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Motivation

Motivation

@ Web is a very large evolving network
25% new links and 8% new pages per week [NCO04]
15% of pages weekly updated [FMNWO03]

@ Evolution and associated temporal features like recency
and frequency of change ignored in Web search

@ For many queries user’s interest has a temporal dimension
“new orleans hurricane”(~ most recent information)
“www conference”(~ upcoming conference)

“tour de france” (~ this year's event)
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Motivation

Motivation (cont'd)

Our approach:

@ Exploit temporal dimension of user’s interest
(temporal interest)

@ Integrate temporal aspects in link-based authority ranking
(in our case PageRank)

@ Produce rankings that bring up authorities w.r.t. given
temporal interest
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Time-aware Authority Ranking

Evolving Graph

@ Integers as time representation, s.t. timestamp t gives # of
time units that have passed since reference time

@ Directed graph G(V, E) with temporal annotations
TScreation : Creation time
TSpeletion : deletion time
TSwmodifications . Modification times

TScreatn = 19991231  TScreation = 20050201
TSpeletion = i

| TSpeletion = 20050501
TSModifcations = {20050201,20050313,20050501} | TSwoatcatons = (20040313}
,,,,,,,,,,,,,,,, H Modifications =

TScreation = 20050101
TSpeletion = 20050903 H
TSwadcations = (20050401, 20050501} | i
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Time-aware Authority Ranking T-Ra ht & T-Rank
Experimental Evaluation

Temporal Interest

@ Models the temporal dimension of user’s interest
Temporal window of interest [TSgegin, TSgnd]
Tolerance interval [t1,to] O [TSgegin, TSgnd]

@ Graph G;i(Vy, Eyi) with respect to temporal interest

Vi = {v €V |TScreation(V) <tz A TSpeletion(V) > t1}
Ei = {(x,¥y)€E|(X,y)€ Vi x Vi A
TScreation(X,Y) < t2 A TSpeletion(X;Y) > t1}

contains nodes and edges that exist at any point of [ty, t5]
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Preliminaries
Time-aware Authority Ranking -Ran Rank
Evaluation

PageRank

@ Standard PageRank [PBMW98]

ry)=(1-¢ (Z(x,y)eE outdgé):e)ze(x)> + ﬁ
e probability of making a random jump
@ Generalization of PageRank

() = (1= ) (Speyyee t6:Y) 1)) +e-s(y) , with
t(x,y) transition probability from node x to node y, and
s(y) random jump probability of node y
@ Definition of t and s such that
>oys(y)=1and ) t(x,y)=1
i
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Time-aware Authority Ranking
Experimental Evaluation

T-Rank Light & T-Rank

@ Objective: Ranking that reflects given temporal interest

@ Freshness and activity as temporal features
of nodes and edges in the graph G;

@ Random jump probabilities s and transition probabilities t
defined based on the temporal features

T-Rank Light retains uniform transition probabilities but
relies on time-aware random jump probabilities

T-Rank relies on both time-aware transition probabilities
and time-aware random jump probabilities
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Preliminaries
Time-aware Authority Ranking T-Rank Light & T-Rank
Experimental Evaluation

Freshness

@ Freshness f(ts) €]0, 1] of timestamp ts conveys recency
w.r.t. given temporal interest

1

time
t1 TSBegin TSEend t2

@ Freshness f(0) €]0,1] of a node or edge o defined as
f(o) = Max{f (tS) ’ ts € TSModifications(o) U {TSCreation(O)}}
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Time-aware Authority Ranking
Experimental Evaluation

Activity

@ Activity a(T) €]0, oo] of a set of timestamps T
conveys frequency of change w.r.t. given temporal interest

> f(ts)

tseT

@ Activity a(0) €]0, oo] of a node or edge o defined as

a( (TSModifications(o) N [tl,tz]) U {TSCreation(o)})

lllpll

Klaus Berberich, Michalis Vazirgiannis, Gerhard Weikum Time-aware Authority Ranking



Preliminaries
Time-aware Authority Ranking T-Rank Light & T-Rank
Exp ental Evaluation

Random Jump Probabilities s

@ Random jump probability s(y) depends on
freshness and activity of node y
avg. freshness and activity of edges pointing to node y

sy) = w%
bowg. - Olf(xy) [ (x.y) € Bi}
* Y ey, avg{f(x,2) | (x.2) € Eq}
a(y)
R STE))
b owe . vefalx.y) [(xy) €Bi}

2ev, ava{a(x,z) | (x,z) € B}

mipn
@ Employed in T-Rank Light and T-Rank
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Preliminaries
Time-aware Authority Ranking T-Rank Light & T-Rank
Experimental Evaluation

Transition Probabilities t

@ Transition probability t(x,y) depends on
freshness and activity of node y
freshness and activity of edge x — vy
avg. freshness and activity of edges pointing to node y

i avg. f(z,y)
I
I
I

| avg. a(z,y)
D _.o ______

f(x,y) a(x,y) f(y) a(y)

@ Employed in T-Rank
mipn
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Prelimir
Time-aware Authority Ranking T-Rank x T-Rank
Experimental Evaluation

Experiments

@ Three different datasets
Digital Bibliography & Library Project (DBLP)
Amazon.com
Olympic Games 2004

@ Experiments focus on
quality of ranking (assessed through user studies)
parameter sensitivity

@ Here we concentrate on
“anecdotic evidence” by means of top-10 lists (DBLP)
result of user study (Amazon.com)
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Time-aware Authority Ranking
Experimental Evaluation

Digital Bibliography & Library Project

@ XML snapshot freely
@ Evolving graph with
348K (16K) nodes

available

~ authors

347K edges ~ citations
@ Top-10 lists as obtained for temporal interest on 2000s

| PageRank | T-Rank Light | TRank

1. E. F. Codd Michael Stonebraker Jim Gray

2. Michael Stonebraker E. F. Codd Michael Stonebraker

3. Jim Gray Jim Gray Jeffrey D. Ullman

4., Donald D. Chamberlin Jeffrey D. Ullman Philip A. Bernstein

5. Jeffrey D. Ullman Donald D. Chamberlin Hector Garcia-Molina

6. Philip A. Bernstein Philip A. Bernstein Jeffrey F. Naughton

7. Raymond A. Lorie Raymond A. Lorie Donald D. Chamberlin

8. Morton M. Astrahan Morton M. Astrahan David J. DeWitt

9. Kapali P. Eswaran Kapali P. Eswaran Jennifer Widom I T
10. John Miles Smith Irving L. Traiger Rakesh Agrawal p
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Prelimir
Time-aware Authority Ranking T-Rank Light & T-Rank
Experimental Evaluation

Amazon.com

@ Amazon.com product data obtained through web service
@ Evolving graph with

200K nodes ~ products

586K edges ~ similar product recommendations
@ User study with 5 test persons on 30 queries like

“da vinci code”, “che guevara”, “mac o0s x programming”,...
@ Top-10 lists for temporal interest 10/1/2004 — 3/31/2005

@ T-Rank Light and T-Rank both outperform PageRank on
more than 66% of the queries
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Conclusions

Ongoing Work: Trend-based Authority Ranking

@ Identify trends and exploit them for ranking!

Consider query “new orleans”

e Authority could be page about
city’s history

e Rising Star could be page
relating to the recent events

2

@ Related to PageRank/Search Engine bias problem [CR04]
@ First lesson learned: Hard to judge quality of results
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Conclusions

Open Issues

@ Datasets
Web data optimal but hard to obtain
DBLP and Amazon.com, e.g., have their particularities
Further datasets?
@ Experiments
User studies the best one can do?
What kinds of experiment do you find convincing?
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Conclusions

Conclusions

@ T-Rank Light and T-Rank produce time-aware authority
rankings that reflect given temporal interest

@ Experiments show superiority over non-time-aware
methods across different datasets

@ More details may be found in

@ Klaus Berberich, Michalis Vazirgiannis, and Gerhard Weikum.
T-Rank: Time-aware Authority Ranking.
In Stefano Leonardi, editor, Algorithms and Models for the Web-Graph:
Third International Workshop, WAW 2004, pages 131-141.
Springer-Verlag, 2004.

ﬁ Klaus Berberich, Michalis Vazirgiannis, and Gerhard Weikum.
Time-aware Authority Ranking.
Internet Mathematics, 2005 (accepted for publication).
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Thanks for your attention!
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