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Knowledge Graph
Google launches Knowledge Graph project at 2012.
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Knowledge Graph

Essentially, KG is a sematic network, which models the
entities (including properties) and the relation between
each other.
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RDF Data Model

« RDF Is the de-facto standard data

format for Knowledge Graph.
« Simple triple format <subject,
predicate, object>

* Represent both the properties of

entities and
entities.

relations between

xmins:y=http://en.wikipedia.org/wiki
y:Abraham Lincoln

Abraham Lincoln:hasNameI"Abraham Lincoln"
Abraham Lincoln:BornOnDate: "1809-02-12"
Abraham Lincoln:DiedOnD<te: "1865-04-15"

DiedIn

_A-n, ‘ iy ’ ‘/
y:Washington DC
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RDF & SPARQL
RDF Datasets

“Abraham Lincoln"

Abraham_Lincoln

Abraham_Lincoln
Abraham_Lincoln
Abraham_Lincoln
Abraham_Lincoln

Reese_Witherspoon

Reese_Witherspoon

New_Orleans_LA
New Orleans LA

United_States

United_States
United_States

hasName

BornOnDate
DiedOnDate
DiedIn
bornin

bornOnDate

bornin

foundingYear
locatedin

hasName

hasCapital

foundingYear

“1809-02-12"
“1865-04-15""

Washington_DC
Hodgenville KY

"1976-03-22"

New_Orleans_LA

“1718”
United_States
“United States

»

Washington_DC

“1776”

“Finding people who was
born in 1976 and his birth
place is a city built on 1718.
SELECT ?name

SPARQL
WHERE {

’m<bornin>?city.

?m <hasName> ?name..

?m <bornOnDate> ?bd .

? city<foundingYear>""1718"".
FILTER( regex (str (?bd ), “1976"'"'))

}

n



Interdisciplinary Research

Database
RDF Database
Data Integration - Knowledge Fusion

Machine
Natural Language Learning
Processing Knowledge

Information Extraction

: ) Representation
Semantic Parsing

(Graph Embedding)

Knowledge
Engineering
KB construction
Rule-based Reasoning



Knowledge Engineering

KB construction
[Mendes et al. 12; Suchanek et al. 07; Bollacker |

oNEP
DBpedla YSGD* ™~ Frecbhbase

elect kNnowledge

LEIpZIg UniverSity Max-Planck-Institute Metaweb Company’
University of Mannheim

) acquired by Google in 2010
OpenlLink Software

1.1 Billion 180 Million 2.5 Billion
Triples Triples Triples
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Natural Language Processing
Semantic Parsing [Zettlemoyer et al., UAI 05]

Transforming natural language (NL) sentences into computer
executable complete meaning representations (MRs)
for domain-specic applications.

Lambda-calculus [TAIonzo Church, 1940 |

Ax.state(x) n borders(x,new mexico)
“Simply typed Lambda-calculus can express varies database

query languages such as relational algebra, fixpoint logic and
the complex object algebra." [Hillebrand et al., 1996]



Machine Learning
Knowledge Representation: Transk [Bordes et al., NIPS 13]

« For each triple (Subject,Predicate,Object), “Predicate” as a
translation from Subject to Object

« Each Subject/Predicate/Object in KG maps to a
multidimension vectors

° Objective' S+P:O China Capital Beijing
Canada Capital Ottawa
rzz(s,p,o)»gs Z(s,,p,’o,)%[r +d(s+ p,0)—d(s'+ poY], = e e e
1518 (P)

EEC — ¥ Beijing — China _
_EE(0) ~ :Cap |ta|

Ottawa — Canada
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Database
A Fundamental Problem: How to store RDF data and
answer SPARQL queries

. Subject  Predicate  Object Q

Abraham_Lincoln hasName “Abraham Lincoln" S PA R L

Abraham_Lincoln BornOnDate “1809-02-12" SELECT ?name

Abraham_Lincoln DiedOnDate “1865-04-15"" WHERE {

Abraham_Lincoln Diedin Washington_DC ?m<bornin>?city.

Abraham_Lincoln bornin Hodgenville KY ?m <hasName> ?name.
Reese_Witherspoon bornOnDate "1976-03-22" ?m <bornOnDate> ?bd .
Reese_Witherspoon bornin New_Orleans_LA ?cit y <foundi ngYea r>""1718"'".

New_Orleans_LA foundingYear “1718” FILTE R( regex (Str (? bd )’ “1976" ) )

New Orleans LA locatedin United_States }
United_States hasName “United States”
United_States hasCapital Washington_DC
United_States foundingYear “1776"”

DBpeida and Freebase have
more than billions of triples




Graph

[Seven Bridges of Knigsberg, 1736] The problem is to devise a
walk across each of the seven bridges once and only once to touch
every part of the town; or this walk does not exist.

Leonhard Euler,
[1707-1783]
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Graph

Graph is everywhere:
/ Oxford

Swindon

Londen

Bristal

g

Citation Network Road Network

Southampton

2 Protein Phosphatase
/rts3 Type 2A Complex

® o P

Protein Network Knowledge Grap Internet



Graph computing is different from

@@

traditional computing task.

Zenchmark  Solving a dense n by n BFS search over a
system of linear equations large graph
Ax=Db
Measure floating point computing GTEPS (giga-
power (TFlops/s). traversed edges per
second).
Applications Engineering computing data-intensive

workloads

16



Graph computing is different from
traditional computing task.

500 /GR

The List.

TOP 10 Sites for November 2017

For more information about the sites and systems in the list, click on the links or view the complete list.

1-100 | 101-200 201-300 301-400  401-500

Top Ten from November 2017 BFS

NUMBER NUMBER

Rmax Rpeak  Power

INSTALLATION

RANK & MACHINE & VENDOR & 0 LOCATION % COUNTRY & YEAR & OF $ oF 4 SCALE & GTEPS &
Rank System Cores (TFlop/s) (TFlop/s) (kW) Hopes coRes
1 K Fi RIKEN Ad d Kobe Hi 2011 82944 663552 40 38621.4
1 Sunway TaihuLight - Sunway MPP, Sunway SW26010 260C 1.45GHz, 10,649,600 93,014.6 1254359 15371 compuer sy e acance obelyoge - Japan
Sunway , NRCPC Computational
National Supercomputing Center in Wuxi crence (AT
China 2 Sunway NRCPC National Wuxi China 2015 40768 10599680 40 23755.7
TaihuLight Supercomputing
- TH-IVB- uster, Intel Xeon Center in Wuxi
2 ZDEGHZ‘ TH EXPFESS-Z‘ Intel Xeon Phi 3151P ‘ NUDT 3 DUE/NNSATIND BV Lawrénce TIVErmore  CIVErmore CA U uT 8308 1577862 Ll 35T
National Super Computer Center in Guangzhou Sequoia National Laboratory
China 4 DOE/SC/Argonne  1BM Argonne National Chicago IL usa 2012 49152 786432 40 14982
3 Piz Daint - Cray XC50, Xeon E5-2690v3 12C 2.6GHz, Aries interconnect , 361,760 19,590.0 25,326.3 2,272 [";;fr:‘j"w i Labesory
NVIDIA Tesla P100, Cray Inc.
Swiss National Supercomputing Centre [CSCS) 5 JUQUEEN 18M Forschungszentrum  Juelich Germany 2012 16384 262144 38 5848
. ) ) Juelich (FZ))
Switzerland
6 ALCF Mira-8192  1BM Argonne National Chicago IL United States 2012 8192 131072 36 4212
4 Gyoukou - ZettaScaler-2.2 HPC system, Xeon D-1571 16C 1.3GHz, 19,860,000 19,135.8 28,192.0 1,350 partition Laboratory

Infiniband EDR, PEZY-SC2 700Mhz , ExaScaler
Japan Agency for Marine-Earth Science and Technology
Japan

5 Titan - Cray XK7, Opteron 6274 16C 2.200GHz, Cray Gemini interconnect, 580,640 17,590.0 27,1125 8,209
NVIDIA K20x , Cray Inc.
DOE/SC/0ak Ridge National Laboratory
United States

4 Sequoia - BlueGene/Q, Power BQC 14C 1.60 GHz, Custom , IBM 1,572,864 17,173.2 20,132.7 7,890

NAC/AIKC AN | R
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Knowledge “GRAPH”

Abraham_Lincoln
Abraham_Lincoln
Abraham_Lincoln
Abraham_Lincoln

Abraham_Lincoln

Reese_Witherspoon

Reese_Witherspoon

New_Orleans_LA
New Orleans LA
United_States
United_States
United_States

hasName
BornOnDate
DiedOnDate
DiedIn
bornin
bornOnDate
bornin
foundingYear
locatedin
hasName
hasCapital

foundingYear

“Abraham Lincoln"
“1809-02-12"
“1865-04-15""

Washington_DC
Hodgenville KY
"1976-03-22"
New_Orleans_LA
“1718”
United_States
“United States”
Washington_DC
“1776”

1926-07-01" “Female”

“1962-08-05"

“Abraham Lincoln” “President”  “Male"

M t.hf ge?é‘er
“1809-02-12" CM{ y:Abraham_Lincoln % y:Hodgenville_KY }mb "Hodgenville”

die ate

diedIn “Franklin D. Roosevelt”

"1865-04-15" “1776"

976-03-22"

“Female”

“United States”

"Actress” “Reese Witherspoon'

y:New_Orleans_LA

foundipgYear

y:Hyde_Park_NY

foundipgYear

“1718" “1810"

“Marilyn Monroe'

“Male”

18



Graph-based RDF Data management

KG problems

[T

SPARQL Query Evaluation

Natural Language
Question Answering over
KG

Keyword Search over
KG

Semantic Search

Ontology-based
Document Retrieval

Graph Techniques
'4

Subgraph Matching

Bipartite graph matching

Similarity Subgraph
Search

Random walk-based
Similarity Computing



Graph-based RDF Data management

KG problems

77

Y 4
¥V SPARQL Query Evaluation
- Natural Language
V ; Question Answering over
KG
Y 4 Keyword Search over
N KG

Semantic Search

Ontology-based
Document Retrieval

Graph Techniques
'4

Subgraph Matching

Bipartite graph matching

Similarity Subgraph
Search

Random walk-based
Similarity Computing
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Subgraph Matching-based
SPARQL Query Evaluation

21



A Fundamental Problem: How to store RDF data and answer
SPARQL queries

. Subject  Predicate  Object

Abraham_Lincoln hasName “Abraham Lincoln" S PA R Q L

Abraham_Lincoln BornOnDate “1809-02-12" SELECT ?name

Abraham_Lincoln DiedOnDate “1865-04-15"" WHERE {

Abraham_Lincoln DiedIn Washington_DC ’m <bornln>?cit y.

Abraham_Lincoln bornin Hodgenville KY ?m <hasName> ?name .
Reese_Witherspoon bornOnDate "1976-03-22" ’m <bornOnDate> ?bd.
Reese_Witherspoon bornin New_Orleans_LA ?cit ) <foundi ngYea r>""1718"".

New_Orleans_LA foundingYear “1718” FILTE R( regex (Str (? bd )r “1976"" ) )

New Orleans LA locatedIn United_States }
United_States hasName “United States”
United_States hasCapital Washington_DC
United_States foundingYear “1776"”

DBpeida and Freebase have
more than billions of triples




Existing Solutions: Resorting to
RDBMS techniques coieriname - SPARQL

WHERE {
?m<bornin>?city.

[ Subject T predicate | OB T o <hasNames Pname
Abraham_Lincoln hasName “Abraham Lincoln" ?’m <bornOnDate> ?bd .
Abraham_Lincoln BornOnDate “1809-02-12" ? city<foundingYear>" 1718 "".
Abraham_Lincoln DiedOnDate “1865-04-15"" FILTERL regex (str (?bd ), “1976"'"))
Abraham_Lincoln DiedIn Washington_DC } 1
Abraham_Lincoln bornin Hodgenville KY _ S L

Reese_Witherspoon bornOnDate "1976-03-22" SELECT T2
Reese_Witherspoon bornin New_Orleans_LA
New_Orleans_LA foundingYear “1718”
New Orleans LA locatedIn United_States AND T2.prope
United_States hasName “United States” AND T3.prope bornOnDate "
United_States hasCapital Washington_DC AND T1.subject=T2.subject
United_States foundingYear “1776” AND T2.subject=T3.subject

AND T1.object=T4.subject

AND T4.propety="“foundingYear “
AND T4.object="1718 "

AND T3.object LIKE '%1976%' 23



Existing Solutions (based on RDBMS techniques)

* Property Table Jena [Wilkinson et al., 2003] ,FlexTable [Wang et al.,
2010], DB2-RDF [Bornea et al., 2013]

* Vertically partitioned tables S\W-store [Abadi et al., 2009]

* Exhaustive indexing RDF-3X [Neumann and Weikum, 2008], Hexastore
[Weiss et al., 2008]

Basic Ideas: dividing the large single triple-table into several

Abeabam_Lincoln hasName “Abraham Uncoln™

bt Uncoln
_um 1865-04-15™
Abeabam_Lincoln Diedin wa w oc
Abeaham_Lincoln Boenin

Reese_

carefully-designed tables.  mmmmm—"—"— .

Reese_Witherspoon Bornin

New_Orieans_LA foundingYear  "1718"

New Orleans LA locatedin United_States
United_States hasName “United States
United_States hasCapital Washington_0C
United_States foundingYear e

¢ M.T. Ozsu. "A Survey of RDF Data Management Systems", Front. Comp. Sci., 2016.
* LeiZou, M. T. Ozsu. “Graph-based RDF Data Management”, Data Science and Engineering,
2(1): 56-70 (2017)

24



Our Solution---gStore
[Zou et al., VLDB 11; VLDB J 14 ]

FILTER( regex(str(?bd), "1976" )

foundingYear

bornOnDate
barnin

"1926-07-01" "Female"

bornaDate

diedOnDiate

"1062-08-05" “Marilyn Monrog'

Answering SPARQL
S u bg ra p h m atc h i n g "1809-02-12" QM'Y.AbrahamJ_mmlnmy:HomenvillﬂY }wr "Hodgenville"

“Abraham Lincoln® “President”  "Malg’

Yot i s

die_d.onﬂﬁe

“Franklin D). Roosavelt" "Male"
"1865-04-15"
"1976-03-22"
M "1700" . . "
"Washington D.C. "Prasident”

y Reoese_Witherspoon |

‘ﬁﬁds/t 2 hasMame
"Female”

"Actress" "Reese Witherspoon”

vy MNew _Orleans_LA

foundihgYear

foundipgYear

"171g" _oMis10" —

25



Our Solution---gStore [Zou et al., VLDB 11;
VLDB J 14 ]

Main Techniques:

 Store RDF graph G as adjacency lists;

* Neighborhood Structure Summarization—Encoding
 Structure-aware Index— VS*-tree.

26



Our Solution---gStore
Why Encoding Neighborhood ?

Encoding Technique
— — If a vertex u in query graph Q
y:Abraham_Lincoln (hasName, "Abraham Lincoln”), (BornOnDate, “1809-02-12"), (DiedOnDate, "1865-04-15"), .

(Diedln, yWashington.DC) can match a vertex v in data
graph G, then any neighbor of
vertex u should match one

(hasName, “Abraham Lincoln") neigh bor of vertex v;
0010 0000 0000 | 1000 0010 0100 0000 Otherwise, u cannot match v.

(BornOnDate, “1908-02-12")

0100 0000 0000 [ 0100 0010 0100 1000
(DiedOnDate, “1965-04-15")

(DiedIn, y:Washington_DC) 0000 0010 0000 | 1100 0010 0100 1001
0000 0010 0000 | 1000 0010 0100 0001

0000 1000 0000 (0000 0010 0100 0000 E OR

28



Our Solution---gStore

2. Construct Data Signature Graph G*

001

0000

005

0010 1000

1000

p

003

10000

0000 0001 —» 0001 1000

002

0011 1000

006

1000 0100

009

0010 0000

0000

1000 0001 [&—

1000

0010 1000

ilOOOO
008

0100 0000




Our Solution---gStore

3. Encode @ to Get Signature Graph Q*

FILTER(regex(str(?bd),“1976"))

0010 1000

10000

1000 0000

Q*

30



Our Solution---gStore

4. Filter-and-Evaluate

Query signature graph Q*

0010 1000

10000,

1000 0000

Data signature graph G*

0000 0001

0001 1000

0010 1000

Find matches of Q@* over
signature graph G*

0011 1000

1000 0100

0010 0000

0010 1000

10000

01000
—

0100 0000

Verify each match in
RDF graph G

31



Our Solution---gStore

VS-tree
11101
-
G! df [1111 1101
00001 /01000
G2 l v 10000 [ f l -
df 0011 1001 ] 1101 1101 | d
00100
10000 - -______.90010 | ___
il il et e il . .
G3 ;3 Ll L 3 3 1 L 3
di |0010 1001 = 50011 1000 _qz_q% 0101 1000 — 1000 0101 | d
00001 = 10000 01000 T0010
- _[doooo [ B D B o100
001 ! 002 ;" ________ o_o:;_,; ___________ 004 |1
0001 01040 0100p
0000 0001 | {--1% 0011 1000 0001 1000 -~ -~ #1000 0001 |¢ -
4 1
005 009 007 008 01000 : : 006
10000
0010 1000 || 0010 0000 0010 1000 |- - -4 0001 0000 | - - 1000 0100
T N

Super edge



gStore-D: Distributed RDF System
[Peng P, et al., VLDB J 16]

Challenges: How to find “crossing matches ”
”2@ directed "'4C—m refs:label" ?:2:)

isMarIiedTo
vl v3 wh
actedln refs:label
Ta "1 nl
029
027 .
e o |
1
|
Feabel ooF | afs: label !
B i S ' e
s1:fill !
s1:AilT actedin s2mctl actedlin =4 fild
o1s dirasted ismarried Tl rdfsdagbel 017

016 ool

Small Time Crocks

——————————————————————————————— 82t ——--————-
=4 Edmond O Brien
s3:act3
0o4 i direfted 22
s3ract?
rdfs:[abel rdfs:[abel ac i 4:fil6  |rdfadabs| Man-Trap
| 025 024 |
! 030
Hugh Grant Cesar Award rdfsdabel i
+ 023 |
1
MNancy Kelly
[} r = = =
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gStore-D: Distributed RDF System
[Peng P, et al., VLDB J 16]

Main Techniques:

« Partial Evaluation and Assembly-based Solution;

* Optimized Assembly Strategy in the distributed
circumstance

S1 Local partial matches
& — s -
SPARQL S2 Local partial matches Assemble SPARQL
. - — | — |all local >
queries — in S, ) matches
= partial
------------ matches
Sn j Local partial matches
— in Sy
Initialization Partial Evaluation Asseymbly

34



gStore-D: Distributed RDF System
[Peng P, et al., VLDB J 16]

Background: Partial Evaluation [Jones, 1996; Fan et al.,
06; Shuai et al., 2012]

f(X)= f(s,d)= f"(f '(s,d)’<Final Results
/ \

Known Input Unknown Input Partial Results

35



gStore-D: Distributed RDF System

WhICh are "known mputs and “partial results” ? @

———————————————————————————————————————————————————————————————————

Known inputs:
The graph at its own site and the query

graph Q.

Partial Results:

The maximal partial matches of query
graph Q over its own partial data graph
in the site.

________________________________________________________________

Extended vertices

36



gStore-D: Distributed RDF System
[Peng P, et al., VLDB J 16]

S1

Local partial matches
;| in S

SPARQL 52 g Local partial matches Alxlssleml?Ie SPARQL
— lins, — |all loca >

- Local partial matches
= in Sn

Initialization Partial Evaluation Asserny

queries artial | matches
------ matches




gStore-D: Distributed RDF System

Assembly

Sleeper

Sharing Common Crossing Edges

redfs:

abel

————————————————————————————————

s1:fl1

Mary Hartman

rdfs:label

direrted

4

Sleeper

rdfs:

abel

s1:fil1

s2:fil3

directed directed
direFed

Mary Hartman

rdfs:label

s2:fil3
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Our System o gt[™

Codes: More than 140,000 lines C++, coding from scratch

Project Address: gstive
https://github.com/Caesarl11/gStore/
Including all codes; user manual; benchmarking test
report; system demo video.

Licenses: BSD

API: C++, Java, Phython, PHP and HTTP Rest
Supporting SPARQL 1.1 (including UNION,
OPTIONAL, FILTER, GROUP BY, BIND)

39


https://github.com/Caesar11/gStore/
https://github.com/Caesar11/gStore/
https://github.com/Caesar11/gStore/

Our System o gt[™

Capability: A single site can support big KG with more than
FIVE billion edges (e.g., supporting the full version of |
DBpdida and freebase in a single machine) i

Performance: see our system performance report in
github.

Endpoints:
http://dbpedia.gstore-pku.com
http://freebase.gstore-pku.com

40


http://dbpedia.gstore-pku.com/
http://dbpedia.gstore-pku.com/
http://dbpedia.gstore-pku.com/
http://dbpedia.gstore-pku.com/
http://freebase.gstore-pku.com/
http://freebase.gstore-pku.com/
http://freebase.gstore-pku.com/
http://freebase.gstore-pku.com/

The Third Part Comments

[ Vijay Ingalalli, Dino lenco, Pascal Poncelet, Serena Villata: Querying RDF

Data Using A Multigraph-based Approach. EDBT 2016: 245-256]

e LIRMM, IRSTEA
* CNRS, I3S Laboratory

33 Million 4 Million
Triples Vertices

Apache Jena Open Source RDF Database; original from HP “x-RDF-3x, Jena are not able to output
Lab results for size 20 onwards”.
x-RDF-3x Influential academic system, from Max-Planck-
Institute
Virtuoso Commercial System “Virtuoso seems to become less robust with

the increasing query size”

“siore | Vrwso | oran |

11.96 20.45 >60
(sec) (sec) (sec)

Average Time (seconds) for a sample of 200
complex queries on DBPEDIA.

I T e e T e e e e e e e I i L S S

with increasing query size (Fig. 8b). z-RDF-3X, Jena are
Inot able to output| results for size 20 onwards. As observed
for DBPEDIA, Virtuoso seems to becomel less robust |w'1th
the increasing query size. For size 20-40, time performance
of gStore seemslbetter thanl Virtuoso; the reason seems to

[Ingalalli et. EDBT 16]
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Store Application
5 PP  ofTdples  HofEntities

* Institute of Microbiology, CAS — gSt T re 3,594,457,749 414,953,654
* World Data Center for Microorganisms

Taxonomy Genome Feature GO Pathway Literature

Species Information

Taxonomy E?g:cjesria = Terrabacteria group = Acﬁnobact? e bt o bl ; wa o o \
NCBI taxonomy ID 1270 PREFIX annotation:

<http://gcm.wdcm.org/ontology/gcmAnnotation/v1l/>
Scientific Name Micrococeus luteus PREFIX taxonomy:
<http://gcm.wdcm.org/data/gcmAnnotationl/taxonomy/>

Micrococcus luteus CD1_FAA_NB_1

Micrococcus lulsus J20 SELECT ?taxonld ?name

Micrococcus luteus Mu201 WHERE
Children Micrococcus luteus NCTC 2665 {

Micrococeus luteus SK58 ?taxonld annotation:parentTaxid taxonomy:1270.

Micrococeus luteus str. modasa ?nameld annotation:taxid ?taxonld.

More ?nameld annotation:nameclass ‘scientificName’.

?nameld annotation:taxname ?name.

Reference Title In IJSEM } /
Type Strains “searching strains of Micrococcus luteus”

Strains



gStore Application

* Institute of Microbiology, CAS —
* World Data Center for Microorganisms

PREFIX annotation:
<http://gcm.wdcm.org/ontology/gcmAnnotation/v1l/>
PREFIX taxonomy:
<http://gcm.wdcm.org/data/gcmAnnotationl/taxonomy/>

SELECT (COUNT(?geneid) AS ?num)
WHERE
{
{ ?taxonid annotation:ancestorTaxid taxonomy:1270.
?geneid a annotation:GeneNode.
?geneid annotation:x-taxon ?taxonid.

JUNION
{ ?geneid a annotation:GeneNode.
?geneid annotation:x-taxon taxonomy:1270.
}
Number of Gene 54824
Number of Protein 16229

“The number of genes related to Micrococcus luteus and its descendants”

Annotation summary

Proteins with PDB structures

Proteins with Pfam assignments
Proteins with GO assignments
Proteins with EC number assignments

Proteins with Pathway assignments

Publications and Patents

Publications

Patents

Ire€ 31594,457,749

414,953,654

15

2008

32453

680

2398
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gStore Application

Institute of Microbiology, CAS — gStht

World Data Center for Microorganisms

Genome
Export Excel
] Organism Name A%g:g:;':n Description
Micrococcus luteus str.
[ | Micrococcus luteus str. modasa AMYKO02000110 modasa contig_110, whole

genome shotgunsequence.

CPO01628 Micrococcus luteus NCTC

1 Micrococcus luteus NCTC 2665 2665, complete genome

Micrococcus luteus SK58
[ Micrococcus luteus SK58 ADCDO1000097 ctg1119142780327, whole

genome shotgunsequence.

Micrococcus luteus str,
[ Micrococcus luteus str. modasa AMYKO02000273 modasa contig_273, whol

genome shotgunsequence.

Micrococcus luteus str.
| Micrococcus luteus str. modasa AMYKO02000081 modasa contig_81, whole

genome shotgunsequence.

Micrococcus luteus sir.
| Micrococcus luteus str. modasa AMYKO02000252 modasa contig_252, whole

genome shotgunsequence.

Micrococcus luteus str.
| Micrococcus luteus str. modasa AMYKO02000060 modasa contig_g80, whole

genome shotgunsequence.

Microcooous luteus str.

3,594,457,749 414,953,654

" Searching for the genes and
descriptions related to Micrococcus
luteus and its descendants”

PREFIX annotation:
<http://gcm.wdcm.org/ontology/gcmAnnotation/v1l/>
PREFIX taxonomy:
<http://gcm.wdcm.org/data/gcmAnnotationl/taxonomy/>

SELECT ?taxonid ?name ?genomeid ?description ?strain
WHERE

{

?taxonid annotation:ancestorTaxid taxonomy:1270.
?nameld a annotation:TaxonName.

?nameld annotation:taxid ?taxonid.

?nameld annotation:nameclass ‘scientificName’.
?nameld annotation:taxname ?name.
?genomeid a annotation:GenomeNode.
?genomeid annotation:x-taxon ?taxonid.
?genomeid annotation:definition ?description.
optional{?genomeid annotation:strain ?strain.}
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Subgraph Matching-based Natural
Language Question/Answering
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KG-based Question/Answering

« SPARQL syntax are too complex for ordinary users
e RDF KG is“schema-less’data, not like schema-first
relational database.

1©) @ANSWET Inwhich films directed by Garry Marshall was Julia Roberts starring? =

unaway_Bride_(1988_film)

DBpedia

a4
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KG-based Question/Answering

« An Easy-to-Use Interface to Access Knowledge Graph

* It is interesting to both academia and industry.

 Interdisciplinary research between database and NLP
(natural language processing) communities.

© 8ANSWET Inwhichfiims directed by Garry Marshall was Julla Roberts starring? =

DBpedia
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KG-based Question/Answering

« Information Retrieval-based
« Generate candidate answers
« Ranking

« Semantic Parsing-based
« Translate NLQ to logical forms
« Executing

48



KG-based Question/Answering

« Information Retrieval-based

film

T type

Resident_Evil

director

T type

director

————|

Paul.W.S.Anderson

l budget

“6.5E7”
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KG-based Question/Answering

« Information Retrieval-based

film

director

T type

“What is the budget of the film

directed by ?"

T type
director

Resident_Evil [—

Paul.W.S.Anderson

Step. 1

Mentioned entity

l budget

“6.5E7”

Step. 2

Step. 3
Ranking Answers

“6.5E7" @ 5
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Our Approach- Data Driven
gAnswer [Zou et al, SIGMOD 14]

that play in Philadelphia ?

Using graph

™y
{ Who was married to an actor J

Gm ()
type |

matching-based  Tore (director, 10
[Antonim_Banclerasj type Philadelphia {starring, 0.9)

methOd spouse St%m: - - T (spouse, 1.0)(playFor Te am, 1.0)

F’hlladelphla_{flIm}J bornin
———-.\'
e ho |

o Graph MatChing- (Melanie_Griffith ) d'recmr[ga_mn_mc b - %| delph >

based iJonathan_Demme] tc‘ /" th
- - - [Jamesﬁndersan [Basketball_team T
Dlsamblguathn rTeam __—ype ™Who (actor, 10] (Phila delph 1.0)

[-Phlladelphla_?ﬁers)l

° b (An_Actor_Pr L 0.9) ¢
Com Ing [Conﬁ‘tan‘tln_Stamslavsklj Book | n-_ActorFrepares ;

~<geate _—tIpe (Philadelphia_(film), 0.9)
I

Disambiguation and (An-Actor Prepares)
Query together

-

(Philadelphia_T6ers, 0.8)
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Our Approach- Data Driven Solution

gAnswer

Using two Dictionaries

Entity Name Dictionary:

Relation Paraphrasing
Dictionary:

Relation Mention
Extraction and Mapping

Entity Mention Extraction and Linking

Relation Phrases| Predicates or Predicate Paths Conhde‘n.ce
Probability
“be married to” <spouse> 1.0
“p]ay in” <Starring> 09
“play in” <director> 0.5
« , <hasChild> <hasChild>
uncle of o< RasChils i 0.8
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Our Approach- Data Driven Solution
gAnswer

Online: Step 1.1

Who was married to an actor
that play in Philadelphia 7

pop]
“Philadelphia”
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Our Approach- Data Driven Solution
gAnswer Online: Step 1.2

Who was married to an actor
that play in Philadelphia 7

——————————————————————

pop]
“Philadelphia”
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Our Approach- Data Driven Solution
gAnswer Online: Step 1.3 | Who was married to an actor

that play in Philadelphia 7

__________________________________ —

':(—)I “(be) married to”

N e e e e e — — — — — — —

___________________

pop]
“Philadelphia”
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Our Approach- Data Driven Solution

gAnswer
Online: Step 1.4

Who was married to an actor
that play in Philadelphia ?

___________________________

___________________________
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Our Approach- Data Driven Solution

gAnswer
Online: Step 1.4

Who was married to an actor
that play in Philadelphia 7

___________________________

___________________________

: (“play in”, “that”, “Philadelphia”) |
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Our Approach- Data Driven Solution
gAnswer

Online: Step 2.1 Mapping Edge
(director, 1.0)

N

(starring, 0.9)

PN

(playForTeam, 1.0)

(spouse, 1.0) |

“actor” /" that”
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Our Approach- Data Driven Solution
gAnswer Online: Step 2.2 Mapping Vertices

(director, 1.0)

A

(starring, 0.9)

~

(playForTeam, 1.0)

(spouse, 1.0) i

1
I
|
|
1

| I
1

4

7Who (actor, 1.0) (Philadelphia, 1.0)

| /
/

(An_Actor_Prepares, 0.9) /
A

(Philadelphia_(film), 0.9)
I
I

(Philadelphia_76ers, 0.8)
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Our Approach- Data Driven Solution
gAnswer

Online: Step 2.3 Finding Top-k Matches

(director, 1.0)

~

(fim)

(starring, 0.9)

type type “
[Antonio_Banderas] type Philadelphia (playForTeam, 1.0)
starang T *

(spouse, 1.0) !

spousg [Phnadaphia_(fum)} bornln

Melanie_Griffith dlrector | Aaron_McKie

(Jonathan_Demme]

| |

| |

I I

| |

[James_Andersonl Basketball_team : : l

PmL;orTeam fype ?Who (actor, 1.0) (Philadelphia, 1.0)
[Phlladelphla_76ers} (Melanie_Griffith) ! /

v

!
An_Actor_Prepares, 0.9) '/
[Constantin_Stanislavskij ( P ),’

~qeate _1Ype (Philadelphia_(film), 0.9)
[An_Actor_P repa res]

~

(Philadelphia_76ers, 0.8)
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Online Demo

URL: http://ganswer.gstore-pku.com/

gAnswer A‘Home  © Service & Support ~ O About Us &' gStore Project ~

Answer

Ask to gAnswer: gAnswer is our best QA system.

gAnswer is our best QA system that can answer questions about books, music, films, conversions, history, people, places and much more.

We support key words questions by our sub-system KWgAnswer (coming soon), and support general qu i by Node-b
and have a quick look at our document!!!

1 gAnswer. To find out more, click here


http://ganswer.gstore-pku.com/
http://ganswer.gstore-pku.com/
http://ganswer.gstore-pku.com/
http://ganswer.gstore-pku.com/
http://ganswer.gstore-pku.com/
http://ganswer.gstore-pku.com/

Keyword Search Over RDF graphs
---a query graph assembly approach
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Motivation
SPARQL vs Keywords

e Easy-to-use RDF query interfaces:

* Natural Language Query Answering (NL-QA)
» -- “Which scientist graduate from a university that located in USA?”
* Keyword Search

» -- “scientist graduate from university USA”
* more concise and flexible
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Challenges
Effectiveness

* Understanding the query intention accurately

* ambiguity of keywords — multiple ways to “interpret” a keyword

“USA ”:

res:United_States

res:USA_Today

res:USA_(album) |ee

)

“graduate from ” :

dbo:educatior;

dbo:college .

( dbo:almaMate;

=)
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Challenges
Effectiveness

* Understanding the query intention accurately
* ambiguity of keywords — multiple ways to “interpret” a keyword

* ambiguity of query structures — multiple ways to “assemble” the query

dbo:Scientist dbo:Scientist

O res:United_States ‘wiitedﬁtates
dbo:almaMatei ® dbo:almaMatei dbo:country o
‘Mtry O

dbo:University dbo:University
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Our Task

* We study the keyword search on RDF graphs.
* Given a keyword token sequence RQ = {kq, ko, ..., k;,,},
our task is to interpret RQ as a query graph Q.

dbo:Scientist
rdf:type
. . . . res:United_States
“scientist graduate from university ﬂ dbo:almaMater ——

USA” RO 0 @/dbo:country
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Solution Overview
Query Graph Assembly

dbo:Scientist “graduate from ” :
r'7# H H » —_— .
scientist ”: V= ® dbo:almaMater dbo:education
1 { } E2:{ > > }

dbo:University

o _ “locate 7 :
[{f 2 .
university = - VZ_{ ® } _ dbo:countr; dbo:location
| E.={ >}
res:United_States res:USA_Today
“USA”: Vz={ @ ® }

Elementary Query Graph Building Blocks
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QGA Problem
Definition

* Query Graph Assembly Problem (QGA):

* Given n vertex terms t; (i = 1, ...,n), each t} is matched to a set V; of
candidate entity/class vertices;

* and m edge terms tf(j =1,..,m), each tf is matched to a set E; of
candidate predicate edges.

» A valid assembly query graph Q(VQ, EQ) must satisfy the following
constraints:

* each set V; has exactly one vertex in Vj;
* each set E; has exactly one edge in Ej.



QGA Problem
Cost Function

¢ COSt(Q) — Ze((vl,vz),p)EQ W((”l; Vz)» p)

» where w({vq, V,), p) denotes the triple assembly cost.

* The query graph assembly (QGA) problem is to construct a
valid query graph Q with the minimum cost(Q).
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Assembly Cost
TransE Model

* W(<V1;V2);P) = MIN(|U_1) + ﬁ — 77_2)|; |77_2) + ﬁ — U_1>|)

N

y
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QGA Problem
Hardness

* Theorem: The QGA problem is NP-complete.
* Proof: We reduce 3-SAT problem to QGA.
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Bipartite Graph Model
Grouped Nodes

XA : :
V X V ] oF \\\\ RN = 'ﬂbo:almaMatﬂ-_
> - ARRY S .
1 1 % o (NN S~o .73 d E.
l ] ..". -"‘. \\\\\\ \\\ ,4"::’/’//4 : l
"aan 4 / =
. NN ,”)\7\,\.(’/,’ :
VixVs .- N ST LT oA ;
o R U Y % dbo:educatio
P e e===F 4
<dbo: S(;ientlst res: USA Today> 5 \,:_\_——/7:-;‘/,—’ . .
rd cd

H‘
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Experiments

DBpedia Freebase
Number of Entities 5.4 million 41 million
Number of Triples 110 million | 396 million
Number of Predicates 9708 19456
Size of RDF Graphs (in GB) 8.7 56.9

QALD is a series of evaluation campaigns on question
answering over linked data.

Processed  Hecall Precision  F-1 F-1 Global

CANaLI (em) 100 0.80 0.80  0.80 0.80
DbFramesork (on] A3 (AL Q&7 DAL 05
UTOA (en) 100 0,69 D& 0TS 0.75
KW Answer (en] 100 059 0.8 070 0,70
UTOA (e5) 100 0.62 076 0.68 .65
UTQA (fa) 100 0.61 070 065 0.65
UIQA (with manual) (en) 44 0.63 0.54 0.58 0.25
UIQA (without mamal) {en) a6 0.53 0.43 048 0.17
SemGraphQA (en) 100 0.25 070 037 0.37
PersianQAs (fa) 100 0.19 0.91 0.31 0.31

QALD-6 Competition Results



IMPROVE-QA: An Interactive Mechanism
for RDF Question/Answering Systems
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Motivation

WHY? & WHY NOT? Which actress was born in
countries in Europe?

WHY
<Judy_Garland>
<Lana_Tumer>
<Audrey_ Hepbum> «
<Mariene_Dietrich> J

: ™
<Eva_Green> WHY NOT

f? <Elizabeth_Taylor> 2WHY NOT
N /




IMPROVE-QA [Xinbo Zhang et. al, WWW 17 Poster

&SIGMOD 18 demo ]

Ordinary Query Q
e 2actress .<A%s>
. <occupation>
<dedthPlace>

} <type>
country  <Country>

}

“ % Which actress was born in

Refined QueryQ =Q ,U Q ,

2actress <Actress>

<) countries in Europe?

No. Entity
Q(D) nl <Marilyn_Monroe>
n2 <Judy Garland>
n3 <Lana Tumer> Q(D)

" rl <Audrey Hepbum>
Q (D){ r2 <Mariene Dietrich>

; r3 <Eva_Green>
Q (D){ rd <Elizabeth Taylor>

<occupation> Q 1
<birthPlace>
<country> _ <type> -
- ity Pcountry
<EuropeanCountry>
. ?actress <Actress>
> —0
<occupation>
)
<birthPlace> Q 2
<type>

—

?country <EuropeanCountry>

Demo Group 2

Wednesday 14:00-
15:30



Semantic Search---a graph similarity-
based method
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Motivation

“Schema-less” leads to “Schema variety”

Eg: In DBpedia, “Germanic Vehicles” has at least Enumerating all ?
FIVE different schemas

Give me all cars produced in Germany ?

SELECT ?x WHERE

{ ?x <type> Automobile. uction  (q;)

?x <production> Germany.}| _ —
UNION Automobile Germany
{ ?x <type> Automobile.

?x <assembly> Germany. } (g2
UNION
{ ?x <type> Automobile.

?x <manufacturer> 2y. L Automobile Germany

2y <location> Germany. =~

'y <loca ) .
H A ?2x
@gx‘w’) SPAROL tfacturer (q3)
uery
ocation
] Automobile 2y

Porsche_Cayenne Germany

Answers: Bez
BMW _X6




Semantic Similarity Search [Weiguo Zheng et al., VLDB

2016]

>—>

SELECT ?x WHERE
{ ?x <type> Automobile.
?x <production> Germany.}

|
2x
type/ preduction

Automobile Germany

‘'Semantic Similarity

hS

D
EE—

I

Search

VM

Porsche Cayenne
Benz

BMW X6

Answers:

)

Key Issue:

How to define “Graph
Similarity Function” in
the context of KG ?
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Take-home Message

1, METHODOLOGY

rag TS Graph-based KG data
:::ﬂ management is a feasible
3 \ strategy.

s147 A4

2. TECHNIQUE

We need to re-consider graph
computing techniques in the

<
< context of KG.
& =
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Thanks

zoulei@pku.edu.cn




