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Agenda

• Basic assumption: KR = “fancy” DB
• DB trends – what do they mean for KR?
From DB’s to integrating heterogeneous data
From integration to co-existence

• Dataspaces: [Franklin, Halevy, Maier]
– “pay-as-you-go” data management
– Dataspace querying, evolution and reflection
– Need for KR services 



Information Integration
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Query multiple sources with a single interface
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Mediated Schema

Design time

Semantic mappings



Semantic Mappings

BooksAndMusic
Title
Author
Publisher
ItemID
ItemType
SuggestedPrice
Categories
Keywords

Books
Title
ISBN
Price
DiscountPrice
Edition

CDs       
Album
ASIN
Price
DiscountPrice
Studio

BookCategories
ISBN
Category

CDCategories
ASIN
Category

Artists
ASIN
ArtistName
GroupName

Authors
ISBN
FirstName
LastName

Inventory 
Database A

Inventory Database B

Discrepancies in:
• naming
• structure

• scope
• detail



Mediation Languages

Books
Title
ISBN
Price
DiscountPrice
Edition

CDs       
Album
ASIN
Price
DiscountPrice
Studio

BookCategories
ISBN
Category

CDCategories
ASIN
Category

Artists
ASIN
ArtistName
GroupName

Authors
ISBN
FirstName
LastName

CD: ASIN, Title, Genre,…
Artist: ASIN, name, …

Mediated Schema

logic

Requirements:
• expressive
• tractable
• easy to modify Lenzerini 02, 

Halevy 01



wrapper wrapper wrapper wrapper wrapper

Mediated Schema

Run time
Q: reviews of books by
Tom Friedman

The World is Flat
Lexus and the Olive Tree

Great…
A bit repetitive…

Q1: books by T.F. Q2: reviews of book

Reformulation Query processing
(adaptive!)

Q2’: TWiF
Q2’’: LatOT



Enterprise Information Integration
• Late 90’s -- anything goes:

– Say “XML” -- get VC money.
– A wave of startups: 

• Nimble, Enosys, MetaMatrix, Calixa, Cohera, …
– Big guys made announcements (IBM, BEA).
– [Delay] Big guys released products.

• Lessons:
– Performance was fine. Need management tools.
– Timing was less than optimal.



Data Integration: Before

Mediated Schema

SourceSource Source Source Source

Q
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XML Query

User  
Applications Lens™ File InfoBrowser™ Software

Developers Kit

NIMBLE™ APIs

Front-End

XML

Lens Builder™

Management
Tools

Integration 
Builder

Security Tools

Data 
Administrator

Data Integration After $30M

Concordance 
Developer

Integration
Layer

Nimble Integration Engine™

Compiler Executor
Metadata

ServerCache

Relational Data Warehouse/
Mart

Legacy Flat File Web Pages

Common 
XML View



So What’s Wrong?

• We’re still hung up on semantics:
– No mapping, no service.
– Too much upfront effort needed.



Dataspaces vs. Data Integration
Dataspaces are “pay as you go”

Benefit

Investment (time, cost)

Dataspaces

Data integration solutions



Shrapnels in Baghdad

Story courtesy of Phil Bernstein



OriginatedFrom

PublishedIn

ConfHomePage

ExperimentOf

ArticleAbout

BudgetOf

CourseGradeIn
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Cites

CoAuthor
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HomePage

Sender

EarlyVersion

Recipient

AttachedTo

PresentationFor

Personal Information Management
[Semex, CALO, Haystack]



Google Base



The Web is Getting Semantic
• Forms (millions)
• Vertical search engines (hundreds)
• Annotation schemes: 

– Flickr, ESP Game
• Google Base
• Google Coop 

“A little semantics goes a long way”



“Data is the plural of anecdote”



Dataspace Characteristics

• Defined by boundaries (organizational, 
physical, logical)
– Not by explicitly entering content

• Need to consider all the data in the space
• Must provide best-effort services:

– Cannot wait for full integration
• Certainly cannot assume clean, schema 

conforming data



Other Dataspace Characteristics

• All dataspaces contain >20% porn.

• The rest has >50% spam.



Outline

Logical model for dataspaces
– Participants and relationships
– Dataspace support platforms (DSSPs)

• Querying dataspaces
• Dataspace evolution

– Generating semantic mappings
• Dataspace reflection



Logical Model:
Participants and Relationships

XML

WSDL

SDB

sensor

sensor

sensor
java

RDB

OWL

WSDL

OWL
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schema mapping
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RDB
snapshot

view replica

1hr updates



Relationships

• General form:
(Obj1, Rel, Obj2, p)

• Obj1, Obj2: instances, sources, fragments,…
• Rel: relationship – mapping, co-reference,..
• p: degree of certainty about the relationship



Dataspace Support Platforms 
(DSSP)

XML

WSDL

SDB

sensor

sensor

sensor
java

RDB

RDB

WSDL

XML

java

schema mapping
manually created

RDB

snapshot

view replica

1hr updates

Catalog

Search 
& query

Discovery & Enhancement

Local 
Store &
Index

Administration

• Heterogeneous index
• [Dong, Halevy 06]

• Reference reconciliation
• [Dong et al., 05]

• Additional associations
• [Dong, Halevy 05]

• Cache for performance & 
availability

• Coming next…

Relax

• TBD

• participants’ 
capabilities
•Relationships
• Constraints, 
ontologies



Outline

Logical model for dataspaces
Querying dataspaces

– Queries
– The semantics of answers
– Answering queries

• Dataspace evolution
– Generating semantic mappings

• Dataspace reflection



Dataspace Queries

• Keyword queries as starting point
– Later may be refined to add structure
– Formulated in terms of user’s “ontology”

• Mostly of the form
– Instance*:

• “britany spears” 
– P (instance)

• “lake windermere weather”



Semantics of Answers

1. The actual answers:
– P(instance), P*(instance)



Weather Seattle



Semantics of Answers

1. The actual answers:
– P(instance), P*(instance)

2. Sources where answer can be found:
– Partially specify the query to the source
– Help the user clean the query



Acura Integra Palo alto



Volvo Palo altoVolvo Palo alto



Semantics of Answers

1. The actual answers:
– P(instance), P*(instance)

2. Sources where answer can be found:
– Partially specify the query to the source
– Help the user clean the query

3. Supporting facts or sources:
– Facts that can be used to derive P(instance)
– Rest of derivation may be obvious to user



Related or Partial Answers
• In which country was John Mylopoulos born?

– Athens
• Latest edition of software X:

– 2004 edition
• Is the space needle higher than the Eiffel 

Tower?
– Height of Space Needle, height of Eiffel Tower

Ranking answers of all types



Query Processing: DSSPs
Query: John Mylopoulos address

First name: John
Middle name: 
Last name: Mylopoulos
Address: ?



Query Processing: Evidence Gathering
First name: John
Middle name: 
Last name: Mylopoulos
Address: ?

address address:
City required

Keyword query:
John Mylopoulos

…
… City?

StreetAdr

…
…

?
city, zip

?

…
…

Companies
address

Issues: uncertainty, belief revision, truth maintenance, …



Outline

Logical model for dataspaces
Querying dataspaces
Dataspace evolution

– Reusing human attention
– Corpus-based ontology matching
– Other examples of the reuse principle

• Dataspace reflection



The Cost of Semantics

Benefit

Investment (time, cost)

Dataspaces

Data integration solutions

Artist: Mike Franklin

?

Semantic integration modeled by:
{(Obj1, rel, Obj2, p),…}



Reusing Human Attention
• Principle:
 User action = statement of semantic relationship
Leverage actions to infer other semantic relationships

• Examples
– Providing a semantic mapping

• Infer other mappings
– Writing a query 

• Infer content of sources, relationships between sources
– Creating a “digital workspace”

• Infer “relatedness” of documents/sources
• Infer co-reference between objects in the dataspace

– Annotating, cutting & pasting, browsing among docs



Learning Schema Mappings
[Doan et al., ACM Thesis Award, Transformic]

• Learn classifiers for elements of the mediated 
schema 

Thousands of web forms mapped in little time
 [Madhavan et al.]: infer mappings for any 

schemas in the domain

Mediated schema



Corpus-based Matching

Product

Music
ASIN title artists recordLabel discountPrice

productID name price salePrice
0X7630AB12 The 

Concert in 
Central 
Park

$13.99 $11.99

(no tuples)

[Madhavan et al., 2005]



Obtaining More Evidence

Product
productID name price salePrice

0X7630AB12 The Concert in 
Central Park

$13.99 $11.99

prodID albumName artists recordCompany price salePrice
9R4374FG56 Saturday Night Fever The Bee Gees Columbia $14.99 $9.99

ASIN album artistName price discountPrice
4Y3026DF23 The Best of the Doors The Doors $16.99 $12.99

MusicCD

CD

Corpus

CD

prodID albumName



Comparing with More Evidence
Product

productID name price salePrice

0X7630AB12 The Concert in 
Central Park

$13.99 $11.99

CD

prodID albumName

Music MusicCD

4Y6DF23

ASIN

The Doors

artists
artistName

Columbia

recordLabel
recordCompany

$12.99The Best of 
the Doors

discount
price

Title
album



1. Build initial models

s

S
Name:
Instances:
Type:  …

Ms t

T
Name:
Instances:
Type:  … 

Mt

Corpus of schemas 
and mappings

2. Find similar elements in 
corpus

s

S
Name:
Instances:
Type:  …

M’s t

T
Name:
Instances:
Type:  … 

M’t

3. Build augmented models

4. Match using augmented models

5. Use additional statistics (IC’s) to refine match



Learning from Query Logs

• Action: posing a query
• What’s interesting about it?

– values used in the query
– joins across sources (even implicit ones) 

• We can derive:
– What is a data source about
– Constraints on its contents
– Relationships between sources 



Dimensions of Reuse

• Actions
• Generalization mechanism
• Learning from:

– past actions & existing structure: 
• [Dong et al., 2004, 2005], [He & Chang, 2003]

– Current actions
– Requesting new actions:

• ESP [von Ahn], mass collaboration [Doan et al], 
active learning [Sarawagi et al.], CbioC (ASU.edu)



Outline

Logical model for dataspaces
Querying dataspaces
Dataspace evolution
Dataspace reflection

– Uncertainty, lineage, inconsistency, …



Dataspace Reflection

• Life is uncertain with dataspaces:
– Answers are derived with imprecision
– Semantic relationships are uncertain
– Data sources may be imprecise
– Data extraction (structuring) often imprecise

• Data will often be inconsistent
– No way to enforce integrity constraints

• Answers meaningless without the “how”



The Main Challenge
(KR to the Rescue)

• Need a single formalism for modeling:
– uncertainty,
– inconsistency, and
– lineage (how a tuple/answer was derived)
– Incompleteness

• DB community starting to think about 
combining these formalisms.



Israel populationIsrael population



Uncertainty and Inconsistency

• Inconsistency =  uncertainty about the truth
– Salary (John Doe, $120,000)
– Salary (John Doe, $135,000)
Salary (John Doe, $120,000 | $135,000)

• Orchestra @ U. Penn:
• Allow inconsistent data, but ensure that lineage 

is tracked.



Conclusion and Outlook
• Data management moving to consumer 

market
– But it’s messy, and we need to live with it

• Dataspace framework offers:
– Pay as you go data management
– Evolution by reusing human attention

• The role of KR:
– Fanciness needed to navigate messy spaces
– Reflection: certainty, belief revision, data gaps



Some References

• SIGMOD Record, December 2005:
– Original dataspace vision paper

• PODS 2006:
– Specific technical challenges for dataspace 

research
• Semex: an example dataspace system

– [Dong et al., 05, 06]
• Teaching integration to undergraduates: 

– SIGMOD Record, September, 2003.


