Focused Crawling with Scalable Ordinal

Regression Solvers

Rashmin Babaria
J. Saketha Nath

Krishnan S
Sivaramakrishnan K R
Chiranjib Bhattac haryy a
M.N.Murt vy

rashmin@csa.i isc.ernet.in
saketha@csa.i isc.ernet.in
krishi@csa.i isc.ernet.in
sivaramakrishnan@gmail.com
chir u@csa.iisc.ernet.in
mnm@csa.iisc.ernet.in

Department of Computer Scienceand Automation, Indian Institute of Science,Bangalore.

Abstract

In this paper we propose a novel, scalable,
clustering basedOrdinal Regressionformula-
tion, which is an instance of a SecondOrder
Cone Program (SOCP) with one SecondOr-
der Cone (SOC) constraint. The main cortri-

bution of the paper is a fast algorithm, CB-
OR, which solves the proposed formulation

more e cien tly than generalpurposesolvers.
Another main cortribution of the paper is to
pose the problem of focused crawling as a
large scale Ordinal Regressionproblem and
solve using the proposed CB-OR. Focused
crawling is an e cien t mechanism for discov-
ering resourcesf interest on the web. Posing
the problem of focusedcrawling asan Ordinal

Regressiormproblem avoids the needfor a neg-
ative classand topic hierarchy, which are the
main drawbadks of the existing focusedcrawl-
ing methods. Experiments on large synthetic
and bencdhmark datasets show the scalabil-
ity of CB-OR. Experiments also show that

the proposedfocusedcrawler outperformsthe
state-of-the-art.

1. Intro duction

Ordinal Regressionproblems frequertly occur in the
areasof information retrieval, social science,personal-
ized seartes etc (Har-Peled et al., ; Herbrich et al.,
2000; Crammer & Singer, 2002; Shashua & Levin,
2003). Given a training dataset labeled with a set
of ranks, the task of Ordinal regression(OR) is to
construct a function that predicts the rank of new
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data points. In cortrast to metric regressionproblems,
theseranks are of nite typesand the metric distances
betweenthe ranks are not de ned. Also the existence
of the ordering information among the classesmakes
an OR problem di erent from a multiclass classi ca-
tion problem. Becauseof its wide applicability, there is
considerableinterest in solving large scale OR tasks.
Various formulations have been proposed for solving
such problems, for areview see(Chu & Keerthi, 2005).
In this paper we considerthe support vector formula-
tion given by (Chu & Keerthi, 2005), which improves
the formulation of (Shashua & Levin, 2003), as the
baselineOR formulation.

Due to the increasing usage of Internet and growth
of web, the need for fast training and prediction al-
gorithms in the domains of information retrieval and
personalized seardt is increasing. Existing formula-
tions require that the number of constraints in the
formulation grow with the number of data points. We
proposea clustering basedalternativ e which leadsto a
optimization problem wherethe number of constraints
depend mainly on number of clusters, and not on the
number of data points. Sincenumber of clusters could
be substartially smaller than the actual training data
sizethe proposedapproach has better scaling proper-
ties. Another advantageis that the time takento infer
the label of a classdependson the number of clusters
making it more attractiv e for applications which re-
quire fast predictions. The proposedformulation turns
out to be a SOCP formulation with one SOC con-
straint and few linear constraints. The formulation
can be solved using genericSOCP solverslike SeDuMi
1. Howewer if the number of clusters in the training
data itself is large, then these generic solvers fail to
scalewell.

The main cortribution of the paper is a fast algorithm,

http://sedumi.mcmaster.ca/
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CB-OR, that can e cien tly handle large number of
clusters and hencevery large number of data points.
CB-OR exploits the fact that the proposed OR for-
mulation has only one SOC constraint and e cien tly
solves the dual of the formulation. This removesthe
necessiy of usingany kind of genericoptimization soft-
ware like SeDuMi.

Focused crawler is an automated medanism to e -

ciertly nd pagesrelevant to a topic on the web. Fo-
cusedcrawlers were proposedto traverseand retrieve
only a part of the web that is relevant to a particular
topic, starting from a setof pagesusually referredto as
the seedset. It makese cien t usageof network band-
width and storagecapacity. Focusedcrawling provides
a viable medhanism for frequert updation of seard en-
gine indexes. They have beenuseful for other applica-
tions like distributed processingof the complete web,
with ead crawler assignedto a small part of the web.

Many variants of focusedcrawlers have beenproposed
in the literature and have showvn good performance.
But two major problems are assaiated with them:
they require a topic taxonomy and a negative set of
documerts for any topic. The secondmajor contribu-

tion of the paper is to posefocusedcrawling asa large
scale ordinal regressionproblem. This removes the
drawbadks of the existing focusedcrawling methods.

The outline of the paper is as follows, Section 2
presers the clustering basedOR formulation and the
CB-OR algorithm which e cien tly solvesits dual. The
methodology of focusedcrawling using OR is described
in Section3. Section4 details the experimerts and dis-
cusseghe results. We concludethe paper in Section5
by describing improvemerts for future.

2. Ordinal

In this section we give a brief introduction to the OR
problem and the baseline OR formulation. We then
preser the clustering based OR formulation. Subse-
quertly we preser the fast CB-OR algorithm to solve
the dual of the proposedformulation.

Regression

We begin by formally de ning the OR problem. Given
adatasetD = f(xi);y)jx 2 R™i=1, ;r;j=
1, ;njg wherey; is the rank of the data point, r is
the number of ranks, n; i§ the number of data points
having rank ‘i and n = = [_, n; is the total number
of data points, the task of OR is to compute a func-
tion f : R™ ! f1;:::;rg such that f(x!) = y;. Such
formulations nd ready appealin many problemssud
asranking (Herbrich et al., 2000).

The baseline OR formulation (Chu & Keerthi, 2005)

1, which separatethe data points of di erent classes.
In other words, onecandene bh= 1 ;b =1 and
constrain that the data points of class’i' must lie be-
tweenw>x b ;= 0andw”x b = 0. The authors
also provide a SMO type algorithm for solving the or-

dinal regressionproblem e cien tly. The formulation

can be written as (Chu & Keerthi, 2005):

Xi

min }kwk§+C N
wib; i 2 i=1 j=1
s.t. w>xl b 1+ 1 1o
wxi o1 00 o8
b b 1>0i=2:5r 1 1)
where b is the vector cortaining by;i = 1;:::;r 1.

The above formulation can be shown to be equivalent
to:

XX
min R
wibs iy i=1 j=1
s.t. w>x! b 1+ ;7o oo
W>x{ b1 1 ij;8i;j;kwk2 W;
b b 1>0i=2::5r 1 2

Experiments in (Chu & Keerthi, 2005) also show that
the above formulation achievesgood generalizationin
practise. Howewer, the size of the optimization prob-
lem problem that needsto be solved is dependert on
the data size. In order to make the formulation scal-
able to large datasets we propose a clustering based
large scaleordinal regressionformulation that is inde-
penden of problem size.

2.1. Large Scale Clustering Based OR

Let Z; be the random variable that generatesthe
data points of rank "i'.  Assume that the distribu-
tions of Z; can be modeled using mixture models. Let
ki be the number of componerts of Z; where eath
componert distribution has spherical covariance. Let
X! j =1 ki bethe random variable generating
the j componert of Z; whosesecondorder momerts

aregivenby ( 1; le ). Any good clustering algorithm
will correctly estimate the secondorder momerts of
the componerts. BIRCH (Zhang et al., 1996) is one
such clustering algorithm, that scaleswell for large
datasets. Given these estimates of secondorder mo-
ments, an optimal regressorthat generalizeswell can

be built.

As mertioned above, the data points that belongto
class’i' must lie betweenthe hyperplanesw” x b ;=
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0 and w>x b = 0 with high probability. This
can be mathematically expressedas: P(w>Z; b

1+ ) ; PW?Z by 1)) where

is user de ned parameter. lower bounds the clas-
si cation accuracy Following the argumerts in (Nath
et al., 2006), and using the formulation (2), one can
derive the following clustering basedlarge margin OR
formulation:

Xk )
min i+ ]
wib; i i=1 j=1
s.t. w” { b 1+ | fW
walobh 1w
Lo 0 0 8ij; kwka  W;
b b >0 i=2::r 1 3)
where = li The ordinal regressionformulation

(3) is an SOCP problem. This problem can be solved
using generic SOCP solverslike SeDuMi to obtain the
optimal valuesof w and b. Note that the number of
constraints for ead rank i' in (3) is k;, comparedto
n; in (1). Thus the clustering based OR formulation
scalesbetter than baselineformulation (1). The over-
all training schemeis to cluster the data points using
any scalable clustering algorithm like BIRCH, which
provides the secondorder momerts of all the clusters
and then solve the SOCP problem (3) using solverslike
SeDuMi.In the following sectionwe extend the cluster-
ing basedformulation (3) to the non-linear caseand
proposea fast algorithm, CB-OR, to solve the dual of
the resulting formulation.

2.2. CB-OR Algorithm

We start by preserting an extension to the proposed
clustering based OR formulation for the non-linear
case.As discussedn (Nath et al., 2006),the geometric
interpretation of the inequalitiesin the formulation (3)
is that of separatingthe spherescertered at ! andra-
dius !. Now supposethat the non-linear mapping
mapsthe means | to ( !). Assumethe mapping
hasthe property that \closer data points remain close
and farther data points remain far". The mapping
implicitly achieved by Gaussian kernel K (x1;X2) =
exp skxi Xx2k3 , where s is the Gaussian kernel
parameter, is in fact one such mapping. Though the
following discussionholds for any such mapping, we
restrict ourselesto the caseof Gaussiankernel, in or-
der to keepthe equationssimple. One can easily verify
that if kx ¢ ko Iothenk (x) (ke
o2
s | . Using this,

Whererf = 2 1 exp

one can rewrite the OR formulation (3) as:

XX
min b+ )
wibs i i=1 j=1
st w? (D) b 1+ rlw
w> () b 1 T+rw
{ 0; Ij 0; 8i;j; kwka W;
h b 1>0i=2:5r 1 (4

The dual of the above formulation turns out to be
da(+ ) W

)” K( )
0 1;0 1
S;8i=1:r 2S ,=S 1 (5

where, is the vector cortaining the Lagrange mul-
tipliers ' for the inequalitesw> (1) R 1+
] JW is the vector cortamlng the Lagrange
multipliers ;! for the inequalitesw> (1) b ;
1+ r'W is the Lagrange multiplier for the in-
equality kwk, W, d isthe vector containing 1+ riW
as its ertnes K is the matrix cortawp,ng dgt prod—
ucts of (!) with eah other, §; = | _; J ok
ands; = 5, 4 ) (pleaserefer Appendix for
a short derivation of the dual).

max

s.t. P (

S

Clearly (5) is an SOCP problem and can be solved
using SeDuMi. However it is interesting to note that
the dual is not any SOCP, but a special casewhere
the number of SOC constraints is one. Algorithms
which exploit this fact, in general, work faster than
generic solvers like SeDuMi (Erdougan & lyengar,
2006). We further exploit the special structure of the
dual problem and proposea very fast, easyto imple-
ment, SMO (Platt, 1999) kind of algorithm, CB-OR,
to solve the dual.

and
. Henceat optimality,

The constraints in (5) imply a lower bound on
objeglve implies minimizing

= )” K( ). Using this condition we
can rewrite the dual as:

mn W' T PR( ) d(+ )

s.t. 0 1;0 1

S, Si;8i=1L::5r 2SS 1=5 1 (6)
From the KKT conditions (14) and the optimal value
of (aPssumlng 6 0), onecancalculatethe value of w

as™ L N I (1. Thusthe decision
function can be written as:
() wx b= YKi( )
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where K is the vector of dot products of (x) and
( 1). Thus neither for solving the dual (5), nor for
calculating f (x), is explicitly needed;dot products

computed using the KKT conditions (14):

0 f((ly+1+riw n

j
i
o< !
i
i

<1 f((ip+1+riw=n

=1 f((I+1+rdw b

Ji=0 f( (L) 1 rw p

0< ;<1 f((ly) 1 rfw=n
Ji=1 () 1w b (8

Let bow'; bup' denote the greatest lower bound, least
upper bound on k. Hence we have the conditions
bow' B hp';i=1::5;r 1. The KKT conditions
1, 1 b and
ifSi 1>S; ;thenb ;= b. Thusthe overall opti-

mality conditions can be written asBiow' b Bup'
where
i Bl ifs>S
Biow' = Llow %17 > 9
fow Bi,, Otherwise ©
and .
. _ Bl ifS 1>S
Bup' = Bl, otherwise (10)
and B, = maxfho,  : k = 1;:::;ig, Blp =
minfhy i k= i;:::5r  1g. Thus bow; by, represer

the conditions at every hyperplane due to neighbor-
ing classdata points; whereasBow; Byp represen the
conditions over all hyperplanes.

The proposedCB-OR algorithm starts with somefea-
sible solution. Then at every iteration, Bjow';Byp' 8i
are calculated. If Bjoyw' Byp' 81, then the optimal
solution is found and the algorithm terminates. Else
the index i for which Biow' Byp' is most violated is
calculated: | = argmax;fi : Bjow' Bup' > 0g. Using
(9) and (10) the maximum KKT violating pair can be
calculated. Now the following casesexist: Case 1 The
most violating pair is ’,' and 1M, Case 2 The most
violating pairis ,'' and ™, Case 3 The most vio-
lating pair is Jl' and ™, Case 4 The most violating
pairis '' and ™, wherel m. The equality con-
straint S; ;1 = S, ; must hold. Sofor Casel,2 one
can update the variablesby adding to j 1" variable
and subtracting from jm™ variable. In Case3,4
both variables must be incremerted by ( can

also take negative values).

Now let G, Wp( )> K( ) d>( + )

denotethe dual objective with current valuesof ;

Let G, denote the value of dual objective after ap-
propriately incremerting the variables ;  with

We wish to nd that value of for which G, G;
is minimized. This can be written asthe following 1-d
minimization problem:

P e

min a(
s.t. Ib ub

)+cCc e
(11)

wherea = W2(K(jI;j1) 2K (jl;jm) + K (jm;jm)),
b= W2si(Kjm  Kji)”( ), ¢ = W¥(

)” K( yande= (d(jl) spd(jm)). The values
of s1;s, depend on the Caseto which update belongs
to. s; = 1for Casel,3and s; = 1 for Case?2,4.
s, = 1for Casel,2and s, = 1 for Case3,4. Here,
Ib;ub denote the tightest lower and upper bounds on

got from the inequality constraints in (6).

The optimum value of that minimizes (11) is given

by
8 r 3ub
e =% b
=5 ifac P>0a €>0
Ib
= b ifac PP=0a €€>0
a |b !
§ ub fe Pa o
: Ib fe+"a 0
where ,“S denotesmax(lb;min(ub; )). Oncethe

optimum value of is calculated, then the values of
and are updated accordingly and the procedure
is repeated in the next iteration.

3. Focused Crawling

A focused crawler usually consists of the following 3
basic componerts: a page fetcher, a priority queue
and a scoring function. The fetcher gets the web-
pagepointed to by the URL at the head of the queue.
Once the page s fetched, the scoring function deter-
mines the relevance of the webpage and the likeli-
hood/probabilit y of the links on the page leading to
a webpageof interest. It then inserts theselinks in the
priorit y queuebasedon this likelihood/probabilit y.

The aim of any focused crawler is to start from a
seed set of pagesrelevant to a given topic and tra-
verse speci ¢ links to collect pages about the topic
without fetching pagesunrelated to the topic. The
fraction of relevant pagesfetched is called the harvest
rate (Chakrabarti et al., 2002). Let N be the num-
ber of pagesand N be the number of relevant pages
crawled at any given time t, then the harvest rate at
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time t is de ned asthe fraction of crawled pagesthat
are relevant. More precisely

Nr

Harvest rate = N (12)

Related work: Focused crawling was coined
by (Chakrabarti et al., 1999) as an e cien t resource
discovery system. It hasthree componerts { crawler,
classi er and distiller. The classi er and distiller are
used to de ne the strategy of the crawl. It usesan
existing documert taxonomy to de ne the topics of
interest and irrelevant topics. Classi ers are learnt at
ead internal node of the tree, which givesthe prob-
ability of the documernt belonging to the node. The
distiller periodically runs through the crawled pages
to nd the hubs and authorities (Kleinberg, 1999) to
prioritize URLs that are found to be in hubs. The pri-
ority is assignedto a document and henceall URLSs in
the documert have equal priority in the crawl.

An improved version was proposed in (Chakrabarti
et al.,, 2002) which extends the previous baseline fo-
cused crawler to prioritize the URLs within a docu-
ment by using a classi er calledthe apprertice. Intelli-
gert crawling (Aggarwal et al., 2001)is a method that
allows usersto specify arbitrary predicates for mea-
suring relevance and usesreinforcement based learn-
ing. Another method, which is related to the onein
this paper, was proposed(Diligenti et al., 2000) which
models the web as a graph and nds the relevance of
any pageby posingthe problem as a multiclass classi-
cation formulation.

3.1. FOCUS: a new look at focused crawling

As mertioned in section 1, current methods for fo-
cused crawling determine the relevance of a page us-
ing a classi er which requires a documert taxonomy
and negative set of pagesfor training. Given a set of
seed pages, the previous approaches cannot be used
unlessthere is a topic hierarchy. Also, for any topic,
the negative setis very large and diverse,which makes
it dicult to construct.

To overcome these problems, the proposed crawling
strategy uses the obsenation (Grangier & Bengio,
2005; Davison, 2000) that any documert is semarii-
cally closerto documerts hyperlinked with it, than to
documerts which are not. Thus pageswhich are one
link away are semariically closerto seedpagesthan
pagesthat are two to three links away. The idea s to
rank the documerts basedon their link distanceto the
topic pages. This ranking createsan ordering among
the documerts of the web due to its linked nature.

Determination of link distancesrequires knowledge of

the nature of pageswhich are at somelink distanceto

the topic pages. This is done by modeling the web as
a layered graph, with the pagesrelevant to the seed
pages/topic forming the rst layer. Similarly, pages
which have links to topic pagesform the secondlayer,
pageshaving links to thesesecondlayer pagesforming

the third layer and so on. The rst layer is called
level 0, the secondlayer, level 1, and so on. During

crawling, links on level i pagesare given higher priorit y
than thoseon level i + 1. That is, links on a pageare
prioritized dependingon how quickly theselinks would

lead to topic page,wheretime is measuredin terms of
number of links that needto be crawled.

The layered web graph is constructed from the seed
set by nding the back-links, i.e. pagesthat point
to these seedpages. Using an existing general seard
engineAP| - GOOGLE SOAP Seart API 2 the back-
referencesfor the seed pages are collected. These
pages form examples of level 1. The badk-links of
the level 1 pagesare used to construct level 2 and
so on. Given this set of pages, the ranking func-
tion that ranks a webpageis determined using the
CB-OR algorithm (section 2.2). Given r levels and
ni;i=0; ;r 1pagesin eat level, the algorithm
learnsw and b;i = 1; ;r 1. During crawling, the
level to which a page x belongsis determined using
bh=1 ;b =1), and the links in the webpageare
gueuedaccordingto this rank.

(Diligenti et al., 2000) proposeda related work, where
a context graph is created using layer information and
the problemis posedasa multiclass classi cation prob-
lem. During a crawl, the webpagesassignedto a par-
ticular classare preferred over the webpagesassigned
to other classes.Thus they inherently assumea rank-

ing over the classes. This ranking information is not
consideredduring training of the multiclass classi er.

The presert method thus attempts to posethe problem
as a ranking problem, and OR is employed; it being
more suited for ranking than multiclass classi cation.

The OR formulation hasdi erent penaltiesfor misclas-
si cation among classesgreater the distance between
levels, greater the penalty. Whereas,a multiclass for-

mulation penalizesall miclassi cations equally.

4. Exp erimen ts and Discussion

The section consistsof 2 parts: the rst part looks at
the performance and scalability of the CB-OR algo-
rithm. The secondpart discusseghe implemertation
of the crawler and the quality of the pagesfetched.

2http://code.google.com/apis/soapsearch/
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Table 1. Comparison of training times (in sec) with CB-
OR, SMO-OR
The test set error rate is given in brackets. (CH-California
Housing, CS-Censusdatasets).

and SeDuMi

on bendhmark datasets.

Table 2. Comparison of training times in secwith CB-OR
and SMO-OR on synthetic dataset.

S-Size CB-OR SMO-OR SeDuMi
sec(err) sec(err) sec
10,320 .5(.623) | 551.9(.619) 112
13,762 | 1.5(.634) | 1033.2(.616) 768.8
CH | 15,482| 8.4(.618) 1142(.617)
17,202 | 14.3(.621) 1410(.617)
20,230| 10.4(.62) 1838.5(.62)
5,690 .3 (.109) 893(.128) 20.4
11,393 .7 (.112) | 5281.6(.107) 108.8
CS | 15,191 1(.108) | 9997.5(.107) 271.1
22,331| 1.5(.119) 435.7

4.1. Scalabilit y of CB-OR

In this section we presen results of scaling experi-
ments on two large benchmark and synthetic datasets
and show that the CB-OR algorithm (denoted by CB-

OR) scaleswell to large datasets. The two bend-
mark datasets used are California Housing dataset 3
and Censusdataset 4. California Housing dataset has
20; 640data points in 8 dimensionsand Censusdataset
has 22; 784 data points in 16 dimensions. The training

time and generalization of CB-OR is comparedwith

the SMO algorithm for OR formulation (1) (Chu &

Keerthi, 2005) (denoted by SMO-OR ). The training

time of solving the dual (6) with SeDuMi (denoted by
SeDuMi ) is also comparedin order to show the ad-
vantage of using the CB-OR algorithm to solve the
dual (6) instead of a genericsolver like SeDuMi. The
bendimark datasets were randomly partitioned into
training and test datasets of dierent sizesto shawv
the scalability of various algorithms. In all casesthe
results shavn are for the parametersthat gave bestac-
curacy on the test set. Table 1 summarizesthe scaling
experiments on California housing dataset and Census
dataset. Note that the training time for CB-OR is
Tce or = Taust + Tsmo Where Tgust IS the time re-
quired to cluster the data using BIRCH and Tsy o if
the time required to solve the dual (6) using the pro-
posedCB-OR algorithm. A " ' in the table implies
that the corresponding algorithm failed to complete
training, due to lack of memory. The results clearly
show that the training time with CB-OR is very less
when comparedto SMO-OR and SeDuMi . Also the
average error rate on the test sets with CB-OR on

Shttp://lib.stat.cmu.edu/datasets/
“http://www.liacc.up.pt/ ltorgo/Regression/
DataSets.html

H S-Rate \ S-Size \ CB-OR \ SMO-OR H
0.002 10,000 1 182
0.0025 12,500 1 260
0.003 15,000 1 340
0.3 | 1,500,000 9
1| 5,000,000 36
e .
| —%— CB-OR
& 1500 | — & - SeDuMi
: |
g I
|
g 1000 n
E |
2 I
‘€ 500 !
o n
= /
2
0 Leeotaon * ¥
0 2000 4000 6000 8000

Size of Training Data

Figure 1. Dashed line represerts training time with Se-
DuMi and continuous line that with CB-OR on a syn-
thetic dataset.

California Housing dataset is 0:6221 and on Census
dataset is 0:1122. These are comparable to the av-
erage error rates 0:6184 and 0:1172 given by SMO-

OR on the two benchmark datasets. This shows that
the CB-OR algorithm achievessimilar generalization
as SMO-OR , but requires very less training time.
Note that the reasonwhy SeDuMi failed to complete
training is presenceof large number of clustersin the
dataset.

In order to shaw that the CB-OR algorithm can scale
up to very large datasets containing millions of data
points, we preser scaling results on a large synthetic
OR datasetin 2 dimensionshaving 5 classes.The data
points of eat classwere generatedusinga GMM with
5 componerts. Thus the size of problem for CB-OR
is 25, whereasthat for SMO-OR it is the size of the
whole training set. Table 2 shows the summary of the
scaling experimert. In order to shawv the scalability
of the CB-OR when comparedto SeDuMi , scaling
experiments on a synthetic ordinal regressiondataset
with 5 classwas done assumingead data point is a
cluster. Figure 1 shows the summary of the results.
As the results show, the proposedCB-OR algorithm
requiresrun time of under 1 minute for few thousands
of clusters; whereasSeDuMi doesnot scalewell if the
number of clusters are large.
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Table 3. Datasets: Categories and training set sizes

[ Category [Seed | 1 | 2 [ 3 | 4 ]
NASCAR 1705 | 1944 | 1747 | 1464 | 1177
Saccer 119 750 | 1109 | 1542 | 3149
Cancer 138 | 760 | 895 | 858 | 660
Mutual Funds | 371 395 | 540 | 813 | 1059

Table 4. #R(#1) is the number of relevant (irrelevant) web
pages crawled by baseline crawler. It indicates the di-
culty in crawling these categories. The next two columns
show the harvest rates for Baseline and OR.

Dataset #R/#1 BL OR

NASCAR 11530/19646| .3698 | .6977

Soccer 10167/9131 | .34 | .4952

Cancer 6616/12397 | .4714| .58

Mutual Fund | 9960/10992 | .526 | .5969
4.2. FOCUS

The purpose of these experimerts was to study the
performance of the crawler on topics which are di -
cult to crawl, wheredi cult y is measuredin terms of
the harvest rate of the baseline crawler (Chakrabarti
et al., 1999; Chakrabarti et al., 2002). Nalanda iVia
focusedcrawler ° was used as the baselinecrawler; it
implemerts the focusedcrawler in (Chakrabarti et al.,
1999)with a logistic regressionbasedbinary classi er.
The apprentice (Chakrabarti et al., 2002) was not em-
ployed in the experiments. But this does not a ect
the conclusions,asthe apprentice is orthogonal to any
crawler and will only lead to performance improve-
mert.

The topics chosenwere Mutual Funds, NASCAR, Soc-
cer, and Cancer. Mutual Funds pages are heavily
interlink ed with pageson investment. This was ob-
sened (Chakrabarti et al., 1999) to causedi culties

when crawling. NASCAR pagesseemvery similar to
pageson other motorsports organizations/races (e.g.
INDY 500). This is due to the fact that a lot of
the pageshave similar content including terminology,
names, racing circuits etc. Preparation of the
training set: A setof seedpageswas rst collected
for ead topic, from sourceslike Wikip edia and links
returned by queriesto generalpurposeseard engines.
Then the layered graph was created as mentioned in
the previous section. This graph consistedof 5 layers.
The number of pagesthat werecollectedthrough badk-
links varied for dierent levels and categories. This
was done to test the robustnessof the regressor. For

Shttp://ivia.ucr.edu/

ead documert, a vector of 4000featuresis used. The
details of the size of the training setsis given in the
Table 3.

Crawling:  During the training stage,the input data
was split into training and validation data. CB-OR
wasthen usedto determine the regressor.The param-
eters and W weretuned on the validation setby grid
seard. During the crawling phase,ead newly crawled
documen wasfed to the regressomwhich returned a la-
belindicating the predicted level. If a pagewasmarked
aslevel 0, 1, 2, or 3, the links from the pageswere
addedto the priority queue;any page marked as level
4 was discarded. But only pagesbelongingto levelsO,
1 and 2 were consideredas relevant pageswhen mea-
suring the performanceof the crawler.

Results: Table 4 gives a comparison of the per-
formance of FOCUS with the baseline crawler. The
number preseried are the harvest rates as de ned in
Equation (12). As seen,FOCUS performs better than
the baselinecrawler on categoriesconsideredvery dif-
cult.

5. Conclusion

This paper presened 2 key ideas: A fast, easyto im-
plemert, algorithm to solve the dual of the novel clus-
tering basedOR formulation, which is an SOCP with
oneSOC constraint. An ordinal regressionformulation
for the focused crawling problem which removes the
needfor a negative classde nition and is independert
of a topic taxonomy. As seenfrom the experimental
evaluation, the new OR formulation can be used to
crawl for topics which are di cult to crawl using the
baseline crawler. The formulation involves solving a
large scaleOR problem during training, which can be
very e cien tly done using the new CB-OR algorithm.

The current systemassignsequal priority to all URLs
in ead page. A strategy that usesthe page contents
and URL tokensto assigndi erent scoreshas already
beenstudied in (Chakrabarti et al., 2002). Presertly
the crawler doesnot usethe DOM structure to prior-
itize the URLSs. Its usagewould increasethe accuracy
of the simple model of the web being usedcurrently.

App endix

Deriv ation of Dual: In this section we derive the
dual of the primal formulation (4). Using the dual
norm kwkz = sup,,, W~ U, the Lagrangian func-
tion can be written as:
X Xin. . .
L = P+ 0+ G
i=1 j=1
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o . Y
+ gttt
i(h b))+ (wu W) (13)
i=1
wherethe Lagrangemultipliers satisfy ‘, 0; ij -0,
0 ' 0 0  Okuky 1landCf =
w> (1) b+l WGl =1 J+riwe

h 1 w> (!). The KKT conditions for optimality
can be summarized as follows:

XX
reL=0 ) u= |] ]I (]l)
i=1 j=1
')(+1 ) )Q,
@LZO) it i = b+
dior 1 j=1 j=1
Q—:O;Q:O) Py =g J4+ d=1
e e
Compl.Slak. ) lch=0 /c'=o0
) ll=o =0
) (b B o) (wTu W)14)
Sincely = 1 ;b = 1, the complimentary slakness

conditions immediately shaw that at optimality ' =
l= ;= ,=08]j. With theseboundary condi-
tions, one can easily eliminate the ; multipliers from
the KKT conditions using % = 0, giving the following
conditions:éi_ 3;8i:1;:::;r 4 S,P1:S, 1
whereS; =, [% fands = 50 5k
Now let us denotethe column vector cortaining the !
by and that containing ;' by . We onceagain
note that the entries corresponding to i = 1 are zero
in and those corresponding to i = r are zeroin
Also let us denote the vector cortaining 1+ r! W with
d and the matrix cortaining the dot products of cen-
ters (1) with eac other asK . Using this notation,
one can write the dual of the CB-OR formulation as

givenin (5).
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