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Real-World Data is Dirty

Consequences

Erroneous prices
“Erroneous priCes
Cost of duplicates

in databases of
retailers cost

“...a hospital that
creates only 5

customers 2.
pillion
dollars.” [LNO6]}
duplicates a day
would end up
spending $78,000
per year as a result
of
duplicates...”
[McClellan09]




i-adv. html?g=8f=discRqdisc=Yespertineds=118n=108 j © 6o I \Q!v

Gracenote® is a leader in global digital entertainment technology.

COMPANY INFO POWERED by GRACENOTE | MUSIC SEARCH | NEWS & PRESS CONTACT

Displaying Disc 11-19 of 19 matching CDs

e® Bjork / Vespertine Tour
Byork / Vespertine
Bjork /Vespertine (Ho4HoW)
Bjork /Vespertine / Les Inrocks
Bjork / Vespertine Tour 2002

Bjork / Vespertine (Chineese Import)

Song
Brjork / Vespertine
Various Artists / An Evening In The Company Of The Vespertine
Bjork / Vespertine (Special Edition)
B [<<PREV (1-10)] :
tks
fe



stei Bearbeiten Ansicht Gehe Lesezeichen Extras Hife

- ;:l - @ v [@ » T‘\/l} http:ffwww.amazon.de/s/ref=nb_ss_df302-3092366-84088407 __mk_de_DE=%CSM%C52%DS

-adv.html?q=8f=disc&qdisc=Yespertinef&s=11&n=108& ~
~ Erste Schritte 1y Aktuelle Nachrichten ...

‘5 A de: volver: DYD g Amazon.de: Yolver - Zuril... g Amazon.de: Yolver - Zuril,..

asin - Google-Suche W

Suche andern

Gracenote® is a
uchergebnisse erweitern

COMPANY INFO | POWERED by GRACENOTE | music s: Stichwortfilter volver

eo

TTALOG

Song

entfernen
Displaying Disc 11-19 of 19 matching Qd(h Kategorie filtern
Originalfassungen (1)

Bjork / Vespertine Tour Sprachfassungen (1)

Byork /\Vespertine ach Preis filtern
Bjork / Vespertine (HouHoit) 15-20 EUR(2)
20 -25 EUR (1)
Bjork / Vespertine / Les Inrocks 25 - 30 EUR (1)
Bjirk / Vespertine Tour 2002
Bjork / Vespertine (Chineese Import)
Brjork / Vespertine
Various Artists / An Evening In The Conr
Bjork / Vespertine (Special Edition)
[<<PREV (1-10)] :
Suchen:

S Ergebnisse o
Keine Volver - Zuriickkehren von Carmen MaurayPenelop
Abbildun
Soranaed (DVD - 2007)

Neu kaufen: EUR 17,99 worbestellbar

Keine Yolver - Zuriickkehren (Special Edition) von Carn
Abbild
vornanaen Pedro Almodovar (DVD - 2007)
Neu kaufen: EUR 22,99 wvorbestellbar
Yolver [UK IMPORT] von Lola Duenas, Penelope Cru
: Neu kaufen: EUR 29,99  vorbestellbar
keine Volver - Zuriickkehren von Penelope Cruz und Pedro Al
Abbildung

vorhanden Dieser Titel ist noch nicht bei Amazon.de erschienen, Gerne benachrichtige

ieine ¥Yolver - Zuriickkehren von Carmen Maura, Penelog
Abbildung -
vorhanden  (DVD - 2007)

Neu kaufen: EUR 17,99 wvorbestellbar

@ [[] GroB-fKleinschreibung beachten



atei

5 -

Bearbeiten  Ansicht  Gehe

-adv. htmi?g=8f=disc&qdisc=Vespertinefs=118n=108&

Suche andern

Gracenote® is a |

Lesezeichen  Extras

~ Erste Schritte LT.' Aktuelle Nachrichten ...

de: volver: DYD Amazon.de: Yolver - Zuri...

Hilfe

@ http:ffwww, amazon.defs/ref=nb_ss_df302-3092366-84088407 __mk_de_DE=%CSM%C52%DS

Amazon.de: Yolver - Zuril... [Q asin - Google-Suche W

’ S Ergebnisse

So

uchergebnisse erweitern Keine Yolver - Zuriickkehren von Carmen Mauray.Penelop
COMPANY INFO | POWERED by GRACENOTE |atiSiGscStimhwartfiltarwalyar fouAbbildung__nyp..2007)
“le Edit View Go Bookmarks Tools Help
N R
Displaying Disc 11-19 of 19 matel ~ L\/‘ v @ [ » J @ I || http:/fwww.informatik,uni-trier . def~ley/dbfindices/a-tree fw/Weis:Melanie, html
| Arbeitsgruppe Infor,., 6MX GMX - Mail * Messag...

e® Bjork / Vespertine Tour "
]

Byork / Vespertine . .

Bjork ! Vespertine (Ho4HOM) \/‘[elanle els
TALOG  Bjork [Vespertine fLes Infocks o publications from the DBLP Bibliography Server - FAQ

Bjork / Vespertine Tour 2002

‘oauthor Index - Ask others: ACM DL - ACM Guide - CiteSeer - CSB - Google
Son: Bjork ! Vespertine (Chil In
g

m Brjork / Vespertine 2006 ‘

Various Artists / An Evening In ‘EE ‘Sven Puhlmann, Melanie Weis, Felix Naumann: 3T Duplicate Detection Using Sorted Neighborhoods. EDBT

Bjork / Vespertine (Special Edit) EF ’Mela.me Weis, Felix Naumann: Detecting Duplicates in Complex XML Data. ICDE 2006: 109
B [<<PREV (1-10)] : 5| EE| ’I an Hegewald, Felix Naumann, Melanie Weis: X Struct: Efficient Schema Extraction from Multiple and Large 30
a 2005
;’ 4 [EE| ‘Melanie Weis, Felix Na ymann: Dogmati3{ Tracks down Duplicates i 3T SIGMOD Conference 2005: 431-4

3|[EE] \vﬂﬁ(maer ke, Jens Bletholder, Christoph Béhm, Karsten Draba, Felix Naumann, Melanie Weis: Automatic D

2 EE ‘Melanie Weis, 3. Miiller » Claus-E. Liedtke, Martin Pahl: & framework for GIS and imagery data fusion in suppor



What is Entity Resolution?

Problem of identifying and linking/grouping different
manifestations of the same real world object.

Examples of manifestations and objects:

e Different ways of addressing (names, email addresses, FaceBook
accounts) the same person in text.

 Web pages with differing descriptions of the same business.
* Different photos of the same object.



Ironically, Entity Resolution has many duplicate names

[ Record linkage ]

[ Duplicate detection ]

[ Coreference resolution ]
[ Reference reconciliation ]

[ Fuzzy match ] [ Object consolidation ]
[Object identification ]

[ Deduplication ]

[ Entity clustering ]

[Approximate match ]

[ Identity uncertainty ]

[ Merge/purge ] [ Household matching ]

[ Hardening soft databases ] [ Householding ] [ Reference matching]

[ Doubles ]




ER Motivating Examples

Linking Census Records
Public Health

Web search
Comparison shopping
Counter-terrorism
Spam detection
Machine Reading



ER and Network Analysis
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Motivation: Network Science

 Measuring the topology of the internet ... using
traceroute

Command Prompt
tracert mediacollege.con

Tracing route to mediacollege.com [66.246.3.1971]
over a maximum of 38 hops:

<18 ms <18 ms <18 ms 192.168.1.1
2498 ms 421 ms Y8 mz 219-88-164-1.jetstream.xtra.co.nz [219.88.164.11]
28 ns mns 38 ms  218.55.285.123
» * »* Reguest timed out.
ns 380 ms 48 mz  ZHZ2.58.245.197 ]
ms 480 ms 48 ms  g2-8-3.tkbr3.global-gateway.net.nz [282.37.245.1481]
ns 38 ms 48 ms 1-8.akbr3.global-gateway.net.nz [262.58.116.1611
ns 51 me 168 ms  pi-3.sjbrl.global-gateway.net.nz [2B2.58.116.1781 ’
ns 71 ms 168 ms = 3-8-8.pabrd.gylobal-gateway.net.nz [202.37.245.238]
ns ms ¥ s paol-brl-g2-1-101.gnaps.net [198.32.176.1651]
ns ms : s lal-brl-p2-1.gnaps.net [199.232.44.5] )
ms 1 mns i s laxl-hrl-ge-8-1-B.gnaps.net [199.232.44.581]
ns 241 ms 2 s nyc—n2@ '32—4 a. gnaps .net [199. zs -44.211]
ns ms 25 : ash -m2B-gel 131.361
ns 148 ms 25 : - thl.auh nac.net [2 ?.99. 39 Je?]
L ms 68 ms 25 : _.s a 2.nwr.nac.net [20%.123 “]
ns f mns 26 : rl.oct.nac.net [20%.123.1
ns A ms 243

mns ns 26 - ‘ul yuurhn1t‘ca nz [b6.246.3.197]

G0 = O LR s L DD R

Trace complete.




IP Aliasing Problem [Willinger et al. 2009]

I—
- R

(a) (b)

Figure 2. The IP alias resolution problem.
Paraphrasing Fig. 4 of [50], traceroute does
not list routers (boxes) along paths but IP
addresses of input interfaces (circles), and
alias resolution refers to the correct mapping
of interfaces to routers to reveal the actual
topology. In the case where interfaces 1 and 2
are aliases, (b) depicts the actual topology
while (a) yields an “inflated” topology with
more routers and links than the real one.



Traditional Challenges in ER

 Name/Attribute ambiguity

Thomas Cruise

Michael Jordan




Traditional Challenges in ER

 Name/Attribute ambiguity

* Errors due to data entry
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Traditional Challenges in ER

 Name/Attribute ambiguity
* Errors due to data entry
* Missing Values

Exhibit 2: Examples of variables that are set to unknown values

Administrative dates: setto 0101YY. 010199, 999999

Date of Birth 0101YY, 1506YY. 3006YY, 0107YY. 1507YY. Ol01YEAR

Names: set to spaces, NK, UNKNOWN. or ZZ7Z7

BABY. MALE, FEMALE, TWIN, TRIPLET, INFANT

Other variables: set 10 9, 99, 9999, -1
NK (Not Known)
NA (Not applicable)
NC (Not coded)
U (Unknown)

[Gill et al: Univ of Oxford 20031



Traditional Challenges in ER

Name/Attribute ambiguity
Errors due to data entry
Missing Values

Changing Attributes \,'\,g,;A\,E".
MOVED!

Bl @ 1626

Data formatting

Q
Q
©]
Q,

Abbreviations / Data Truncation



Big-Data ER Challenges
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Big-Data ER Challenges

* Larger and more Datasets
— Need efficient parallel techniques

* More Heterogeneity
— Unstructured, Unclean and Incomplete data. Diverse data types.

— No longer just matching names with names, but Amazon profiles with
browsing history on Google and friends network in Facebook.



Big-Data ER Challenges

Larger and more Datasets
— Need efficient parallel techniques

More Heterogeneity
— Unstructured, Unclean and Incomplete data. Diverse data types.

More linked
— Need to infer relationships in addition to “equality”

Multi-Relational

— Deal with structure of entities (Are Walmart and Walmart Pharmacy
the same?)

Multi-domain

— Customizable methods that span across domains

Multiple applications (web search versus comparison shopping)

— Serve diverse application with different accuracy requirements



ok e

Outline

Abstract Problem Statement
Algorithmic Foundations of ER
Scaling ER to Big-Data (Intruduction)
ER for web Data

ER and BigData (Continue)



ER References

* Book / Survey Articles

Data Quality and Record Linkage Techniques
[T. Herzog, F. Scheuren, W. Winkler, Springer, '07]

Duplicate Record Detection [A. ElImagrid, P. Ipeirotis, V. Verykios, TKDE ‘07]

An Introduction to Duplicate Detection [F. Naumann, M. Herschel, M&P
synthesis lectures 2010]

Evaluation of Entity Resolution Approached on Real-world Match Problems
[H. Kopke, A. Thor, E. Rahm, PVLDB 2010]

Data Matching [P. Christen, Springer 2012]

e Tutorials

Record Linkage: Similarity measures and Algorithms
[N. Koudas, S. Sarawagi, D. Srivatsava SIGMOD ‘06]

Data fusion--Resolving data conflicts for integration
[X. Dong, F. Naumann VLDB ‘09]

Entity Resolution: Theory, Practice and Open Challenges
http://goo.gl/Ui380 [L. Getoor, A. Machanavajjhala AAAI ‘12]




Abstract Problem Statement

Real World | Digital World
Records /
Mentions
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Deduplication Problem Statement

* Cluster the records/mentions that correspond to same
entity




Deduplication Problem Statement

* Cluster the records/mentions that correspond to same
entity

— Intensional Variant: Compute cluster representative




Record Linkage Problem Statement

e Link records that match across databases




Reference Matching Problem

* Match noisy records to clean records in a reference table
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Abstract Problem Statement

Real World | Digital World
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Deduplication-Prablem Statement
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Relationships are crucial




Relationships are crucial




Notation

R: set of records / mentions (typed)

H: set of relations / hyperedges (typed)

M set of matches (record pairs that correspond to same entity )
N: set of non-matches (record pairs corresponding to different entities)
E: set of entities

L: set of links

True (M true’ true/ E

vs Predicted (M

ruer Lirye): @ccording to real world

N,rewr Epredr Loreq): DY algorithm

pred? "Ypred =pred’



Relationship between M

c M

true

(SameAs , Equivalence)

true

and M

pred

* M4 (Similar representations and similar attributes)

M

true

RxR

M

pred




Metrics

* Pairwise metrics
— Precision/Recall, F1
— # of predicted matching pairs

e Cluster level metrics
— purity, completeness, complexity

— Precision/Recall/F1: Cluster-level, closest cluster, MUC, B3,
Rand Index

— Generalized merge distance [Menestrina et al, PVLDB10]

* Little work that evaluations correct prediction of links



Typical Assumptions Made

Each record/mention is associated with a single real
world entity. P

anS>HX

In record linkage, no duplicates in the same source
If two records/mentions are identical, then they are true

matches
@.8)e M

true



ER versus Classification

Finding matches vs non-matches is a classification problem
* Imbalanced: typically O(R) matches, O(R*2) non-matches

* |Instances are pairs of records. Pairs are not |ID

(FA,B) e My,

AND ) (M) e M,

(M) e M

true



ER vs (Multi-relational) Clustering

Computing entities from records is a clustering problem

* In typical clustering algorithms (k-means, LDA, etc.)
number of clusters is a constant or sub linear in R.

* In ER: number of clusters is linear in R, and average
cluster size is a constant. Significant fraction of clusters
are singletons.



ALGORITHMIC FOUNDATIONS OF ER



Outline

a) Data Preparation and Match Features

b) Pairwise ER

— Determining whether or not a pair of records match

c) Constraintsin ER

d) Algorithms
— Record linkage (Propagation through exclusitivity negative constraint),
— Deduplication (Propagation through transitivity positive constraint),
—  Collective (Propagation through General Constraints)



MOTIVATING EXAMPLE:
BIBLIOGRAPHIC DOMAIN



Entities & Relations in Bibliographic Domain

Author Mention
NameString

Institute Mention
NameString

Wrote Author
EEEEEEEER Name

Research Area

WorksAt

# of Authors

Topic

Word1 .
Word 2 mn

WordN

Paper Mention
TitleString
Cites EEEEEEEEEEEN Venue I
Appearsin Name

mmm . entity relationships

— : co-occurrence relationships
=mmm . resolution relationships

Venue Mention
NameString



DATA PREPARATION &
MATCH FEATURES



Normalization

* Schema normalization
— Schema Matching — e.g., contact number and phone number
— Compound attributes — full address vs str,city,state,zip
— Nested attributes

 List of features in one dataset (air conditioning, parking) vs each feature a
boolean attribute

— Set valued attributes
» Set of phones vs primary/secondary phone
— Record segmentation from text

 Data normalization
— Often convert to all lower/all upper; remove whitespace

— detecting and correcting values that contain known typographical errors or
variations,

— expanding abbreviations and replacing them with standard forms; replacing
nicknames with their proper name forms

— Usually done based on dictionaries (e.g., commercial dictionaries, postal addresses,
etc.)



Matching Features

* For two references x and y, compute a “comparison” vector of
similarity scores of component attribute.

— [ 1st-author-match-score,
paper-match-score,
venue-match-score,
year-match-score, ... ]

e Similarity scores
— Boolean (match or not-match)
— Real values based on distance functions



Summary of Matching Features

Equality on a bodlean predicate

Edit distance
— Levenstein, Smith-Waterman, Affine

Set similarity )
— Jaccard, Dice

Vector Based
— Cosine similarity, TFIDF Y,

Good for Text like
reviews/ tweets

Useful packages:

Good for Names

Alignment-based or Two-tiered )
— Jaro-Winkler, Soft-TFIDF, Monge-Elkan

Phonetic Similarity
— Soundex

J

Translation-base
Numeric distance bet n values
Domain-specific

Useful for
abbreviations,
alternate names.

— SecondString, http://secondstring.sourceforge.net/

— Simmetrics: http://sourceforge.net/projects/simmetrics/

— LingPipe, http://alias-i.com/lingpipe/index.html




Relational Matching Features

* Relational features are often set-based
— Set of coauthors for a paper
— Set of cities in a country
— Set of products manufactured by manufacturer

e (Can use set similarity functions mentioned earlier

— Common Neighbors: Intersection size
— Jaccard’s Coefficient:  Normalize by union size
— Adar Coefficient: Weighted set similarity

e (Can reason about similarity in sets of values
— Average or Max
— Other aggregates



PAIRWISE MATCHING



Pairwise Match Score

Problem: Given a vector of component-wise similarities for a pair of
records (x,y), compute P(x and y match).

Solutions:

1. Weighted sum or average of component-wise similarity scores.
Threshold determines match or non-match.
—  0.5*1st-author-match-score + 0.2 *venue-match-score + 0.3*paper-match-score.
— Hard to pick weights.

. Match on last name match more predictive than login name.
. Match on “Smith” less predictive than match on “Getoor” or “Machanavajjhala”.

— Hard to tune a threshold.



Pairwise Match Score

Problem: Given a vector of component-wise similarities for a pair of
records (x,y), compute P(x and y match).

Solutions:

1. Weighted sum or average of component-wise similarity scores.
Threshold determines match or non-match.

2. Formulate rules about what constitutes a match.

—  (1st-author-match-score > 0.7 AND venue-match-score > 0.8)
OR (paper-match-score > 0.9 AND venue-match-score > 0.9)

—  Manually formulating the right set of rules is hard.



Basic ML Approach

* r=(x,y)is record pair, vy is comparison vector, M matches, U non-
matches

n P(y|reM)
P(y|reu)

* Decision rule

R>t = r — Match
R<t = r — Non-Match



Fellegi & Sunter Model [Fs, science ‘69]

r = (x,y) is record pair, y is comparison vector, M matches, U non-
matches

~_PrIreMm)

Decision rule =
P(y|reu)

R>t, = r — Match

t, < R<t, = r — Potential Match
R <t, = r — Non - Match

Naive Bayes Assumption:  P(y[reM)=11P(y;|reM)



ML Pairwise Approaches

Supervised machine learning algorithms

— Decision trees
* [Cochinwala et al, 1SO1]

— Support vector machines
* [Bilenko & Mooney, KDDO3]; [Christen, KDDO08]

— Ensembles of classifiers
* [Chen et al., SIGMODO09]

— Conditional Random Fields (CRF)
* [Gupta & Sarawagi, VLDB09]

Issues:
— Training set generation

— Imbalanced classes — many more negatives than positives (even after
eliminating obvious non-matches ... using Blocking)

— Miisclassification cost



Creating a Training Set is a key issue

e Constructing a training set is hard — since most pairs of
records are “easy non-matches”.
— 100 records from 100 cities.

— Only 10° pairs out of total 102 (1%) come from the same city

 Some pairs are hard to judge even by humans
— Inherently ambiguous
» E.g., Paris Hilton (person or business)

— Missing attributes

* Starbucks, Toronto vs Starbucks, Queen Street ,Toronto



Choose initial examples

. £

Generate committee of learners

—

Learn
Rules

E =

Classify

Examples

Learn
Rules

Classify
Examples

\ 8

Learn
Rules

Classify

Examples

Choose Example

Set of Mapped

Objects

Committee of Classifiers [Tejada et al, IS ‘01]

Label

Label



Summary of Single-Entity ER Algorithms

Many algorithms for independent classification of pairs of records
as match/non-match

ML based classification & Fellegi-Sunter

— Pro: Advanced state of the art
— Con: Building high fidelity training sets is a hard problem

Active Learning & Crowdsourcing for ER are active areas of
research.



CONSTRAINTS



Constraints

* Important forms of constraints:

— Transitivity: If M1 and M2 match, M2 and M3 match, then M1 and
M3 match

— Exclusivity: If M1 matches with M2, then M3 cannot match with M2

— Functional Dependency: If M1 and M2 match, then M3 and M4 must
match

* Transitivity is key to deduplication
* Exclusivity is key to record linkage

* Functional dependencies for data cleaning, e.g.,

[Ananthakrishna et al., VLDBO2][Fan, PODS08][Bohannon et
al, ICDEO7]



Positive & Negative Evidence

 Positive

— Transitivity: If M1 and M2 match, M2 and M3 match, then M1 and
M3 match

— Functional Dependency: If M1 and M2 match, then M3 and M4 must
match

* Negative

— Exclusivity: If M1 matches with M2, then M3 cannot match with M2



Positive & Negative Evidence

 Positive

— Exclusivity: If M1 doesn’t match with M2, then M3 can match with
M2

* Negative

— Transitivity: If M1 and M2 match, M2 and M3 do not match, then M1
and M3 do not match

— Functional Dependency: If M1 and M2 do not match, then M3 and
M4 cannot match



Additional Constraints

* Aggregate Constraints [Chaudhuri et al. SIGMODO07]

— count constraints
e Entity A can link to at most N Bs

— Authors have at most 5 papers at any conference

— Other aggregates like sum, average more complex

* Again, these can be either hard or soft constraints,
provide positive or negative evidence



Match Dependencies

When matching decisions depend on other
matching decisions (in other words, matching
decisions are not made independently), we
refer to the approach as collective



Match Extent

* Global: If two papers match, then their venues match

— This constraint can be applied to all instances of venue
mentions
e All occurrences of ‘SIGMOD’ can be matched to ‘International
Conference on Management of Data’

* Local: If two papers match, then their authors match
— This constraint can only be applied locally

* Don’t want to match all occurrences of J. Smith’ with ‘Jeff Smith’, only in
the context of the current paper



Ex. Semantic Integrity Constraints
Type  Bample

Aggregate

Subsumption

Neighborhood

Incompatible

Layout

Key/Uniqueness

Ordering

Individual

C1 = No researcher has published more than five AAAI papers in a year

C2 = If a citation X from DBLP matches a citation Y in a homepage, then
each author mentioned in Y matches some author mentioned in X

C3 = If authors X and Y share similar names and some co-authors, they
are likely to match

C4 = No researcher exists who has published in both HCI and numerical
analysis

C5 = If two mentions in the same document share similar names, they
are likely to match

C6 = Mentions in the PC listing of a conference is to different
researchers

C7 = If two citations match, then their authors will be matched in order

C8 = The researcher with the name “Mayssam Saria” has fewer than
five mentions in DBLP (new graduate student)

[Shen, Li & Doan, AAAIO5]



Algorithms for Handling Constraints

 Record linkage - propagation through exclusivity
— Weighted k-partite matching

 Deduplication - propagation through transitivity

—  Correlation clustering

 Collective - propagation through general constraints
— Similarity propagation
. Dependency graphs, Collective Relational Clustering
—  Probabilistic approaches
. LDA, CRFs, Markov Logic Networks, Probabilistic Relational Models,

— Hybrid approaches
. Dedupalog



ALGORITHMS



RECORD LINKAGE



1-1 assumption

Matching between (almost) deduplicated databases.

Each record in one database matches at most one record
in another database.

Pairwise ER may match a record in one database with
more than one record in second database

=




Weighted K-Partite Matching

Weighted /_\ Weighted

Edges Edges

=) =)

e

(e
=0

* Edges between pairs of records from different databases
 Edge weights

O Pairwise match score

O Log odds of matching



Weighted K-Partite Matching
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Find a matching (each record matches at most one other record
from other database) that maximize the sum of weights.

General problem is NP-hard (3D matching)

Successive bipartite matching is typically used. [Gupta & Sarawagi, VLDB
‘09]



DEDUPLICATION



Deduplication => Transitivity

Often pairwise ER algorithm output “inconsistent” results

— (X, ¥) € Mg, (v,2) € M4, but (x,z)}'&/l\/lpred D

Idea: Correct this by adding additional matches using transitive
closure

pred ’

In certain cases, this is a bad idea.

— Graphs resulting from pairwise ER have
diameter > 20 Added by

[Rastogi et al Corr ‘12] Transitive
Closure

Need clustering solutions that deal with this problem directly by
reasoning about records jointly.



Clustering-based ER

Resolution decisions are not made independently for
each pair of records

Based on variety of clustering algorithms, but
— Number of clusters unknown aprioiri
— Many, many small (possibly singleton) clusters

Often take a pair-wise similarity graph as input

May require the construction of a cluster representative
or canonical entity



Clustering Methods for ER

* Hierarchical Clustering
— [Bilenko et al, ICDM 05]

* Nearest Neighbor based methods
— [Chaudhuri et al, ICDE 05]

e Correlation Clustering

— [Soon et al CL'01, Bansal et al ML'04, Ng et al ACL'02,
Ailon et al JACM’08, Elsner et al ACL'08, Elsner et al ILP-NLP’09]



CANONICALIZATION



Canonicalization

 Merge information from duplicate mentions to construct
a cluster representative with maximal information

* Starbucks,

3457 Hillsborough Road
rbuck
Durham, NC Starbucks

Ph: null 3457 Hillsborough Road, Durham, NC

e Starbacks, Ph: (919) 333-4444

Hillsborough Rd, Durham
Ph: (919) 333-4444 Critically important in Web portals where
users must be shown a consolidated view

— Each mention only contains a subset of the
attributes

— Mentions contain variations (of names,
addresses)

— Some of the mentions have incorrect values



Canonicalization Algorithms

Rule based:
— For names: typically longest names are used.
— For set values attributes: UNION is used.

For strings, [Culotta et al KDDO7] learn an edit distance for finding
the most representative “centroid”.

Can use “majority rule” to fix errors
(if 4 out of 5 say a business is closed, then business is closed).

— This may not always work due to copying [Dong et al VLDB09], or when
underlying data changes [Pal et al WWW11]



Canonicalization for Efficiency

e Stanford Entity Resolution Framework [Benjelloun VLDBJ09]
— Consider a blackbox match and merge function
— Match is a pairwise boolean operator
— Merge: construct canonical version of a matching pair

* Can minimize time to compute matches by interleaving matching
and merging

— esp., when match and merge functions
satisfy monotonicity properties.




SCALING ER TO BIG-DATA



Scaling ER to Big-Data

* Blocking/Canopy Generation
e Distributed ER



BLBLOCKING/CANOPOCKING/



Blocking: Motivation

* Naive pairwise: |R|? pairwise comparisons
— 1000 business listings each from 1,000 different cities across
the world
— 1 trillion comparisons

— 11.6 days (if each comparison is 1 ps)

 Mentions from different cities are unlikely to be matches
— Blocking Criterion: City
— 1 billion comparisons
— 16 minutes (if each comparison is 1 us)



Blocking: Motivation

 Mentions from different cities are unlikely to be matches
— May miss potential matches

@ )
Get directions My places - co 1 - &

g
| 1 3 1]
E=C I & 3 5
www_bankofamerica com/ & | Hildy, w4 T :;j-E
fen Inn m 1 T
L K
5 z
m

Druid Ridge
Cemetery

@ Bank of America -~ - .
3621 Old Court Road, Baltimare, MD — | =
(410) 484-8511 - “ | @%

locators bankofamerica com

"Bank Of America is my husband's ' f +
bank. Absolutely no problems ever and has ..." -

- Insiderpages_com

Bank of America ~

108 Old Court Road, Pikesville, MD
(410} 4584-4301 -

locators. bankofamerica.com

m

Bank of America ~

26 Slade Avenue. Pikesville, MD
(410) 653-6482 -
locators bankofamerica.com

3621 Old Court Road, Baltimore, MD
ME&T Bank

ATM (Bank of America) ~
26 Slade Avenue, Pikesville, MD

FAAAL PFT P AT e e cdcce e B fe e e 2l o e e

\ ¢
\ ¢
? ATM (Bank of America) ~
\ ¢




Blocking: Motivation

Pairs of Records
satisfying
Blocking criterion

Matching Pairs
of Records

Set of all Pairs
of Records




Blocking Algorithms 1

* Hash based blocking
— Each block C; is associated with a hash key h..
— Mention x is hashed to C; if hash(x) = h..
— Within a block, all pairs are compared.
— Each hash function results in disjoint blocks.

e What hash function?

— Deterministic function of attribute values

— Boolean Functions over attribute values
[Bilenko et al ICDM’06, Michelson et al AAAI'O6,
Das Sarma et al CIKM ‘12]

— minHash (min-wise independent permutations)
[Broder et al STOC’98]



Blocking Algorithms 2

* Pairwise Similarity/Neighborhood based blocking

— Nearby nodes according to a similarity metric are clustered
together

— Results in non-disjoint canopies.

e Techniques
— Sorted Neighborhood Approach [Hernandez et al SIGMOD’95]
— Canopy Clustering [McCallum et al KDD’00]



Simple Blocking: Inverted Index on a Key

Examples of blocking keys:
— First three characters of last name
— City + State + Zip
— Character or Token n-grams
— Minimum infrequent n-grams



Learning Optimal Blocking Functions

e Using one or more blocking keys may be insufficient
— 2,376,206 American’s shared the surname Smith in the 2000 US
— NULL values may create large blocks.

e Solution: Construct blocking functions by combining
simple functions



Complex Blocking Functions

e Conjunction of functions [Michelson et al AAAI'06, Bilenko et al ICDM’06]
— {City} AND {last four digits of phone}

e Chain-trees [Das Sarma et al CIKM‘12]

— If ({City} = NULL or LA) then {last four digits of phone} AND {area code}
else {last four digits of phone} AND {City}

 BlkTrees [Das Sarma et al CIKM‘12]

release-



DISTRIBUTED ER



Distributed ER

Map-reduce is very popular for large tasks

— Simple programming model for massively distributed data

map (k1,v1) — list(k2,v2);
reduce (k2,list(v2)) — 1list(k3,v3).

— Hadoop provides fault tolerance and is open source

Map Phase Reduce Phase
(per record computation) (global computation)




ER with Disjoint Blocking

Compute Blocks in Map Remaining ER in Reduce
Map Phase Reduce Phase
(per record computation) (global computation)

—c|Re

-E » Shufﬂe

Block ID No need to compare
records across
reducers




Non-disjoint Blocking

e How to block?

— Hash-based: need an efficient technique to group records if
they match on n-out-of-k blocking keys [Vernica et al SIGMOD’10]

— Distance-based: canopy clustering on map-reduce [Mahout]
— Iterative Blocking [Whang et al SIGMOD ‘09]



Problem: Information needed for a record is in
multiple reducers.

* Information needed for a record is in multiple reducers.

— Example 1:
e Reducer 1: “@” matches with “b”

* Reducer 2: “a” matches with “c
* Need to communicate in order to correctly resolve “a”, “b”, “c”



Problem: Information needed for a record is in
multiple reducers.

Solution 1: Efficiently find Connected Components [Rastogi et al 2012,
Kang et al ICDM 2009]

+ Correlation Clustering / Collective ER in each component



Problem: Information needed for a record is in
multiple reducers.

Solution 1: Efficiently find Connected Components [Rastogi et al 2012,
Kang et al ICDM 2009]

+ Correlation Clustering / Collective ER in each component

Connected components can be large in relational/multi-entity ER.

Solution 2: Correlation Clustering / Collective ER in each canopy
+ Message Passing [Rastogi et al VLDB'11]





