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tAbundan
e of pages on the web 
ontaining 
ommon query terms, is one of the biggest 
hallenge for aweb sear
h engine, and has led to the development of link analysis algorithms. Pagerank, developed andused by Google is one of the most well known su
h algorithms, and operates by assigning values to theverti
es of the webgraph that 
an be interpreted as the stationary distribution of a Markov 
hain de�nedon them. The Markovian sur�ng behavior 
onsists of two 
omponents 
hosen sto
hasti
ally, (i) wherethe surfer samples an outlink uniformly at random and (ii) another where the surfer jumps uniformlyto a random page of the web. The se
ond behavior is independent of any property of the graph andhad been introdu
ed in order to safeguard against the possibility of pagerank values of pages(verti
es)taking a value of 0 and to ensure a unique stationary distribution, by assuring that the Markov 
hainis irredu
ible. Its the se
ond term whi
h is the target of our interest here, we propose an alternativebehavior that ensures the same 
ondition but is based on the property of the graph rather than being
ompletely random as in the original pagerank algorithm. We look at a 
oarser representation of the web,by 
onsidering transitions between subsets of verti
es identi�ed by a suitable 
lustering algorithm. Therandommode now 
onsists of pi
king a subset a

ording to the 
oarsened Markov 
hain and then 
hoosinga vertex from that subset based on a well spe
i�ed distribution. An out
ome of su
h a formulation isthat the pagerank of a page is di
tated not only by the quality of inlinks but also by its membership toa 
luster, thereby allowing a new, \inlink s
ar
e" page to have a high pagerank if it belongs to a \good"
luster. For the 
urrent implementation we have 
hosen the 
lustering based on the outlinks of a page,but other possibilities su
h as 
ontent need to be examined. We report experiments on the University ofTexas webgraph and the Cora 
itation graph to provide ane
dotal eviden
e.1 Introdu
tionSele
ting and ordering query results, from over 3 billion hyper-linked pages that now 
onstitutes the webgraph G(V;E), is a diÆ
ult web mining problem of extreme importan
e, made parti
ularly diÆ
ult by theabundan
e of web pages 
ontaining 
ommon query terms. Link analysis is one of the key te
hniques thathas made e�e
tive solutions possible. These te
hniques have been motivated by the view that the web 
anbe looked upon as a noisy, distributed re
ommendation system where ea
h page re
ommends other pagesthrough its outlinks. This leads to a possible representation of the lo
al re
ommendation as a jV j dimensionalve
tor where the value at the ith lo
ation (possibly binary) denotes the strength of re
ommendation. Thusthe important task at hand is to 
ollate these lo
al re
ommendations of varying 
redibility into a global one.A simple strategy is to use a weighted linear 
ombination of the \re
ommendation ve
tors" of all pages. Thisstill keeps an important question unanswered: what should the weights of 
ombination be. An elegant 
hoi
eis one where the weights are the same as that of the �nal global re
ommendation weights. Implementing this1



2idea, using re
ommendation ve
tors that have been L1 normalized leads to the Pagerank algorithm, whi
his des
ribed in detail later in the se
tion to follow. The �nal global re
ommendation ve
tor in this setting is
alled the Pagerank ve
tor, and forms one of the key measures used by the popular sear
h engine Google torank sear
h results.2 PagerankThe weighted linear 
ombination of lo
al re
ommendations as 
omputed by the Pagerank algorithm is equiv-alent to ranking web pages a

ording to the stationary distribution of a random surfer traversing the dire
tedweb graph G(V;E). The surfer is assumed to be Markovian and traverse the web graph mostly by followingoutlinks, with o

asional jumps to a random page on the web. The surfer either pi
ks one outlink from the
urrent page uniformly at random or resets to a random page on the web with probabilities � and 1 � �respe
tively. The es
ape probability of (1��) was introdu
ed as a me
hanism to ensure non-zero Pageranksand irredu
ibility of the resulting Markov 
hain [1℄ whi
h is required for the Markov 
hain to have an uniquestationary distribution.Let A be the adja
en
y matrix of the graph, Dout the diagonal matrix formed by the out-degrees, S arow sto
hasti
 sour
e matrix usually taken to be S = 1N (e � eT ), where e is a 
olumn ve
tor of ones. Thetransition matrix T of the surfer 
an be expressed in terms of the out-degree normalized adja
en
y matrixD�1outA, and the random jump probability � as :T = ��D�1out �A+ (1� �)� S (1)The Pagerank iteration 
onverges to the primary eigenve
tor � of T T or, equivalently, the steady-stateprobabilities of the Markov 
hain de�ned by it. The 
onvergen
e rate is proportional to �1=�2, the ratio ofthe �rst and se
ond eigenvalues of T [1℄.2.1 Random JumpsOne of the main obje
tive of adding rank sour
e matrix S in the original Pagerank algorithm is to avoid therank sink problem, more spe
i�
ally handling the presen
e of absorbing states by making the Markov 
hainirredu
ible. A set of states VS � V is 
alled absorbing if P (VS ! VS) > 0 but P (VS ! VS) = 0. Note thatin addition to absorbing states one might have sets of isolated states VI su
h that P (VI ! VI) = P (VI !VI) = 0.Among these its the presen
e of absorbing states whi
h prevent meaningful values for Pageranks sin
ethe pageranks of all non-absorbing pages go to zero, whereas the presen
e of isolated states 
an be handledsuitably by proper initialization and 
onsidering the de
oupled 
hains separately. The most 
ommon formof the Matrix S is eeT though S = seT has been utilized for personalizing sear
h results in [2℄.We show that it is possible to remove absorbing states using a te
hnique other than uniform randomjumps to arbitrary pages. Consider the 
ase where a random surfer visits a page i, jumps with probability �to one its outlinks uniformly at random and with probability (1��) it jumps to one if its inlinks uniformly atrandom. It 
an be proved that the resulting walk 
ontains no absorbing states and under the assumption thatno isolated states exist, the resulting Markov Chain is irredu
ible. Let us refer to the stationary distributionof this walk under uniform initialization as the \forward-ba
kward ranks". Some properties of these ranksalong with methods for 
hoosing the value of � were dis
ussed in [3℄.Lemma 1 A Forward Ba
kward Markov 
hain 
annot have absorbing states.However, a signi�
ant drawba
k of this approa
h is that it is vulnerable to spam. A web page 
an in
reaseits Pagerank just by adding outlinks. To redu
e this, we �rst 
luster the verti
es of the graph by using an



3appropriate 
lustering algorithm and then use it to 
ompute the \forward-ba
kward" ranks for the blo
ks.1The 
olumns of the matrix S are taken to be the weighted 
on
atenation of the lo
al forward-ba
kward ranks,where the weights are given by the blo
k ranks. Note that unless all nodes in a 
luster 
ollude together,it is hoped that this approa
h is resistant to spam. Coarser representation of the web has been used by[4℄ in order to speedup the pagerank 
al
ulation, however there the authors did not investigate 
lusteringalgorithms, as reverse lexi
ographi
al sorting of the urls led to a satisfa
tory blo
k stru
turing the adja
en
ymatrix.3 Algorithm: Clustered PagerankWe modify the graph independent part of the pagerank surfer's behavior so that it does not visit pagesarbitrarily. This is 
onstru
ted as a two stage pro
ess as follows: suppose we partition/
luster the set ofverti
es of the webgraph into K 
lusters a

ording to some similarity 
riteria (we have used the information-theoreti
 
o-
lustering algorithm as des
ribed in [5℄), now instead of sele
ting an arbitrary page from theweb uniformly at random, the surfer �rst sele
ts a 
luster to transit to depending on its 
urrent page and
ontinues a random walk on the 
luster labels till 
onvergen
e, after whi
h it 
hooses a parti
ular memberfrom its 
urrent 
luster.From the property of Markov 
hains we know that as long as the transitions on the 
luster labels areirredu
ible the initial distribution over the 
luster label is of no 
onsequen
e as far as the 
onverged distri-bution is 
on
erned. Thus inorder to 
ompletely de�ne the behavior of the surfer we need to spe
ify (i) thedistribution over 
lusters, whi
h guides the surfer's 
hoi
e of the 
luster label to transit to (essentially thestationary distribution of the random walk on the 
luster labels) and (ii) the distribution over the members ofthe 
luster whi
h di
tates the 
hoi
e of a parti
ular page having 
hosen a 
luster label. Both these quantitiesare de�ned in terms of the property of the graph.First let us 
onsider 
onstru
ting the transition matrix of the Markov 
hain on the K 
luster labels,whose stationary distribution we need to 
ompute. The (I; J)th entry of the transition matrix Tf indi
atesthe probability of visiting any vertex in the J th 
luster 
onditioned on the fa
t that the 
urrent vertex is inI . This is a well de�ned quantity given any initial distribution R over set of verti
es and equalsPi2I;j2JR[i℄(D�1outA[i℄[j℄)Pi2IR[i℄ = Xi2I;j2J(D�1outA[i℄[j℄)� R[i℄Pi2I R[i℄� :Note that we 
an use any lo
ally normalized distribution instead of � R[i℄Pi2I R[i℄� and it would 
orrespondsto some initialization ve
tor, for our implementation we use the original pagerank to be the initializationve
tor.A reasonable 
hoi
e for se
ond distribution that we need to spe
ify, the distribution over the members ofa 
luster whi
h di
tates the 
hoi
e of a parti
ular page having 
hosen a 
luster label, is the lo
al pageranks
omputed per 
luster. However for implementation purpose we used the lo
ally normalized global pagerankvalues 
omputed from the original algorithm.VariablesG = (V;E) : webgraph;N : no. of webpages;K : no. of 
lusters;1Hen
eforth, we will use 
luster and blo
k inter
hangeably.



4i; j : webpages;I; J : 
lusters;A : Adja
en
y matrix of the web graph;Dout : Diagonal out degree matrix if G s.t. Dout[i; i℄ = Outdegree(i).Din : Diagonal in degree matrix if G s.t. Din[i; i℄ = indegree(i).Tb : K �K Reverse Blo
k Transition Matrix;Tf : K �K Forward Blo
k Transition Matrix;LPRI [j℄ : Lo
al Rank of page j in blo
k/
luster I ;PR[j℄ : Final global Pagerank of page j ;� : damping fa
tor for 
omputing Blo
k Rank Ve
tor;B : Blo
k Rank Ve
tor;S : N �N sour
e matrix;Algorithm[1℄ Cluster the graph based on some 
lustering algorithm.Compute lo
al pageranks for ea
h 
luster.Compute the Blo
k Transition Matri
es as follows:T f [I ℄[J ℄ =Pi�I; j�J (D�1outA)[i℄[j℄� LPRI [i℄T r[I ℄[J ℄ =Pi�I; j�J (D�1in AT )[i℄[j℄� LPRI [i℄Compute Blo
k Rank Ve
tor B as follows:B = Dominant Eigen V e
tor of (� � T fT + (1� �)� T rT )Compute the sour
e matrix S as follows:S[i℄[j℄ = B[J ℄� LPRJ [j℄ where j�JCompute the �nal global Pagerank ve
tor PR as follows:PR = Dominant Eigen V e
tor of (��AT + (1� �)� ST )Lemma 2 The blo
k transition matri
es are row-sto
hasti
.Proof. We show that the Forward Blo
k Transition Matrix is row-sto
hasti
. The other one 
an be shownin a similar fashion.T f [I ℄ =PJPi�I; j�J (1=Dout[i℄[i℄)�A[i℄[j℄� LPRI [i℄=Pi�I LPRI [i℄�Pj(1=Dout[i℄[i℄)�A[i℄[j℄=Pi�I LPRI [i℄= 1 fLo
al ranks are normalized to 1g 2Lemma 3 The rank sour
e matrix S is row-sto
hasti
.Proof. Proof is similar to that in Lemma 2. 2Theorem 1 Assuming there are no isolated blo
ks in the 
lustered web graph, the above algorithm ensuresthat the matrix �� T T + (1� �)� ST is irredu
ible.We explain the di�eren
es in ranking that would be produ
ed by the original Pagerank algorithm and themodi�ed version with a �gure (see Figure 1). Consider that a �nite rank (probability) mass is distributedamong the verti
es proportional to the original Pagerank algorithm. In the original Pagerank algorithm,ea
h vertex distributes a preassigned 
onstant (� = 0:85) fra
tion of its share of the mass equally among thepages to whi
h it links and the rest of the mass equally among all the pages on the web. On the re
eivingside, ea
h page re
eives a fra
tion of their parents ranks and a 
onstant fra
tion (1��) of the ranks from all
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I IIFigure 1: Pagerank vs Cluster En
han
ed Pagerank: Both the �gures I and II show a bipartite view of thegraph, where verti
es drawn to the left link to verti
es drawn to the right. Fig 1.I shows a vertex re
eiving0.85 rank mass from its parent and 0:15=N rank mass from all verti
es as in the original Pagerank algorithm.Fig 1.II shows a vertex belonging to 
luster i re
eive rank mass from its parents and 
luster label dependentrank mass from other pages as in the modi�ed algorithmpages. In the modi�ed algorithm a donor page distributes the same fra
tion (� = 0:85) of its rank among its
hildren as before, however the remaining mass is distributed preferentially among the 
lusters proportionalto the blo
k rank B[:℄ and eventually to its members proportional to their lo
al rank LPR. Considering there
ipient point of view, ea
h page re
eives a fra
tion of their parents mass as before but from all the pageson the web it re
eives a non 
onstant fra
tion of their mass whi
h depends on the blo
k rank B[:℄ 
lusterlabel of the re
ipient page and the position of the re
ipient page within the 
luster. Thus for a re
ipientpage i with 
luster label I if B[I ℄ � LPR[i℄ > (1� �)Nthe net rank mass it re
eives is higher than the standard pagerank algorithm as a result of whi
h its modi�edpagerank would also be higher. The proof of the above requires a lemma about the monotoni
ity propertyof the stationary distribution of a Markov 
hain proved re
ently in [6℄.Lemma 4 [6℄ Let P be a �nite-state ergodi
 Markov 
hain and let a, b be arbitrary states of P and 
 6= a.Let �P be a Markov 
hain obtained by in
reasing the transition probability to a su
h that �pba = pba + Æ andredu
ing the transition to some 
 su
h thatP
6=a �pb
 =P
6=a pb
�Æ. Then if �P has a stationary distribution�� then ��a > �a.Theorem 2 For the same value of � if I(i) is the 
luster label of the page i and B[I(i)℄ � LPR[i℄ > (1��)Nholds then the rank of the page i under the modi�ed algorithm would be higher.Proof. We showed that one step of the modi�ed algorithm assigns more rank mass to a page if the above
ondition is met. For the full proof one needs to use the monotoni
ity property of stationary distribution ofa Markov 
hain mentioned above. 2
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Figure 2: 1� � vs Entropy4 Choosing �Choosing the value of � is a big 
hallenge in the Pagerank algorithm (and all its derivatives). In absen
e ofany information, the Minimum Assumption Prin
iple says that the entropy of the Pageranks obtained mustbe maximum. This suggest using as small a value of � as possible. But we also want that the 
ontributionfrom link stru
ture of the web graph be as mu
h as possible. This requires 
hoosing � as large as possible.We, therefore, looked at how the entropy varies with � and tried to �nd a value of � that is a sweet-spot forthese 
on
i
ting requirements.Lemma 5 H [�AT r + (1� �)ST r℄ monotoni
ally de
reases as � in
reases, where H is the entropy.Proof. Let H=H [�AT r + (1� �)ST r℄H = �[Pi=1::n(�
Ti r + (1� �) 1n ) log(�
Ti r + (1� �) 1n )℄ fA = [
1 
2 ::: 
n℄gdHd� = �[Pi=1::n(
Ti r � 1n ) log(�
Ti r + (1� �) 1n )℄ +Pi=1::n(
Ti r � 1n )= �[Pi=1::n(
Ti r � 1n ) log(�
Ti r + (1� �) 1n )℄℄ fSe
ond term is zero as A is row-sto
hasti
.gd2Hd�2 = �[Pi ((
Ti r� 1n )2( 1n+�(
Ti r� 1n )) ℄ < 0Therefore, dHd� monotoni
ally de
reases with maximum being at � = 0. At � = 0, dHd� = 0. Therefore, Hde
reases with �. 2Conje
ture 1 Entropy of Pagerank monotoni
ally in
reases as � de
reases.Proof. From Lemma 5 it seems that the 
onje
ture holds. Empiri
al eviden
e also vindi
ates this. Weran the original Pagerank algorithm for 1500 do
s obtained from a web
rawl of utexas:edu domain. The



7No. of nodes No. of 
lusters OSim KSim1000 10 0.9 0.7473681000 20 0.9 0.8473681000 30 0.9 0.7578951000 40 0.9 0.8473681000 50 0.9 0.8578951500 10 0.85 0.6421051500 20 0.85 0.6421051500 30 0.85 0.6421051500 40 0.85 0.6421051500 50 0.85 0.6421052000 10 0.85 0.62000 20 0.85 0.5947372000 30 0.85 0.5947372000 40 0.85 0.5947372000 50 0.85 0.5684212500 10 0.85 0.5789472500 20 0.85 0.5789472500 30 0.85 0.5736842500 40 0.85 0.5842112500 50 0.85 0.584211Table 1: OSim and KSim values for the top 20 pages.variation of Entropy as a fun
tion of 1� � is given in Figure 2. As 
an be seen, the entropy monotoni
allyin
reases as � de
reases. 2From Figure 2, we see that2 � = 0:85 (i.e. 1� � = 0:15) is a
tually a good 
hoi
e as far as maximizingentropy is 
on
erned. Hen
e in all of our experiments we use this value. To simplify things, we take � alsoas 0:85.5 ExperimentsExperiments were performed on 2 datatsets using the information theoreti
 
o-
lustering to 
luster the pages.The information theoreti
 
o-
lustering is te
hnique for quantizing a joint distribution, whi
h was 
al
ulatedfrom the transition probabilities and its 
orresponding stationary distribution. In the �rst set, we worked ona web
rawl of utexas:edu that 
onsisted of more than 30,000 pages. We studied how the Pageranks 
hangeon subgraphs 
onsisting of 1000-2500 pages and number of 
lusters varying between 10-50 for both theoriginal pagerank s
heme and our modi�ed s
heme. In sear
h for a good metri
 for evaluation, we settled forOSim and KSim measures as de�ned and used in [2℄. Table 1 shows the variation in OSim and KSim valuesbetween the original Pagerank and our algorithm for di�erent subgraph sizes and 
lusters. The similaritymeasures were 
al
ulated for the top 20 pages. The results show that the two algorithms produ
e quitesimilar results. This tends to indi
ate that probably its not worth the e�ort adding the extra 
omplexityto the Pagerank algorithm. We also studied how the entropy of the Pageranks produ
ed by the original2Note that for 1500 do
s, the maximum entropy possible is � 10:55.



8Original Newwww.utexas.edu/ www.utexas.edu/www.bus.utexas.edu/ www.utexas.edu/teamweb/www.utexas.edu/teamweb/ www.bus.utexas.edu/www.utexas.edu/home
omments.html www.utexas.edu/home
omments.htmlwww.utexas.edu/dire
tory/oÆ
es/ www.utexas.edu/dire
tory/oÆ
es/x500.utexas.edu/ x500.utexas.edu/www.utexas.edu/sear
h/ www.utexas.edu/index.htmlwww.psy.utexas.edu/ www.utexas.edu/sear
h/www.
sr.utexas.edu/ www.utexas.edu/do/www.tsg
.utexas.edu/graphi
s/buttons/www.map www.tsg
.utexas.edu/graphi
s/buttons/www.mapwww.utexas.edu/help/ www.
sr.utexas.edu/www.utexas.edu/index.html www.utexas.edu/help/www.utexas.edu/do/ www.psy.utexas.edu/dev.lib.utexas.edu/servi
es/referen
e/email.html dev.lib.utexas.edu/servi
es/referen
e/email.htmlwww.bios
i.utexas.edu/mgm/ www.tsg
.utexas.edu/www.tsg
.utexas.edu/ www.
ps.utexas.edu/www.
ps.utexas.edu/ www.utexas.edu/utpostal.htmlwww.tsg
.utexas.edu/info/teamweb.html www.tsg
.utexas.edu/info/teamweb.htmlwww.
m.utexas.edu/servi
es/
omputer/webadmin.html 

wf.

.utexas.edu/ informs/links.htmlwww.utexas.edu/ogs/ www.
ps.utexas.edu/home.htmlTable 2: Pagerank vs Cluster Enhan
ed Pagerank UrlsPagerank 
ompares with ours. Results show that the original Pagerank a
hieves 93% 
ompared to 88% (ofthe maximum entropy possible) of our algorithm. This result is expe
ted as the personalization ve
tor usedby our algorithm has less entropy (sin
e it is more biased towards important pages) than the uniform ve
tor
hosen in the original s
heme.The se
ond set of experiments that we 
arried out were on a subset of the 
ora dataset 
onsisting of the
itation graph of 11754 resear
h papers in the \Arti�
ial Intelligen
e" 
ategory. Cora was a popular sear
hengine for 
omputer s
ien
e resear
h papers, and has previously been used by Ng etal in [7℄ to examine theproperties of the rankings produ
ed by HITS [8℄ and Pagerank. We ran the Clustered pagerank algorithmon the subset with di�erent 
luster sizes, here we present ( see tables 3, 4 )the ranks o

upied by the top20 pages in the runs of the algorithm started with di�erent 
lusters sizes. Unlike the utexas webgraph, herethe two algorithms di�er signi�
antly in their rankings, where in the modi�ed algorithm the top pages aredominated by the pages with high blo
k rank.6 Con
lusionsIn this report we presented a modi�
ation of the Pagerank algorithm whi
h removes the graph independentbehavior of the equivalent random surfer and substitutes a 
omponent whi
h still ensures irredu
ibility of theMarkov 
hain, a requirement for it to have an unique stationary distribution. The modi�
ation is based ona 
oarser representation of the web invoked by partitioning the pages into subsets or 
lusters. The 
lusteringindu
es a Markov 
hain in as many states as 
lusters the stationary distribution of whi
h assigns a blo
k rankto ea
h of these 
lusters. The absorption avoiding 
omponent 
onsists of sele
ting a 
luster proportional tothe blo
k rank values and then sele
ting a page from that 
luster based on the lo
al ranks. The rank of apage now depends not only on its inlinks but also by the blo
k rank of the 
luster to whi
h it belongs. This



910 ClustersRank page id Pagerank Blo
k Rank1 (Valente et. al., 96) An intelligent system for air 
am-paign plan evaluation based on EXPECT 4.868e-01 (2) (0) 8.937e-012 (Valente et. al., 96) A Representation and Library forObje
tives in Air Campaign Plans 4.868e-01 (1) (0) 8.937e-013 (Barto et al., 1983) 4.149e-05 (8) (1) 2.683e-024 (Barto93) realtime-dp 3.774e-05 (12) (1) 2.683e-025 (Sutton88) Learning to predi
t by the methods of tem-poral di�eren
es 3.537e-05 (6) (5) 1.402e-036 (Koh)Self-Organization and Asso
iative Memory 2.970e-05 (10) (1) 2.683e-027 (John94) 2.798e-05 (17) (1) 2.683e-028 777(M
Allister and Rosenblitt 1991)Systemati
 nonlin-ear planning 2.512e-05 (13) (0) 8.937e-019 117(Szepesvari,Littman 97) Generalized Markov De
i-sion Pro
esses 2.200e-05 (25) (1) 2.683e-0210 1388 (Sim94) A robust layered 
ontrol system for a mo-bile robot 2.128e-05 (5) (7) 1.198e-0311 28350 (Singh 94) On the 
onvergen
e of sto
hasti
 itera-tive dynami
 programming algorithms 1.873e-05 (55) (1) 2.683e-0212 7632 Conne
tionist Spee
h Re
ognition: A Hybrid Ap-proa
h 1.786e-05 (29) (2) 1.938e-0213 763 (Barrett and Weld, 1992) Partial Order Planning:Evaluating Possible EÆ
ien
y Gains 1.769e-05 (21) (2) 1.938e-0214 6163 (Boyan and Moore, 1995) Generalization in rein-for
ement learning: Safely approximating the value fun
-tion 1.493e-05 (64) (1) 2.683e-0215 6209 (Singh, 1992) TRansfer of Learning by Composition 1.468e-05 (68) (1) 2.683e-0216 7423(Dean93) 1.447e-05 (41) (1) 2.683e-0217 6214 (Sutton, 1990) 1.4003e-05 (20) (5) 1.402e-0318 28504 (Sut95) TD models: modeling the world at a mix-ture of time s
ales 1.285e-05 (111) (1) 2.683e-0219 35 (Goldberg) Geneti
 Algorithms in Sear
h, Optimiza-tion and Ma
hine Learning 1.276e-05 (3) (3) 1.560e-0320 10798 ftp://ftp.
s.utexas.edupub/mooney/papers/iou-either-bk
hapter-93.ps.Z 1.273e-05 (60) (0) 8.937e-01Table 3: The Pagerank values of the top 20 pages ranked a

ording to the modi�ed algorithm run on the
ora data set with 10 
lusters is shown. The third 
olumn shows the pagerank a

ording to the modi�edalgorithm and its original rank in parantheses. The third 
olumn shows the blo
k rank of the 
luster towhi
h the page belonged, the value in the parantheses shows the rankings of the 
lusters a

ording to theBlo
k rank values. Note that pages belonging to highly ranked 
lusters improved their rankings as 
omparedto the original ranks given in 
olumn 3allows fresh pages to be highly ranked provided they are members of \good 
lusters".We were also able to 
hara
terize exa
tly when would a page be ranked di�erently from the 
onventionalpagerank algorithm, using a re
ently proven result on the monotoni
 behavior of the stationary distributionof a Markov 
hain.On the webgraph data set the new and the old rankings were mostly similar whereas on the 
itation



1020 ClustersRank page id Pagerank Blo
k Rank1 571354 (Valente et al., 1996) an intelligent system for air
ampaign plan evaluation based on EXPECT (2) 4.772e-01 (0) 4.055e-012 538295 (Valente et. al., 96) A Representation and Li-brary for Obje
tives in Air Campaign Plans (1) 4.767e-01 (1) 4.001e-013 1719 (Agrawal et al. 93) Mining Asso
iation Rules be-tween Sets of Items in Large Databases (18) 1.259e-04 (2) 6.350e-024 910 (poggio89) A Theory of Networks for Approximationand Learning (22) 1.123e-04 (2) 6.350e-025 9812 (Agrawal et al) An Interval Classi�er for DatabaseMining Appli
ations (32) 1.001e-04 (2) 6.350e-026 3925 (Knoblo
k, 1991) http://www.isi.edu/sims/papers/91-thesis.ps (61) 7.071e-05 (2) 6.350e-027 4423 (Lin94℄) State Constraints Revisited (86) 6.946e-05 (2) 6.350e-028 184 (Cheeseman89) Where the Really Hard ProblemsAre (94) 5.343e-05 (2) 6.350e-029 28957 (Buntine, 1994)jair/pub/volume2/buntine94a.ps.Z (117) 4.997e-05 (2) 6.350e-0210 4330 (Jordan94) Hierar
hi
al Mixtures of Experts andthe EM Algorithm (16) 4.890e-05 (3) 1.761e-0211 9672 (Knoblo
k etal 91) Integration of Abstra
tion andExplanation-Based Learning in PRODIGY (170) 4.703e-05 (2) 6.350e-0212 58527 (Pinto94) Temporal Reasoning in the SituationCal
ulus (282) 4.537e-05 (2) 6.350e-0213 23796 (StAmant94) A planning representation for auto-mated exploratory data analysis (387) 4.521e-05 (2) 6.350e-0214 4348 (Knoblo
k90) Learning Abstra
tion Hierar
hies forProblem Solving (257) 4.433e-05 (2) 6.350e-0215 1272 (Quinlan86) Indu
tion of De
ision Trees (11) 4.219e-05 (8) 1.451e-0316 1388 (Sim94) A robust layered 
ontrol system for a mo-bile robot (5) 3.980e-05 (9) 1.443e-0317 12851 (Crawford, et. al. 90) QPC : A Compiler fromPhysi
al Models into Qualitative Di�erential Equations (237) 3.964e-05 (2) 6.350e-0218 3236 (KJL + 94) A ma
hine learning library in C++ (245) 3.920e-05 (2) 6.350e-0219 3584 (BvHH + 89) A rational re
onstru
tion and exten-sion of re
ursion analysis (541) 3.798e-05 (2) 6.350e-0220 33231 (Smyth et al., 1997)ftp://psy
he.mit.edu/pub/jordan/hmm.ps.Z (278) 3.677e-05 (2) 6.350e-02Table 4: The Pagerank values of the top 20 pages ranked a

ording to the modi�ed algorithm run on the
ora data set with 20 
lusters is shown. The third 
olumn shows the pagerank a

ording to the modi�edalgorithm and its original rank in parentheses. The third 
olumn shows the blo
k rank of the 
luster towhi
h the page belonged, the value in the parentheses shows the rankings of the 
lusters a

ording to theBlo
k rank values. Note that the top ranked pages mostly 
onsist of pages with high blo
k rank.graph signi�
ant di�eren
es were observed. It should also be observed that the quality of the rankings issubje
t to the quality of the 
lustering obtained. For the purpose of this study the 
lustering was based onlink-stru
ture rather than based on 
ontents of webpages. We believe that a 
ontent-based 
lustering willgive superior results.



11PagerankRank page id Pagerank Cluster Ranks Rank1 538295 (Valente et. al., 96) A Representationand Library for Obje
tives in Air CampaignPlans 3.366e-1 2(0), 2(1), 2(1), 2(1), 2(1)2 571354 (Valente et al., 1996) an intelli-gent system for air 
ampaign plan evaluationbased on EXPECT 3.366e-1 1(0), 1(0), 1(0), 1(0), 1(0)3 35 (Goldberg) Geneti
 Algorithms in Sear
h,Optimization and Ma
hine Learning 3.921e-4 19(3), 66(9), 140(7), 26(19), 3(3)4 2 (Gar) Computers and Intra
tibility: AGuide to the Theory of NP-Completeness 2.810e-4 32(3), 3(2), 26(11), 120(7), 27(16)5 1388 (Sim94) A robust layered 
ontrol systemfor a mobile robot 2.7661-4 10(7), 5(1), 16(9), 403(18), 46(12)6 6213 (Sutton88) Learning to predi
t by themethods of temporal di�eren
es 2.614e-4 5(5), 803(11), 516(8), 7(5), 112(9)7 3229 (J. Hertz & Palmer 91) Introdu
tion tothe Theory of Neural Computation 1.701e-4 102(5), 424(9), 511(13), 16(6), 153(8)8 4584 (Barto et al., 1983) 1.456e-4 3(1), 281(6), 515(8), 409(10), 129(7)9 2027 (Boyer and Moore 1988) A Computa-tional Logi
 Handbook 1.435e-4 508(6), 818(8), 90(4), 5(0), 19(0)10 1365 (Koh) Self-Organization and Asso
iativeMemory 1.351e-4 6(1), 44(13), 528(6), 3(2), 123(7)11 1272 (Quinlan86) Indu
tion of De
ision Trees 1.313e-4 70(5), 29(13), 15(8), 1062(17), 76(7)12 114 (Barto93) realtime-dp 1.157e-4 4(8), 1909(11), 693(17), 400(5), 928(9)13 777 (M
Allister and Rosenblitt'91) System-ati
 nonlinear planning 1.111e-4 8(0), 27(6), 547(7), 1382(13), 1330(18)14 9890 (Cover, Thomas'91) Elements of Infor-mation Theory 1.102e-4 45(3), 905(10), 692(8), 9(4), 709(11)15 887 (Samuels, 1959) Some studies in ma
hinelearning using the game of Che
kers 1.048e-4 55(8), 1217(9), 597(7), 4(2), 906(12)16 4330 (Jordan94) Hierar
hi
al Mixtures of Ex-perts and the EM Algorithm 1.046e-4 23(9), 18(10), 10(3), 1355(17), 61(13)17 3231 (Smyth etal, 1997) hmmpin.ps.Z 1.0114-4 7(1), 957(6), 561(10), 913(6), 903(10)18 1719 (Agrawal et al. 93) Mining Asso
ia-tion Rules between Sets of Items in LargeDatabases 9.996e-5 2793(5), 7(8), 3(2), 1698(22), 1436(18)19 783 (Penberthy92) Complete, Partial-OrderPlanner for ADL 9.790e-5 415 (7), 12(4), 709(6), 1673(21), 1391(25)20 6214 (Sutton, 1990)ftp.
s.umass.edu/pub/anw/pub/sutton/sutton-90.ps.gz 9.541e-5 17(5), 2579(11), 573(17), 906(5), 638(9)Table 5: This table shows the top ranked pages a

ording to the original Pagerank algorithm and the ranksa
hieved by these pages on the modi�ed algorithm when run with 10, 15, 20,25 and 30 
lusters respe
tivelyas shown in 
olumn 4. The value in the parenthesis indi
ate the blo
k rank of the 
luster to whi
h the pagebelonged. One observation to make is the noisy nature of the blo
k ranks. It appears that the 
lusteringalgorithm under the 
urrent parameters 
annot identify good 
lusters 
onsistently.Referen
es[1℄ L. Page, S. Brin, R. Motwani, and T. Winograd, \The pagerank 
itation ranking: Bringing order to theweb," 1998.[2℄ T. Haveliwala, \Topi
-sensitive pagerank," in Pro
eedings of the Eleventh International World Wide WebConferen
e, Honolulu, Hawaii, 2002.



12[3℄ S.A
haryya and J.Ghosh, \A maximum entropy framework for link analysis on dire
ted graphs," inLINKKDD'03 Workshop on Link Analysis for Dete
ting Complex Behavior, Washington D.C., 2003.[4℄ S. Kamvar, T. Haveliwala, C. Manning, and G. Golub, \Exploiting the blo
k stru
ture of the web for
omputing pagerank," te
h. rep., Department of Computer S
ien
e, Stanford University, 2003.[5℄ I. S. Dhillon, S. Mallela, and D. S. Modha, \Information-theoreti
 
o-
lustering," in Pro
eedings of TheNinth ACM SIGKDD International Conferen
e on Knowledge Dis
overy and Data Mining(KDD-2003),pp. 89{98, 2003.[6℄ S. Chien, C. Dwork, R. Kumar, and D. Sivakumar, \Towards exploiting link evolution," in Workshop onAlgorithms and Models for the Web Graph, 2001.[7℄ A. Y. Ng, A. X. Zheng, and M. I. Jordan, \Link analysis, eigenve
tors and stability," in IJCAI-01,pp. 903{910, 2001.[8℄ J. M. Kleinberg, \Authoritative sour
es in a hyperlinked environment," Journal of the ACM, vol. 46,no. 5, pp. 604{632, 1999.


