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The Web Speaks to Us
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Source:

DB & IR methods for
knowledge discovery.
Communications of
the ACM 52(4), 2009

* Web 2011 contains more DB-style data than ever
 getting better at making structured content explicit:

entities, classes (types), relationships
* but no (hope for) schema here!
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Distributed Structure: Linking Open Data
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Source: Christian Bizer, Tom Heath, Tim Berners-Lee, Michael Hausenblas,
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Distributed Structure: Linking Open Data
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Entity Search

http://entitycube.research.microsoft.com/

All People Academi

igor stravinsky
R EENIE  Relationship Bio Tag MNews SNS Quote Year Publication | Name Disambiguation

PEOPLE |OC ORG Igor Stravinsky + John Cage
John Cage + ... 1940s A. Modernist Classical 1. Iagor Stravinsky, Armold Schoenberg, John Caae a. "Phantasy for o
artists il Violin with Piano Accompaniment op. 477 (Arnold Schoenberg, 1949)1I1. 19505 A. West Coast Jazz 1. Dave
Paul Hindemith http://www.csupomona.edu/%7Ecgbates/370/lecture 16.pdf
COMpOosers cshow detail

+ ... What is heroic is to accept the situation in which yvou =find yourself.” -- John Cage »»»%-—--- o
Bela Bartok Original ... a conscious human =act.” — Igor Stravinsky: Poetics of Music, Harvard ...
COMpOSErs show detail http . //list.mail.virginia.edu/pipermail/silence/2007 -April/002332 .html
George Gershwin s ... as diverse as Leonard Bernstein, John Cage, Paul Hindemith,lgor Stravinsky, Luciano Berio, and -]
luminaries show detail Aaron Copland, as well as concerts based on themessuch as "Indigenous influences”, "Pan-Latin
Pierre Boulez http://www.nycballet.com/uploadedFiles/Company/2004 Annual Report.pdf
CoOmposers chow detail _ . . . . . )

» ... Arvo Part, Henryk Gorecki, Philip Glass, Michael Gordon, GivakKancheli among others not to mention @
Frank Zappa Igor Stravinsky (or 3. 5. Bach). ... and took shape with John Cage... But we could stillhear echoes of ...
musicians show detail http://forum.demunt.be/demunt-1.0/cache/10140/reich-dekeersmacker EN.p...
Coco Chanel e ... of the 20th century include HungarianBéla Bartdk, Austrian Arnold Schoenberg, Russian-born Igor @

show detail Stravinsky,Germany's Paul ... Gian-CarloMenotti, John Cage, Aaron Copland, and even George ...

http/fwww.duxburyfreelibrary.org/events/In%200ne%20Era Qut%20The%200t...

Richard Strauss
CoOmposers chow detail » _.. Else Failed, Black Flag, Black Sabbath, John Cage, John Coltrane, Robert Zimmerman, Embrace, Minor @

... Rites of Spring, Sarge, The Smiths, The Stooges, Igor Stravinsky, The Velvet Underground, Void, Neil ...
http://profile.myspace.com/index.cfm?fuseaction=user.viewprofile&f...

1 T 4 5 . . . .
| H | s ... blending the styles of early 1. 5. Bach and late Igor Stravinsky that could win a ... by Josef Stalin and @

Tl T ame Cirrkhactratra F 3c Raval miabkdy Bavvae Darfrrrm FRa onle sk Yoo weill find =3 riams A ar


http://entitycube.research.microsoft.com/

Semantic Search
with Entities, Classes, Relationships

properties of entity
% US president when Barack Obama was born?
Nobel laureate who outlived two world wars and all his children?

% Politicians who are also scientists? Instances of classes

European composers who won the Oscar?

relationships

Y FIFA 2010 finalists who played in a Champions League final?
German soccer clubs that won against Real Madrid?

L : : multiple entities
* Commonalities & relationships among: P

Max Planck, Angela Merkel, Jim Gray, Dalai Lama?

Y Enzymes that inhibit HIV? applications

Antidepressants that interfere with blood-pressure drugs?
German philosophers influenced by William of Ockham?

. . l . max planck institut
informatik



Outline
v_ Motivation

% Searching for Entities & Relations

% Informative Ranking

% Entity-Name Disambiguation

* Wrap-up

l l l . max planck institut
n informatik



RDF: Structure, Diversity, No Schema

SPO triples (statements, facts):

(EnnioMorricone, bornin, Rome) (uril, hasName, EnnioMorricone)
(Rome, locatedIn, Italy) (uril, bornin, uri2)
(JavierNavarrete, birthPlace, Teruel) (uri2, hasName, Rome)

(Teruel, locatedIn, Spain) (uri2, locatedIn, uri3)

(EnnioMorricone, composed, I‘Arena)
(JavierNavarrete, composerOf, aTale)

bornin (EnnioMorricone, Rome) locatedIin(Rome, Italy)
i ' —>| Rome Rome | ltal
IEnnloMorrlcone Ibornln I I I"|ocatedIn
[ome |—cv |
instanceOf

« SPO triples: Subject — Property/Predicate — Object/Value)

e pay-as-you-go: schema-agnostic or schema later

* RDF triples form fine-grained ER graph

* popular for Linked Data, comp. biology (UniProt, KEGG, etc.)

* open-source engines: Jena, Sesame, RDF-3X, etc.
EEERPE R R



Facts about Facts

facts: temporal facts:

1. (EnnioMorricone, composed, I‘Arena) 6: (1, inYear, 1968)

2. (JavierNavarrete, composerOf, aTale) 7. (2, inYear, 2006)

3. (Berlin, capitalOf, Germany) 8: (3, validFrom, 1990)

4. (Madonna, marriedTo, GuyRitchie) 9: (4, validFrom, 22-Dec-2000)
5: (NicolasSarkozy, marriedTo, CarlaBruni) 10: (4, validUntil, Nov-2008)

11: (5, validFrom, 2-Feb-2008)
provenance.
12: (1, witness, http://www.last.fm/music/Ennio+Morricone/)
13: (1, confidence, 0.9)
14: (4, witness, http://en.wikipedia.org/wiki/Guy_Ritchie)
15: (4, witness, http://en.wikipedia.org/wiki/Madonna_(entertainer))
16: (10, witness, http://www.intouchweekly.com/2007/12/post_1.php)
17: (10, confidence, 0.1)

« temporal annotations, witnesses/sources, confidence, etc.
can refer to reified facts via fact identifiers

(approx. equiv. to RDF quadruples: Col x Sub x Prop x Obj)
NEE DR e



SPARQL Query Language

SPJ combinations of triple patterns
(triples with S,P,0 replaced by variable(s))

Select ?p, ?c Where {

?p instanceOf Composer .

?p bornin ?t . ?t inCountry ?c . ?c locatedIn Europe.
?p hasWon ?a .?a Name AcademyAward . }

Semantics:

return all bindings to variables that match all triple patterns
(subgraphs in RDF graph that are isomorphic to query graph)

+ filter predicates, duplicate handling, RDFS types, etc.

Select Distinct ?c Where {

?p instanceOf Composer .

?p bornin ?t . ?t inCountry ?c . ?c locatedIn Europe.

?p hasWon ?a.?a Name ?n .

?p bornOn ?b . Filter (?b > 1945) . Filter(regex(?n, “Academy*) . }

l . l . max planck institut
informatik



Querying the Structured Web

flexible
subgraph
matching

Structure but no schema: SPARQL well suited

wildcards for properties (relaxed joins):
Select ?p, ?c Where {
?p instanceOf Composer .
?p?2rl?t. ?t?r2?c. ?cisa Country . ?c locatedIn Europe . }

Extension: transitive paths [K. Anyanwu et al.: WWW‘07]
Select ?p, ?c Where {
?p instanceOf Composer .
?p ??r ?c . ?c isa Country . ?c locatedIn Europe .
PathFilter(cost(??r) <5).
PathFilter (containsAny(??r,?t) . ?tisa City . }

Extension: regular expressions [G. Kasneci et al.: ICDE‘08]
Select ?p, ?c Where {
?p instanceOf Composer .
?p (bornin | livesin | citizenOf) locatedIn* Europe . }

l . l . max planck institut
informatik



Querying Facts & Text

Problem: not everything is triplified ﬂ@
« Consider witnesses/sources

(provenance meta-facts) triples match struct. pred.
* Allow text predicates with witnesses match text pred.
each triple pattern (a la XQ-FT) Ll — Zv
Ny, 3

\wsm

Semantics:

European composers who have won the Oscar,
whose music appeared in dramatic western scenes,
and who also wrote classical pieces ?

Select ?p Where {

?p instanceOf Composer .

?p bornin ?t . ?t iInCountry ?c . ?c locatedIn Europe .

?p hasWon ?a .?a Name AcademyAward .

?p contributedTo ?movie [western, gunfight, duel, sunset] .
?p composed ?music [classical, orchestra, cantata, opera] . }

l . l . max planck institut
informatik



Querying Facts & Text

Problem: not everything is triplified ﬂ@ i
o %y \%
 Consider withesses/sources Grouping "of ﬂ

,(al?ﬁovenance rg.eta-factsl) ) keywords or phrases 3
ow text predicates wit boosts expressiveness

each triple pattern (a la XQ-FT) Ll ; iﬂmlw < &

e

French politicians married to Italian singers?

Select ?pl, ?p2 Where { Select ?pl, ?p2 Where {

?p1l instanceOf politician [France| . ?plinstanceOf ?cl [France, politics] .
?p2 instanceOf singer [ltaly] . ?p2 instanceOf ?c2 [ltaly, singer] .
?pl1 marriedTo ?p2 .} ?p1 marriedTo ?p2 .}

CSresearchers whose advisors worked on the Manhattan project?
Select ?r, ?a Where {
?r sl Oblkesearoherejcecmide) science] .

?2a Mo2KaaOin/2x fishah atajeptloject] .
?r Ap8Axdvigor ?a . }




Relatedness Queries

Schema-agnostic keyword search
(on RDF, ER graph, relational DB) D/
becomes a special case

Relationship between Angela Merkel, Jim Gray, Dalai Lama?

Select ??pl, ??p2, ??p3 Where{ Select ??pl, ??p2, ??p3 Where {
AngelaMerkel ??p1 MaxPlanck. ?el ?rl ?cl[“Angela Merkel*].
MaxPlanck ??p2 DalaiLama . ?e2 ?r2 ?c2 [“Max Planck] .

DalaiLama ??p3 AngelaMerkel . } ?e3 ?r3 ?c3 [“Dalai Lama“] .
?el ??7pl ?e2.
?e2 ?7?7p2 ?e3.
?e3 ??p3 ?el .}

lllpl



[Y. Wang et al.: EDBT’10]

Querying Temporal Facts (o udreaetal: TocL 10
Problem: not all facts hold forever (e.g. CEOs, spouses, ...)
« Consider temporal scopes of reified facts
« Extend Spargl with temporal predicates

1: (BayernMunich, hasWon, ChampionsLeague)

2. (BorussiaDortmund, hasWon, ChampionsLeague)

3: (1, validOn, 23May2001) 4: (1, validOn, 15May1974)
5: (2, validOn, 28May1997)

6. (OttmarHitzfeld, manages, BayernMunich)

7: (6, validSince, 1Jul1998) 8:(6, validUntil, 30Jun2004)

When did a German soccer club win the Champions League?
Select ?c, ?t Where { ?c isa soccerClub . ?c inCountry Germany .
?id1: ?c hasWon ChampionsLeague . ?id1 validOn ?t . }

Managers of German clubs who won the Champions League?
Select 7?m Where { isa soccerClub . ?c inCountry Germany .
?1d1: ?c hasWon ChampionsLeague . ?id1 validOn ?t .
?1d2: ?m manages ?c . ?id2 validSince ?s . ?id2 validUntil ?u .
[?s,?u] overlaps [?t,?t] . }
EEN p | informatik



Querying with Vague Temporal Scope

/7 2008 2009 2(

Problem: user‘s temporal interest is often imprecise

« Consider temporal phrases as text conditions
» Allow approximate matching
and rank results wisely

German Champion League winners in the nineties?

Select ?c Where {
?c isa soccerClub . ?c inCountry Germany .
?c hasWon ChampionsLeague [nineties] . }

Soccer final winners in summer 20017

Select ?¢c Where {
?c isa soccerClub . ?id: ?c matchAgainst ?0 [final] .
?id winner ?c [“summer 2001%] . }

l . l . max planck institut
informatik



Take-Home Message (Querying)

* Don‘t re-invent the wheel:

SPARQL is there already, entity search is special case
« Extensions should be conceptually simple

meta-fact & text predicates naturally embedded
« Ease of use (progammability) is crucial:

doing well for API, Ul is harder

l . l . max planck institut
informatik



Outline
v_ Motivation

v’ Searching for Entities & Relations

% Informative Ranking

% Entity-Name Disambiguation

* Wrap-up

l l l . max planck institut
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Ranking Criteria

Confidence: bornin (Jim Gray, San Francisco) from
Prefer results that are likely correct »Jim Gray was born in San Francisco®
> accuracy of info extraction (en.wikipedia.org)

» trust in sources livesin (Michael Jackson, Tibet) from

(authenticity, authority) ,Fans believe Jacko hides in Tibet"
(www.michaeljacksonsightings.com)
Informativeness:. q: Einstein isa ?
Prefer results with salient facts Einstein isa scientist
Statistical estimation from: Einstein isa vegetarian

» frequency in answer

. ? 1 H
> frequency on Web q: ?X ISa vegetarian

Einstein isa vegetarian

» frequency in query log Whocares isa vegetarian
DiverSity: E won ... Ediscovered ... E played ...
Prefer variety of facts Ewon... Ewon... Ewon... Ewon..
conciseness: Einstein won NobelPrize

_ Bohr won NobelPrize
Prefer results that are tightly connected _ o .
Einstein Isa vegetarian

> size of answer graph Cruise isa vegetarian
» cost of Steiner tree Cruise born 1962 Bohr died 1962



Ranking Approaches

Confidence:
Prefer results that are likely correct
» accuracy of info extraction
» trust in sources
(authenticity, authority)

Informativeness:

Prefer results with salient facts

Statistical LM with estimations from:
» frequency in answer
» frequency in corpus (e.g. Web)
» frequency in query log

Diversity:
Prefer variety of facts

Conciseness:

Prefer results that are tightly connected
»size of answer graph
» cost of Steiner tree

empirical accuracy of IE
PR/HITS-style estimate of trust
combine into:
max { accuracy (f,s) * trust(s) |
s € witnesses(f) }

PR/HITS-style entity/fact ranking
[V. Hristidis et al., S.Chakrabarti, ...]

or

IR models: tf*idf ... [K.Chang et al., ...]
Statistical Language Models

Statistical Language Models

graph algorithms (BANKS, STAR, ...)
[J.X. Yu et al., S.Chakrabarti et al.,
B. Kimelfeld et al., G.Kasneci et al., ...]



Statistical Language Models (LM‘s)

[Maron/Kuhns 1960, Ponte/Croft 1998, Hiemstra 1998, Lafferty/Zhai 2001]

,,God does not play dice*
(Albert Einstein)
IR does* (anonymous)

,,God rolls dice

In places where

you can‘t see them*
(Stephen Hawking)

* each doc d, has LM: generative prob. distr. with params 6,
* query q viewed as sample from LM(0,), LM(8,), ...
 estimate likelihood P[ g | LM(6)) ]

that g is sample of LM of doc d, (q is ,,generated by“ d.)
* rank by descending likelihoods (best ,,explanation® of q)

l . l . max planck institut
informatik



LM: Doc as Model, Query as Sample

/model M ljﬂﬁ»

(BJ)(B)

estimate likelihood
> of observing query
N

EXEXEXEXE, —) P[“Q.@@IM]

-

document d: sample of M
used for parameter estimation

inn p BB SR e 4-23




LM: Need for Smoothing

estimate likelihood

U of observing query
(EXENENENE, EP["@C@ | M]
& | / qagry

documentd +  background corpus Laplace smoothing

and/or smoothin Jelinek-Mercer
— ng Dirichlet smoothing

— - .
used for parameter estimation
l .l p . l ?:_]?:rrr)[{ﬂljikinslilul



Some LM Basics

s(d,q) = P[qld]=H-P[qi 1d] | iIndepend. assumpt.
| ~ Y log twa.d) simple MLE:

- Y ti(k,d) overfitting
s(d,q)=AP[g|d]+(1-4)P[q] mixture model

for smoothing

~Zi'09(’1 @A) L, ) )

P[qg] est. from
2t (k.d) >, df (k) ] log or corpus

{
..z,og(“ t.d) 1-2 2" ®rgnk by ascending
! L Zktf(k,d) y) df (i) “im bability*
probability

Pl[i|q] KL divergence
~ KL (q|d)=> P[ilq] log : (Kullback-Leibler div.)
| P[i|d] aka. relative entropy

 Precompute per-keyword scores
« Store in postings of inverted index
» Score aggregration for (top-k) multi-keyword query

l . l . max planck institut
informatik
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Entity Search with LM Ranking

[Z. Nie et al.: WWW’07, H. Fang et al.: ECIR'07, P. Serdyukov et al.: ECIR‘08, ...]
query: keywords — answer: entities

s(e.) = 4P[alel+ (1= A)PL9] ~ T ~ 0 ~ KL (m (@)] 1t (e)

LM (entity e) = prob. distr. of words seen in context of e

query q: ,,French player who N . 15
won world championship* !

T q—' B

m;andidate entitiesx played for ManU, Real, LA Galaxy

_ David Beckham champions league weighted
el: David Beckham England lost match against France by Cgonf_

e2: Ruud van Nistelroy| |married to spice girl .. |
e3: Ronaldinho Al e T L

. i : - Zizou champions league 2002 _—|'_|I
—— e4: Zinedine Zidane Real Madrid won final ... 11_%

e5: FC Barcelona Zinedine Zidane best player ]
\ / France world cup 1998 ...

lllpl



LM‘s: from Entities to Facts

Document / Entity LM‘s 1LH EI
-

LM for doc/entity: prob. distr. of words

LM for query: (prob. distr. of) words

LM*s: rich for docs/entities, super-sparse for queries
richer query LM with query expansion, etc.

Triple LM's

m _____________ 7k B

LM for facts: (degen. prob. distr. of) triple
LM for queries: (degen. prob. distr. of) triple pattern

LM's: apples and oranges
« expand query variables by S,P,0 values from DB/KB

* enhance with witness statistics
e query LM then is prob. distr. of triples !
inn p BN naning e




LM‘s for Triples and Triple Patterns

[G. Kasneci et al.:

triple patterns (queries qQ):
q: LM(g) + smoothing

g: Beckham p ManU 200/550
g: Beckham p Real = 300/550
g: Beckham p Galaxy 20/550

g: Beckham p Milan 30/550
g:. ?x p ASCannes

Zidane p ASCannes 20/30

Tidjani p ASCannes 10/30

L P?X PPy

Kaka p ACMilan

g: Cruyff ?r FCBarcelona

Cruyff playedFor FCBarca 200/500
Cruyff playedAgainst FCBarca 50/500
Cruyff coached FCBarca 250/500

ICDE’08; S. Elbassuoni et al.:

CIKM’09, ESWC*11]
triples (facts f):

ﬂBeckham p ManchesterU _[~| 200
f2: Beckham p RealMadrid [} 300
f3: Beckham p LAGalaxy & — 20
f4: Beckham p ACMilan Sl 30
F5: Kaka p ACMilan H 300
F6. Kaka p RealMadrid E 150
f7. Zidane p ASCannes N 20
f8: Zidane p Juventus ) =, 200

= L |f\l—l\

LM(q): {t—>P [t | t matches q] = #W|tnesses(t)}
Messi p FCBarcelon LI\/I(answer f)_
Zidane p RealMadric smooth all LM‘s

rank results by ascending KL(LM(q)|LM(f))

{t > P[t|tmatches f] ~ 1 for f}

f14: Ribery p BayernMunich J
f15: Drogba p Chelsea B

f16: Casillas p RealMadrid
witness statistics 2: 2600

lﬂ15o
2




LM‘s for Composite Queries
g. Select ?x,?c Where{ Franceml| ?x . ?xp ?c . ?cin UK .}

P [ F ml Henry, : - -
[Henry pArysenaL queries g with subquerle-s dy .- 9q,
P [ F ml Drogba, results are n-tuples of triples t; ... t,
- Drogbap Chelsea, L M(q): P[q;...q,] = IT; P[q]
6§ Chelseain UK ]
30 150 140 LM(answer): P[t;...t,] = IT; P[t]]
" 650 2600 500 KL(LM(q)|LM(answer)) = ¥ KL(LM(q;)|LM(t,))

EBeckham p ManU 2@

f21: F ml Zidane Z(m f7: Zidane p ASCannes 20
f22: F ml Tidjani 20 f8: Zidane p Juventus 200
f23: F ml Henry 200 f9: Zidane p RealMadrid 300
f24: F ml Ribery 200\ N | f10: Tidjani p ASCannes 10
f25: F ml Drogba 30 f12: Henry p Arsenal

f26: 1IC ml Drogba 100 f13: Henry p FCBarca
f27 ALG ml Zidane 50/ f14: Ribery p Bayern

OO = f15: Drogba p Chelsea

($31: ManU in UK 200

f32: Arsenal in UK 16
f33: Chelsea in UK 140
4




LM*s for Keyword-Augmented Queries

g: Select ?x, ?c Where {

France ml ?x [goalgetter, “top scorer“].
?Xp ?C .
?c in UK [champion, “cup winner®, double] . }

subqueries q; with keywords w; ... w
results are still n-tuples of triples t,
LM(q): Pltriple t; [ wy ... wi] =11 B P[t; [ w,] + (1-B) P[t]]
LM(answer f.) analogous

KL(LM(g)|LM(answer f)) = 2 KL (LM(q;) | LM(f))

m

result ranking prefers (n-tuples of) triples
whose witnesses score high on the subquery keywords

l . l . max planck institut
informatik



LM‘s for Temporal Phrases

[K.Berberich et al.: ECIR*10]

2008 2009 2

q: Select ?c Where { migd 90s
?¢ instOf national Team . Huby 1994 I
?c hasWon WorldCu nineties] . : I
p I} b
“nineties“ —» |_|_9|_| summel
v = [1Jan90,31Dec99] ~ " 7} 1990 1

“mid 90s“ —»
normalize x; = [1Jan93,31Dec97] €Xtract ‘
temp expr’s x

temp expr v .
maey [ winesses
Pla|fl~... % P[v | Xx]
~ ... 2 2 {P[[b.e] | x] |interval [b,e]ev}
~ ... 2, overlap(u,x;) / union(u,x;)

 Elnemesl rEnking P[v=,nineties® | x, = ,mid 90s*] = 1/2

 efficiently computable P[,,nineties* | ,,summer 1990] = 1/30
* plug into doc/entity/triples LM*s P[,,nineties* | ,,last century“] = 1/10



Query Relaxation

g. _...Where{Franceml|?x . ?xp ?c . ?cin UK .}

g®: " ... Where { fxamit @& 2% p2cp R infAdhn L .}

[ F ml Zidane,
Zidane p Real, LM(g*) = A LM(q) + A, LM(@®) + A, LM(q®) + ...

[ IC ml Drogba,
Drogba p Chelsea,

replace e in g by e® in g®:
= resOf Droaba precompute P:=LM (e ?p ?0)
| Jgna, and Q:=LM (e® ?p ?0)

Drogba p Chelsea,
[IC ml Drogba, set A; ~1/2 (KL (P|Q) + KL (Q|P))
Drogba p Chelsea,

Chelsea in UK]

replacerin g by r®ing® — LM (?s r®) ?0)
replace ein q by ?xin q) - LM (?x r ?0)

LM‘s of e, r, ...
f21: Fml Zidane 200\ f{-BeckhampManU 209 are prob. distr.‘s
f22: F ml Tidjani 20 f7: Zidane p ASCannes 20| (- of triples !
F23: FmlHenry 200 | f9: zZidane p Real 300| )f32: Arsenal in UK 160
F24: F ml Ribery 200 \ f10: Tidjani p ASCannes 10|/|£33: Chelsea in UK 14J
F26: 1C ml Drogba 100 | '\ t12: Henry p Arsenal 200

27 ALG ml Zidane 50/ f15: Drogba p Chelsea 15




Result Personalization

[S. Elbassuoni et al.: PersDB‘08]

same answer \
for everyone?

Personal histories of
queries & clicked facts LM(q|u] = n LM(q) + (1—p) LM(u)

— LM(user u): then business as usual
prob. distr. of triples !

ul [classical music] — q: ?p from Europe . ?p hasWon AcademyAward
u2 [romantic comedy] — q: ?p from Europe . ?p hasWon AcademyAward
u3 [from Africa] — (: ?p isa SoccerPlayer . ?p hasWon ?a

Open issue: ,insightful® results (new to the user)
NEE DR e



Result Diversification

[J. Carbonell, J. Goldstein: SIGIR'98]

g. Select ?p, ?c Where { ?p isa SoccerPlayer . ?p playedFor ?c . }

/\

1 Beckham, ManchesterU 1 Beckham, ManchesterU
2 Beckham, RealMadrid 2 Beckham, RealMadrid
3 Beckham, LAGalaxy 3 Zidane, RealMadrid
4 Beckham, ACMilan 4 Kaka, ACMilan
5 Zidane, RealMadrid 5 Cristiano Ronaldo, ManchesterU
6 Kaka, RealMadrid 6 Messi, FCBarcelona
@ 7 Cristiano Ronaldo, RealMadrid 7 Henry, Arsenal
8 Raul, RealMadrid 8 Ribery, BayernMunich
9 van Nistelrooy, RealMadrid 9 Drogba, Chelsea
10 Casillas, RealMadrid 10 Luis Figo, Sporting Lissabon

rank results f; ... f, by ascending
6 KL(LM(q) | LM(f;)) = (1-0) KL( LM(F)) | LM({f;..T, }\{T;}))

implemented by greedy re-ranking of f‘s in candidate pool
NEE DR e



Take-Home Message (Ranking)

* Don‘t re-invent the wheel:
LM*s are elegant and expressive means for ranking
consider both data & workload statistics

« Extensions should be conceptually simple:
can capture informativeness, personalization,
relaxation, diversity — all in same framework

« Unified ranking model for complete query language:

still work to do

l . l . max planck institut
informatik



Outline
v_ Motivation

v’ Searching for Entities & Relations

v’ Informative Ranking

% Entity-Name Disambiguation

* Wrap-up

l l l . max planck institut
n informatik



Entity Diversity

| =D IZ httpeffsig.malsearchiq=Pushkin

SIG,MA

SEMANTIC INFORMATION
MASHUP

Add More Inf m 1 Pushkin 15 facts | 2010-07-23

l ore Info Options

Pushkin Options htp: e 2.org /2 00E/0 3 wn/wn20finstances/synzet-,,
L)

2 Pushkin 10 facks | 2010-02-04
PUShkin http:ifwordnetkbexplorer.com/idfwordzenze-Puszhkin...

m

. I 16 fact 2010-02-04
arg peri: 2.79203 [7] 3 Pushkin 16 facts |

httpiifwordnet.kbesxplorer.com/id/synset-Pushkin-na,..

aphelion: 3.6558025 [1]
4 Pushkin 7 facts | 2010-02-04

alt names: 1977 QL3 [1] http:ffwordnet.kbexplorer.com/id/word-Puzhkin

abs magnitude: 10,96 [7] 5 Pushkin 7 facts | 2011-05-27

albedo: 0.0497 [1] httptffweseewd.org/ 2 006,/03 M 0 wn 2 0finstancesiwaordsen..,
comment: [Russian poet [1799-1837]) [7,7] 6 Pushkin 4 factz | 2011-05-27

is containg word F'LIS_hkin[ 1 http:ffumenw2org/ 2 006/ 02 wn/wn20finstance s/ ward-Pu..,
sense of: 7 Pushkin = facts | 2010-05-21

http:ifpushkin-mtg.livejournal.com/
contains word Aleksandr Sercevevich Pushkin [1,7]

8 Fushkin 28 facts | 2009-0%-18
Sense: :
Alexander Pushkin [1.3] http:ffdbpedia.orgsresource/2205_Pushkin

Pushkin [1,3]

g Aleksandr Sergeyevich Pu... 155 facks | 2010-06-24
discoverer: http://dbpedia.orgfresource/ M. 5. Chermylkh [4] http://dbpedia.org/rezource/alexander_Pushkin

discovery site: Crimean Astrophysical Observatory [7] n P R
designations: ves [7]

|http:,f;’example.Iucfdocument.rdf add source url @

epoch: 2008-05-14 [1]
eccentricity: 0.0460085 [1]
gloss: (Russian poet [1799-1837]) [7,7]

hypernym: poet [1,7] httD//Slqma

iz hvoonwm of: ooet [0 7



http://sig.ma/

Entity-Name Ambiquit
<sameAs>

interlinking the Web of Data il ieiatti,

An Entity of Type : Thing, from MNamed Graph : hitpfdbpedia.org, within Data Space :
dbpedia.org

2208 Pushkin (1977 QL3) is an outer main-belt asteroid discovered on August 22, 1977 by N. 5.

Property Value

http:#dbpedia. org/metaleditlink http:fen wikipedia. orghwfindex. php?title=2208_Pushkin&action=edit
http:fdbpedia. org/metaipageid 16477278 (x=dinteger)

http:fdbpedia. org/metafrevision http:#en wikipedia. orgfwfindex. php?title=2208_Pushkindoldid=438390754

Thls Sewloe helps yOU to fl nd Co_references bemeen dbpedia-owl: abstract 2208 Pushkin & un asteroide della fascia principale del diarmetro medio di circa 38,31 km.

Scoperto nel 1977, presenta un'orbita caratterizzata da un semiasse maggiore pari a 3 4921755

d' fferent data Sets g;ﬂg g’i:r?k?rf C(?S;'rfif'cgéﬂd)i el;uaﬁaanaegg?dlainzcg?j; ?Jiassﬁ;??ﬁ;;;sop?;toe?u”ilde ,C!tlpr;ai.ajaca Storice w
Enter a known URI, or use Sindice to search first.

The Web of Data has many equivalent URIs.

ciggu B 53 lat, w dredniej odlegtogci 3 49 j.a. Odkryta 22 sierpnia 1977 roku.

Pushkin (asterdide 2208) & um asterdide da cintura principal com urm didmetro de 38,31
guildmetras, a 33281378 UA. Possui uma excentricidade de 0,0470003 e um periodo orbital de
2383 .75 dias. Pushkin tem uma velocidade orbital média de 15 93816614 kmfs e uma
inclinagéo de 5,416658% Este asterdide foi descoberto e 22 de Agosto de 1977 por Mikolai
Chernykh

2208 Pushkin (1877 QL3) is a Outer Mair-belt Asteroid discovered on August 22, 1977 by M. 5.
Chernykh at the Crimean Astrophysical Observatary. It was named after the leading writer of
Russia, Pushkin.

10.96 (xsd:double)

2208 Pushkin (1977 QL3) is an outer main-belt asteroid discoverad on August 22, 1977 by N. 5.
Chernykh at the Crimean Astrophysical Observatary. It was named after the leading writer of
Russia, Pushkin.

0.0497 (xsd:double)
1977 QL3
3.6556025 (xsd:double)
2.79203 (xsd:double)
dbpprop:ascNode 79.48005 (xsd:double)
dbpprop:bgcolour FFFFCO
g Pand "2208 PUShkl n" Q dbpprop:cormment_live m 2208 Pushkin (1977 GL3) is an outer main-belt asteroid discoverad on August 22, 1977 by N. 5.

http://dbpedia.org/resource/2208_Pushkin
http://rdf.freebase.com/ns/guid. 9202a8c0400064 1f8000000007 d408a8

dbpprop:abshagnitude
dbpprop:abstract_live

dbpprop:albedo

Search results from Sindice, with co-references applie e itares

dbpprop:aphelion

dbpprop:argPeri

<samefs: {

"N "Pushkin® <

http . /Awordnet. rkbexplorer. com/fid/synset-Pushkin-noun-1
http:/fwnan w3 org/2006/03Avn/wn20/instances/synset-Pushkin-noun-1 h tt D: / /S ameas.orq

<samefs: {



http://sameas.org/

Named-Entity Disambiguation

o~ N

Harry|fought With[you know Who][He]defeats[the dark IordJ

\

Dirty | [Harry | |Prince Harry| | The Who | | Lord
Harry | |Potter | [ of England (band) Voldemort

Three NLP tasks:

1) named-entity detection: segment & label by HMM or CRF
(e.g. Stanford NER tagger)

2) co-reference resolution: link to preceding NP
(trained classifier over linguistic features)

3) named-entity disambiguation:
map each mention (name) to canonical entity (entry in KB)

l . l . max planck institut
informatik



Mentions, Meanings, Mappings

4 Agnetha Qvarnstrom

Agnetha

Bidrn;l Agnetha Faltskog

Benn ) ,I Benny Goodman
and Anni-Frid
5 Benny Andersson

Battle of Waterloo

4,| Waterloo Station

gnetha means Agnetha Faltskog

Agnetha means Agnetha Munther "
Agnetha means Agnetha Qvarnstrém Entities
Mentions Bjorn means Bjorn Borg (meanings)
f Bjorn means Bjorn Ulvaeus
(surface names) | Bjgrn  means Bjérn the Viking
Benny means Benny Goodman
Benny means Benny Andersson
Waterloo means Battle of Waterloo
Waterloo means Waterloo (Ontario)
gt Waterloo means Waterloo Station
AL Waterloo means Waterloo (sona)




Mention-Entity Graph

weighted undirected graph with two types of nodes |

Agnetha

Bi(‘jrn;l

Benny |Agnetha F. | %
and [Aan Benny G. | é
were [Sweden|s
most successful |Benny A. | %
pop music group. B. Waterloo | |5
Their greatest hits -

were Waterloo
and Mamma Mia, Waterloo (s) | B

iAgnetha Q. |

—

Waterloo St. | %

Popularity Similarity KB+Stats

(m,e): (m,e): m —

 freg(m,elm) < cos/Dice/KL e e g B

* length(e) (context(m),
 #links(e) context(e)) %ﬁ:




Agnetha

Mention-Entity Graph

weighted undirected graph with two types of nodes

Bi(‘jrn;l

were [Sweden|s
most successful
POp music group.

Benny |Agnetha F K
and [A\an Benny G.

Their greatest hits

were Waterloo
and Mamma Mig

Popularity
(m,e):

* freq(m,elm)
* length(e)

* #links(e)

l . l . max planck insti
informatik

Similarity

(m,e):

« cos/Dice/KL
(context(m),
context(e))

iAgnetha Q.

(11 gy 11 QL 111 1

|Benny A.

B. Waterloo

Waterloo St.

IO (R (R <)

Waterloo (s)

KB+Stats

= ——
':H:Hle—l'_"

S T

Ll

Coherence

(e,e’):

o dist(types)

e overlap(links)

« overlap
(anchor words)



Agnetha

Mention-Entity Graph

weighted undirected graph with two types of nodes

Bi(‘jrn;l

were [Sweden|s
most successful
POp music group.

and [A\an Benny G. |

Their greatest hits

were Waterloo
and Mamma Mia.

Popularity
(m,e):

* freq(m,elm)
* length(e)

* #links(e)

Similarity

(m,e):

« cos/Dice/KL
(context(m),

context(e))
NEE DR e

iAgnetha Q. |

|Benny A. |

B. Waterloo |

Waterloo St. |

Waterloo (s) I

KB+Stats

= ——
':H:Hle—l'_"

S T

Swedish female singers
people from Jonkoping
singers

musicians

Swedish songwriters
people from Stockholm
composers

musicians

ABBA songs

#1 chart singles
songs

artifacts

Coherence

(e,e’):

o dist(types)

e overlap(links)

« overlap
(anchor words)



Mention-Entity Graph

weighted undirected graph with two types of nodes

http://.../wiki/ABBA

http:/l...;wiki/Anni-Frid_Lyngstad

Agnetha Agnetha Q. |
Bi(‘jrn;l
Benny Agnetha F.

http:/l.../wikilJonkoping
http://.../;wiki/Eurovision_Song_Cor

were [Sweden|s
most successf

http:/i.../wiki/Anni-Frid_Lyngstad

Benny A. | http://.../wikiiMamma_Mia!

and [AnN Benny G. | pitp://./wikiABBA
ul

http://.../wikifAgnetha_Faltskog

http://.../wiki/ABBA

http:/l.../wiki/Eurovision_Song_Col

POp music group. B. Waterloo |
Their greatest hits Waterloo St. |
were (Waterloo | http:/.../wikilMamma_Mia!
and Mamma Mia) Waterloo (s) |

Popularity Similarity

(m,e): (m,e):

- freq(m,elm)  + cos/Dice/KL

* length(e) (context(m),

* #links(e) context(e))
FEE D EE e

KB+Stats

= ——
':H:Hle—l'_"

S T

Coherence

(e,e’):

o dist(types)

« overlap(links)

« overlap
(anchor words)


http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/
http://en.wikipedia.org/

Mention-Entity Graph

weighted undirected graph with two types of nodes

were [Sweden|s

Melodifestivalen
The Winner Takes It All

op group ABBA
gg"netha Agnetha Q. | Best-selling music artist in history
jorn)
Benny Agnetha F.
and [AnN Benny G. |  pop group ABBA
ul

Grammy Award nomination

Melodifestivalen
most successf SE7 l Mamma Mia!
POp music group. B. Waterloo |

: : Agnetha Faltsko
Their greatest hits Waterloo St. | Bgnny Anderssogrli
were Waterloo number-one single in Norway
and (Mamma Mia) Waterloo (s) | Mamma Mial
Popularity Similarity KB+Stats Coherence
(m,e): (m,e): = o (e,ef):
 freg(m,elm) < cos/Dice/KL C'\I:Hf:I—L_-I o dist(types)
* length(e) (context(m), e overlap(links)
* #links(e) - context(e)) %ﬁ: - overlap

inn p B B o nangk et (anChor WOFdS)


http://en.wikipedia.org/

Different Approaches

Combine Popularity, Similarity, and Coherence Features
(Cucerzan: EMNLP‘07, Milne/Witten: CIKM‘08):

 for sim (context(m), context(e)):
consider surrounding mentions
and their candidate entities

* use their types, links, anchors
as features of context(m)

* Set m-e edge weights accordingly

* use greedy methods for solution

1

Collective Learning with Prob. Factor Graphs
(Chakrabarti et al.: KDD*09):
* model P[m|e] by similarity and P[el|e2] by coherence
« consider likelihood of P[m1 ... mk | e1 ... ek]
» factorize by all m-e pairs and el-e2 pairs
 use hill-climbing, LP, etc. for solution



Joint Mapping

20

10

30
90

« Build mention-entity graph or joint-inference factor graph
from knowledge and statistics in KB

« Compute high-likelihood mapping (ML or MAP) or
dense subgraph such that:
each m is connected to exactly one e (or at most one e)

K. Kulkarni et al.: Collective Annotation of Wikipedia Entities in Web Text, KDD*09
J. Hoffart et al.: Robust Disambiguation of Named Entities in Text, EMNLP’11



Mention-Entity Similarity Edges

Precompute characteristic keyphrases g for each entity e:
anchor texts or noun phrases in e page with high PMI:

. freq (q.e)
weight (qg,e) = log »,Eurovision song contest*

freq (q) freq (e)

Match keyphrase g of candidate e in context of mention m

1+y

# matching  words (Z W e cover(q) weight (W | e))

length of cover(q) L ZW qweight(w | €) J

Extent of par{j Weight of ma
Won the Grand Prix]Eurovision|de la Chanson, ajcontest for pop songs‘

Compute overall similarity of context(m) and candidate e

score (q|e) ~

-

score (e|m) ~ Z score (q) dist (cover(g) ,m)

g € keyphrases  (e)
in context (m)

lllpl



Entity-Entity Coherence Edges

Precompute overlap of incoming links for entities el and e2

log max( in(el,e2)) — log( in(el) nin(e2))

mw - coh(el, e2) ~1-
log |E |—log min( in(el), in(e2))

Alternatively compute overlap of anchor texts for el and e2

‘ngrams (el) » ngrams (e2)‘

ngram - coh(el, e2) ~
‘ngrams (el) U ngrams (eZ)‘

or overlap of keyphrases, or similarity of bag-of-words, or ...
optionally filtered by words or n-grams in entire input text

Optionally combine with type distance of el and e2
(e.g., Jaccard index for type instances)
and other (precomputed) measures

l . l . max planck institut
informatik



Coherence Graph Algorithm

[J. Hoffart et al.: EMNLP‘11]

« Compute dense subgraph to
maximize min weighted degree among entity nodes
such that:
each m is connected to exactly one e (or at most one e)
« Greedy approximation:
iteratively remove weakest entity and its edges

« Keep alternative solutions, then use local/randomized search
RN LR



Coherence Graph Algorithm

[J. Hoffart et al.: EMNLP‘11]

« Compute dense subgraph to
maximize min weighted degree among entity nodes
such that:
each m is connected to exactly one e (or at most one e)
« Greedy approximation:
iteratively remove weakest entity and its edges

« Keep alternative solutions, then use local/randomized search
LN § LR



Coherence Graph Algorithm

[J. Hoffart et al.: EMNLP‘11]

140

« Compute dense subgraph to
maximize min weighted degree among entity nodes
such that:
each m is connected to exactly one e (or at most one e)
« Greedy approximation:
iteratively remove weakest entity and its edges

« Keep alternative solutions, then use local/randomized search
LN § LR



Coherence Graph Algorithm

[J. Hoffart et al.: EMNLP‘11]

° 120
9(
’100
| 380
" 90
Y 106 145 90

« Compute dense subgraph to
maximize min weighted degree among entity nodes
such that:
each m is connected to exactly one e (or at most one e)
« Greedy approximation:
iteratively remove weakest entity and its edges

« Keep alternative solutions, then use local/randomized search
LN § LR



AIDA Accurate Online Disambiguation
http://www.mpi-inf.mpg.de/yago-naga/aida/

Disambiguation Method:

Input Type:TEXT

Parameters: {(default should be OK)

Similarity Impact: 0.9

Amb\%ity degree 5

Coherence threshold: 0.9

[Agnetha Filtskog) Bghethal,

Mention Extraction:

Stanford NER Manual rElnrn UlVEEUE]-, [M
:aunut:;nr;nnadn;ally tag the mentions by putting them between [| Anderssﬂn]-, and
QB 7 U= =TS styes [Anni-Frid L"!"”qﬂad]_
& LB@a By EE el formed [Sweden]SWeden 's
|| = =S S 2] | e || | — < .
A | i Ll most successful pop music
Agnetha, Bjérn, Benny, and Anr . .

g r 230, Vs group. Their greatest hits

successful pop music group. The
and 505. were [Waterloo (ABBA

song)]Waterloo and SOS.

l . l . l max planck institut
informatik

VIE Similarity Weighted Degree

'497821536934663 0.052519420551120015
272548264326E-5 0.0114333049858143434
37274091523E-5 0.009133432457 122746

410256151456E-4 0.0058570376727 35628
37580795959E-4 0.0058354334328465912
192167752377E-5 0.005348033055157968

0.004746791833856193!
. 0.004242218418100741

0.002440125447 239848



http://www.mpi-inf.mpg.de/yago-naga/aida/
http://www.mpi-inf.mpg.de/yago-naga/aida/
http://www.mpi-inf.mpg.de/yago-naga/aida/
http://www.mpi-inf.mpg.de/yago-naga/aida/
http://www.mpi-inf.mpg.de/yago-naga/aida/

AIDA Accurate Online Disambiguation
http://www.mpi-inf.mpg.de/vago-naga/aida/

Disambiguation Method:

prior+sim+coherence {graph)

Parameters: (default should be OK)

Similarity Impact. 0.9

Amb\%ity degree 5

Coherence threshold: 0.9

Mention Extraction:

Stanford MNER

T

You can manually tag the mentions by putting them between [[ and

manual mode.

H (B I U skESEES oyl

| G2 @@ | A% 3= [ o e | A~

TN = 2|27 2 2|l || | — 2|
Tottenham|Crouch

Bayern Robben

Shakhtar |Adriano

ManU Beckham

Chelsea Ballack

Real Raul

Milano Basten

l . l . l max planck institut
informatik

Input Type:TABLE

[Tottenham Hotspur
F.C]Tottenham
[Peter Crouch]Grotch

[FC Bayern Munich]Bayern|
[Arjen Robben]Rebben|

[FC Shakhtar

Donetsk]Shakhtar
[Adriano Leite
Ribeiro] Adrianc|
[Manchester United
F.C.]ManUl

[David Beckham] Beckham|
[Chelsea F.C.]Ehelseal
[Michael Ballack] Ballack

[Real Madrid C.F.]R&al
[Raul Gonzalez]Raul
[A.C. Milan]Milanal
[John Basten]Basten|

‘ Graph ‘ Removal Steps ‘

solved by local sim. only)

tity ME Similarity Weighted Degree Weig::_ig\?ei
1 8.912607921455174E-4 0.282339625632226 0.156253808
0.060602238345751804 -1.0
39009157 388E-4 0.0459465069323101 -1.0
0.02171347034201928  -1.0
0.0020525462869665713 -1.0
- <
- I
il 00 00
|

cal sim. only)

ocal sim. only)

il sim. only)

local sim. only])

m

. only)

:
local sim. only)
bcal sim



http://www.mpi-inf.mpg.de/yago-naga/aida/
http://www.mpi-inf.mpg.de/yago-naga/aida/
http://www.mpi-inf.mpg.de/yago-naga/aida/
http://www.mpi-inf.mpg.de/yago-naga/aida/
http://www.mpi-inf.mpg.de/yago-naga/aida/

Record Linkage (Entity Resolution)

record 1

record 2

Susan B. Davidson

O.P. Buneman

Peter Buneman

>

S. Davison

Yi Chen

Y. Chen

University of
Pennsylvania

U Penn

Issuesin ...

Issuesin ...

Int. Conf. on Very
Large Data Bases

VLDB Conf.

record 3 record N
P. Baumann Y. Davidson
S. Davidson Sean Penn
Cheng Y. S. Chen
Penn State | __—— Penn Station
Issuesin ... Issuesin ...
PVLDB XLDB

Conference

Find equivalence classes of entities, and records, based on:
e similarity of values (edit distance, n-gram overlap, etc.)
 joint agreement of linkage

— similarity joins, grouping/clustering, collective learning, etc.

Halbert L. Dunn: Record Linkage. American Journal of Public Health. 1946
H.B. Newcombe et al.: Automatic Linkage of Vital Records. Science, 19509.




Record Linkage (Entity Resolution)

record 1 record 2 record 3 ... recordN
Susan B. Davidson >< O.P. Buneman P. Baumann Y. Davidson
Peter Buneman S. Davison S. Davidson Sean Penn
Yi Chen Y. Chen Cheng Y. S. Chen
University of U Penn Penn State | ___— Penn Station
Pennsylvania 5o/ uncertain rules:

Issuesin ... sameTitle(x,y) A sameAuths(x,y) A sameVenue(x,y) = sameAs(X,y)

Int. Conf. on sameTitle(x,y) A sameAuths(x,y) A sameAffil(x,y) = sameAs(Xx,y)
Large Data E overlapAuths(x,y) A sameAffil(x,y) = sameAuths(x,y)

sameAs(recl.authl, rec2.authl) [0.2]
Find equiv sameAs(recl.authl, rec2.auth2) [0.9]

e similée ==
- joint ¢ * specify in Markov Logic or as factor graph

— similari ® generate MRF (or ...) and solve by MCMC (or ...)
(Singla/Domingos: ICDM’06,
Hall/Sutton/McCallum:KDD’08)

Halbert L. Dunn: Record Linkage. American Journal of Public Health. 1946
H.B. Newcombe et al.: Automatic Linkage of Vital Records. Science, 19509.




Linked Data:. Record Linkage at Web Scale

/ ECS
7 | Soutn- / \
B8C - l o
| Playcoant g \
e A\
braru
MySpsce o\ ‘
| Media
8sc
BBC Music Later +
/M 101P D,
¢ % :
/ gt
Pub ) ,{’ Geo-
/ Gade names -‘ stat
BC - -

7/—\_\
\

Nagra- Fact- BQU\Y LW
e book
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http://linkedata.org/

Linked Data: Record Linkage at Web Scale

. ~ yago/wordnet:Artist109812338
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Open Problems

* More efficient graph algorithms (multicore, etc.)

« Allow mentions of unknown entities, mapped to null

 Short and difficult texts:
* tweets, headlines, etc.
« fictional texts: novels, song lyrics, etc.
* Incoherent texts

e Disambiguation beyond entity names:
« coreferences: pronouns, paraphrases, etc.
e coOmmon nouns, verbal phrases (general WSD)

l . l . max planck institut
informatik



Outline
v_ Motivation

v’ Searching for Entities & Relations

v’ Informative Ranking

v’ Entity-Name Disambiguation

* Wrap-up
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KB Applications: Achievements & Challenges
Search for Entities and Relations

good success story on entities, problems left:
« coverage beyond celebrities (long tail)
« complex queries —» Sparql awareness & extensions
e reconcile Web with Web of Data

Ranking

good progress on ER language models, challenges left:
 better understanding of time & space
* mapping names & phrases to entities & relations
- efficiency & scalability

Entity-Name Disambiguation

good progress, challenges left:

 entities in the long tail, newly emerging entities

e robustness on short & difficult inputs

« apply at Web scale: tables, lists, text+RDFa, LOD, etc.
inn p BN naning e



Ul: Structured Keyword Search piyas et al. sigmod10]

Need to map (groups of) keywords onto entities & relationships
based on name-entity similarities/probabilities

g: Champions League finals with Real Madrid
\. JH/J \ J
Y Y\
UEFA
Champions /f / N Real Madrid C.F.

League League of final matc
Wrestling _
Champions final exam

g. German football clubs that won (a match) against Real

soccer social club

: Real Madrid C.F.
American football night club Real Zaragoza

sports team

Brazilian Real

more ambiguity, more sophisticated relation Familia Real

— more candidates — combinatorial complexity

Real Number




Ul: Natural Language Questions

translate question into Sparql query:
» dependency parsing to decompose question
* mapping of question units onto entities, classes, relations

Which German soccer clubs have won against Real Madrid ?

map results
ewe e . Into tabular
o o orvisual

T presentation
or speech




Ul: Natural Language Questions

translate question into Sparql query:
» dependency parsing to decompose question
* mapping of question units onto entities, classes, relations

2¢c German soccer clubs  2r ?0 Real Madrid ?
Which ?¢ — ?r have won against ?0

Select ?c Where { ?c isa GermanSoccerClub . ¢? wonAgainst RealMadrid . }

?1d: ?c playedAgainst RealMadrid .
?C ISWinnerOf ?2id .}

map results
ewe e . Into tabular
o o orvisual

T presentation
or speech




Performance/Scalability: Open Issues

* Many joins between triples and inverted lists
* Query relaxation very expensive

* Entity disambiguation within QP

* Top-k processing with early termination

* Everything distributed (LOD cloud)

l . l . max planck institut
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Efficient& Scalable RDF Query Processing

RDF-3X engine [T. Neumann et al.: VLDB’08, SIGMOD’09, VLDBJ*10]:
* no-tuning RISC, versioning, online updates, transactions
» aggressive indexing (all SPO permutations & projections)
 fast DP-based join-order optimization for 20-30 joins

e aggressive sideways information passing
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http://www.mpi-inf.mpg.de/~neumann/rdf3x/
http://www.mpi-inf.mpg.de/~neumann/rdf3x/
http://www.mpi-inf.mpg.de/~neumann/rdf3x/

Overall Take-Home

Web of Data
— RDF: entities, relationships, structure, no schema
Querying
— extended SPARQL.:
W3C, tripleX patterns, schema-free joins

Ranking

— Language Models: from docs to triples,
composable, relaxable, temporal, individual

Disambiguation

— coherence graph: powerful model, harness KB
and statistics, robustness & efficiency challenge

« Structure, No Schema
« SPARQL Extensions
 Language Models

LY O] PR * Entity Coherence



Recommended Readings: Search & Ranking

* G. Kasneci, F. Suchanek, G. Ifrim: NAGA: Searching and Ranking Knowledge. ICDE 2008

* S. Elbassuoni, M. Ramanath, G. Weikum: Query Relaxation for Entity-Relationship Search. ESWC 2011

* S. Elbassuoni, M. Ramanath, et al.: Language-model-based ranking for queries on RDF-graphs. CIKM 2009

*Z. Nie, Y. Ma, S. Shi, J.-R. Wen, W.-Y. Ma: Web Object Retrieval. WWW 2007

* H. Bast, A. Chitea, F. Suchanek, |I. Weber: ESTER: efficient search on text, entities, and relations. SIGIR 2007

e J. Pound, P. Mika, H. Zaragoza: Ad-hoc object retrieval in the web of data. WWW 2010

* J. Pound, I.F. llyas, G.E. Weddell: Expressive and flexible access to web-extracted data:
a keyword-based structured query language. SIGMOD 2010

* O. Udrea, D. Recupero, V.S. Subrahmanian: Annotated RDF. ACM Trans. Comput. Log. 11(2), 2010

* V. Hristidis, H. Hwang, Y. Papakonstantinou: Authority-based keyword search in databases. TODS 33(1), 2008

*T. Cheng, X. Yan, K. Chang: EntityRank: Searching Entities Directly and Holistically. VLDB 2007

* D. Vallet, H. Zaragoza: Inferring the Most Important Types of a Query: a Semantic Approach. SIGIR 2008

* R. Blanco, H. Zaragoza: Finding support sentences for entities. SIGIR 2010

* P. Serdyukov, D. Hiemstra: Modeling Documents as Mixtures of Persons for Expert Finding. ECIR 2008

* R. Kaptein, P. Serdyukov, A.P. de Vries, J. Kamps: Entity ranking using Wikipedia as a pivot. CIKM 2010

* H. Fang, C. Zhai: Probabilistic Models for Expert Finding. ECIR 2007

* D. Petkova, W.B. Croft: Hierarchical Language Models for Expert Finding in Enterprise Corpora. ICTAI 2006

e M. Pasca: Towards Temporal Web Search. SAC 2008

* K. Berberich, S.J. Bedathur, O. Alonso, G. Weikum: A Language Modeling Approach for Temporal
Information Needs. ECIR 2010: 13-25

e C. Zhai: Statistical Language Models for Information Retrieval. Morgan&Claypool, 2008

* B.C. Ooi (Ed.): Special Issue on Keyword Search, IEEE Data Eng. Bull. 33(1), 2010

* T. Neumann, G. Weikum: The RDF-3X engine for scalable management of RDF data. VLDB J. 19(1), 2010

* S. Ceri, M. Brambilla (Eds.): Search Computing: Challenges and Directions, Springer, 2010
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Recommended Readings: Disambiguation

* J. Hoffart, M. A. Yosef, |. Bordino, et al.: Robust Disambiguation of Named Entities in Text. EMNLP 2011
* R.C. Bunescu, M. Pasca: Using Encyclopedic Knowledge for Named entity Disambiguation. EACL 2006
* S. Cucerzan: Large-Scale Named Entity Disambiguation Based on Wikipedia Data. EMNLP 2007
* D.N. Milne, I.H. Witten: Learning to link with wikipedia. CIKM 2008
* S. Kulkarni, A. Singh, G. Ramakrishnan, S. Chakrabarti: Collective annotation of Wikipedia entities
in web text. KDD 2009
* G. Limaye, S. Sarawagi, S. Chakrabarti: Annotating and Searching Web Tables Using Entities, Types
and Relationships. PVLDB 3(1), 2010
 S. Riid, M. Ciaramita, J. Muller, H. Schitze: Piggyback: Using Search Engines for Robust Cross-Domain
Named Entity Recognition. ACL 2011
* S. Singh, A. Subramanya, F.C.N. Pereira, A. McCallum: Large-Scale Cross-Document Coreference
Using Distributed Inference and Hierarchical Models. ACL 2011
* L. Ratinov, D. Roth, D. Downey, M. Anderson: Local and Global Algorithms for Disambiguation
to Wikipedia. ACL 2011
* R. Navigli: Word sense disambiguation: A survey. ACM Comput. Surv. 41(2), 2009
 T. Heath, C. Bizer: Linked Data: Evolving the Web into a Global Data Space. Morgan&Claypool, 2011
* F. Naumann, M. Herschel: An Introduction to Duplicate Detection. Morgan&Claypool, 2010
* H. Kbpcke, A. Thor, E. Rahm: Learning-Based Approaches for Matching Web Data Entities.
IEEE Internet Computing 14(4): 23-31 (2010)

l . l . max planck institut
informatik



Thank You!
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Thank You!

CLUSTER OF EXCELLENCE
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