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Overview

* Motivation & Models for Information Integration [30 ]

o Getting Data into structured format [30]

« (Getting Sources into alignment [30]
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o Getting Data into alignment [30]

e Processing Queries [45]

Wrapup [15]
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Preamble & Platitudes

 Internet Is growing at an ginormous rate

 All kinds of information sources are online
— Web pages, Data Sources (~25M), Sensors, Services

* Promise of unprecedented information access to lay
public
— But, right now, they still need to ““know’” where to go, and

be willing to manually put together bits and pieces of
Information gleaned from various sources and services

“Information Integration” aims to do this automatically.

Combining information from multiple autonomous
Information sources, and answering queries using the
combined information
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Information Integration

* Combining information from multiple autonomous
Information sources

— And answering queries using the combined information

- WWW:
« Comparison shopping
 Portals integrating data from multiple sources
» B2B, electronic marketplaces
» Mashups, service composion

— Science informatics

* Integrating genomic data, geographic data, archaeological data,
astro-physical data etc.

— Enterprise data integration

« An average company has 49 different databases and spends
35% of its IT dollars on integration efforts
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Blind Men & the Elephant:
Differing views on Information Integration

Database View Web service view IR/NLP view
 Integration of e Combining/compo . Computing
autonomous sing information textual
structured data prov!ded by entailment from
sources multiple web- . .
the information
 Challenges: Sources in dis
_ parate
Schema e Challenges: web/text SoUrces
mapping, query learning source
reformulation, descriptions; * Challenges:
query processing source mapping, Convert to
record linkage etc. structured format
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--crawl &index them
--include them In
search results

OLAP / Decision support/
Data cubes/ data mining
--Warehouse Model--
Relational database (warehouse) --Get a“ the data and
Dataextractio/ \ Wcleaning/ put |nt0 a |OC8.| DB
programs scrubbing
--Support structured
ource cource source queries on the
warehouse
T verqers
. Mediated schema
Mediator: [Reformulation engine/ __Mediator MOdel"
Which data optimizer --Design a mediator
? Execution engine [©~ Data source i
model’ xecution eng catalog --Reformulate queries
/ , \. --ACCesS sources
[wrapoer] --Collate results Challenges
Data Data Data . .
source source source Extracting Information
Aligning Sources
Ay --Search Model-- Aligning Data
507 --Materialize Query reformulation
B the pages Indexing with Structure
: i T v
(2 L g
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Mediator Systems
Moving from Ad hoc Integration to Data Warehouses

Transitions can be laziness driven or query driven

- No queries up front

- No agreed upon mapping
- lll-defined queries and data

- Qutcomes of each mapping?
- When core ontology is made
we can move to the right

Most work at
query time

Least work up
front

More flexible
to change

Harder to
provide quality
guarantees

Add Sources
(e.g. Rosco)

- Laziness
- Dynamisms
- Source Semantics

Add Source Statistics
(e.g. BibFinder)

G

Learn
Again

_

Add Mediator

How many mediators can
you write for m sources?
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N/

Add Schema Mapping
(e.g. LSD)

Learn Learn
Again Again m
Mediator Mediator Mediator Mediator
Search * * * *
eafc Mo Sources Sources Sources Sources
Engine N _I_ + + Data
+
. No Schema No Schema Schema Schema e
Surfacing N . . .
No Statistics MNo Statistics No Statistics Statistics

Learn
Again

N

Add Local Caching
(e.g. Hermes)

Regularities in the data/
fqueries help systems move
from the left side to the right.
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Least work at
query time

Most work up
front

Less flexible
to change

Easier to
curate and
provide quality
guarantees




Dimensions of Variation

 Conceptualization of (and approaches to)
Information integration vary widely based on

— Type of data sources: being integrated (text; structured,
Images etc.)

— Type of integration: vertical vs. horizontal vs. both
— Level of up-front work: Ad hoc vs. pre-orchestrated

— Control over sources: Cooperative sources Vvs.
Autonomous sources

— Type of output: Giving answers vs. Giving pointers

— Generality of Solution: Task-specific (Mashups) vs.
Task-independent (Mediator architectures)
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Dimensions: Type of Data Sources

e Data sources can be
_ No need for
— Structured (e.g. relational data)- information

extraction

— Text oriented

— Multi-media (e.g. Images, maps)

— Mixed
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Dimensions: Vertical vs. Horizontal

« Vertical: Sources being integrated are all exporting same
type of information. The objective is to collate their results

— Eg. Meta-search engines, comparison shopping, bibliographic
search etc.

— Challenges: Handling overlap, duplicate detection, source selection

* Horizontal: Sources being integrated are exporting
different types of information

— E.g. Composed services, Mashups,
— Challenges: Handling “joins”

e Both..
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Dimensions: Level of Up-front work
Ad hoc vs. Pre-orchestrated

. FU”¥ Query-time |1 ( e Fully pre-fixed Il
or now) — Decide on the only query

— Get a query from the user (most interesting you want to support
on t‘r‘me_medlat,?r schema action is — Write a (java)script that

— (o “discover” relevant data “in between”) supports the query by
sources > > accessing specific (pre-

— Figure out their “schemas” _ determined) sources, piping

— Map the schemas on to the E9: We may startwith  results (through known
mediator schema known sources and APIs) to specific other

i sources
— Reformulate the user query NI known schemas,

into data source aueries do hand-mapping « Examples include Google
—~ Optimize and exgcute the SRSl Map Mashups
queries reformulation and

— Return the answers optimization

Kambhampati & Knoblock Information Integration on the Web (SA-2) 12



Mediator Systems
Moving from Ad hoc Integration to Data Warehouses

Transitions can be laziness driven or query driven

- No queries up front
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- Qutcomes of each mapping?
- When core ontology is made
we can move to the right

Most work at
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Dimensions: Control over Sources
(Cooperative vs. Autonomous)

 Cooperative sources can (depending on their level
of kindness)

— Export meta-data (e.g. schema) information

— Provide mappings between their meta-data and other
ontologies
— Could be done with Semantic Web standards...

— Provide unrestricted access

— Examples: Distributed databases; Sources following semantic
web standards

» ...for uncooperative sources all this information
has to be gathered by the mediator

— Examples: Most current integration scenarios on the web
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Dimensions: Type of Output
(Pointers vs. Answers)

» The cost-effective approach may depend on the quality
guarantees we would want to give.

o At one extreme, it is possible to take a “web search”
perspective—provide potential answer pointers to keyword
queries

— Materialize the data records in the sources as HTML pages and add
them to the index

o Give it a sexy name: Surfacing the deep web

o At the other, it is possible to take a “database/knowledge
base” perspective

— View the individual records in the data sources as assertions in a
knowledge base and support inference over the entire knowledge.

Kambhampati & Knoblock Information Integration on the Web (SA-2)
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Interacting Dimensions..

Far

Administrative
Proximity

Near

Kambhampati & Knoblock

Web Search ®

Virtual (}Tgtlﬂiiﬂliﬂ.l'l

® Enterprise portals

® Data ntegrafion systems

Desktop Search

o DBMS L. . ®
Scientific fepositories

High Low

Scmantic Integration

[Figure courtesy Halevy et. Al]
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..partly because the
challenges of the mediator
model subsume those of
warehouse one..
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User queries refer to the
mediated schema.

Data is stored in the

sources in a local schema.

Content descriptions
provide the semantic
mappings between the
different schemas.

Mediator uses the

descriptions to translate
user queries into queries
on the sources.

DWIM

Kambhampati & Knoblock

NG Executor

(" Source Trust
Ontologies; ...k~ Probing
Source/Service
Descriptions
.

X

Source Fusion/

Service composition,
Source quality & overlap

Query Planning
Needs to handle: A
Multiple objectives, S8
Ry

Needs to handle
Source/network

&
&
N

Interruptions,

1 Runtime uncertainity,
replanning
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Source Descriptions

e Contains all meta-information about the
sources:

— Logical source contents (books, new
cars).

— Source capabilities (can answer SQL
queries) Sutry g

Needs to handle:

Source Trust
Ontologies; o .
Source/Service |\ Queries
Descriptions

Multiple objectives,

— Source completeness (has all books). S,
— Physical properties of source and
network.

— Statistics about the data (like in an
RDBMYS)

— Source reliability
— Mirror sources

— Update frequency.

» Learn this meta-information (or take as
input). [Craig]
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Source Access

 How do we get the “tuples”?

— Many sources give
“unstructured” output

e Some inherently unstructured,;
while others “englishify” their
database-style output

— Need to (un)Wrap the output
from the sources to get tuples

— “Wrapper building”/Information
Extraction

— Can be done manually/semi-
manually
— Craig will talk about this

Source Fusion/
Query Planning
Needs to handle:
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Source/Data Alignment

e Source descriptions need to be aligned
— Schema Mapping problem

» Extracted data needs to be aligned
— Record Linkage problem

Source Trust
Ontologies;
Sourcey /Service
Descriptions

Queries

A
\ ) <?‘iervices
Probing ' ’, 'ges

Source Fusion/
Query Planning

 Two solutions: et
— Semantic Web solution: Let the source
creators help in mapping and linkage

« Each source not only exports its schema and
gives enough information as to how th
schema is related to other “broker” sc

 During integration, the mediator chains
these relations to align the schemas
— Machine Learning solution: Let the
mediator compute the alignment
automatically [Craig]
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Query Procesing

o Generating answers...

— Need to reformulate queries onto
sources as needed

— Need to handle imprecision of user
queries and incompleteness of data
Sources.

Source Trust

Ontologies;
Source/Service

Descriptions

Source Fusion/
Query Planning
Needs to handle:
Multiple objectives,
ervice composition,
Source quality & overlap

e Optimizing query processing
— Needs to handle source overlap, tuple
quality, source latency

— Needs to handle source access
limitations
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Information Integration
& other buzzwords

XML

— Can facilitate structured sources delineating their output records syntactically
(reducing need for information extraction/screen scraping)

Semantic Web

— Can facilitate cooperative sources exposing & mapping their schema information
Distributed/Multi-databases

— ..expect much more control over the data sources being integrated
Data warehouses

— One way of combining information from multiple sources is to retrieve and store
their contents in a single database

Collection selection

— ..does “web search” over multiple text collections (and sends pointers rather than
answers)

Mashups
— ..can be seen as very task-specific information-integration solutions
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Extraction Algorithm

Post:

@ M bid at holiday inn sel. univ. ctr.

Generate V> V. = <common_scores(token),
= |E_scores(token, attrl),

' |IE_scores(token, attr2),
v

$25 | winning bid af{ holiday| inn| sel.|| univ.| ctr.

v V™ V¥

price hotel name hotel area
$25 holiday inn sel. univ. ctr.

S




Extraction results: Summary

Token Level Hotel Field Level
Prec. | Recall F-Mes. Prec. Recall F-Mes.
Phoebus 93.60 91.79 92.68 87.44 85.59 86.51
Simple Tagger 86.49 89.13 87.79 79.19 77.23 78.20
Amilcare 86.12 86.14 86.11 85.04 78.94 81.88
Token Level Comic Field Level
Prec. | Recall F-Mes Prec. Recall F-Mes.
Phoebus 93.24 84.48 88.64 81.73 80.84 81.28
Simple Tagger 84.41 86.04 85.43 78.05 74.02 75.98
Amilcare 87.66 81.22 84.29 90.40 72.56 80.50




Overview

Motivation & Models for Information Integration [30 ]
— Models for integration
— Semantic Web
Getting Data into structured format [30]
— Wrapper Construction
— Information Extraction
Getting Sources into alignment [30]
— Schema Mapping

— Source Modeling /
Getting Data into alignment [30] M (==
_ Blocking
— Field Matching
— Record Linkage
Processing Queries [45]
— Autonomous sources; data uncertainty..

— Plan Execution
Wrapup [15]




Data Integration Systems Require
Source Definitions

 New service => no definition!
« Can we model it automatically?

”n b N\XP”)

N afﬂrmu\ated

Mediator

Query
<@ ¢ >
SELECT MIN(price) ? —& ? Reformulated Query
FROM flight calcPrice(“LAX","MXP”,”economy”)
WHERE depart="LAX" Refor:
AND arrive="MXP" TT Yatey
O
d
Source Definitions: l 7
- Orbitz Flight Search New Service: }\\//\ 7/4 MJ

- United Airlines Alitalia
- Qantas Specials

Generate Model of Service




Schema Matching vs.

Source Modeling

* Schema matching is used when you have a set
of databases and need to map them into a
unified schema

— Model of the individual attributes

e Source modeling is used when you have a web
service or web form and you want to model the
function performed by the service

— Made possible using the mapping from inputs to
outputs

— Problem Is harder because the data is not directly
available, but must be queried



Approaches to Blocking

Sort neighborhoods on block keys
— Hernandez & Stolfo, 1998
Canopies Method

— McCallum, Nigam, Ungar, Efficient Clustering of High-Dimensional Data Sets with
Application to Reference Matching, 2000, KDD

DNF Blocking

— Bilenko, Kamath, Mooney, Adaptive Blocking: Learning to Scale Up Record
Linkage, 2006, ICDM

Blocking Scheme Learning

— Michelson & Knoblock, Learning Blocking Schemes for Record Linkage,
2006, AAAI



Blocking — Multi-pass

e Terminology:

— Each pass is a “conjunction”
o (token, first) AND (token, phone)

— Combine passes to form “disjunction”

* [(token, last)] OR [(token, first) AND (token,
phone)]

— Disjunctive Normal Form rules
e form “Blocking Schemes”



Blocking — Generating Candidates

(token, last name) AND (15t letter, first name)

First Name | Last Name

< Matt, Michelson>

First Name

Last Name

< Jane, Jones> €«<—>&—> < Jim, Jones>

> < Matthew, Michelson>

First Name | Last Name

Zip

< Matt, Michelson, 12345 > <€<—> < Matthew, Michelson,

(token, zip)

First Name

Last Name

Zip

< Matt, Michelson, 12345 ><€&><Jim, Jones, 12345 >
< Matt, Michelson, 12345 ><€<&><Joe, Smeth, 12345 >

12345 >




Blocking Effectiveness

Reduction Ratio (RR) =1 —||C|| / (||S|| *|| T||)

S, T are data sets; C 1s the set of candidates

Pairs Completeness (PC)=S_/N_

S, = # true matches in candidates,
N,, = # true matches between S and T

Examples:  (token, last name) AND (1% letter, first name)
RR=1-2/9 =0.78
pC=1/2 = 0.50
(token, zip)
RR=1-9/9=0.0
pPC=2/2=1.0



How to choose methods and
attributes?

* Blocking Goals:
— Small number of candidates (High RR)
— Don’t leave any true matches behind! (High PC)

* Previous approaches:
— Ad-hoc by researchers or domain experts

e Learning Approach:

— BSL — “Blocking Scheme Learner”
 modified Sequential Covering Algorithm



Learning Schemes — Intuition

e Learn restrictive conjunctions
— partition the space A minimize False Positives

e Union restrictive conjunctions
— Cover all training matches

— Since minimized FPs, conjunctions should not
contribute many FPs to the disjunction



SCA: propositional rules

e Multi-pass blocking = disjunction of conjunctions
e Learn conjunctions and union them together!
e Cover all training matches to maximize PC

SEQUENTIAL-COVERING( class, attributes, examples, threshold)
LearnedRules < {}
Rule < LEARN-ONE-RULE(class, attributes, examples)
While examples left to cover, do
LearnedRules «— LearnedRules U Rule
Examples «— Examples — {Examples covered by Rule}
Rule <+ LEARN-ONE-RULE(class, attributes, examples)
If Rule contains any previously learned rules, remove them

Return LearnedRules




Learn-One-Rule

e Learn conjunction that maximizes RR

e General-to-specific beam search

— Keep adding/intersecting (attribute, method)
pairs
e Until can’t improve RR
e Must satisfy minimum PC

(token, zip)

v —

(token, last name) (1% lette;\r\las@me) (toMame)
(Ist lefrerdast name) ~ (token, firstname) ...



Example to clear things up!

Space of training examples

@ = Not match
© = Match

Rule 1 :- {mp token) 8&( e?
Final Rule :- [(zIp|token) & (first[token)] UNION [(last|15t Letter)

& (fiktle"Aettelo)| 1t Letter) & ( )



Experiments

HFM = ({token, make} N {token, year} N {token, trim})

Cars RR PC U ({18 letter, make} N {1 letter, year} N {1 letter, trim})

HFM 47.92 | 99.97* U ({synonym, trim})

BSL 99.86 | 99.92*

BSL (10%) |99.87]99.88 | B S L = ({token, model} N {token, year} N {token, trim})
U ({token, model} N {token, year} N {synonym, trim})

Census RR PC Restaurants | RR PC

Best 5 Winkler 99.52 | 99.16 Marlin 55.35|100.00

Adaptive Filtering [99.9 |92.7 BSL 99.26 | 98.16

BSL 98.12 | 99.85 BSL (10%) |99.57 |93.48

BSL (10%) 99.50 | 99.13

* = NOT statistically significant.
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Field Matching Approaches

Expert-system rules
— Manually written (e.g., Lexus Nexus)

Token similarity

— Used in Whirl [Cohen, ACM TOIS 2000]
String similarity

— Used in Marlin [Bilenko & Moody, KDD 2003]

Domain-specific transformations
— Used in Active Atlas [Tejada, Knoblock & Minton, KDD 2002]

Heterogeneous Field Matching
— Used in HFM [Minton, et al., ICDM 2005]



Token Similarity
[Cohen, 1998]

Idea: Evaluate the similarity of records via textual
similarity
— Used in Whirl (Cohen 1998)

Any string can be treated as a bag of tokens .
— “8358 Sunset Blvd” » {8358, Sunset, Blvd}

Follows the same approach used by classical IR
algorithms (including web search engines)

— “stemming” is applied to each entry
 E.g. “Joe’s Diner” -> “Joe ['s] Diner”
— Entries are compared by counting the number of words in
common

— Infrequent words weighted more heavily by TF/IDF metric =
Term Frequency / Inverse Document Frequency



Sequence-based String Metrics:
String Edit Distance [Levenshtein, 1966]

Minimum number of character deletions, insertions, or
substitutions needed to make two strings equivalent.
— “misspell” to “mispell” is distance 1 (‘delete s’)

— “misspell” to “mistell” is distance 2 (‘delete s’, ‘substitute p with t’
OR ‘substitute s with t', ‘delete p’)

— “misspell” to “misspelling” is distance 3 (‘insert I’, ‘insert n’, ‘insert
g)

Can be computed efficiently using dynamic programming

In O(mn) time where m and n are the lengths of the two

strings being compared.

Unit cost is typically assigned to individual edit
operations, but individual costs can be used.



String Edit Distance with Affine Gaps
[Gotoh,1982]

Cost of gaps formed by contiguous deletions/insertions
should be lower than the cost of multiple non-contiguous
operators.

— Distance from “misspell” to “misspelling” is <3.

« Affine model for gap cost: cost(gap)=s+e|gap|, e<s

Edit distance with affine gaps is more flexible since it is
less susceptible to sequences of insertions/deletions that
are frequent in natural language text (e.g.’Street’ vs. ‘Str’).



Learnable Edit Distance with Affine Gaps
[Bilenko & Moody, 2003]

* Motivation:
Significance of edit operations depends on a particular
domain
— Substitute /" with *-’ insignificant for phone numbers.
— Delete ‘Q’ significant for names.

— Gap start/extension costs vary. sequence deletion is common for
addresses (‘Street’ »'Str’), uncommon for zip codes.

* Using individual weights for edit operations, as well as learning
gap operation costs allows adapting to a particular field domain.



Learnable Edit Distance with Affine Gaps —
the Generative Model

Matching/substituted pairs of characters are generated in state M.
Deleted/inserted characters that form gaps are generated in states D and I.
Special termination state “#” ends the alignment of two strings.

Similar to pairwise alignment HMMs used in bioinformatics [Durbin et al. 98]



Learnable Edit Distance with Affine Gaps:
Training

Given a corpus of matched string pairs, the model is trained using
Expectation-Maximization.

The model parameters take on values that result in high probability
of producing duplicate strings.

— Frequent edit operations and typos have high probability.

— Rare edit operations have low probability.

— Gap parameters take on values that are optimal for duplicate strings in
the training corpus.

Once trained, distance between any two strings is estimated as

the posterior probability of generating the most likely alignment between
the strings as a sequence of edit operations.

Distance computation is performed in a simple dynamic
programming algorithm.
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Combining String Similarity
Across Fields

« Some fields are more indicative of record similarity than
others:
— For addresses, street address similarity is more important than
city similarity.
— For bibliographic citations, author or title similarity are more
Important than venue (i.e. conference or journal name) similarity.
* Field similarities should be weighted when combined to
determine record similarity.

 Weights can be learned using a learning algorithm
[Cohen & Richman ‘02], [Sarawagi & Bhamidipaty ‘02],
[Tejada et. al. ‘02].



Record Matching Approaches

Unsupervised Record linkage [Newcombe et al. '59; Fellegi &
Sunter '69; Winkler '94, '99, ‘02]

Merge/purge [Hernandez & Stolfo '95]
Database hardening [Cohen et al. '00]

Learning Decision Trees [Tejada, Knoblock & Minton, KDD 2002,
Sarawagi & Bhamidipaty KDD 2002]

Support Vector Machines (SVM) [Bilenko & Moody, KDD 2003]
Object consolidation [Michalowski et al. '03]



SVM Learned Record Similarity

String similarities for each field are used as components of a feature
vector for a pair of records.

SVM is trained on labeled feature vectors to discriminate duplicate
from non-duplicate pairs.

Record similarity is based on the distance of the feature vector from
the separating hyperplane.



Learning Record Similarity
(cont.)

Name Address City Cuisine

Fenix 8358 Sunset Blvd. West | Hollywood American

Fenix at the Argyle | 8358 Sunset Blvd. W. Hollywood | French (new)
Learned / dryy dig  dhg d. e dicu  dacy

distance
measure \\\ \ \ M//

Feature vector dm dr, dig dry die dre diey dzu,

¢

SVM J

Distance
I >

Duplicate records Non—duplicate records




x: “3130 Piedmont Road”
y: “3130 Piedmont Rd. NE”

3130

ne

piedmont

rd
road

[ )
Xl

|

()
Y1

Y,
Y3

Y4

Ys

\ J
y

—-

The pair
vector 18
created

Learnable Vector-space

Similarity

()

X1Y1

X2Y>

X3Ys3

X4Y4
X5Ys

\ )
p(X,Y)

Each string 1s converted to
vector-space representation

The pair vector

1s classified as
“similar” or
“dissimilar”
e

Sp(X.y)

n
»

Similarity between strings 1s
obtained from the SVM output

Sim(x,y)  f(p™)



Conclusions

Technical choices in record linkage:
— Approach to blocking

— Approach to field matching

— Approach to record matching

Learning approaches have the advantage of being able
to

— Adapt to specific application domains

— Learn which fields are important

— Learn the most appropriate transformations

Optimal classifier choice is sensitive to the domain and
the amount of available training data.



