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Link for questions

https://i.mp/ExploreSIGIR

Tutorial Slides and Other Material

https://data-exploration.ml/
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https://data-exploration.ml/
https://j.mp/ExploreSIGIR

LET'S SOLVE THIS PROBLEM BY
USING THE BIG DATA NONE
OF US HAVE THE SLIGHTEST
IDEA WHATTO DO WITH

® marketoonist.com
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Traditional Data Management Systems

O

rdf: Type=GlutamateReceptor
ro:has_functiorex:GlutamateReceptorActivity001

<€
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Modern Data Management Systems

Not clear what we are looking for

| would like to find
acquisitions

like the one of
YouTube by Goqgle
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Exploration
We know where we start
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Exploration
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Data exploration
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Data exploration software
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OpenRefine: data preparation and cleanup
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Tableau: analysis and statistics



Traditional data exploration methods [Idreos et al., 2015]

Efficiently extracting knowledge from data
even if we do not know exactly what we are looking for

SELECT avg(system-stars)

FROM Universe
WHERE system-stars >
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Modern Data Management Systems

How do we describe what we are looking for?

| would like to find
acquisitions

like the one of
YouTube by Goqgle

Query???
------------------------------ >| Big Data
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Declarative Exploratory methods

SELECT g.galaxy_name, SUM(s.stars) as st_s
FROM Universe.Galaxy AS g

JOIN Universe.Systems AS s

ON g.galaxy_name = s.galaxy_name

SELECT galaxy_name

FROM Universe.Galaxy WHERE
g.st_ s >100B
AND diameter > 100k AND diameter > 180k
AND has_black_hole = TRUE
GROUP BY g.galaxy_name

| Complex quer
Simple query (exploratory) (for dg[a egperti)

Specific
Few results

Over generic
100 billions results
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Examples as Exploratory Methods

Example is always more efficacious than precept
Samuel Johnson, Rasselas (1759), Chapter 29.

Is there a
galaxy like this?

Answers
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Tutori al 0s goal s

Techniques, Algorithms, Applications for using Examples to support Exploratory

(A Exploratory methods using examples R
A Algorithms for retrieving data without using query languages
A Interactive methods and user-in-the-loop feedback

kA Machine learning for adaptive, online methods )

But NOT
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Our book on Example-based method

MORGAN & CLAYPOOL PUBLISHERS
e S \

Matteo Lissandrini N (4 Yannis \elegrakis ) ~
s - Data Exploration
Knowledge Graphs , Novel Query Paradigms, Big Data Management & Analytics, Information
Graph Mining ) Integration, Data Curation
http://people.cs.aau.dk/~matteo ) k [ { > https://velgias.qgithub.io ) U o E 1
sing Example-
Davide Mottin N ( Themis Palpanas A
Aarhus University Paris Descartes University B a S e d M eth 0 d S
L . Data Series Indexing & Mining, Data Analytics &
Graph Mlnlng, Novel Query Paradigms, | Management
Interaf:tlve Me_thods J http://www.mi.parisdescartes.fr/~themisp
https://mott.in ) )
Matteo Lissandrini
Davide Mottin
Themis Palpanas
Yannis Velegrakis
SynTHESIS LECTURES ON DAt MANAGEMENT
H.V. Jegadish, Series Editor 1,
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Historical perspective: Query-by-example [zioof et al. 1975]

Specify a query by example tables, or skeletons.

Incomplete
values

Unspecified values

Name | Stars Diameter | Black hole | Color Lif
P._ >10B | >100k TRUE * *
* * <180k * * *

Value
conditions

Intuitive interface for simple queries Restricted to SQL syntax but not explicitly

16  SIGIR 2019 tutorial
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SQL not required Not example-based
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Similarities are the key é

If we knew how similar each item is with respect to any other for each user, we
would know the answer to

Is there a galaxy
like this?
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Similarities are the key é

We define:

A universe 2 of items

A similarity among items D
A set of input examples.

A set of output user desired answers '
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Similarity relation D
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The example-based problem

Given
a set of examples. from a universe
Find
a similarity D such that
1. . ispartofthe answers ' partially or totally
2. The answersin' are the most similar to the examples in. according to D

How do we find D for each user?
Do we need to know exactly D?
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Example-based methods
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__— Smilarity relation D
. .

Implicit Explicit

(Unknown) (Known)
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Example-based methods

Relational Textual
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Tutorial structure

Relational databases

Textual data
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Graph and networks

Challenges and Remarks
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Where we are

Relational databases
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Searching for é

Tuples
SEARCHING FOR [ P
r l ) Ok l Z
. roximate
BY FOCUSING ON | Exact Queries i
¢ ] Queries
One-step Minimal
[Tranetal. 2009, [Shen et al., 2014
Zhang et al., 2013, Tranet al., 2014]
APPLYI NG Weiss and Cohen, 2017]
) Top-k
~ Interactive [Psallidaset al., 2015
[Li etal.,2015a] | | Panevand Michel, d6]
L J J
- )
PRODUCES Reverse Engineered SQOL queries
% 7,
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Reverse engineering queries (REQ)

Given a set of examples, find the query that generated that set of tuples

SELECT g.galaxy_name, SUM(s.stars) AS st_s
FROM Universe.Galaxy AS g
JOIN Universe.System AS s
ON g.galaxy_name = s.galaxy_name
WHERE
g.st_ s>100B
AND diameter > 100k AND diameter > 180k
AND has_black_hole = TRUE
GROUP BY g.galaxy_name

Example tuples

[
»

»
»

How do you find such queries? SELECT galaxy_name
W | ies”
- i FROM Universe.Galaxy
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Query by Output i TALOS (classification- [Tranetal. 2013]

Reverse engineered

Query by Output

Results Queries Q6
Two queries Q and Q6 are insjtance equi Vv
D, i f the results of Q are|l the same o
26 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis

https://data-exploration.ml



How many reverse engineered gueries?
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Master

name | bat | throw | stint |weight| team
t1 A L R 2 40 PIT
tr A L R 2 50 | MT1
t3 C R L 2 35 | CHA
ts D L R 3 30 PIT
ts B R R 1 73 PIT
te B R R 1 40 PIT
t7 E R R 3 60 | CHA

What queries generated Q(D)?
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TALOS cE 12
E | CHA
name | bat | throw | stint | HR | team
t1 A L R 2 40 PIT
to A L R 2 50 | MT1
t3 C R L 2 35 | CHA
ta D L R 3 30 PIT
ts B R R 1 73 PIT
te B R R 1 40 PIT
t7 E R R 3 60 | CHA
? 'N1 '
stinty/ ”; N\t>1
( N2~‘ “N3 )
{ts, t6} HngV//\\QB>50
N e OREYRY)

28

{ts, to ta, b4}

{'t'7’}

Decision tree

SIGIR 2019 tutorial
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[Tran et al. 2013]

|Idea: treat the problem as a

binary classification

1. Strict: all tuples must be
captured

2. At-Least-one: one tuple for
example must be captured

LU AXX XX

(I"'Y'OQEYR SY['OQEYY)
Y1 1Y




How complex is exact REQ?

[Weiss et al., 2017]

Relational Operators:

Database 'Oe , Selection

| | hhh
e “ projection
j a natural join
O such that results contain

O Positive examples
O Negative examples

29

A bounded size Q? an unbounded Q?

How difficult is to find:

A All positive examples
A No negative example

SIGIR 2019 tutorial
https://data-exploration.ml
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Complexity - No parameters [Weiss et al., 2017]

Operator Unbounde Bounded

d Queries  Queries

P P Only projections: Easy
a P NPC
P NPC Unbounded selections: Easy
, M P NPC Bounded selections: HARD
“R, NPC NPC |
, & DP DP — Combination of operators: HARD!!!
“h,l/@  DP DP

Reduction from SAT
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Unbounded Select

A=1 AND
B21 AND
C22 AND
D21 AND
E23 AND

SIGIR 2019 tutorial
https://data-exploration.ml
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[Weiss et al., 2017]

Possible
gueries?

B¢5 AND
C¢4 AND
D¢4 AND D, 3
E¢5 AND E . 4



Bounded select

32

U={1,2,345 S={{123} {24}, {34}, {4,5}}
S > > =

w| 1 0 0 0

w| 1 1 0 0

w| 1 0 1 0

w| 0 1 1 1

w0 0 0 1

X| 1 1 1 1

SIGIR 2019 tutorial
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Reduction from
Set Cover

INPUT: Database D, Examples E, Query size k
OUTPUT: Does there exist a query satisfying D and E, of size at most k?

M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Minimal Project Join REQ [Shen et al., 2014]

Main idea: Find the set of queries that return a set of examples

(@

Partial query

»Queri es Q6

table
| A | B | ¢ | A valid: every tuple is present in
1 Mike ThinkPad Office guery results
2 Mary iPad A minimal: any removal in query
3 Bob Dropbox tree gets to an invalid query
33 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Candidate Query Generation [Shen et al., 2014
Use candidate network generation algorithm | Al B | c |

(Hristidis 2002) 1 Mike ThinkPad Office
2 Mary iPad
3 Bob Dropbox

1. Generate join tree 0
Employee § Device 2. Generate mapping %o
3. Check minimal:
- Every leaf node
contains a column that
Is mapped by an input
column

CQ

4 Owner
C—

App Device

Employee

34 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
https://data-exploration.ml



Validity verification [Shen et al., 2014]

Candidate
query

cQ

2
A
Employee

Naive: check all candidate queries

singularly if they return ALL examples

Better: exploit substructures in candidate

queries for pruning

Sub 1

: Sub 1 fails =>
Best: adaptively select the substructures to

60 invalid

Sub 1 fails =>
- Sub 2 falls

have the min number of evaluations

NP-hard
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Minimal Project Join REQ [Psallidas et al., 2015]

Main idea: Allow missing rows/columns and rank the k best queries

Output: Top-k PJ Queries

Products Customers

(@

Partial query
table

Al B | C

1 John Smith Xbox Name Last Name \

2 Jill Hans Surface

Name First Name Last'Name

Products Customers

36 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Ranking score

Linear combination of row score and column score
(Overlapping with the example table) T
|zl w1 () (p

v ]

[Psallidas et al., 2015]

A1 ppenalizes
missing rows
A |  mpenalizes

missing columns

RO ore
Row score JonnTSmith T Xbox 3 3 |_Products | [___Customers |
Jill | Hans [Surface 2 1 Name First Name Lm‘ame Name City Name Last Name
5 4 Xbox John Smith Xbox St. John Smith
iPhone Michael Douglas iPhone | Montpellier Douglas
Surface Jill Johnson Surface Redmond Johnson
Column score .
[ John | Smith| Xbox
i _Name | L FirstName |1 Last Name |
) Hans (NGRS Xbox John Smith g Citv Name |[T ast Name
Column 2 1 2 S iPhone Jill Johnson Xbox St. John Smith
Score 2 1 1 4 Surface ||_Michael Douglas iPhone || Montpellier|| Johnson
Surface || Redmond Douglas
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Interactive REQ 17 Query from [Li et al., 2015]
Examples (cost model)

Main idea: Interactively remove candidate queries proposing a new

Modified

set of query results from a modified database
database and
results

Query Database
Results Refinement

Reverse engineered [
Queries Q¢

2

38  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Database Refinement

[Li et al., 2015]

Database

o~ bid name gender dept salary
1 Alice F Sales 3700
2 Bob M IT 4200
3 Carol F Service 3000
4 Dave M IT 5000
Results Bob
Dave
REQs =
Ao (0)
A0 | (0)
A D (O

39 SIGIR 20109 tutorial
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Refinement

A 4

v

Result R{ = Q;(D") = Q3(D’)

M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis

eid name gender dept salary
1 Alice F Sales 3700
3000
2 Bob M IT 4200
3 Carol F Service 3000
4 Dave M IT 5000
[ name _
Bob Bob
Dave Dave

Result R) = Qx(D’)




Cost model [Li et al., 2015]

Number of new
result sets

Number of Choice to go with the
modified tables max tuples modified

N - . Q' Qoo
wé (0) |QQMoBo) 1 t¢ QQMY)| |0t CD ) f 5

Effort to examine

sfroert to new results
Current cost Residual cost

Main idea: Find arefineddo D6 and ‘YH¥ wiht |s
1. Minimum number of results k

2. Minimum differences i the database

3. The query are balanced (less interactions)

40 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Examples for query suggestion: Blaeu [selametal, 2016]
(Clustering)

Main idea: Allow interactive navigation of the query space in a hierarchy

Query Results

» Query navigations

or Query
yes
worldwide_gross < 2781.5
no
yes ®
worldwide_gross < 2781.5
no
yes
. worldwide_gross < 241.99
no
41 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis .
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Examples for query suggestion: Blaeu [sellametal, 2016]

Given a result of an example query Q, explore
the data through data maps = partitions

»

A

Attribute 2

Output: Set of query refinements

Attribute 1
ttribute Problem: User utility is unknown

[

, 0 M LA . .
6doo° { pipihv(u) 00 A Cluster analysis for result exploration

M N A Zoom and projection operations
A User model

M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Examples for query suggestion: Blaeu [sellametal, 2016]

Find the partitioni {6 M Y } of the results of Q

, "5 R Lo ()
0dO 60 { piph'Y(6) 00 such thatexists # ¥ i {M6) YO

Solution: interesting tuples are close to each other
within a maximum separation threshold —i

Detect clusters .
Organize clusters

(k-medoid)
Attribute 2
A Partition 1 E Partition 2
; ) ) 5
A q_a*_ = o Display
-+ 8 (Fo et s
- : —_
+ - e Ait1 < 50
i - ! - Separation
- : = = threshold 8(M)
R Cluster 1 Cluster 2 Cluster 3 Cluster 4
Partition 3
Attribute 1
43 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Searching for é

SEARCHING FOR

BY FOCUSING ON

APPLYING

PRODUCES

44  SIGIR 2019 tutorial
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(vaiwos |
l

( )
Data cleaning
. >

Entity Mentions
[Singh et al. 2017]

Data repairing
[Heetal., 2016])

( B
Duplicate matches

_ J




D ata C I e an I n g tid Date Molecule Laboratory Quantity

R 11 Nov C6H16ClI Austin 200
A Often data have redundancy;, b 12Nov i 100
wrong values, and missing 8 12Nov  CyHisS 100
values t4 12 Nov  statin Boston 200
. t5 13 Nov Austin 200
A Different valges can represent 6 15Nov  Corin o [
the same object (e.g., N.Y. and JvL
NeW YOI’k) tid Date Molecule Laboratory Quantity

A Values can be simply wrong

R 11 Nov C16H16ClI Austin 200

2 12 Nov

Data cleaning refers to ways of 8 12Nov  CaHS 100
making the data consistent and R — cosn

5 13 Nov _ Austin 200
correct _
6 15 Nov C,7HxN Dubai -

45 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Data repairing: rules [He, J. et al. 2016]

A rule is a logical formula which determines [ Molecule Laboratory ~ Quantity
how to change the value inacelloragroup “u  11nov  coH.C Jp— S
Of Ce”S' 2 12 Nov Austin 100
IFI[o 0 8® 0 ] UPDATED to some 8 12Nov  CypHsS 100
value t4  12Nov  statin Boston 200

A The update O[, AAT OJAGH .QMxI OE = =™ E o 200

can be obtained by the rule 6 15Nov  CuHeoN Dubai

Al F [ L a b orator y 3 [ Molecule Laboratory Quantity
Laboratory to

A UPDATE Table

t1  11Nov  CH,Cl Austin 200

~ 12 12 N Austi 100
SETLaboratory=06New Yor I= ov ustin
WHEREtd =t3 8 12Nov  CyHxS 100

t4 12 Nov statin Boston 200

BUT it needs to be done for each cell!!

5 13 Nov _ Austin 200
6  15Nov  CyyHyN Dubai -
46 SIGIR 20109 tutorial

https://data-exploration.ml M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis




Discovering rules [He, J. et al. 2016]
UPDATES:

tid Date Molecule Laboratory Quan
oo ] tity
.- t3[Laboratory]a o New Yor ko 7 1iNoy C.H.Cl Austin 00
,. t6[Quantity] & 100 = i
5- t2[Molecule] @ 0 GH,gF 0 12 12Nov Austin 100
t3  12Nov  C,HiS 100
Some rules for  ;: t4 12Nov  statin Boston 200
1. Change all Laborator yot§al ue: )
. R , . 15 13 Nov - Austin 200
2. Reformatting all ON. YO0 to 0l

6 tsnov conon  oue |G
Some rules for

1. Update the quantity to 100 if the molecule is C,;H,,N and the date is 15 Nov (t6)

Some rules for 4

1. Updat €,H a6 f mol ecule is statin (t2,t4,1t5)
2. Updat €,H, af molecule is statin and Laboratory
3. Updat €,H 80 6 f mol ecule is statin and | ab is Aus

47 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Interactive data cleaning: problem

User validates rules, but has no capacity to validate all rules for
each update.

ABudget Repair Problem: Given a setNX of rules, a table T
and a budget B, find B rules from N to maximize the
number of repairs over T

ABudget repair problem is an online problem

Corresponding offline problem is: given as input X rules where
validity of each rule is known, select B rules fromX to
maximize the number of repairs over T. (NP-Hard)

48  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Date  Molecule Laboratory Quantity

Rule lattice 2 12 | SWNACuHE A

More specific DMLQ(1)

DML (1) DMQ (1)

More general

49  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Lattice pruning

1. 1 f Q is valid, O is also valid if Qi
2. 1 f Q is invalid,OQ®d® is also invalid
3. I f Q is valid,OQdevai@®d such that Q6

4. 1 f Q is invali dOQad larQed o6i rswalhi d.hat (
50 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Lattice pruning ML)

DML (1) DMQ (1) DLQ (1) MLQ (1)

51  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
https://data-exploration.ml



Dive search

A Binary Search over the lattice ,ordering with #affected tuples

A 1f T A BinarySearch(Q,)
A If F A BinarySearch(Q,)

BinarySearch ()

Algorithm complexity BinarySearch ()

+ BIN|T TN

52 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Searching for é

SEARCHING FOR

BY FOCUSING ON

APPLYING

PRODUCES
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[\Ialue Pairs]
(" L )
Schemas
Kz A

Schemato examples
[Alexe et al., 20 11a]

Example-driven
[Alexe et al. 2011b,
Cateet al. 2013,
Gottlob Senellart, 2010
\__Bonifati et al., 2016] )

(- 7

Data Integration
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Schema mapping

A Schema mapping finds a way to represent items on one database to items on another database

A Finds a mapping + between two schemas such that a query on one database can be converted
to a query on the other database

A Schema mappings in t are rules in first-order logic that specifies the relationships between
schemaSandT

| 6 G"YGI)™ "G © md "YOR)” “Yaaho

1

Schema Source S Target T
Database @ ------
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A Data Exchange Example [Popa et al. 2001]
” |E)(i(cj)jects: Set of T: Red PPLGCLS—‘

project: Red projects: Set of
name project: Red Funds [fid |[finid
status » code 3 |??2?
funds: Set of g Q_)|
grants: tSeéo(; fun?aRcd |code: PIX | S
grant: Rc i
gid / Funds [fid [finid @
projec gl |?7?2? 5
recipient finances: Set of 02 |227 7}
manager finance: Red . Q
supervisor Finances g
Menone "
contacts: Set of w 2::1 ?622223 ZZTpany ®
contact: Red o 0
cid - companies: Set of 27?2 |3608776 2?22
emalil C ey Rcd 22?2 3608600 272?
phone coid
name Companies
companies: Set of -
company: Red coid name
name ??? AT&T
officia ?2?? Lucent

project(na,st), grant(gidna,re,ma,su), contacma,em,ph) A
project(na, FUND fund(gidinid), finance(finld,ph company,
M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis =~ companycompany name)
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Mapping generation

Es:

[Bonifati et al. 2017]
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Company Flight
IdCompany | Name Town Departure | Arriwal | IdCompany
'Cl' 'AA' 'Paris' 'Lyon' '"Paris' o1
Q2! 'Ev' 'Lyon' 'Paris' 'Lyon' 'c2!
Travel Agency
IdAgency | Name Town
'Al' b e 'L.A.'
= Departure Arrival
Id Name Town - :
R | [Toun g  [Toun [ Fim
Wy R ' . Lyon Id1' Paris Id1
es By Lyon 'Paris' i Fs .4 'Lyon' 'Id2'
'1d3' e 'L.A.
m : Company(cl, aa, paris) A Company(c2,ev,lyon) A Travel Agency(al, tc,la)
~ Flight(lyon, paris, c1) a Flight(paris, lyon, ¢2)
— 3Jid1,1d2,1d3, Firm(idl, aa, paris) A Departure(lyon,idl) A Arrival(paris,idl)
~ Firm(id2, ev,lyon) n Departure(paris, 1d2) A Arrival(lyon,id2) A Firm(id3, te, la)




Interactive Mapping
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[Bonifati et al. 2017]

Input: set of examPIes

| (B, ED) ... (B, )

P
<
P
<

Normalization
_ 2:norm
Question Atom
Yes/No refinement
_ Z:atRef
Question
Join refinement
Yes/No

l z:f inal

Output: refined mapping

M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis



Input: set of examPIes
| (&, ED) ... (EZ,EP)

Atom Refinement

2"a.tRef

Yes/No

Ask the user and refine the left part of the rule

{G: G; A Fy; TA}

{Gi G AL TAY {GGiFs Rt (G R R TAY

N\
N,

™,
N,

{C, G TAY {G Gy Ry} {Gr R TAY {.Cl‘, Cz',.Fg} {C]‘, Fi. R} {Cy; Fa; TA}

N
N\,

{C1; G} .I‘.{ C\l'- F }'. {el;lej}

Are the tuples Company(cl,aa,paris); Company (c2, ev, lyon) enough to produce Firm(id, aa, Paris);
Departure (Lyon, id); Arrival(Paris, id)?
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Input: set of examPIes
| (B, E) .. (B, EP)

Atom Refinement

Z"a.tRef

Yes/No

Ask the user and refine the left part of the rule

{ G G TAY {GiFTA { GG R} {Cy; F2; TA}
{G: G} {C1;: A} {C1 R}

Are the tuples Company(cl,aa,paris); Flight (lyon, paris, cl) enough to produce Firm(id, aa, Paris);
Departure (Lyon, id); Arrival(Paris, id)?
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Where we are

Textual data
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SIMILARITY for
DOCUMENTS

Unstructur Semi-
ed Structured

i Super Mario Bros The Movie
By Kay E. Platt on February 23, 2009

Hello People, | am going to be reviewing a Movie 162,700

that ruined my school reputation.... The Movie
Chiaf Expcutive Officer (CEOQ) $1,200,000

Ty Junior Technical Author

September 21, 2018 Yrirr{r7s Don't be gullible Software Engineer

Format: Prime Video January 9, 2019 Software Engineer

; ; Format: Prime Vide e
Maybe don't name your musical "Rent” if you don't : hisaaaiiir ooy Integeation Specialist ew @ e

even have a single song about leasing law, ! This movie is dumb. Neil Armstrong was not very )
property management procedures, or net lease smart at all and Ryan playing him is just wrong. TS ‘ P~
calculations. As a real estate professional | am very This guy (Armstrong) was not a successor at all. | Pre-Sales Support
disappointed and feel | was misled. believe that there are some critical information

Sales Assistant
e add up to whether there was a i QU BN T EW
d especially since what more then Senior Javascript Developer :
' can't accomplish again. Why is
tis quite advanced today. | feel
ossible to reach something that is

@ATRATNITITIEW

@ ITIASN 1S 0°E

complete as!

recommend 77777777 There are no magicians in this movie

of 10, if you May 26, 2018

soyoudon't Format OV moon and Mars when technology
| don't mean to give any spoilers away, but there werall | do not give Armstrong
are no magicians in this movie. Don't let the title » many millions of Americans do.
fool you.

Company Contact Country
Launch Pad Maria Anders Germany
Pay Talk Francisco Chang Mexico
Eam More: Roland Mende! Austria

Island Trading Helen Bennett UK

helpful
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SEARCHING FOR

BY LOOKING AT

APPLYING

PRODUCES
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Semi-

Documen
Structured
ts . .
& + N\ ( + N\ ( * ) & * N
Words Meta-Data Words Web-Tables

[TLﬁ)gtgla@sgSiﬁer Citation Graph Regular Expressions Entity Mentions

Zhan.g and Lee(‘)lOI),Na'\llg.a'.tlorl [Agichtein e t al . ('00][ Wan g et al

Zhu et al.o613] [El-Arini et al .|0|11

Jiaand Sauled 1 7 )
Tobic Models Annotations
[thu ana e 01 [Hanafiet all. 417]
Segmentation Entity Linking Entity Extraction Schema Matching
[Papadimitriouetal. 6 1 7 | J L [Bordino et al. 0 1)’ \[ Ritter et ), | C 0 1 9Yakouteta | . j

Documents/Citations/Queries
recommendations

\

7

N

Relation Extraction
Document Matching

\

S

7

Entity Augmentation
Concept Expansion

\

7

J
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Document Search

Keyword Queries IMDh
& Relevance

Super Mario Bros The Movie
By Kay E. Platt on February 23, 2009

Hello People, | am going to be reviewing a Movie
that ruined my school reputation.... The Movie

KeyWO rd q u e r.y' Searc h teXt Wlth teXt itself is OK.... ‘77777777 There are no magicians in this movie
~ . . . . . May 26, 2018
n A C t I 0N movIil e Wi t h ma g I CO These famous actors who are chosen to play mario
and luigi are acting in this movie, OK.. So Iwasin | 4o mean to give any spoilers away, but there
first grade when | watched this on VHS, and then  jre no magicians in this movie. Don't let the title
my best friend Louis who was sitting next to me at  fool you.
story time was talking to me and thenth™ "

Search documents containing those exact o and i

R grad o . .
WO rdS September 21, 2018 neve (7717777 Don't be gullible
€ a #&ctiom moviee e woy 1520
Maybe don't name your musical "Rent” if you don't nder "1 FrImEVIEES
even have a single song about leasing law, idult  This movie is dumb. Neil Armstrong was not very

M-

. . ,

. t h er e |a(ﬂ|on@ I en t y (@) f property management procedures, or net lease smart at all and Ryan playing him is just wrong.
calculations. As a real estate professional | am very This guy (Armstrong) was not a successor at all. |

7 believe that there are some critical information

A = H A disappointed and feel | was misled.
e p a. C \Mltb abtl O n e i that doesn't quite add up to whether there was a
ecially since what more then
A 1 1 1 1 A ka2 ‘ accomplish again. Why is
e Ma‘ IC Mlke IS Comedy M e ST pok.emon lite advanced today. | feel
L, . . January 17, 2013 e to reach something that is
€ 1 n Har magic B everywhare.. »and Mars when technology
Fo L I do not give Armstrong

rmat: VHS Tape 2 (
ly millions of Americans do.

1 will watch this while wearing pokemon clothes,
sitting with my pokedoll, listening to the theme bl

IS th IS enoug h’) song, while playing pokemon on my ds.
l denti fy #dAr el —"

and Arel evant , i . :
M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis




Document Search
Relevant Keywords

Relevance: which keywords are more
helpful in describing the content of the
document?

Rel evance |

What keywords are more _likely to be used

to describe the document we want
and not other documents

1. Term-frequency: how many times the
term appears in the document

2. Document-frequency: In how many
documents the term appears

TF-IDF: Term Frequency

Inverse Document Frequency

64  SIGIR 2019 tutorial
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Frequert'
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https://www.kdnuggets.com/2018/08/witf-tf-idf.html

MOANA THE INCREDIBLES

MONSTERS INC.
film maui film parrs film sulley
moana te the syndrome sulley waternoose
the moana incredibles violet monsters boo
million fiti bird omnidroid the cda
disney cravalho pixar parr mike randall
maui goddess release mirage monster scarer

anisan pixar fizt

FEW SELECTED i - celia
KEYWORDS
IN THE USER QUERY



 TRADITIONAL
\ SEARCH
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SEARCHING FOR

BY LOOKING AT

APPLYING

PRODUCES
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Documen
tS
7 + N\ + )
Words Meta-Data
Text Classifier Citation Graph
[Liu et al. @3 Navigation
Zh d Leedl0D, e
Zhu et al o13)| | [El-Arni et al
Jiaand Sauled 1 7
Topic Models
[ Zhu and |Wu. 614]
Segmentation Entity Linking

[Papadimitriouetal. 6 1 7 ]

S

\

[Bordino etal. 0 1 ;

Documents/Citations/Queries
recommendations

N

Semi-

.Joj1 1

Structured
Information
Words Web-Tables
Regular Expressions Entity Mentions
[Agichtein e t aI.éOO][Wang et al
Annotations
[Hanafiet al|. 6 17]
Entity Extraction Schema Matching
[Ritter et all|l 614Yakouteta l

Relation Extraction
Document Matching

M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis

Entity Augmentation
Concept Expansion

.01



Documents as Examples Liu et al {2003
Exemplar documents Find me movies like these:

Set of exemplar documents W

rather than a set of keywords.

TR, >
3‘ More images

An entire document may contain

more information! Monsters, Inc. % | | Iheinclediblas &

It also contains more noise
e — In this lauded Pixar film, married sups oes Mr.

Monsters Incorporated is the largest scare factory in the monster world,
and James P. Sullivan (John Goodman) is one of its top scarers. Sullivan
Is a huge, intimidating monster with blue fur, large purple spots and
Identlfy Wh at m akes th ens eCIal I e. re | evant homs, His scare assistant, best friend and roommate is Mike Wazowski have been banned by the govemment While Mr. Incredible loves his wife

_Ll Ly (Bilty Crystal), a green, opinionated, feisty little one-eyed monster. Visiting and kids, he longs to retum to a life of adventure, and he gets a chance
from the human world is Boo (Mary Gibbs), a tiny girl who goes where no when summoned to an island to battle an out-of-control robot. Soon, Mr.
human has ever gone before Incredible is in trouble, and it's up to his family to save him.

)01 - Fantasy/Adventure - 1h 32m ActionVAdventure - 1h 56m

(Craig T. Nelson) and Elastigirl (Holly Hunter) are forced to assume
mundane lives as Bob and Helen Parr after all super-powered activities

Example-based Document Search

Given a corpus of documents D, PROBLEM:MISSING NEGATIVE CLASS

and a small set of relevant documents (D,), Few positive examples and

identify a set of answer documents D, a large set of unknown.

suchthat D, P Do P D. What features can discriminate relevant and irrelevant?

Would be better to have some negative examples

odel as a classification problem
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Text Classifiers Liu et al[2003
Using Positive and Unlabeled Examples

Positive Unlabeled learning Goal:
train a cl adsULfier C

to predict class(u) ! un~ U.

A a corpus of documents D,

A 2 Classes: relevant U & irrelevant U

A relevant documents (D, Missing:
bdN Dy class(d) = U To train C we need examples

AUnl abel ed docubDpent s UJBRUENHEEENAEENE

Algorithm 4.9 Document Classification with Positive and Unalabled Data
Input: Relevant Documents D,..; € D, Unlabeled Documents U C D

Output: Classifier C
1: D,., < getNegativeSample(U) = See Li and Liu [2003], Liu et al. [2002], Yu et al. [2002]
2: C « trainClassifier(Dyei, Dyneg, U \ Dneg) > E.g., Expectation Maximization, SVM, or Rocchio

3: return C
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Inferring Negative Examples

(1)

Assign a label to Unlabeled data:

how to determine a negative sample set without asking the user
4Al ternative approaches

ANave BalyMcsCal | ulm9®§ al . |

Liu et al[2003

Goal:
Determine set of elements to be
regarded as reliable negatives (RN)

rain a Asi mpl

A ALl unl abeled data are assumed negati ves

A NBClassifieP(epdpmdt @ wod o)
wi th{U Uy ~NDd and wwér ds

AThRocchieehnique (Ra0sQutti et al .
AldvyD RPA a (MKEC ¢@SOG 2 NJ N\BLJN\BaSYUIuizy

A . dZAINR G2 (& 153F DEOR2QEY,SY (i a &Y=«

[

d d
Y g
v |l

Al y®f or documents in U ‘ T'el‘deD || H

A Compar eldeac ity 8, ret

A assign the class of the most similar vector
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Inferring Negative Examples (ll) Liu et al{2009

Assign a label to Unlabeled data:

how to determine a negative sample set without asking the user Goal

Determine set of elements to be

. regarded as reliable negatives (RN)
4Al ternati ve approaches

rain a Asi mpl

ATh&pyechnique 2010i9u et al . |

Extr aatmplfer dme p exiatmpJ e

Mer e i rdelp lt(hsep i! &s

BuiNBd cl| awisEMi er
Determhmestsotdbhalslpiserseorretabgif
Documaimo v btehr e sshebdsi degadi ve

To o o I To

A 1-DNE techYuegqual ) |
*Di sjunctive Nor mal Form
APosiExamBlaseéearning
A Gewor WOW. f r(ewd )DL, f> (ew, u) /| Uj
A Remofedmal | d occounnhearatmsy anrg i,
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Training the Expert Classifier

Exploit the partialsupervision

Expert Classifier
Builds on the result of the first step to train a much more
sophisticated and precise classifier.

A 1-shot approach
A Use D,, and RN and train a classifier (SVM or EM)

A lterative approach

Use D, and RN and train a classifier C,

Use C;and extract new negative documents Q
Add Q to RN, train a new classifier C;,,
Continue until no more negative documents are
retrieved

To oo To I

[Optionally] evaluate the last trained classifier over D,
and discard it if it performs poorly

Liu et al[2003

X, Hi\ H; Hs

Xy

Methods perform poorly when the initial set of
documents is very small

The Rocchio approach + EM is best for this case

Advanced models with TF-IDF or Topic models
Zhu et al. [2013] - Zhu and Wu [2014]

Beware of Class | mbal ance!
SMOTE: Syntheti-carmplniomg t Ve c

/1 sicGeRItutori al M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Document Segmentation

Intention-based relatedness

Model documents as Composite Objects
Do not perform matching across the posts as a whole but across
fragments of them that are written for the same intention

Intuition:

Different parts of the document
Have different Purposes:

A Provide background information
A Describe Problem

A Ask questioné

72 SIGIR 2019 tutorial
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I have an HP systemwith a RAIDO controller and 4 disksin
form of a JBOD | would like to install Hadoop with a
replication 4 HDFSand only 320GB of disk spaceusedfrom
everydisc Do you know whether it would perform ok or
whether the partial use of the disk would degrade

performance Friends have downloaded the Cloudera
distribution but it R A Rwb£R.iit stoppedsince the web site
wassuggestingo have 1TBdisks | am askingbecause | do
not want to install Linuxand then realizethat my hardware
configuration is not the right one.

Papadimitriou et al[2017

Extra RAID disk drives seem to be the solution to my
problem but does adding RAID drives requires a
reformat and rebuild of the system to improve

performance?

Doc C

ado2aa ¥$e Sai $NRit & GAG2A2Lydzi S

ALK @$ il K B NI eSiHSovHEn. R NAF /SR
[ A yLawiSy & Gdbl Vil KR vy & KIRYS E (RS
RNMASHWA n2 NG | bR A G A (i K2l dehifi ¢
NB 6 deKSRIANDIEY WS NB 2R 8 KR
| t2FTTHORARTEIND @ 2z3I1SW. I©5diK | 9

7w —

272 diyyRe (I MB fy @_E R
y ryyRe U N3ty Doc B

My HP Pavilion stops working after 15 min of activity
called our technical department but no ludkespite
the many calls, | did not manage to fingperson with
adequate knowledge to find out what is wrongpll
they said is bring it to up and we will see, which
frustrated me. At the end | had the brilliant idea to

move it to a cooler place and voila. No mo
Doc D

M. Li ssamMdt, iPim,| p@a.nWesl egr aki s



Seg men ta'“ on Papadimitriou et al[2017]

Boundaries Communication means &
Tense(CMiense) | present | past future
Subject (CMsup;) | I/we you it/they/(s)he
Use text characteristics and identify points = & interrog, | negative | affirmative
. . - . atus (CMpasact) | passive | active
in which a significant variation of these Part of Speech(C'M,..) | verb e adj./adverb
characteristics occurs, and place a
Segmentation border there_ E I have an HP system with a RAID 0 controller and 4 disks in form of a
JBOD. I would like to install Hadoop with a replication 4 HDFS and only
Good border 320GB of disk space used from every disc Do you know whether
Not gOOd border W it would perform ok or whether the partial use of the disk | 259
\ / would degrade performance. | 285 |Friends have downloaded the Cloudera
\ Seg ment 2 | distrbution but [ﬁ] it didn't work. | 355 | It stopped since the web
b b b / site was suggesting o have 178 r_,'is | am asking because
1 2 3 | do not want to install Linux and then realize that my hardware

\ J

Y Bottom-up approach
1. Start with single words as segments
2. Compute a Diversity Index in each segment
segment 1 3. Merge segments with low diversity
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Intention Clustering &
Matching

Clusters are based on intentio

Given a document d,,
1. the system will segment d.,

2. identify for each segment the segments in the same
cluster

3. aggregate the similarity of those segments into a score

for each document.

C1

ants with the same intention

I am askingbecause| do not want to install Linuxand then

| havealreadylookedat the HPofficial web site for how
to usea JBODBut | havenot found anythingrelatedto
it.

ight one.

problem but does adding RAID drives requires a reformat
7| | and rebuild of the system to improve performance?

https://data-exploration.ml

Papadimitriou et al[2017

RA®g2 M8 (0 2 LAISYROGHES & A dilSa dz3 3 Sl
Kl #S.RA®1 &

CNR K RS 6y £ 20 KT 2 dzR & B Nm@ﬁ%;\ 2y

C3

I am thinking to add an extra diskdrive usinga RAIDO
or 1. Canl do it without havingto rebuild the entire
system?

Do you know whetherit would perform ok or whether the

Despite the many calls, | did not manage to find a
person with adequate knowledge to find out what is
wrong.

C2

based on r el

i Ay

a

common goal

All they said is bring it to up and we will see, which
frustrated me. At the end | had the brilliant idea to
move it to a cooler place and voila. No more problems.

] My HP Pavilion stops working after 15 min of activity

called our technical department but no luck.

Cinuxpre-instalied [

M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis



Rakesh Fast Algorithms for Mining Management of probabilistic data:
Agrawal Association Rules in Large foundations and challenges
Databases

Privacy-Preserving Data
Publishing

Prlvacy-pr)rr]ie;i(:]rg;/mg data The boundary between privacy

and utility in data publishing

Vibhor
Rastogi

. == ... Document Networks

M. Lissandrini, De*Motting T. Palpanas, Y. Velegrakis'
https://www.microsoft.com/en-us/research/project/microsoft-academic-graph/ K o w




Influence in Citation Networks EkArini and Guestrin[201]

_ WA I { I B8 T
Document relevance based on influence

Rakesh _ _
Citation NetworKk Agrawal _[ Privacy-preserving data
mining

ANodes are Authors and Pape:s

g Ramakrishnan
Srikant

i ons

ng

AEdges are Authorship a

Alnfluence is based on

The boundary between privacy
and utility in data publishing
Advance Models

A El-Arini and Guestrin [2011] :

A Condition influence on topics Just looking at citations

Iterate for each topic T: Select topic T, keep only and cocitations is not sufficient
papers relevant for T, compute connecting Paths.

A Weight edges with Influence-Probability

A Jia and Saule [2017] Start from a known document

A Enrich graph with Keywords & Venues Explore new related topics, authors,
cnUe s €
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https://en.wikipedia.org/wiki/PageRank
SublinearAlgorithms for Personalized PageRank, with Applications i Ashish Goel et al

EFAriniand Guestrin[201]]

Traverse (Document)

Networ_ks __

C! personalized Page Rank
B ! 35.3 .
. 3 A Start from seed nodes, i.e.
e the documents D,
59) A Navigate towards locally
: connected nodes
(16)

8

Global Page Rank

Starting from a random node,

traversing randomly,random

restart point anywhere in the
graph
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Example based Exploration
implies locality

CHALLENGE:
|dentify meaningful transition
probabilities

E. g -Ar i@miGu e s {2r0ilrd
M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis

WA I { | RSBl T

Personalized Page Rank

Starting from alimited set of
nodes, traversing randomly,
restart point is one inthe initial set.
Bound not to travel too far




Serendipitous Search Bordinoet al.[2013

Enhance document links with Entities and Querogs

Francisco Pizarro

" America Peru ) Rafting excursion
Amazon river
Query
Machu Picchu Logs Serenditpity
Input: Query/Document \  Connected entith Related topicgotentially
Output: Queries come to mindafter

consulting the page.

Machu Picchu O

Historic Sanctuary of Machu Picchu

From Wikipedia, the free encyclopedia

rafting excursion d&wr
el dorado templ el ¢
i ndi os quechua

map of peru

sapa 1 nca

Machu Picchu (Spanish pronunciation: [ matfu ‘piktfu],
Quechua: Machu Piechu [matfu ‘pixt/u], "Old
Peak"} is a pre-Columbian 15th-century Inca site
located 2,430 metres (7,970 ft) above sea
level.I"12] Machu Picchu is located in the Cusco
Region of Peru, South America. It is situated on a
meountain ridge above the Urubamba Valley in Peru,
which is 80 kilometres (50 mi) northwest of Cusco
and through which the Urubamba River flows. Most

U7

Searches related to

Expl oi t nl a
Document con npe ctionsod Document content
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Entity Query Graph 2 NPy st B0

Entity-Query graph from queries to entities and back

EQGraph Weighted Edges [ eEEiESIRGEEE
Session
Quervlodes g, query to query:

wq(ai — q;) = ware(gi — ;)

Frequency-based
approach
2. entity to query f(q)

Weg(e — q) =
EQ( q) Zqi|eeXE(qi) f(Q.)

basic principle
of relahwty

einstein
formula e mc2
francisco
plzarro
raftmg the

urubamba
river

Entity Nodes

The more queries entities share
the higher the probability

3. entity to entity
we(e, > e)=1- H (1 = pg, —q, (60 — &v))

Personalized PageRank
to score suggested queries

https://data-exploration.ml
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SEARCHING FOR

BYLOOKI AT
APPLYING
PRODUCES

80 sicGeR1Ututori al

https:e/xipdaotrati on.

Documen
{S
Words Meta-Data
Text Cl assil|f Iceténon Graph
[Liu &3 al. i i
Zhang ahyd Lee Nawg_a_tlon
Zhu @i al . [E_I—Ar|n|etA al .
Jiaand Sauled 1 7
Topic Models
[ Zhu and [Wu. 0614]
Segmentation Entity Linking

[Papadimitriouetal. 6 1 7 ] [Bordino etal.® 1 3

Documents/Citations/Queries
recommendations

Semi-
Structured

4 L 4

M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis

ml

4 ) f~. s
Words Web-Tables

Regular Expressions Entity Mentions

1[?gichteinet al . 900 wang et al
Annotations
[Hanafiet al|. 6 17]

Entity Extraction Schema Matching
[Ritter et )I.kolE[Yakoutetal.Jcl
f N & N

Relation Extraction Entity Augme
Document Matching Concept E XJp i
\ J \



HR Information Contact

Entity Mentions o on
Accountant $162,700 Tokyo 5407

&We b - I ab I eS State Capital Population Largest City  Population
Chief Executive Officer (CEQ) $1,200,000 Alaska Juneau 31,275 Anchorage 291,826

. . Alabama Montgomery 205,764 Birmingham 212,237
D 0 C u m e n tS & Junior Technical Author $86,000 California Sacramento 466,488 Los Angeles 3,792,621

) Connecticut Hartford 124,775 Bridgeport 144,229
Software Engineer $132,000 Delaware Dover 36,047 Wilmington 70,851
Florida Tallahassee 181,376 Jacksonville 821,784
lllinois Springfield 116,250 Chicago 2,695,598
P fama nnn Kancae Tanaka 197 471 ichita

Height . Height . Vear‘
M (metres) T (feet) 7 built ~

semi-structured information

Software Engineer $206,850

ill‘wgl =

Structure ¢ Country ¢ City Coordinates

In fact, the market has the three caroma | most influential names of the retail and tech space - 'Alibaba | oe | , (=i
Burj Khalifa Arab Dubai 828.1 2717 2010 | (3 25°11'50.0°N 55°16'26.6"E

Baidu (ore ' ,and Tencent rerson| (collectively touted as [BAT ore | ), and is betting big in the global ‘Al cee’ in retail Emirates
Tokyo Skytree @ Japan Tokyo 634 2,080 2011 - 35°42'36.5"N 139°48'39"E

W= United Blanchard, North et R
resources and capital) are positioning themselves to become the ‘future |Al rerson | platforms’. The trio is also expanding in other || KVLY-TV mast e - 2,063 1963 | (47°20'32°N 97°17'25"W

industry space . The three caromaL| giants which are claimed to have a cut-throat competition with the [US: ore | (in terms of

countries and investing heavily in the 'US. ore " based ‘Al oee| startups to leverage the power of [Al ore| . Abraj Al Bait Towers &=l Saudi Mecca 1972 2011 21°D5'08”N 39°49'35"E
o Arabia ' e

Backed by such powerful initiatives and presence of these conglomerates, the market in APAC Al is forecast to be the fastest- T
| 5 S Lotte World Tower . Seoul 1823 < 37°3045"N 127°6"10"E
growing ‘one caroma |, with an anticipated |CAGR rerson = of (45% eercent| over Korea

B= United ” , ”

One World Trade Center & New York, NY 1,776 -« 40°42'46.8"N 74°0'48.6"W
ates
Large masts of INS X ' o 8°22'42.52"N 77°44'38.45"E ;
Kattabomman — India UL s 8°22'30.13"N 77°45'21.07"E
' and has been leading the regional landscape of [Al ot | in the retail market. The US. cee| has a significant oL - =
g 21°25'11.87"N
. ; 5 == United -
credit in the regional trends with 'over 85% rercent | of investments (including M&As, private equity, and venture capital) in Lualualei VLF transmitter ;l b Lualualei, Hawaii | 458 158°08'53.67"W ;
ates
& 21°25'13.38"N 158°09'14.35"W

artificial intelligence technology. Additionally, the region is a huge hub for startups in tandem with the presence of tech titans,

=+ 3°08'27.45"N 101°42'40.7"E;

Country Aysia | Kuala Lumpur 1,482 1998 o . ot
- 3°09°29.45"N 101°42'43.4"E

such as [Google orc |, IBM orc |, and 'Microsoft osc | .
Germany

New York 1,396 2015

Pay Talk F Ch IMexi
& raneisco Lhang ee Texas Austin 790,350 Houston 2,099,451

Earn More Roland Mendel Ausiria Virginia Richmond 204,214 Virginia Beach 437,994
Vermont Montpelier 7,855 Burlington 42,417
Washington Olympia 46,478 Seattle 608,660
Wisconsin Madison 233,209 Milwaukee 594,833

Island Trading Helen Bennett UK

M. Lissandrini, D. Mottin, T. Palpanas, Y.Velegrakis




Entity-relation tuples

Search for Information WITHIN Documsd

Explore new Entities

and new ways to express relations

1. Example
yGoogle ; Menlo Park

2. Match

Exemplar
Tuples

Googlefoundedina Sy f 2 t I NJ X

3. Extract Pattern
X dourdledinw, & X

4. Extract New Mentions & Patterns
Applefounded inCoupertinoX
Appleheadquarters irCoupertino

82 siGeRruUtutorial
https:e/xipdaotrati on. ml

Augment

Example-based extraction of Entity mentions and Relations

Brin[1999
Agichteinand Gravand200Q

Works bests with Binary relation

Can work with multiple mentions:
Bobborn inU.S.Ain 1978

Find Occurences of
Exemplar Tuples

Generate
New Exemplar Tuples

Snowhb all

<

flag

Entities

Table

Generate Extaction
Patterns

M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis

Goal: Enrich a list of Entity-

relationships data




Entity-relation tuples Brin[199

Example-based extraction of Entity mentions and Relations

Agichteinand Gravand200Q

How to validate the new rules This approach has
extracted automatically? y2 aKdzYly AY
Exemplar Find Occurences of
1.Compare extract Tuplzs Exemplar Tuoles
with knowmrotiuipd b D
of R is based on
tuples extracts
Generate Snowball Tag
. Compare extracted tuples - New Exemplar Tuples Entities
with known rules: confidence
of T is based on how many known
rules also extract T
Augment < Generate Extaction
New extracted Rules and Tuples Table Patterns
should not create contradictions
83  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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IN MY DEFENSE
| WAS LEFT UNSUPERVISED

8 4 SIGIR 2019 Tutorial




Entity-extraction by Example Hanafiet al.. [2017]

Learn extraction rules from example

Allow to match from text

both Positive and Negative examples

definition) increased 9.6 percent, the number of murders increased 6.2 percent, aggravated assaults increased
2.3 percent, the number of rapes (revised definition) rose 1.1 percent, and robbery violations were up 0.3
percent.

Violent crime increased in all but two city groupings. In cities with [popUlations ffom 50,000 to 99,999
inhabitants, violent crime was down 0.3 percent, and in cities with 500,000 to 999,999 in population, violent
crime decreased 0.1 percent. The largest increase in violent crime, 5.3 percent, was noted in cities with 250,000

Goal: Supervised
Extraction

Output: Extraction P: Percentage = 1.0 =1.0

rules

ID:{5,6}=04 ||D: {perc@n#=04%} =

R:[0-9]+=0.2 |D: {percent, %} = 0.4 | =03

85 sicGeRUtwutori al M. LissaMdt,it iPfa,l p.nWesl egr aki s
https:e/xipdaotrati on. ml



MatCh | ng RUIGS Hanafiet al., [2017]

From string tokens to comant i cc®

Intuition: Exploit a vocabulary of simple
specialized patters with known semantics

Example: |5 percentupin Dubai

5 P: Number percent (L: -peJrcent® el rule [
P: Integer R: [A-Za-z]+ é and a preference score
( LB® ) ([ T01 )
R: [0-9]+
Token ga Literal :
conal \ N Pre-builts
Regex ~ Dictionary ‘A
Each token may have A : . —
different candidate Dubai_|: [T' o1 ] N - Dube N sl

fimatching r 0o ———mEEE 1

86  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Merging Rules | FyeFAahbT |

Reconcile multiple interpretations

E x a m p5lpezcent Example: 6 %
Tokens: nt Ce] %
Tree: 4[ P: Percentage = 1.0 ]
P: Percentage = 1.0 ] .4

R: symbols = 0.2

.4

" R:symbols =0.2

R::[A-Zasz]+ =t0.2 =

R: [0-9]+=0.2 l<_nt 6 = 0.4

R: [A-Za-z]+ = 0.2

- 0.4 Rule: (Rioap=0z | (DA

Rulet ©eR:[0-9]+=0.2

Intersection: [5 percent, 6%)]

Consider also Negative P: Percentage = 1.0
Examples (
to prune Candidates L: '5'{'6F 0= 4 ‘L: {percent, %} = 0.4
R: [0-9]+ =0.2 { L: {percent, %} = 0.4
87  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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8

Web Tables

Semistructured data on the web

https://data-exploration.ml

Google

country capitals

Al Images  Maps  Videos

About 2.460.000.000 results (0,77 seconds)

According to countries-ofthe-world.com

s
Ageria

Q

News More Settings Tools

View 40+ more

LIER

M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis

httpsa: Wi ki p evdDlean/moarrgk # Regi ons
- Albani Ti Algie Andol Andorra
Regions = bania rana giers ra Ao a
The governing bodies of the regions are the regional councils, each with forty-one councillors elected for four-year terms. The council List of world capitals
headed by regional district chairmen (regionsradsformanden), who are elected by the council.7] The areas of responsibility for the r Country Capital city
councils are the national health service, social services and regional development.[79l8%] Unlike the counties they replaced, the regioi Albania Tirana
allowed to levy taxes and the health service is partly financed by a national health care contribution until 2018 (sundhedsbidrag), p Ageria Agiers
from both government and municipalities.['® From 1 January 2019 this contribution will be abolished, as it is being replaced by highel Andoms Andorwia Vets
tax instead. i il
109 more rows
The area and populations of the regions vary widely; for example, the Capital Region, which encompasses th
with the exception of the subtracted province East Zealand but includes the Baltic Sea island of Bornholm, ha Go g|€ food calories Q
than that of North Denmark Region, which covers the more sparsely populated area of northern Jutland. Und
densely populated municipalities, such as Copenhagen Municipality and Frederiksberg, had been given a stal Al Images Videos Maps News More Settings Tools
making them first-level administrative divisions. These sui generis municipalities were incorporated into the n
reforms. About 317.000.000 results (0,57 seconds)
Largest c Population Total area
Danish name English name Admin. centre gestoity | Pop Fpod Group Carbolydrates (Grams) Calories
(populous) | (January 2017) (km?) | Milk (higher % of simple carbohydrates; less nutrient dense)

Hovedstaden = Capital Region of Denmark  Hillered Copenhagen 1,807,404 2,568.29 Chocolate milk (1 cup) 26 208

Midtjylland Central Denmark Region Viborg Aarhus 1,304,253 13,095.80 Low fat (2%) milk 12 121

Nordjylland  North Denmark Region Aalborg Aalborg 587,335  7,907.09 Pudding (any flavor) (1/2 cup) 30 161

Sjeelland Region Zealand Soro Roskilde 832,553 7,268.75 Bimansiows

Syddanmark = Region of Southern Denmark | Vejle Odense 1,217,224 12,132.21 Carbohydrate and Calorie Content of Foods By Iltem | MomsTeam

Source: Regional and municipal key figures@ | https://www.momsteam.com/nutrition/.../carbohydrate-and-calorie-content-of-foods

~ DIJIMN £Vl wuwiiai




Entity List Expansion

Augmentation: identify entities to complete the list

Wang et al[2015

Goal: Given some seed entity mentions,

1.lnput: Incomplete |list + Key wo [egeveqeesptypsofthesametype
2. Retrieve tables from pages based onITtC(g}nEanyKeyvvord
3.Assign Score to tables based Infampte| gyance
4 . Extract entity ment.i abt&ibb?slBM
5. Analyze Enti-ogcmemne iieihes
o . _ appear together for Lenovo
6 .Pi ecckeo c c u OE N tnigt 1 e s different reasons . 5
Google €.
Accenture Seolp e IT Company
Facebook SRR Augmented [ pg
IBM Problem:Here PPR Lenovo
Causes concept drift
HP I._l_l . Apple
Bi patgtriatpeh T g samsung
——————————— Propagatio HP
90  sIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Web-Table Completion Yakoutet al.[2017

Identify relevant content, retrieve missing information - _
Goal: Retrieve missing attribute values

| nt uiltfi otnher e We b t abl es
'S a Strlct ur e ERymmcyra S———
can match it DSC W570 | Optio E60  Pentax

OptiO E60 !; S8100 Nikon

S8100 Nikon

Model Brand Model Brand

S80 Benq S80 Benq

Al10 » A10 Innostream

GX-1S GX-1S Samsung

T1460 Problem:entiti'es may appear T1460 Beng
together for different reasons

Incomplete table Complete table

Extra Input: table header
target attribute name or example of
completing attribute

91  SIGIR 2019 tutorial
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Table Correlation Graph

Schema matching for webpage and webtables
Binary-relations only

Determine Table Match
Product
Direct Match between Q(K,A) and T(K,B) MySQL_ B con.
K=entity names in a column PostgreSQL  PostgreSQL  Grp
A,B = attribute column name (heads MongoDB MongoDB inc.
Can use approximate Berkley DB Oracle corp.
matching and thesaurus List of OpenSouce database
software
gY_ 0s -
YOy TEDRS
Tt é 0 Q01 L') Qi Sg Server Microsoft MySQL 64Kb
MySQL <+ Oracle 8Kb
Teradata Firebird 64Kb
Firebird Berkley DB  8kb
Infamation about database size
Problem:considers only direct links betwee linits
QandT
/
MySQL Oracle
SQL Server Microsoft <~
Office Micrsoft
Photoshop Adobe

92  SIGIR 2019 tutorial
https://data-exploration.ml
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Goal: Retrieve missing attribute values

Best selling software in 2010

b1 8 dzidsl f By



Table Correlation Graph

Schema matching for webpage and webtables
Binary-relations only

93

4. Use starting node and execute PPR

Determine Table Match

Holistic Match
1. Assign Direct Match Score from Query to Tables
2. Scores >0 are starting nodes

3. Use classifier to add weight to other table pairs 0.1
Build Classifier usin
A Context similarity ’ Lo
A Table-to-content similarity T E—
A URL similarity MySQL
A Tuples Similarity Teradata
Firebird

the model predicts the match between
two tables with a probability

Overcomes
problems due to

poor matching
with the query

5. Use PPR scores to rank matching tables

SI GERLutori al ] o ) .
https:e/xipdatrat i oM. Ligsandrini, D. Mottin, T. Palpanas, Y. Velegrakis

0.2

<+————— Oracle

Yakoutet al.[2017

Goal: Retrieve missing attribute values

MySQL Oracle  corp. Oracle  corp. Oracle DB
PostgreSQL PostgreSQL  Grp IBM DB2
MongoDB MongoDB inc. Teradata Teradata  Corp.
Berkley DB Oracle corp. \ Carparies developing
List of OpenSouce daabase database software
softwre 0.3 /07
MySQL 64Kb 0.2 IBM 4870M
8Kb / Microsoft 4098M

Firebird 64Kb Teradata 882M
Berkley DB  8kb Daabase software, 2011
Irformetion about database size revenue by vendor
limits I 0.2

g

[Name | windows | Linux_|
MySQL Oracle Oracle Yes Yes
SQL Server Microsoft <+~——— MySQL Yes Yes
Office Micrsoft 0.5 SQL Server Yes No
Photoshop Adobe PostgreSQL Yes Yes
Best selling software in 2010 OSsupport for top database software



Semi-

bocumen Structured
SEARCHING FOR ts _ _
BY LOOKING AT Words Meta-Data Words WeblTabl els
o Classifier Citation Graph Regular Expressions Entity Mentions
Zhang and I_eeﬁlon,NaVIg_a_tlon [Agichteinet al . 900 wang et al
APPLYING Zhu et al.613] [El-Arini et al .[6j11
Jiaand Sauled 1 7 _
Tobic Models Annotations
P ) [Hanafiet all. §17]
[ Zhu and | Wu 614]
Segmentation Entity Linking Entity Extraction Schema Mgt
| [Papadimitriouetal. 6171 | | [Bordino etal.6 ] ; \[ Ritter et a | C 6149Yak CELH'[H..B)
[ 7 . Y ([ : : Y ( ; )
Documents/Citations/Queries Relation Extraction Entity Augmentation
PRODUCES recommendations Document Matching Concept Expansion

N

94 SIGIR 20109 tutorial
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Where we are

Graphs and networks

95  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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- HKE2 ZQF—HITZ
Prefoldin g3 LEPRET SRCAP

ZnF-HIT1

locatedIn

e

W -nEy

Knowledge | (e
Graph
Y

»i

Interaction

Network \ TR
Network = -

livesyy,

b PPice TRRAP/TIP6L X

Gr aparskever ywher e

Social
Network
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Gr aphs

Connected Fact Graph Ontology Tree
A g r a p h I S a g r y I,1_ I& a._ % a&h | | AEEEEEEEEEEEEEEEEEEEEEEEESRm
[ [ - "
I Arnold I .
Schwarzenegger | - Person :
Edge-labelled I . o
. - 4 n
Multigraphs | I a ! "
G: V. E. L /8 I actedIN I . ISubCl as s Of
' ) ) ) . I :
: : I I - | .
Attributes: » .
V/E:< key,value> [ Terminator [ - Actor
I Release I .
RDF ( SUbjeCt’predicate7ObjeCt ) | | J :. EEEEEEEEEEEEEEEEEEEEEESR .:
(Arnold_Schwarzenegger,isA,Person )
(Actor,  subClassOf , Person) The Structure of the Graph
(Arnold_Schwarzenegger , actedin , Terminator) 7 s as important as the Data-valueg
97 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Exemplar Queries Mottin et al. [2014,201

Example-driven graph search

r 1
1 L 1
Input: 0, an example element of interest i Nodes/Entities i
: Edges/Facts :
Output: set of elements in the desired result set I I
] Structures :

Exemplar Query Evaluation
A evaluate 0,in a database D, finding a sample S
A find the set of elements A similar to S given a similarity relation

A [OPTIONAL] return only the subset AR that are relevant

Usually requires an intermediate step:

User i1 nput (keywords)

98  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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SIMILARITY for
GRAPHS

Nodes Structures

CHALLENGE: DISCOVER USER PREFERENCE

(Edge-)Labels

CHALLENGE: EFFICIENT SEARCH

99 SIGIR 2019 Tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis



SEARCHING FOR

BY LOOKING AT

PRODUCES

100 SIGIR 2019 tutorial
https://data-exploration.ml

Structur
Nodes
T

f * 3 a * * * B

Connectivity Properties Queries (Edge-)Labels
[Gionise t a l etzger eBonitasi £3 v 1[53;}arame t al .

i ‘Sobczaket al . |61 Simil

Ruchanskyet al|]. [015] imiar

Structures
Clusters [Mo tt in g
[Perozziet a 614, SPARQL X1 e et

Kloumann et al. 14]
v

[Ar enas

el t
J

Bl ssasdrini
§ J

M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis



Seed Set EX p ans | on Kloumannand Kleinberg2014

Nodes CO””e_Cted /S — = Given a graph G, and a set of query nodes VoP Ve,
by a community ™ 7 retrieve all other nodes VPV,

where C is a community in G, and VoP Ve.

.\&\\‘

® vitl = (1 —a)M - vt + av’

Communities can be extremely large

|l denti fy i O
or At he

M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis



The Minimum Wiener Ruchansket al.[2015

Connector Problem Q/C'""{,z\

Model: Unlabeled Undirected Graph
Query: A set of Nodes Q
Similarity: Shortest-Path distance

Output: A Set of Connector Nodes H

Aexplainsd dQonnections in

Case: Infected Patients
Connectors:

Nodes with HIGH closeness Y Culprit/Other Infected
to ALL the inputs

Case: Target Audience
Similar to a Steiner-Tree but Y Influencers
overall pairwise distances are optimized

102 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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The Minimum Wiener
Connector Problem

Model: Unlabeled Undirected Graph
Query: A set of Nodes Q
Similarity: Shortest-Path distance

Output: A Set of Connector Nodes H

/ \
/ \
/ \

W=1+2+1 =4

IA\
VRS

iexplainso dQonnecti onasNglhl+l=3

minimize the sum of pairwise
shortest-path-distances
between nodes in the connector H

Called: Wiener Index.

tradeoff between size
and average distance

Ruchansket al.[2015

Sometimes The Best
Solution is
NOT A Tree

NP-Hard

min Z d(u,v)

(u,v)eH

d(u, v) is the shortestpath distance

103  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Approximate minimum Ruchanskyt al.[2015
Wiener Index Connector

Approximated with

CHOOSETIN Q &1 v [1, log 4 +|é/b] Edge-Weighted SteinerTree

All Pairwise Distances : :
Enumerate Candidate Solutions

forry Q& o

k—' Distances from a root r and keep best tree

Measure distance in H (i.e., subgraph-induced)

k—» Precomputed distance in G

Edge Weights
max{dqa(r,u),dqg(r,v
w(u, V)= )\ + {da(r,u),dg(r,v)}
A
104 sIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis -G
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Focused Clustering and Perozzet al [2014

i ' PhD
Outlier Detection NYC PhD
Similarity based on attributes English g:(e% )

Model:  Unlabeled Undirected Graph with Node Attributes

Query: A set of Nodes Q

Similarity: To Be Inferred

based on Attribute Values & Connectivity College
NYC —
English
Output: Clusters of Nodes: Dense & Coherent Google PhD
+ Outliers NYC
oD Italian
Case: Target Users Y Community with same interests NYC IBM
Case: ProductsY Co-purchased products with similar features ngCh

105  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Focused Clustering Perozzet al [2014

Infer User Focus PhD

PhD
TASK: HFOCOUS®r ,Ai mportant attribut g Er:(gﬁish gYCk
attribute weights b 9 SAP
PhD PhD 0.5 -
NYC NYC 0.5 Weak Ties [
English | | French - 0 ‘ ~—~—
Google SAP 0 College
1. Set of similar pairs, PS (from Q) Erﬁl:ish Q -
2. Set of dissimilar pairs, PD (random sample) Google PhD
NYC
Italian

3. Learn a distance metric between PS and PD .. .
Similar Attributes IBM

mins. Z (i~ )T A~ 1) vlog( S V- A - f;)) =
(u,

Wers VEPD Stronger Connection

( Distance Metric Learning, inverse Mahalanobis distance: Xing, et al 2002)

106  SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
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Focused Clustering Perozzet al [2014

Prune the Graph and keep dense communities

LOCAL
clusters

TASK: Extract Clusters on Focused Graph
attribute weights b Y

1. Find Starting Set of Small Candidate Clusters
1.a Drop low-weight edges SN
1.b Extract Strongly Connected Component C; C, 4 © S~ Seed

2. Grow Clusters around Candidates

Weighted Conductance:

ratio between the weighted sum of edges
crossing the boundaries of the cluster

and the weighted sum of those residing within it.

2.a Compute conductance of C: (iW (C, G)
2. b Select node to add (W(CPpCO6) bec

2.c Prune Underperforming nodes

3. Detect Outliers: High unweighted conductance AN S

Start with local solution and expand around
w.r.t. low weighted conductance them to avoid complete scans of the graph

107 SIGIR 2019 tutorial M. Lissandrini, D. Mottin, T. Palpanas, Y. Velegrakis
https://data-exploration.ml



IQBEES: Entity Search by Metzger et al[2013

Sobczalet al.[2019

Example Entity 1

Knowledge Graph Search
Model: Knowledge Graph (Edge-labels)

Query: A set of Entities Q

Similarity: Shared semantic properties

Output: A Set of Similar Entities (ranked)

Case: ProductsY Products with similar aspects

Case: Social MediaV User recommendation
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Maximal Aspects Metzger et al[2013

Selecting Features of Entity Similarity Sobczalet al.[2015

?Xx sport BodyBuilding

Is not maximal if
Adding any aspect
Y E(A)={Arnol

?X type AmericanActor

?X type AmericanActor Include

Typical Types

?x governorOf California

1. Prune

generltc ?x hasHeight 1.88m Use most
aspects ?x type Entity | Specific Type

?X type AmericanActor
2. Rank
Set of ?x actedIn TheExpendables REUP %A-{ABLE
: ate

_?.?p?f:t_S_ ol ?x type ActionActor P Q
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SIMILARITY for
GRAPHS

(Edge-)Labels

Queries can retrieve
both Nodes and Structures
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SEARCHING FOR

BY LOOKING AT

PRODUCES
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Ruchanskyet al|. [615] ' Similar
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Learning Path Queries on Bonifatiet al. [2015
Graphs

. " Negative Examples to
@M&I’IES f@é Wh disambiguate intention
» + -

Query: 2 sets of EntitesQ , Q

Positive, Negative

Similarity: Common Path Query (RegExp)
qg:=clalaeX) g +aqlqa- q|q
(bus|tram)*+ Cinema
Output: Set of Nodes satisfying paths for Q+
but not paths for Q_

Case: ProteinsY Similar interactions/co-expression
MONADIC: only starting nodes

Case: Tasks InitiatorY Similar Processes/Behaviours

extensible to

BINARY/ N-ARY : path from Xto Y
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Learnability of Path Queries Bonifatiet al. [2019

When is possible and How Sometimes Positive &

Negative Examples
Cannot be reconciled!

Consistency Check:

PSPACE-complete

+ -
Query: 2 sets of Entities Q , Q

Consistency:
1. Select Smallest Consistent Path
Yo € Q7. pathsg(v) € pathsq(Q™)

2. Loops cause infinite paths? Fix Maximal Length K For paths of Length N
When to use Kleene star * ? N +1

C| (A€ BE C) Y (A€ B)*€ C
3. Generalize SCP

a) Construct Prefix Tree Acceptor a3
b) Generalize into DFA with Merge . 'l

Enumerate Paths
Up to Fixed distance
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Reverse engineering SPARQL

Arenas et alf[2014

queries )
(ORYedge GIBRNSEREN g (Mexico D spanish >
Query: Setof Answers Y Not Graphs but Tupl es des?)
Similarity: common AND/OPT/FILTER query ,)

Output: a SPARQL query/ query results
?el ?e2

M1 | Mexico Spanish
Case: Open DataY Query Unknown Schema M2 | Haitl

M3 | Jamaica | English
Case: Novice User Y Avoid SPARQL I\/IATCH(?X is a Country)

OPT (?X, has_language |, ?Y)
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https://www.stardog.com/blog/7-steps-to-fast-spargl-queries/

. https://medium.com/wallscope/constructing-sparql-queries-ca63b8b9ac02
Complex SPARQL queries

A quick-peek to the complex pattern queries

[ ?employeeName ]
A

-name

[ ?employee ]

SELECT * WHERE {
?deal a :Deal ;

:employee ?employee ;
:customer ?customer .
?employee :name ?employeeName ; rcustomer
:involvedAsEmployee ?matter . [ ?mmmmer]

?customer :name ?customerName ;
:involvedAsCustomer ?matter .

:employee involvedAsEmployee

:involvedAsCustomer

‘name

Y

[ ?customerName ]

Variables start with ’)
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Reverse engineering SPARQL
gueries

Challenges and Complexity
Query: Set of Variable Mappings

?X ?Y ?Z
M1 | John

M2 | Mary mary@email.eu

M3 | Lucy Roses Street

[(?X, type, Person)] 7X # me

ﬁ’T OP\

((?X, email, ?Y)) ((?X, addr, ?Z))

Incomplete Mappings are

treated as OPTIONAL
Typical of RDF queries
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Arenas et alf[2014

Enumerate all possible
SPARQL queries satisfied
by the mappings

INTRACTABLE
Y5 —complete

Build tree-shaped

SPARQL queries IMPLIED
by the mappings




Reverse engineering SPARQL Arenas et al[201q

q UEries 3 Instantiations:
Challenges and Complexity 1. Only Positive Examples
Query: Set of Variable Mappings ( 2. Positive & Negative
3. Exact Result only
Q 7X 7X
72X Y ?Z W {M1,M2,M3,M4} ?X Y M\
M1 al / \ Y Z Y 7
M2| a2 b2 = {(M2M4} 7Y (M3M4} 77 wp ¥ \
M3| a3 c3 \\ / W [ W
M4| a4 b4 c4 d4 M4} 7
M2 |(a2,t,P)(a2, e, b2) ﬁPT .l .
Greedy: keep just M3 | (a3, t,P)(a3, a, c3)| ™ (exem Jv (0xa22)
enough to cover M4 |24, +, P)(az, e, ba) 10PT
all variables Ef}:’? Z:% (ov,a,2w) (oa,0,72w) (?v,4,09) ) 2w
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SEARCHING FOR

BY LOOKING AT

PRODUCES
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Graph Exemplar Queries

Search for Structures

Mottin et al.[201§

acquired

QU ery: [ Google }—{ YouTube ]
. vfoundedln
Model: Knowledge Graph (Moo Park)
Search Engines Business . Q1
Query: Example Structure X is isA
activity IT Companies Broadcasting
. . . . 0 . tivit
Similarity: Isomorphism/Simulation e 4 o A i A
S e a;q-ui;ea AR AN -a;qzi;ed ------ ~ TN -a-cq-uired ------ \\
Output: A set of Sub-Graphs | (Gecgen)——»(vetiuEa]) | | [ Vahoo! Tumblr Ef (_cBs _}—{paramount]
1 1
E \ 'founde hasWebsite : E "founded/n :: \ founde: hasWebsite :
! 1. Clara ) HEE ZDNet ] |
|\[Menlo Park ] ( Freebase ]S/I |\\?.-Cl-a:a- ) All.,\\ e -] B -[- 2 -e- -A]z;
TR T T TTTTTTTOT in in
A Y
S. Mateo S. Clara County New York
of
USA
Knowledge
Graph

Case: Rich Schema Y Find complex structures
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Graph Isomorphism vs. Simulation
Variants

Structural Cong Isomorphism requires an bijective function
Simulation requires only a _surjective relation:

Preserves only Parent Y Ch

Example of Simulating (G1D {G2,G3,G4}) and Strong-simulatingGr aphs ( G1aG2)

Strong simulation: Capturing topology in graph pattern matching Strong Simulation preserves close connectivity
T Shuai Ma et al., 2014
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