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* Polyseme: 10+ different "Wei Wang”

* Synonyms: “Pei Lee” and “Pei Li"

computer science bibliography m
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Interactive Learr
(2015)

< Yingwen Chen, Mi

Empirical study ¢
2014: 180 (2014)
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Jun Zhang:
Wei Li: 27
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Pei Lee, Laks V. 5. Lakshmanan, Evangelos E. Milios:
CAST: A Context-Aware Story-Teller for Streaming Social Co

Pei Lee, Laks V. 5. Lakshmanan, Evangelos E. Milios:
Incremental cluster evolution tracking from highly dynam

Pei Lee, Laks V. 5. Lakshmanan, Mitul Tiwari, Sam Shah:
Modeling impression discounting in large-scale recommen

Pei Lee, Laks V. 5. Lakshmanan, Evangelos E. Milios:
KeySee: supporting keyword search on evolving events in s

Pei Lee, Laks V. 5. Lakshmanan, Jeffrey Xu Yu:
On Top-k Structural Similarity Search. ICDE 2012: 774-785 M
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* T ARIBIORZ? ---- MBS RIIERAYEX RS RE RG]

i : E elephant E
E i E \N*i P3 i
i dog g camel : E / Jonkes i
E - i t dog — Pl |
i / cat iﬁ- lion ilr giraffe ! : dog :
: '____—-""’# "\-____-* i i mule i
551 -"“'-) pig S2 pigeon i i cal i
i \ ) o E ih P2 dolphin i
; i . i i horse . ]
i chicken a2 Animal : i Animal |
| K i i E
E S3 - ' i computer i
i Food peet E i robot E
0 et e | Artefact ,

S51="Animals such as dog, cat, pig and chicken, grow fast.”
S52="Yoga Postures are named after animals such as camel, pigeon,
lon and cat.”

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

(a)Semantic-based bootstrapping mechanism (b)Syntax-based bootstrapping mechanism

PI: ... X is a kind of mammal ..."”
P2: “Sometime, X is as clever as human beings”
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* Mutual Exclusion Bootstrapping (PACLING'07)

* Pattern-Relation Duality Ranking (WSDM'11)

* The quality of a pattern (tuple) can be determined by the tuples
(patterns) It extracts.

* A Model based on Detected Drifting Points (EDBT'14, TKDE'17)

2018/8/30

% 6= MREEREET

* Drop those instances belonging to mutually exclusive classes

* Type Checking (WSDM'10)

* Check the type of an entity for correctness

* Random Walk Ranking (ICDM’06)

* Construct a graph, do random walk ranking

wEEE
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* Mutual Exclusion Bootstrapping

* Pros and Cons: High Precision, Low Recall

Positives:

~

war with X
Canada ———» ambassador to X
E t war in X
9yp occupation of X

France
Negatives:
Asia nations like X
Europe countries other than X

P I country like X
London
Florida

2018/8/30 %63 MRAEL

[ﬁia&lﬁ%

Planet Earth
Freetown
North Africa

Pakistan

Sri Lanka
> Greece

Russia

wEEE
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* Type Checking
* Checking types of relevant entities
* Pros and Cons: High Precision, Low Recall

Pillar, San Jose OK
Type Checking Arguments:
-:companies such as Pillar:-

X ,which is based in Y - cities like San Jose'-

Inclined pillar , foundation plate NO

2018/8/30 #F 6= MERIEREES 43
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* E_IJIL /f
* Mutual Exclusion Bootstrapping (PACLING'07)

* Drop those instances belonging to mutually exclusive classes

* Type Checking (WSDM'10)

* Check the type of an entity for correctness

* Random Walk Ranking (ICDM’06)

* Construct a graph, do random walk ranking
* Pattern-Relation Duality Ranking (WSDM'11)

* The quality of a pattern (tuple) can be determined by the tuples
(patterns) It extracts.

* A Model based on Detected Drifting Points (EDBT'14, TKDE'17)

2018/8/30 % 6= MREEREET 4
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* Random Walk based Cleaning

2018/8/30

0.13
0.10
0.13
0.22
0.13
0.05
0.05
0.08
0.04
0.03
0.04
0.02

=0.9x

r;
/

Ranking vector

0

O O O O O O O

0 173
1/3 0
1/3 1/3
13 0

0
0
0
1/3

o O o o

— cW7F +

¢

\

(1 o C)éf

N

Adjacent matrix Restart p
13130 00 0 000 0 )013
13 0 0 0014000 0 |010
0O /30 0 00 0 OO0 O 0.13
/3 0 /4400 0 00O0 O 0.22
0 1/3 0 1/21/21/4 0 0 0 O 0.13
0O 0 1/40 1720 000 O 0.05
0 0 14120 0 000 0 |oos| "
0 0 17400 0 1/20 1/3 0 || 0.08
0 0 000140130 0 |0.04
0 0 000 0 1/20131/20.03
0 0 0 0O 14 0 1/30 1/2]0.04
0O 0 000 O O 1/31/30 )\0.02

O O O O OO oo P oo o

Starting vector

% 6= MREEREET
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* Mutual Exclusion Bootstrapping (PACLING'07)

* Drop those instances belonging to mutually exclusive classes

* Type Checking (WSDM'10)

* Check the type of an entity for correctness

* Random Walk Ranking (ICDM'00)

* Construct a graph, do random walk ranking
* Pattern-Relation Duality Ranking (WSDM'11)

* The quality of a pattern (tuple) can be determined by the tuples
(patterns) It extracts.

* A Model based on Detected Drifting Points (EDBT'14, TKDE'17)

2018/8/30 8 6Z MREEREES 46
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* Pattern-Relation Duality

* l[dea: The quality of a pattern (tuple) can be determined by the
tuples (patterns) it extracts.

* Cons: still can not reach high precision and recall

2018

M wEEE
KICERRH

(a) Problem 1: Searching patterns by seed tuples

Input: Seed Tuples

E]H!]Ellt' Patterns

T. =

[({Ottawa, Canada),

Pattern Searcher

(Beijing, China)} — _ P
- S - E - °
& | Search Engine | Extractor 2. extraction patterns

e

1. search patterns

P,

Corpus D

(b) Problem 2: Extracting tuples by found patterns

Input: Patterns

1. search patterns ‘::-—-#::;i‘ ]—_IL,A_)
P == S >

5

Search Engine

=

a ——
2. extraction patterns

. Tuple

\ R =
E - |(Paris, France),

I:'xl'rachf/

(Berlin, Germany),
(Tokyo, Japan),

(Canberra, Australia))

RW on Precision
RW on Recall
F-Score = Precision+Recall

Ranking with F-Score .
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* E_IJIL /f
* Mutual Exclusion Bootstrapping (PACLING'07)

* Drop those instances belonging to mutually exclusive classes

* Type Checking (WSDM'10)

* Check the type of an entity for correctness

* Random Walk Ranking (ICDM'00)

* Construct a graph, do random walk ranking
* Pattern-Relation Duality Ranking (WSDM'11)

* The quality of a pattern (tuple) can be determined by the tuples
(patterns) It extracts.

* A Model based on Detected Drifting Points (EDBT'14, TKDE'17)

2018/8/30 % 6= MREEREET 48
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5 X/T$§,7 | Eﬂ A—J:I_Q_E—:¢X7|t
—/1\5_-%:_—7,%&7,\“ (Drifting Points) #& U B9 ¥ & £
* Intuition: Drifting Points (DPs) are the reasons of Semantic Drift.
« FFADPs: s
* Intentional DPs 51 ép ?_*M—r
* Synonyms such as Chicken ' Animal

* Accidental DPs

* Errors by themselves e S
* E.g., - Countries such as France, Germany, Japan and New York.

2018/8/30 %6 = MMERERERET 49
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« B (DPs) —E:Bfl%%?ﬁ:

* For a target class, the distribution of instan -

different from the distribution of mstances | ”I

class. e g e
* If classes C,; and C, are mutually exclusive, . or r

likely an Intentional DP.

* An accidental DP Is usually supported by VE || | . ||||| _
instance is derived from very few (MOstly O v wvdssidoss sipscoinssesoos

* An error extraction (e isA C) triggered by a
weak evidence, since the extraction Is usua | |
instances of C. |||I - || L |I.

*” \"W‘v"cﬁ"v‘*e# F&E SIS SS G"’°°&f¢‘&¥ &

* PR ESFE, MEDPINEE Z -

Bistributions of instances triggered by DPs and non-DPs

2018/8/30 %6 = MMERERERET 50
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- WNEEZ R /e, BRERN

5

E 1

;7.!? AYN W ﬁfﬂ?ﬁﬂﬂlt

Input: A parsed sentence S and

yes

yes

<-
<
y

A

Withdraw all pairs
extracted from s

2018/8/30

doesn’t hold the highest Score(s,C)?

Detected DPs

IS triggered by
Accidental DPs?

Is triggered by no

ntentional DPs?

yes

Calculat_e Score(s,C)

TH

S8

£H T

THLKR o

wEEE
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Before Cleaning

2018/8/30

MEX
TCh
RW-Rank
PRDual-Rank
DP Cleaning

0.9119
0.9423
0.5753
0.5621
0.9696

. N\

5

0.1570
0.1451
0.5831
0.6545
0.9145

0.4305
0.4592
0.4789
0.5636
0.5812
0.8921

1)Perror: Percentage of removed errors in all the removed instances;

% 6% ARERRERH

1.0
0.9832
0.9724
0.6509
0.6940
0.9393

(1)

* (2)rerror. Percentage of removed errors in all the errors under each concept;
(3)Pcorrect: PErcentage of remained correct instances in all the remained instance;
(4)

$8d

Drcorrect. PErcentage of remained correct instances in all the correct instances under each concept

wEEE
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£ RBIR T IR S 55—
s FiEpE —REFWTHIRELR:

EERE MX3 166G 3GFHL (1) TD-SCDMA/GSM
REEE , Bia30008 , KiTAS | PEESHNTFNSHERRSHFGER !

A

- EEELL

YT ¢ e o s G s
(Schema Mapping) n S P e
BE | H 5 1) e i
I RE b v
MX3 MeiZzu 1999 5. 10~
FARA | ERRYT | GPU |
sTab>-4 N MX3 BE 1799  5.1%i~F )\

Fororatens) | EERE IS

MX3 MeiZu 1999  5.19%i~f

S | B RY | GPU AN KA .

2018/8/30 MX3 Bk 5.aFESF U 1799 1999 >
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« BAJLEE (Schema Mapping)
s ETEMRFHFFHFEMBUENTTE
« MEFHIBIEE, JaccardifE, RMREEEE
« ETLGITENEMHER A
- METHITHN X HE, REES
s ETHENLHEENTTE

ROM
Extend Storage 4G
32G 8G
16G 4G
8G 16G
16G 8G
— 8G
32G —

2018/8/30 8 6Z MREEREES
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« B ULAZ (Schema Mapping)

/ \

Individual matcher approaches

ST

Schema-only based

PN

Element-level

VN

. - Constraint- Constraint-
Linguistic
based based
[ ] -e e LR N ]
« Name similarity . o .
. : = Tvpe similarity * Graph
* Description - Key properties maitching
similarity €y properiie: ching
* Global
namespaces

2018/8/30

Structure-level

Schema Matching Approaches

Combining matchers

N

Instance/contents-based Hybrid matchers ~ Composite matchers

\ 7\

Element-level Manual Automatic
/ \ composition composition
Linguistic Constraint-
based
/ | \ / \ Further criteria:
e ee - Match cardinality

- Auxiliary information used ...

= IR technigues
(word frequencies,
key terms)

* Value pattern and

ranges
Sample approaches

8 6Z MREEREES
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* iR ILEE (Record Matching)

73 .
¢ %%: W ’/ﬁ EI\] H /% Approximate Entity Matching

s EFZEMETE %\
- BETRERIANITE

Content-based Structure-based Mixed
Matching Matching Matching

Atomic Aggregated  Path-based  Graph-based
@-based /}gorithm Al Techniques IR-based

Character-based Algebraic formulae Tree-based Path-based

2018/8/30 8 6Z MREEREES 58
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« iR ILAEC (Record Matching)

> ERME: fRiEIEE, Jaccard, Q-gram%ZF
v L AJLAE—IRE—SER
v Rm BREASHECAIE N
>EEMMVIEEE M ULhECR, EFHIREIRIPCHED 5 iASE
v LR SRR ENIEEEES SRS
vV R RBEERNTPAEERERA T RNEENNARE, ZEREES
>NAEREEEEEY . EFEENREGE, ETFARESS TR G ESE
v LR BIE RN Z BRI FNE X ABUE
v B KERFWordNet, #E2ELITFE—, EHHE
> (EENINERRIRRYILEC /374 CrowdsourcingZs
v e EREES
v R FHEAK, TABREREELOT Y

2018/8/30 % 6= MREEREET 59



RAIEE
Data Linkage History

2018/8/30

ENEE

M wEEE
KICERRH

Rl A 5% —

Cosine similarity based
on Q-gram

A
Record matching
Dynamic weigkt
> Fellegi-Sunter Canopies
Model A Group
WHIRL: word- Linkage
Levenshtein/ based Cosine A _
Soundex ¢€dit distances similarity I()ﬁ:l?f;;tgmg
T T Sorted NN€— T
>
1901 | 1918 1965 1969 1990 2000 v
Jaro ?{ﬁ:l
J accart_l Q-gram distance Record Q-gram
coeeficient Matching filter in Record Matching
Rule based DPBMS Compact set
Sparse NN
v v
Set Record matching
join Hungarian
algorithm

% 6% ARERRERH
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378 FEALE

\ ‘ @

c\\a\\e

B N
7 _/?/?\

@ @

2015%F13.751Z
20164£13.831Z 5 = A1 FR
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CRTTIA

« TRATIME

o MO EERIZE AL ENHE R AR 5 & A%

- BT H

* Protége
o FHIRERF
« EXFRDF(S). OWLFEX M
- EfALSTE
s IREAEZLRMARWebProtégé

* PlantData
* AR MH
« FHOWL, TTHEXAMEIES

AY

JT

S5

BiaAM EEAM

86 = MREEREET

B

]
EffE

[SEisE

sk

BEFm

8

#EER
HEER
EETE
#ETE

S8
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RERES NG MAE,

Mﬁﬁ%ﬂ%ﬁ%ﬁ?ﬁ%

s THTTETR
* M2 LEXNFFEIER
« MR KAEEEETH
* [O) 5Pk
c TTEELRE
c FIRR=E
* SR XY T AR AR Y

2018/8/30

MRS E S

ILECET#E

% 6= MREEREET

FMIEBIE— D AR

=JL

ZH—ENRE

KB, “

Y

Data
Preprocessing

Entity Alignment Feature
Algorithm Matching
Pairs-wise S;f;it;liy
Blocking [ Alignment Similarit
Collective W S,thtUTal
i Similarity
Alignment o
unction
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Sk =
R
\/TZIXX\, J |
s TRITE
* Property-based
. HBHT %
* Febrl — A Freely Available Record Linkage System with a Graphical User Interface(KDD
2008)

¢ R
* PARIS: Probabilistic Alignment of Relations, Instances, and Schema (VLDB 2012)
* Relation-based
* Embedding 7%
* |terative Entity Alignment via Joint Knowledge Embeddings(lJCAI 2017)
* Property & Relation-based

* Cross-Lingual Entity Alignment via Joint Attribute-Preserving Embedding(ISWC
2017)

* Crowdsourcing-combined
* Hike: A Hybrid Human-Machine Method for Entity Alignment(CIKM 2017)
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Sk =
R
\/TZIKX\, J |
s TRITE
* Property-based
. MBI TTE
* Febrl — A Freely Available Record Linkage System with a Graphical User Interface(KDD
2008)

¢ R
* PARIS: Probabilistic Alignment of Relations, Instances, and Schema (VLDB 2012)
* Relation-based
* Embedding 7%
* |terative Entity Alignment via Joint Knowledge Embeddings(lJCAI 2017)
* Property & Relation-based

* Cross-Lingual Entity Alignment via Joint Attribute-Preserving Embedding(ISWC
2017)

* Crowdsourcing-combined
* Hike: A Hybrid Human-Machine Method for Entity Alignment(CIKM 2017)
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Property-based Z #1885 > 777k

* Motivation

M wEEE
KICERRH

* T ARGEHAEE, BTEELENRBLTEARR, AT REBESIE
AEHITE LN, 2EFHE B Balignment seeds, @iTH e8I

A BRI I EC R ],
* Framework

Database A

Y

2018/8/30

AR R Ui < [B) Y 2 5 1 [e) L
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Sk =
R
\/TZIKX\, J |
s TRITE
* Property-based
. HBHT %
* Febrl — A Freely Available Record Linkage System with a Graphical User Interface(KDD
2008)

: BFHEE
* PARIS: Probabilistic Alignment of Relations, Instances, and Schema (VLDB 2012)
* Relation-based
* Embedding 7%
* |terative Entity Alignment via Joint Knowledge Embeddings(lJCAI 2017)
* Property & Relation-based

* Cross-Lingual Entity Alignment via Joint Attribute-Preserving Embedding(ISWC
2017)

* Crowdsourcing-combined
* Hike: A Hybrid Human-Machine Method for Entity Alignment(CIKM 2017)
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Property-based 2z T #E%

* Motivation

* Jlag —7—75’]7?% FEREA TrEalignment seedstE A1l EHE, AT
EEZ ESEIFTRMEN 0@, REETHELESEME

AR 224
TN ERRE.

* |[dea
° Wi{z’sﬁﬁﬂgﬁ*ﬂ%?/&ﬂ IL{I fun ' (r) X Priy= y)).

Prolr=2x")=1—

* W;’;TZISZ:KEEE/]@%}F—/ I : Hlil—_f'ma '(:-}.;H‘_ail—Pr{.‘r’:}";}”'
« BRI E

Priloa=2a2)=1—

\7

_ZZ\_Z :_Et Pro(r=2x2")=Pri(r=2")XPr.(xr=2x).

\7

_l.

C B (ST, ) nEEKlE SR E RS = AtE R
g%#iﬁ%fﬁ R RE ,ﬁ EEBK, NERERZENERT, F184
ZFHY o] B MK
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Sk =
R
\/TZIKX\, J |
s TRITE
* Property-based
. HBHT %
* Febrl — A Freely Available Record Linkage System with a Graphical User Interface(KDD
2008)

¢ R
* PARIS: Probabilistic Alignment of Relations, Instances, and Schema (VLDB 2012)
* Relation-based
* Embedding77i%
* |terative Entity Alignment via Joint Knowledge Embeddings(1JCAI 2017)
* Property & Relation-based

* Cross-Lingual Entity Alignment via Joint Attribute-Preserving Embedding(ISWC
2017)

* Crowdsourcing-combined
* Hike: A Hybrid Human-Machine Method for Entity Alignment(CIKM 2017)
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Relation-based

* Motivation

. Property—basedjiifEl’\]%(%ﬁﬁi%Bﬁﬁc)ﬁ’l‘ii’%i\tﬁﬁgﬁ’lﬁ, mETx
F Hystructure embedding)”'JTEﬂi’@iE%ﬁTﬁ [T, BRIk SR
8] < R E B[] —[a & %S ;':TZ[-‘IEUE'JEEF%O

* Framework

L SN

o ®
o _ (o
o — ®
) ®
) ®
e1 e1
®
o E- 0 R > BEFTransEfjembeddingtRZY
F-) @
s + (9| s Reliabilty ~R@.& — | o , + e
& . e, %DGZEEEE/‘]%EEEHQQ + rgE/‘Jg %5935/‘:@@%
Knowledge Graph Relationship Among Embeddings
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Sk =
R
\/TZIKX\, J |
s TRITE
* Property-based
. HBHT %
* Febrl — A Freely Available Record Linkage System with a Graphical User Interface(KDD
2008)

¢ R
* PARIS: Probabilistic Alignment of Relations, Instances, and Schema (VLDB 2012)
* Relation-based
* Embedding 7%
* |terative Entity Alignment via Joint Knowledge Embeddings(lJCAI 2017)
* Property & Relation-based

* Cross-Lingual Entity Alignment via Joint Attribute-Preserving Embedding(ISWC
2017)

* Crowdsourcing-combined
* Hike: A Hybrid Human-Machine Method for Entity Alignment(CIKM 2017)
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Property & Relation-based

* Motivation
* ERAIEMbedding7T7AB E R A B KK HIrelationship, T/EME=ITH
(attribute triple) NIEZR, X T AfLkrelationshipfREERAISLIE, R
Fistructure embedding ol R IR = B R{F 2, Bidattribute embeddingtz
BSINBMHELR, WEMEFFSLMETE,

* Framework B4R SR

B ASESAERD A
- , B AHELVEN
overlay re_!at:onsh:p graph vector re, ntations Q:I: AL - O — Ocp +6 OS
(12 " = . joint — YSE )
VM= g \@ i Structure Joint attribute- o8 _O;gll e’ ne
K1 =T 2A(S,P,O)H AYO N e prosenving - [1—lo5 " o | o
%1%)3& éﬁ?&;ké;—}ll—] ’ ﬁl:l ‘ S ?'z“: .\t;)c[l.zl similarity 1
Integer. String. DoubleZ&, consirans algnment KR BJembedding
. oo SRR R

BXtPi#frembedding, B

: X (] (ef”.a{”,hlteger} AE-based
— — ! i (1) (1) op - .
Rt AR E HE—3E L xee | Ifj;gj;gfa’;j:g] | embedsing [T Sty T e embedding #9513
= ; @ @ 8
'E'_Sﬁ ):I: -T'-Ha ﬁ E/\] }% 'Ii Z’ IEﬂ E/\] E E attribute va.f;r; .abstracﬁon 'L;l_)_{tizj_e jz _} E" 15 °©
B ET,
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Sk =
R
\/TZIKX\, J |
s TRITE
* Property-based
. HBHT %
* Febrl — A Freely Available Record Linkage System with a Graphical User Interface(KDD
2008)

¢ R
* PARIS: Probabilistic Alignment of Relations, Instances, and Schema (VLDB 2012)
* Relation-based
* Embedding 7%
* |terative Entity Alignment via Joint Knowledge Embeddings(lJCAI 2017)
* Property & Relation-based

* Cross-Lingual Entity Alignment via Joint Attribute-Preserving Embedding(ISWC
2017)

* Crowdsourcing-combined
* Hike: A Hybrid Human-Machine Method for Entity Alignment(CIKM 2017)
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Crowdsourcing-combined

* Motivation

o AT RINE I USEEANTFAEBBIREANG S, AXXREIJEBAREY
SR TFHR

° Framework R A G IR

(Inference Expectation)

B e SRS
| e |
: S T 4&H
| e R GO J{ B o | - iR
| - ™
o) T o | I A BR8] 4 8 36
| J— 1 .
| Hacl:iine unmatched L \ ?]\_ -TI-E:{E [//{/}—k/l\ A@
| 4 gorithm atching AL
y l e BERE, EEABRH
> .
' i Matched Entity L Partial Order Question Error : G ) Bx /J \ 1't
K : matched -~ Pairs > Partition | | Construction Selection Tolerance II .
. L Crowdsourcing Algo. _ | b
e A ™
L Crowd g Platform P-co2 ‘
/
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Crowdsourcing-combined
PSR

- RIBEBUTRNE S A BT ~RFE

DEFINITION 5 (PARTIAL ORDER). The partial order < can be for-

mally defined as follows: Given two pairspij = (ei. €j), pirjr = (€ir. €js).

For each pp, s;‘i > SE-_;; and Ek{sf‘j) > Zk(sﬁj,), then pij > pisjs,
we say pij and pi,j, are comparable and p;j precedes pi,j, or Pisjs
succeeds pij.

« HIBHAE /AT

2018/8/30

E(pij) = sij - Ipre(pij)| + (1 = sij) - Isuc(pij)|

« Hf prefllsucy alFR7~ BT IKF]
Efliké%ﬁ, .,'%%m?‘ kN BT

. L,

O o R SIRALE,
HABKNBHEX X FRABUEITE
AN E

5, =0.91
(55} =1{1,1,1,0.8}

D22 |5, =0.52 Pa3 —[}8 Pas 544—071

«. «.

J{a*;:{n 0.6,1,0.5} \{MV ={0.7,0.8,0.9,0.7}

= — 2
Dy )26 = 031 Pas ) 55> 05

rn ﬂ{],ﬁ,lﬂ/ l =10.6,0.6,0.7,0.5}
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JES

/

X7

ol

B X
s HAERTENSLAENF R ABHENEM
s TEMNEMNNARZBHNTFRSEXKRR. OERGHNE LXK
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SeAREERE (Entity Linking)

Also known as Entity Recognition and Disambiguation
1. Polysemy (—id% X)

E.g.: During his standout career at Bulls, Jordan also acts in the movies Space Jam.

Michael Jordan Michael |. Jordan Michael B. Jordan

(NBA Player) (Berkeley Professor) (American Actor)

2. Synonyms (%i5— X))

* E.g.: Barack Hussein Obama(USA president)
* m.0Z2Zmjmr(Freebase)
* Barack Obama(Dbpedia)
- NHI5e &R B E 5 (CN-Dbpedia)
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SAREEHZ (Entity Linking) — Polysemy
o FER I SO IR R E T VA
 EL based on Local Compatibility (CIKM’07, EMNLP 07, IJCAI’09,
COLING’10...)

 EL Based on Simple Relations (CIKM’08, AAATI’08)
 Pair-Wise Collective EL Approaches (ACL’10)
« Graph-Based Collective EL Approaches (SIGIR’11, 14)

« Modeling Mention, Context and Entity with Neural Networks for Entity
Disambiguation(IJCAI’2015)

* Deep Joint Entity Disambiguation with Local Neural Attention(EMNLP’17)
* Neural Cross-Lingual Entity Linking(AAAI,18)
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SAREESZ (Entity Linking) — Polysemy

* R XA

: 7] A )

SRV

» EL based on Lacal Compatibility (CIKM’07, EMNLP’07, IJCAI’09,
COLING’10...)

 EL Based on Simple Relations (CIKM 08, AAATI’08)

« Pair-Wise Collective EL Approaches (ACL’10)
« Graph-Based Collective EL Approaches (SIGIR’11, 14)

« Modeling Mention, Context and Entity with Neural Networks for Entity

Disambiguation

(IJCAT’2015)

* Deep Joint Entity Disambiguation with Local Neural Attention(EMNLP’17)

* Neural Cross-Lingual Entity Linking(AAAI’18)

2018/8/30
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SAREESZ (Entity Linking) — Polysemy

 Local Compatibility Based Approaches (CIKM’07, EMNLP’07,
[JCAI’09, COLING’10...)

* ldea: Extract the discriminative features of an entity from its textual
description, such as “NBA”, “Basketball Player” to MJ.

-------------------

. G :
E Entity : 0.20

---------------- z [ Space Jaln } .
[Mlchael I.J ordan]

\%(
Chicago Bulls } | Michael Jordan

0.82

Bull ] [Michael B. Jordan
During his standout career at Bulls, Jordan also acts in the movies Space Jam.
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SAREESZ (Entity Linking) — Polysemy

o PRI

* EL based

: ) R ERUT

oln Lacal Compatibility (CIKM’07, EMNLP’07, IJCAI’09,

COLING’10...)

 EL Based

e Pair-Wise

on Simple Relations (CIKM’08, AAAI’08)
Collective EL Approaches (ACL’10)

« Graph-Based Collective EL Approaches (SIGIR’11, 14)

« Modeling

Mention, Context and Entity with Neural Networks for Entity

Disambiguation(IJCAI’2015)

* Deep Joint Entity Disambiguation with Local Neural Attention(EMNLP’17)

* Neural Cross-Lingual Entity Linking(AAAI’18)

2018/8/30
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SAREESZ (Entity Linking) — Polysemy

 Simple Relational Approaches (CIKM’08, AAAI’08)

* ldea: the referent entity of a name mention should be coherent with its
unambiguous contextual entities

-------------------

0.20

[ Space Jam ]

/0. 12
Bull ] [ Michael B. J ordan]
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SAREESZ (Entity Linking) — Polysemy

o PRI

* EL based

: ) R ERUT

oln Lacal Compatibility (CIKM’07, EMNLP’07, IJCAI’09,

COLING’10...)

 EL Based

e Pair-Wise

on Simple Relations (CIKM 08, AAAI’08)
Collective EL Approaches (ACL’10)

« Graph-Based Collective EL Approaches (SIGIR’11, 14)

« Modeling

Mention, Context and Entity with Neural Networks for Entity

Disambiguation(IJCAI’2015)

* Deep Joint Entity Disambiguation with Local Neural Attention(EMNLP’17)

* Neural Cross-Lingual Entity Linking(AAAI’18)

2018/8/30
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SAREESZ (Entity Linking) — Polysemy

* Pair-Wise Collective Approaches (ACL’10)

 ldea: Model and exploit the pair-wise interdependence between EL decisions
(NP-HARD), and approximation solutions are proposed.

Space Jam

-------------------

R RS : [ Space Jam J .
[Mlchael I. Jordan

y(
13
Chicago Bulls} L Michael Jordan ]

0.82

iy

)

|

Bull J (Michael B. Jordan
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SAREESZ (Entity Linking) — Polysemy

o PRI

* EL based

: ) R ERUT

oln Lacal Compatibility (CIKM’07, EMNLP’07, IJCAI’09,

COLING’10...)

 EL Based

e Pair-Wise

on Simple Relations (CIKM 08, AAAI’08)
Collective EL Approaches (ACL’10)

» Graph-Based Collective EL Approaches (SIGIR’11, 14)

« Modeling

Mention, Context and Entity with Neural Networks for Entity

Disambiguation(IJCAI’2015)

* Deep Joint Entity Disambiguation with Local Neural Attention(EMNLP’17)

* Neural Cross-Lingual Entity Linking(AAAI’18)

2018/8/30
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SAREESZ (Entity Linking) — Polysemy

 Graph-Based Collective Approaches(SIGIR 11,14)

 ldea: Model and exploit the global interdependence by graph-based collective
EL method

...................

= —

---------------- [ Space Jam ] .
(Mlchael I. Jordan

0.66

L Michael Jordan ] '

0.82

Bull J [Michael B. Jordap

\ /
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SAR4ERE (Entity Linking) — Polysemy
o AR S R R v

» EL based on Lacal Compatibility (CIKM’07, EMNLP’07, IJCAI’09,
COLING’10...)

 EL Based on Simple Relations (CIKM’08, AAATI’08)
« Pair-Wise Collective EL Approaches (ACL’10)
« Graph-Based Collective EL Approaches (SIGIR’11, 14)

« Modeling Mention, Context and Entity with Neural Networks for Entity
Disambiguation(1JCAI’2015)

* Deep Joint Entity Disambiguation with Local Neural Attention(EMNLP’17)
* Neural Cross-Lingual Entity Linking(AAAI’18)
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SRR (Entity Linking)

wEEE
KICERRH

— Polysemy

* Modeling Mention, Context and Entity with Neural Networks for Entlty

Disambiguation(1J CAI’2015 )

SIM(Vinc, Ve)

(OOOOOC}OO\ Ve

|deas:

(1)embed mention, context and
entity in continuous vector space
to capture their semantic

Tensor L........0989 (| Tensor e representations.
. i_ _________ SIS 8 _____ __
Ve M’ﬁ: \ Um | Vew Lmﬁ;- eesisaE® Vec @The varlalble—5|zed antext are
_ | modeled with convolutional
Context c ' U U . ' Mention Entity Word Entity Class ﬂeura| networkS.

o @ o
o O o [0
J 1O d ©

Representation pzq Representation | ff Representation Representation
H S
O

H H

Qo)

After campaigning on the promise of health care reform, President Obama Barack Obama
gave a speech in March 2010 in Pennsylvania . i
Context Mention ! Entity

Example:

After campaigning on the promise of health care reform, President Obama

gave a speech in March 2010 in Pennsylvania
2018/8/30 8 1E: MREEER
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SAR4ERE (Entity Linking) — Polysemy
o AR S R R v

» EL based on Lacal Compatibility (CIKM’07, EMNLP’07, IJCAI’09,
COLING’10...)

 EL Based on Simple Relations (CIKM’08, AAATI’08)
 Pair-Wise Collective EL Approaches (ACL’10)
« Graph-Based Collective EL Approaches (SIGIR’11, 14)

« Modeling Mention, Context and Entity with Neural Networks for Entity
Disambiguation(IJCAI’2015)

* Deep Joint Entity Disambiguation with Local Neural Attention(EMNLP’17)
* Neural Cross-Lingual Entity Linking(AAAI’18)
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SCAREERZ (Entity Linking) — Polysemy

* Deep Joint Entity Disambiguation with Local Neural Attention(EMNLP’17)

context embedding '

A

weighted sum !

)

embedding matrix B

EEEE

Output:

entity - context candidate entity

A

2018/8/30

scores scores
V(e,c) =< Te, e > — 1— P(e,m,c
softmax () Cy e \ ( )
[ \
word attention’ ___ — = g
weights - -
hard attention (keep top R)
|
soft attention: max(column)
: \
€1 €3 €s
wy W Wk Input: Input:
Input: - pre-trained embeddings of  entity priors
pre-trained embeddings mention candidate entities Y .
- of context words ; - [ log p(('“”}
! Y | T
4
Pl Ao
embedding matrix A | L, Az,

£ 1E MREEE

U(e,m,c) = f(¥(e,c),logp(em))

|deas:

(Pentity embeddings

(2)a neural attention mechanism over
local context windows,

Inputs:

(Pcontext word vectors
(2)candidate entity priors
(3candidate entity embeddings

OQutputs:
(Pentity scores
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SAR4ERE (Entity Linking) — Polysemy
o AR S R R v

» EL based on Lacal Compatibility (CIKM’07, EMNLP’07, IJCAI’09,
COLING’10...)

 EL Based on Simple Relations (CIKM’08, AAATI’08)
 Pair-Wise Collective EL Approaches (ACL’10)
« Graph-Based Collective EL Approaches (SIGIR’11, 14)

« Modeling Mention, Context and Entity with Neural Networks for Entity
Disambiguation(IJCAI’2015)

* Deep Joint Entity Disambiguation with Local Neural Attention(EMNLP’17)
* Neural Cross-Lingual Entity Linking(AAAI’18)
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SCARBERE (Entity Linking) — Polysemy
* Neural Cross-Lingual Entity Linking(AAAI,18)
YN ak (1,...ky | ¢
NTN(L T’ W) o f( r W o r ) Final Context Vector
\
ldeas:
consider context to be 0000
the words surrounding
a mention within a Overall Left Context Sl'ces ofNTN y Overall Right Context
window of length n h //" Mean pooling Mean-pooling g \
/LSTK::Tﬁ L:TM/\ /\ \{\ (" M’/ e \\ N
T i \ LSTM LSTM LSTM [_STM < LSTM LSTM LSTM LSTM AM
®0 00 00 000000 oo][oo]oo [ooj[oo]@
\_ T letcontextt ) \_ w7 Le ft::vstxt /\ Rghr::utxu W22 ) \ Rghr::ﬂtext iz /
97
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SARBE P2

Correct | Incorrect
Link Link
(C=1) (C=0)

Softmax(Wyh + by)

A h=a(W,S+ by)

o/oe/e o o0 00 o0

Cosine features LIEL features LDC Vectors ‘Query Cix

/ g
(mpcvm )/
Layer L/

Y i

(XJ

WikiCtx

2018/8/30
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(Entity Linking) — Polysemy

* Neural Cross-Lingual Entity Linking(AAAI,18)

|deas:

LIEL

(1)“how many words overlap between the
mention and Wikipedia title match?”

(2*how many outlink names of the candidate
Wikipedia title appear in the query document?”
LDC

S=1[s1,..., sm], T=[tl, ..., tn]

S:source context ,T:Wikipedia paragraph T

For each word si in S, finds a matching word s”i
from T, for each tj in T, finds a matching word
t7)in S.

MPCM

train weight vectors to re-weigh the
dimensions of the input vectors and then
compute the cosine similarity.
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SeAREERE (Entity Linking)

2. Synonyms (Zid— X))

E.g.: Barack Hussein Obama(USA president)
m.02mjmr(Freebase)
Barack_Obama(Dbpedia)
i1 3% 338 A - B B2 I,(CN-Dbpedia)
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SREERE (Entity Linking) — Synonyms

« Approaches for Solving Synonym Problems

« String-matching based methods (CITISIA’09)
« Edit Distance, Jaccard, Cosine, Hybrid Metrics...

* Collective alignment methods (VLDB’11, SIGKDD’13)

 Use various information of entities such as Properties, Relations, Instances to construct a
probabilistic matching model

 Based on structure similarity only (CCKS’16)
» Whole Knowledge Base Embedding
 Top-k String Auto-Completion with Synonyms.(DASFAA’2017)
* trie-based algorithms, auto-completion
« Automatic Induction of Synsets from a Graph of Synonyms. (ACL’2017)

* graph-based approach that induces synsets using synonymy dictionaries and word
embeddings.
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SREERE (Entity Linking) — Synonyms

 Based on structure similarity only(CCKS 16)

* ldea: (1)give some initial alignments(seed entity alignments); (2) learn the
embedding of the two KBs in a uniform embedding vector space connected by

the seed entities “bridge”

Entity is a point(a low

n) () (t dimensional vector)

h)lr )it 815 Aoy e vy

@IE w WAFAT byqg -+ bji| relation is
. . . . interpreted as

an operation(a

i . 171 RIS l’ii matrix)
kbl kb2 ] ]
% 4 % “ triplet (h,r,t) — d(htr, 1)

Fig. 2. Selecting seed entities in two KBs.
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SEAREERE (Entity Linking) — Synonyms

M wEEE
KICERRH

 Top-k String Auto-Completion with Synonyms.(DASFAA’2017)

* propose three data structures to support efficient top-k completion

queries with synonyms for different space and time complexity trade-offs.

Search string:abmp

dictionary trie rule trie
3
3 £
m
1
n

‘Iter. ‘ Pra ‘ Pre |Note
1 |Pop first element from queue: m =  (root of Tp), pr = abmp
1.1 |[ev'  |abmp x| is found in Tp, but abmp is not found in 7r.
1.2 la v bmp x |a is found in 7Tp, but bmp is not found in 7x.
1.3 labv' |mp v |mpis found in Tx. The target of its links are ¢ and abc. abc is the
correct link target. Push it to queue.
1.4 |abm X Break loop.
2 |Pop first element from queue: m = abe, p,- =)
2.1 |abe v |0 Node abc is a leaf, so add it to result set. p,. . 1S empty, so push all
children of abc to queue (but it has no child).
3 |The queue is empty. Therefore the final result is “abc”.
2018/8/30 %1 & ANREER

ad

Dict. strings:
(abc, 5)
(cde, 2)

Synonym rules:
bc — mn
c —mp

Fig. 2: TT example
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SEAREERE (Entity Linking) — Synonyms

* Top-k String Auto-Completion with Synonyms.(DASFAA’2017)

Example:

Andy Pa P IL2 ’
Andrew Pavlo Interleukin-2

Andrew Parker Interleukin-2 biological activity
Andrew Packard Interleukin-2 and cancer

Given three dictionary strings D including “Andrew Pavlo”, “Andrew Parker” and “Andrew Packard”
and one synonym rule R = {*Andy” — “Andrew”}. If a user enters “"Andy Pa”. Then all three strings

are returned as top-3 completions.
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SEAREERE (Entity Linking) — Synonyms

« Automatic Induction of Synsets from a Graph of Synonyms. (ACL’2017)

* (Dbuild a weighted graph of synonyms extracted from commonly available
resources.2)apply word sense induction to deal with ambiguous words. (3cluster
the disambiguated version of the ambiguous input graph into synsets.

— Learning
‘ E— Word Embeddings Local-Global Fuzzy Graph Clustering
Word l Ambiggous Disambiguated

Background Corpus __ """~ Sense Inventory
Similarities

Weighted:Graph Weighted Graph :
. : Local Clustering: Disambiguation of Global Clustering: :
——| Graph Construct —_— N e —p -
raph Construction : |Word Sense Induction Neighbors Synset Induction |: 8

.
LTS

Synonymy Dictionary Synsets

Figure 1: Outline of the WATSET method for synset induction.
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T ARIRKE

* BRREIE: Rﬁﬁ INESTOp
X BRIV BHETRS

%%Eﬁf

* BURRERK

N

N

&X

2018/8/30

« BMELL
« JCZAHRLK
ERERIEN N

B M {ETRAK o)

S

= (Missing Data)

XH SR R8I

%6 & MAEIERERET

wEEE
KICFRRHY

107



HmER PR

K1l

N

B3 Microsoft Excel - Summary_ERC_ProcRepresMethods.xls
l%] File Edit View Insert Format Tools Data ‘Window Help Adobe PDF

HRN=N" B IE= BN A R N =N A R ARl NS T A X -

I [t i B e WL | < | (A =y @ | ¥ Reply with Changss... End Revieww.., ! : Arial

Al

v # Subject
A B C D E F

1 |Subiject SexF1M2 Age WorkExperience | EASGENIC EASGEN2C
| 2 | 1 1 24 2 5} 5
535 2 1 24 5
| 4 | 3 2 34 5} 5}
[E53) 4 2 5}
| 6 | 5 2 44 2 B
| 7 | B 2 24 5}
1 8 | Z 1 29
RS 8 1 23
10| 9 2 26
| 11| 10 2 5
112 | 1 2 25 5}
| 13 | 12 2 26 5
14| 13 1 1 5

15 | 14 2 29 5
1 16 | 15 1 27 ] 5}
|17 | 16 1 28 5} 5
1 18 | 17 2 28 5} 5}
| 19| 18 1 36 1 3 3
|20 | 19 2 5} 5
| 21 | 20 2 23 3 5} 5
| 22 | 21 2 23 1 B 5
| 23 | 22 2 3 1 5} 5}
24 23 2 28 5 5} 5
| 25 | 24 2 28 5} 5}
26 | 25 1 27 2 5} 7
| 27 | 26 2 20 5 7
|28 | 27 2 22 4 5} 5
|29 | 28 2 2 1 2
| 30 | 29 2 3 1 2
| 31| 30 2 22 2 5 5
132 | 3 1 22 3 B 5

33 32 1 23 7 5 3

I« » »hQuantRaw / QuaRaw { QuantNoMissval / QuantNoMissvalPLS / EFA_Alphas /  Qu:

Paxaxl

%6

-
=

BHRREIE
HEIER (%
ESE) =EIL
SRS, 2
B 174
AR FIUE Y
& D [e] L

D AR R E R
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— MMEA
P& A BRI

* UCI,
R

UCl

Machine Learning Repository

Center for Machine Learning and Intelligent

Browse Through: 394 Data Sets

| Default Task |

Classification
Rearession (74)

Clustering (87)
Other (54)

Attribute Type

Categorical (37)
244

Data Type

Seguentlal (40)
Time-Series (75)
Text (37)
Domain-Theory (22)
Oth

[Life Sciences (89) |
Physical Sciences l47|

CS / Engineering |
Social Sciences (23)

Less than 10 0y
10 to 100 (1

Greater than 100 1 00 |Greater than 100 (67) |

100 tn 1000 (127

2018/8/30

B 7 > UL

\

7/

(=] Repository ® web

Regression,

Table View

About Citation Policy Donate a Data Set Contact

View ALL Data Sets

List View

3D Road Network (North Jutland., Denmark) Sequential, Text Clustering Real 434874 4 2013
AAAI 2013 Accepted Papers Multivariate Clustering 150 5 2014
AAAI 2014 Accepted Papers Multivariate Clustering 399 B 2014
‘ Categorical,
Abalone Multivarniate Classification Integer, Real 4177 8 1995
Abscisic Acid Signaling Network Multivariate Causal-Discovery Integer 300 43 2008
ivi Multivariate, Sequential, || Classification,

Using Binary Sensors Time-Series Clustering T 20
Activity Recognition from Single Chest- Univariate, Sequential, Classification, Real 2014
Mounted Accelerometer Time-Series Clustering

Activity Recognition system based on Multivariate, Sequential, Elssairesiian Real 42240 6 2016

Multisensor data fusion (AReM)

Time-Series

FO6E

D R EE R

=

1=l
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AR NRE
« #EPRKME (unknown) #4t
« ¥HE (mean) BRK
o Tk (close-fit) &R

% BERERRBIENE
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H A9

B 5T BIABUA

- BAY: REBRRRREUEE NN
—IrEx

SR K B FHERMR L ERHE (Data Imputation)
c EHT I ITEMANIT=8UE
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* Data Imputation based on Local (Small) Data
* Model-based, Rule-based

* Data Imputation based on External (Big) Data

* Crowdsourcing, Web List/Tables, Surface Web

* Hybrid Data Imputation Approaches
* Web + Rules, Web + Crowd

2018/8/30
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Model-based Imputation Overview

» [ 34N 4% (Regression-based Imputation)
« &M O3 (Liner Regression) (CSDA95)

« KIT4REIVT (K-Nearest Neighbors) (HIS02)

« REMENE (Decision Tree-based) (KDD96)

e R ARANAIETHE (Maximum Likelihood)
« HALEHx A {4k kM| (Expectation Maximization, EM) (RSS77)
BENERINGE

s ZEIEE BEURSREMXK, 2L ZRE o
« PMMJ% (Predictive Mean Matching) (SAGE97)
« @B/ %L (Propensity Score) (SAGEQO)
s OIRBIXERTFRFEE (Markov Chain Monte Carlo, MCMC) (ASTAOQS8)

Limly

AN



Rule-based Imputation with FD/CFDs
« MU - B IE B X R

 Functional Dependencies (FDs)

 {country-code, area-code} — {city} means “attribute city depend on
attribute country-code and area-code”

 Conditional Functional Dependencies (CFDs)
. {Country—code=01 zip} — {street}

T e N N

1111111 Mike Tree Ave. 07974
01 908 1234567 Rick NYC 07974
01 212 5675765 Joe Elm Str. 01202
01 212 2345155 Jim Elm Str. CA 01202
44 131 2455325 Oak Ave. EDI EH4 1DT
44 131 Lan High St. EDI EH4 1DT

2018/8/30 86 = MREEREES
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* Data Imputation based on Local (Small) Data
* Model-based, Rule-based

* Data Imputation based on External (Big) Data

* Crowdsourcing, Web List/Tables, Surface Web

* Hybrid Data Imputation Approaches
* Web + Rules, Web + Crowd

2018/8/30
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Crowdsourcing-based Approaches

* Crowd B 4T

« BENRRIGELFTEtupleFXRBELE, ERENTXREES

 BATEEWNMESKHEREBESGPRAERETA
*E?E’FH?%%’:/EE (Ez/HEN) mFEITANTAIERN

R

* A%%l]\ﬁk@IAm EIREA Missing data
. AR, A OIEAERE DALASET S g oW

s TEHEMAHAREIATH, BRAETS
Survey
G‘ - Question




wEEE

KICREHR
Crowdsourcing-based Approaches
* CrowdFill& 5z
. FRTFMERI BT AZAEMES )
7]‘%* [ Web Interface ]
° CFOWdFI” ﬁﬁ;ﬁ% EAA@IA /\ table specs, paymentl ‘results collection
partially- fllledi'@f% task setup, ———
* BORET ARSI PSEREAZES, F payment |
T[//(XT;H\:{'@IAE/]iE%I\iﬁlJ]\ %j-% #’/ﬁ': up | | B — E;
VOting ﬁ%dOWﬂ VOtmg- c;j::i;f:lr;;g " Central Execution » Database
* RGFENETRULAZ TEF A TMES- _ U:"E"t \ Sonecr
o« ff acomptance § i | v

Worker
Client

° ?ﬁ%% T //\k@ig%l\)jﬁ% *-"'::’:?fhir ‘uﬁlﬂr@ ‘uglcrkt:r
c 1B 7 AREIEAMI R
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Crowdsourcing-based Approaches

 CrowdsEBfh &

 CrowdNFF##RPTE K )L,
X {E A Knowledge Base (KB)IE%MNY
4 B 5E AGE*D o

« SR
o 1. SEEEURENKB, BH|ZEKBHILE

Missing Value

Detection

{0

Pattern

Mining

Table
Patterns

>

ﬁj&g& éﬁ?& E,] pattern Kzil\fltee;ge Kljtgxgiiiiige p
¢ 2 %-IJ FH pattel’ﬂS}A KB I:FI zj(EX—LB \ﬁkgi*i Base | FiI;er <
1
.+ 3 KBEAT ARSI T AR —_—
@ M é ;TE. . o Selection
* L= |

. Crowdsourcing
j(j(/}_kll\ @ﬁkj& Platform
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Imputation From Web Lists/Tables

* M\WebZE#M L5 58

FHFHER

(a) Augmentation By

(b) Augmentation

(c) Attribute

IR

ﬁk 5’& ;E&:}'E Attribute Name By Example Discovery
. i : Model| Brand S80 | Nikon S80
. Iﬁiﬁ}j% I_&T%?)—E S80 A10 | Canon A10
RIEBLHY = Input | A10 GX-1S GX-1S
« KIEFEM (ueY) GX-1S T1460 T1460
171460
- L=
Yaranlie o
* B R IRE Model| Brand | | S80 | Nikon || brand | make
s HES S80 | Nikon | | A10 | Canon | | manufacturer | mfr
output |_A10_| Canon | |GX-1S|Samsung resolution | mp |
* NE Table |GX-1S|Samsung| |T1460| Benq megapixel | res
 HERER e | et pro
E g 'fA_lu\ﬁr %:E”E i*@ 'T't EUDHE'ICJDC:][:tical

EEH
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Question ...

 Could we get missing data from the whole Surface Web?

* What tools could be leveraged?

« Web search engines: Google, Bing, Baidu
 Finding the web pages containing the missing data

* Information Extraction + NLP tools
* ldentifying the exact missing data from the web pages

2018/8/30 % 6= MREEREET 119



WebPut: Web-based Data Imputation

» WebPut: \Web-based Data ImPutation.
 Retrieve missing attribute values from the web

 The premise underlying WebPut:

1. Missing data values are accessible on the Web

2. All data values In a table are consistent

Tuple
Consistency

2018/8/30

Column
Consistency
| Name | Email | Title | Uni. | State |
Jack Davis jdavis@mit.edu Professor MIT MA
Tom Smith | tomsmith2@cs.cmu.edu CMU PA
Bill Wilson Doctor UIUC IL
Bob Brown bbrown7 @yale.edu A/Professor | Yale NY
Ama Jones Ms CA
lank @ucla.edu

%6 % HMIREEREET
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WebPut — The Big Picture

Goals:
Effectiveness — high imputation accuracy;

Efficiency — as few imputation queries as possible.

Challenges:

How to formulate effective imputation queries? @

How to choose queries for one blank?
How to schedule the imputation of multiple

Web search engine

| blanks?

Name Email Title Uni. | State
Jack Davis jdavis@mit.edu Professor | MIT | MA
Tom Smith | tomsmith2 @cs.cmu.edu CMU | PA
Bill Wilson Doctor UIUC | IL
Bob Brown bbrown7 @yale.edu A/Professor | Yale | NY
Ama Jones Ms CA

lank @ucla.edu

2018/8/30

Query Formulator

WebPut

M .
C—— Information
Extraction

% 6F MIRENERERT
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Query Formulation: Pattern Based

2018/8/30

S8

| Name | Email | _ _ _
Jack Davis jdavis@mit.edu IﬁearnT%Qqew' .fagk ,!M' I;niarnlngﬂ?zuery. Tom grr,llth
Tom Smith | tomsmith2@cs.cmu.edu avis + jdavis@mit.edu omsmith2@cs.cmu.edu
Bill Wilson B B
... question, please ..., please feel free to
i”gﬂ ;mgﬂ fo send email to Tom
{E o a‘f*“-‘@m# - Smith (Email:
mar. jdavis 00, — tomsmith2@cs.cmu.edu) —

Sometimes, no pattern
Is learned!

Sometimes, the pattern
Is too strict to find
missing values!

Pattern: || send email to [NAME] (Email: [EMAILY])

Im ion ; . . :
<Bill Wilson, 7> g%ﬂ&a&;w »| “send email to Bill Wilson (Email: + )"

T ~

Fill

... send email to
Bill Wilson (Email:
illwil juc. - ——
billwilson@uiuc.edu Extract billwilson@uiuc.edu)...

e
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Query Formulation: Co-occurrence Based

| Name | Email | Title | Uni
Jack Davis jdavis@mit.edu Professor | MIT
Tom Smith | tomsmith2 @cs.cmu.edu CMU
Bill Wilson Doctor UIUC
Bob Brown bbrown7 @yale.edu A/Professor | Yale
Ama Jones Ms

2018/8/30

Co-occurrence Based can
find more missing values

In WebPut, we use both
methods

Learning Query: “Jack M.
Davis + Professor + MIT”

S8

Learning Query: “Bob
Brown + A/Prof. + Yale”

MIT — Department of Electrical
Engineering and Computer
Science — Faculty List....

Jack M. Davis

and Engineering in the. —

Professor of Computer Science —

at

Joined Yale Faculty 1982...
Office location....

Telephone: ...

Bob Brown is an A/Prof. of
computer science department
Yale, ... —

— /_
Context Faculty, department
Terms:
Imputation Query “Ama Jones + Ms. +
na Jones, Ms., 7> eormiaton > (Faculty OR department)”
—
L UIUC — Department of
computer science...
UIUC = Faculty ...
Extract Prof. Ada Janes ]
Ms. Ama Jones -

$£6: \//_
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M ENL S BITLE DD

« EFRulesty 77k
« L recalltbIR(K
« 5 precision® s, HIREM
FWebaJimputation
« LH. FTHF HwebFH IR
* HH
s TEREXRENEE, EFHREGEERS|E
o TJRES| AWebHF IR
« HFCrowdlJimputation
c LHE: EHERS

« L crowd i ARS

- ERKHE, EE?

2018/8/30 % 6= MREEREET 124

— )

H-j]]t




M wEEE
KICERRH

Overview

 Data Imputation based on Local (Small) Data
* Model-based, Rule-based

 Data Imputation based on External (Big) Data

* Crowdsourcing, Web List/Tables, Surface Web

 Hybrid Data Imputation Approaches
* \Web + Rules, Web + Crowd
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Hybrid Approach 1: Web + Rules
{RE T4 EFD/CFDsHIIE K :

A B C D E F B
Tl 81 bl Cl d1 el f1 A \E -
T4 a5 e | f, 9
Ty 84| b3

T5 a5 C3 d3 (b) Dependencies between Attributes

Perform inferring only: Fill 3 blanks at T1[E], T1[F], T2[B] only.
Perform retrieving only: Need 13 retrieving operations.

A simple hybrid way(inferring first, retrieving second): Still issue 10 retrieving
operations.
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Hybrid Approach 1: Web + Rules

EFFD/CFDs+WebfyIE %} :

A B C D E F B
Tl a; by | cild, | e|f, \
Tda)|bijc|di|e|fy ’ T
Tg ag|b, | c,|d, | €T 9
Ty 8a]b3|cy|ds| &1,
T5 dg b3 Cj d3 €, f? (b) Dependencies between Attributes

The 1%t Inference: T,[E], T,[F], T,[B]

The 1t Retrieving: T,[B], T-[B] Only require 5 retrieving operations
The 2" Inference: T,[C], T,[D] Problem:

o How to Identify an optimal scheduling scheme?
The an Retl’leVIng T3[C], T3[D], T4[E] e Maximum Reca“’

* Minimum Retrieving Times
The 3 Inference: T,[F], Tc[E], T:[F]

2018/8/30 8 6Z MREEREES 127



M wEEE
KICERRH

Hybrid Approach 1: Web + Rules

« We hope to retrieve those un-inferable values only!
1. Building Inference Dependency Graph

« 2. ldentifying Nodes for Retrieving from the Graph
TaB] T3C] T3[D] [04___

o) [0 [od

I 3 3

El
Bl
—

T4[C] TaD] T4E] T4[F] . %
o7 010
o or
<~ 1
—
Ts[B] Ts[E]  Ts[F] ;
o111 012 013
for o2
(a) Step 1. Denote Missing Values as Nodes (b) Step 2: Put in all Possible Edges
[E££'= = 05 06 05, 06
07, 08 = 09—= 010 Q9r—* 010
o011 = 012—* 013 Q12—= 013
(c) Step 3. Simplify the Graph (d) Graph at the 2" Retrieving Step
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Hybrid Approach 1: Web + Rules

* Data Sets: Two real datasets (Personinfo and DBLP).

2018/8/30

F1 Score

Fig.

#Queries(*10°%)

3.

1 T T T T T T
0.9 S

0% m g _: —a—g 9
0.7 ——

0.6 =, L | |
0.5 inferRdles =% — _
o o
R T = —
0.2 WebPut o kK
G'EJ 1 TFINP 1 | 1 1

0510 20 30 40 50 60
Missing Ratio(%)

(a) Personlnfo

400 =

Comparing the F1 Scores on Two

IF{elrie'ving—t'}asetlI i
TRIP —&

300 |
B3

200 | =

-
-

|

100 =
L_‘— Y = R
0 ‘-! '* — + 1 L 1 1

1510 20 30 40 50 &0
Missing Ratio(%5)

(a) Personlnfo

i — - T T T T
oMy g4 4 a a -
08 Fiy R m-m
S 06 ﬁ'ﬁ_l—: : i
0.5 InferRofes —g—tg—{ 1
@4 GkNN B ]
L g3 InfoGather —il ]
0.2 WebPut —= ]
01 TRIP —&— ]

0 11 1 1 : . !

0510 20 30 40

Missing Ratio(%%)

(b) DBLP

Real Data Sets

50 &0

500 T 1 T T T T 1
Retrieving-based ——+—
&= 400 [ TRIP —& .
=
& s} e
5 200} - .
o P
100 A — A A
" T A A
[ L S— I I 1 I
1510 20 30 40 50 60

Missing Ratio{%:)

(b) DBLP

% 6% ARERRERH

Fig. 4. Comparing the #Queries of the Retrieving Method and TRIP

$8d
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Hybrid Approach 2: Web + Crowd

* Web-based method
* Advantage: almost free sources on the Web

* Disadvantage: also some missing values we can not capture from the Web and need
a certain amount of human knowledge precison and recall

_& ’ :o_,\-;‘

BOMPLEX

* Crowdsourcing-based method
* Advantage: higher precision and recall than the Web-based method
* Disadvantage: need to pay the crowd worker high reward
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« XMW E (Type Assertions)

« FLFNEREIIN (Internal Knowledge-based)
« SDType (ISWC’13);
* Neural Joint Learning (PACLIC’16);
« Path-CNN (WISE’18);
« and some other methods.

« JEFAPERHIIR (External Knowledge-based)
* Tipola ISWC’12);
* Classifier based on Wiki Links (LDOW’12)
« Crowdsourcing (APWeb’18)
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TN ERFIR CInternal Knowledge-based )

« SDType: using Statistical Distribution of types in the subject and
object positions for predicting the instance’s types.

Table 1. Type distribution of the property dbpedia-owl:location in DBpedia

Type Subject (%)|Object (%)
owl:Thing 100.0 88.6
dbpedia-owl:Place 69.8 87.6
dbpedia-owl :PopulatedPlace 0.0 34.7
dbpedia-owl:ArchitecturalStructure 50.7 0.0
dbpedia-owl:Settlement 0.0 50.6
dbpedia-owl:Building 34.0 0.0
dbpedia-owl:0rganization 29.1 0.0
dbpedia-owl:City 0.0 24.2

P(?x a dbpedia-owl:Place) = 0.698
x dbpedia-owl: location :y {assign

P(?y a dbpedia-owl:Place) = 0.876
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— — s 1mplementation
dbpedia:Mannheim dbpedia—owl: dbpedia: Te== YE
federalState Baden—Wurttemberg @ Input data deopedia:Mannheim |dbpedia-owl:FPlace
dbopedia: dbpedia—owl: dbpedia:Mannheim P dopedia:Mannheim |dbpedia-owl:Town
Steffi:Graf birthPlace
rescurce predicate frequency @ type apriori
dopedia: dopedia-cwl: |1 Com te baS|C probability
IRl fEElEEELEENE pu dbpedia-owl:Blace | 0.3337534
Sl Fop=ie=mroE el dlStI’IbUtIOﬂS dbpedia—owl:Town |0.0523772
Mannheim birthPlace™ -
predicate weight Compute We|ghts predicate type probability
dpbedia—owl: 0.3337534 4 dbpedia-owl: |dbpedia-eowl: |1.0000000
federalState and Condltlonal federalState |Place
dopedia—cwl: 0.0523772 probab|||t|es dbpedia-owl: |dbpedia-owl: |0.17603%0
birthPlace™ birthPlace™ |Town
Tt @ Materialize missing types |- -- e
resource type SECOore
dopedia:Heinsberg |dbpedia—owl: 0.8656929
Flace
dbopedia:Heinsberg |dbpedia—owl: 0.81109%6
PopulatedPlace
2018/8/30
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 Neural Joint Learning

Input: a Wikipedia article

Output:
S Lok Labeler Named entity label(s)
WYan e
Swan Lake, Op. 20, is a ballet Baseline Features
ed b otr Ilvich +* * Morphsin title :
%Lnaﬁssvskyyi:y] §75-76. Despite its P e Wittt and Person - No
initial failure, it is now one of the cle. l multi-task gﬁf‘e ies
learning with w es
most popular of all ballets. Entity Vectors o 2 .
Categories: Ballets by Pyotr Ilyich _ neural networks
Tchaikovsky | 1877 ballet premieres | F, - Learnedin advance e
1876 compositions|... | VN e, e
r— Texts from whole Wikipedia — Person Country Book — Mountain
... the: first stage production , i o
of Tchaikovsky's ballet Swan : "-ffd
Lakeand... Skip-gr : :
' sballet Swan model Suanlake{ QO O \) :
Lake premiered at the theatre on 5 '
4 March 1877. ﬂle.umum ; OODP?‘F? :
0 npul Fealures .
Some examples of classical ballet . P o
are: E*E'EEI I aha IDEE IIE[ﬁEEﬁ[ : --------------------------------------
and Sleeping Beauty.
L .

Figure 1: Automatic assignment of NE labels to Wikipedia articles based on multi-task learning and vector
representation of articles

M. Suzuki et al. Neural Joint Learning for Classifying Wikipedia Articles into Fine GrainedNamed Entity Types , PACLIC'16
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1>||

e Path-CNN

title-labels E
\ info-boxes cmwd-lﬂbtls/

@

type information

(Jay Chou, Singer)

(entity, type) pairs
— - @

— ®
Types with - Path-CNN model

attributes

@ Incorrect

\J

(New York, City)
(Peony, Flower)

(entity, type) pairs
—

R

Feature map 1-max pooling output

Fig. 1. Workflow.

m wEEE
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SN ERZTE Cinternal Knowledge-based )

FR':

(1) Getting Core Entity-Type Pairs.

(2) Type Attributes Inference.

(3 Building Information Graph.

(4) Getting Incorrect Entity-Type Pairs.
(5) Training Path-CNN Model.

© ldentifying More Type Information.

M. Hao et al. Mining High-Quality Fine-Grained Type Information from Chinese Online Encyclopedias, WISE'18

2018/8/30
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1]]

l-max pooling

sigmoid function

regularization

~

N
activation function
convolution i 1
path set 3 kernel sizes: 3 feature maps
matrix (6, 128, 1) fc-'r each
(8. 128. 1500} (4, 128, 1) {-‘ZHI!{}',.IyPE)
(2,128, 1) pair

univariate vectores
concatenated
together to form a
single feature
vector

Fig. 3: The Architecture of the Path-CNN Model.

M. Hao et al. Mining High-Quality Fine-Grained Type Information from Chinese Online Encyclopedias, WISE'18

2018/8/30
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2 classes

8%

SN ERZTE Cinternal Knowledge-based )
 Path-CNN
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 Training a Classification Model (e.g., SVMs)

» E.g., Exploiting interlinks between the knowledge graphs to classify instances in one
knowledge graph based on properties present in the other.

« Association Rule Mining for predict missing information.

» Exploit association rules to predict missing types in DBpedia based on such redundancies.
 Using Topic Modeling for type prediction

» E.g., LDA is applied to find topics for documents of entities.
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« XMW E (Type Assertions)

« FLFNEREIIN (Internal Knowledge-based)
« SDType (ISWC’13);
* Neural Joint Learning (PACLIC’16);
« Path-CNN (WISE’18);
« and some other methods.

« JEFAPERHIR (External Knowledge-based)
* Tipola ISWC’12);
* Classifier based on Wiki Links (LDOW’12)
« Crowdsourcing (APWeb’18)
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FETF A EBFIA (External Knowledge-based)

 Tipalo Algorithm: identifies the most appropriate types for an entity by
Interpreting its natural language definition.

| @ Word sense disambiguation engine (UKB)

Assigning a WordNet type to an entity

Y

3

Definition
extractor (%)

2

"INLP deep parser

FRED

L 4

F

Type

\

~——

selector (*)

Y

Word sense di
en

¥
UKB
sambiguation

4

@ Selection of types and type-relations from the OWL graph

ID |graph pattern (GP)

inferred
ioms

ax-

gp1 |e owl:samels = && = domain:alias0f y && y owl:sameAs z && z rdf:type C

e rdf:type C

gpz|e rdf:type = && z owl:sameAs y && y domain:aliasOf z && w owl:samels z
&& w rdf:type C

e rdf : type C

gps|e owl:samels r && =z [r] y && y rdf:type C

e rdf :type C

gpal|e owl :samels = && = rdf:type C

e rdf:type C'

gps |e dul:associatedWith = && x rdf:type C

e rdf : type C

gpe|(e owl:sameAs = && x anyP y && y rdf:type C) || (e anyP = && z rdf:type C)

e rdf:type C

wt:chess_grandmaster_1

\

WV

y

Y

rdf:type

A//

wt:VladimirBorisovichKramnik
owl'san eAs/

gp4

™

% S

Ny

23 Y I 5 |
Type matcher (*) Wikipedia class
> 4 e~ taxonomy ()

Wikipedia entity
types (*)

®) Identifying other Semantic Web types

wt:RussianChessGrandmaster wt:ChessGrandmaster wt:Grandmaster
rdfs:subClassOf rdfs:subClassOf

Fig.3. FRED result for the definition “Vladimir Borisovich Kramnik is a Russian
chess grandmaster”
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FETF A EBFIA (External Knowledge-based)

» Classifier based on wiki Links
« using Wikipedia link graph to predict types in a KG
« Interlinks between Wikipedia pages are exploited to create feature vectors, e.g.,
based on the categories of the related pages.

L mra 79 XBOX ONE
link link
redict
Call of Duty: Infinite Warfare p— _
Call of Duty: Ghosts link ,
link
@inﬂywﬂm

Nuzzolese et al. Type inference through the analysis of Wikipedia links, LDOW'’12
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FETF A EBFIA (External Knowledge-based)

« Crowdsourcing

Il 588 SR
| contimenpes omon 1. Generating Candidate Types: SDType
® Gememing [ O[] Ewiyselection [ | crowdsourcing 2. Selecting Entities for Crowdsourcing
Candidate Types gt G Algorithm Micro-tasks -
e, * a greedy-based algorithm based on
LY S e
* *"“'L l the expected utilities
om—— 5 3. Inferring Types Using Crowdsourcing
n rowdsoure A

Z. Dong et al. Using Crowdsourcing for Fine-Grained Entity Type Completion in Knowledge Bases, APWeb'18
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« =AM (Relation Prediction)
« FFPEIFNIIR (Internal Knowledge-based )
- Neural Tensor Network (NIPS’13) ; Mining Association Rules(ISWC’15)

« JEFAPERHIIR (External Knowledge-based)
» Matching HTML Tables to DBpedia(WIMS’15); and some other methods
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 Neural tensor network is suitable for reasoning over relationships
between two entities.

Knowledge Base Word Vector Space Reasoning about Relations
| Reatiomhaspart__ &
Relation: has part 1 Confidence for Triplet
cat tail """ | Eye

dog leg leg

Relation: type of —

tiger cat
leg limb

Relation: instance of

Bengal (Bengal tiger, has part, tail)
Does a Bengal tiger have a tail?
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* Mining Association Rules for predicting relations.

« Mining of association rules which predict relations between entities in
DBpedia from Wikipedia categories is proposed.

- (Stephen Smith, occupation, mathematicians)
20th-century mathematicians

(Stephen Smith, occupation, philosopher)

Philosophers who committed suicide

(Stephen Smith, graduated, Alumni of King's

Alumni of King’'s College, Cambridge College)

2018/8/30 86 Z. FRENERELT 146
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« =AM (Relation Prediction)
« BT PEEFIIR (Internal Knowledge-based)
« Neural Tensor Network (NIPS’13) ; Mining Association Rules(ISWC’15)

« JEFAPERHIR (External Knowledge-based)
« Matching HTML Tables to DBpedia(WIMS’15); and some other methods
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[BULION

S1: Chicago 1s located in the
United States.

{<Chicago, country, United
States>}

Chicago United States

&——0

country

OdH

S2: News of the list’s existence
unnerved officials in Kharloum,
Sudan ’s capital.

{<Sudan, capital, Khartoum>,
<Sudan, contains, Khartoum>}

Sudan capital Khartoum

contains

04dsS

S3: Aarhus airport serves the
city of Aarhus who's leader 1s
Jacob Bundsgaard.

{<Aarhus, leaderName, Jacob
Bundsgaard>,

<Aarhus Airport, cityServed,
Aarhus>}

Jacob Bundsgaard

Aarhus Airport

2018/8/30

 Extracting Relational Facts by an End-to-End Neural Model with Copy Mechanism, ACL18

E Extracted triplets {<Capital Sudan Khartoum=>, < Contains,Sudan,Khartoum=>} G-

19p0RN(

Attention Vector ¢;

= = B P [ ) 5 v o g
§ = & £E “ & E 5 - g £ - £
’ g 3 B 2 g E
- T :
Encoder

Figure 2: The overall structure of OneDecoder model. A bi-directional RNN is used to encode the
source sentence and then a decoder is used to generate triples directly. The relation is predicted and the
entity is copied from source sentence.
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(H1iH (External Knowledge-based)

« Matching H

"ML Tables to Dbpedia

 Challenges:
« pairs of table columns have to be matched to properties in the DBpedia ontology
* rows in the table need to be matched to entities in Dbpedia

e Solution:

« evaluated on a gold standard mapping for a sample of HTML tables from the
WebDataCommons Web Table corpus

<University of Oxford, present_president, Andrew D.

Hamilton >
University of Oxford Andrew D. Hamilton

<University of Oxford, present_president, Andrew D.

University of Cambridge Leszek Krzysztof Hamilton >

Borysiewicz - .

<University of Oxford, present_president, Andrew D.

. . : Hamilton >

University College London Michael Arthur
2018/8/30 £ 6E MREEREET 149
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FETF A EBFIA (External Knowledge-based)

« Distant supervision with a large text corpora;

 Step 1: Seed Entities in the knowledge graph are linked to the text corpus by
means of Named Entity Recognition

 Step 2: Seek for text pattern which correspond to relation types
« Step 3: Apply those patterns to find additional relations in the text corpus
A Bootstrapping way with starting seeds in KG.

 Based on web search engines:
 Discover frequent context terms for relations

* Use those frequent context terms to formulate search engine queries for
filling missing relation values.

 Based on another KG
« Using Interlinks between KGs to fill gaps and do knowledge transfer

2018/8/30 % 6= MREEREET 150
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Are All People Married? Determining Obligatory Attributes in Knowledge Bases, WWW18

WrRE&E: HEMRARERRSHLFT RN . Actor

BRATER: -
BB ETHSNRRE MRS LE B (¢ +)) pirctor
. BRI

» RRAIREN AT EMEAEMAENBXTE " =hasSpouse " mactedin
IEéi/)j />j ﬁ\ﬁ E/\J Figure 1: Examples of attributes and classes.
© MR—TEMAERNMSHOMRBE, ma

Heehomrs, WdHEC—ER ED
WRABRIB SN BB
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Are All People Married? Determining Obligatory Attributes in Knowledge Bases, WWW18

Generalization Rules:

A generalization rule for a KB K is a formula of the form Person {ictor
A S B, where 4 and B are classes of K, subject sets of K, or
intersections thereof. c) Director
e.g.
Presidenty < presidentOfy " =hasSpouse = =actedIn
| AN Bl Figure 1: Examples of attributes and classes.
conf(A € B) = Al

Confidence Ratio :

conf (c\c'E pk)

K/. .\ _
Sp (&) conf(cnc'Spg)
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Are All People Married? Determining Obligatory Attributes in Knowledge Bases, WWW18

Algorithm 1: ObligatoryAttribute

Input: KB K, class ¢, property p, threshold 6,

threshold 8" = 100
Output: true if ¢ € pqy 1s predicted
if [c N pg| < 0 then
2 return false

(]

for stable class ¢’ do
4 if |Iﬂg{s§{c,c'}}| > log(f) then
5 L return false

Taba

6 if Eﬂg(sff(cﬂc]] > log(f) then
7 L return false

8 return true

2018/8/30
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San Zhang Soochow Uni. Soochow China
Si Li Soochow Uni. Hefei China
Er Wang Soochow Uni. New York USA
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. %?%MQU f) 5% Quality Rules/Constraints:

FDs/CFDs: e.g., “(University -> City, 0.98)”

Identify inconsistent data in Conflicts, choose a minimum change
User-Defined Quality Rules: e.g., change all capital into lowercase
Inconsistency Data != Erroneous Data

* Minimum Change !'= Correct Change

o LK) F7: Machine Learning Models:
 Learn models with the existing data for data cleaning
« Can NOT guarantee correctness

o FETAELI 71 Crowdsourcing:
 Let the Crowd help clean the data: can reach a much higher precision/recall
 e.g., find errors, fill blanks, make choices between conflicts
* EXxpensive!

« Y& A 777% Hybrid: Rule-based+Crowd, Model-based+Crowd, ...

%
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Example
» Schema: Cust(country, area-code, phone, street, city, zip)
» Instance:
country area-code | phone street city Zip
44 131 1234567 Mayfield NYC |EH4 8LE
44 131 3456789 Crichton NYC |EH4 8LE
01 908 3456789 Mountain Ave |NYC |07974

v" functional dependencies (FDs):

cust[country, area-code, phone] — cust[street, city, zip]

cust[country, area-code]

— cust[city]

The database satisfies the FDs. Is the data consistent?

2018/8/30
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Example

TR

» cust ([country = 44, zip] — [street])
= In the UK, zip code uniquely determines the street
= The constraint may not hold for other countries

» It expresses a fundamental part of the semantics of the data

» It can NOT be expressed as a traditional FD

A

NSNS
/

country area-code | phone street city zip

44 131 1234567 | Mayfield NYC |EH4 8LE
44 131 3456789 | Crichton NYC |EH4 8LE
01 908 3456789 | Mountain Ave |NYC |07974
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Example

cust([country = 44, area-code = 131, phone] — [street, zip, city = EDI])
cust([country = 01, area-code = 908, phone] — [street, zip, city = MH])
o Inthe UK, if the area code is 131, then the city has to be EDI
o Inthe US, if the area code is 908, then the city has to be MH

2y

THIR AT

t1, t2 and t3 violate these constraints

o refining cust([country, area-code, phone] — [street, city, zip])
= combining constants and variables

N= =N,

/

577G

id | country | Area-code | phone street city Zip

t1 |44 131 1234567 | Mayfield NYC EH4 8LE
t2 | 44 131 3456789 | Crichton NYC EH4 8LE
t3 | 01 908 3456789 | Mountain Ave | NYC 07974
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S8

- —BEATH: A0, F, R, ER#E, | R
o NETHTIBEY: FTA, FAE], #FE, . . .
o SR AR R AR BT
- BIREH
. R ERTALH
- ElEREMIG (= FENFED)
s BT EFMEBTONEMASG (G FER. AEHF. TEIAFIE)
« BETHARIAEZINEFHVLS (DCAI 2017)
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* Basic Idea: XS EHEXM _ERYPVA#HITERIE. — DA IAL R HEE
ERNEE., — =2, l:lf,!ZEIEIJ |-r7i¥EEl’J|Phone8 AH— /I\EIEIﬂ, @
MREAE T, LbRESHEETMEELRSET .

|

sl

- BiRHELE

Step 1 Step 2 Step 3

o Seed Entity Expaﬁ d e
Seed finding. - : entities

synchronizing. expanding. o

e We find hot « We synchronize « We find more e We synchronize

entities from Web. (update or insert) related entities via these expanded
these seed the hyperlinks in entities according

entities. the latest pages. to their priority,
which is provided

(Liang et. al., How to Keep a Knowledge Base Synchronized with Its Encyclopeg?é B[Jer%gtofJCAIZON)
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