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KnowledgeExplosion?
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Indexing, search, data

| mining, query
optimization, data
streams, web scale data
management,
information extraction
and understanding,
data-driven research,
parallel processing ...

data volume

Data integration,
federated databases,
domain-specific query
knowledge| processing, ontology,

semantic web, dataspace
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Six DQ Dimensions

8
Figure 1: Data Quality Dimensions
Is all necessary Are all data values within the
present value domains specified
. ? by the business’

Does dala mflect the
real-world objects or a
verfiable sowrce?
Is the data
available at the
time needed”
Is data consistent
Are the redations betwesn between systems? Do
entities and attrbutes duplicate records exst?

consistent? Within tables
and between?




The Taxonomy of DQ Problems
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Computationabata Quality Problems

. Data Integration ., Datalmputation
. Schema Mapping , DataProvenance
. Record Matching | DataUncertainty

. Data Cleaning . Data Constraints
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Data Cleaning in KG

OpenlE-> KnowledgeGraph

BootstrappindMechanisms
e.g..KnowltAllISnowBalProBase

Howeverthe accuracylecreasesharplyafter
severaliterations.
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Data Cleaning in KG

i A MajorReason Semantidrift happens

| i E elephant E
E dog camel i i \\* P3 i
: ; /5}-" ; ; donkey —r i
i Ac:n —52 p lion =22 girafic i }dog —F Pl | i
: i : mule :
i51 A pig ‘-ﬁé?* pigeon ; P ocat E
E \ B o i ih N P2 dolphin i
chicken " g4 Animal | i Animal
E 01k E i E
i S3 | i i computer i
i Food beef i i | i
i 790 I + Artefact robot :

S51="Animals such as dog, cat, pig and chicken, grow fast.”
52="Yoga Postures are named after animals such as camel, pigeon,
lion and cat.”

S3="*Commaon food from animals such as pork, beef and chicken.”
S4="Animals from African countries such as Giraffe and Lion.”

(a)Semanticbased bootstrapping mechanism (b)Syntaxbased bootstrapping mechanism

P1: ... X is a kind of mammal ..."”
P2: “Sometime, X is as clever as human beings™




Data Cleaning in KG

Mainstreamapproaches

Mutual Exclusion Bootstrappin@ ACL 1 NGO 0 7
Dropthoseinstancebelongingto mutuallyexclusiveslasses

Type Checking WS DM0 1 0)
Checkthetype of an entityfor correctness

RandonWalk Ranking | CDMO0 0 6 )
Construch graph,do randomwalk ranking

PatteraRelation Duality RankiggWS DM0o 1 1)

The quality of gpattern(tuple) can be determined by the
tuples(patterns) it extracts

A ModelbasedonDetectedDriftingPointf EDB T 0 1
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Data Cleaning in KG
A Mutual Exclusion Bootstrapping

Prosand Cons HighPrecision,ow Recall

Positives: war with Planet Earth
Canada  ———— ambassadorto —_— Elre?rtlo,x\\;n'

. or rica
E t war in

9yp occupation of

France
é
Negatives: Bakistan
Asla nation§ like Sri Lanka
Europe countries other than —> Greece
London country like Russia

Florida
e



Data Cleaning in KG
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Data Cleaning in KG

i TypeChecking
Checkindgypesof relevantentities
Prosand Cons:HighPrecision,.owRecall

Pillar, San Jose OK

~~ Type Checking Arguments:
écompani ePdlaesuc h as
X ,which is based inY é cit iSandos@ i ke

Inclined pillar , foundation platdNO



Data Cleaning in KG
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Data Cleaning in KG
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Data Cleaning in KG

Mainstreamapproaches

Mutual Exclusion Bootstrappin@ ACL 1 NGO 0 7
Dropthoseinstancebelongingto mutuallyexclusiveslasses

Type Checking WS DM0 1 0)
Checkthetype of an entityfor correctness

RandonWalk Ranking | CDMO0 0 6 )
Construch graph,do randomwalk ranking

PatteraRelation Duality RankiggWS DM0O 1 1)

The quality of gpattern(tuple) can be determined by the
tuples(patterns) it extracts

A ModelbasedonDetectedDriftingPointf EDB T 0 1



Data Cleaning in KG

PatternRelationDuality

ldea Thequality of apattern(tuple) can be determined
by thetuples(patterns) it extracts

Cons stillcannotreachhighprecisiorand recall

(a) Problem 1: Searching patterns by seed tuples

Input: Seed Tupl

£s

T, = -
{Ottawa, Canada), Pattern Searcher _ 1. search patterns
(Beijing, China)} — — P
-— S & E — ;
& | Search Engine | Extractor 2. extraction patterns
'f..'er.:u.»'- D Pt'
(b) Problem 2: Extracting tuples by found patterns

Input: Patterns Qutput: Tuples

1. search patterns

P, =)

5

a ——
2. extraction patterns

Search Engine

——

E

Extract

—
e )

{(Paris, France),

(Berlin, Germany),
(Tokvo, Japan),

(Canberra, Australia))

RW onPrecision

RW onRecall

F~Score= Precision+Recal
Rankingvith ~Score



Data Cleaning in KG

Mainstreamapproaches

Mutual Exclusion Bootstrappin@ ACL 1 NGO 0 7
Dropthoseinstancebelongingto mutuallyexclusiveslasses

Type Checking WS DM0 1 0)
Checkthetype of an entityfor correctness

RandonWalk Ranking | CDMO0 0 6 )
Construch graph,do randomwalk ranking

PatteraRelation Duality RankiggWS DM0o 1 1)

The quality of gpattern(tuple) can be determined by the
tuples(patterns) it extracts

A ModelbasedonDetectedDriftingPoint EDB T 0 ]



Data Cleaning in KG

CleaningModelbasedon DetectedDrifting Points

Intuition: Drifting Points(DP9 are thereason®f
Semanti®rift.

Twokindsof DPs

IntentionaDPs o
) t —== 4 lion =—— giraff
Synonymsuclas Chickel
. Animal
AccidentaDPs 5\ P .
Errorsdy themselves Food A ]

E.g.& Countriesuclas FranceGermany,Japanand New York

Z.Lietal., Overcomingsemanti®rift in InformatiorExtractionE DB T 6 1 4



