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U Study ofBroderet al.:Graph Structure in the WeldV\WW 2000

The web graph
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Possible models to explain the web graph

U Randomegraplii.e., ErdosRenyi model)

U An edge between any two nodes is included with probability, independent of
other edges

U+ Preferentialattachmen(Barabasi & Albert; Science 1999)

U New nodes in the network join with high probability those nodes that already
KIS ' KAIK O0AYORSAIANBS O0aNAOK 3ISH |

U Specifically: new nodewith & links, chooses nodeto link to with
probability proportional toQ Q "Qi(¢2 Q

QQQId'Q
B QQQIuQQ

0(W° )

U Link copyingi& preferentialiattachment

U New nodescopy the links of an existing nodes with probabilitpr follow
preferential attachment with probabilityp |
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Node authority

U How to measure the authority of a node in the web graph?

U What about citation measures in academic work?

0 E.g. @ dy e o(db): average number of references from articles
published in journabin yearwto articles published imin year® p and
@ ¢ (not suitable for crosgournal references)

U Other measures consider following important structures in the citation
graph:co-citations & cereferrals

Publication A gets higher authority
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Web page links vs. citations

U Similarity between web graph and citation graph

U Citation of related workwby publicationwincreases the importance of(i.e.,
wd S Y R 2 ®yHirksioh the web can be viewed ersdorsementsas well.

U Differences
U Web pages with hign- or out-degreecould be portals or spam.
U/ 2YLI ye gSoaridsSa R2y Qi LRAYyG G2
u X
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Hypertext induced topicselection (HITS)

U By John Kleinberg in 1999

U Everynodel has
U Authority scored 0
U Hubnesscore’ QL)

u Example
u If A, E alreadihave
high authority, D
becomes a better hub.
u If Band C are good
hubs, A gets higher Publication A gets higher authority D becomes a better “hub”

authority.

U Web page has high authority score if it has many links from nodes withhhigtess
scores

U Web page has highubnessscoreif it has manylinksto nodes with highauthority
scores
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Computing authority anchubnessscores (1)

U
U
V) U U
U
o
GL QL QL Qo Q0 wb WO
U Compute scores recursively
0 (L) 00 ‘a0) 0 U
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Computing authority anchubnessscores (2)

WL QU \
MO \ QU
U Leté 8 0 8

8 8
ol ) o)

U Wecanwrite® 0 Qand Q 0 & where0 is the adjacency matrix
a P L O

U By substitution

U

3}

@ 0 0&
Q00 Q
U Interpretation

0 0 :number of nodes pointing to botiandQ

00 : number ofnodesto which both'Gnd (point
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Eigenvectors and Eigenvalues

i+ EigenvectorrEigenvalufar ané € matrix0,£¢  p vector’land a scalar
_that satisfyo’'l _'l are called Eigenvector and Eigenvalue 8f

U Eigenvaluesre the roots of theeharacteristifunction

M) AAD _©

A KD 0 o AAD
0C Jiso without the @ (i|K
rowandthe@ (i K O2|f

U Principal eigenvectorgivesthe
direction of highestvariakility!
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Authority and hubness scores revisited

@ 0 Q& A S
>/|-y 68 l[dAGS RS,

Eigenvector ofd 0 Eigenvector ofb 0
U Algorithm
pTé\ pTé\
pxe pxe
Startwith 6 e O |6 K SaNmA KySdzY 2NA R S &
ot/ \er/
pxe pxe
Repeatd 0 Q,0 0 @ hLInormalized ,’Q  until convergence

(Note: algorithm returns principal Eigenvectorsiof0 and0 U )

Dr. Gjergji Kasneci | Introduction to Information Retrieval | WS 2032 11



Hasso

Plattner

Institut
T Sys Universitat Potsdam

s Engineering

The HITS algorithm

1. { 0 F NI N@RiTef pagaesdelevant to a topic (or information need)
2. | NB I 6:6:aub0r260dby altldg tdrhé root set
I All pages that have incoming links from pages inrdw set
i For each page in th@ot set up to ‘Qpages pointing to it
3. Compute authority and hubness scores for all pages in the base subgrar
4. Rank pages by decreasing authority scores

~ thousands of nodes ~ hundreds of nodes

Sourcenttp://www.cs.cornell.edu/home/kleinber/auth.pdf
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R Drawbacks of HITS

U Relevance of documents in root set is not addressed
U 520dzyYSyda Yreée O2y 0l Ay Ydzt GALIX S daA
(in some other host)
A Link spamming is a problem
U Bias towards bipartitsubgraphs

U Danger: topic drifg found pages may not be related to the original query

U HITS scores need to be computed at query time (i.e., on the base set)
A Too expensive in most query scenarios

U Rank is not stable to graph perturbations
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e [ SGQa UKAY]l F3IlFAYX
U LYO2YAYy3 fAyla NBTFESOI GSYR2NBSYS
U hdzi32Ay3 fAy14a NBTIabthoutyWy2dzi Tt 206AY

U Probabilistic view: what is the probability of being at nad@
0(b) 0L )o(v) Restrict to direct
) ) ) predecessors only!
L) ) 0(0 D )o(v)

(Assuming uniform probability of choosing successéi 9 )

@
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Markov chains

u Chamcofidiseretesrandomyvariables

@)—@)— X £ ) ()

U Markov assumptiona variable is independent of all its ndescendants
given its parents o )
D(@sOROMBRY ) 0(®sh )

Possible instantiation of Markov chain:

0@ % 0@ %@ 9w 9N
0@ 0@ @ 1)

States with transition probabilities
Source: Wikipedia e.g.,withO(®@ 9% 0@ ') -
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Markov chain model of walking on the web graph

0

U Stationaryprobabitityat nodeu
0(® 0) 0(® OO O 0)

U Uniform transition probability accros successors
P
DLOO0OQQM QQ

0(® O 0)
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Markov chain properties (1)

U+ Homoegeneous
U 0(®d 0 &) are independent ofQ

U lrreducible
U Every state is reachable from any other state (with probability>0).

U Aperiodic
0 Thegreatestccommonidivisaf all (recurrence) valueswith
0@ UV O ULA®pPRMBM pgd L) T
is 1 for every.

+ Posttiverrecurrent

U For every state, the expected number of steps after which it will be reached is
finite.
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Markov chainproperties (2)

U Ergodic

U homogeneous, irreducible, aperiodic, and positive recurrent

U Theotemil
U Afinite-state iinreducibleMarkov chain igrgodicif it has anaperiodicsstate

U Theorem22
U For everyergodicMarkov chain there existationary sstatepprobabilities.

U Goal:Markowchain model to compute stationary probabilities for the
nodes in the web graph

U Finite number of nodes (i.e., finite number of states)
U Not irreducible (i.e., not every node can be reached from every node)
U States need to be aperiodic
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-PageRank: a random walk model on the web graph

o]

O Uniform transition probability,
i.e., 0(0]|0)

Uniform random jump

probability, i.e.i (@ -, 0
¢ dnumber of nodes \
o p | ©@ | ] 06 DY)

0 Random walker reachasby
U following one of the outgoing links of the predecessors afith probability|
U or by randomly jumping t@ with probabilityp | (random jumpprobability

()

U Notes
1. Every nod€i.e., state)can be reached from every other node (through random
jumps).
2. Becausef transition cycles of length (from one node to the same node with
probability > Okevery node (i.e., state) is aperiodic.

A ValidergodicMarkov chain model (i.e., with exististationary probabilitedor
each state)
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Computing PageRank scores

51
V)
01.0/0/Qe(1) QP @ QQY@E QW) p | A © | 0(6) (VD)
o
U Jacobijpowertiteratiommmethod
pre
pre
0 Initalizelp Fewithip 10 g
8
pre
U Repeat until convergenag | Ofp p | 1Q
whered is transition matrix with Uv(Ulo) h EAdE) U‘ o
Th | OEAOxEOA
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Remarks to Jacobi power iteration for PageRank

i) | Omp p |
U 0 is astochasticomatsiXi.e., columns sum up to 1)

U+ Theorem=3

U For every stochastic matrix, all Eigenvalues have the propertys s p and
there is an Eigenvectaowith Eigenvalue.  p, such thato Tmand||jad| p8

wis called thePrincipalEigenvectar.

+ Theorem4

U Power iterationconverges to principal Eigenvector witbnvetrgenee rate
| s_T_ s where_ is the second largest Eigenvalue.
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Topicsensitive and personalized PageRank

0 OQQN@E QL) p | I ©@ | 0(6) D (LY)

U Bias random walk towards pages of certain topic or pages liked by the use

U Howcould this be done?

U Possibility 1: introduce classification process into random walk, e.g.,(page
could be visited with probability proportional to linear combinatiorbgb)
andu LsSY A difficult to scale

U Possibility 2: bias random jump towards the Sdf target pages (much
simpler)
P~ £y
. ——h EUR Y
@ e
mh T OEAOxEOA
and run Jacobi iterations for
mp | Ofp o | 10Q
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Topicsensitive PageRank

U Algorithmby Haveliwala, TKDE 2003

1. Given multiple classes, precompute for each clasa topic sensitive
PageRank vectayr through Jacobi iterations

2 | N ity

f on” p I 1Q
2. For the user quenycomputed ("YS?))
3. Compute authority score of a pagas

OCYgin U

+ Theorem=3

Leti ‘@ndi Cbe biased randorjump vectors andj” andf]” denote
the corresponding biased PageRank vectors. Fprll  ttwith
] I p it holds

/A Y O R R B O B (T IO T (A O B B
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Topicsensitive PageRank evaluation

Precision

SourceHaveliwala

TopicSensitive PageRank: A ConiBginsitive Ranking Algorithm for Web Search
TKDE 2003
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