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» Postdoc at Database System Group, Technische Universitat Dresden TECH N ISCH E
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= Master in 2008

UNIVERSITY OF
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= Visiting scholar at SAP Labs, Palo Alto for one year in 2010
= Visiting scholar at University Waterloo, for 4 months in 2007 ® @

INTERESTS AND ACTIVITIES

= Graph Data Management and Data Science LDBC*

» | DBC Graph Query Language Standardization Task Force The graph & RDF
. . benchmark reference
= Collaboration with SAP Hana Graph Team
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VISIT: HTTPS://WWWDB.INF.TU-DRESDEN.DE/
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The Zettabyte Age » e 00

How much is an exabyte really?

1 exabyte amounts to 36,000 years of

CISCO VISUAL NETWORKING INDEX THE INTERNET R e
in 3,177 times.
THE INTERNET IN2020 = o sadpmm = ...
= 26.3 billion networked devices 2 01 5 ¢

- Up from 16.3 billion in 2015

IS THE DAWN OF THE ZETTABYTE ERA What does internet traffic look like right now?
- 44% of all networked devices will be P . o
mobile-connected 5 s
= 25.1 GB average traffic per capita per month B
- Up from 9.9 GBin 2015 o "
» 2.3 Zettabytes annual IP-Traffic 5 o
- up from 870.3 Exabytes annual IP-Trafficin B

2015
- One zettabyte = stack of books from Earth to

Pluto 20 times ESE VORO RGR U0 < VoIP

DATA

IT WOULD TAKE

OVER S YEARS
T0 WATCH THE AMOUNT OF VIDEQ

@ THAT WILL CROSS GLOBAL NETWORKS

EVERY SECOND IN 2015
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The End of Science éDreSde” Database

4 N

The quest for knowledge used
to begin with grand theories.
Now it begins with massive
amounts of data.

Zetta
\Welcome to the Retabyte Age.

NEW REALITIES
= Everything is digital data
= Rise of data-driven culture
» High-performant data analytics
= Exploit sophisticated statistical methods

How will
wegrow enough

The End of Science

Nowith

HOW DO WE STRUCTURE/IMPLEMENT/LIVE WITH THIS TREND?
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Level of Analytics

©
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Business Value

~ OPTIMISATION
~ What's the best that can happen?
Business (7] } .. _ PREDICTIVE MODELLING
d i ?
Analytlcs What will happen next?

o FORECASTING
What if these trends continue?

(5] ' p STATISTICAL ANALYSIS
Why is this happening?
o E .~ ALERTS
ok What actions are needed?

oL " QUERY DRILLDOWN (OLAP)
~ Where exactly is the problem?

"7 AD-HOC REPORTS
e ." E How many, how often, where?

(1] ‘. STANDARD REPORTS
What happened?

Business
Intelligence

Degree of Intelligence

[http://www .rosebt.com/blog/eight-levels-of-analytics

0. Transactional Data Management (OLTP)

-bu
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siness-inteligence-to-business-analytics
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Focus of Interest

PROPERTIES OF ENTITIES

» Captured/measured values
= What are the sales figures/temperatures/etc.?
» Multidimensional data/time series/matrixes
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CONNECTIONS BETWEEN ENTITIES

= Network structure
= What do the friends of your customers buy?
= Graph data
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Example: Centrality Measures Dresden Database
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QUESTION: WHO ARE THE KEY PLAYERS IN A GRAPH e R e S S S i SN g I e
= Most social contacts (vaccination schedules) £ e : R ) s“"’“imgm-iﬂ:f
» Most influential thinkers/papers (reading lists) B ' !
= Most important website (web search)
= Most important distributers (supply network)
= etc.

= Can we measure that?

YES! WITH CENTRALITY MEASURES!

= Centrality measures identify the most important
verticeswithin a graph

[http://brendangriffen.com/blog/gow-influential-thinkers
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Example: Supply Chain Management

UNITED STATES

CONSUMER PRODUCT SAFETY COMMISSION

Standards

RCeICIl  Safely Education | Regulations, Laws & Research & Statistics

2\
SRS N4

Recall
Lawsuits Violations

Suppliers Manufacturers Distribution Demand
Centers Markets

< <

Home / Recalls / 2011

HP Expands Recall of Notebook Computer Batteries
to Fire Hazard

FOR IMMEDIATE RELEASE Firm's Recall Hotline: (888) 202
May 27, 2011 CPSC Recall Hotline: (800) 63
Release #11-234 CPSC Media Contact: (301) 50

HP Media Contact: (281) 51

Domestic
Manufacturer

HP Expands Recall of Notebook Computer Batteries Due to Fire
Hazard
Consumers urged to recheck notebook models and batteries

WASHINGTON, D.C. - The U.S. Consumer Product Safety Commission, in cooperation with the firm
named below, today announced a voluntary recall of the following consumer product. Consumers
should stop using recalled products immediately unless otherwise instructed. It is illegal to resell or
attempt to resell a recalled consumer product.

Name of Product: Lithium-ion batteries used in HP and Compaq notebook computers

Units: About 162,600 additional batteries (54,000 and 70,000 batteries were previously recalled in
May 2010 and May 2009, respectively)
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Example: Supply Chain Management

UNITED STATES

CONSUMER PRODUCT SAFETY COMMISSION

Standards

RCeICIl  Safely Education | Regulations, Laws & Research & Statistics

2\
SRS N4

Recall
Lawsuits Violations

Suppliers Manufacturers Distribution Demand
Centers Markets

< <

Home / Recalls / 2011

HP Expands Recall of Notebook Computer Batteries
to Fire Hazard

FOR IMMEDIATE RELEASE Firm's Recall Hotline: (888) 202
May 27, 2011 CPSC Recall Hotline: (800) 63
Release #11-234 CPSC Media Contact: (301) 50

HP Media Contact: (281) 51

Domestic
Manufacturer

HP Expands Recall of Notebook Computer Batteries Due to Fire
Hazard
Consumers urged to recheck notebook models and batteries

WASHINGTON, D.C. - The U.S. Consumer Product Safety Commission, in cooperation with the firm
named below, today announced a voluntary recall of the following consumer product. Consumers
should stop using recalled products immediately unless otherwise instructed. It is illegal to resell or
attempt to resell a recalled consumer product.

Name of Product: Lithium-ion batteries used in HP and Compaq notebook computers

Units: About 162,600 additional batteries (54,000 and 70,000 batteries were previously recalled in
May 2010 and May 2009, respectively)
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Suppliers Manufacturers Distribution Demand
Centers Markets

Response
Times

=7 IR
§ 57 ; Domestic
? ET el Manufacturer

Inventory

When to send?
How much to send?
From where to where?

TECHNISCHE http://www logicblox.com/solutions/st
@ UNIVERSITAT
DRESDEN

supply-chain-optimization/

13



Business Processes

BUSINESS PROCESSES ARE ESSENTIALLY GRAPHS

» Who does what in relationship with whom ...

Systems Group

» From tracking the state of processes (level O)

» To optimizing the processes (level 8)

BRUTE-FORCE
SOL-UTTON:

o(n!)

DYNAMIC
PROGRAMMING
ALGORITHMS:

O (n*2")

SELUNG ON EBAY:
o(1)

STILL WORKING
ON YOUR ROUTE?
\

~
SHUT THE
HEW LR

TECHNISCHE
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[https://xkcd.com/399/]

[http://integrella.com/services/solutions/business-optimization-bpm/]

N Dresden Database
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THE WHOLE ANALYTICS STACK DESIRED
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Level of Analytics

©
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Business Value

[http://www.rosebtcom/blog/eight-levels-of-analytics-business-inteligence-to-business-analytics]

~ OPTIMISATION
~ What's the best that can happen?
[7) .. _ PREDICTIVE MODELLING
What will happen nexi?

Business
Analytics

o FORECASTING
What if these trends continue?

Why is this happening?

o E .~ ALERTS
.8 What actions are needed?

(5 ) ' > STATISTICAL ANALYSIS

oL " QUERY DRILLDOWN (OLAP)
~ Where exactly is the problem?

"7 AD-HOC REPORTS
e ." E How many, how often, where?

(1] ‘. STANDARD REPORTS
What happened?

Business
Intelligence

Degree of Intelligence

0. Transactional Data Management (OLTP)

07\
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Graph Data
Management
Applications
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Graph Building Blocks QY P P

NODES (DOTS) EDGES (LINES)
» Like an entityin ER = Like arelationship in ER
= Exist on their own = Exist only betweennodes
= Have object identity » |dentity depends on the nodes
they connect

TECHNISCHE
UNIVERSITAT 1 7
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Graph Building Blocks

VERTICES & EDGES

» G = (V,E) with
Ec{elee P(V)Alel =2}

= Vertices have identity
» Edge depend on vertices

DIRECTIONALITY
= FEC VXV

o

VERTEX LABELS
= G = (V,E, Ly, fy) with
friV oLy or fi:V - P(Ly))

Film
Actor

Actor ]
Film

» Label are not unique!

EDGE LABELS (OR WEIGHTS)
= G = (V,E, Lg, fz) with
fe:V > Lg
act in

act in -
friends

act in

1 Labels that arerequired to be unique are not labels but vertex identity

TECHNISCHE
UNIVERSITAT
DRESDEN
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VERTEX PROPERTIES

= Vertices have set of key-value
pairs

name = Stolen 3

screen = 2015 name = Roy Winslet

=197
name = Brain Pit born 975

eye color = brown name = Sequle 4

oscars =2

EDGE PROPERTIES

= Edges have set of key-value
pairs

year = 2004

character = Oncle Bob <ince = 1985

year = 2005
salary =25m

18



Resource Description Framework (RDF) Dresden Database

a BB TIPS
RN N
= Data descripted in triples subject-predicate-object S AR S

T~
.

|
A
3
L

= Subjects and objects are vertices (URIs U or value literals L (objects only))
= Predicates are edge labels (URIs U)

» RDF dataset € UxUx{U U L} R sl

» Edges are directed Il

= No vertexlabels —
(note, every literal is per se unique) 2N Nown )

= No properties \\\__

@prefix eric: <http://www.w3.org/People/EM/contact#> .
@prefix contact: <http://www.w3.0rg/2000/10/swap/pim/contact#>]. (N e ) g > AN
@prefix rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#> . b

eric:me contact:fullName "Eric Miller" .

eric:me contact:mailbox <mailto:e.millerl123(at)example> . Y Mowa w) o) i e
eric:me contact:personalTitle "Dr." . o

eric:me rdf:type contact:Person .

W \wVOr aiwes

[http://commons wikimedia.org/wiki/File:Rdf_graph _for_Eric_Milerpngl

= RDF Schema (RDFS)
= Set of predefined predicates and classes to describe data schema in RDF

e )
) T NA
~ o N\
- _e =
R A %) T :
- — - - —
S W e

TECHNISCHE
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Property Graph Model

@

= Directed Graph
= Vertices are proper entities with
- Label (often as type Property)
- Properties
= Edgesare "rich” relationships with
- Label
- Properties

= No standard

= Various differentimplementations
- TinkerPop/Gremlin
- Neo4j (allows multiple vertex labels)
- Green-Marl (no labels)

TECHNISCHE
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=02 [https://github.com/tinkerpop/blueprints/wiki/Property-Graph-Model
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[http://neo4jcom/docs/stable/graphdb-neo4jhtml

UNIVERSITAT
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Possible Graph Data Models »Dregde” Database

Structure Plain Data Structured
Data

] s3] s| o &
O [} — (0]
Pure Structure Basic O O O O O O O
Graph Models DAG v o o o o o o
Plain DataGraph [lz{8]3 v v v @) 4 O O
ML Pregel Graph Model,
Graph-Oriented Object Data model (GOOD) Y Y Y Y = =
Structured Data Green-Marl Graph Model v v v ©) ©) v v
Graph Models OrientDB v v v o v v v
Property Graph, Neo4j, TinkerPop v v 4 4 v v v

TECHNISCHE
UNIVERSITAT 2 1
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Relational Representation

RDF

» Triples fits in three-column relational table

<http://www.w3.0org/People/EM/contact#me> <http://www.w3.0rg/2000/10/swap/pim/contact#fullName>
<http://www.w3.0org/People/EM/contact#me> <http://www.w3.0rg/2000/10/swap/pim/contact#mailbox>

<http://www.w3.0org/People/EM/contact#me> <http://www.w3.0rg/2000/10/swap/pim/contact#personalTitle>

<http://www.w3.0org/People/EM/contact#me> <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>

PROPERTY GRAPH

= Two universal tables: one for the vertices, one for the edges

Object

"Eric Miller”

/
/\ Dresden Database

Systems Group

<mailto:e.miller12 3(at)example>

"Dr."

<http://www.w3.0rg/2000/10/swap/pim/contact#Person>

ID Type Color Name RAM Nationality Source Target Type Rating
1 Product black “Apple iPad MC707LL/A” 64 GB 1 7 in

4 Category “Cell Phones & Accessories” 5 4 part of

5 Category “Phones” 7 6 part of

= Alternative: One universal tables per vertex and edge label (type)

TECHNISCHE
UNIVERSITAT
DRESDEN
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Relational Representation ‘Dresden Database

land

< w——y [0

GRAPH DATA WITH FIXED SCHEMA

= One table for every vertex type . .
and every edge type =
= Think of: Two-universal-tables —
schema partitioned by type

= Edge types representing
1:Nrelationship can be presented with
a simple foreign key

|
il

\!
[

|
]

iij

I
g |

The graph & RDF

) / L D B C ® benchmark reference

v Social Network Benchmark

[http://dbcouncilorg/]

TECHNISCHE
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Graph-structure data
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PART PARTSUPP LINEITEM ORDERS
OFTEN HIDDEN IN NON-GRAPH DATA p partkey ps_partkey | orderkey o_orderkey
. E.g. TPC-H scenario p_name ps suppkey >_\_< |_partkey o_custkey
p_mfgr ps_availqty I_suppkey o_orderstatus
= Customer that also is a supplier p_brand ps_supplycost | linenumber o_totalprice
p_type ps_comment |_quantity o_orderdate
p_size |_extendedprice o_orderpriority
p_container CUSTOMER |_discount o_cleark
p_retailprice R iy I_tax o_shippriority
p_comment c_name ) |_returnflag o_comment
c_address |_linestatus
SUPPLIER c_nationkey |_shipdate
@/ c_phone |_commitdate
s_name c_acctbal |_receiptdate
S_ c_mktsegment |_shipinstruct
s_nationkey c_comment |_shipmode
s_phone |_comment
s_acctbal NATION
s_comment <! n_nationkey REGION
n_name r_regionkey
n_regionkey j r_name
n_comment r_comment

TECHNISCHE
UNIVERSITAT
DRESDEN
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Graph Models vs. Relational Model

IDENTITY OF ENTITIES

= Relational: Value-based identity

- One or more attributes serves asidentityand are declared as such per type by
primary key constraint

- Values of identity attributes are user-given
» Graph: Objectidentity
- Fixed (visible or hidden) attribute serves as identity

- Values of identity attribute are either system-generated (e.g. object id) or user-
given (e.g. URI)

» Distinction is blurred by bag-semantics of SQL

REFERENCING MECHANISMS

» Relational: Value-based reference

- Referencesare expressed by value equality

- Necessity of referentialintegrity can be declared by a foreign key constraint
= Graph: Explicitassociation

- References are expressed with a dedicated association element ->edges

- Dedicated association element has referential integrity built in

/&
A Dresden Database
Systems Group

LIBERTY OF REFERENCING

= Relational

Schema

Data

= Graph

TECHNISCHE
UNIVERSITAT
DRESDEN
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Querying Graphs

@

QUESTION

“How is friend of John Doe?”
“Couples where both like "House of Cards™?”
“Shortest connection between
John Doe and Joe Dohn?”

ANSWER

TECHNISCHE
UNIVERSITAT
DRESDEN
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[http://www bordalerinstitute.com/images /yeastProtein|nteractionNetwork jpgl
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Level of Analytics

[http://www rosebt.com/blog/eight-levels-of-analytics-business-inteligence-to-business-analytics]

~ OPTIMISATION
"~ What’s the best that can happen?

(7} } ... . PREDICTIVE MODELLING

What will happen nexi?
o FORECASTING
What if these trends continue?

Business
Analytics

Business Value

-—

(5 STATISTICAL ANALYSIS
Why is this happening?
o [ .~ ALERTS
ok What actions are needed?

o " QUERY DRILLDOWN (OLAP)
~ Where exactly is the problem?

il K AD-HOC REPORTS
e ‘ ; [—_— How many, how often, where?

(1] ‘. STANDARD REPORTS
What happened?

Business
Intelligence

Degree of Intelligence
0. Transactional Data Management (OLTP) ’ v

/&
A Dresden Database
Systems Group

batch OFFLINE GRAPH
long running ANALYTICS
imperative
Graph Data
Management

Applications

ad-hoc
short running
declarative

28
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Graph Workloads QP Dresden Dotsosse

ONLINE GRAPH QUERYING OFFLINE GRAPH ANALYTICS
= OLTP-Style = OLAP style
= Short, read and write, high selectivity * Long, expensive, mainly read, low selectivity
* |nterest in proximity of one or more start hodes = Topological analysis of whole graph
» E.g., Loading and updating of you Facebook page, » E.g. Page rank (centrality), shortest path, connected
Facebook Graph Search components, ...

listen

PageRank

[http://blackfin 36 0.com/2013/01/15/facebook-graph-search/] http://commons.wikimedia.org/wiki/File:PageRank-hi-res png

TECHNISCHE
UNIVERSITAT 2 9
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Graph Query Concepts

ONLINE GRAPH QUERYING

DECLARATIVE

Datalog, SPARQL, RQL,
Cypher, ...

Focuses on the What
Abstracts from the How

Limited compared to normal
programming languages

Allows optimization:

Optimizer takes care of the How

Hides technical, low-level concerns,
e.g. selectivities, parallelization, etc.

I'm going
to make him an
offer he can't
refuse.”

*[declarative sentence spoken by Don Corleone in The Godfather; http://grammar.about.com/od/d/g/declsentermhtm]

@

TECHNISCHE
UNIVERSITAT
DRESDEN

OFFLINE GRAPH ANALYTICS ,s i'?/"
P
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.

PageRank

IMPERATIVE

Gremlin, GreenMarl, Travel,
Pregel, GraphlLab, ...

DSLs or APIs

Focuses on the How

Sets of commands

- Graph traversaland access
- General-propose programminglanguage constructs

(Almost) no restriction in expression power
compared to normal programming languages

Comfortable graph navigation and access

**[Imperative sentences spoken by Clemenza in The Godfather; http://grammar.about.com/od/i/g/impersent09 html

30




Level of Analytics

[http://www rosebt.com/blog/eight-levels-of-analytics-business-inteligence-to-business-analytics]

~ OPTIMISATION
"~ What’s the best that can happen?

(7} } ... . PREDICTIVE MODELLING

What will happen nexi?
o FORECASTING
What if these trends continue?

Business
Analytics

Business Value

-—

(5 STATISTICAL ANALYSIS
Why is this happening?
o [ .~ ALERTS
ok What actions are needed?

o " QUERY DRILLDOWN (OLAP)
~ Where exactly is the problem?

il K AD-HOC REPORTS
e ‘ ; [—_— How many, how often, where?

(1] ‘. STANDARD REPORTS
What happened?

Business
Intelligence

Degree of Intelligence
0. Transactional Data Management (OLTP) ’ v

/&
A Dresden Database
Systems Group

batch IMPERATIVE
long running GRAPH
imperative ANALYTICS
Graph Data
Management

Applications

ad-hoc
short running
declarative

31
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| /A
Graph Pattern Matching »&(ﬁi‘éﬁﬂ”atabase

MATCHING p ON G

Finds all subgraphs in G that fitto p

PATTERN p

O—O

Graph with place holders (A,B)

TECHNISCHE
UNIVERSITAT 3 3
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Similarity of two Graphs »Dresden Database

ARE GRAPHS G AND H EQUAL/SIMILAR?

MANY SIMILARITY CRITERIA

= [somorphism

= Homomorphism
= Simulation

= Bisimilarity

TECHNISCHE
UNIVERSITAT 3 4
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Graphs Homomorphism »Dres"e” Database
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e ——— - g R E——L
_——__—_—— - ~~-- - - -~y —
-~y ~y
-~ -~ S~ SN -~ el ~ SO
o o
—-_——
-

~ ~ - -’ ~ ~ ~ PR
~ ~ - ~ ~ ~ - Pt

--———::==-——-===———‘_—— ~~.~—-~_.. — == ==

= Giventwo graphs G(Vg, E;) and H(Vy, Ey)
= G and H are homomorph, if there is a surjective function o:V; — Vy
such that (vi,vj) €EE; - (a(vi),a(vj)) € Ey

» Note, there may be multiple functions g, i.e., multiple hommomorphism betweentwo graphs

TECHNISCHE
UNIVERSITAT

DRESDEN 3 5
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Graph Isomorphism »s?iﬁi‘éﬁfl”atabase

GRAPH HOMOMORPHISM GRAPH |ISOMORPHISM
”‘___:::§=_O- ::::.;::;: ”,———::::=!;f==:::“~~
(AD)—E)(D) (A—E)(D)----- -3

¢ T

~ ~
~ -~ ~ -
bl PRl T TSNS et

-’
==

» Given two graphs G(Vg, E;) and H(Vy, Ey) » Given two graphs G(Vg, E;) and H(Vy, Ey)
» G and H are homomorph, » G and H are isomorph,
= if there is a surjective function o:V; —» Vy = if there is a bijective functiono:V; —» Vy

such that (vi,v]-) € E; - (a(vi),a(vj)) € Ey such that (vi,vj) €EE; & (a(vi),a(vj)) € Ey
‘ CoO\\. s

Can we apply this to fing subgraphs?
Q) G 36

1
1
1
1
1

\ 1
1

ee also video tutorial on graph gsomorphism by Sarada Herke

yFpRpxOry-Al

https://www .youtubecom/watch?v
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Subgraph Homomorphism Query »55532‘2&2”3““”

@

Given a query graphs Q(V,, E;) and data graph G(Vy, Ey )
Graph R(Vg,Eg) is a result for Q if

- VrEVs;and Ep C E; and

- thereis asurjective function a: Vs = Vy such that
(vivj) EEp & (a(vi),a(vj)) € Eg and
V(vg,vr) € 0,v9~Vg andV¥(v;,v;) € Eg, (v;, vj)~(a (vl-),a(vj))

Q can have more vertices and edges than R, i.e., |V,| = [Vgland |E,| = |E;| holds.

Note: R is not given, R has to be determined by the query mechanism -> search problem

TECHNISCHE

UNIVERSITAT

DRESDEN
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Subgraph Isomorphism Query »gsfggggg%tabase

——— e, T
’_——__’_——_ - ~---~
~

-~y
- SN

» Given a query graphs Q(V;, E;) and data graph G(Vy, Ey )
» Graph R(Vy,Eg) is a result for Q if

- VrEVs;and Ep C E; and

- thereis abijective function g: V; = Vy such that
(vivj) EEp & (a(vi),a(vj)) € Eg and
v(vQ,vR) € 0,Vo~Vg and v(vi, vj) € Ey, (vl-, vj)~(a (vl-),a(vj))

= Qand R will have the same number of verticesand edges, i.e., |V,| = [Vzland |E, | = |E;| holds.

Single vertex in V; can be matched
multiple times in a homomorphic subgraph but only once in an isomorphic subgraph.

TECHNISCHE
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Why Homomorphism is useful...

EXAMPLE: LOOK FOR ALL PAIRS OF FRIENDS AND THE CITY EACH FRIEND LIVES IN

Vs
8\ Dresden Database
Systems Group

QUERY @ @ DATA

ISOMORPHISM FINDS ONLY FRIENDS LIVING IN DIFFERENT CITIES
» (Leipzig, Chris, Anne, Berlin), (Leipzig, Chris, Mary, Berlin) ... and permutation of these

HOMOMORPHISM ADDITIONALLY FINDS FRIENDS LIVING IN THE SAME CITY

= (Berlin, Mary, Anne, Berlin) ... and permutation of these

TECHNISCHE
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: &\
Induced Subgraph Isomorphism »55532‘223”3“”56

EXAMPLE INDUCED SUBGRAPH

= Data graph: Query graph: = Vertex-induced

* |s asubset of the verticesof a graph together with
any edges whose endpoints are both in this subset.

INDUCED SUBGRAPH ISOMORPHISM
= Stricter isomorphism
= Does it have a match? How many? » Given query graph Q(V,, E,) and data graph G (V;, )
» Graph R(V, Eg) is a result for Q if
- VRS Vs and Eg = {(v,v))|(vi,v}) € Eg A vy, vj € Vi}

= One solution: and

- thereis a bijective function a:Vy — Vg

such that ...
= What about the other edges? Could we forbid them? = In graph query languages, typically explicit negation
» With induced subgraph isomorphism semantics, use instead
example query has no match! * Induced subgraph homomorphism also possible

TECHNISCHE
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Duplicate Results

EXAMPLE: FIND TRIANGLES
» Data graph:

o e Duplicate results, same
9 subgraph but different

isomorphism o

A

Van
é Dresden Database
Systems Group
DUPLICATE RESULTS

» Giventwo results R(Vy, Eg) and S(Vs, Eg)

* Rand S are equivalentiff Vy = Vs and Eg = Eg
(both denote the same subgraph)

SUBGRAPH ISOMORPHISM W/O DUPLICATES

= Given query graph Q(V,, E, ) and data graph G (Vg, Eg)
» Graph R(Vg, Eg) is aresult for Q if
- Vg€ V;and Er S Eg and
- thereis abijective function a:Vy — Vg
such that
(vi, vj) EEp o (a(vi),d(vj)) € Ex
and
properties match and

Vv, vj € VQ:(vi <v, vj) o (a(vi) <vg cr(v]-)) assuming a
total order <, on a vertex setV

= Query: All triangles x y z
1 2 3
113 |2
2 1 3
2 13 |
3 1 2
3 2 1
qQ(X,Y,2) <- e(X,Y),e(Y,2),e(z,x). 2 3 4
2 4 3
3 2 4
3 4 2
= Result: > 4 %) 3
4 3 2 |
O s

41



Comparison of Semantics

/&
A Dresden Database
Systems Group

QK. Y, 2) <= INDUCED-SUBGRAPH SUBGRAPH SUBGRAPH
ISOMORPHISM . ISOMORPHISM — HOMOMORPHISM

w/ duplicates e(X,Y),e(X,2), e(X,Y),e(X,2), e(X,Y),e(X, 7).
le(Y,X),le(Y,2), X!=Y,Y'!=7,7!=X.
le(z,Y),!'e(z2,X),

X1=Y,Y'!=7,7!=X.

w/o duplicates e(X,Y), ( Z) e(X,Y),e(X,2), e(X,Y),e(X,2),
e(Y,X), ( , 7)), X<Y,Y<Z. X<=Y,Y<=7.
e(Z,Y),'e(z2,X),

X<Y,Y<Z.

42
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SPARQL

QUERY LANGUAGE FOR RDF DATA

» Selection of subgraph with a triple patterns

» Triple pattern is a set of triples containing variables
» One variable binding of a pattern forms a tuple

= All unique variable binding form a table

» Projection to variable of interest yields query result

SELECT  ?p,?s

WHERE ?p type Person
?p likes ?f
?f type Person
?fsex?s

TECHNISCHE
UNIVERSITAT
DRESDEN

s [P O

Lucy
Peter
Jen
Lucy
Peter
Jen
Lucy
Peter
Jen

Peter

born
born
born
sex
sex
sex
likes
likes
likes

likes

1982
1985
1987

Peter
Lucy
Lucy

Jen

/&
A Dresden Database
Systems Group

Person
1982
born sex
Luc i
Y likes 1987
likes born
likes Jen Person
. sex
Peter likes F
born sex
1985
Person

43



SPARQL s Jp lo |

Lucy born 1982
Peter born 1985

QUERY LANGUAGE FOR RDF DATA

SELECT
WHERE

©

Jen born 1987
Selection of subgraph with a triple patterns

. . _ o . Lucy sex F
Triple p:?attem |§ a .set of triples containing variables o T v
One variable binding of a pattern forms a tuple

. . . Jen sex F
All unique variable binding form a table
Projection to variable of interest yields query result i LSS
Peter likes Lucy
Jen likes Lucy

?p, ?s Peter likes Jen

?p type Person
2p likes ?f LIS

M

?f type Person Peter F

2 sex s SELECT  ?p, ?fof
F
F

Jen WHERE ?p type Person
?p likes ?f

Peter ?f type Person
?f like ?fof

TECHNISCHE
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Person
1982
born sex
Luc i
Y likes 1987
likes born
likes Jen Person
. sex
Peter likes F
born sex
1985
Person
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SPARQL

SELECT
WHERE

s [P O

born
born
born
sex
sex
sex
likes
likes
likes

likes

1982
1985
1987

Peter
Lucy
Lucy

Jen

Lucy
Peter
QUERY LANGUAGE FOR RDF DATA Jen
Selection of subgraph with a triple patterns Luey
Triple pattern is a set of triples containing variables Pater
One variable binding of a pattern forms a tuple ]
All unique variable binding form a table e
Projection to variable of interest yields query result ey
Peter
Jen
?p type Person
7p likes 2f sy |
?f type Person
’* oo 26 B SELECT  ?p, ?fof
Jen F WHERE ?p type Person
?p likes ?f
Peter F

©

?f like ?fof

TECHNISCHE
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?f type Person

Lucy
Peter
Peter
Jen

Lucy

Jen
Lucy
Peter
Peter

Lucy

/&
A Dresden Database
Systems Group

Person
1982
born sex
Luc i
Y likes 1987
likes born
likes Jen Person
. sex
Peter likes F
born sex
1985
Person
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Cypher @DGOAJ

[http://neo4jcom/docs/21.6/cypher-query-langhtml
[http://neo4jcom/docs/stable/cypher-refcard/]

MATCH-CLAUSE

* Primary way of getting data from a Neo4j database
= Allows you to specify the patterns

= Named pattern element, e.g. (p:Person), willbe bound
to the match instance

= Query can have multiple MATCH-clauses

WHERE-CLAUSE (OPTIONAL)

» Allows additional complex predicates in the pattern
= Allows joining two matches

Systems Group

/
é Dresden Database

: Person
name=_Lucy
born=1982
sex=F Likes
Likes stars=5
stars=5 Likes
stars=4 : Person
name=Jen
: Person _ born=1987
name=Peter _ﬁ’ sex=F
born=1985 stars=3
sex=M

p.name | fsex

MATCH (p:Person)-[:Likes]->(f:Person)

RETURN-CLAUSE

= Projects to the result set

» Allows projection to nodes,
edges, and properties

ORDER BY-CLAUSE (LIKE IN SQL)

RETURN p.name, f.sex

TECHNISCHE
UNIVERSITAT
DRESDEN

46



Cypher @DGOAJ

[http://neo4jcom/docs/21.6/cypher-query-langhtml
[http://neo4jcom/docs/stable/cypher-refcard/

MATCH-CLAUSE

* Primary way of getting data from a Neo4j database

Likes
stars=5

= Allows you to specify the patterns

= Named pattern element, e.g. (p:Person), willbe bound
to the match instance

= Query can have multiple MATCH-clauses

WHERE-CLAUSE (OPTIONAL)

» Allows additional complex predicates in the pattern
= Allows joining two matches

MATCH (p:Person)-[:Likes]->(f:Person)

RETURN-CLAUSE

= Projects to the result set

» Allows projection to nodes,
edges, and properties

RETURN p.name, f.sex

ORDER BY-CLAUSE (LIKE IN SQL) RETURN pname, fofn

ame

Systems Group

/
é Dresden Database

: Person
name=_Lucy
born=1982
sex=F Likes
stars=5
Likes
stars=4 . Person
name=Jen
: Person - born=1987
name=Peter _ﬁ’ sex=F
born=1985 stars=3
sex=M

p.name | fsex

Lucy
Peter
Jen

Peter

M

F
F
F

MATCH (p:Person)-[:Likes]->(:Person) -[:Likes]->(fof:Person)

TECHNISCHE
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Cypher @DGOAJ

[http://neo4jcom/docs/21.6/cypher-query-langhtml
[http://neo4jcom/docs/stable/cypher-refcard/

MATCH-CLAUSE

* Primary way of getting data from a Neo4j database

Likes
stars=5

: Person
name=_Lucy
born=1982

sex=F

Likes
stars=4

= Allows you to specify the patterns
= Named pattern element, e.g. (p:Person), willbe bound

: Person
name=Peter

WHERE-CLAUSE (OPTIONAL)

ﬁ’ born=1987
sex=F

to the match instance born=1985 stars=3
= Query can have multiple MATCH-clauses sex=M

/&
A Dresden Database
Systems Group

Likes
stars=5

. Person
name=Jen

p.name | fsex

» Allows additional complex predicates in the pattern Lucy M
= Allows joining two matches Peter F
MATCH (p:Person)-[:Likes]->(f:Person) Jen F
RETURN-CLAUSE RETURN p.name, f.sex oter i
= Projects to the result set Lucy Jen
= Allows projection to nodes, BEiE Lucy
edges, and properties
Peter Peter
ORDER BY-CLAUSE (LIKE IN SQ L) MATCH (p:Person)-[:Likes]->(:Person) -[:Likes]->(fof:Person) e Py
RETURN p.name, fof.name
Lucy Lucy

TECHNISCHE
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. A
Types of Graph Pattern Queries ‘Dres‘de” Patabase

[Peter T. Wood. Query Languages for Graph Database. SIGMOD Record 41(1), 50-60, March 2012]

OVERVIEW Edge labels
. . . . locatedIn
= Conjunctive queries (standard subgraph matching) livesin
bornin

= Regular path queries (reachability)
= Conjunctive regular path query

GRAPH DATA MODEL FOR FOLLOWING

= RDF-like data
= Graph G(V,E,Z) with
- V being the set of vertices,

- E C VXEIXV being the set of labeled edges,
- and X being the set (or alphabet) of labels

Nobel

TECHNISCHE
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Conjunctive Queries (Std. Matching) »55532‘2&2”3““”

[Peter T. Wood. Query Languages for Graph Database. SIGMOD Record 41(1), 50-60, March 2012]

IDEA

» Query is givenas a set of edge predicates
» Each edge predicate consists of a pair vertex variables and an edge label
= A set of variable bindings is a valid answer iff all predicates hold on the data graph

DEFINITION
= Query Q is an expression

ans(zy, ..., z,) < /\ (xp, a;,y)

1<ism
» Eachx; € X and y; €Y is a vertex variable or a constant from V
*» Eacha; € Xis an edge label
*= Each z;is some x; or y;

SEMANTICS
» leto: XUY -V be a specific selection of variable bindings, i.e., a mapping to verticesof G
= Say relation (G,0) E Q holds iff (6(x;),a;,0(y;)) € E for 1 < i <m, i.e., 0 maps the query pattern to valid subgraphs of G

= Then the query result Q(G) is the set of tuples (a(zy), ..., o(z,)) such that (G, o) EQ
51
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Conjunctive Queries (Std. Matching)

[Peter T. Wood. Query Languages for Graph Database. SIGMOD Record 41(1), 50-60, March 2012]

EXAMPLE

Edge labels
. . located|

= All authors born in South Africa who have olic\;aesnn
won both the Nobel and Booker prizes bornin

won

(x,hasWon, Nobel),
ans(x) « (x,hasWon, Booker),
(x, bornln,South Africa)

b
= Visually:
Nobel
W
Nobel Booker
O
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. . . . /\\
Conjunctive Queries (Std. Matching) ‘Dres‘de“ patabase

[Peter T. Wood. Query Languages for Graph Database. SIGMOD Record 41(1), 50-60, March 2012]

EXAMPLE

lo Edge labels
! dl
= All authors born in South Africa who have oucfetsnn
won both the Nobel and Booker prizes bornin
. -lL
%

won

(x,hasWon, Nobel),
ans(x) « (x,hasWon, Booker),
(x, bornln,South Africa)

b

= Visually:

Nobel Booker

TECHNISCHE
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. . . . /\\
Conjunctive Queries (Std. Matching) ‘Dresc’e“ patabase

EXTENSION TO PROPERTY GRAPHS

= Add predicates on properties

Edge labels
locatedIn
livesin

= For vertex properties b b\?v;n:]n

- Allauthors born in South Africa before 1930
who have won Nobel and Booker prizes
(x, hasWon, Nobel),
(x,hasWon, Booker),
(x, bornlIn, South Africa),
(x,year, < 1930)
- Extra syntax required for non-equi predicates
= For edge properties
- Extra syntax required on existing edge predicates

- Allauthors born in South Africa who have won
Nobel once and Booker twice

(x,hasWon: (x = 1),Nobel),
ans(x) « (x, hasWon: (x = 2), Booker),
(x, bornln, South Africa),

ans(x) «

Gordimer

TECHNISCHE
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Regular Path Query (Reachability) é Dresden Database

Systems Group

[Peter T. Wood. Query Languages for Graph Database. SIGMOD Record 41(1), 50-60, March 2012]

IDEA
» Query is givenas a path predicate consisting of a pair vertex variables and a path expression
= Path expression is a regular expression of edge labels

= A pair of variable bindings is a valid answer iff the respective vertices are connect in hold on the data graph by a path
conforming to the path expression

DEFINITION
»= Query Q is an expression ans(x,y) < (x,7,y)
» x € Vand y €V are vertexvariables
» r € X%isa regular expression over alphabet of edge labels X

SEMANTICS
= A pathp betweenwv,and v, in G is a sequence vyayv1a,V; ... Vi 1A 1V Withv; €V, a; € £, and (v, a;,v;,,) € E
» Let A(p) € =" be the label of the path p, with A(p) = aga; ... a1

» Let L(r) be the language denoted by the regular expression r, i.e. set all of all possible path labels denoted by r
» Path p satisfies r if A(p) € L(r), i.e. the path'’s label satisfies the regular expression

* Then the query result Q(G) is the set of all pairs of nodes (x,y) in G such thereis a path from x to y which satisfies r

TECHNISCHE
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Regular Path Query (Reachability) 05:&5;‘222[’3““53

[Peter T. Wood. Query Languages for Graph Database. SIGMOD Record 41(1), 50-60, March 2012]

EXAMPLE Edge labels
. . locatedIn
= All authors and where they live in or are born livesin
bornin

ans(x,y) < (x, (bllD) - lo*,y)

= Visually:

|i (b]li) - lo* .
Nobel

= Result? Neruda South America
Coetzee Australia
Coetzee South Africa
Gordimer  South Africa
Carey Australia

TECHNISCHE
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Regular Path Query (Reachability) ODreSde“ Patabase

[Peter T. Wood. Query Languages for Graph Database. SIGMOD Record 41(1), 50-60, March 2012]

EXAMPLE

lo Edge labels
. . locatedIn
= All authors and where they live in or are born livesin

bornin
ans(x,y) « (x, (blli) - 1o*,y)

won

= Visually:

; (b]li) - Io* .

= Result? Neruda South America
Coetzee Australia
Coetzee South Africa
Gordimer  South Africa
Carey Australia

TECHNISCHE
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Regular Path Query (Reachability) é?ﬁﬁi‘éﬁﬁ”ataba”

EXTENSION TO VERTEX LABEL

» Path expressions include vertex labels, e.g., (bornIn|livesin) - City - locatedIn™ - Continent

Let L, and L; be the set of vertex and edge labels and 4 the labeling function

A regular expression r is over alphabet of edge and vertex labels pairs (LgXL;)*

Let the label of a path be 1(p) = apA(v)a, ...ay,_1A(v,y,) witha; € Ly and A(v;) € L, and A(p) € (LgXL,)*
As before: Path p satisfies r if A(p) € L(r), i.e.the path's label satisfies the regular expression

EXTENSION TO PROPERTIES

= Path expression include property predicates,
e.g., livesn: [since < 1990] - City: [population > 10Mio] - locatedIn™ - Continent

= Path expressions quickly become hard to read, cf. XPath and XQuery
* |n Datalog rules:
ans(x,y) « livesin(x,z),eSince(x,z,s),s < 1990,
city(z), vPopulation(z,p),p > 10Mio, loStar(z,y), continent(y)
loStar(x,y) « locatedIn(x,y)
loStar(x,y) < locatedIn(x, z),loStar(z,y)

TECHNISCHE
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: : . N
Conjunctive Regular Path Queries (CRPQs) é”re“e” Patabase

[Peter T. Wood. Query Languages for Graph Database. SIGMOD Record 41(1), 50-60, March 2012]

IDEA

» Query is givenas a set of path predicates
» Each path predicate consists of a pair vertexvariables and a regular expression of edge labels

= A set of variable bindings is a valid answer iff all path predicates hold on the data graph

DEFINITION
= Query Q is an expression

ans(zy, ..., z,) < /\ (x;, 13 9)

1<ism
» Eachx; € X and y; €Y is a vertex variable or a constant from V
» Eachr; € X¥is aregular expression over alphabet of edge labels

*= Each z;is some x; or y;

SEMANTICS
» leto: XUY -V be a specific selection of variable bindings, i.e., a mapping to verticesof G
= Say relation (G,0) E Q holds iff, for 1 < i < mthere exists a path p;in G from o(x;) to a(y;) such that A(p) € L(r)

= Then the query result Q(G) is the set of tuples (o (zy), ..., o(z,,)) such that (G, 0) EQ
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Conjunctive Regular Path Queries (CRPQs) ODreSde“ Patabase

[Peter T. Wood. Query Languages for Graph Database. SIGMOD Record 41(1), 50-60, March 2012]

EXAMPLE Edge labels
. . locatedIn
= All winners of Nobel and Booker and where they live livesin

bornin

(x,hasWon, Nobel),
ans(x,y) « (x,hasWon, Booker),
(x,1i-1o%,y)

= Visually:

Nobel

Nobel Booker

= Result? Coetzee Australia
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Conjunctive Regular Path Queries (CRPQs) ODreSde“ Patabase

[Peter T. Wood. Query Languages for Graph Database. SIGMOD Record 41(1), 50-60, March 2012]

EXAMPLE o Edge labels
. . locatedIn
= All winners of Nobel and Booker and where they live livesin

bornin
(x,hasWon, Nobel), won
ans(x,y) « (x,hasWon, Booker),

(x,1i-1o%,y)

= Visually:

Nobel Booker

= Resylt? Coetzee Australia

TECHNISCHE
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A
Further Query TypeS » Dresden Database

Systems Group

UNION CONJUNCTIVE QUERIES (UQS)
» Adds disjunction

» Example: ans(x) < (x,hasWon, Booker) v (x,hasWon, Nobel) which give all price winners
= Multiple conjunctive queries with intersecting variable sets

= Result is the union of the result each conjunctive query projected to the intersection of all variable sets

TWO-WAY REGULAR PATH QUERIES (2RPQS)
» Allows to express backward traversal of edge types

» Example: ans(x,y) « (x, hasWon - —hasWon,y) which gives all author pairs where both have won the same price

COMBINATION OF ALL: UNION CONJUNCTIVE TWO-WAY REGULAR PATH QUERIES (UC2RPQS)

= Class of Queries that can be expressed with SPARQL 1.1 and Neo4j Cypher (differences in the exact semantics)
» Can also be expressed in the relational world with Datalog or SQL incl. recursive common table expressions

TECHNISCHE
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Level of Analytics

[http://www rosebt.com/blog/eight-levels-of-analytics-business-inteligence-to-business-analytics]

Business
Analytics

Business Value

oi’ .~ ALERTS

—— —

(1] ‘. STANDARD REPORTS
What happened?

0. Transactional Data Management (OLTP)

TECHNISCHE
UNIVERSITAT
DRESDEN

o}
(5] ' o STATISTICAL ANALYSIS
Why is this happening?

FORECASTING
What if these trends continue?

What actions are needed?

o A‘ " QUERY DRILLDOWN (OLAP)
- Where exactly is the problem?

|l £ AD-HOC REPORTS
e ‘ : E How many, how often, where?

OPTIMISATION
What's the best that can happen?

PREDICTIVE MODELLING
What will happen nexi?

Business
Intelligence

Degree of Intelligence

Yo
6 Dresden Database
Systems Group
batch

long running
imperative

Graph Data
Management

Applications
Aggregations &
composability

needed

ad-hoc
short running
declarative Graph

Matching

63
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Level of Analytics

[http://www rosebt.com/blog/eight-levels-of-analytics-business-inteligence-to-business-analytics]

Business
Analytics

Business Value

oi’ .~ ALERTS

—— —

(1] ‘. STANDARD REPORTS
What happened?

0. Transactional Data Management (OLTP)

TECHNISCHE
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o}
(5] ' o STATISTICAL ANALYSIS
Why is this happening?

FORECASTING
What if these trends continue?

What actions are needed?

o A‘ " QUERY DRILLDOWN (OLAP)
- Where exactly is the problem?

|l £ AD-HOC REPORTS
e ‘ : E How many, how often, where?

OPTIMISATION
What's the best that can happen?

PREDICTIVE MODELLING
What will happen nexi?

Business
Intelligence

Degree of Intelligence

Yo
6 Dresden Database
Systems Group
batch

long running
imperative

Graph Data
Management

Applications
Aggregations &
composability

needed

ad-hoc
short running
declarative Graph

Matching
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Example: Air Traffic Surveillance

CAPTURED OF SURVEILLANCE DATA - INFORMATION OF INTEREST

= Fine granularity data

= Low abstraction

= Geo position, timestamp, plane id
Dangerous routes

/
/

Flight routes Critical landing

[\ _—

Enroute  Dangerous approach Landing

/&
N Dresden Database
Systems Group

= Stepwise abstraction from base data to aggregated information

Surveillance data

[http://sciencehowstuffworks.com/transport/flight/modern/air-traffic-controlhtm]

Airports

Flight plan -

TECHNISCHE
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Base data
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Composability




| /A
Graph Transformation Rules »Dres"e” Database

MATCH -> VARIABLE BINDINGS -> PRODUCTION

Match Pattern Variable Bindings Production Pattern
NN
00 » » &
DIFFERENT TYPES OF VARIABLES PRODUCTION
= Value variable = Existing vertices from bound vertex variables
= \ertex variable = New verticeswith new unbound vertexvariables
= (Edge variables) » Edges either implicit (via vertex variable) or explicit
= (Path variables) (with edge variables)
= ((Sub)Graph variables) » Existing values from bound value variable

TECHNISCHE

Dl 68




Graph Transformation Rule

EXAMPLE
Match Pattern

|

h:Person(sex = m),
w: Person(sex = f),
h —w:married(since = d)

Vertex variables

.
. 5
. .
. G
. .
. .
. G
* ‘e

. G

.

Person‘
h i w )

G since=d |

sex=m ~ sex=f

Value variables

, Person
‘e

TECHNISCHE
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Production Pattern

|

-

h,w,
m: Marriage(date = d),
m — h:husband,m - w: wife

)

Systems Group

/
é Dresden Database
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Graph Transformation Rule

EXAMPLE
Match Pattern

|

h:Person(sex = m), .
w: Person(sex = f), - i
h —w:married(since = d)

Vertex variables
‘$"~..

* e

Person ,.-*" **... Person |:>
h : w
since=d

sex=m 2 sex=f

U
0
J
0
J
U

0

Value variables

Production Pattern

|

m — h: husband,m - w: i/vife

4 .
N

Marriage

date=d

/&
A Dresden Database
Systems Group

Unbound vertex
pairs m — h and
m — w produce
new edges for
every match

TECHNISCHE
UNIVERSITAT
DRESDEN

/70



Result Presentation » Dresden Database

RULE (WITHOUT TRANSFORMATION)
» e.g., Pairs of friends: oO—0

ISOLATED MATCHES

» Each match separately independently of vertex identity

e 60 60 60O 60 6O

= Vertices taking part in multiple matches have to duplicated
= Good for querying paths, further combining individual matches and result iteration

MERGED MATCHES

= All matches form a (partitioned) graph based

o &

= No vertexduplication necessary
» Keeps topology of source graph

TECHNISCHE
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Merged Transformation Results §

EXAMPLE
= Rule ((p: Person, d,: Dog, d,: Dog,p — dy, p = d;) = (dy, dy, d; — dy:Buddies))
Dog Person Dog
Buddies
= @ @
= Data

Dog Dog

Buddies

Dresden Database

Systems Group
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Side Note on Syntax

You

DO NOT LIKE THE SYNTAX?

How about

/&
A Dresden Database
Systems Group

SELECT NODE dl, NODE d2, UNDIRECTED EDGE dl TO d2 (Buddies)
FROM NODE p (Person), NODE dl (Dog), NODE d2(Dog), EDGE p TO dl, EDGE p TO d2

Or
SELECT dl, d2, dl--d2:Buddies FROM p:Person, dl:Dog,

Or
SELECT (dl)-[:Buddies]-(d2) FROM (dl:Dog)<--(:Person)

Or
(V(p, Person) ,v(dl,Dog),V(d2,Dog),E(p,>dl),E(p,>,d2))

d2:Dog, p->dl, p->d2

-—>(d2:Dog)

-> (v(dl),v(d2),E(dl,-,d2)).

There is some syntactical freedom as along as you stick with the language principles

TECHNISCHE

@ UNIVERSITAT
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ey y\
Composability é Dresden Database

»= Queries with a name (aka views) can be refer to in other queries Unnamed Query using U and V

.singles liking chocolate but no TV”

i ((V:: (s:Person), U:: (NOT s:Person), NOT s — t:likes, t: TV) = (s))

Query named V U:: ((a: Person, b: Person, a — b: partner) — (a,b,a — b))
Jpersons liking chocolate” |

Query named U
Vo ((x: Person, c: Chocolate, x = c:like) - (x, ¢c,x — C)) Jpersons in a partnership”
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Level of Analytics

[http://www rosebt.com/blog/eight-levels-of-analytics-business-inteligence-to-business-analytics]

~ OPTIMISATION
" What's the best that can happen?

(7] : . _ PREDICTIVE MODELLING
- What will happen next?

Business
Analytics

Business Value

o FORECASTING
- What if these trends continue?
(5] ' - STATISTICAL ANALYSIS
Why is this happening?
o i‘ .~ ALERTS
e A What actions are needed?

) A‘ " QUERY DRILLDOWN (OLAP)
- Where exactly is the problem?

| AD-HOC REPORTS
o ..' g E How many, how often, where?

—— —

(1] ‘. STANDARD REPORTS
What happened?

Business
Intelligence

Degree of Intelligence
0. Transactional Data Management (OLTP) o e

Yo
6 Dresden Database
Systems Group
batch

long running
imperative

Graph Data
Management

Applications
Aggregations
needed

ad-hoc
short running
declarative

Composable

Graph
Matching

75
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. /A
Aggregatlﬂg Gl’aphs égsriiggﬂ Database

PROPERTIES OF ENTITIES CONNECTIONS BETWEEN ENTITIES
» Captured/measured values = Network structure
= What are the sales figures/temperatures/etc.? » What do the friends of your customers buy?
» Multidimensional data/time series/matrixes » Graph data

Aggregating graph data Aggregating graph
(vertex and edge properties) structure

TECHNISCHE
UNIVERSITAT 76
DRESDEN



Vo
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Systems Group

I Aggregating Graph Data ‘



o . /A
Aggregation in Graph Transformation »Dres"e” Database

GERNALE

= Per (vertex) production predicate

Edges inherit grouping if they connect one or two grouping vertices

Edges can have own grouping attributes, that are added to the inherit grouping attributes

Based on match variables

All match variables not used in grouping can be used in the same predicate only in an aggregation function

SYNTAX

» <productionGroupPredicate> ::= <productionGroupVertexVariable> “@" {<variable> ","} <labels>? <attributes>?
» <variable> ::=<matchVertexVariable> | <valueVariable>

EXAMPLE

gq@a(name = a),
gp@b(name = b. name),

. ( p: Person(age = a ), ) .
9a — gp(number = CNT(p))

b: Profession, p = b: works—in

TECHNISCHE
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Aggregation /p:Person(age = a), » Sicsen Database

c:Car(class = k),
p — c:drives, -
b: Brand(),
¢ = b: madeBy

A

class=Intermediate

(&1
b1 age=45
name=BMW

Matches

(02) 4 —G.)

name=VW Csy agev—35

class=Compact

TECHNISCHE
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Agg reg at| ON /p:Person(age = a),

c: Car(class = k),
p — c:drives,
b: Brand(),
¢ = b: madeBy

A

class=Intermediate

b )
name=BMW

name=VW

TECHNISCHE
UNIVERSITAT
DRESDEN

Cy

class=Intermediate

P

C3

class=Compact

Cy )&
class=Compact

P

Cs

class=Compact

P

C6I(

o .
class=Intermediate

07‘\

Dresden Database

Systems Group
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28\

. . — — Dresden Database

A . Person(age = a), g@a.AgeGroup(age a, number CNT(p)), » reseer
gg regatl on pC:Car(dan = k) z@k:Class(name = k), b e o

p — c:drives, -
b: Brand(),
¢ = b: madeBy

A

class=Intermediate

by by

b1 - ‘ :‘ Cy )v_\ agev=45

name=BMW class=Intermediate
o) —p2) Production
class=Compact | age=40 O n
C4}‘" \pv3 name%mpact name=|r§e1'rmediate
s age=35

class=Compact

name=VW Cs t
‘ age=35
class=Compact

Co J— s @ @ @

Dt age=40 ~— ~
class=Intermediate J age=35 age=40 age=45
number=1 number=2 number=1
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UNIVERSITAT 81
DRESDEN



A
i .p = a), g@a: AgeGroup(age = a, number = CNT(p)), Dresden Database
Ag g reg atl O /p:Person(age = a) z@k:Class(name = k), b Systems Group

c:Car(class = k),
g — z(numdrivers = CNT(p)),

p — c:drives, -
b:Brand(),
¢ = b: madeBy
class=Intermediate <b ’ .
@ name=VW
b1 - Cy age=45 name=BMW
name=BMW class=Intermediate
Cs )4 D2 Production
class=Compact | age=40 O
Z

C < 4@ ‘-2' ilr

v4j"' agev=35 name=Compact name zIntermediate
class=Compact A \

b2 < \p num=2
4
name=VW ‘ Cs agv—35 num=2 nufn=2 num=1
class=Compact
Ce \@ <§1) 9> I3
N age=40 o py
class=Intermediate J age=35 age=40 age=45
number=1 number=2 number=1
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Agg reg at| ON /p:Person(age = a),

c:Car(class = k),
p — c:drives,
b: Brand(),
¢ = b: madeBy

A

class=Intermediate

namé&=VW

g@a: AgeGroup(age = a, number = CNT(p)),
z@k:Class(name = k), b

g- z(numdrivers = CNT(p)),

z - b(avgage = AVG(p.age)),

avg=375

()

name=Compact

P1
b 1) ‘ Cy age=45
name=BMW class=Intermediate
class=Compact age=40
_ \73
Cy )& s
2 age=35
class=Compact
by : =®
4
name=VW Cs t
‘ age=35
class=Compact
_ \Us
Ce )& Nt
& : age=40
class=Intermediate

TECHNISCHE
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[

N\

NG
N Dresden Database

name!BMW

4
» Systems Group

avge42.5

avg=40

)

name=Intermediate

o

/

num=2
num=2 num=2
Q’lD 9>
age=35 age=40
number=1 number=2

\

num=1

93

agev=45
number=1
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z@k:Class(name = k), b
g- z(numdrivers = CNT(p)),

Agg reg at| ON /p:Person(age = a),

c:Car(class = k),

g@a: AgeGroup(age = a, number = CNT(p)),

/E\

p — c:drives, -
b:Brand(), z - b(avgage = AVG(p.age)),
¢ — b:madeBy g — b(totalcars = CNT(c))
class=Intermediate bz b
b1 name=V L
b ) C, age=45 name$ BM
name=BMW class=Intermediate avg437,5 tot= avgk425
3 )¢ & 2 ; 40
‘ | =~ tots ~
class=Compact age=40 tOA3 t0t¥
Z
%’ agev=35 name=Compact name =Intermediate
class=Compact A \
b2 P \p num=2
4
name=VW Cs agv=35 num=2 num=2 nums=1
\@

\ass(;Compact

_ \Us

Ce )& S 1
6 age=40

class=Intermediate age=35
number=1

age=45
number=1
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A
On Tables p: Person(age = a), | ’ gsfgns;gsur; Database

c:Car(class = k),
p — c:drives, -
b:Brand(),

¢ = b: madeBy src trg num avg tot

z 2
o |lg [k |2z [ovtw) | Edge Tables i: Zz )
92 Z 2
gs Z1 1
z by 42,5
z1 by 40,0
z b, 37,5
g1 b, 2
92 b, 3
name age
g1 AgeGroup 9z b1 !
93 by 1
Vertex Tables g2 AgeGroup 40 2
gz AgeGroup 45 1
Zq Class
7 Class
bq Brand BMW
b, Brand VW

Q) RGeS 85



| | /A
Grouping Lattice »Dres"e” Database

Matching Group/Aggregate ID creation

Yaknum=CNT(p) — > Tid(a),id(k)num

Edge Table Ykb,avg=AVG(page) — > Tid(k),bavg U —> Edge Table
Yp,a.c.kb Ya,btot=CNT(¢) — > Tid(a),b,tot
Yanum=CNT(p) — > Tid(a),age=a,num
Vertex Table hU —>Vertex Table

Yk »Tid(k),name=k

Ya,knum=SUM(num) — Tid(a),id(k)num

Vkb,avg=.. > Tid(k),bavg
Voackb —> Ya,k,b num=CNT(p), » Ya,btot=SUM(tot) ——> Tlid(a),b,tot
avgs=SUM(p.age),
avgc=CNT(p),tot=CNT(c) Ya,num=SUM (num) — Tid(a),age=a,num
145 > Tid (k) name=k
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Multidimensional Graph Aggregation

Fact

(-

é\
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solved jpg

[https://commons.wikimedia.org/wiki/File:Rubiks _revenge

Multidimensional Graph Aggregation

@

(01)

class=Intermediate

()

g i
class=Intermediate

<C3 )

class=Compact

)

Cq
class= (S

mpact
(Cs )

class=Compact

()

i i
class=Intermediate

TECHNISCHE
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Dimension Class
Fact

gaGar(class = k)
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Multidimensional Graph Aggregation »szgnigggf)atabase

Dimension Class
Fact

eCarlclass = i
Dim. Driver Age| p:Person(age = a),p = c,

D1
age=45

C1

. .
class=Intermediate

9]
@
o)
c
%
o
v
=
a
o
2
i
=

g

C

N

class:lntermed@te/ 2

agev=40
C3

class=Compact ’
(CD/ age=35

class=Compact

class=Compact

commons wikimedia.or

[https:/

i i
class=Intermediate
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solved jpg

[https://commons.wikimedia.org/wiki/File:Rubiks _revenge

Multidimensional Graph Aggregation

@

) b1
Nt : age=45
b class=Intermediate
1
BMW C,
class:lngr'mediate/ vZ
@ age=40
class=Compact ’
Cy age=35
class=Compact @
b, | ‘
VW Cs age=35
class=Compact
5
Ce age=40

i i
class=Intermediate

TECHNISCHE
UNIVERSITAT
DRESDEN

Dim. Driver Age
Dim. Brand

Dimension Class
Fact

gaGar(class = k)
p:Person(age = a),p — c,
b:Brand,c — b,

=

/&
A Dresden Database
Systems Group
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solved jpg

revenge_

//commons wikimedia.org/wiki/File:Rubiks

[https

Multidimensional Graph Aggregation

Dimension Class

Dim. Driver Age

@

gaGar(class = k)
p:Person(age = a),p — c,
b:Brand,c — b,
s:City,c = s,l: Country,s — [
Dimension Location

D1 Dim. Brand
C1
N . ~age=45
b class=Intermediate
1
BMW \(c; AT
class:lngr'mediate/ vz Paris ]
age=40 L
France
Class=Compact
Cy age=35 Bevrlin N
class=Compact @
b2 ) ) l
c age=35 Z
v > Germany
class=Compact
5 S2
Ce age=40 Dresden

i i
class=Intermediate
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. . . . ?\\
Multidimensional Graph Aggregation »Dregde” Database

Dimension Class

: Fact Measure noCars
‘ gaCarlclass = k) ‘ (noCars = COUNT(c)),
Dim. Driver Age| p:Person(age = a),p - ¢,

! Dim. Brand b:Brand,c — b,

s:City,c = s,l: Country,s — [
Dimension Location

viki/File:Rubiks

- . Paris
class=Intermediate vZ ]
2 age=40 L
: France
class=Compact
- Ca age=35 Berlin
class=Compact @
b | ‘
- 35 &
c age= -
el 5 Germany
class=Compact
5 J— S2
Ce age=40 Dresden

i i
class=Intermediate

UNIVERSITAT
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Fact Measure noCars
(noCars = COUNT(c)),

eCarlclass = i
p:Person(age = a),p > ¢, |_ g@a AgeGroup (age = a),x - g,
b:Brand,c — b, z@k: Class(name = k),x - z,
s:City,c = s,l: Country,s — [ b,x = b,lLx —>1
Dimension Location

Multidimensional Graph Aggregation

Dimension Class

Dim. Driver Age
Dim. Brand

: ) - O
France le 1
Class=Compact Germany France
7 < 20> cern Cube dimension
7 class=Compact ‘ .
2 | | [
2
age=35 s
v & Germany Compact
class=Compact
5 J— S2
5_6' age=40 Dresden ‘ <g2> <g3>
class=Intermediate age=35 agev=40 age=4
93
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Multidimensional Graph Aggregation »szgnigggf)atabase

Dimension Class

‘ Fact Measure noCars

gaCar(class = i)} x@b, k,a, l(noCars = COUNT(c)),

i Dim. Driver Age| p:Person(age = a),p - ¢, R (g@a;AgeGroup (age=a),x - g,

| Dim. Brand b:Brand,c — b, z@k: Class(name = k),x — z,
s: City,c = s,l: Country,s — [ b,x - bl x>l

i/File:Rubiks

Dimension Location

\(C;
class:lngr'mediate/ 2 Paris @
age=40 lvl @ VW BMW @
France 2 1
Class=Compact Germany France
: < e serlr Cube cell
class=Compact @ ‘ .
b, d L, NoGars=2 vertices
VW Cs age=35 — Gcl
Germany Compact N~
class=Compact noCars=1]
5 J— S2
Ce age=40 Dresden @ (gz ) J3

class=Intermediate age=35 age=40 age=45
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Multidimensional Graph Aggregation »szgnigggf)atabase

Dimension Class

Fact Measure noCars
gaCar(class = i)} x@b, k,a, l(noCars = COUNT(c)),
Dim. Driver Age| p:Person(age = a),p - ¢, _, | g@a:AgeGroup (age = a),x > g,
g Dim. Brand b:Brand,c — b, z@k: Class(name = k),x — z,

z s: City, ¢ — s,l: Country,s — [ b,x = bl x -1

Dimension Location

—C - oo

class:lngr'mediate/ 2 Paris
os l
: age=40 1 VW BMW ]
% France 2 1
class=Compact Germany France
B Cy age=35 Bevrlin
class=Compact @ ‘ @
2 —) L; G
VW Cs age=35 N Xq
Germany Compact N~
class=Compact noCars=1]

5 J— S2
Ce age=40 Dresden @ > J3

class=Intermediate age=35 age=40 age=45
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Interactive Exploration

K

Dresden Database

Systems Group

CONSIDER A DATA SCIENTIST DOING MULTIDIMENSIONAL DATA EXPLORATION

THE DATA ScIENTIST 5 ANEW EBREED ...

DSC/e 2014

[http://wwwis.win.tue.nl/~wvdaalst/data_science/data_science.ntml]
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= Ju pyter Untitled 2 Last Checkpoint: 22 minutes ago (autosaved)

File  Edit
+ &
In [12]:
In [13]:
out[13]:

View Insert Cell Kemel Help

@ B 2 v > B C cCode v Cell Toolbar: None M

This is a markdown cell used for documenation

The above cell was written as: "### This is a markdown cell", followed by Shift+Enter

import math
print "This is a code cell... and Pi is = ", math.pi
This is a code cell... and Pi is = 3.14159265359

# to enable inline graphs, etc.

%pylab inline

plot(randn(10@))

Populating the interactive namespace from numpy and

[<matplotlib.lines.Line2D at @x7fe2a2496cde>]

-_
Jupyter
S’

[http://jupyterorg/]

i

vizdom
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Interactive Exploration Dresden Database

Untitled 2 .
€« C' f & https;//notebooks.azureml-int.net/n/sVUasfucctw/notebooks/Untitled%202.ipynb#

Apps J3 Microsoft AzureMa... | Subs | N8 BITD Q0T €Ip €IN @AM NFem [ e Elen SRr0 B Ju pyter

= Ju pyter Untitled 2 Last Checkpoint: 22 minutes ago (autosaved)

File Edit View Insert Cell Kemel Help

B+ % A B 4 v > B C coe v | Cell Toolbar None v o

This is a markdown cell used for documenation
[http://jup

The above cell was written as: "### This is a markdown cell", followed by Shift+Enter

In [12]: | import math

print "This is a code cell. and Pi is = ", math.pi =

This is a code cell... and Pi is = 3.14159265359

In [13]:  # to enable inline graphs, etc.
%pylab inline

plot(randn(10@)) \v/ | Z d O | I I

Populating the interactive namespace from numpy and =

oOut[13]: [<matplotlib.lines.Line2D at @x7fe2a2496cde>]
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ZJu pyter Untitled 2 Last Checkpoint: 22 minutes ago (autosaved)
File Edit View Insert Cell Kemel Help

+ 32 @A B 4 ¥ > B C cCodke v Cell Toolbar: None M
This is a markdown cell used for documenation
The above cell was written as: "### This is a markdown cell", followed by Shift+Enter

In [12]: | import math

print "This is a code cell... and Pi is = ", math.pi

This is a code cell... and Pi is = 3.14159265359

In [13]:  # to enable inline graphs, etc.
%pylab inline

plot(randn(10@))

Populating the interactive namespace from numpy and
oOut[13]: [<matplotlib.lines.Line2D at @x7fe2a2496cde>]
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Untitled 2 x .
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The above cell was written as: "## THis is a markdown cell’, followed by Shift+Enter

import math
nt “This is a ¢

math.pi | |

is a code cel 5359

enable inline
lab inline

t(randn(100))

vizdom

Populating the interactive ace from numpy and

Iut[lB]: [<matplotlib.lines.Line2D at e‘fezaugemm]

RIRCysarciriaden ) A5 Tyeas)

G 1 erecs lothduy T.deosled T disesaiend P filueet Pywar

)
P BT T_disersiond T dmersionl
CRBER BY ASCY Slmenacont)

T »

)

TECHNISCHE
UNIVERSITAT
DRESDEN

State Change

1

1 |

1

R TR
Incremental 1 m\j

1 -2

1




Interactive Exploration

/
/\ Dresden Database

Systems Group

sl 1/ /ve drester. S0 MREPIE Al A /Sve-drester. o) IERTE M Arip:/fve-doester. 0/ NP AnipsSvedrester. S0 IEFIE IS Aeps/Sve-dresder. desparalivel oot

- wve L wa | KEEE | abtnief I 0 U P gy L e | SOREIAR & ML 0 WREERG s L e’ | AR | iyl | 0 NS MPe) Gy ALl e | AR | abttiel | 0 PO Gy A e LB i LAl A el aiy s

pedin: Wopedi e con/ reEFTL ibpedin: Arrp: /gt s on reMEFIL S dopedin: Arip:/Sipedis sop rdFIL/ Arrp: /S dpedi e sop rREFTL v Arrp: [ dpedie sop/reseurcs

ol Jleve . el Gogs IWINREIR L - 00l 4 pe LAY, (wve . u ) o TIVIRENER - 08 e LASNAR: | eve . u ) Gy I INEEIR L 00 1 4 e LAOVIAEY) feve .6 ) Gogy IINEREIE L 00 4 pe LADMAPY) fwve . ) GGy TR (21 sl e LAk amrs

T T o
{ Jrob al:neasrefanes “Ang. So. Lavgbeoeol o] nesurafane seomrefanes  “Ang. So. Lagbeonol ol mes .
Ol msanaeTalers T appiegiiedesin st ol ssanaeTalers T BrinavTalers 7 appivgiirdanin st al sing .
1o el islevels el ~1ob aalsislevels el ~1oh ol islevels el ~1oh aalsislewe
ANENES . Jo dllvEEME ) Amiad J6l GLISNEME- fANENED . .6l dOany »aofﬁodeaMrht nem}M(ctw/no\ebooks/Urmtled%ZOZ||)ynbv ’ \
~1ob ol islevels -1 ~1ob ol islevels -1 ~1oh ol islevels - BL RS LS ik evels
€ walidovelteebenr  * dlasaiion ICE b develtesbenr 7 dleeatliond ICE kb develtebens 7 dlaeatliond i€k b el a§uTw e bR TO M&SIN @m fev M Een Sro
1) alpeomrefenes o Cossert Leged ol secsrefenes Mo Comsert Leagol o limessurefenes M. Commert LengedTenl:messury ol mnn‘.l Ho. Tomsert Legty” J u py e r
LR Rl s Taless 7 Wupu—.uﬁ Al e Talers T i ie ial okl BriuavTalers T g vpaiedesin sdl nl By itlec 2 i "L', s
~1ed aal-istevels - ol islevels -4 ~1ed aal-istevels ~red 2 Pl istevel -4 N X 5 aal-istevels
Ioveltabeer Drllid P dleeiiond . _ich <uldeveitetenr 7 dlession . C lborr  Bictimebiions Vi | calnsell 1 eveimetdicinels Aﬂﬁu-n -
<) el dslewels : . ol ~ied el dslewls -ich o 3 163 al-inkeve =
PRI — u..u_. | AN kb develtuebenr * dlasetlenl .} _ich vkl doveltesbewr 7 dlesedianl .} Lich el oveltibers c%’-—?x-@ 15,.‘("‘ A}.;LS- C“’ﬂunu-'u fpell Toolbar: | None M .
waor SEEEEEEEESN >
| BRET  Camg ) _measared) M T aggrogs | (NEMENTreliog (7 _seasaredl MR T aggregs (eMIMET v g (7 measared) Hewrs el fo i
Onea(t seansrel) 'WIMC‘II‘ earsrel) (Lasascrel) &0 wxmc-l:

T Almewmie® T AN

o
url("ﬂ'-

MirterS « Smadin

?u‘rn o Lararad
EIR(Nesty B T dimemaiom i)

Tooavery wwoc : Laburady \c-l.l--
EIR(enty M8 T _dimemsdon )
}
Tpersen swvee pedhs

e

Tlegange Tperyven wwves spedhs Tlegange Tperven wwves spevhs

s

Viargange Tperw

B Nesty BTN

The wcell was ﬂen as. “##a H a markucwn cell", followed by Shift+Enter

h.vq Spedis iy T T IITIR T Y "Iliv' Spedia Toadr 1

[http://jupyterorg/]

i

vizdom

0aREp 4t mews il

) T 1her® Trewr

b owrves speshs "

Poammant mweoC I AMCreanos pureos Poammant mweoC I AMCreanos pureos oot woC MMrentie s Poammlit Mowod  BAsCreanos )

Newmerr b type oo+ Commert “owmmer oo 1 ype oo  Commert Scommen oo 1 ype s + Commart Nowmmntiyr el | type >~

oot wwoc : Leagth gty oot o Leagth Tiwgta Noomman wwoc: Lengte Tiwga Aol sowoc: Leagth 4

IR omemiry A8 7_filverd) IR omemiry A8 7_filverd) IR eommiry A8 7_filverd) EIRChmmtry A8 7_f11verd)

RIRCysard Miriadn ) AS Tywas) RIRCysarcairiade ) AS Tyear) RIRCysard Mirinden ) A5 Ty IR iriaden ) A5 ey

-.' M erecs Molathdey n’ml-“‘- o, L8 R S U peiT . Y e
) ) )
) ) ) )
P BT T_dimersiond T_dmersionl BT Tdimersiond T dmersionl P BT T_dimersiond T_dmersionl P BT T_dimersiond T_dmersionl P BT T_dimersiond T_dmersionl
CRBER BY ASCHY Slmenacomt) CRBER BY ASCHY Slmenacomt) CRBER BY ASCHY Slmenacont) CRBER BY ASCHY Slmenacont) CRBER BY ASCHY Slmenacont)
T . mT e ms » (8L (8L
) ) ) ) )

TECHNISCHE
UNIVERSITAT
DRESDEN

[STOZ 9QTA WopzIA ‘e 1@ AnoiD]

101



SynopSys/SPARQLytics 6 Dresden Database

[Michael Rudolf et al SynopSys: Foundations for Multidimensional Graph Analytics. BIRTE 2014] %

Create artifacts |

Artifacts Repository

Dimension Class: {c: Car(class = k))

Dimension Brand: {b: Brand, c — b)

Measure noCars: {noCars = COUNT(c))

TECHNISCHE
IVERSITI
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SynopSys/SPARQLytics é Dresden Database

[Michael Rudolf et al SynopSys: Foundations for Multidimensional Graph Analytics. BIRTE 2014 %

Create artifacts
Artifacts Repository Define cube
Fact Car: {c: Car()) :
by selecting l_
. . predefined qulup/
Dimension Class: {c: Car(class = k)) arti Drilldown/
ifact 8 otc
Dimension Driver Age: {p: Person(age = a),p - ¢) '
— —
Dimension Brand: (b: Brand, ¢ — b)
Dimension Location: (s: City, ¢ = s, l: Country,s — [)
Measure noCars: (noCars = COUNT(c)) Compute
(generates the actual query)
c: Car(class = k), x@b, k,a, l(noCars = COUNT(C)),
p:Person(age = a),p - c, _, | 9@a:AgeGroup (age = a),x — g,
b:Brand,c — b, z@k: Class(name = k),x — z,
s:City,c = s,l: Country,s = [ b,x = b,lx =1

TECHNISCHE
UNIVERSITAT 1 O 3
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SynopSys/SPARQLytics @ Dresden Database

[Michael Rudolf et al SynopSys: Foundations for Multidimensional Graph Analytics. BIRTE 2014 %

Create artifacts Redefine cube/Define another cube
......... >
Artifacts Repository Define cube
Fact Car: {c: Car()) :
by selecting l_
- : predefined Rollup/
Dimension Class: {c: Car(class = k)) arti Drilldown/
ifact 8 ote
Dimension Driver Age: {p: Person(age = a),p - ¢) '
— —
Dimension Brand: (b: Brand, ¢ — b)
Dimension Location: (s: City, ¢ = s, l: Country,s — [)
Measure noCars: (noCars = COUNT(c)) Compute
(generates the actual query)
c: Car(class = k), x@b, k,a, l(noCars = COUNT(C)),
p:Person(age = a),p - c, _, | 9@a:AgeGroup (age = a),x — g,
b:Brand,c - b, z@k: Class(name = k),x — z,
s: City,c = s,l: Country,s — [ b,x - b lx—1l

TECHNISCHE
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SynopSys/SPARQLytics — Experiments @Dregde” Database

LDBC SoclAL NETWORK BENCHMARK — Bl WORKLOAD

Q1 - Posting summary

Q2 - Top tags for country, age, gender, time
Q3 - Tag evolution

Q4 - Popular topics in a country

Metric Maximum Average

Very low reuse, in

Q5 - Top posters in a country = . : Re-use per dimension 3 1.6
Q6 - Most active Posters of a given Topic o practlce llkely to R 5 1.8
Q7 - Most authoritative users on a given topic o] be Mmuc h hl he r| c-use per measure .
Q8 - Related Topics © 9Ner Dimensions per cube 8 3.5
Q9 - Forum with related Tags O : :

Q10- Central Person for a Tag = Levels per dimension 3 1.5
Q11 - Unrelated Replies X Unfavorable Measures per cube 4 1.6
Q12 - Trending Posts L . f

Q13 - Popular Tags per month in a country q>_) setti ng or our

Q14 - Top thread initiators = I —

Q15 - Social Normals O approaCh' —e— SPARQL

Q16 - Experts in Social Circle g Already 400 | | % SPARQLytics

Q17 - Friend Triangles :

Q18 - How many persons have a given number of p E co nSIde ra bly

Q19 - Stranger's Interaction

fewer lines of
Q20 - High level topics

Lines of code (cumulated)

Q21 - Zombies in a country code needed 200 - N
Q22 - International Dialog

Q23 - Holiday Destinations (faCtor 2)

Q24 - Messages By Topic And Continent 0 | | | | | | |

1 2 3 4 §5 8§ 11 12 19 20 23 24
Benchmark query

TECHNISCHE
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Systems Group

Aggregating Graph Structure




. A
Graph Aggregation ‘DreSde” Database

[Peixiang Zhao et al: Graph Cube: On Warehousing and OLAP Multidimensional Networks, SIGMOD 2011]

SUMMARIZE THE STRUCTURE OF A GRAPH IN A SMALLER GRAPH

= Group all verticesand all edge

= Represent the relationship
of the groups in a graph

Schema: Male/Teacher Female/Teacher Male/Lawyer Female/Lawyer Co-workers  Friends

D 107




. A
Graph Aggregation ‘Dr“"e“ Database

[Peixiang Zhao et al: Graph Cube: On Warehousing and OLAP Multidimensional Networks, SIGMOD 2011]

SUMMARIZE THE STRUCTURE OF A GRAPH IN A SMALLER GRAPH

= Group all verticesand all edge

. . 3 1
= Represent the relationship o O
of the groups in a graph (Fgendercount¥ 7o count ) Qie

(Vgender,job,COUNT(*)V' V@,COUNT(*)E)

Schema: Male/Teacher Female/Teacher Male/Lawyer Female/Lawyer Co-workers  Friends

TECHNISCHE
UNIVERSITAT
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. A
Graph Aggregation ‘Dres"e“ Database

[Peixiang Zhao et al: Graph Cube: On Warehousing and OLAP Multidimensional Networks, SIGMOD 2011]

SUMMARIZE THE STRUCTURE OF A GRAPH IN A SMALLER GRAPH

= Group all verticesand all edge

. . 3 1
= Represent the relationship O O
of the groups in a graph (Fgendercount¥ 7o count ) @ie

Schema: Male/Teacher Female/Teacher Male/Lawyer Female/Lawyer Co-workers  Friends

TECHNISCHE
UNIVERSITAT
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. A
Graph Aggregation ‘Dres"e“ Database

[Peixiang Zhao et al: Graph Cube: On Warehousing and OLAP Multidimensional Networks, SIGMOD 2011]

SUMMARIZE THE STRUCTURE OF A GRAPH IN A SMALLER GRAPH

= Group all verticesand all edge . )
= Represent the relationship O O
of the groups in a graph (ygender,COUNT(*)V’yQCOUNT(*)E) eie

Generalization

Schema: Male/Teacher Female/Teacher Male/Lawyer Female/Lawyer Co-workers  Friends

TECHNISCHE
UNIVERSITAT
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. A
Graph Aggregation ‘Dres"e“ Database

[Peixiang Zhao et al: Graph Cube: On Warehousing and OLAP Multidimensional Networks, SIGMOD 2011]

SUMMARIZE THE STRUCTURE OF A GRAPH IN A SMALLER GRAPH

= Group all verticesand all edge . )
= Represent the relationship O O
of the groups in a graph (ygender,COUNT(*)V’yQCOUNT(*)E) eie

Generalization

(ygender,SUM(*)V' yq),SUM(cnt)E)

Schema: Male/Teacher Female/Teacher Male/Lawyer Female/Lawyer Co-workers  Friends

TECHNISCHE
UNIVERSITAT
@ DRESDEN 1 1 1




| /A
Graph Aggregation »Dres"e” Database

[Peixiang Zhao et al: Graph Cube: On Warehousing and OLAP Multidimensional Networks, SIGMOD 2011]

GRAPH CUBE (CUBOID)
» Cube of all possible aggregation of a graph

Grouping Lattice

]
= Example grouping attributes: {id, gender, job, status} /I\
{gender} {job} {status}
{gender, job} {gender, status} {job, status}
{gender, job, status}

Base = {id, gender, job,status}

TECHNISCHE
UNIVERSITAT 11 2
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| /A
Graph Aggregation »Dres"e” Database

[Peixiang Zhao et al: Graph Cube: On Warehousing and OLAP Multidimensional Networks, SIGMOD 2011

GRAPH CUBE (CUBOID)
» Cube of all possible aggregation of a graph

Grouping Lattice

]
= Example grouping attributes: {id, gender, job, status} /I\
{gender} {job} {status}
{gender, job} {gender, status} {job, status}
{gender, job, status}

/ Base = {id, gender, job,status}

TECHNISCHE
UNIVERSITAT 113
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| A
Graph Aggregation »Dres"e” Database

[Peixiang Zhao et al: Graph Cube: On Warehousing and OLAP Multidimensional Networks, SIGMOD 2011

GRAPH CUBE (CUBOID)
» Cube of all possible aggregation of a graph

Grouping Lattice

?

= Example grouping attributes: {id, gender, job, status} /I\
O O / {gender} {job} {status}

{gender, job} {gender, status} {job, status}

/

{gender, job, status}

/ Base = {id, gender, job,status}

TECHNISCHE
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. /\\
Graph Aggregation »Dresden Database

GRAPH CUBE (CUBOID)
» Cube of all possible aggregation of a graph

Grouping Lattice

?

= Example grouping attributes: {id, gender,job, status} /I\
o O / {gender} {job} {status}

{gender, job} {gender, status} {job, status}

/

{gender, job, status}

/ Base = {id, gender, job,status}

TECHNISCHE
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| /A
Graph Aggregation »Dres"e” Database

[Peixiang Zhao et al: Graph Cube: On Warehousing and OLAP Multidimensional Networks, SIGMOD 2011]

GRAPH CUBE (CUBOID)
» Cube of all possible aggregation of a graph

Grouping Lattice

?

= Example grouping attributes: {id, gender, job, status} /I\
O O / {gender} {job} {status}

{gender, job} {gender, status} {job, status}

{gender, job, status}

Cube definition only requires list of grouping attributes and ,status}
measures (e.g. count) for vertices and edges

TECHNISCHE
UNIVERSITAT 11 6
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. 4 \\
Level of Analytics » Dresden Database

[http://www rosebt.com/blog/eight-levels-of-analytics-business-inteligence-to-business-analytics]

qr " OPTIMISATION batch ‘ Integration with

@

= "~ What's the best that can happen? long running Machine

= - . . .

2 Business o } ~ __ PREDICTIVE MODELLING Imperative Learning and
@ q 3 What will happen next? Optimization
§ Analytics Methods

o FORECASTING
: - What if these trends continue?

(s ) ' - STATISTICAL ANALYSIS Gra ph Data
Why is this happening?
o E_ Lghs Management
‘-~ What actions are needed? Applications
o " QUERY DRILLDOWN (OLAP)
- Where exactly is the problem?
<~ Business
- AD-HOC REPORTS
e K8 E How many, how often, where? Intelligence Composable
N ad-hoc
o ﬂ,ﬂ::ngn':f?m short runr_wing Gra.ph
. Degree of Intelligence declarative Matching w/
0. Transactional Data Management (OLTP) Agg regation

TECHNISCHE
UNIVERSITAT 1 1 7
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. 4 \\
Level of Analytics » Dresden Database

[http://www.rosebtcom/blog/eight-levels-of-analytics-business-inteligence-to-business-analytics] V t

® ~ OPTIMISATION batch :
= qr " What's the best that can happen? long running centric
— - - . . A
2 Business o } " __ PREDICTIVE MODELLING imperative Programming
o . What will happen nexi?
§ Analytics
@ o FORECASTING

_ What if these trends continue?

o ' 3 - STATISTICAL ANALYSIS Gra ph Data
Why is this happening? Management

o i .« ALERTS
Ae . What actions are needed?

(3] A‘ QUERY DRILLDOWN (OLAP)
~ Where exactly is the problem?

Applications

9‘ ! AD-HOGHEPOHTS 2
& How many, how often, where? Intelligence o Composable
° & ﬂ.‘:’,’:ﬂ:gf?m short running Graph
declarative Matching w/

Degree of Intelligence

Aggregation

0. Transactional Data Management (OLTP)

UNIVERSITAT
DRESDEN

@ TECHNISCHE 1 1 8
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Systems Group

I Vertex-centric Programming ‘



COMPUTE - COMMUNICATE

@

. . A
Vertex-centric Programming Model »Dres"e” Patabase

Based on stateless user-defined function(s)
Collection data from adjacent vertices
Compute new state of vertex (update)
Send data to adjacent vertices

A vertex can be set to inactive to vote for termination of
the whole computation

Vote to halt

e - » g

Active Inactive |
_— . -

Message received

?9
RS

Processing terminates when all verticesare
simultaneously inactive and there is no

data in transit Collect Distribute
information ’ Compute ’ information

| —

User has to provide Compute function

Depending framework further function are necessary,
controlling data collection and sending

TECHNISCHE

UNIVERSITAT

DRESDEN
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Pregel/Giraph ‘Dfesde“ Database

[Grzegorz Malewicz et al: Pregel: a system for large-scale graph processing. SPAA 2009/PODC 2009/SIGMOD 2010]

PREGEL Euler's Seven Bridges of Kénigsberg
= Developed by Google (from 1735)

“a scalable and fault-tolerant platform with an API that is
sufficiently flexible to express arbitrary graph algorithms”

= For directed graphs with vertex and edge labels (byte strings)
= First framework using vertex-centric API

= Vertices exchange instruction messages along edges

= Bulk-Synchronous-Parallel (BSP) processing in super steps

APACHE GIRAPH

= Open source
implementation
of Pregel

Pregel River

TECHNISCHE
UNIVERSITAT
@ DRESDEN 1 2 1



Pregel/Giraph

[Grzegorz Malewicz et al: Pregel: a system for large-scale graph processing. SPAA 2009/PODC 2009/SIGMOD 2010]

MESSAGE ABSTRACTION

» Data send betweenvertices, typically neighbors
» Think of message as data store on edges
= Exception
- Combined message (cf. Combiner)
- message not send directly, notalongedge
» Receiving message = collecting data
» Sending message = sending data
» Message delivery done by framework

SINGLE COMPUTE-FUNCTION

= Getsincoming messages as parameter

- Think of reading data on incoming edges of current vertex
= Computes new vertex state
» Sends you new messages

- Think of write data on outgoing edges of current vertex

/&
A Dresden Database
Systems Group

O~
O

Compute(incoming Message) {

d00

Send Message

TECHNISCHE
UNIVERSITAT
DRESDEN
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Pregel/Giraph

[Grzegorz Malewicz et al: Pregel: a system for large-scale graph processing. SPAA 2009/PODC 2009/SIGMOD 2010]

WRITING A VERTEX-CENTRIC PROGRAM

@

Subclassing the predefined vertex class

Virtual compute () method, which will be
executed at each active vertexin every super step

Vertex class provides compute () helper
methods

Get vertex id withvertex id() and super step
with superstep ()

Inspect the value associated withits vertexvia
GetValue () or modify it viaMutableValue ()

Get outgoing edges with
getOutEdgelterator ()

Send messages to other vertices with
sendMessageTo (...)

Change vertex state from active to halt with
voteToHalt ()

[ Active |

TECHNISCHE
UNIVERSITAT

DRESDEN

J&
A Dresden Database
Systems Group

template <typename VertexValue,

typename EdgeValue,
typename MessageValue>

class Vertex {

public:
virtual void compute (Messagelterator* msgs) =
const stringé& vertex id() const;
int64 superstep () const;

s

const VertexValue& getValue ()

VertexValue* mutableValue() ;

OutEdgeIterator getOutEdgelterator();

void sendMessageTo(const stringé& dest vertex,

0;

const MessageValue& message) ;

void voteToHalt ()

Vote to half

- T e —

\"'Inactive\-- ‘
- (tmactive)_ )

Message received

123



Pregel/Giraph

[Grzegorz Malewicz et al: Pregel: a system for large-scale graph processing. SPAA 2009/PODC 2009/SIGMOD 2010]

COMBINERS

@

User-written code

Combines all message for a vertexV into a single
message

Reducesoverhead of message passing

Enabled by subclassing the Combiner class and
overriding a virtual combine () method

No guarantees about

- which (if any) messages are combined,

- thegroupings presented to the combiner, or
- theorder of combining

Combiners operations should be commutative and
associative operations.

TECHNISCHE
UNIVERSITAT

DRESDEN

/&
A Dresden Database
Systems Group

AGGREGATORS

User-written code

Mechanism for global communication, monitoring,
and data

Each vertex can provide a value to an aggregator in
super step §

Aggregator is used to combine these values to a
single value

resulting value is made available to all verticesin
super stepS+1

Predefined aggregators for min, max, sum , etc.
Enabled by subclassing the Aggregator class
Implementation specifies how

- aggregated value is initialized from the first input value
- multiple partiallyaggregated values are reduced toone

Aggregator operation should be commutative and
associative

124




: A
Pregel/Giraph O Dicsoey Davase

[Grzegorz Malewicz et al: Pregel: a system for large-scale graph processing. SPAA 2009/PODC 2009/SIGMOD 2010]
EXAMPLE: SINGLE-SOURCE SHORTEST PATHS PROBLEM
» Finding a shortest path between a single source vertex and every other vertexin the graph

class ShortestPathVertex : public Vertex<int, int, int> {
void compute (Messagelterator* msgs) {

int mindist = IsSource(vertex_id()) ? 0 : INF; } |fvertexissource shortest distance is 0

for (; !msgs->Done(); msgs->Next()) ) . )
mindist = min(mindist, msgs->Value()):; Find shortest distance send with messages

if (mindist < getValue()) { . . . .
*MutableValue() = mindist; } If send distance is shorter that shortest distance already known, remember it
OutEdgelterator iter = GetOutEdgelterator() ; and for each out edge: multiply
for (; !iter.Done(); iter.Next()) own distance with edge length

SendMessageTo (iter.Target (), mindist + iter.GetValue()); and send result to target vertex

}

VoteToHalt () ;
class MinIntCombiner : public Combiner<int> {

J Combiner: virtual void combine (Messagelterator* msgs) {
bi int mindist = INF;
for (; !msgs->Done(); msgs—->Next ()) mindist = min (mindist, msgs->Value());
Output ("combined source", mindist);

}
}i
@ URVERST 125
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R

N Dresden Database

Pregel/Giraph

EXAMPLE: SINGLE-SOURCE SHORTEST PATHS PROBLEM

» Finding a shortest path between a single source vertex and every other vertexin the graph

1 3 =
@ 1 messages

superstep barriers

vertices with values

TECHNISCHE
@ UNIVERSITAT 1 2 6
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Pregel/Giraph

[Grzegorz Malewicz et al: Pregel: a system for large-scale graph processing. SPAA 2009/PODC 2009/SIGMOD 2010]

EXAMPLE: SINGLE-SOURCE SHORTEST PATHS PROBLEM

» Finding a shortest path between a single source vertex and every other vertexin the graph

public void compute (Iterable<DoubleWritable> messages)
double minDist = Double.MAX VALUE;

(DoubleWritable message

minDist

for

}
if

}

voteToHalt () ;

}

[http://giraph.apacheorg/intro.html

TECHNISCHE
UNIVERSITAT
DRESDEN

: messages)
Math.min (minDist, message.get());

(minDist < getValue().get())
setValue (new DoubleWritable (minDist)) ;
(Edge<LongWritable,
double distance

FloatWritable> edge
minDist + edge.getValue() .get ();
sendMessage (edge.getTargetVertexId(),

getEdges())

new DoubleWritable (distance)) ;

Systems Group

GIRAPH

N Dresden Database
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Pregel/Giraph

[Grzegorz Malewicz et al: Pregel: a system for large-scale graph processing. SPAA:2009/PODE2009/SIGMOD 2010]

EXAMPLE: PAGE RANK

void compute (Messagelterator* msgs) {

int sum = 0;

for (; !msgs->Done(); msgs->Next()) | Sum page rank
sum = sum + msgs->Value() ; over incoming

rank = ALPHA + ((1-ALPHA)/N) * sum; | messages

*MutableValue() = rank;

if (superstep() < MAX STEPS) {

OutEdgelterator iter = GetOutEdgelterator ();
for (; 'iter.Done (); iter .Next())
SendMessageTo (iter.Target (), rank / nedges) ;
} else {
VoteToHalt () ;

nedges = <count number of out edges with iterator>;

TECHNISCHE
UNIVERSITAT
DRESDEN

J&
A Dresden Database
Systems Group

L[J]

Send new message
over outgoing message
or terminate
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Vertex-centric Frameworks

SCALE-OUT DISK-BASED

= Pregel
[Grzegorz Malewicz et al: Pregel: a system for large-scale
graph processing. SPAA 2009/PODC 2009/SIGMOD 2010]

= Giraph

[http://giraph apacheorg/]

C'R-/'\PH:

SCALE-OUT IN-MEMORY BASED

= GraphlLab (asynchronous)

[Low et al: Distributed Graphlab: A Framework for Machine Learning in the Cloud. VLDB 2012]

= PowerGraph (Gather, Sum, Apply, Scatter)

[Gonzalez et al: PowerGraph: Distributed Graph -Parallel
Computation on Natural Graphs. OSDI 2012]

= GraphX (on Apache Spark)
[http://sparkapacheorg/graphx/] p

= Gelly (on Apache Flink)

[https://ciapache.org/projects/flink/flink-docs-master/apis/batch/libs/gelly html

TECHNISCHE
UNIVERSITAT
DRESDEN

Z

Systems Group

SINGLE-BOX DISK-BASED
= GraphChi

[Kyrola. Ligra: GraphChi: Large-Scale Graph Computation on Just aPC. OSDI 2012]

» TurboGraph

NG
N Dresden Database

[Han et al: TurboGraph: A FastParallel Graph Engine Handling Bilion-scale Graphs in a Single PC. SIGKDD
2013]

SHARED-MEMORY BOX
» Ligra

[J. Shun and G. E. Bleloch. Ligra: A Lightweight Graph Processing Framework for Shared Memory. PPoPP
2013]

= X-Stream

[Roy et al: Ligra: X-Stream: Edge-centric Graph Processing using Streaming Partitions. SIGOPS 2013]

= Polymer (NUMA optimized)

[Zhang et al: NUMA-Aware Graph-Structured Analytics. PPoPP 2015]
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Level of Analytics

Business Value

° ‘ 4 . How many, how often, where?

[http://www.rosebtcom/blog/eight-levels-of-analytics-business-inteligence-to-business-analytics]

~ OPTIMISATION
" What's the best that can happen?

(7] el ,',7, _ PREDICTIVE MODELLING
What will happen next?

Business

Analytics

(s FORECASTING
_ What if these trends continue?

(s ) ' _ o~ STATISTICAL ANALYSIS
' Why is this happening?
o i .« ALERTS
Ae . What actions are needed?

(3] A‘ QUERY DRILLDOWN (OLAP)
~ Where exactly is the problem?

" AD-HOC REPORTS

Business
Intelligence

STANDARD REPORTS
What happened?

Degree of Intelligence

0. Transactional Data Management (OLTP)
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