highly influenced by the terf(w). Thus for an equal value of the
conditional probability rare terms are highlighted. Samly to information
gain a global score for a terma can be computed by one of the following
formulas:

m

M1 gprg(w,c) = Z P(c;))MI(w,c;)
i=1

MI ez (w,c) = m@if{ MI(w,c)
1=

A comparison of many of the above described measures candafivang
and Pedersen, 19p7
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Random projection One of the most simple and effective method to reduce the
dimensionality of the vector space is ttedom projectior{Kaski, 1998; Lin and
Gunopulos, 2008 The idea behind random projection is to reduce the dimansio
ality of the document matrix by multiplying it for a randomagpection matrix.
More precisely: letM be the document matrix with documents andh features.
Suppose we want to reduce the vector space tb-bemensional, witht < m.

Let R a matrix formed bym randomk-dimensional vectors. We can project the
original document vectors onto a lower dimensional space by

Algexcn] = Bxm) * Mimxn)

Random projection is motivated by the Johnson-Lindensgé&mmadWw.Johnson
and j. Lindenstrauss, 1984

Theorem 1. Letn an integer and) < ¢ < 1 andk such that

2 3\ —k
k‘24<€——€—> Inn
2 3

Then for any sed/ of n points inR™ there exist a mag : R™ — R* such that
Vu,we M (1 —-é)lu—w|<|f(u) = fw)] <1+ e)lu—wl|

In simple words, according with the above lemma a set of pdimta high-
dimensional Euclidean space can be mapped in a lower-diomeisspace such
that distances between pairs of points are approximatelyepved.

One of the mayor issues in the random projection method ishibee of the
vectors ofR. In theory, if the random vectors are orthogonal the distarietween
the original points are exactly preserved, thus an orthabgoratrix is desired. In
practice, orthogonalization is a very costly operationsth reasonable approxima-
tion is used. In the literature many methods were propostitialize the elements
of R, in the most common case they are Gaussian distributédctrioptas, 2008
two simple possible alternative initializations were pyeed to reduce the compu-
tational time needed for the calculation f8rx M:

e r; ; = 1 with probability 1,/2 otherwiser; ; = —1

—1 with prob.1/6
° ;=13 0 with prob.2/3
1 with prob.1/6

Latent semantic indexing The main idea behinhtent semantic indexin@.SI) is
to project documents into a low-dimensional space withefiéit semantic dimen-
sions. Even in the case in which two documents do not sharestierthe original
vector space they can still have a high similarity score atdrget space as long
as they share “semantically” similar words. Latent sentaintiexing is based on
the Singular Value DecompositioftVD) applied to the document matrix .
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Latent semantic indexing takes the document matixand represents it as a
matrix M in ak dimensional space:(< < m) such that it minimizes the following:

A= M- M|, 3.1)

Let M be the document matrix with documents aneh features. Using SVD,
latent semantic indexing decompogésinto three matrices such that:

T
M[mxn] = T[mxr}z[rxr](D[an])

whereT and D are orthogonal matrices that contain respectively thededt
the right singular vectors df/ and represent the terms and documents in the target
spaceX is a diagonal matrix that contains the singular the values/oandr is
the rank of). If values onX are sorted in decreasing order, SVD can be seen as a
method to rotate the axes of the target space such that fethhexis is associated
to the direction with the-th largest variation. Thus singular values3ncan be
used to rank the “importance” of each dimension in the tasgece. As a direct
conseguence latent semantic indexing attempts to redecdirtiensionality in a
way such that the dimensions of the target space correspahé tixes of greatest
variation.

By restricting the matrice®', ¥ and D to their firstk < r columns we obtain:

M) = Thmsr) Sipexck] (i)

which is the best approximation for equation 3.1. At thisnpoio move from
the m-dimensional space of words to thedimensional space of concepts, docu-
ments can be represented as the rows of the following matrix:

Zigexn] = Sk (Dpx) ™

Despite the high computational cost, latent semantic iimgeis one of the
most powerful techniques for dimensionality reductioneTdhoice of the value
of k is arbitrary and it is still one of the mayor issues for LSI. dotaggressive
dimensionality reduction can negatively affect the qyadif results while a too
mild reduction can leave noise in the vector space. Typicaioes fork are in the
range of 100 - 150 features.

3.3 Text clustering

In section 2.2.1.1 and 2.4 we described our family of clusgealgorithms based on
the Furthest Point First heuristic by Gonzal&onzalez, 1985 In this section we
compare all these algorithms (FPF, M-FPF and M-FPF-MD) endétting of text
clustering. We compared them using two different metriccepathe well known
Cosine Similarity (CS) and the Generalized Jaccard CoeffiiGJC). Moreover
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we are interested also in comparing our family of algorittagainstt-means (de-
scribed in section 2.2.1.2) which is the most used algoriitnmext clustering. As
known, k-means performances are strictly dependent from thelindt#on crite-
rion. Thus to have a better evaluation of theneans behavior we tested it using
three popular initializations described in section 22(MQ, RC and RP). In order
to compare clustering algorithms we used two different data:

¢ Reuters is one of the most used data sets in information retrigMaBT,
2009. After an initial cleaning to remove multi-labelled docums we ob-
tain a corpus of 8538 documents of various lengths organiz&8 mutually
exclusive classes. We further remove 10 classes each mimgtainly a single
document.

e Snippets is a collection of 30 small corpora of 200 web snippets retdrby
the Open Directory Project (ODP) search engine in correspondence of the
30 most popular queries according with Google statisticeagke complete
description of this dataset and how we established the grtwth can be
found in section 4.4.1.1.

The two considered datasets present many differenceseReagntains much
more documents that are much longer than those in Snippetsirdents in Reuters
can have a large size variability and are completely flatebu, Snippets contains
semi-structured documents (a field with the snippet titie anme with the snippet
body).

Since both the datasets we used are endowed with a manusificlt®n, it
was possible to establish a ground truth. We used four mesdarvalidate the
clustering correspondence with the ground truth:Nleemalized Mutual Informa-
tion (NMI), the Normalized Complementary EntrogMCE), the F-measure and
the Accuracy. All these measures are in the raldgé] where higher values mean
better quality and are described in section 2.3.2.

3.3.1 FPF evaluation

In table 3.1 we show a comparison of the three clusteringrigitgos for thek-
center problem. Each clustering was run using two diffedistance functions
with the goal of comparing also the metrics for text clusteri

As shown in table 3.1, when clustering Reuters data, all lperighms have
a very different behavior depending on the used distancall lthe cases cosine
similarity performs better than GJC. Instead, when cliusgeSnippets, the final
clustering quality is always comparable.

Routers data put in evidence also some differences amorgjustering algo-
rithms. In fact FPF seems to achieve a worse quality witheesto the others.
When clustering Snippets, these differences become maslelédent. In fact, the
F-measure and accuracy are always comparable; NMI, in tbe ERF, is quite
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Dataset || Measure FPF M-FPF M-FPF-MD

cs | aic| cs | Gic| cs | GiC

NMI 0.180| 0.071| 0.219| 0.077| 0.231| 0.078

Reuters NCE 0.650| 0.542| 0.690| 0.548 | 0.701 | 0.548

F-mea 0.340| 0.286| 0.441| 0.241| 0.389| 0.168

Acc. 0.594 | 0.488| 0.650| 0.488| 0.646 | 0.466

NMI 0.697 | 0.683| 0.414| 0.411| 0.422| 0.408

. NCE 0.428| 0.407| 0.678| 0.687 | 0.688 | 0.684
Snippets

F-mea 0.360| 0.395| 0.338| 0.350| 0.336 | 0.356
Acc. 0.568| 0.565| 0.542| 0.560| 0.552 | 0.563

Table 3.1. Comparison of FPF, M-FPF and M-FPF-MD on the Reuters and
Snippets datasets with Generalized Jaccard Coefficient and Cosine Simi-
larity.

higher than that of M-FPF and M-FPF-MD. In contrast NCE of FPBewer than
that of the other algorithms.

3.3.2 k-means evaluation

Table 3.2 reports a comparisoniefneans algorithm initialized with three common
methods: RC in which the initial centroids araf®lomly Ghosen, RFPefiaet al,,
1999 in which initial centroids are obtained througtailom_rturbations and
MacQueen’d MacQueen, 19d7n which the initial centroids are randomly chosen,
the remaining points are assigned one at time to the neanesbirl and each such
assignment causes the immediate recomputation of thevetva@entroid.

Algorithm NMI | NCE | F-mea| Acc.

k-means MQ|| 0.287 | 0.757| 0.332 | 0.683
Reuters || k-means RC|| 0.305| 0.775| 0.299 | 0.743
k-means RP || 0.304 | 0.775| 0.299 | 0.728
k-means MQ|| 0.721| 0.446| 0.346 | 0.585
Snippets|| k-means RC|| 0.697| 0.422| 0.311 | 0.554
k-means RP || 0.656 | 0.389| 0.239 | 0.472

Table 3.2. Comparison of k-means with three different initializations on the
Reuters and Snippets datasets.

In table 3.2 we observe that when clustering the Reuters dater RC and
RP converge to the same solution. MQ, instead finds a sligihge solution. In
the clustering of Snippets the situation is opposite. I, faccthis casek-means
initialized with MQ consistently obtains a better resulithusing the other initial-
izations.
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3.3.3 Clustering running time

In table 3.3 we show running time for all the considered atgors and variants
using both datasets. Note that theneans running time is strictly dependent from
the number of iterations the algorithm performs. There isaxgeneral rule to
decide the “right” number of iterations. For the Reutersadat we constrained
k-means to stop when one of the following conditions became: trlustering is
stable (i. e. centroids are close to those of the previouatite), 10 iterations
were made. In the case of Snippets we also constraineans to stop after a
certain time threshold is exceeded. We set this threshokldeconds. This last
requirement was introduced to study theneans behavior in on-line applications.

Table 3.3 has two columns for each dataset. In the first codneport the
overall clustering time and in the last column we report thigalization time for
k-means (our algorithms do not require an initialization).

Reuters Snippets

Algorithm Clustering | Initialization || Clustering| Initialization
FPF-CS 70.76 - 0.291 -
FPF-GJC 4.90 - 0.116 -
M-FPF - CS 70.54 - 0.331 -
M-FPF - GJC 5.41 - 0.127 -
M-FPF-MD - CS 88.20 - 0.342 -
M-FPF-MD - GJC 14.55 - 0.151 -
k-means MQ 8663.08 768.30 5.565 0.462
k-means RC 8081.20 74.07 5.584 0.261
k-means RP 25413.29| 17301.92 12.416 12.390

Table 3.3. Running time in seconds of all Algorithms, variants and metrics.

A first important observation we can make looking at table i8.that GJC
is much faster than cosine similarity. The larger are thaudwmnts, the more this
difference is evident.

We observed also thatmeans initialization running time is a not negligible
part of the overall running time. The random perturbatiothéslowest initializa-
tion, its running time dominates that of the rest of the cotapoin. Not surprisingly
the selection of random centers is the fastest initiatizati

In the comparison among the algorithms it is evident thatféneily of FPF
based methods is much faster thiameans. Moreover, we observed that the choice
of the k-center set (that is the set of points in the solution ofitieenter problem
2.2.1.1) runs in comparable time with respect to the choicarmom points.

3.3.4 Conclusions

To give a global overview, in table 3.4 and 3.5 we report alfgrenances and
running time results for respectively the Reuters and Sigpgatasets.
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Algorithm NMI | NCE | F-mea| Acc. || Run Time| Init. Time
FPF-CS 0.180| 0.650| 0.340 | 0.594 70.76 -
FPF-GJC 0.071| 0.542| 0.286 | 0.488 4.90 -
M-FPF - CS 0.219| 0.690| 0.441 | 0.650 70.54 -
M-FPF - GJC 0.077| 0.548| 0.241 | 0.488 5.41 -
M-FPF-MD - CS || 0.231| 0.701| 0.389 | 0.646 88.20 -
M-FPF-MD - GJC|| 0.078| 0.548| 0.168 | 0.466 14.55 -
k-means MQ 0.287| 0.757| 0.332 | 0.683| 8663.08 | 768.30
k-means RC 0.305| 0.775| 0.299 | 0.743 | 8081.20 74.07
k-means RP 0.304| 0.775| 0.299 | 0.728 | 25413.29| 17301.92

Table 3.4. Performance and running time
dataset.

(in seconds) for the Reuters

After analyzing the data, it is clear that the perfect cluste algorithm still
does not exist and this motivates the effort of research#esce some observa-
tions should be done. First of all, the on Reuters datmeans outperforms al-
gorithms fork-center by a factor of roughly 10% but requires at least twies
of magnitude more time. Using GJC, time and performancemriffces become
more evident. Clearly the best clustering/metric schenwsdristly dependent on
the problem requirements and data size. In off-line apfitina probably compu-
tational efficency should be sacrificed in favor of qualityf this is not always
true. For example, as we will see in chapter 6, if we must marsatarge corpus
of data (about 100k documents), the preprocessing timearfrom the order of
hours to weeks. When the corpus becomes huge the usenglans can become
impractical.

Algorithm NMI | NCE | F-mea| Acc. || Run Time| Init. Time
FPF-CS 0.697| 0.428| 0.360 | 0.568 0.291 -
FPF-GJC 0.683| 0.407| 0.395 | 0.565 0.116 -
M-FPF - CS 0.414| 0.678| 0.338 | 0.542 0.331 -
M-FPF - GJC 0.411| 0.687| 0.350 | 0.560 0.127 -
M-FPF-MD - CS || 0.422| 0.688| 0.336 | 0.552 0.342 -
M-FPF-MD - GJC|| 0.408| 0.684 | 0.356 | 0.563 0.151 -
k-means MQ 0.721| 0.446 | 0.346 | 0.585 5.565 0.462
k-means RC 0.697| 0.422| 0.311 | 0.554 5.584 0.261
k-means RP 0.656| 0.389| 0.239 | 0.472| 12.416 12.390

Table 3.5. Performance and running time (in seconds) for the Snippets
dataset.

The analysis of Snippets, in proportion, shows essentmatlydifference in
terms of running time with respect to Reuters. Clearly in ardioe setting the
use ofk-means can result infeasible and FPF must be preferred.ihgak quality
performances, there is not a dominating algorithm. NMI andBvare always in
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contrast: a high value of NMI corresponds to a poor resulNf6E. F-measure and
Accuracy are in all the cases stable. We observe also thegrnrs of quality per-
formance, the choice of the metric is not influent. Cosinelanity slightly gains
in terms of NMI and NCE, while GJC is a bit better in terms of Easure and
accuracy. In terms of running time, instead GJC saves upet®@®6 of the time
required by cosine similarity.

3.4 Cluster labelling

Once a certain corpus of documents has been clustered, im applications it is
important to have a short (textual) description of its caht&or example, in the
web snippets clustering we will discuss in chapter 4 a pedester without a good
description of its content is not useful. The case of sintylasearching, discussed
in chapter 6, is instead different since clustering is oriiyidden” tool for the sim-
ilarity search engine. A cluster label should have at Idastet desired properties:
shortness, syntactically correctness and predictiveniets® cluster content.

In this section we describe in detail our novel approachustek labelling. This
algorithm, designed for web snippets, is used\imil a web meta search engine
described in chapter 4. Our proposed method requires astimpwector space of
documents and the clustering; thus it is independent frbwn:chosen weighting
scheme, the feature selection method and the clusterimgithlgn. The algorithm
works in three phases: in the first step it extracts a list pictoepresentative key-
words for each cluster; then it removes some duplicate kegsvaccording with a
global criterion; to finish it extracts the best possibleteseoe from the cluster such
that it matches the cluster keywords.

3.4.1 Extracting cluster keywords

In the first phase of the cluster labelling algorithm, we seéecertain number of
descriptive keywords for the considered cluster. We asduene that documents
are represented as bag of words such that each term has adepaneding on
previous chosen weighting scheme. Moreover, it is alscoresse to assume that
feature selection was already done before clustering, aumt discarded terms
should be semantically relevant. Under the above assunsptice more a word is
relevant for a document the higher is its score. Thus, thst@lcontent can be
synthesized by the set of words with highest score. We wilirrto the words in
this set as theandidatewords. Note that the selection algorithm has scope limited
to the considered cluster and does not take into accountaiertt of the other
clusters. We will refer to this a®cal candidate selectionWhile from a certain
point of view this means that candidates can be extractedrallpl for each cluster,
on the other hand it means that many clusters can have someids/in common
and therefore similar labels. For example this is the caseetf snippets in which
the query terms are likely to be present in all clusters wigihtscore.
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3.4.2 Candidate words selection

The second step overcomes the drawback of the previous $tish Wwas only a
local scope. The goal here is to decide for which cluster eeshieeyword is more
appropriate. We can see this as a problem of classificatiamhioh each set of
candidate words is a category and the keywords that appeapia than set of
candidate words must be classified. At the end for each kel/werhave an asso-
ciated set, thus we can remove the word from the other sets.

To classify candidate words we used a modified version afffloeemation gain
function[Cover and Thomas, 1991; Yang and Pedersen,]1997

Let x be a document taken uniformly at random in the corpRg:) is the
probability thatz contains termt, P(c) is the probability thatr is in categoryec.
The complementary events are denofeéd) = 1 — P(¢t) andP(¢) = 1 — P(c).
P(t,c) is the probability that: is in categoryc and contains term, P(t,¢) is the
probability z does not contairn and is not in category. P(t,¢) is the probability
thatx containst but is not in category, P(t,c) is the probability that: does not
containt and is in category. Clearly being these mutually disjoint events it holds:
P(t,c) + P(t,c) + P(t,¢) + P(t,c) = 1. The information gain is:

P(a,b)
(a,b)log ———
B N T
Intuitively, /G measures the amount of information that each argument con-
tains about the other; whenand ¢ are independentG(¢,c) = 0. As explained
in section 3.2.1.3 this function is often used for featudlec®n in text classifica-
tion, where, ifIG(t, c) is high, the presence or absence of a ténisideemed to
be highly indicative of the membership or non-membership @ategory: of the
document containing it.
Examining the information gain formula it is easy to notet hé&s the summa-
tion of four contributions: the presence of the termin tlmsIP(t c)log }()()t C() )),

the absence of the term in the other clasﬂéﬁ (¢) log = ) the presence of

E)P
the termin the other cIasseB((t ¢)log P(t ) and the absence of the term in the

class P(,c) log P({) P(C ) The first two contrlbutlons represent the “positive cor-
relation” between the arguments while the last two factepsesent their “negative
correlation”.

In the text classification context, the rationale of inchglboth positive and
negative correlations is that, the contribution due to ttes@nce or absence of a
term is equally indicative of the membership (resp. non-imenship) of the docu-
ment in the category. That is, the term is useful anywaypoatgh in a “negative”
sense.

However, in our context we are not interested in the fact thatabsence of
a keyword in the label increases its information power. Watvta measure the
contribution of the presence of a keyword in a candidate sé¢he detriment of
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the others and hence we are interested to those terms imiafion gain formula
that positively describaghe contents of a cluster. We modified information gain
according with the above consideration:

P(t,c) P(t,c)

IG,(t,c) = P(t,c)log PP + P(t,¢)log POPE

3.4.3 Label generation

Once completed second step, for each cluster we have assbeiset of candi-
date words. The goal of this step is to extract from each etube most possible
descriptive short sentence based on the candidate words.wWiéncan consider all
the sentences contained in the documents of the considieistdras a text corpus,
arrange them in a inverted index and use candidate wordsexg turetrieve re-
lated sentences. Clearly in this case we are interestedtia johrase, thus we rank
results and extract the label from the sentence on top. Sieceant to extract a
short sentence of few words, it makes sense to remove froraethef candidate
words (query) the terms with low score. In our experimentgedeiced these sets
to contain only three items and refer to them as the clisitgrature Note that we
need to make just a query for each cluster, thus in practicenale a linear scan
of all the sentences and do not set up the inverted index.

The ranking function should assign a score that takes intowat three pa-
rameters: the weight of the candidate words present in thesphthe number of
different candidate words retrieved and their inter-agisea Moreover the ranking
function should penalize repeated words because they daddatew information
to the final user, but make the label longer. In the case of #lesmippets we were
interested in labels no longer than five words, thus we etedisle score of all the
five word windows in the sentence and return as sentence s$wlrdghest value.
Letq = {q1,...qn} be the words of the query that produces the snippets corpus,
C = {ci,...,c,} the candidate keywords for the clustétr = {wy,...,w,} the
words in the considered window (in our case= 5 andk = 3) such thatw; has
scores(w; ), the ranking ofiV is:

RW)= Y R(w)
w,eW
whereR(w;) is defined as:
s(wy) ifw; € CAV]<i wj#w
0 ifw, e QAV)<i wj;éwi

—1/2 if 35 <4 Wi = W;
—1 otherwise

R(wl) =

The window with highest value ak is the candidate label. Clearly the choice
of extracting the cluster label from a phrase of the docurnergus assures us that
the selected sentence is syntactically well written. Orother hand the constraint
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on the length of the label forced us to use a window with théateral result of
truncating the sentence. To smooth this effect we appligieacandidate label a
filter based on the following rules:

e in case of consecutive copies of a word or a pair of words atareg is
removed,

¢ similarly to what is made for stop words, a list of inadmissitiast word” is
used to filter out, among the other: prepositions, conjonstiand articles;

e in the case in which the query is formed by a pair of wafls- {q1, g2}, if
the label hag, as first word,q; is inserted before, instead, ¢f is the last
word of the labely, is appended;

e in case the same word is the initial and final word of the labahatance is
removed (more precisely we remove the last instance if ibigoneceded by
an inadmissible last word, otherwise we remove the firsamss),

e web URLs and e-mail addresses are removed.

All the filter rules are recursively applied until the labebches a stable form.
The output of the filter is the final label. The quality of theuwking labels depends
strictly from the quality of the sentences in the corpus &edctustering algorithm.
Moreover a mathematical evaluation of the label qualityrabpbly infeasible. For
this reasons we do not provide here an evaluation of theliapelgorithm but we
delay it to chapter 4 where the clustering and labeling anelxoed together and a
complete system is presented.
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Chapter

Showcase Armil a clustering
based meta-search engine

Abstract

This chapter describésmil a completely working meta-search engine that groups
the Web snippets returned by auxiliary search engines iisfoint labelled clus-
ters. The cluster labels generatedfmynil provide the user with a compact guide
to assessing the relevance of each cluster to his/her iatiomneed. Striking the
right balance between running time and cluster well-fommsg was a key point in
the design of this system. Both the clustering and the laigetasks are performed
on the fly by processing only the snippets provided by thel@nxisearch engines,
and use no external sources of knowledge. Clustering i®meed by means of
a fast version of the furthest-point-first algorithm for niet;-center clustering.
Cluster labelling is achieved by combining intra-clusted anter-cluster term ex-
traction based on a variant of the information gain measWe.have tested the
clustering effectiveness #frmil againsiivisimo, thede factoindustrial standard
in Web snippets clustering, using as benchmark a comprieesst of snippets
obtained from th®pen Directory Project hierarchy. According to two widely ac-
cepted “external” metrics of clustering qualiBsmil achieves better performance
levels by 10%. We also report the results of a thorough usdunation of both the
clustering and the cluster labelling algorithms.
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4.1 Introduction

An effective search interface is a fundamental componeatWeb search engine.
In particular, the quality of presentation of the searclultesoften represents one
of the main keys to the success of such systems. Most seagaesrpresent the
results of an user query as a ranked list of Web snippets.iRgalgorithms play a
crucial role in this approach, since users usually browseast the 10 top-ranked
items. Snippet quality is also an important issue, sincalgnpality snippets allow
the user to determine whether the referred pages match dwsiber information
need. In order to provide an useful hint about the real canitthe page, a Web
snippet includes both the page title and a short text fragntleat often displays
the query terms in that contextleta-search engine@VISEs) integrate the items
obtained from multiple “auxiliary” search engines, witlethurpose of increasing
the coverage of the results. However, without an accuragmgaeMSESs might in
principle even worsen the quality of the information acomgserience, since the
user is typically confronted with an even larger set of res(ee[Meng et al,,
2004 for a recent survey of challenges and techniques relatedildiny meta-
search engines). Thus, key issues to be faced by MSEs caiheeexploitation of
effective algorithms for merging the ranked lists of resudttrieved by the different
auxiliary search engines (while at the same time removiegltiplicates), and the
design of advanced user interfaces based on a structuradizatjon of the results,
so as to help the user to focus on the most relevant subsesutseThis latter
aspect is usually implemented by grouping the results istmdgeneous groups
by means of clustering or categorization algorithms.

In the context of the the World Wide Web, clustering is notyoanseful for
meta-searching. For example, regular search enginesusterihg to some extent
to avoid showing the user too many semantically-equivad®atuments in the first
page of results. This activity is close to the classibaplicate or near-duplicate
detection in information retrieval, and one can take adhgatof the fact that du-
plicates and near duplicates are easy to detect via muhgdhing or shingling
techniques, and these tasks can be carried out, at least,impan off-line setting
(see e.g[Haveliwalaet al, 2004d). Moreover, in the duplicate detection activity
labelling is not an issue.

This chapter describes tgmil systent, a meta-search engine that organizes
the Web snippets retrieved from auxiliary search engingsdisjoint clusters and
automatically constructs a title label for each cluster §ing only the text excerpts
available in the snippets. Our design efforts were diretdedrds devising a fast
clustering algorithm able to yield good-quality homogemegroups, and a dis-

1An armillary sphere (also known as a spherical astrolabenillar or armil) is a
navigation tool in the form of a model of the celestial spheisvented by Eratos-
thenes in 255 BC. Renaissance scientists and public figuree wften portrayed with
one hand on an armil, since it represented the height of wisdmd knowledge (see
http://en.w ki pedi a. org/ wi ki /Arm || ary_sphere). The Armil query interface can
be freely accessed and used atthehad p: //armi | .iit.cnr.it/.
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tillation technique for selecting appropriate and usedibiels for the clusters. The
speed of the two algorithms was a key issue in our designe shre system must
organize the results on the fly, thus minimizing the latenetneen the issuing of
the query and the presentation of the resultsAtmil, an equally important role
is played by the clustering component and by the labellingmmnent. Cluster-

ing is accomplished by means of M-FPF-MD, the improved wersif the FPF

algorithm described in section 2.4.3. The generation ofdster labels is in-

stead accomplished by means of a combination of intraelusmtd inter-cluster
term extraction, based on a modified version of the inforomegjain measure. This
approach tries to capture the most significant and discétivie words for each
cluster.

One key design feature @&rmil is that it relies almost only on the snippets
returned by the auxiliary search engines. This means thauhstantial external
source of information, such as ontologies or morphologacal syntactic linguistic
resources, is used. We use just stop word lists, stemmersa &ady simple lan-
guage recognition tools. We thus demonstrate that suchhamMigght approach,
together with carefully crafted algorithms, is sufficiemfrovide a useful and suc-
cessful clustering-plus-labelling service. Obvioushistassumption relies on the
hypothesis that the quality of the snippets returned by tix@iary search engines
is satisfactory.

We have tested the clustering effectivenesg\ohil againstVivisimo the de
facto industrial standard in Web snippet clustering , using a<heark a com-
prehensive set of snippets obtained from @wen Directory Project hierarchy.
According to two metrics of clustering quality that are natimed variants of the
Entropy and the Mutual InformatiofCover and Thomas, 1991Armil achieves
better performance thavivisimo.

We also report the results of a thorough user evaluation of the clustering
and the cluster labelling algorithms.

4.2 Clustering and labelling of web snippets

Clustering and labelling are both essential operationg ffeb snippet clustering
system. However, each previously proposed such systermastidifferent balance
between these two aspects. Some systems|feeg:agina and Gulli, 2005; Lawrie
and Croft, 2009 view label extraction as the primary goal, and clusterisgaa
by-product of the label extraction procedure. Other systéerg.[Kummamuruet

al., 2004; Zamiret al., 1997) view instead the formation of clusters as the most
important step, and the labelling phase is considered aflystlependent on the
clusters found.
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4.2.1 Related work

Tools for clustering Web snippets have received attentiainé research commu-
nity. In the past, this approach has had both critisral et al., 1999; 1993 and
supporter§ Tombroset al., 2004, but the proliferation of commercial Web services
such asCopernic, Dogpile, Groxis, iBoogie, Kartoo, Mooter, and Vivisimo
seems to confirm the potential validity of the approach. Acaid research pro-
totypes are also available, such@mouper [Zamir and Etzioni, 1998; Zamiet
al., 1991, EigenCluster [Chenget al., 2003, Shoc [Zhang and Dong, 2004and
SnakeT [Ferragina and Gulli, 2005Generally, details of the algorithms underly-
ing commercial Web services are not in the public domain.

Maarek et al[Maareket al., 200q give a precise characterization of the chal-
lenges inherent in Web snippet clustering, and propose goritdm based on
complete-link hierarchical agglomerative clusteringttisaquadratic in the num-
bern of snippets. They introduce a technique called “lexicah@ffl whereby the
co-occurrence of words influences the similarity metric.

Zeng et al.[Zenget al, 2004 tackle the problem of detecting good cluster
names as preliminary to the formation of the clusters, uaisgpervised learning
approach. Note that the methods considered in our approadhstead all unsu-
pervised, thus requiring no labelled data.

TheEigenCluster [Chenget al,, 2003, Lingo [Osinski and Weiss, 2004and
Shoc [Zhang and Dong, 2004ystems all tackle Web snippet clustering by per-
forming a singular value decomposition of the term-documiecidence matrix.
The problem with this approach is that SVD is extremely ticoesuming, hence
problematic when applied to a large number of snippets. Bijrig a number of
gueries orEigencluster we have observed that, when operating on many snippets
(roughly 400), a reasonable response time (under 1 secorattpined by limiting
the number of generated clusters to a number between 5 arahd@voiding a
clustering decision for over 50% of the data.

Zamir and Etzioni[Zamir and Etzioni, 1998; Zamiet al., 1997 propose a
Web snippet clustering mechanism (Suffix Tree Clusteringr €)ased on suf-
fix arrays, and experimentally compare STC with algorithmshsask-means,
single-passk-means[MacQueen, 1967 Backshot and FractionatidiCutting et
al., 1997, and Group Average Hierarchical Agglomerative Clustei@&HAC).
They test the systems on a benchmark obtained by issuingpdE@fueries to the
Metacrawler meta-search engine, retaining the top-ranked 200 snippetsach
query, and manually tagging the snippets by relevance tquleees. They then
compute the quality of the clustering obtained by the tesieiems by ordering
the generated clusters according to precision, and by iequidie effectiveness of
the system with the average precision of the highest-poecidusters that collec-
tively contain 10% of the input documents. This methodolbgyg been advocated
in [Hearst and Pedersen, 199énd is based on the assumption that the users will
anyway be able to spot the clusters most relevant to thenygAeerage precision
as computed with this method ranges from 0.2 to 0.4 for albfgerithms tested
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(STC coming out on top in terms of both effectiveness andieffay). Interest-
ingly, the authors show that very similar results are attéiwhen full documents
are used instead of their snippets, thus validating thepsttipased clustering ap-
proach.

Strehl et al[Strehlet al,, 200d experiment with four similarity measures (Co-
sine similarity, Euclidean distance, Pearson Correlatatended Jaccard) in com-
bination with five algorithmsK-means, self-organizing maps, random clustering,
min-cut hyper-graph partitioning, min-cut weighted gragartitioning). Two data
sets were used, one formed by 2340 documents pre-classifédcategories from
the news repository dfahoo!, the second formed by 966 documents pre-classified
in 10 categories from the Business Directory¥athoo!. Overall quality is mea-
sured in terms of normalized mutual information. For a djeclustering also the
quality of the single clusters in terms of single clustentyusingle cluster entropy
are given. The comparisons are made only in terms of outpalitgucomputing
time not being considered relevant in this setting. The dsgjlgquality results are
obtained via cosine similarity and Jaccard distance coeabimith min-cut graph
partitioning. Our experiments have confirmed that for setpfetter results are ob-
tained using variants of Jaccard distance, with respec¢atwlard tf-idf and cosine
similarity.

Lawrie and CroffLawrie and Croft, 200Bview the clustering/labelling prob-
lem as that of generating multilevel summaries of the setagiuchents (in this
case the Web snippets returned by a search engine). Thageehs based on
first building off-line a statistical model of the backgraulanguage (e.g. the sta-
tistical distribution of words in a large corpus of the Esblilanguage), and on
subsequently extracting “topical terms” from the docuraenthere “topicality” is
measured by the contribution of a term to the Kullback-Lerildivergence score
of the document collection relative to the background laggu Intuitively, this
formula measures how important this term is in measuringdis&ance of the
collection of documents from the distribution of the backgrd language. Addi-
tionally, the “predictiveness” of each term is measuretlitively, predictiveness
measures how close a term appears (within a given windoytsizgher terms. In
the summaries, terms of high topicality and high predictdss are preferred. The
proposed method is shown to be superior (by using the KLrgemce) to a naive
summarizer that just selects the terms with highgst idf score in the document
set.

Kammamuru et alKummamuruet al., 2004 propose a classification of Web
snippet clustering algorithms intmonotheti(in which the assignment of a snip-
pet to a cluster is based on a single dominant feature)pahghetic (in which
several features concur in determining the assignment ofppet to a cluster).
The rationale for proposing a monothetic algorithm is that $ingle discriminat-
ing feature is a natural label candidate. The authors peopuosh an algorithm (a
type of greedy cover) in which the snippets are seen as setsrdk and the next
term is chosen so as to maximize the number of newly covetsdwbgle minimiz-
ing the hits with already covered sets. The paper reportsraaipevaluations and
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user studies over two classes of queries, “ambiguous” andufar”. The users
were asked to compare 3 clustering algorithms over the spiarfes and, for each
guery, were asked to answer 6 questions of a rather genduatrma the generated
hierarchy (not on the single clusters).

Ferragina and Gull[Ferragina and Gulli, 20Q5propose a method for hier-
archically clustering Web snippets, and produce a hiereathabelling based on
constructing a sequence of labelled and weighted bipat#phs representing the
individual snippets on one side and a set of labels (and sporaling clusters)
on the other side. Data from ti@pen Directory Project (ODPY is used in an
off-line and query-independent way to generate predefiredghts that are associ-
ated on-line to the words of the snippets returned by theiegieData is collected
from 16 search engines as a result of 77 queries chosen foptipularity among
Lycos and Google users in 2004. The snippets are then clustered and the labels
are manually tagged as relevant or not relevant to the clistehich they have
been associated. The clusters are ordered in terms of tlegghty and quality is
measured in terms of the number of relevant labels among $texfiabels, for
n € {3,5,7,10}. Note that in this work the emphasis is on the quality of thela
rather than on that of the clusters (although the two cosca@ certainly related),
and that the ground truth is defined “a posteriori”, afterdheries are processed.

4.3 The Armil system

We discuss here in detail the architecturédofnil. Overall the computation flow is
a pipeline consisting in:

. data collection and cleaning,

. first-level clustering,

1
2
3. candidate word extraction for labelling,
4. second-level clustering,

5

. Cluster labelling.

Let us review these steps in order.

(1) Querying one or more search enginesThe user ofArmil issues a query
string that is re-directed b&rmil to the selected search engines (at the moment the
user can seledtoogle and/orYahoo!). As a resultArmil obtains a list (or several
lists) of snippets describing Web pages that the searcmesgleem relevant to
the query. An important system design issue is decidingytpe &nd number of
shippet sources to be used as auxiliary search engineswtlliknown that the
probability of relevance of a snippet to the user informatieed quickly decays

2htt p: / / www. droz. or g/
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Armil meta-search engine
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Figure 4.1. The Armil meta-search pipeline.

with the rank of the snippet in the list returned by the seamgine. Therefore
the need of avoiding low-quality snippets suggests the fiseamy sources each
supplying a low number of high-quality snippets (here higfality snippet implies
both relevance of the snippet to the query and represestaths of the snippet with
respect to the associated document). On the other handasiog the number of
shippet sources raises the pragmatic issue of handlingaeancurrent threads,
the need to detect and handle more duplicates, and the neadriore complex
handling of the composite ranking by merging several stipgis (both globally
and within each cluster separately). Since we condidsnil a “proof-of-concept”
prototype rather than a full-blown service, we have chosgyntwo (high-quality)
sources,Google and Yahoo!. Since snippet quality decays quickly, we believe
that collect 200 snippets is enough reasonable for our gegpdviore precisely
we queryGoogle asking for 120 results andahoo! for 80. This unbalance is
only due to some constraints in the number of snippets onaskroYahoo!'s
interface to be returned in a single query. Thus these nwsyiygimize the total
waiting time. We produce the initial composite ranking of therged snippet list
by a very simple method, i.e. by alternatively picking seifgofrom each source
list.

(2) Cleaning and filtering: Snippets that are too short or with little informa-
tive content (i.e. small number of well formed words) or imratin alphabets are
filtered out. The input is then filtered by removing non-alpstic symbols, dig-
its, HTML tags, stop words, and the query terms. These latteremoved since
they are likely to be present in every snippet, and thus airggo be useless for
the purpose of discriminating different contexts. On theeothand query terms
are very significant for the user so they are re-introducethénlabel generation
phase described below. We then identify the prevalent lagguwf each snippet,
which allows us to choose the appropriate stop word list &achising algorithm.
Currently we use the ccTLD (Country Code Top Level Domain)hef url to de-
cide on the prevalent language of a snippet. For the purpbfee @xperiments
we only distinguish between English and Italian. For snippsf English Web
pages we use Porter's stemming algorithm, while for Itabaes we use a sim-
ple rule-based stemmer we developed in-house. Curremtlgther languages are
supported. More advanced language discovery techniqeewell-known in the
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literature, however it should be noticed that, given thdina+equirements, meth-
ods too expensive in terms of computational effort shouldvmaded.

(3) First-level clustering: We build a flatk-clustering representing the first
level of the cluster hierarchy, using the M-FPF-MD alganthnd the Generalized
Jaccard Distance as described in chapter 2. An importané issdeciding the
numberk of clusters to create. Currently, by default this numbendsdito 30, but
itis clear that the number of clusters should depend on teeyqand on the number
of snippets found. A general rule is difficult to find, also hese the “optimal”
number of clusters to be displayed is a function of the goats @references of
the user. Moreover, while technigues for automaticallyedatning such optimal
number do exisfG. W. Milligan, 1985; Geracet al, 2007, their computational
cost is incompatible with the real-time nature of our apdlwn. Therefore, besides
providing a default value, we allow the user to increase orafse the value @fto
his/her liking. Clusters that contain one snippet only ambpbly outliers of some
sort, and we thus merge them under a single cluster label¢ket topics”.

(4) Snippets re-ranking: A cluster small enough that the list of its snippets
fits in the screen does not require a sophisticated orderesieptation. However,
in general users are greatly facilitated if the snippets @tiater are listed in order
of their estimated importance for the user. Our strategy igléntify an “inner
core” of each cluster and “outliers”. In order to achieves thim we apply the FPF
algorithm within each cluster as follows. Since FPF is inoeatal in the parameter
k, we incrementt up to a value for which it happens that the largest obtained
cluster has less then half of the points of the input clu3teis specific group forms
the“inner core”, all other points are termed “outliers”.€Tpoints in the“core” are
shown in the listing before the “outliers”. Within core andtleers points we use a
relative ranking obtained by a linear combination of thaveatanking generated
by the auxiliary search engines. Note that this computdti@one only to decide
the order of presentation of the snippets at the first levehduld not be confused
with the second-level clustering described below.

(5) Candidate words selection:For each cluster we need to determine a set
of candidate words for appearing in its label; these wilkladter be referred to as
candidates For this purpose, for each word that occurs in the clustesuve the
weights of all its occurrences in the cluster and pre-sdleetl0 words with the
highest score in each cluster.

We refer to this asocal candidate selectigrsince it is done independently for
each cluster. For each of the 10 selected terms we conigytg as explained in
Section 3.4.2. The three terms in each cluster with the Bigbwore are chosen as
candidates. We refer to this global candidate selectigiecause the computation
of IG,, for atermin a cluster is dependent also on the contents ofttter clusters.
Global selection has the purpose of obtaining differentlsbor different clusters.
At the end of this procedure, if two clusters have the sameasige we merge
them, since this is an indication that the target numberustersk may have been
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too high for this particular quefy

(6) Second-level clusteringAlthough the clustering algorithm could in prin-
ciple be iterated recursively in each cluster up to an abitnumber of levels,
we limit our algorithm to only two levels, since this is liketo be the maximum
depth a user is willing to explore in searching for an answehis/her informa-
tion need$. Second-level clustering is applied to first-level clustef size larger
than a predetermined threshold (at the moment this is fix&@® snippets, exclud-
ing duplicates). For second-level clustering we adopt fediht approach, since
metric-based clustering applied at the second level temdketect a single large
“inner core” cluster and several small “outlier” cluster¥he second-level part of
the hierarchy is generated based on the candidate wordd foueach cluster dur-
ing the first-level candidate words selection. Calliigthe set of three candidate
words of a generic cluster, we consider all its subsets asilfiessignatures for
second level clusters. A snippetis assigned to a signatureif and only if all
the signature elements aresdrand no candidate ifX" \ s is in z. If a signature is
assigned too few snippets (i.e. 1) it is considered as aieoaihd it is not shown
to the user in the second level. Also, if most of the snippéthafirst level end
up associated to a single signature, then the second-lesstéis are not shown to
the user since the second-level subdivision would not bexame useful than the
first-level subdivisiof.

(7) Labelling: Many early clustering systems would use lists of keywords as
the output to show to the user. In order to offer a more syttt pleasant label
we decided to give as output well formed phrases or partsrafsgls as it is becom-
ing standard in more recent systems (€f@grragina and Gulli, 20Q% We use the
candidate keywords just as a basis for generating well-ddrphrases that will be
shown to the user as real cluster labels. For example “mgaifei, and “meaning
of life” hold the same information but the latter must be graatically preferred.
Given the title of the Web page contained in the snippet, idensd as a sequence
of words (this time including stop words) we consider allgtntiguous subse-
guences and we give each subsequence a cumulative scotas:foandidates
are given a high positive score (if&-,,, score), query words a low positive score
(setto 0.1), all other words have a negative score (set2 for labelling a clus-
ter, among all its snippets we select the shortest substfiagsnippet title among
those having the highest score. This computation can be efficently using a
dynamic programming approach. The choice of positive agaties weights is to
ensure balancing of two conflicting goals: include most ef ¢andidates but few
of the non-candidate connecting words in a label. Once & ghoase is selected,

3More precisely, we consider the two original clusters with same signature as second-level
clusters, and we produce for each a different second-latsel based on the non-signature keywords
of those clusters.

“4Vivisimo, for example, uses a two-levels hierarchy

SWe exploited this phenomenon in the snippet re-ranking @gp

8Since second-level clustering is based on first-level chtdiwords here we depart slightly from
the overall idea of separating clustering and labelling.
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a rule-based filter is applied to adjust possible grammlaiticperfections due to
the fact that the selected phrase came from a title whosedrehthil were cut and
thus the resulting label can appear broken. Filters arembdéscribed in section
3.4.3.

(8) Exploiting duplicates: Since Armil collects data from several search en-
gines it is possible that the same URL (maybe with a diffesgmippet fragment
of text) is present more than once. We consider this fact asdioation of the
importance of the URL. Therefore, duplicates are accoufdedn determining
weights and distances. Since clustering is based on titlaest, it is possible that
the same URL ends up in different clusters, for which it isadlyurelevant. How-
ever, if duplicate snippets appear in the same cluster,atelisted only once with
an indication of the two sources. Thus duplicate removabisedjust before the
presentation to the user.

1 Jjava Search
Armil :
¢ Goodle ¢ Yahoo & Both
Makel ~| clusters Results: 153 Time: Retrieve: 0.03 sec (Data Cached), Clustering: 0.32sec
java (27) Download del software Java rreview
java virtual machine (11) Il software Java consente di eseguire le applicazioni denominate quotappletquot scritte
java technology (11 nel linguaggio di programmazione Java. Le applet permettono di giocare

-guida al linguaggio java (8) fttp:/iwww java.comitdownioad/indexjsp - [Google 0]
java tutorial (7

java wikipedia (17) Java Technology rreven _
sun microsystems (15) Java technology is a portfolio of products that are based on the power of Skip to
azzurra irc network java (5)  Content Java Solaris Communities My SDN Account Join SDN search tips. APIs
portal.it articoli (11 http:/fjava sun.com  [Yahoo 0 - Google 2]

soluzioni j2ee (4) : : e

Jucca (3) Java (linquaggio) Wikipedia preview

1l linguaggio Java é un linguaggio di programmazione orientato agli oggetti derivato dal
C++ (e quindi indirettamente dal C) e creato da James Gosling e
httpe/fit wikipedia orgiwiki/Java_(linguaggio) [Google 1 - Yahoo 8]

More

Figure 4.2. The Armil meta-search interface.

(9) User Interface: The user interface is important for the success of a Web-
based service. We have adopted a scheme common to many segioks and
meta-search engines (eMjivisimo), in which the data are shown in ranked list
format in the main frame while the list of cluster labels aregented on the left
frame as a navigation tree. The interface also allows thetasselect the number
of clusters, by increasing or decreasing the default vall3®o

4.4 Armil evaluation

We have performed experiments aimed at assessing the rparioe of Armil.
In our tests the behavior of the clustering algorithm, tHeelmg algorithm and
the whole system were compared against the state of the mrheccial system
Vivisimo.

Vivisimo is considered an industrial standard in terms of clustegunagity and
user satisfaction, and in 2001 and 2002 it has won the “besi-search-award”
assigned annually by the on-line magaz8earchEngineWatch.com. Vivisimo
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thus represents a particularly difficult baseline, and itdsknown if its clustering
quality only depends on an extremely good clustering dllgor; or rather on the
use of external knowledge or custom-developed resources.

Vivisimo’s advanced searching feature allows a restriction of thesidered
auxiliary search engines to a subset of a range of possiklkeay search engines.
In particular we restricted it to work over ti@pen Directory Project (ODP) data.
The main advantage of this data is that they came from an haaeliglassification.
By the fact it means that it was possible to establish a granutd. Thus assessing
the quality of a clustering could be done using well-knowstitey methodologies
based on information-theoretic principles.

The problem of measuring the quality of labels and the qualitthe whole
system is much more complicated. In fact there is not a rigomethod to state
how good is a label. To overcome this inconvenient we madesan evaluation
that is the standard testing methodology. We performedttigy n 22 volunteer
master students, doctoral students and post-docs in cengumiénce at our depart-
ments (the University of Siena, University of Pisa, and@RR). The volunteers
have all a working knowledge of the English language.

4.4.1 Evaluating clusterings

Following a consolidated practice, we measured the effenéiss of a clustering
system by the degree to which it is able to “correctly” ressléy a set of pre-
classified snippets into exactly the same categories witkiwowing the original
category assignment. In other words, given aiSet {ci,...,c} of categories,
and a se® of n snippets pre-classified undéy, the “ideal” term clustering algo-
rithm is the one that, when asked to clusginto k& groups, produces a grouping
C" = {d},..., .} such that, for each snippef € ©, s; € ¢; if and only if
s; € ¢;. The original labelling is thus viewed as the latent, hiddeacture that the
clustering system must discover.

The measures we used for evaluating clusterings aredimealized mutual in-
formation(NMI) and thenormalized complementary entroyCE) we discussed
in2.3.2.

Higher values of NMI mean better clustering quality. Thesttwing produced
by Vivisimo has partially overlapping clusters (in our experimeviigisimo as-
signed roughly 27% of the snippets to more than one cludber) NMI is de-
signed for non-overlapping clustering. Therefore, in meag NMI we eliminate
the snippets that are present in multiple copies from: toemp truth, the cluster-
ing produced byivisimo, and that produced b&rmil.

However, in order to also consider the ability of the two eyss to “correctly”
duplicate snippets across overlapping clusters, we haeecaimputed the NCE, in
which we have changed the normalization factor so as to teddapping clusters
into account. NCE ranges in the interJél 1], and a greater value implies better
quality.
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4.4.1.1 Establishing the ground truth

The ephemeral nature of the Web is amplified by the fact thertheengines have

at best a partial view of the available pages relevant to angguery. Moreover
search engines must produce a ranking of the retrievedamig@ages and display
only the pages of highest relevance. Thus establishingautgrtruth” in a context

of the full Web is problematic. FollowinfHaveliwalaet al., 2004, we have made

a series of experiments using as input the snippets regdiittm queries issued to
the Open Directory Project. The ODP is a searchable Web-based directory con-
sisting of a collection of a few million Web pages (as of tadaipP claims to index
5.1M Web pages) pre-classified into more than 590K categtwrea group of 75k
volunteer human experts. The classification induced by b€ @belling scheme
gives us an objective “ground truth” against which we can pare the clustering
quality of Vivisimo and Armil. In ODP, documents are organized according to a
hierarchical ontology. For any snippet we obtain a labeltkoclass by considering
only the first two levels of the path on the ODP category tree.dxample, if a
document belongs to claggames/Puzzles/Anagramand another document be-
longs to clas$sames/Puzzles/Crosswordave consider both of them to belong to
classGames/PuzzlesThis coarsification is needed in order to balance the number
of classes and the number of snippets returned by a query.

Queries are submitted Mivisimo, asking it to retrieve pages only from ODP.
The resulting set of snippets is parsed and given as inpitrtol. This is done to
ensure thaVivisimo andArmil operate on exactly the same set of snippets, hence
to ensure full comparability of the results. Sinéwisimo does not report the ODP
category to which a snippet belongs, for each snippet weparh query to ODP
in order to establish its ODP-category.

4.4.1.2 Outcome of the comparative experiment

Similarly to [Ferragina and Gulli, 2005; Kummamuet al,, 2004, we have ran-
domly selected 30 of the most popular queries submitte@dogle in 2004 and
2005’; from the selection we have removed queries (such as e.@nt&bob”,
“Hilary Duff”) that, referring to someone or something ofgrenal interest only,
were unlikely to be meaningful to our evaluators. The sekkcjueries are listed in
table 4.1.

On average, ODP returned 41.2 categories for each queryable B.2 we
report the NMI and NCE values obtained Wyisimo and Armil on these data.
Vivisimo produced by default about 40 clusters; therefore we havéromil with
a target of 40 clusters (thus with a choice close to tha¥iefsimo, and to the
actual average number of ODP categories per query) and @Qi{th& number is
the default used in the user evaluation).

The experiments indicate a substantial improvement of ab@ in terms of
cluster quality ofArmil(40) with respect td/ivisimo. This improvement is an im-

"htt p: / / www. googl e. conl press/ zei t gei st. htn
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e Airbus e Harry Potter e Simpsons

e Chat e London e Tiger

e Games ¢ New Orleans e Weather

e James Bond e Star Wars e Britney Spears
e Mp3 e Wallpaper e Firefox

e Pink Floyd e Baseball e Iraq

e Spiderman e Ebay e Matrix

e Tsunami e Ipod e Oscars

e Armstrong e Madonna e South Park

e Cnn e Notre Dame e Tour De France

Table 4.1. Queries.

Vivisimo Armil(40) Armil(30)
NCE | 0.667 | 0.735 (+10.1%)| 0.683 (+2.3%)
NMI 0.400 | 0.442 (+10.5%)| 0.406 (+1.5%)

Table 4.2. Results of the comparative evaluation.

portant result since, as noted in 2003 kerragina and Gulli, 20Q5“The scientific
literature offers several solutions to the web-snippestelting problem, but unfor-
tunately the attainable performance is far from the oneeseli byVivisimo.” It
should be noted moreover thdivisimo uses a proprietary algorithm, not in the
public domain, which might make extensive use of externalkadge. In contrast
our algorithm is open and disclosed to the research comgaunit

4.4.2 User evaluation of the cluster labelling algorithm

Assessing “objectively” the quality of a cluster labellimgethod is a difficult prob-
lem, for which no established methodology has gained a wede@ance. For this
reason an user study is the standard testing methodologhaweset up an user
evaluation of the cluster labelling componentafnil in order to have an indepen-
dent and measurable assessment of its performance. Wermpeddhe study on 22
volunteer master students, doctoral students and postidammputer science at
the University of Siena, University of Pisa, and IIT-CNR.elYolunteers have all

a working knowledge of the English language.

The user interface oArmil has been modified so as to show clusters one-by-

one and proceed only when the currently shown cluster has deduated. The
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gueries are supplied to the evaluators in a round robindastbm the 30 prede-
fined queries listed in table 4.1. For each query the user finsissay whether the
query is meaningful to him/her; an evaluator is allowed taleate only queries
meaningful to him/her. For each cluster we propose threstiunes:

(a) Is the label syntactically well-formed?
(b) Can you guess the content of the cluster from the label?

(c) After inspecting the cluster, do you retrospectivelyngider the cluster as
well described by the label?

The evaluator must choose one of three possible answess $ort-of; No),
and his/her answer is automatically recorded in a datakasestion (a) is aimed at
assessing the gracefulness of the label produced. Quékjimaimed at assessing
the quality of the label as an instrument predictive of thestgr content. Question
(c) is aimed at assessing the correspondence of the labielthgtcontent of the
cluster. Note that the user cannot inspect the content afitister before answering
(@) and (b).

Also in this case we used the same set of queries used forativegclustering
quality, but in this case we do not used the snippets collettten ODP, but we
usedGoogle and Yahoo as auxiliary search engines. The two main reasons for
this choice are: normallyArmil has to deal with those data and not with ODP
data, snippets in ODP are typically hand-made and this d¢eodimce a bias in the
labeling algorithm.

Each of the 30 queries has been evaluated by two differehiaeas, for a total
of 60 query evaluations and 1584 cluster evaluations. Tédteeare displayed in
the following table:

Yes | Sort-of No

(@) | 60.5% | 25.5% | 14.0%
(b) | 50.0% | 32.0% | 18.0%
(c) | 47.0% | 38.5% | 14.5%

Table 4.3. Results of the user evaluation.

Summing the very positive and the mildly positive answerscar conclude
that, in this experiment, 86.0% of the labels are syntatfiGceptable, 82.0%
of the labels are reasonably predictive and 85.5% of thaearsisare sufficiently
well described by their label. By checking the percentagdsmanswers, we can
notice that sometimes labels considered non-predictiz@anetheless considered
well descriptive of the cluster; we interpret this fact a® da the discovery of
meanings of the query string previously unknown to the atalu

The correlation matrices in Table 4.4 show more precisedyctrrelation be-
tween syntax, predictivity and representativeness ofdbel§. Entries in the top
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part give the percentage over all answers, and entries ibdttem part give per-
centage over rows.

| | b-Yes | b-Sort-of [ b-No |
a-Yes 42.67% 12.81%| 5.11%
a-Sort-of 5.74% 15.27%| 4.41%
a-No 1.64% 3.78% | 8.52%
a-Yes 70.41% 21.14% | 8.43%
a-Sort-of | 22.58% 60.04% | 17.36%
aNo 11.76% 27.14% | 61.08%

| | c-Yes | c-Sort-of | c-No |
b-Yes 33.52% 12.81%| 3.72%
b-Sort-of | 11.36% 16.85%| 3.66%
b-No 2.14% 8.90%| 7.00%
b-Yes 66.96% 25.59% | 7.44%
b-Sort-of | 35.64% 52.87%| 11.48%
b-No 11.88% 49.30% | 38.81%

| | c-Yes | c-Sort-of | c-No |
a-Yes 35.98% 18.93%| 5.68%
a-Sort-of 8.64% 12.81%| 3.97%
aNo 2.39% 6.81% | 4.73%
a-Yes 59.37% 31.25%| 9.37%
a-Sort-of | 33.99% 50.37% | 15.63%
aNo 17.19% 48.86% | 33.93%

Table 4.4. Correlation tables of questions (a) and (b) (top), (b) and (c) (mid-
dle), (a) and (c) (bottom).

The data in Table 4.4 (top) show that there is a strong cdiveldetween
syntactic form and predictivity of the labels, as shown by thct that in a high
percentage of cases the same answer was returned to qadali@amd (b).

The middle and bottom parts of Table 4.4 confirm that whiletfa positive
or mildly positive answersYes, Sort-of) there is a strong correlation between the
answers returned to the different questions, it is ofterctise that a label consid-
ered not predictive of the content of the cluster can stilfdand, after inspection
of the cluster, to be representative of the content of thstetu

4.4.3 Running time

Since the hardware architecture \ifvisimo is not known, a fair comparison of
running time is not possible. Moreover the time needed taiepand obtain snip-

pets from the auxiliary search engines depends from mamyredtvariables: the
available bandwidth or a possible commercial partnership the queried search
engines.
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Our system runs on an a Intel(R) Pentium(R) D CPU 3.20GHz, B&M
and operating system openSUSE 10.2. The code was develofadhon V. 2.5.
Excluding the time needed to download the snippets from tixdiary search en-
gines, the 30 queries have been clustered and labelled2rs@c®nds on average;
the slowest query took 0.37 seconds.

4.5 Conclusions

Why is Armil not “yet another clustering search engine”? The debate writvon-
prove the performance of search engines is at the core ofithent research in the
area of Web studies, and we believe that so far only the sudéthe vein has been
uncovered. The main philosophy of the system/experimenthave proposed fol-
lows these lines: (i) principled algorithmic choices aredmwhenever possible; (ii)
clustering is clearly decoupled from labelling; (iii) atteon is paid to the trade-off
between response time and quality while limiting the respaime within limits
acceptable by the user; (iv) a comparative studohil andVivisimo has been
performed in order to assess the qualityAomil’'s clustering phase by means of
effectiveness measures commonly used in clustering studipan user study has
been set up in order to obtain an indication of user satisfaatith the produced
cluster labelling; (vi) no use of external sources of knalgke is made.
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Chapter

Clustering for static and
dynamic video summaries

Abstract

Video browsing has become one of the most popular activithéeb. Thus
a tool to provide an idea of the content of a given video is bgog a need. Both
static and dynamic summarization techniques can be usdukipurpose as they
set up avideo abstractFor static summaries, a set of frames are extracted from the
original video to produce a summary, while in the dynamicecstsort video clips
are selected and sequenced to provide the summary. Urdibetyrsummarization
techniques typically require long processing time and baezicthe summaries are
produced in advance without any possible user customizatl6th the large user
heterogeneity, this is a burden. In this chapter, we set upxgerimental envi-
ronment where we test clustering performances consideliifigrent: categories
of video, abstract lengths and low-level video analysis. stommaries we used
a fast approximation of M-FPF-MD algorithm. In the staticseave worked at
frame level, while in the dynamic case we observed that elimt whose input
is based on the selection of video scenes performs bettercthatering based on
video frames. In the end we design&iSto, a completely working Web-based
customizable service for on-the-fly video summarizatioattow that, to provide a
customized service, fast clustering algorithms shoulddresiclered.
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Introduction

5.1 Introduction

The availability of digital video contents over the web igmg at an excep-
tional speed due to the advances in networking and multeneaihnologies and
to the wide use of multimedia applications: videos can berdoaded and played
out from almost everywhere using many different devices. (eellphones, palms,
laptops) and networking technologies (e.g., EDGE, UMTSDRA, Wi-Fi). The
large popularity is highlighted by the enormous successeif sites like Google-
Video, YouTube and iTunes Video, where people can uploaditiad videos. In
such a scenario, a tool for performing video browsing wowddally appreciated.
To handle the enormous quantity of video contents, manyqgsap have been
presented for indexing, retrieving and categorizing digiideo contents. In this
chapter we focus osummarization techniquegrhich aim at providing a concise
representation of a video content. The motivation behieddhiechniques is to pro-
vide a tool able to give an idea of the video content, withoatahling it entirely,
such that an user can decide whether to download/watch thie idleo or not. In
essence, these techniques are well suited for browsingside

In particular, two different approaches are usually fokaamfor producing a
concise video representation:

e static video summary, which is a collection of video frames extracted from
the original video,

e dynamic video skimming(or video abstradt which is a collection of short
video clips.

It is worth mentioning that, in both cases, the output is ioleté by analyzing
some low-level characteristics of the video stream (edaiors, brightness, speech,
etc.) in order to find out possible aural/visual clues thatd@llow a high-level
semantics video understanding.

In this chapter we analyze both static and dynamic sumntanizéechniques.
For the static case many different techniques have beemgedpShahraray and
Gibbon, 1995; Uedat al., 1991; Zhuangpt al., 1998; Hanjalic and Zhang, 1999b;
Gong and Liu, 2003; Hadit al., 2006; Munduret al,, 20061, most of them based
on clustering techniques. The common key idea is to produeestoryboard by
clustering together similar frames and by showing a limitathber of frames per
cluster (in most cases, only one frame per cluster is selpdféith this approach,
it is important to select the features upon which frames ansidered similar, and
different criteria may be employed (e.g., colors distridt luminance, motion
vector, etc.). For the dynamic case, in the literatureedifiit techniques have been
proposed (see e[@het al, 2004), but there are relatively few works that address
clustering techniques for video skimming. In both the casegproposed methods
usually use computationally expensive and very time-camsg algorithms.

Although existing techniques produce acceptable qudlityboards, they usu-
ally use complicated clustering algorithms and thus areprdationally expensive
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and very time consuming. For instance[Munduret al,, 20061 the computation
of the storyboard takes around ten times the video lengtla résult, this requires
video web sites (e.g., The Open Video Project) to pre-compigieo abstracts and
to present themas-is without offering user customizations. In fact, it is ursea-
able to think of an user waiting idle for a latency time congtde to the duration
of the original video to get an abstract. This is a burden,ussoenization is be-
coming more and more important in the current Web scenaiterevusers have
different resources and/or needs. For instance, a mobdle has less bandwidth
than a DSL-connected user, and he/she might want to receleraistoryboard in
order to save bandwidth. Conversely, an user who is seay¢bira specific video
scene might want a more detailed storyboard.

The contribution of this chapter is to investigate the bésefi using clustering
techniques to produce video abstracts for the Web scerdare precisely:

e static storyboards we designed an approximated version of M-FPF-MD
that takes advantage from the property of HSV vectors todsppdhe com-
putation and make the technique suitable for Web video brgysllow-
ing users to customize the outcome storyboard accordirfgeioneeds. We
also designed a mechanism that suggests a storyboard leaggid on the
video characteristics, but the user can select the lengttreaftoryboard and,
thanks to the speed-up of our approach, he/she can re-rguitm@arization
until satisfied with the result.

e dynamic storyboards to this purpose, we set-up an experimental environ-
ment considering different clustering algorithms (the Ivikelown k-means
and the approximated M-FPF-MD), different categorieshhkntcolor and
in motion terms, of videos (cartoon, TV-show and TV-newsifecent ab-
stract lengths (2 minutes and 4 minutes), different lovelexdeo analysis
(frame-based with HSV color distribution of every frame aw#ne-based
with HSV color distribution of every scene). Note that a widgcene is a
sequence of consecutive video frames that begins and etldsamwiabrupt
video transition and a silence.

The evaluation of video summaries is done by investigatiath lthe story-
board generation time and the storyboard quality and by ecimg the results
with other clustering based approaches fikseand Phillips, 2002, Open Video
[Open-Video, 200R and DT SummaryMunduret al,, 2006H.

Results show that our approximated M-FPF-MD requires oxeroof mag-
nitude less time than the fastest of the other clusteringritkgns. This allowed
us to set up a complete web based system (called ViSto) abiake summaries
on the fly. Furthermore, the storyboard quality investgatimeasured through a
Mean Opinion Score) shows that the storyboard quality ispamaible to the other
approaches.
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5.2 Video summary overview

5.2.1 The metric space and distances

Each video frame can be described with a histogram of colaribiution. This
technique is simple to compute and also robust to small asaif the camera
position and to camera partial occlusion. Among the possilolor spaces, we
consider one supported by the MPEG-7 standard, namely the HS

HSV defines the color space in terms of three componéhis:(the dominant
spectral component, that is the color in its pure for8gturation(the intensity of
the color, represented by the quantity of white present)\4de (the brightness
of the color).

According to the MPEG-7 generic color histogram descripfidanjunathet
al., 2001, we consider the color histogram as composed of 256 binscé{dar
each input frame, we extract a 256-dimension vector, whephasents the 256 bin
colors histogram in the HSV color space of the given videmnfaThe vectors
are then stored in a matrik' whose rowf; represents the-th HSV vector (or
equivalently we us¢; as thei-th frame of the vided").

5.2.2 Related work on static video summarization

Different approaches have been proposed in the literabaddress the problem of
summarizing a video stream. The most common approach esliew two phases:
firstly a set of video shots is extracted from the video, thendach shot, one
or more key-frame are returned. Usually, one (the fiiStyahraray and Gibbon,
1999 or two (the first and the las{lUedaet al, 1991 key-frames are chosen.
A drawback of this approach is that, if the shot is dynamie, first (or the last)
frame may not be the most representative one and henceediffepproaches, like
clustering techniques, have been proposed.

In [Zhuanget al., 1999 the authors propose a clustering algorithm to group
video frames using color histogram features. As reportéiflimduret al., 20064,
the approach does not guarantee an optimal result sincauthbar of clusters is
pre-defined by a density threshold vallldanjalic and Zhang, 1999presents a
partitioned clustering algorithm where the key-frameg #na selected are the ones
closest to each cluster centroid.[Munduret al,, 20061 an automatic clustering
algorithm based on Delaunay Triangulation (DT) is propo$ede frames are de-
scribed through HSV color space distribution. Instead dércspace distribution,
[Hadi et al, 2006 uses local motion estimation to characterize the video ésam
and then an algorithm based on thenedoids clustering algorithm is used.

Although the produced storyboards may achieve a reasogahbliy, the clus-
tering computational time is the main burden of these ampres In fact, the ex-
traction of the video features may produce an enormous xn@epending on the
number of frames that compose the video, i.e. the matrix @wvdson the number
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of features that represents each single frame, i.e., théxgatumns). For this rea-
son, mathematical techniques are used in the attempt toedta size of the ma-
trix. For instance[Gong and Liu, 200Bapplies the Singular Value Decomposition
to the matrix, while[Mundur et al, 20061 uses the Principal Component Anal-
ysis. Needless to say, this requires additional procedsimg. Another common
approach assumes that frames contain a lot of redundamiriafion and hence,
instead of considering all the video frames, only a subs&ikien (the so-called
pre-samplingapproach) (e.g[Munduret al, 20064).

Our proposal does not use any mathematical technique teeetthe video
feature matrix, and the decision of using the pre-sampknigft to the user. We
present the expected storyboard generation time for diitepre-sampling rates
(or no sampling) and the user will decide either to use samgpr not, eventually
selecting the most appropriate rate.

5.2.3 Related work on dynamic video skimming

Different approaches have addressed the problem of videmshkg [Oh et al,,
2004; Truong and Venkatesh, 2Q0Ih general one can classify the proposed meth-
ods according to several categorical axis:

e the data domain (generic, news, home videos, etc.),
¢ the features used (visual, audio, motion, etc.),
¢ the intent (personalization, highlights, information emge),

e the duration (defined a priori, a posteriori, or user-defined

Here we focus on techniques for generic videos, using ordyaliand audio
features.

e Sampling based methodsAuthors in[Nam and Tewfik, 1990propose a
frame sampling technique where the sampling rate is prigmattto a local
notion of "visual activity”. Such sampling based methodeduce quickly
shorter videos but suffer from uneven visual quality, arslial discomfort,
and are usually not suitable for dealing with the associatetio trace.

e Frame-based methodsn principle any method for selecting a static story-
board can be turned into a dynamic one by selecting and camatatg the
shots/scenes containing the key-frames of the storybéamdexample, the
method in[Hanjalic and Zhang, 1999avorks at frame level using a parti-
tional clustering method applied to all the video framese dptimal number
of clusters is determined via a cluster-validity analysid key frames are se-
lected as centroids of the clusters. Video shots, to whigtfiemes belong,
are concatenated to form the abstract sequence. In thisagpthe dynamic
efficiency/quality depends directly from those of the stafise.
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e Scene-Based method&uthors in[Tan and Lu, 200Bformulate the problem
of producing a video abstract as a graph partitioning probdeer a graph
where each node is associated to a shot, and an edge is s#ieipiihilarity
of two shots is higher than a pre-defined threshold. The spomding inci-
dence matrix is clustered using an iterative block ordenr&hod. One can
notice that setting up the graph is already quadratic in tieber of shots,
thus this method is likely unsuitable for on-the-fly procegof long videos.
The notion of ascene transition grapls also used ifiYeung and Yeo, 1996
a complete link hierarchical agglomerative clusteringssditogether with a
time-weighted distance metric, introducing an overheatlithunsuitable for
on-the-fly computations. Authors [iNgo et al,, 2005 use ascene transition
graphthat is clustered via spectral matrix decomposition. I ttase, the
mechanism needs 23 minutes to analyze a 69 minutes videe. &yain, the
approach is unsuitable for on-the-fly operations.

As mentioned, customization and generation of on-the-ftrabts are very
important properties. Hence, an analysis of the benefitedaoted by clustering
techniques is necessary. In fact, many different methoglsaveyed i Truong
and Venkatesh, 200,7but none claims to have the on-the-fly performance and the
user-oriented flexibility that is needed in web video browgsapplications.

5.3 Clustering to produce static video storyboards

The goal of clustering is to group together similar framed nselect a represen-
tative frame per each group to produce the storyboard sequémparticular, for
storyboard generation using clustering, the followingmioices must be done:

e vector space and distance functiorwhile the vector space is typically cho-
sen among standard video representations, the distanceofurshould re-
flect the semantic distance between couples of frames,

e clustering algorithm: having in mind the goal of producing the video sum-
mary on the fly, allowing to set up a service available on thb,whistering
must be as faster as possible without sacrifying qualitg dlgorithm should
cluster quickly thousands of frames,

e suggesting the number of framesthe choice of the size of the storyboard
is not less important. While from a point of view, leavingdrthe user to
set the storyboard size is among the desiderata, from tlee sithe at least
an automatic suggestion can be helpful. In fact in a stongbwdth too few
frames some important details can be lost, while a too loogylsbard can
cause repetition of similar frames and the introductiona$e,

e selection of a representative frame for each clusterespecially in the case
of storyboard with few frames, each cluster can contain égnot so similar
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among them, hence a criterion to select a frame represenfati the clus-
ter represent a strategic choice for the overall quality ofustering-based
summarization system.

In 5.3.1 we describe the result of our investigations fortladl previous de-
scribed choices and shoviStowhich is a complete web-based system for static
video summarization.

5.3.1 Showcase: ViSto Video Storyboard

In this section we describe ViSto a Visual Visual STOryboaydtem for Web
Video Browsing. ViSto is a completely working system fortg&tavideo summa-
rization. It is the result of our investigations about a fasobugh clustering to al-
low on-line computation and good enough to be consideregfiiefior users. To
achieve this goals, we used an approximated version of th&*M-MD described
in chapter 2.

The characteristics of ViSto are very important in the coiri&eb scenario and
will be more and more important in future years. Although agdole storyboard
length is suggested, ViSto allows users to customize thgistard by selecting
the number of video frames that compose the storyboard.

Also the storyboard generation time can be customized.clip $mce this time
depends on the original video length, ViSto estimates the tiecessary to produce
the storyboard and gives the user the possibility of reqgia video pre-sampling.

Pre-sampling is a technigue largely used to reduce theetingttime (for in-
stance, the mechanism proposedMundur et al,, 20068 uses it). It is based on
the assumption that all consecutive frames within a cesaiall time interval (i.e.
a second) are likely to be redundant, therefore considennhg one of them will
suffice. By using a sampling rate, the number of video frameantlyze can be
drastically reduced. Needless to say, the sampling rateressa fundamental im-
portance, as the larger this sampling rate is, the shortleislustering time, but
the poorer results might be. For this reason, ViSto simpiyredes the time neces-
sary for producing the storyboard using different samptiaigs and leaves to the
user the decision of using sampling and eventually selgdtia desired sampling
rate.

As shown in Figure 5.1, ViSto is composed of three phaseg; five video
is analyzed in order to extract the HSV color descriptiorcosel the clustering
algorithm is applied to the extracted data and third, a postessing phase aims
at removing possible redundant or meaningless video frdmes the produced
summary.

Vector space and distance function Using HSV as vector space to represent
frames, all the distances defined in 2.1.1 can be used. Terhettlerstand which
distance performs better, we tested 7., and theGeneralized Jaccard Coefficient
(GJC) over a set 050 videos from the Open Video Projel@pen-Video, 200R
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Customization

Video frame g Storyboard
feature extractio st post processing

Figure 5.1. The three-steps ViSto Scheme.

Recall that GJC in the HSV space can be defined as follow: giverHSV vector
histogramss = (s1,...S256) andz = (21, ...2256)

>, min(s;, 2;)
>, max(s;, ;)

GJC is proven to be a metrd€harikar, 2002

In our tests, for each video we measured the pairwise distbetween pairs of
consecutive frames. Figure 5.2 shows an example of how thistnces are dis-
tributed, along time. For all the metrics we took into acdahie distance between
similar frames is small. Instead, in the case of dissimitanfes, it is possible to
observe that GJC tends to return more spread valueslthamd L., with respect
to the values returned for pairs of similar frames. Thus Gigfilights better the
differences between frames. The figure shows also that gtebdition generated
via GJC tends to have a peak in correspondence of a fade indée ¢t can not
be established the type of fade).

GJC(s,z) =1—

Distance between 2 consecutive frames
0.9 T T T T T

08 § § GIC x|

07t § é 1

s} :

distance

0.4 T

300

Figure 5.2. Pairwise distances of consecutive frames.
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Clustering algorithm  For clustering we used an approximated procedure based on
the M-FPF-MD algorithm described in chapter 2. We reporehibe algorithm
from scratch: givem frames and a numbérof desired clusters, a sample @hk
frames are selected and clustered imon overlapping clusters by means of the FPF
algorithm. The remaining points are added one by one in thetel correspond-
ing to the closest medoid. Medoids are updated accordik¢dyalready described
some techniques we developed and successfully appliedpvm the speed of
this schema without modifying its output. For video summatibn we want to go
a step forward. We observed that the two main costly operaiio this algorithm
are: the assignment of a new point to its closest clusterrifegt require up td:
distance computations and the recomputation of the medbas&/ computational
cost, in the worst case, is linear in the number of elemenits cfuster.

We also noted that, in the task of video summarization, whaehg a represen-
tative element for cluster is really used and the rest arer@gh the insertion of
a point in the wrong cluster does not corrupt the final outpuality since it has
no effect in the choice of the representative frame. Thusthis problem, it can
be considered acceptable an approximated clusteringitligoin which points are
inserted in the cluster that approximatively (and more abdy) is the correct one.

Before to describe how we choose the cluster in which to iress@ew point,
two considerations must be done:

e as shown in figure 5.2 the distance between two consecutiveels tends
to be small with some peak when the scene change in some walg
clustering tasks clearly this is not true in general, in thsecof video data
this distribution occurs almost always,

e consider two consecutive pointg andp;;1 and letd(p;, p;+1) be their dis-
tance. Letc the closest medoid tp;. Due to the triangular inequality, the
distanced(c, pi+1) < d(c,p;) + d(ps, pi+1). Given another medoid;, if
1/2d(c,¢;) > d(c, pi) + d(pi, pi+1), thend(c, piv1) < d(¢j, pit1)-

We make the, not necessarily true, hypothesis that medogdfaafrom each
other. Therefore, if the distance between two consecutiuggp; andp;, 1 is small
enough, ang; was assigned to cluster we decide that alsp;; is assigned to
Cj.

Also for the recomputation of medoids we use an approximalgarithm. Let
P = p;11 the last point inserted in a clustarandb the two diametral points of the
cluster andmn its medoid. After the clustering of the firstnk frames with FPF,
for each cluster its medoid is computed using the standgatitim described in
section 2.4.3. Note that, after this computation, the distad(m, a), d(m,b) and
d(a,b) are available. The medoid update can be done using the fotjoapproxi-
mate procedure:

1. Compute the distance$P, a) andd(P,b),
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2. ifd(P,a) > d(a,b) ANd(P,a) > d(P,b) discardb, replace it withP and set
d(a,b) = d(P,a),

3. ifd(P,b) > d(a,b) N d(P,b) > d(P,a) discarda , replace it withP and set
d(a,b) = d(P,b),

4. it d(a,b) > d(P,a) A d(a,b) > d(P,b):

(a) if ‘d(Pa CL) - d(Pa b)‘ + ’d(P7 CL) + d(P7 b) - d(a7 b)‘ < ’d(mva) -
d(m,b)| + |d(m,a)+d(m,b) — d(a, b)| discardm and P becomes the
new medoid. Sef(m, a) = d(P,a) andd(m,b) = d(P,b),

(b) otherwise discar@®

Note that since the above procedure keeps updated theaistdm, a), d(m, b)
andd(a, b); only 2 distances must be computeld?, a) andd(P, b).

Suggesting the number of frames Although customization allows the user to
freely choose the number of frames in the storyboard, we oaextlude the case
in which the user has no idea of what such a number might beribet™ one.
Hence, we implemented a fast way to make a reasonable estoh#tte number
of frames that better represents the entire video (denot#dik) This number is
always suggested to the user and is used as a default valasdrhe user does not
give any other preference.

We first take a samplé” C F of the frames of the entire video, taking one out
of ten consecutive frames. We then compute the pairwisartist]; of consecu-
tive framesf;, f;. ,, according to GJC, for all such pairs 1. Figure 5.2 shows an
example of how these distances are distributed, along iivieeobserve that there
are instants of time in which the distance between consecframes varies con-
siderably (corresponding to peaks), while there are lopgdods in which thel;'s
variance is small (corresponding to very dense regions)allis peaks correspond
to sudden movement in the video or to scene change, whilensedegions frames
are more similar one to the other.

To estimatet we count the number of peaks using the following procedure:

1. Order all thed;’s in increasing order and, for each valuessumed by the
d;’s, count how many pairwise distances are equal,tioe. lett(v) = |{i |
di = ’UH,

2. Determine the valu& for which the functiont(v) shows a consistent de-
creasing step and throw away all the frames that are closerltho their
successiveie, F"' = {f; € F'| D(f;, fi,1) > T};

3. Consider the set” of remaining frames and count in how many “sepa-
rated” sets, according to time, they groujg., partition F”’ into an appro-
priate number of sets such thatfllﬁ andfi’j+1 belong to the same set, then

CLUSTERING FOR STATIC AND DYNAMIC VIDEO SUMMARIES 80



Clustering to produce static video storyboards

ij+1 —i; < T, whereT is a small interval of time (meaning the two frames
are displayed one shortly after the other).

The number of sets into which” is partitioned gives the number of peaks.
The numbelk of frames suggested to the user is set to the number of peaks mi
one (videos usually begin and end with a peak).

To test if frame sampling influences the estimaté: ofve considered our pre-
diction method using all the frames in a video and using ordample of frames
(one out of ten). We tested all the 50 vided Munduret al., 20064 and we found
out that the estimate d@f is exactly the same for 47 videos, while it differs thy
for the remaining three. We conclude that the predictionhaekis not affected by
sampling.

The prediction method (with sampling) applied to the 50 gilén [Mundur
et al, 20064 took on the average.1 seconds to estimate (with values spanning
from 0.22 to 0.04 seconds).

Selection of a representative frame for each cluster The content of each cluster
can be heterogeneous and the distance between a pair obfriasite a cluster can
be high. This is due to the fact that the number of clustensdependent from the
number of video cuts in the original video, but it dependsrfrthe length of the
storyboard the user required. Moreover there are framesatkantrinsically not
informative (i.e. black frames due to video cuts). In abgeata semantic way
to determine which frame of the cluster is the most appropa representative
frame for each cluster, the most natural choice in our scheasmto select the
medoid.

5.3.2 ViSto evaluation

ViSto is evaluated through a comparison study with other@gghes: an accel-
erated version ok-means[Phillips, 2002, the Delaunay-based technique (DT)
[Munduret al,, 20068 and the one used by the Open Video Proj&@pen-Video,
2004.

The study is carried out with two different sets of videose as taken from
[Mundur et al., 20064 and is a subset of short videos available within the Open
Video Projec{Open-Video, 200R(MPEG-1 encoded with a resolution of 352x240);
the second set is composed of long entertainment and infivenadeos (e.g., car-
toon, TV-shows and TV-news), MPEG-1 encoded with a resmiubif 352x288.

Note that we consider different types of videos in order tal@ste our ap-
proach under different conditions with respect to color aradion. All the experi-
ments have been performed using a Pentium D 3.4 GHz with 3GB R#th the
aim of investigating two different parameters: the timeessary to produce the
storyboard and the quality of the produced summary.
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5.3.2.1 Storyboard generation time

The time necessary to generate a video summary of a giveo igdm important
parameter to decide whether a mechanism can be used to prodube-fly sum-
maries or not. Therefore, we evaluate the processing timdifferent videos with
different lengths.
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k-means
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Figure 5.3. Storyboard generation time: DT vs k-means vs ViSto [Logarith-
mic scale].

Figure 5.3 presents results obtained analyzing a set ohddifferent videos
[Munduret al,, 20064, whose length spans from the 72 seconds (A New Horizon
1) to 168 seconds (Digital Jewelry). Since no statementvisrgabout the time
needed to build the storyboards in the Open Video Pr¢f@pen-Video, 200R as
well as nothing is said about the running time of the methoavbith the project
is basedDeMenthonet al, 1994, here we compare our ViSto approach, with
k-means and with DTMundur et al, 20061." In the figure we also report the
entire video length. Note that results are presented onaitbquic scale, due to
the considerable difference among the compared technitjuas be observed that
the usage ok-means and of DT is not reasonable to produce on-the-fly suiasna
in fact, k-means, to produce the summary, needs a time comparabléheithdeo
length, while DT needs about 1000 seconds. ConverselypVi&¢ds less than 10

!Results of DT are simply estimated using the value desciilb@dlundur et al, 2006H, where
it is reported that the mechanism requires between 9 andrigstthe video length to produce the
summary.
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seconds and hence is well suited to produce on-the-fly surasa&oughly, in all
the tests, ViSto is 25 times faster thaimeans and 300 times faster than DT.

10000
Legend

5 ViSto

S 1000k k-means

£ +k=10

5 X k=20

g 100 | KX k=25

g L1k=30

% S=0

8

2 10 | -

n S=12

0 10000 20000 30000 40000 50000 60000

Figure 5.4. Storyboard generation time: A comparison between k-means
and ViSto with and without sampling (Sz, with x = 5,12, is the sample rate)
[Logarithmic Scale].

A more general investigation on the time necessary to pdustoryboard is
presented in Figure 5.4. We vary the length of the given videm 5000 frames
(200 seconds) to 60000 frames (40 minutes), the length gfrtiauced storyboard
(10, 20, 25 and 30 frames) and the rate of the pre-samplinge(rioout of 5 and 1
out of 12) that is applied to the video frame feature matrie 8mpare:-means
and ViSto (the code of the other approaches is not available)

Once again, due to the large difference between the resultsectwo ap-
proaches, the storyboard generation time is presentedagagthmic scale. With
no surprise, the storyboard generation time depends oantgh (the longer the
storyboard is, the longer is the computational time) andhenpre-sampling rate
(the higher the sampling rate is, the shorter is the comiputattime). This ap-
plies to both approaches. Results confirm #hateans requires a generation time
that causes the method to be unsuitable for on-the-fly videwsarization: with no
doubts, 178 seconds to summarize a 200 seconds video is tdg nat to mention
the 36 minutes (2165 seconds) required to summarize a 4Qesinideo (60000
frames). Only with a pre-sampling of 1 out of 12means can be used for short
videos (18 seconds required for a 200 seconds video), bubnddnger videos
(183 seconds required for a 40 minutes video). To betterrgtated the ViSto be-
havior, Figure 5.5 presents a detailed close-up of FiguteThe ViSto storyboard
generation time with no sampling is reasonable only for @gehose length is up
to 15000 frames (10 minutes). In fact, it is not thinkabledbthe user wait for
more than 20-25 seconds. For longer videos, a sampling of @éfduframes pro-
duces a waiting time no longer than 20/25 seconds for videds 85000 frames
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Figure 5.5. ViSto Storyboard generation time with and without sampling
(Sz, with = 5,12, is the sample rate).

(23 minutes). For video larger than 35000 frames, a pre-Bagpf 1 out of 12
frame should be considered.

Since the pre-sampling rate might affect the storyboarditgueve let the user
select whether to apply a sampling or not. Figure 5.6 shoes/iBto interface,
where a user, in addition to the storyboard length, can asxthe quality of the
storyboard based on the time he/she is willing to wait.

5.3.2.2 Storyboard quality

The time necessary to produce a video storyboard is an ianoidsue, but the
quality of the produced storyboard is even more importartatt, bad quality sto-
ryboards (i.e., storyboards that do not well represent itheovcontent) are useless,
no matter if they are generated in an instant. For this reasdhe following we
investigate the quality of the video summaries produced iBgd/

The storyboard quality evaluation was carried out by cotingahe ViSto re-
sults with the one of the Open Video Project, the DT-summany thek-means.
We made two sets of experiments: one with short videos us$iagdata set of
[Munduret al, 20063 and the other with long videos recorded from TV. Unfor-
tunately, since both Open Video and DT-summary softwareslé¢tails to reim-
plement them) are not freely available, we could comparé tiem only using
data of[Munduret al,, 20064 for which the output storyboards of both algorithms
are available. The set of experiments using long videos was domparing ViSto
only against-means.

Quality evaluation is investigated through a Mean Opiniaor8 (MOS) test;
in particular, we asked a group of 20 people with differerdkgound (Ph.D. stu-
dents, graduate students, researchers) to evaluate thecpbsummaries. The pro-
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Figure 5.6. ViSto: Length and quality of the storyboard can be easily cus-
tomized. ViSto is available athtt p: //visto.iit.cnr.it.

cedure was the following: we first showed them the video ard the summary,
asking whether the summary was a good representation ofitjinal video.

The quality of the video summary was scored on a scale 1 tolsa{d,2=poor,
3=fair, 4=good, 5=excellent) and people were not aware®fhtkchanism used to
produce the video summary. The length of the produced suynwes set in order
to match the other approaches (i.e., if the Open Video summas of 5 frames,
the length of the ViSto summary was set to 5 frames, t00).

Figure 5.7 reports the results obtained when evaluating sideos obtained
from [Mundur et al,, 2006a&: A new Horizon 1(72 seconds long)Qcean floor
Legacy 8(127 seconds longprift ice 8 (144 seconds long)The voyage of the
Lee 15(90 seconds longkxotic Terrane 1(117 seconds long}lurricane Force
3 (92 seconds long) andigital Jewelery(168 seconds long). With the exception
of Digital Jeweleryfor the DT method and new Horizorfor Open Video, these
methods achieve poor results. ViSto achieves the best sookéurricane Force
3, Exotic Terrain 1land The voyage of the Lee 1®vith respect to the remaining
videos, ViSto and:-means achieve comparable results.

Figure 5.8 presents the summaries of heew Horizon Yideo, where Open
Video, k-means and ViSto achieve comparable results. As the MOSteghdt
is possible to note that the output of the three storyboactieeae a comparable
quality.

Figure 5.9 presents the summaries generated by ViStokandans for the
video Exotic Terrane 1The video is a documentary that shows a mountain land-
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Figure 5.7. Mean Opinion Score of different storyboard of short videos.

scape with some animals. Although some frames are the sabmhrsummaries,
ViSto shows a view from the sky and a frame with the video {itist two frames).

Figure 5.10 reports the MOS results obtained when evalysding videosThe
Simpsong20 minutes long)TV-News30 minutes long)Lost (40 minutes long)
and Talk-Show (15 minutes long). Due to the length of thedeas, we produce
two different storyboards: one with 15 frames and the oth#r 80 frames.

Results are comparable fapstand forTV-Newsand different forThe Simp-
sons(k-means achieves better results) andtédk-show(ViSto achieves better re-
sults). These two latter cases are detailed in Figure 5.diralRigure 5.12, where
the difference is quite clear. In particular, it is intenegtto observe that the sum-
maries of Figure 5.11 are completely different, althoudateal to the same video.
This can be explained considering the nature of the videentaito consideration:
first, just a very small number of frames (15) composes thestbg/board of a
video containing a much larger number of frames (30,00@gs&, in this video,
many frames have the same background color and show a ydilamaater, result-
ing in high color similarity of frames. Observe that the \@Summary is composed
by frames that show significant color differences. On theioiide, the summary
of Figure 5.12 shows how some of the key-frames selectekl-imgans are very
similar one to the other, while ViSto gives a more comprelvengverview of the
people participating to the talk show.
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Figure 5.8. A new Horizonstoryboard comparison.

Our Visto_summary (9 frames)

Figure 5.9. Exotic Terrane k-means and ViSto comparison.

5.4 Clustering to produce dynamic video skim-
ming

In the literature, among the few clustering techniquesgtesi to produce video
abstracts, some start by clustering frames and then retitowvacenes from the se-
lected frames; others, cluster scenes and then selectene ger cluster. Although
the definition of a scene might vary from technique to techajdhe final output is
always produced by sequencing the selected video scenes.

In this section we analyze both approaches (i.e., frameebard scene-based
selection), where a scene is a segment of video that begthsrats with a silence
and a video cut. Note that, when talking about the scene tolwthe frame belongs
to, we mean the only scene in which the frame appears.

Frames are represented as explained in section 5.2.1 amd $toa matrix
Mpysv, while each scene is represented by a 256-dimensional rwetiosei-th
entry is the mean of the corresponding entries of the frarakmging to the scene.
Scenes are stored as rows of the maidy,;rsv .
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Figure 5.10. MOS evaluation of long videos.

5.4.1 Video segmentation

A video abstract is composed by a sequence of the most inmpaegments of the
original video and hence the abstract quality also dependbeavideo segmenta-
tion process. We observed that it is of crucial importanceife process to consider
both audio and video features of the video to be summarizefact, if a video is
divided according only to visual information, for instanioe splitting the video
where there is a video cut, (which happens when two consecutileo frames
have few parts in common), it is likely that a video segmert &a incomplete
audio.

To split the video into segments we use the technique probs€Furini,
2007 that takes into account low-level audio and video featundsen a video cut
is detected, the audio energy at the video transition iskdtedf there is silence,
the transition is considered to be the end of a segment,wigeit is assumed that
the segment is not over. When combining segments obtaingnisimvay, we get a
fluid, understandable abstract in which the audio is corafylettelligible and not
interrupted.

5.4.2 Comparison between the use of scenes or frames

Considering the problem of static storyboard generationyhich the final output
is a set of frames, it seems reasonable to consider framapw#saf the clustering
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Figure 5.11. The Simpson¥/iSto vs k-means.

algorithm. In the video skimming framework, where a seqeesicscenes will be

returned, one should evaluate whether is more convenieapproach that uses
frames for clustering and then from them derives video staitshe alternative

approach in which the video is immediately segmented angescare the input of
the clustering algorithm.

For the sake of testing which approach performs better,ngverzideo and
a desired abstract lengfh, we produce two abstracts, one obtained by cluster-
ing vectors inM gy (corresponding to frames), and one by clustering vectors in
Mwgmsv (corresponding to scenes).

We evaluate two clustering algorithms with different cludeaistics: one is the
well-known k-meand Phillips, 2002, widely used and considered in literature, the
other is the approximated version of the M-FPF-MD algoritescribed in section
5.3.1.

As in the static case, both algorithms require as input thmbar of clusters
k, and, for each cluster they return a representative elefiemheasure the frame
(scene) similarity, we consider the Generalized Jaccastbbed Charikar, 200P,
since, as noted in section 5.3.1 this metric has shown t@perivell for HSV
vectors (see alsg-urini et al., 2007).

We do not take into account other well known clustering atgars (e.g., Hi-
erarchical clustering) because these are computatiosiallyer thark-means and,
hence, they do not apply to our scenario of on-the-fly custethvideo abstract
generation.

We produce abstracts in the following way:
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Figure 5.12. Talk-show ViSto vs k-means.

e Abstract by frames: givenI" in seconds andps, the frame per seconds of
the original video, we compute the number of frames that lshbe in the
abstract agtSF = T - fps. We estimate the number of scengs's in the
abstract with a value such that the ratio between the nunfifearnes and
the number of scenes in the original video and in the absisdatie same.
Chosen an arbitrary small integer constane cluster vectors i/ gy in
k = #8585 - c clusters, obtaining representative frames. For each frame we
determine the scene to which it belongs to and we incremenihéwa counter
associated to the scene (initially all counters are set ito) z8tarting from
the scene with higher counter, and considering scenes meakng order,
we select the scenes to be in the abstract until the totalHeafghe selected
scenes reaches the tirfie Observe that is used to produce a number of
clusters higher than the number of scenes that will compleseabstract,
generating a significant ranking of the scenes by means afaiheters.

e Abstract by scenes:we cluster vectors of the matrix/,,,zs1. The main
problem, in this case, is to find the appropriate valuéfeuch that the result-
ing output storyboard has the desired length. We were farweade different
approaches for ViSto andmeans. In the case of ViSto we exploited the fact
that FPF generates a new permanent center of a new clustateiteration,
giving a way to rank centergg., a selection order. Note that items that are
clustered represents scenes and that, the order in whigtatbeconsidered
in the clustering process is completely independent frogotidler in which
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the scenes appear in the original video. Thus we simply stieratedk to

be higher thar?’/SL where SL is the average length of a scene and then,
in the same order in which clusters were created, scenessleted and
inserted in the abstract. The process continues until tlaé dbstract length
reaches the duratidfi. For thek-means algorithm we proceed with a brute
force approach to determine theclusters necessary to produce an abstract
of length’T" (note that at the moment we are not discussing the best way to
choosek). In both cases, the selected scenes are ordered accoodihg t
time in which they appear in the original video and the segadhat has
been obtained is presented as the abstract.

Random abstract To evaluate if clustering might help in producing video ab-
stracts, we also compute abstracts by choosing frames amgésat random. If
there is no significant difference between these abstractsh@se produced using
clustering, the only natural conclusion is that there ise&son in spending time
and resources with clustering. To produce the randomizstiaatis we proceed as
follows:

e Abstract by frames: choose frames at random and select their correspond-
ing scenes until the total length of the selected scenebesdt

e Abstract by scenes:randomly choose scenes until the total length of the
selected scenes reaclies

In both cases, we reorder the scenes according to the timeiaithey appear
in the original video and we output the resulting abstract.

5.4.3 Evaluation

To evaluate the benefits of using clustering algorithms talpce video abstracts
in the web scenario, we set up an experimental environmeasiigating the per-
formance of clustering algorithms against a random apjrolacorder to have a
wide test bed, we consider three different categories @osdcartoons, TV-Shows
and TV-News. Movies have not been considered since videwaals reveal too

much contents (e.g, the end of the movie), and hence ad-blokitgies to produce
highlightsare more suited for this category. Table 5.1 reports a @etai€scription

of the dataset.

Afterwards, a HSV color analysis produces, for each videw, different ta-
bles (representind/ sy and M,,,msv), Which are the input for the clustering
algorithms.

We produce two sets of video abstracts: one contains 2 nsitomg abstracts
and the other contains 4 minutes long abstracts. Thesehkehgive been chosen
to be reasonable for a video abstract. For each set, we certwadifferent video
abstracts for each video: one is frame-based and the otlseerse-based. This
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Category | duration | avrg. sceneg title # videos
Charmed 1
Roswell

Dark Angel
Lost

The Simpsong
Futurama
Sky TV

BBC

TV-Shows| 40 min 534

Cartoons | 20 min 322

TV-News 15 min 67

N DNNDNPFP PP

Table 5.1. Dataset description.

means that, considering also randomly produced abstfactsach given video we
have 6 different video abstracts.

The goal of this experimental environment is to test the iualf the pro-
duced video abstracts and also the generation time in ocodeotentially offer a
customized service.

5.4.3.1 Quality evaluation using a ground-truth

The set up of the evaluation of a video abstract is a diffi@adkt objective metrics
like PSNR cannot be applied to videos of different lengtlede, user evaluation
has to be considerddruong and Venkatesh, 200However, since the presence
of long videos may discourage a truthful evaluation, a méfiectve method is to
compute ayround-truthabstract of each video (a manual built abstract containing
the most important video scenes), and compare the prodistaets with it. We
proceed as follows:

(a) Given the original video, we manually split it infuper-Sceneés-scene)

(b)

()

each having a self contained meaniegy( dialog between two characters in
the kitchen; trip from here to there by car and so on). A s-seeight contain
more than one scene (as defined in this chapter) or can beiarfrata scene
(e.g. two different actions taking place during one singiekground piece
of music).

We ask a set of 10 users (undergraduate and Ph.D. stugeuts) researchers
and non-academic) to score each s-scene with a value fraaéve (O =
un-influent,5 = fundamental). Then, to each s-scene we associate a score,
that is computed as the average of the scores given by the user

Given an abstract, each scene is scored with the scaga tpvthe s-scene it
belongs to or with the sum of the scores given to the scenssdmposed
of. The abstract receives a score that is equal to the suneafcitres of the
scenes it is composed of.
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It might be observed that also this evaluation approachsteslintervention
of several users, as it was in the user study approach. Ontliee leand, in the
ground-truth approach, once the process of scoring s-dsathene, experiments
can be carried out and automatically evaluated.

2 minutes abstracts 4 minutes abstracts
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Figure 5.13. Ground Truth Evaluation: Comparison of abstracts produced
using a frame analysis. Results are normalized with respect to the random
abstract scores (positive values mean better results than random, negative
worse).

Before presenting the details of the ground-truth evadmait is worth pointing
out that the data produced by the set of users presentedesshatistical difference
in the scores related to TV-News, whereas more homogeneanesshave been
given for cartoon and TV-Shows videos. This shows the ingma# of a story-line
in the video: TV-News has multiple story-lines, each onespnted in a different
video clip and some users might prefer some story-linesherst(e.g., the same
soccer video may be evaluated as very important by a soaeaenfaereas it can be
meaningless for his wife). Conversely, when there is a siligi few) story-line,
as in Cartoon/TV-Shows, evaluation of the video clips teindse more oriented to
the video story-line and less to the users interests.

Figure 5.13 reports the results of the ground-truth evedoatf abstracts pro-
duced with frame-based analysis. Results are normalizédrespect to the qual-
ity achieved by the random approach (i.e., positive valueambetter results than
random, negative worse). Clustering techniques are waitigwonly for Cartoon
videos; for TV-News there is no significant difference witte random approach;
for TV-Shows videos, clustering are not worth using for 2 mdénabstracts, whereas
some benefits are present for 4 minute abstracts. The TV-Nehavior is not sur-
prising considering the large statistical difference af ground-truth evaluation.
Instead the bad results of 2 minutes long TV-Show abstraetadittle bit sur-
prising. An explanation might be that the abstracts are tmstscompared to the
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Figure 5.14. Ground Truth Evaluation: Comparison of abstracts produced
using the scene analysis. Results are normalized with respect to the random
abstract scores (positive values mean better results than random, negative
worse).

original videos (2 minute abstracts against a 40 minuteojided hence it is diffi-
cult to pick up interesting scenes to fill in such a limitedeiabstract (for instance,
Roswellabstracts perform very similar to the one randomly produedtereas
Charmedabstracts are much worse than the random ones). In facinpek the
longer 4 minute abstracts, we can find better results foteing).

Figure 5.14 reports the results of the ground-truth evedoadf abstracts pro-
duced with scene-based analysis. Also in this case, resrdtsmiormalized with
respect to the achieved random quality. Clustering teclascre not worth using
for TV-News videos, whereas there are benefits for cartodaos. For TV-Show
videos there are no significant benefits for 2 minute abstradtereas clear ben-
efits are present for 4 minutes long abstracts produced hétivi-FPF-MD tech-
nique.

5.4.3.2 Generation time evaluation

In this section we analyze the abstract generation time;iwikivery important for
video abstract length customization, as abstracts have podaluced on-the-fly to
meet the user request. The following results are obtained) @ssimple Pentium
D 3.4 GHz with 3GB RAM. Although more powerful hardware candmployed
to lower the generation time, the ratio is likely to be the eam

Figure 5.15 reports results related to the abstract gaoertitne (in seconds)
with frame analysis, given on a logarithmic scale. Genenatime of random ab-
stract is not reported as it is less than one second, regardfehe type of video.
Needless to say, the lower the generation time, the better dastomized service.
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Figure 5.15. Generation Time: Comparison of abstracts produced using
frame analysis. Results are presented on a logarithmic scale.

Observe thak-means is out of the game (note that we don’t consider thedjpeat
looking for a good value ok), as it takes too much time to produce a video ab-
stract. M-FPF-MD has reasonable performances only for BwdI(27 seconds to
produce an abstract for a 15 minutes video).

Figure 5.16 reports results related to the abstract gaoertitne (in seconds)
with scene analysis, given on a logarithmic scale. Agaia,ganeration time of
random abstracts is not reported as it is around 0.1 secoegimdless of the type
of the video. M-FPF-MD has always good performances (19 rs#do gener-
ate a 4 minute abstract of a 40 minute video and less than @unddor TV-
News videos), whereas;means has reasonable generation time only for TV-News
videos.

5.4.3.3 Summary of results

Experimental results lead to the following conclusions:

e Clustering techniques seems not to be useful for multipleydtne videos
like TV-News. If videos are based on a story-line, as carsaord TV-Shows,
the benefits of clustering are significant, especially for idute abstracts
based on video scene analysis.

e Random selection has to be preferred to clustering for 2 realong ab-
stracts. In such videos, the limited number of scenes thrabeaselected to
compose the abstract, compared to the total number of videwes, does
not leave much space for interesting choices.

e Generation of abstracts by frame analysis takes much Iahgerthose by
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scene analysis (e.g., scene-based clustering is one dradegmitude more
efficient than the frame-based one) and hence abstractifiguime analysis
is not a winning strategy.

e k-means is too time consuming to be considered as a techroqueduce
on-the-fly abstracts.

e If user customization is enabled only a very fast clustedhygprithm as the
approximate M-FPF-MD can be used.

Another important issue is the estimation of the number o$telrsk to get
an abstract of the desired length. Since, it is not easy tocags k with scene
lengths, clustering algorithms should be not forced ta stegr again if the choice
of k results incorrect, thus incremental clustering represattetter strategy.

2 minutes abstracts 4 minutes abstracts
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TV-News Cartoons  TV-Shows TV-News Cartoons TV-Shows

Figure 5.16. Generation Time: Comparison of abstracts produced using
scene analysis. Results are presented on a logarithmic scale.

5.5 Conclusions

In this chapter we studied the problem of on-the-fly genenatif video abstracts
of long videos. In the case of static storyboard generatianyrtlustering based
approaches are proposed in the literature, but they areltoots be applied to
on-line contexts like the Web. For dynamic video skimmirlgstering is typically
not considered as a possible approach due to its compwahtioat. We proposed
ViSto, a mechanism designed to produce customized onythadiéo storyboards.
ViSto is based on an approximated version of the M-FPF-MDrilgm. We tested
ViSto against an accelerated version of the standamteans and, only for static
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case, in which other methods were available, against DT amm@nd the ap-
proach used in Open Video. The results of the comparison gtetiSto is about
25 times faster thah-means and 300 times faster than DT.

Arigorous evaluation of the quality of storyboard is notg@et in the literature.
Moreover it is a hard task also for humans. The same outpubearonsidered
differently among a group of people. For this reason we etatliboth static and
dynamic storyboards by means of an extended user studye lceibe of dynamic
summarization we were also interested to analyzed the b&éfising clustering
techniques on frames or directly on scenes to produce viostoegts. Results show
that although in most cases ViSto achieved the best scatanibe said that the
quality of the storyboard produced by all the consideredritlyms is comparable
and, in the dynamic case, the use of scenes is helpful inrbbépa better results.

CLUSTERING FOR STATIC AND DYNAMIC VIDEO SUMMARIES 97



Chapter

Clustering for similarity
search

Abstract

Modern text retrieval systems often providsianilarity search utility that al-
lows the user to find efficiently a fixed numbepf documents in the data set that
are themost similarto a given query (here a query is either a simple sequence of
keywords or a full document). We consider the case of a tégfalabase made up
of semi-structured documents. For example, in a corpushiolgiraphic records
any record may be structured into three fields: title, awgttaord abstract, where
each field is an unstructured free text. Each field, in tusisiédeled with a spe-
cific vector space. The problem is more complex when we alsw aisers to asso-
ciate a score to each such vector space at query time, infilgeite contribution to
the overall dynamic aggregated and weighted similarity.ifestigated a way of
using clustering to prune the search space at query time bdérwed that the more
the query is close to a cluster center, the morektluenter objective function as-
sure that the elements in the cluster are the nearest nesgfivahe query. Also the
embedding of the weights in the data structure was invastigaith the purpose of
allowing user query customizations without data replaatike in [Singithamet
al., 2004. The validity of our approach is demonstrated experiméntgl showing
significant performance improvements over the scheme peapm[Singithamet
al., 2004 and also with respect to the methb@hierichettiet al, 2004. We also
speed up the pre-processing time by a factor at least thirty.
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6.1 Introduction to similarity searching

Similarity Searching in an ubiquitous operation much stddin a variety of re-

search communities including: database, spatial datapda&a structure, compu-
tational geometry, information retrieveChavezet al, 200]. An alternative name
is nearest-neighbor searchinghile another old name is thmost office problem

The problem can be studied in a variety of settings: statidyosramic, off-
line/on-line, main memory/secondary memory, streamirtg da fully stored data,
exact solution/approximate solution, 1-nearest-neighbé-nearest-neighbor, worst
case asymptotic guarantees vs heuristics.

As in all data structure problems if one assumes that theigdateailable for
pre-processing the most relevant performance measursraeatpre-processing
time, storage and query time. In a dynamic setting also the tor dynamic oper-
ations is of interest. In an approximate case one is alsceistied in the quality of
the approximation.

Another important discrimination is based on the naturehef data being
searched (free textual data, structured records, imagasds, etc..), on the na-
ture of the representation of the items being searched @tsedvectors versus
sparse vectors), on the intuitive notion of “similaritygtdince” being investigated,
and on the formal notion of “distance” being adopted.

Another very closely related problem is that of fixed-radigarching (a type of
range-searching) in which one searches for all the elenmeatdata set at distance
less than a certain parameteirom a query object.

Similarity searching is strongly connected to many othgrdntant problems:

e Set-Membership one can see the set-membership problem as a limiting
case. Given a finite subsgét of a universelU, determine for anx € U if
x € S. Naturally one could see this problem as an exact similagsrching
problem where the distance of two elements is gived(y y) = 0 for any
z € S,andd(z,y) = 1foranyz € U \ S. Sometimes this is called the
“exact match” problem.

¢ Inverse Indexing Web Search Engines have made popular Inverse Indices
to solve the following problem: Given a famil§ = {F},...F}} of subsets
of U, foranyx € U return allF; € F such thatr € F;. This can be seen as a
similarity search problem in whicti(z, F;) = 0 if € F;, and1 otherwise.
Note that here we have two classes of objects, points andraéter than
one. Hence a notion of distance between a set and a point masfined.

¢ Voronoi Diagrams: given a universé/ and a distance functioh: U x U —
R and a finite setS C U, let D(z,S) = argmin,cys d(z,y), a function
U — S. PartitionU into subsets with the same pre-image (that is, define the
equivalence classes under the inverse mapping). Note that a Voronoi
diagram, in a sense, stores compactly the answers to aibfg4snearest
neighbor queries. It can be used by transforming the neasgghbor query
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into a point-location query in this special subdivisionlafUnfortunately in
many high dimensional situations the Voronoi diagram ftseh too large
object to be of any use when stored explicitly.

e Dynamic Vector Score Aggregation given a setS of s sources of evidence
and a setly of n records, lew;(e;) be a source score for each recerde
FE and each source; € S. Moreover for each source we have a scalar
positive weightw; that is user-defined and changes dynamically for each
query. The dynamic aggregated scorepis Y ., w;o;(e;). TheDynamic
Vector Score Aggregatioproblem[Singithamet al, 2004 is to find the
k elements inE with the highest dynamic aggregate score[$mgitham
et al, 2004, the authors note that in absence of any further structwge th
only solution is an exhaustive computation of the aggregedee for all the
elements ink and the determination of thehighest elements in the ranking
induced by the aggregation score. Therefore they condmespecial case
when each feature of the recorgsis actually a vector, and the source score
functiono;(e;) is a geometric distance function measuring the distaneg of
to a query pointy (equivalently one can define a dual similarity function to
the same purpose). Observe that # 1 and the source score is a geometric
proximity function (e.g. a metric) to a query point then thisblem reduces
to the classicak-nearest neighbor problem. The difficulty in handling the
k-nearest-neighbor problem in the general case of a lineabuoation of
s > 2 geometric proximity functions stems from the need of corimgn
the scores from generally unrelated sources compoundédtivatpresence
of arbitrary positive weights. IhSingithamet al., 2004 the Vector Score
Aggregation problem is solved by extending the cluster ipigitechnique
for the geometric:-nearest-neighbor.

In this chapter we observe a relationship between the appade similarity
searching problem and tliecenter problem. Thus we show how the cluster prun-
ing strategy for approximate similarity searching can beriored using a clus-
tering algorithm which hag-center as objective function. Moreover, since we ob-
served that the most of the nearest neighbors are founthygigiite first few clusters
we modified the cluster pruning approach to work with a mellistering obtained
by merging few independent clusterings.

To finish, using cosine similarity to measure the distanceragrpairs of doc-
uments, we derived a different scheme for the dynamic vesdore aggregation
problem respect with the one proposed Singithamet al,, 2004. Our method is
able to deal with weights just at query time, thus we do notrie&know/manage
them during the preprocessing of data. This reduced ourgeepsing time and,
contrarily to the method proposed|iBingithamet al., 2004, made it independent
from the number of sources of evidence present in the dataset
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6.2 Related work on similarity searching

A lot of effort has been spent studying similarity searchamgl literature about this
topic is wide. There are two main categories of similaritgrsbing problemsexact

similarity searchingin which thei-th retrieved element is exactly thieh nearest
neighbor; andpproximate similarity searchinig which the following relationship

holds:
d(q, Retrived;)

whereq is the query pointRetrived; is thei-th retrieved elementy N; is thei-th
nearest neighbor ands a small positive constant.

<l+e

6.2.1 Exact similarity searching

The most of exact similarity searching data structures ased on partitioning the
search space and organizing the obtained partitions iredike data structure. At
guery time the tree structure is used to decide in whichtpars to search for the
nearest neighbors. Among the most commonly appreciatdédig@ing methods,
there are: théall partitioning andgeneralized hyperplane partitioningiteria in-
troduced in[Uhimann, 1991 and theexcluded middle partitioninglescribed in
[Yianilos, 1999. In figures 6.1, 6.2 and 6.3 the three methods are summarized.
In a nutshell given a metric spadé = (U, d) and a set of objectS € U:

¢ ball partitioning : given a pointp € U and a constand,,,, S is divided in
two groupsS; and.S, such that the inner points of the ball of centeand
radiusd,,, are inS; while the remaining are i85,

Figure 6.1. Ball partitioning.

¢ hyperplane partitioning: given two pointg; € U andps € U, S is splitted
in two setsS; andS; such that points irt; are closer tg, than top, and
vice versa,
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Figure 6.2. Hyperplane partitioning.

e excluded middle partitioning: given a pointp € U, a threshold distance
dm, and a constanti, the setS is divided in three subspacés, S; andSs.
The points at distance at mast, — ¢ from p are assigned t61, the points
furthest thand,,, + 6 from p are assigned t8; and the unexpended points are
inputed toSs. The main advantage of this partitioning scheme with respec
to the others is that, also in the case in which the requested/gointq is
too close to such a boundary, if the searched points staritkia ball with
centerg and radiug) it is always possible to exclude at least one partition in
the visiting procedure.

Figure 6.3. Excluded middle partitioning.

Let now describe some common methods for exact similarigychéng that
employ the above described partitioning techniques foamizgng data.

The most simple method consists in building a binary tregctiire using ball
partitioning for assigning points to one of the halves oftilee. At the beginning
all the points are assigned to the root, a pivot peiig randomly chosen and the
space is partitioned. The root node is labeled witBach partition is again splitted
using the same criterion until a stop condition is reachageri@s consist in a top-
down visit of the tree; visiting nodg the distance between the query and the pivot
p¢ is computed and the algorithm decides which partition (@daé both) might
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contain similar data. The querying process continues,fatileach visited path, a
leaf node is reached.

The bisector tree (BSTKalantari and McDonald, 19$3s probably the first
data structure proposed that takes advantage from thegigperpartitioning. Also
this tree structure is built recursively. At each node twmts pointsp; andp, are
selected and hyperplane partitioning is applied. Objersaasigned to the two
children of the considered node according with their distatop; andp,. For
each pivot its covering radius is computed and stored inppeagpriate child node.
The covering radius is the distance between the pivot anduttiieest point in
its partition. Also in this case the query consists in a topsua visit of the tree.
Considering a nodehavingp; as pivot and-; as covering radius and a query point
g, in ametric space points trare further tham(p;, ¢) —r, from¢. Thus, if searched
points are closer, then there are no interesting pointsahghbtree and it can be
safely pruned.

Brin [Brin, 1999 tackles the problem of detecting the points of a data set in
a metric space within a radiusof a query pointz. Both r andz are specified
at query time. The proposed data structure the GNAT (Gedarndaar-Neighbor
Access Tree) uses only pairwise distance computations aildska deep search
tree by recursive subdivision clustering at each node ofr® At each node ran-
dom sampling and a greedy selection of candidates splitpasing the furthest-
point-first idea is performed. The GNAT is used to find exaetlypoints in a
radiusr from a query pointz and each node of the data structure that poten-
tially intersects the query ball is visited. Potentiallyeonould use GNAT and
a binary search scheme on the radius valugo to detect the ball; contain-
ing exactly! elements closest to the query point In practice such a scheme
could result in a visit of a much larger fraction of the poiirighe database than
needed. Variants are discussed@mavez and Navarro, 2000; Cantazial., 2005;
Figueroaet al., 2004.

6.2.2 Approximate similarity searching

Fagin et al. ifFaginet al, 2003 show that one can solve approximate Euclidean
nearest neighbor by first projecting data points and quemtgonto a set of 1-
dimensional flats (lines), compute the rank of the query ichekdimensional
space, and then combine (aggregate) these ranks usingeddques fronvot-
ing theory Experiments reported ifFaginet al, 2003 are on dense data sets in
dimension100 (stock market time series) and dimensitsi (vectorialization of
digital images).

Cluster pruningis an approach to similarity searching that is rather sirbpke
just because of its simplicity, is suitable to handling viasge data sets in very
high dimensional spaces (as arise for example in handlirgge laorpora of free
textual information). Consider the data items as pointshiigh dimensional space
endowed with a distance function. Subdivide the data pawtsmany small com-
pact clusters and elect a representative point in eachecl¥hen a query poing
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is given,q is compared with the representatives and based on this cizopane
decides either to explore further the cluster or to disrgampletely the associ-
ated cluster. The heuristic step (no guarantee) is thateleeted clusters contain
the exact (or approximate) answer we are looking for. Thezereany algorithmic
design choices one has to take (see a recent p@péerichettiet al., 2007 explor-
ing many of these choices). The approach itself in genemmlbean used before,
see e.g[Hafneret al,, 1998; Sitaramat al., 2003.

Indyk and Motwani propose tHecality sensitive hashingndyk and Motwani,
1999, that reduces the approximate similarity searching prokie thePoint lo-
cation in equal ballproblem (PLEB). Given a s&t = {ci,...,c,} of balls of a
fixed radiusr in a metric space and a query pointif there exist a ball such that
q € B(c;,r), then returnc;. Thus the authors introduce a famity : S — U of
hashing functions such thatdf € B(c;,r) then Pry[h(q) = h(c;)] > p1 while
if ¢ ¢ B(ci,r) thenPrylh(q) = h(c;)] < p2 with p; > po. Essentially the main
property of LSH is that similar objects hashed withare much more likely to
collide than dissimilar objects. At query time the queris hashed and only the
points in the ballB; such that:.(¢) = h(c;) are scanned to find the most similar to
q.

In [Bawaet al, 2004 a LSH-based index is presented. Given a farfily=
{hq,...hy} of LSH functions/ hash tables are built independently. For each table,
k hash functions are selected at random. Then each documeashed using all
these functions and placed in the bucket which has as keyotietenation of the
hash functions. For example if we considér: S — [0,9] in the hash table there
will be 10* buckets. The smaller is, the greater is the probability of conflicts
among dissimilar points. But, a large value fomeans a large number of buckets
and an increase of probability that similar objects aregassl to small buckets.
At query time nearest neighbors are searched separatdhtlie &hash tables and
then recombined. Note that one of the major advantages ®fdtiia structure is
that it can be used in parallel or distributed frameworks.

A series of papers describe solutions tailored on the sieimawhich data are
accessed as a stream, that is they are presented to the sgysdesequence and
assigned to a cluster once and for all. One can work in a siceimawhich there
is loss or no loss of information, sé&uhaet al, 2003; Charikaret al., 1997;
Farnstromet al., 2004. Clearly this is a more extreme scenario in which, besides
the simple scalability issue (due to sheer size of the inmui® has to cope also
with the restriction of deciding the association of eactadim only once. In the
applications over large textual corpora coping with thgt t@quirement it is likely
to produce lower quality results. The experiments repoiteFarnstromet al,
2004, that exhibit no loss in quality against standartheans, are performed on a
data set in 481 dimensions, where each record is dense @st.anmponents are
non zero).
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6.2.2.1 User defined aggregated metrics

In the standard version of the similarity searching probtemuser is allowed to
choose the queries, but not the underlying distance fumdtiat is fixed at pre-
processing time. Suppose now that we want to give the usepdhsibility of
choosing a metric of his/lher own choice at query time. Oneiapease of this
scenario is for example when the objects to be searched nawnteanal structure
and the overall distance function is aggregationof the outcome of several dis-
tance functions defined on the components of the structwen i the data set to
be searched is the same, at different times the user mighetr @relifferent relative
weight of the individual factors within the overall aggréggh distance function.
This choice is taken at query time and the data structure bruflexible in this
respect. This scenario has been considered in a recent pga[&ngitham et al.
[Singithamet al,, 2004. In [Ciaccia and Patella, 20D Xiaccia and Patella discuss
which general relations should hold between two metricsdthaw to build a data
structure using the first metric, but perform searches uiagecond (e.g. a user
defined) one. They propose a method that can be applied toeargrig distance
based search tree. The performance analysis is based abpistir distance dis-
tributions.

6.2.2.2 Cluster based search versus inverted index based search

Voorhees[Voorhees, 1986discusses the problem of comparing the performance
of similarity search algorithms based on inverted indicéh #hose based on clus-
tering. The issue has been re-evaluated by Can EEahet al., 2004. For sake of
simplicity assume that the similarity of two vectors is givay their inner product
and that both documents and queries have been re-cast inca space. Inverted
Index Similarity Searching is based on the principle thkingthe non-zero com-
ponents of the query vector we can access all and only thewemis having also
a non-zero value for at least one of those components; thusaweompute all
inner products in a component by component order, and sati¢oe end the docu-
ment most similar to the query. This approach is suitablefact nearest neighbor
gueries, however it runs into difficulties for approximatesges.

6.2.2.3 Measuring output quality

Given a certain database of objects and a query, in the exaitarsty searching
context, all the algorithms return exactly the same re3lus what make the dif-
ference among different solutions are: preprocessing éntequery time. In the
approximate similarity searching setting, instead, itlsamportant to establish
how good is the returned solution. In this last case, beyoegdrpcessing and query
time, many other aspects should be considered. For exangrlemany (and which
ones) of the true similar objects appear among the retrielsgetts and how far are
the retrieved points from the query. For example, lookingttie two most similar
objects, itis better to find the closest object rather tharséttond one. Moreover it
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could be better to find the second and the third most similpratd instead of the
closest object and a far one.

Two popular quality indexes are often used: thean competitive recadind the
mean normalized aggregate goodneSiice they are employed also[fBingitham
et al, 2004 and[Chierichettiet al., 2007, we will use them for our experiments.

e Mean Competitive Recall.Let k& be the number of similar documents, we
want to retrieve (in our experimenis= 10) and A(k, q, E') the set of the
k retrieved documents for a queryby algorithm A on data sett, and
the Ground TruthGT'(k, ¢, E), the set of thek closest points inF to the
queryq which is found through an exhaustive search; the competrgcall
iSCR(A,q,k) = |A(k,q, E)NGT(k, q, E)|. Note that competitive recall is
an integer number in the ranff& . . ., k| and a higher value indicates higher
quality. The Mean Competitive Recai[lR is the average of the competitive
recall over a set of querigg:

CR(A,Q,E) = ’Q‘ZCRAq,

q€Q

This measure tells us how many of the tiurearest neighbors an algorithm
was able to find.

e Mean Normalized Aggregate GoodnessWe define as the Farthest Set
FS(k,q, F) the set oft points inE farthest fromg. Let the sum of distances
of the k furthest points fromy be W (k, ¢, F) = Zper(k,q’E) d(q,p). The
normalized aggregate goodness:

W(k,q,E) — ZpeA(k;,q,E) d(q,p)
W(ka q, E) - ZpEGT(k,q,E) d(Q7p) .

Note that the Normalized Aggregate goodness is a real nuimiee range

[0, 1] and a higher value indicates higher quality. The Mean NamedIAg-
gregate Goodness AG is the average of the normalized aggregate goodness
over a set of querie®:

NAG(k,q, A) =

NAG(A,Q, E) ZNAG (4,¢,k).

el ey

Among the possible distance functions there is a large ifitiain behavior

(for example some distance functions are bounded, somegreMoreover

for a givenE andq there could be very different ranges of possible distance
values. To filter out all these distortion effects we noraelhe outcome of
the algorithm against the ground truth by considering th# against the

k worst possible results. This normalization allows us a faggpreciation

of the different algorithms by factoring out distance igiosratic or border
effects.
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6.3 Our contribution

In this chapter we first deal with the problem of fast appratensimilarity search-
ing for semi-structured text documents, then we focus omthee general problem
in which users can decide to dynamically assign differergtits to each field of
the searched text (Dynamic Vector Score Aggregation). Véesled an analogy
between the similarity searching problem and kheenter objective function for
clustering. Thus, according with the cluster pruning apphy we used a clustering
algorithm for thek-center problem for approximate similarity searching. btorer
we derived a new and much simpler way for managing dynamigivgi avoiding
to consider them in the preprocessing phase and thus teatplclustering with
many assignments of weights. To finish, by using a differdunstering strategy
(in which we introduced a certain data redundancy) we obtaiher benefits in
terms of precision. In particular we will describe alteives for the following key
aspects:

e The ground clustering algorithm. When searching for the nearest neigh-
bors of a query point, it is natural to consider a cluster good for such a
search when its diameter is small. This leads to considehagptimalk-
center problem (i.e. finding a decomposition minimizing thaximum di-
ameter of any cluster produced) as a better objective tmatith respect to
other conceivable objectives. Thus we are led to considelrtinthest-Point-
First heuristic, that is 2-competitive for this probld@onzalez, 1985 We
attain two benefits: (1) the quality of the output is increqses demonstrated
by the experiments in Section 6.4, (2) the preprocessing timeduced by
orders of magnitude since we can use fast variants of thisitlign (see e.g.
[Geraciet al,, 2006b; 2006h.

e Multiple clusterings. In cluster pruning search one decides beforehand to
visit a certain number of clusters whose “leaders” are clotethe query
point. However, there is a hidden law of diminishing retuigsters further
away from the query are less likely to contain gdedeighbors. We use a
different strategy: we form not one but several (three in experiments)
different independent clusterings and we search all thiréeeo but looking
into fewer clusters in each clustering.

e How weights are embedded into the schemén the general Vector Score
Aggregation problem the user supplies a query (this cantberea document
in the database or a collection of keywords that capture ¢timeept being
searched for) and a weight-vector that expresses the yseception of the
relative importance of the document features in captutiegriformal notion
of “similarity”. We show in Section 6.3.3 that, surprisiggbne needs not to
be concerned with dynamic weights at all during pre-prdogsshe solution
for the unweighted case is good also for the weighted one.

CLUSTERING FOR SIMILARITY SEARCH 107



Our contribution

By introducing these three variations we significantly eutprm the state of
the art algorithms for this problem.

6.3.1 Clustering algorithm

Cluster pruning leaves open the issue of which is the bestering strategy to
adopt. An exhaustive answer to this question is probablyosaible since cluster
pruning is heuristic. However, some considerations candree.dWe found that
there is a relationship between similarity searching aeditimalk-center prob-
lem. Thek-center target is to find an assignment of cluster centetsiramizes
the wider cluster radius. Thus the found clusters shoulddnepact. If the query
point ¢ is exactly the center of cluster;, its elements are the firs€;| nearest
neighbors of;. This also means that the more a query poii# close to the cluster
center, the more it is probable that its nearest neighb@paints of the cluster.
More specifically, if the cluster radius 8 and the distancé(q, ¢;) < D, all the
nearest neighbors at distance at mbst d(q, ¢;) are points ofk;. Sincek-center
imposes that the wider cluster diameter is the smallesilgesi the case queries
are points of the clustering, this means that also the maxdistance between the
query and the closest center is minimized.

In chapter 2 three clustering algorithms feicenter problem were described:
the standard FPF introduced in section 2.2.1.1 and twonarisl-FPF that em-
ploies random sample techniques (see section 2.4.2) anBBANID which intro-
duces medoids (see section 2.4.3).

The choice of which of these clustering algorithms is thet lsasdidate for
similarity searching can not be supported by theory. Eadhede algorithms has
pros and cons. For example the standard FPF has theoratigalgees, instead
the use of medoids has a better distribution of centers.Hiereéason we simply
tested the performance of all the algorithms on two databaselocuments and
adopted the best one. In section 6.4.3 we report the redudis dests which show
that consistently M-FPF has the best performance.

6.3.2 Multiple clusterings

Apparently it seems that it would suffice to rurkecenter algorithm on the input
data (instead of-means like il Singithamet al., 2004) and the trick is done. The
situation is slightly more complex. Generally speakingneans is much slower
than k-center, but typically produces higher quality clustels (iterative process
has a smoothing effect).

In a different setting, when strictly on-the-fly computatsoare required, such
as those described in chapter 4 where interactive web dsighestering is done
or in chapter 5 where a video storyboard must be produced i, time con-
straints can make the difference between a successful tmbhaoring useless
software. In our setting, however, clustering is a pre-cotaion done off-line
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and, while one would appreciate a result in hours rather dagss, clearly, quality
of the outcome has to be considered in absolute terms.

We have found that, while one application of M-FPF is not ableutperform
k-means in quality, a few independent applications of raridechM-FPF (ulti-
clustering produce a set of overlapping clusters that yield bettepwugjuality.
This intuition, later shown experimentally, came from twaservations: after vis-
iting ¢ clusters the exam of a further one tends to be even more ssetesindancy
of points makes the system more robust.

10 1
01k
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Figure 6.4. The marginal utility of examining the cluster ¢ + 1 after the in-
spection of ¢ clusters. On the z axis the number of visited clusters, on the
y axis the marginal utility in terms of recall (left) and normalized aggregate
Goodness (right).

We studied how helpful is the visit of one more cluster aftearaining a cer-
tain number of clusters. In figure 6.4 we show how, after tisé of ¢ clusters, the
marginal utility changes after examining a new cluster. Targinal utility is com-
puted for both Normalized Aggregated Goodness and Reddit émexpressed as
the difference between the value of the measure visttisngd: + 1 clusters.

Figure 6.4 shows that the visit of the first cluster is the nimgtortant and the
marginal utility of examining a new cluster decays drastically after juswibi of
three or four clusters. This suggests that is probably bettexamine less clusters
in some independent clusterings, than more clusters ofine €lustering.

The second observation that suggested us to use multedhgtwas that the
redundancy of points makes the system more stable in teroqueeoy performance.
This effect can be better explained with the example of figube

In the figure the red circles and the green circles represemiridependent
clusterings (the center of a cluster is the point of the saolerc Let ¢ be the
query and the yellow points the nearest neighbors. Suppeseamt to visit two
clusters searching for the nearest neighbors. If one cerssahly the red clustering
q is close toR; and R», thus all nearest neighbors are found. Instead considering
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Figure 6.5. Two independent clusterings (one in red and one in green) of
the same set of points. In magenta a query point and in yellow its nearest
neighbors.

the green clusteringy is close tol; andVs, but one of the searched points islin

If one considers all the red and green clusters as a singieeding, thenR, andV;
are the closest centers and all the searched points are. fivumeéasy to note that
in the last case the clusters with highestrginal utility are selected increasing the
final expected quality.

The figure also shows that the mean distance among the quenygoal the
nearest centers in the multi-clustering scheme must bd egamaller than in the
single clustering scheme.

At this point one can erroneously think that the advantagrettse higher num-
ber of centers and not in multi-clustering. Moreover maltistering has the dis-
advantage that there could be points evaluated more then dhas it could be
better to make more smaller clusters and increase the nuofihesited clusters
balancing the final cost. The example of figure 6.6 shows ofefha set of points
divided in three clusters (CL1) and on the right the samepdgtes] in six clusters
(CL2). Given the query: we examine 2 clusters on CL1 and 4 on CL2. Note that
only the cost of finding the nearest centers increases segritte structure on the
right. In fact, since the visited clusters in CL2 are twicedé visited in CL1, this
balances the lower expected number of elements in eacledisitister. In both
cases there is a nearest neighbor not found and the highdsemuwhclusters on
the right does not help.

In the comparison ok-means and multi-clustering there is an extra cost in
terms of the number of distance computations to be paid aydinee when search-
ing the latter. However, since each distance computatigadenter involves only
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Figure 6.6. The same set of points divided in 3 clusters (left) and 6 (right).
In magenta the query point ¢ and in yellow the 3 nearest neighbors.

sparse vectors (i.e. there are no dense centroids), theftacisebalance out at
query time. In our experiments three applicationg:-aenter to different random
samples of the input suffice.

There are two main ways to query multi-clustering. Suppase wants to
examinet different clusters at query time, the system can considerthheek-
clusterings as a single clustering structure vithclusters (and centers) and ex-
aminet clusters, or it can query independently the three clusysrwisitingt/3
clusters for each structure. We observed that this choies dot affect the final
result neither in terms of quality nor in terms of speed. Tiweslecided to use the
latter strategy.

6.3.3 How weights are embedded in the scheme

In the vector score model the queries are of the farm= (q1,...,qs) where
eachg; is a vector of unit length; moreover the user supplies a weigilctor

w = (wy,...,ws) where eachw; is a positive scalar weight, and the weights
sum to 1. The elemeny; in the input set? is of the form((e;)q, ..., (e;)s) where
each(e;); is a vector of unit length. The aggregate similarity 4s;p(q,e;) =
1—dap(q,ej) = >, wi(qi - (e;);) whereg; - (e;); is the cosine similarity between
¢; and (e;);. We remind that, as shown in section 3.2.1.1, from cosinélasitty
can be derived a distande for which the extended triangular inequality holds.
Thus, the aggregate distance functiod is(q,e;) =1 — >, wi(q; - (€;)i)-

One should notice that because of the linearity of the summand the inner
product operators, the weights can be associated to thervemace:) , w;(g; -
(e;)i) = >_; gi-wi(ej); = q-we;. This association has been chosefSimgithamet
al., 2004. Thus the challenge arises from the fact that one has to dprpeessing
without knowing the real weights that are supplied on-lingueery time.
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A different aggregation Let ¢ be a query point¢ a center of cluste€’(c), p a
point in clusterC(c), andd a distance function that satisfies the extended triangular
inequality with parametet.. The effectiveness of clustering search stems from the
observation that the distandéy, p) is bounded by an increasing functiondif;, c)
andd(c, p). Moreover wherp € C(c), the distancel(c, p) has the smallest value
over all centers in the clustering. Thus using the ceatdpsest tay gives us the
best possible upper estimate of the distadigep). We have:

d(q,p) < (d(q,0)* + d(c, p)a)l/a

Consider now theveighted similarityiV’ S

WS(w,q,p) = Zwi(pi “qi) = Z(wiqz‘) Pi = Qu - D.
whereQ,, = [w1q1, .., wsqs] IS the weighted query vector of vectors. Since the
linear combination of weights and queries might not resul unit length vector
we perform a normalization (depending only in the weightd query point) and
obtain anormalized weighted distandéW D:

WS(w,q,p)
|Qul
whereQ.,/|Qw| = @), is the normalized weighted query vector of vectors.

Now we are in the condition of using the above generalizexhgular inequality
and establish that:

NWD(w,q,p) =1— =1-Qu/|Qul-p=d(Q,p),

NWD(w,q,p) = d(Q.,p) < (d(Q)y, )" +d(e,p)*)"*.

Sinced(c, p) is independent of the pair,w we can do at preprocessing time
a clustering based on the input g8tand the distancd, regardless of weights
and queries. At query time we can compdf€)’,, ¢) and combine this value with
d(c,p) to get the upper estimate &fIWV D(w, ¢, p) that guides the searching. The
conclusion of this discussion is that using cosine sintilahie multi-dimensional
weighted case can be reduced to a mono-dimensional (i.eveighted case) for
which we have good data structures.

The discussion above shows that the pre-processing camiedrtiependently
of the user provided weights and that any distance basetéchg scheme can be
used in principle. Weights are used to modify directly thauinquery point and are
relevant only for the query procedure.

6.4 EXxperiments

In this section we will first show benefits obtained using thdtirtlustering strat-
egy with respect to standard clustering, then we comparsaution against two
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baselines: the algorithm ifSingithamet al, 2004 that usesk-means clustering
and the algorithm ifChierichettiet al., 2007 modified such as to use the simple
cluster pruning randomized strategy proposefimgithamet al.,, 2004.

6.4.1 Baseline algorithms

Let now give just some details of the two algorithms we usdubasline to evaluate
the quality of our solution.

In [Singithamet al,, 2004 several schemes and variants are compared but ex-
periments show that the best performance is consistertdynad by the Query
Algorithm 3 (CellDeg described irfSingithamet al., 2004, Section 5J4 The pre-
processing is as follows. For simplicity we consider thar@ehsional case, that is
a data set where each record has 3 distinct sources of eeiderye in our tests,
title, authors and abstract of a paper). We consider th& sat positive weight-
vectors summing to one (this is the intersection of the hylp@ew; +ws+ws = 1
with the positive coordinate octant). We sgfitinto 4 regular triangle§?, 7> and
T3 each incident to a vertex @f and the central regiofy.

For each region we build a different vector space. ;gtbe the vector corre-
sponding to record; and sources;. Since the value of weights in regidj (the
central one) are comparable, we form a composite vector lmsvV (Ty); =
Vi, + Vo ;+ V3 ;. For the other three regions we simply apply a squeeze féator
correspondence of the two lowest weights. Thus we Raig ); = Vi, +0V3; +
9V37j, V(Tg)j = 9V1j + Vg,j + 9V3J andV(Tg)j = 9V1j + QVQJ + Vg’j.

Experiments i Singithamet al, 2004 show that a value of = 0.5 attains
the best results. At query time, given the quély= (¢, w) one first detects the
region of7" containingw, then useg in the associated indexing data structure for
cluster-pruning.

In [Chierichettiet al, 2007 Chierichetti et al. propose a very simple but ef-
fective scheme for doing approximatenearest neighbor search for documents. In
a nutshell, after mapping documents into a vector space they choose randomly
K = /n such documents as representatives, and associate eactathment to
its closest representative. Afterwards, for each groupc#rgroidis computed as
“leader” of the group to be used during the searcHQhierichettiet al., 2007 the
authors are able to prove probabilistic bounds on the sizaoh group which is
an important parameter that directly influences the timepderity of the cluster
prune search. Dynamically weighted queries are not traatE@hierichettiet al,,
2007, therefore we choose as a second base-line to eniflbierichettiet al,
2007, in place ofk-means, within the weighting framework [Bingithamet al,,
2004. We will refer to it asPODSO7for lack of a better name.

6.4.2 Experimental setup

We implemented all the algorithms in Python. Data were stanetextual bsd
databases. Tests have been run on a Intel(R) Pentium(R) CBCX3Hz with 3GB
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of RAM and with operating System Linux.

Following [Singithamet al., 2004 we have downloaded the first one hundred
thousands Citeseer bibliographic recdtdsach record contains three fields: paper
title, authors and abstract. We built the two data sets destin table 6.1. In the
table, it is also reported the numbkrof clusters made by all the considered al-
gorithms. After applying standard stemming and stop woedsaval, three vector
spaces were created: one for each field of the documentssTerine vector are
weighted according to the standafddf scheme.

Dataset TS1 TS2
Input size (MB)| 41.80 | 76.13
# Records 53722 | 100000
# Clusters 500 1000

Table 6.1. Dataset description.

Without loss of generality, we used documents extractech filtee data set as
gueries. Test queries have been selected by picking a ragelonfi250 documents.
During searches the exact match of the query document ismoited. In our
experiments we used the 7 sets of weights reported in taBledbpted also in
[Singithamet al., 2004. For each set of weights, we always used the same query
set. This gave us the opportunity of comparing results ftferdint choices of the
weight vector.

Weight clue| Author | Title | Abstract
0.33 | 0.33| 0.33
0.4 0.4 0.2
0.4 0.2 0.4
0.2 0.4 0.4
0.6 0.2 0.2
0.2 0.6 0.2
0.2 0.2 0.6

No o~ WDNPR

Table 6.2. Weights used for queries.

6.4.3 Comparison among different k-center algorithms

As explained in section 6.3.1 our intuition suggested uss® ai clustering algo-
rithm that attempts to solve thiecenter problem since there is an affinity with the
similarity searching problem. We faced the problem to dstlalwhich one of the
algorithms described in chapter 2 for theenter problem is the best candidate for
similarity searching: the standard FPF (see section 2dt.our M-FPF which
uses a random sample (see 2.4.2) or the M-FPF-MD which usesdam sample

http://citeseer.ist.psu.edu/
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and medoids (see section 2.4.3). Each of this algorithmeph@asand cons. For
example the standard FPF has theoretical guaranteesdrbieaise of medoids
has a better distribution of centers.

Table 6.3 shows a comparison of the 3 clustering algorithonghie k-center
problem (FPF, M-FPF, M-FPF-MD) using the TS2 dataset. Waiobtl analogous
results using the TS1 dataset. Observe that M-FPF obtaites besults in all cases
in terms of both Normalized Aggregate Goodness and Recall.

Normalized Aggregate Goodnegs Recall
# Visited FPF | M-FPF M-FPF-MD FPF| M-FPF | M-FPF-MD
3 0.733| 0.756 0.755|| 5.324| 5.688 5.612
6 0.780| 0.799 0.786|| 6.044| 6.352 6.068
9 0.785| 0.809 0.796|| 6.12| 6.556 6.28
12 0.787| 0.815 0.808|| 6.156| 6.692 6.448
15 0.791| 0.823 0.810|| 6.196| 6.752 6.488
18 0.794| 0.829 0.812|| 6.236| 6.824 6.548
21 0.798| 0.834 0.816|| 6.284| 6.892 6.616
24 0.801| 0.837 0.818|| 6.32 6.94 6.628

Table 6.3. Comparison of the FPF, M-FPF, M-FPF-MD algorithms on TS2.
Recall is a number in [0,10], Normalized Aggregated Goodness is a number
in [0,1].

Query time of the 3 considered algorithms is very similausttve do not report
detailed comparative results. Only note that query on etirgjs made using M-
FPF-MD is typically 0.1 second slower than the others bexalisster cardinalities
with this scheme tends to be not as well balanced as thosmetitay the other
clustering algorithms. Query time varies in the range of €e8onds visiting 3
clusters up to 0.9 seconds visiting 24 clusters.

6.4.4 Fast multi-clustering for precision improvement

Results in the previous section show that M-FPF achievedtarh@erformance
with respect to the other algorithms. In this section wewbsexperimental results
that show how multi-clustering works better than simplestdung.

As explained in section 6.3.2 there are two main ways to gomet§i-clustering:
qguerying independently each clustering or consideringnthe a single clustering.
In most of the cases both these querying strategies retartlgxhe same set of
objects in comparable time, thus we do not report experiat@tails.

In table 6.4 we report a comparison between multi-clusteeind M-FPF in
terms of Normalized Aggregate Goodness, Recall and quasy. ti

Results show that multi-clustering achieves better qutdan M-FPF but spends
more time. Clearly, visiting the same number of clustersltinclustering query-
ing is slower than querying a single clustering. This is dug¢he higher number
of centers against which the query must be compared. In @& wa made three
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Normalized Aggr. Goodnesﬁ, Recall Time
# Visited || Multi M-FPF | Multi || M-FPF | Multi | M-FPF
3 0.842 0.755| 6.884| 5.612| 0.619| 0.298
6 0.887 0.786| 7.688| 6.352| 0.692| 0.384
9 0.907 0.796 | 8.096 6.28 | 0.828| 0.440
12 0.915 0.808| 8.292| 6.448| 0.886| 0.539
15 0.921 0.810| 8.408| 6.488| 0.942| 0.551
18 0.925 0.812| 8,508 6.548| 0.988| 0.593
21 0.927 0.816| 8.528| 6.616| 1.068| 0.636
24 0.928 0.818| 8.548(| 6.628| 1.087| 0.691

Table 6.4. Comparison of multi-clustering (multi) and M-FPF algorithms on
TS2. Highlighted entries are results obtained with the same query time.

independent clusterings of 1000 elements in the case of @2 i( the case of
TS1). Thus this means an additional cost of 2000 distanaeations for an aver-
age cost of about 0.4 seconds. Itis interesting to note tret/ing multi-clustering

remains qualitatively better than M-FPF even in the casenvthe querying pro-

cesses on the two clusterings are constrained to spendrtte aaount of time.

In table 6.4 we highlight those results in which M-FPF andtivallstering spend
about the same time for querying. In this case multi-clistehad time to visit

only 6 clusters, while M-FPF visited 24 clusters. Also irsthase multi-clustering
performs better than M-FPF in terms of both Normalized Aggted Goodness
and Competitive Recall.

6.4.5 Comparison with baseline algorithms

In this section we compare our Multi-clustering algorithgasst the two baseline
algorithms described in section 6.4.1 in the most genetihgen which dynami-
cally user-defined score are allowed.

Preprocessing time: as shown in table 6.5, the simple clustering stratedCierichetti
et al, 2007 has preprocessing time close to ours (but quality/cosbpadnce in-
ferior to our scheme and to that Bingithamet al., 2004), while [Singithamet
al., 2004 is noteworthy much slower. In a test with 100,000 documemésgain a
factor 30. In practice we could complete the preprocessirane day compared to
one month required bjSingithamet al.,, 2004.

The difference in preprocessing performance between dutiGmand CellDec
is due to three main factors:

e The clustering algorithms. as already seen in previous chaptérsneans
algorithm is slower than M-FPF. This is still true also usiflige in our
implementation) a faster version kfmeandPhillips, 2002.
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Dataset TS1 \
Algorithm Our CellDec | PODSO7
Preprocessing tim¢ 5:28 215:48 7:18
Space (MB) 332.078| 1407.656| 1402.140
Dataset TS2

Algorithm Our CellDec | PODSO7
Preprocessing tim¢ 20:13 636.80 22:56
Space (MB) 645.765| 2738.671| 2725.078

Table 6.5. Preprocessing time (in hours and minutes) and storage (in
Megabytes) of the data structures generated by CellDec, PODS07 and our
algorithm.

e The embedding schemethe embedding of weights in the preprocessing
forces CellDec to make a different clustering for each weagsignment.
Note that in the CellDec space decomposition scheme, thbeuaof weight
assignments is proportional to the number of sources ofeeciel in the
dataset. In our case, multi-clustering requires to makeetietusterings in-
dependently from the number of sources of evidence preseritee data
domain.

e The use of centroids the general idea that a distance computation between
two objects takes constant time is not always true for alldét types and
distances. Clearly this assumption holds in cases likeovitdg¢a presented in
chapter 5, where frames and centroids have the same numteatafes. In-
stead, in the case of tf-idf schema, to compute the cosinkasity between
two objects, one needs to find the features in common betwen. tThis
can be efficiently done storing features in a hash table andgich feature of
the smaller object, looking in the bigger object if the featis present. This
minimizes the number of hashes needed, but does not resaveroblem
that hashing cost depends on the number of elements in tlee tab

Query quality and speed: figure 6.7 shows the query time/recall tradeoff of the
three methods. In the graph each dot represents the avefr@8® gueries for a
given choice of clusters to visit and user weights (see t&lg The 250 queries
were selected only once and submitted to each algorithm aights assignment.
Our method is clearly dominant giving consistently bettealdy results in less
time. Quality data are also given in tabular form in table, Gale 6.7, table 6.8
and table 6.9.

The query time as a function of the number of visited clusitereported in
figure 6.8 and shows clearly a speed up factor of two. Alsoimdhse the speed
up is due to the choice of avoiding to use centroids.

The top portion of table 6.6, table 6.7, table 6.8 and talfe Grrespond to
the case of equal weights, that is equivalent to the unwetglcase as already
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Figure 6.7. Recall of 10 nearest neighbors as a function of query time. Each
point in the graph is the average of measurements of all queries for a class
of weights and a number of visited clusters. The points in the upper left
corner of the graphs corresponding to our algorithm show clear dominance.
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Figure 6.8. Average query time (in seconds) over all queries in function of
the number of visited clusters.

partially shown in sections 6.4.3 and 6.4.4. In the entrieable 6.6 and table
6.8, for unequal weights our scheme is vastly superior ialteeven doubling the
number of trug:-nearest neighbors found using less time over both baseliree
overall quality of the retrieved nearest neighbors, as nreagia thenormalized
aggregated goodnesis also improved: this indicates that our method is robodt a
stable relative to the baselines.

6.5 Conclusions

In this chapter we tackled the similarity searching problersemi-structured text
documents. We provided an approximated solution basedusteclipruning. Our
method is based on the observation that there is a relatmhstween thé:-center
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problem and the similarity searching problem, thus the frgan be helpful to
approximate the latter. We also introduced multi-clusigrihat, by introducing
redundancy in the input data, makes the whole system moéestaterms of
output quality. Moreover, we have shown that a difficult sharg problem with
dynamically chosen weights can be reduced, thanks to tearity properties of
the cosine similarity metric, to a simpler static searchbfgm. For this problem
we provide an efficient and effective method that is competivith the state of
the art techniques for large semi-structured textual destad
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Data Set TS1 = 50K docs.
Visited clusters || 3 | 6 | 9 |12 |15 [18
Weights: query 0.33-0.33-0.34 - CellDec 1-1{1
CellDec 6.088 | 6.688| 6.884| 7.096| 7.22 | 7.36
Recall| PODS07 || 5.768 | 6.484 | 6.752| 6.928 | 7.072| 7.188
Multi 6.016| 7.172| 7.64 | 7.852| 7.94 | 7.992
\ | Weights: query 0.4-0.4-0.2 - CellDec 1-1-1]
CellDec 4.812| 5.184| 5.336| 5.472| 5.544 | 5.644
Recall| PODS07 || 4.512| 5.032| 5.196| 5.284 | 5.372| 5.444
Multi 6.128 | 7.168| 7.64 | 7.832| 7.916| 7.984
\ | Weights: query 0.2-0.4-0.4 - CellDec 1-1-1]
CellDec 3.864| 4.06 | 4.148| 4.284| 4.312 | 4.404
Recall| PODS07 || 3.772| 4.168| 4.284| 4.3 4,284 | 4.328
Multi 6.356 | 7.116| 7.516| 7.624| 7.704| 7.76
\ | Weights: query 0.4-0.2-0.4 -CellDec 1-1-1 |
CellDec 4.0 4,176 | 4.292| 4.312| 4.324| 4.352
Recall | PODSO07 || 3.752 | 4.104 | 4.188 | 4.256 | 4.204 | 4.244
Multi 5.608| 7.048| 7.664 | 7.932| 8.096 | 8.176
\ | Weights: query 0.2-0.6-0.2 - CellDec 0.5-1-0|5
CellDec 4.084| 4.18 | 4.236| 4.312| 4.388 | 4.428
Recall | PODSO07 || 3.496| 3.684 | 3.848| 3.932| 3.964 | 4.04
Multi 6.392| 7.008| 7.22 | 7.344| 7.4 7.448
\ | Weights: query 0.6-0.2-0.2 - CellDec 1-0.5-0/5
CellDec 3.172| 3.308| 3.376| 3.396 | 3.424| 3.44
Recall| PODS07|| 2.716| 3.14 | 3.216| 3.292| 3.336| 3.36
Multi 576 | 7.236| 7.848| 8.156| 8.32 | 8.412
\ | Weights: query 0.2-0.2-0.6 - CellDec 0.5-0.5{1
CellDec 3.384| 3.532| 3.64 | 3.736| 3.832| 3.892
Recall| PODS07 || 3.168 | 3.436| 3.604 | 3.7 3.74 | 3.764
Multi 5.812| 7.108| 7.728| 7.92 | 8.064 | 8.164

Table 6.6. Quality results of the compared algorithms on TS1. Recall is a
number in [0,10], Data as a function of the number of visited clusters.
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Data Set TS1 = 50K docs.
Visited clusters || 3 | 6 | 9 |12 [15 |18
Weights: query 0.33-0.33-0.34 - CellDec 1-111
CellDec || 0.779| 0.822| 0.841| 0.854 | 0.865| 0.876
NAG | PODSO07| 0.753| 0.816| 0.831| 0.842| 0.852| 0.863
Multi 0.776| 0.838| 0.863| 0.876| 0.879| 0.882
\ | Weights: query 0.4-0.4-0.2 - CellDec 1-1-1]
CellDec || 0.769| 0.811| 0.830| 0.844 | 0.855| 0.866
NAG | PODSO07| 0.743| 0.807| 0.821| 0.832| 0.842| 0.853
Multi 0.778| 0.833| 0.856| 0.869| 0.872| 0.875
\ | Weights: query 0.2-0.4-0.4 - CellDec 1-1-1]
CellDec || 0.698| 0.737| 0.756| 0.774| 0.786| 0.797
NAG | PODSO07| 0.679| 0.738| 0.753| 0.763| 0.772| 0.783
Multi 0.762| 0.807| 0.827| 0.836| 0.840| 0.842
\ | Weights: query 0.4-0.2-0.4 -CellDec 1-1-1 |
CellDec || 0.791| 0.830| 0.845| 0.851 | 0.858| 0.865
NAG | PODSO07| 0.757| 0.815| 0.828 | 0.839| 0.849| 0.856
Multi 0.786| 0.869| 0.901| 0.916| 0.922| 0.926
\ | Weights: query 0.2-0.6-0.2 - CellDec 0.5-1-0|5
CellDec || 0.770| 0.802| 0.818| 0.828 | 0.842| 0.848
NAG | PODSO07| 0.668| 0.702| 0.734| 0.751| 0.762| 0.769
Multi 0.740| 0.775| 0.788| 0.799| 0.801 | 0.805
| Weights: query 0.6-0.2-0.2 - CellDec 1-0.5-0|5
CellDec || 0.809| 0.845| 0.861| 0.867 | 0.870| 0.874
NAG | PODSO07| 0.725| 0.793| 0.823| 0.839| 0.849| 0.856
Multi 0.795| 0.883| 0.913| 0.930| 0.936| 0.939
| Weights: query 0.2-0.2-0.6 - CellDec 0.5-0.5{1
CellDec || 0.773| 0.806| 0.828| 0.840| 0.856 | 0.866
NAG | PODSO07| 0.737| 0.785| 0.812| 0.825| 0.835| 0.840
Multi 0.773| 0.859| 0.887| 0.896 | 0.902| 0.908

Table 6.7. Quality results of the compared algorithms on TS1. Normalized
Aggregated Goodness is a number in [0,1]. Data as a function of the number
of visited clusters.
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Data Set TS2 = 100K docs.

Visited clusters || 3 \ 6 \ 9 \ 12 \ 15 \ 18 \ 21

Weights: query 0.33-0.33-0.34 - CellDec 1-1-1

CellDec || 7.008| 7.308| 7.516 | 7.672| 7.772| 7.892| 7.996
Recall| PODSO07|| 6.044| 6.632| 6.908| 7.156 | 7.256| 7.34 | 7.412
Multi 6.884 | 7.688| 8.096| 8.292| 8.408 | 8.508 | 8.528

| Weights: query 0.4-0.4-0.2 - CellDec 1-1-1 |

CellDec || 5.492| 5.536| 5.704 | 5.776| 5.86 | 5.904| 5.972
Recall| PODSO07|| 4.852| 5.18 | 5.368| 5.444| 5.528| 5.6 5.652
Multi 6.848| 7.708| 8.08 | 8.268| 8.392 | 8.448| 8.48

| Weights: query 0.2-0.4-0.4 - CellDec 1-1-1 |

CellDec || 4.78 | 4.692| 4.796 | 4.916| 4.956 | 5.004 | 5.072
Recall | PODSO07|| 4.0 4.2 4.344| 4.428| 4.5 4552 | 4.58
Multi 6.96 | 7.708| 8.004| 8.076| 8.184| 8.24 | 8.268

| Weights: query 0.4-0.2-0.4 -CellDec 1-1-1 |

CellDec || 4.388| 4.396 | 4.444 | 4.4 4.412| 4.444 | 4.456
Recall| PODSO07|| 3.792| 4.172| 4.284 | 4.312| 4.312| 4.308 | 4.296
Multi 5.988| 7.272| 7.82 | 8.136| 8.44 | 8.516| 8.608

| Weights: query 0.2-0.6-0.2 - CellDec 0.5-1-0.5

CellDec || 4.548| 4.696| 4.74 | 4.74 | 4.792 | 4.828| 4.848
Recall| PODSO07|| 4.112| 4.252 | 4.308 | 4.444 | 4.492| 4516 | 4.54
Multi 7.024| 7.632| 7.824| 7.976| 8.028 | 8.056 | 8.08

| Weights: query 0.6-0.2-0.2 - CellDec 1-0.5-0.5

CellDec || 3.632| 3.944| 3.968 | 4.012| 4.0 4.024| 4.016
Recall| PODSO07|| 3.044| 3.44 | 3.62 | 3.736| 3.824| 3.876| 3.884
Multi 5.808| 7.132| 7.728 | 8.128| 8.32 | 8.488| 8.632

| Weights: query 0.2-0.2-0.6 - CellDec 0.5-0.5-1

CellDec || 4.176| 4.312| 4.424| 4.48 | 4.5 4.508 | 4.556
Recall| PODSO07|| 3.584 | 3.876| 3.996| 4.08 | 4.148| 4.244 | 4.292
Multi 6.52 | 7.432| 7.896| 8.116| 8.32 | 8.4 8.52

Table 6.8. Quality results of the compared algorithms on TS2. Recall is a
number in [0,10], Data as a function of the number of visited clusters.
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Data Set TS2 = 100K docs.

Visited clusters || 3 \ 6 \ 9 \ 12 \ 15 \ 18 \ 21

Weights: query 0.33-0.33-0.34 - CellDec 1-1-1

CellDec || 0.858| 0.876| 0.891| 0.905| 0.914| 0.919| 0.924
NAG | PODSO07| 0.779| 0.827| 0.851| 0.867| 0.874| 0.881| 0.887
Multi 0.842| 0.887| 0.907 | 0.915| 0.921| 0.925| 0.927

| Weights: query 0.4-0.4-0.2 - CellDec 1-1-1 |

CellDec || 0.852| 0.869| 0.884 | 0.899| 0.908 | 0.914| 0.918
NAG | PODSO07| 0.771| 0.819| 0.843| 0.860| 0.867| 0.875| 0.881
Multi 0.836| 0.883| 0.903| 0.909| 0.916| 0.919| 0.921

| Weights: query 0.2-0.4-0.4 - CellDec 1-1-1 |

CellDec || 0.798| 0.811| 0.828 | 0.847| 0.857 | 0.863| 0.868
NAG | PODSO07| 0.725| 0.763| 0.785| 0.800| 0.808| 0.817| 0.825
Multi 0.819| 0.870| 0.883| 0.887 | 0.896| 0.898| 0.900

| Weights: query 0.4-0.2-0.4 -CellDec 1-1-1 |

CellDec || 0.834| 0.855| 0.863| 0.868| 0.874| 0.877| 0.880
NAG | PODSO07|| 0.762| 0.813| 0.834 | 0.848| 0.852| 0.855| 0.858
Multi 0.817| 0.895| 0.924| 0.934| 0.943| 0.946| 0.949

| Weights: query 0.2-0.6-0.2 - CellDec 0.5-1-0.5 |

CellDec || 0.870| 0.900| 0.914| 0.923| 0.927 | 0.928| 0.930
NAG | PODSO07| 0.770| 0.795| 0.816| 0.835| 0.844| 0.852| 0.859
Multi 0.814| 0.849| 0.861 | 0.867 | 0.873| 0.876| 0.878

| Weights: query 0.6-0.2-0.2 - CellDec 1-0.5-0.5

CellDec || 0.803| 0.852| 0.861| 0.865| 0.869| 0.874| 0.874
NAG | PODSO07| 0.702| 0.784| 0.823| 0.836| 0.849| 0.860| 0.862
Multi 0.812| 0.891| 0.921| 0.936| 0.945| 0.953| 0.957

| Weights: query 0.2-0.2-0.6 - CellDec 0.5-0.5-1

CellDec || 0.853| 0.869| 0.884 | 0.889| 0.894 | 0.896| 0.903
NAG | PODSO07|| 0.755| 0.807| 0.834 | 0.845| 0.852| 0.862| 0.866
Multi 0.837| 0.889| 0.914| 0.923| 0.933| 0.936| 0.939

Table 6.9. Quality results of the compared algorithms on TS2. Normalized
Aggregated Goodness is a number in [0,1]. Data as a function of the number
of visited clusters.
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Chapter

Conclusions

Abstract

This thesis completes a Ph.D course of three years in whidbeused our studies
in information retrieval. The majority of our studies werevdted on the cluster-
ing problem with particular attention to the Web scenari@ &ésigned a family
of algorithms for the:-center problem, gave a novel definition of the concept
medoid and tested our algorithms on three important agmiits:of Web informa-

tion retrieval: web snippets clustering, video summaigzaénd similarity search-
ing. These applications raised some important relatedgmudfor which we found
novel solutions. Snippets clustering is very often conjadavith the task of cluster
labelling, that is the problem of distilling a synthetic agtelscriptive label for the
cluster content. Video summarization required to study yrespects: the video
features and distance to use, the optimal number of cluatetsghe selection of
the most representative element for each cluster. In gityilsearching of semi-
structured text documents one should want to allow the wsassign different

weights to each field at query time. This requirement raiBegptoblem of vector
score aggregation which complicates preprocessing becuthat time weights
are unknown and thus one should build a data structure abtridie all the possi-
ble weight assignments. We conclude this thesis discussimg preliminary ideas
about on-going research directions. We observed thateelngtalgorithms spend
most of the processing time in adding points to the clusgaayching for the clos-
est center. This time can be reduced using a keen similaéyching scheme.
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Results

7.1 Results

In this thesis we focused on the problem of clustering in tled wcenario. We
began our studies from the Furthest Point First heurigBionzalez, 1985for
the k-center problem by Gonzalez. This algorithm returns a smiuvhich is 2-
competitive with respect to the optimal solution and runknear time. This result
is demonstrated to be the best possible approximation suitess N P. For its
small computational cost we considered the Furthest Pdisit & a good starting
point for our studies. Our first result was FPF, a variant efflarthest Point First
heuristic in which we exploit the triangular inequality tduce the overall num-
ber of distance computations without changing the final wiipespite in practice
FPF is faster than the original Gonzalez’s algorithm, irotgeghe number of dis-
tance computations saved by this algorithm depends from tzrefore FPF has
the same worst case complexity bound of the original algarit

Later we investigated a different clustering strategy. Waeoved that, building
the k-center set, the choice of FPF to elect asithie center the furthest point from
thei — 1 already selected centers tends to select points that stasd © the
boundaries of the space. This also means that if the datasttics many outliers
they are likely to be elected as cluster centers. We empricéserved that a
random sample of the input data, enough large to be repegsenof the whole
dataset is likely to have in proportion less outliers. Far purpose the size of the
random sample should be proportional to the numbef objects and the number
k of desired clusters, thus we choose a sample ofgizk. We run FPF over this
sample in order to obtain &-center set, then we add one by one the remaining
points to complete the clustering. We called this schemeRW-F

Experimentally M-FPF was shown to be more robust than FPFR weispect
to noise. The tendency of centers to be “not in the centerheirtown clusters
is mitigated, but it is still present. Thus we replaced centeith medoids in the
scheme of M-FPF. Given a certain set of poiitslet ¢ andb be its diametral
elements. Consider now the point, not necessarily inP, which is the middle
point of « andb. The medoid is the point aP which is closest ton. The exact
computation of the medoid is quadratic in the number of elgma the cluster,
but it can be computed in linear time using an approximatéhatefor finding the
diametral points. Using medoids we modified the M-FPF in tilefing manner:
firstly from the input points we extract a random sample/aft: elements, then we
cluster them using FPF and for each cluster we compute iteiched/e add one by
one the remaining points at each step updating the medokkeadhtolved cluster.
We called this scheme M-FPF-MD.

As shown in chapters 4, 5 and 6 we applied the clustering ithgarfor differ-
ent practical applications of web information retrievahch of these applications
raised some interesting problems.

In chapter 4 we describeatmil a completely working clustering meta-search
engine that exploits M-FPF-MD to cluster snippets collddtem auxiliary search
engines. In this case cluster labelling is not less impoittzan clustering. In fact
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a good cluster with a poor descriptive label is likely to bedged by the user. We
designed a novel labelling method that is completely inddpat from the data
domain and clustering algorithm. It works in two steps: ia finst phase it collects
local statistics inside each cluster to extract the mosweglt terms of the cluster,
then it uses a variation of the information gain measuregardbiguate keywords
that are considered relevant for more than one cluster. éetid it ranks all the
sentences of the cluster according with the relevant temdsreturns the most
appropriate piece of text as label.

In chapter 5 we describédStoa web application to create visual storyboards.
In this task, clustering is used to select the most reprateatframes (or scenes)
that will form the storyboard. We faced both the problem afistand dynamic sto-
ryboard production. A firstimportant issue we addresselddstitomatic detection
of a possible reasonable size for the storyboard to be steghés the final user.
We designed an adaptive method that analyzes the distiibotidistances between
pairs of consecutive frames to detect and count video cutsder to elaborate a
suggestion for the user. Another important aspect we sluthacerns the use of
frames or scenes as input for the clustering algorithm foiadyic summaries. We
found that the use of frames introduces an unjustified bi&s/or of longer scenes,
moreover, despite scenes have proportionally a less ifiorenrepresentation than
frames, this does not cause a performance degradatiorlyRima use of scenes
should be preferable because they are less with respeetn@$ryielding a result-
ing shorter clustering time. A final important result, weabed coping with this
task, is a faster approximation of M-FPF-MD for this type atal In fact, by ob-
serving that consecutive frames are likely to be very closk alearly, the closer
are two frames the more probable is that they will be assignéide same cluster,
if a certain frame is enough close to its predecessor, we ssigrait to the same
cluster without comparing it with all the centers.

In chapter 6 we cope with the similarity searching probleftofaing the clus-
ter pruning approach. In this model we observed that if therypoint is inside
a cluster, there is a relationship between theenter problem and the similarity
searching problem. This is the case for example of the sefarctelated docu-
ments in Citeseer or similar documents in Google. This imriahip justifies our
choice in using our algorithms for similarity searching. 8o studied the benefits
in terms of marginal utility due to the visit of more clustersdue to the choice of
making more clusters. We observed that most of the nearegibws are found
in the first few clusters, thus, after the visit of three orrfolusters, the time spent
in visiting a new cluster is not justified by the correspogdimprovement for the
recall. We proposed a novel scheme for cluster pruning irclyhinstead of having
just a clustering, we make a small number of independentesings, then we visit
a certain (smaller than the standard scheme) number oécdusir each clustering
and merge the solutions. In order to avoid duplicate digtamnputations due to
redundancy we cache distance computations. The overalt afsthis scheme is
an improvement of recall in less, at most the same, time ostaedard scheme.
The last issue related to similarity searching we coped,vigttthe vector score
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aggregation problem. Let us consider to have a semi-stegttiext, you may want
to allow the user to give a different weight to each field atrguene. In this case
the problem is that each weights assignment affects diffgréhe aggregate dis-
tance function; moreover at preprocessing time, that isugtering time, weights
are not known. Thus one should make many clusterings witardifit weights as-
signments to cover all the spectrum of possible assignm@vesexploited some
linearity properties of the cosine similarity that alloweslto handle weights only
at query time without any clustering replication.

7.2 Future research directions

The great majority of the running time for FPF and relatedteting algorithms is
spent searching the closest center of a certain point wetwamsgert into a cluster.
In fact, once thek-center set is established, for each of the remaining pewets
must find the closest center to insert it in the appropriatistet. This operation
requiresk distance computations for each item, thus, the highér, ihe slower
is the clustering algorithm. In chapter 5 we were able to cedihis time taking
advantage of the peculiar distribution of data in that dom#@fe observed that the
operation of finding the closest center is in practice a siritjl searching problem,
similar to that we addressed in chapter 6, where the item timderted into the
clustering is the query point. We plan to develop a genefase for approximate
FPF that takes advantage from the approximate similardayckéng to reduce the
algorithm running time without any data dependence. Appnaie clustering finds
application in those cases in which we must deal with a hugsuatrof documents,
the number of requested clusters is very high and a certgredeof error in the
clustering can be tolerated. This is the case for exampleasimmended systems.
In this problem, a company has huge database of items and teacteate a large
number of user profiles. When a new user matches a profile gtersyrecom-
mends the articles of the matched profile. This problem carefoemulated as a
clustering problem in which the database is clustered aold elaster is a profile.
The distance between two items depends from the users fdedkize insertion of
an item into the wrong profile will be ignored by the custonrethie worst case .
The outline of the approximated FPF should be:

1. Split the input points into two sefsand7 such thatS| = v/'nk and cluster
S with FPF,

2. letC = {ci,...,c,} be the obtained cluster centers; clusteusing FPF
and makeV/k clusters with center® = {p1,...,p sz},

3. for each poing € T

e scanP and find the closes;,
e scan the corresponding cluster and find the clogest
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e addq to the corresponding cluster.

The above procedure running time is the summation of thevidatlg three
components:

Stepl Step2 Step3

— =~ —_——
Vnkk +Vkk 4 (n— Vnk)Vk
O((vnk)VE) O(nvk) O(nvVk)

The overall running time i€ (max(y/nk, n)v/k) which has minimum fok =

NG
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