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Spark SQL

Spark SQL can be built with or without Apache Hive, the Hadoop SQL engine. Spark
SQL with Hive support allows us to access Hive tables, UDFs (user-defined func-
tions), SerDes (serialization and deserialization formats), and the Hive query lan-
guage (HiveQL). Hive query language (HQL) It is important to note that including
the Hive libraries does not require an existing Hive installation. In general, it is best
to build Spark SQL with Hive support to access these features. If you download Spark
in binary form, it should already be built with Hive support. If you are building Spark

from source, you should run sbt/sbt -Phive assembly.
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Using Hive to Create a Table

(A) $ SHIVE_HOME/bin hive --service cli
(B) hive> set hive.cli.print.current.db=true;
(C) hive (default)> CREATE DATABASE ourfirstdatabase;
OK
Time taken: 3.756 seconds
(D) hive (default)> USE ourfirstdatabase;
OK
Time taken: 0.039 seconds
(E) hive (ourfirstdatabase)> CREATE TABLE our_first table (
> FirstName  STRING,
> LastName STRING,
> Employeeld INT);
OK
Time taken: 0.043 seconds
hive (ourfirstdatabase)> quit;
(F) $ Is /home/biadmin/Hive/warehouse/ourfirstdatabase.db
our_ first table
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Creating, Dropping, and Altering DBs in Apache Hive

(1) $ $SHIVE_HOME/bin hive --service cli
(2) hive> set hive.cli.print.current.db=true;
(3) hive (default)> USE ourfirstdatabase;
(4) hive (ourfirstdatabase)> ALTER DATABASE
ourfirstdatabase SET DBPROPERTIES
(‘creator'="Bruce Brown', 'created_ for'='Learning Hive
DDL");
OK
Time taken: 0.138 seconds
(5) hive (ourfirstdatabase)> DESCRIBE DATABASE
EXTENDED ourfirstdatabase;
OK
ourfirstdatabase file: /home/biad
min/Hive/warehouse/ourfirstdatabase.db {created_f
or=Learning Hive DDL, creator=Bruce Brown}
Time taken: 0.084 seconds, Fetched: 1 row(s)CREATE
(DATABASE|SCHEMA) [IF NOT EXISTS]
database _name
(6) hive (ourfirstdatabase)> DROP DATABASE
ourfirstdatabase CASCADE;
OK
Time taken: 0.132 seconds
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Another Hive Example

(A) CREATE TABLE IF NOT EXISTS FlightInfo2007 (
Year SMALLINT, Month TINYINT, DayofMonth TINYINT, DayOfWeek TINYINT,
DepTime SMALLINT, CRSDepTime SMALLINT, ArrTime SMALLINT, CRSArrTime SMALLINT,
UniqueCarrier STRING, FlightNum STRING, TailNum STRING,
ActualElapsedTime SMALLINT, CRSElapsedTime SMALLINT,
AirTime SMALLINT, ArrDelay SMALLINT, DepDelay SMALLINT,
Origin STRING, Dest STRING,Distance INT,
Taxiln SMALLINT, TaxiOut SMALLINT, Cancelled SMALLINT,
CancellationCode STRING, Diverted SMALLINT,
CarrierDelay SMALLINT, WeatherDelay SMALLINT,
NASDelay SMALLINT, SecurityDelay SMALLINT, LateAircraftDelay SMALLINT)
COMMENT 'Flight InfoTable'
ROW FORMAT DELIMITED
FIELDS TERMINATED BY ')’
LINES TERMINATED BY '\n'
STORED AS TEXTFILE
TBLPROPERTIES (‘creator'='Bruce Brown', 'created_at'="Thu Sep 19 10:58:00 EDT 2013');
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Hive’s operation modes

Hive

Hive

Linux Terminal
hive>
Y |
Hive CLI |
v e —— |
Hive Driver Metastore Apache | |
Fl Derby DB | |
Web Browser
httpi/fhadoop: 998/ hwi
Y |
Hiv Web Inerface Hive CLI
\/ R
Hive Driver . Metastore Apache
Derby DB |
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Using HiveQL for Spark SQL

When programming against Spark SQL we have two entry points depending on
whether we need Hive support. The recommended entry point is the HiveContext to
provide access to HiveQL and other Hive-dependent functionality. The more basic
SQLContext provides a subset of the Spark SQL support that does not depend on
Hive. The separation exists for users who might have conflicts with including all of
the Hive dependencies. Using a HiveContext does not require an existing Hive setup.

HiveQL is the recommended query language for working with Spark SQL. Many
resources have been written on HiveQL, including Programming Hive and the online
Hive Language Manual. In Spark 1.0 and 1.1, Spark SQL is based on Hive 0.12,
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Hive Language Manual

® OO0 LanguageManual - Apache Hive - Apache Software Foundation
[ « ] > ] [Q] [L"’] FQ] [ -+ 3‘, https @& cwiki.apache.org/confluence/display/Hive/LanguageManual

= X UConfluence spaces

@' Apache Hive Pages
' LanguageManual

@ Pages Added by Confluence Administrator, last edited by Lefty Leverenz on Oct 22, 2014 (view chan

3 Blog This is the Hive Language Manual.

e Commands and CLlIs
e Commands
e Hive CLI
3 LanguageManual e Variable Substitution
e Beeline CLI for HiveServer2
e HCatalog CLI

£+ Space tools

LanguageManual Cli

LanguageManual DDL e File Formats
LanguageManual DML © Avro Files
e ORC Files
v 23 more children e Parquet
e Compressed Data Storage
e LZO Compression

o Data Types
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Using Spark SQL — Steps and Example

Example 9-5. Python SQL imports

# Import Spark SQL

from pyspark.sql import HiveContext, Row
Example 9-8. Constructing a SQL context in Python

hiveCtx = HiveContext(sc)

Example 9-11. Loading and quering tweets in Python

input = hiveCtx.jsonFile(inputFile)

# Register the input schema RDD

input.registerTempTable("tweets")

# Select tweets based on the retweetCount

topTweets = hiveCtx.sql("""SELECT text, retweetCount FROM
tweets ORDER BY retweetCount LIMIT 10""")
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Query testtweet.json

Get it from Learning Spark Github ==> https://github.com/databricks/learning-spark/tree/master/files

{"createdAt":"Nov 4, 2014 4:56:59 PM","id":529799371026485248,"text":"Adventures With
Coffee, Code, and Writing.","source":"\u@@3ca href\u@@3d\"http://twitter.com\"
rel\u@03d\"nofollow\"\u@03eTwitter Web

Client\u@03c/a\u@@3e","isTruncated": false,"inReplyToStatusId":-1,"inReplyToUserId":-1,"
isFavorited":false,"retweetCount":0,"isPossiblySensitive":false,"contributorsIDs": [],"
userMentionEntities":[],"urlEntities": [],"hashtagEntities":[],"mediaEntities":[],"
currentUserRetweetId":-1,"user":{"id":15594928, " name" :"Holden
Karau'","screenName'":"holdenkarau"," location":"","description":"","descriptionURLEntities":
[1,"isContributorsEnabled":false,"profileImageUrl":"http://pbs.twimg.com/profile_images/
3005696115/2036374bbadbed85249cdd50aac6el70_normal. jpeg","profileImageUrHttps":"https://
pbs.twimg.com/profile_images/3005696115/2036374bbadbed85249cdd50aac6el70_normal. jpeg","
isProtected":false,"followersCount":1231,"profileBackgroundColor":"C@DEED","
profileTextColor":"333333","profileLinkColor":"0084B4","profileSidebarFillColor":"DDEEF6",
"profileSidebarBorderColor":"FFFFFF","profileUseBackgroundImage":true,"showAllInlineMedia"
:false,"friendsCount":600,"createdAt":"Aug 5, 2011 9:42:44
AM","favouritesCount":1095,"utcOffset":-3,"profileBackgroundImageUri*:"","
profileBackgroundImageUrlHttps":"","profileBannerImageUrl":"","profileBackgroundTiled":
true,"lang":"en","statusesCount":6234,"isGeoEnabled":true,"isVerified": false,"translator":
false,"listedCount":0,"isFollowRequestSent":false}}

>>> print topTweets.collect()
[Row(text=u'Adventures With Coffee, Code, and Writing.', retweetCount=0)]
Lo [}
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SchemaRDD

Both loading data and executing queries return SchemaRDDs. SchemaRDDs are sim-
ilar to tables in a traditional database. Under the hood, a SchemaRDD is an RDD
composed of Row objects with additional schema information of the types in each col-

umn. Row objects are just wrappers around arrays of basic types (e.g., integers and
strings)
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Row Objects

Row objects represent records inside SchemaRDDs, and are simply fixed-length arrays of fields.

Example 9-14. Accessing the text column in the topTweets SchemaRDD in Python

topTweetText = topTweets.map(lambda row: row.text)

Spark SQL/HiveQL type Scala type Java type Python

STRUCT<COL1: Row Row Row
COL1_TYPE, ...>
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Types stored by Schema RDDs

16

Spark SQL/HiveQL type

TINYINT

SMALLINT

INT
BIGINT
FLOAT
DOUBLE

DECIMAL

STRING

BINARY

BOOLEAN
TIMESTAMP
ARRAY<DATA_TYPE>

MAP<KEY_TYPE,
VAL_TYPE>

Saala type
Byte

Short

Int
Long
Float
Double

Scala.math.BigDeci
mal

String

Array[Byte]
Boolean
java.sql.TimeStamp
Seq

Map

Java type

Byte/byte

Short/short

Int/int
Long/long
Float/float
Double/double

Java.math.BigDeci
mal

String

byte[]
Boolean/boolean
java.sql.TimeStamp
List

Map
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int/long (in range of —
1280 127)

int/long (in range of -
32768 to 32767)

intor long
long
float
float

decimal.Decimal

string

bytearray

bool
datetime.datetime
list, tuple,orarray

dict
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Look at the Schema

17

>>> input.printSchema()

root

contributorsIDs: array (nullable = true)

|-— element: string (containsNull = false)
createdAt: string (nullable = true)
currentUserRetweetId: integer (nullable = true)
hashtagEntities: array (nullable = true)

|-— element: string (containsNull = false)
id: long (nullable = true)
inReplyToStatusId: integer (nullable = true)
inReplyToUserId: integer (nullable = true)
isFavorited: boolean (nullable = true)
isPossiblySensitive: boolean (nullable = true)
isTruncated: boolean (nullable = true)
mediaEntities: array (nullable = true)

|-— element: string (containsNull = false)
retweetCount: integer (nullable = true)
source: string (nullable = true)
text: string (nullable = true)
urlEntities: array (nullable = true)

|-— element: string (containsNull = false)

(not a complete screen shot)
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Another way to create SchemaRDD

Example 9-28. Creating a SchemaRDD using Row and named tuple in Python
happyPeopleRDD = sc.parallelize([Row(name="holden", favouriteBeverage="coffee")])

happyPeopleSchemaRDD = hiveCtx.inferSchema(happyPeopleRDD)
happyPeopleSchemaRDD.registerTempTable("happy_people")
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JDBC Server

Spark SQL provides JDBC connectivity, which is useful for connecting business intelligence
tools to a Spark cluster and for sharing a cluster across multiple users.

The server can be launched with sbin/start-thriftserver.sh in your Spark direc-
tory (Example 9-31). This script takes many of the same options as spark-submit. By
default it listens on localhost:10000, but we can change these with either environ-
ment variables (HIVE_SERVER2_THRIFT_PORT and HIVE_SERVER2_THRIFT_BIND_HOST),
or with Hive configuration properties (hive.server2.thrift.port and
hive.server2.thrift.bind.host). You can also specify Hive properties on the com-
mand line with - -hiveconf property=value.

Example 9-31. Launching the JDBC server

./sbin/start-thriftserver.sh --master sparkMaster

Example 9-32. Connecting to the JDBC server with Beeline

holden@hmbp2:~/repos/spark$ ./bin/beeline -u jdbc:hive2://localhost:10000

Spark assembly has been built with Hive, including Datanucleus jars on classpath
scan complete in 1ms

Connecting to jdbc:hive2://localhost:10000

Connected to: Spark SQL (version 1.2.0-SNAPSHOT)
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o

COLUMBIA
UNIVERSITY

User-Defined Functions (UDF)

UDFs allow you to register custom functions in Python, Java, and Scala to call within SQL.

This is a very popular way to expose advanced functionality to SQL users in an organization,
so that these users can call into it without writing code.

Example 9-36. Python string length UDF

# Make a UDF to tell us how long some text is
hiveCtx.registerFunction("strLenPython", lambda x: len(x), IntegerType())
lengthSchemaRDD = hiveCtx.sql("SELECT strLenPython('text') FROM tweets LIMIT 10")
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Streaming
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Spark Streaming —
Flume C’\Z [ HDFS }
HDFS/S3 Spr K ) | Databases |
Kinesis Stfeamlng | Dashboards |

Twitter

Many applications benefit from acting on data as soon as it arrives. For example, an
application might track statistics about page views in real time, train a machine learn-
ing model, or automatically detect anomalies. Spark Streaming is Spark’s module for

such applications. It lets users write streaming applications using a very similar API
to batch jobs, and thus reuse a lot of the skills and even code they built for those.

Much like Spark is built on the concept of RDDs, Spark Streaming provides an
abstraction called DStreams, or discretized streams. A DStream is a sequence of data
arriving over time. Internally, each DStream is represented as a sequence of RDDs
arriving at each time step (hence the name “discretized”).

In Spark 1.1, Spark Streaming is available only in Java and Scala.
Spark 1.2 has limited Python support.
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Spark Streaming architecture

Spark Streaming
D
: o | | W
A | Dbatches of Results pushed to
input data streams input data external systems
Server running at
localhost:7777
newline
separated text
lines | datafom || datafrom || datafrom datafrom f
DStream time Oto 1 time 1to02 time2to3 time3to4
filter
transformation
errorLines error lines from | | errorlines from | | error lines from | | errorlinesfrom | >

DStream ~ | timeOto1 || time1to2 || time2to3 time 3to4
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Spark Streaming with Spark’s components

Worker Node
S Executor
river Program
. i LT‘;'S‘ Receive input stream
| StreamingContext
Spark jobs to data replicated to
process another worker node
received data Worker Node
| SparkContext Executor
Tasks to ‘bl Task | | Task -} output results
process in batches

received data
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Try these examples

CHGNG) Introduction | Databricks Spark Reference Applications

m =+ mdatabricks.gltbooks.lo/databri(ks--spark--reference-dpph(ations/(ontcm/mdox,htm!

Return to book

Review this book
About the author Databricks Reference Apps

Introduction At Databricks, we are developing a set of reference applications that demonstrate how to use Apache

1. Log Analysis with Spark Spark. This book/repo contains the reference applications.

1.1. Section 1: Introduction to Apach... e View the code in the Github Repo here: https://github.com/databricks/reference-apps
e Read the documentation here: http://databricks.gitbooks.io/databricks-spark-reference-
1.1.1. First Log Analyzer in Spark applications/

1.1.2. Spark SQL e Submit feedback or issues here: https://github.com/databricks/reference-apps/issues

The reference applications will appeal to those who want to learn Spark and learn better by example.
Browse the applications, see what features of the reference applications are similar to the features you
1.1.3.1. Windowed Calculation... want to build, and refashion the code samples for your needs. Additionally, this is meant to be a
practical guide for using Spark in your systems, so the applications mention other technologies that are
compatible with Spark - such as what file systems to use for storing your massive data sets.

1.1.3. Spark Streaming

1.1.3.2. Cumulative Calculatio...

1.1.3.3. Reusing Code from Ba...
e Log Analysis Application - The log analysis reference application contains a series of tutorials for

1.2. Section 2: Importing Data learning Spark by example as well as a final application that can be used to monitor Apache access

1.2.1. Batch Import logs. The examples use Spark in batch mode, cover Spark SQL, as well as Spark Streaming.

e Twitter Streaming Language Classifier - This application demonstrates how to fetch and train a

language classifier for Tweets using Spark MLLib. Then Spark Streaming is used to call the trained
1.2.1.1.1.53 classifier and filter out live tweets that match a specified cluster. To build this example go into the
twitter_classifier/scala and follow the direction in the README.

1.2.1.1. Importing from Files

1.2.1.1.2. HDFS
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Graph Database
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Big Data: “While enterprises struggle to consolidate
systems and collapse redundant databases to enable
greater operational, analytical, and collaborative
consistencies, changing economic conditions have
made this job more difficult. E-commerce, in particular,
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Graph is a missing pillar in the existing Big Data foundation

—

== i — N M

e sl Tl

App Builder
Streams /Hado; /Spark Data
@ - @

Linked
Big Data

) ) i)

0 L (]
I 1 X L

[ /A L
W aml = —{ M\ 1o \ PL)" P! 5 A
Connector i 4 ( ,} [&] Yo (@ <ﬂi\ ()
Framework ‘¢ — ‘"'t! ™ v |

C

CM, RM, DM RDBMS Feeds Web2.0 Email Web CRM, ERP File Systems

Graph Computing is difficult because data cannot be easily partitioned
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Graph Database Example

FRIEND_OF

FRIEND_OF

FRIEND_OF

4
FRIEND_OF
A

10 NIy

user: Grace user: Davina

MARRIED_TO FRIEND_OF
v 4

DISLIKES FRIEND_OF

user: Edward

user: Fred

Figure 2-5. Easily modeling friends, colleagues, workers, and (unrequited) lovers in a

graph
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TechRadar: Enterprise DBMS, Q12014

Trajectory: Time to reach next phase:

s Significant success @ <1 year @ 1 to 3 years @ 3 to 5 years
s Moderate success

e Minimal success @ 5to 10 years @ > 10 years

Tech
Rad Data Warehouse
== ()% Relational DB
High In-Memory DB
>»)
Analytic DB o
Object DB
) , ()
Medium Graph DB Mobile DB »)
DBaaS(Cloud) " XML Database ®)

Document DB (¥

Hierarchical Database
Scale-out Relationa |3

Business value-add
adjusted for uncertainty

Low|  Key-Value Store )
-

-~

o Network DB M)
\ Wide Column Store
. (Big Table)

Creation Survival Growth Equilibrium Decline
Ecosystem phase

Negative

Graph DB is in the significant success trajectory, and with the highest

business value in the upcoming DBs.
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GraphDB has the largest Popularity Change among DBMS lately

600

-®- Craph DBMS

-+~ Wide column stores
500 & Document stores

- RDF stores

¥~ Key-value stores

400 “®- Search engines
=~ Native XML DEMS
% Object oriented DEMS
-# Multivalue DEMS

300 '
<%~ Relational DEMS
200
100 =
0
Jan 2013 Apr 2013 Jul 2013 Oct 2013 Jan 2014 Apr 2014 Jul 2014 Oct 2014 Jan 2015

® 2015, DB-Engines.com

31 E6895 Advanced Big Data Analytics — Lecture 4 © CY Lin, Columbia University



o

COLUMBIA
UNIVERSITY
Graph Database key differentiator — native store
User
UserlD | User | Address Phone Email Alternate
1 Alice | 123FooSt. | 12345678 | alice@example.org | alice@neodj.org
In Relational DB, relationships are 2 Bob | 456 Bar Ave. bob@example.org
distributed and stored as tables
99 Zach | 99 South St. zach@example.org
7'y
Order Lineltem
OrderlD | UserlD < OrderlD | ProductiD | Quantity
O'REILLY" Jim Webber l‘ Emil E 1,’11';: 1234 1 1234 765 2
5678 1 1234 987 1
Native Graph DB stores nodes 5588 |99 5588 | 765 1
and relationships directly, It
makes retrieval efficient. v
Product
ProductID | Description Handling
inUse -
2 strawberry ice cream | freezer
nextRelld nextPropld 765 potatoes
1 5 9 987 dried spaghetti
Relationship
inUse . firstPrevRelld secondNextRelld Retrieving mUlti'Step
firstNode secondNode relationshipType firstNextRelld secondPrevRelld nextPropld . . .
relationships is a
- T = 7 T > o graph traversal’ problem

Technology ==> Top Layer: Graph, Bottom Layer: Graph

32

E6895 Advanced Big Data Analytics — Lecture 4

Cited “Graph Database” O’liey 2013

© CY Lin, Columbia University



o

COLUMBIA
UNIVERSITY

A usual example

33

User

UserlD | User | Address Phone | Email Alternate

1 Alice | 123 Foo St. | 12345678 | alice@example.org | alice@neodj.org

2 Bob [ 456 Bar Ave. bob@example.org

99 Zach | 99 South St. zach@example.org

A

Order Lineltem

OrderID | UserlD < OrderID | ProductID | Quantity

1234 1 1234 765 2

5678 1 1234 987 1

5588 99 5588 765 1
Product
ProductlD | Description Handling
3N strawberry ice cream | freezer
765 potatoes
987 dried spaghetti

Figure 2-1. Semantic relationships are hidden in a relational database

E6895 Advanced Big Data Analytics — Lecture 4
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Query Example - |

34

Person PersonFriend
) Person »| PersonlD | FriendID
1 Alice 1 2
2 Bob 2 1
2 99
99 Zach
99 1

Figure 2-2. Modeling friends and friends-of-friends in a relational database

Asking “who are Bob’s friends?” is easy, as shown in Example 2-1.

Example 2-1. Bob’s friends

SELECT pl1.Person
FROM Person p1 JOIN PersonFriend
ON PersonFriend.FriendID = p1.ID
JOIN Person p2
ON PersonFriend.PersonID = p2.ID
WHERE p2.Person = 'Bob’

E6895 Advanced Big Data Analytics — Lecture 4 © CY Lin, Columbia University
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Query Examples — Il & I

35

Example 2-2. Who is friends with Bob?

SELECT pl.Person
FROM Person p1 JOIN PersonFriend
ON PersonFriend.PersonID = p1.ID
JOIN Person p2
ON PersonFriend.FriendID = p2.ID
WHERE p2.Person = 'Bob'

Example 2-3. Alice’s friends-of-friends

SELECT pl.Person AS PERSON, p2.Person AS FRIEND OF_FRIEND
FROM PersonFriend pfl JOIN Person pl
ON pfi.PersonID = p1.ID
JOIN PersonFriend pf2
ON pf2.PersonID = pfl.FriendID
JOIN Person p2
ON pf2.FriendID = p2.ID
WHERE p1.Person = 'Alice' AND pf2.FriendID <> p1.ID

E6895 Advanced Big Data Analytics — Lecture 4
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Execution Time in the example of finding extended friends (by
Neodi)

Partner and Vukotic’s experiment seeks to find friends-of-friends in a social network,
to a maximum depth of five. Given any two persons chosen at random, is there a path
that connects them that is at most five relationships long? For a social network con-
taining 1,000,000 people, each with approximately 50 friends, the results strongly sug-
gest that graph databases are the best choice for connected data, as we see in Table 2-1.

Table 2-1. Finding extended friends in a relational database versus efficient finding in

Neo4j
Depth RDBMS execution time (s) Neo4j execution time (s) Records returned
2 0.016 0.01 ~2500
3 30.267 0.168 ~110,000
4 1543.505 1.359 ~600,000
5 Unfinished 2132 ~800,000
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Modeling Order History as a Graph

user: Alice MOST_RECENT

order: 1234
date: 20120808
status: delivered

PREVIOUS

date: 20120816
status: dispatched

CONTAINS CONTAINS

description: id: cdef
strawberry ice description: description:
cream brussels sprouts espresso beans

handling: freezer

Figure 2-6. Modeling a user’s order history in a graph
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A query language on Property Graph — Cypher

Figure 3-1. A simple graph pattern, expressed using a diagram

This pattern describes three mutual friends. Here’s the equivalent ASCII art represen-
tation in Cypher:

(a)-[:KNOWS]->(b)-[:KNOWS]->(c), (a)-[:KNOWS]->(c)
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Property Graph Example — Shakespeare &2,
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firstname: William
i lastname: Shakespeare
BORN_IN
WROTE_PLAY WROTE_PLAY
year: 1610 year: 1599
title: The Tempest title: Julius Caesar
7 7
PRODUCTION_OF PRODUCTION_OF
L 1
name: The Tempest name: Julius Caesar name: Billy
A I
? ? \WROTE_REVIEW
PRODUCED PRODUCED ‘
1 1
rating: 5
name: RSC review: This was...
PERFORMANCE_OF PERFORMANCE_OF
l REVIEW_OF
date: 20061121 date: 20120729 |« |
BASED_IN !
VENUE VENUE
v v
name: Theatre Royal | - - - - ML | name: Grey Street
]
ary
v v
flame: sm?m upon | COWMIRY _p]  name: England name: Newcastle
' :
COUNTRY COUNTY
! :
i name: Tyne and Wear [€ - - — - - =

Figure 3-6. Three domains in one graph
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Creating the Shakespeare Graph

CREATE (shakespeare { firstname: 'William', lastname: 'Shakespeare' }),

40

(juliusCaesar { title: 'Julius Caesar' }),
(shakespeare)-[:WROTE_PLAY { year: 1599 }]->(juliusCaesar),
(theTempest { title: 'The Tempest' }),
(shakespeare)-[:WROTE_PLAY { year: 1610}]->(theTempest),

(rsc { name: 'RSC' }),

(productionl { name: 'Julius Caesar' }),
(rsc)-[:PRODUCED]->(productionl),
(production1)-[:PRODUCTION_OF]->(juliusCaesar),
(performancel { date: 20120729 }),
(performancel)-[:PERFORMANCE_OF]->(productionl),
(production2 { name: 'The Tempest' }),
(rsc)-[:PRODUCED]->(production2),
(production2)-[:PRODUCTION_OF]->(theTempest),
(performance? { date: 20061121 }),
(performance2)-[:PERFORMANCE_OF]->(production2),
(performance3 { date: 20120730 }),
(performance3)-[:PERFORMANCE_OF]->(productionl),
(billy { name: 'Billy' }),

(review { rating: S, review: 'This was awesome!' }),

(billy)-[:HROTE_REVIEW]->(review),

E6895 Advanced Big Data Analytics — Lecture 4

(review)-[:RATED]->(performancel),
(theatreRoyal { name: 'Theatre Royal' }),
(performancel)-[:VENUE]->(theatreRoyal),
(performance2)-[:VENUE]->(theatreRoyal),
(performance3)-[:VENUE]->(theatreRoyal),
(greyStreet { name: 'Grey Street' }),
(theatreRoyal)-[:STREET]->(greyStreet),
(newcastle { name: 'Newcastle' }),
(greyStreet)-[:CITY]->(newcastle),
(tyneAndWear { name: 'Tyne and Wear' }),
(newcastle)-[ :COUNTY]->(tyneAndWear),
(england { name: 'England’ }),
(tyneAndWear)-[:COUNTRY]->(england),
(stratford { name: 'Stratford upon Avon' }),
(stratford)-[:COUNTRY]->(england),
(rsc)-[:BASED_IN]->(stratford),
(shakespeare)-[:BORN_IN]->stratford

© CY Lin, Columbia University
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Query on the Shakespeare Graph

START theater=node:venue(name='Theatre Royal'),
newcastle=node:city(name="'Newcastle'),
bard=node:author(lastname="'Shakespeare')

MATCH (newcastle)<-[:STREET|CITY*1..2]-(theater)
<-[:VENUE]-()-[:PERFORMANCE_OF]->()-[:PRODUCTION_OF]->
(play)<-[w:WROTE_PLAY]-(bard)

WHERE w.year > 1608

RETURN DISTINCT play.title AS play

Adding this WHERE clause means that for each successful match, the Cypher execution
engine checks that the WROTE_PLAY relationship between the Shakespeare node and the
matched play has a year property with a value greater than 1608. Matches with a
WROTE_PLAY relationship whose year value is greater than 1608 will pass the test; these
plays will then be included in the results. Matches that fail the test will not be included

in the results. By adding this clause, we ensure that only plays from Shakespeare’s late
period are returned:

Frmmmmmmm e +
| play I
Fremmmme e +
| "The Tempest" |
Fremeeeeaean +
1 row
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Building Application Example — Collaborative Filtering

other readers who
reader like the same book
books other readers
have liked
les\ LIKES lIKES\‘
reader who
likes a book another
book

Figure 4-1. Data model for the book reviews user story

Because this data model directly encodes the question presented by the user story, it
lends itself to being queried in a way that similarly reflects the structure of the question
we want to ask of the data:

START reader=node:users(name={readerName})

book=node|: books(isbn={bookISBN})
MATCH reader-[:LIKES]->book<-[:LIKES]-other_readers-[:LIKES]->books
RETURN books.title
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What is IBM System G? L,

http://systemG.research.ibm.com (Internet) or http://systemG.ibm.com (IBM internal site)

A Complete Graph Computing Suite — Toolkits, Solutions, & Cloud

a) IBM System G Home Overview ~ Toolkits Cloud  Documents Resource

Behavioral Analytics

Modeling for recommendation and anomaly detection

ante '23
A Y —
e %

WH?T‘S
“FRIEND:
WORTH?.

RRRRRRRRRRE ¢
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Download IBM System G Standard Edition (on-premise) L

UNIVERSITY

http://systemg.research.ibm.com/download.html

IBM System G Graph Tools Trial Download

Download | Installation | Documentation | Message Board

Overview O r

IBM System G Graph Tools provide a set of tools for developers and end users to create graph stores, conduct graph queries, http //WWW | b m . CO m/d eve I Ope r'WO rks/l a bS/

run graph analytics, and explore graphs via interactive visualizations. They are built on top of IBM System G Native Graph
Store and Middleware specifically developed for high-performanceg omouting bhaoed on o oo graoh mode
Technical topics  Evaluation software  Community  Events

IBM System G Graph Tools Trial Download (1.2.2) provides
gShell (stand-alone): a shell-like environment with a set of g
and running graph analytics
* REST API service (dependent on gShell): an enhanced vers developerworks Labs
stores via gShell commands
Blueprints (2.5.0) API (stand-alone): for operating graph sto
Gremlin (2.4.0) console (stand-alone): for creating and trave
IBM System G Lite (dependent on REST API service): a We Big Data and Analytics technologies
GUI and interactive visualizations

developerWorks

Explore how you can implement analytics for your big data.

IBM System G Graph Tools
M Download the IBM System G Graph Tools Trial version to create graph stores, conduct graph
1] I ] ll queries, run graph analytics, and explore graphs by using interactive visualizations. IBM
System G Graph Tools are built on top of IBM System G Graph Computing Platform, which is
specifically developed for high-performance graph computing based on a property graph model.
Learn more about the IBM System G Graph Tools Trial Download or about IBM System G in
general.

More information about Big Data and Analytics technologies

> Review the tutorials in the developerWorks Technical Library about the Big Data and
Analytics.

- Check out the open source Analytics projects on developerWorks Open.
> Check out the Predictive Analytics Community Developer Center.
- Check out the Cloud Analytics Application Services Community Developer Center.
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IBM System G Tools — 8 categories Cownia
. _ * Graph Database: « Reasoning Engine:
Soeromng. * Native Store - Markovian & Bayesian Networks
£ ) * GBase - Anomaly Detection Tools
1] = . « Brain Analysis Tool
# - o * Scalable Middleware:
- Ll 1,;.; : >§ ) Earalleé)P;gg.. L"E_- - Cognitive Networks:
NS [ o o
ﬂ o =7 § . « Emotion Analysis
o ey v 8 * Contextual Analytics: . gpatiotemporal Analytics:
@ * Topological Analysis « Road Network Algorithms
* Matching and Search « Spatiotemporal Data Mining
* Path and Flow « Spatiotemporal Indexing
* Visual Analytics: « Mobile & Sensor Analytics:
* Multivariate Graph « Mobile Security Tools
* Heterogeneous Graph « Sensor Analytics Tools
* Dynamic Graph
* Big Graph R
—/ji‘/- . 4 :{{ :T;t: : . ..1?:“’ 'L‘_ : _:.
NS - _ ) A8 o | e NS =, S e
proskees o s = 9 @
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Similarity to the Brain Functions and Evolution 2

UNIVERSITY

Judgeme

Abstradt
comprehenSion
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IBM System G Graph Computing Tools .

Visualization Huge Network Network Dynamic Network Geo Network Graphical Model
Visualization Propagation Visualization Visualization Visualization

Analytics Graph Computing Tools APIs and Query Langauge Support

Graph Search Bayesian Networks Emotion Analytics
Graph Matching Deep Learning Visual Sentiments
Shortest Paths SpatioTemporal Anomaly Detection

Middleware Multi-C
In-Memory OIS Distributed Memory GPU Graph

! Multi-Thread
Graph RT Library Gra:h IRT Lrif)?ary Graph RT Library Computing Driver

Database Graph Data Interface (TinkerPop) Spark Streams Enterprise Graph
raph Data Intertace {finkerrop Interface Interface Database Enhancer

System G

g:::s Other | GBase | Performance Driven

Source Graph Store Ry System G Native Graph Store
@ Hardware A

File System (Linux FS, Hadoop HDFS, etc.)

Hardware | Server | Cluster ~ Mobile | Mainframe Super
(Linux & OSX) J (CPU, CPU+GPU) Goud (i0S) (System Z & Power) | Computer
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Graph Analytical Tools

» Network topological analysis tools
«Centralities (degree, closeness, betweenness) |

*PageRank
Communities (connected component, K-core,

Query : :
K-neighborhood

triangle count, clustering coefficient) K-core
*Neighborhood (egonet, K-neighborhood) query graph
« Graph matching and search tools >
*Graph search/filter by label,
vertex/edge properties Collaborative filtering
(including geo Iocations) Bipartite weighted graph matching
*Graph matching
*Collaborative filtering - ! - v
- Graph path and flow tools O,) s '-: o\ .: ¥
-Shortest paths o BN e K8, &8 S R T
-Top K-shortest paths (o 2= De 0 2 D O 5

« Probabilistic graphical model t5'ols’.., . . N\
-Bayesian network inference

*Deep learning

Top k-shortest paths
Bayesian network inference
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Performance comparisons

item

user 8 8 8 8 8 8

People who bought this also bought that..

Recommendation ==> 2-hop traversal & ranking

Top 100
\ @
@

oo

Top 10foreach [ i@

of the top 100

20

For Visualization ==> 4-hop traversal & rankings

IBM KnowledgeView 1-year Access Log: 72.3K users, 82.1K docs, and 1.74 million downloads

Query
Time
(sec) /
App.- Type

DB2 via
SQL

Recomme
ndation

Visualizati
on

DB2RDF
via
SPARQL

Oracle via
SQL

TBD

UL

Neo4j

0.068

4.8

(cold)
1.2
(cache)

Titan
(Berk.DB)

0.281

17.3

(cold) (c
6.8 5
(cache)

Titan

(HBase)

0.414

242
old)
e
(cache)

System G
Native
Store

System G
GBase

0.201
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Products

*All performance numbers areEErelimina
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Startup

Open Sources
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IBM System G Visualizer — Graph Data Explorer

a2

COLUMBIA
UNIVERSITY

Visual Query Panel

Visualization Panel

Dataset Selection
imdb_with_degree -

Visualization

4 Graph Seer v
Graph Query
Query by Please Select v

Visual Parameters Raw Data
Background Color fededed

Node Default Color #708a9d

Edge Default Color
Show Nodes
Node Color Mapping Labo %)

Node Size Mapping analytic_degree_toal [

Show Edges

Edge Color Mapping

Edge Label Mapping

Edge Label Size

Edge Thickness Mapping

Edge Style

Filter Node Label by Node Size .
Node Label Mapping d <)

Relationship o)

Role )
abel <)
Curve [

Node Color Mapping: @ Movie Actor
Edge Color Mapping: [J] ACTS_IN

>>Query [“"get_egonet --id \"Honky Tonk Freeway\" --depth 2 --graph imdb_with_degree"] is executed.

>>[{"number of nodes":282,"number of edges":297}]

Visual Mapping Panel

50
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@ @ scaletofit takeasnapshot full screen mode

Hoowf Tohk Ehgway- - Lo B

4

LY

7 R

N e

Query ?

Console Panel
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Visual Query Panel

» Providing users a friendly Ul to create, delete, and query graphs from the
System G native store.

Console Panel
» Display all the interaction information with System G native store.

« Execute user defined query.

Visualization Panel
» Rendering graph structure on screen for users to visually explore graphs.

Visual Mapping Panel
» Customizing rendering effects to show desired graph information.
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Vi | Q P | — Creati h
Dataset Selection
imdb_with_degree . Intro Name a Graph Upload Nodes Upload Edges
Visualization Croete New
4 Graph Seer ‘ .
B} BPS_SELLER_OPT [ Step 2: Name a graph:
Graph Que
i n Basketball
Query by Please Select ‘ u Imdb_with_degree Graph Name: | demo_graph ‘ undirected~
Visual Parameters  Raw Data B vikipedia
| [ <¢ouck ] mot>
Background Color #ededed
woeomancs [ °
FeardotCom
Intro Name a Graph Upload Nodes Upload Edges Intro Name a Graph Upload Nodes Upload Edges
Show Nodes

Label B B

Node Color Maooina

Intro Name a Graph Upload Nodes Upload Edges

Step 1: Prepare you graph data:

Data Format Description

The graph edges and nodes are stored in different csv files.

In the node csv file, it must contain a column (the first column) as the id of nodes.
You are allowed to upload multiple files, each for one type of nodes with a
certain set of properties. An example is shown below:

id(mandatory), name, age, sex

nl, Jack, 32, m

n2, Mary, 25, f
£

n3, Mike, 29,

In the edge csv file, it must contain two columns (the first two columns) as the
ids for source nodes and target nodes. You are allowed to upioad multiple files,
each for one type of edges with a certain set of properties. An example is shown

below:
source(mandatory), target(mandatory), weight
nl, nz, 10
nl, n3, 15
nZ, n3, 1

Step 3: Upload node files:

In the node csv file, it must contain a column (the first column) as the id of nodes. You
are allowed to upload multiple files, each for one type of nodes with a certain set of
properties. An example is shown below:

id(mandatory), name, age, sex

nl, Jack, 32, m

nZ, Mary, 25, f

n3, Mike, 29, f

[ Add Node Files (.csv) | #» Start Upload
Filename Size Label Action
basketball_node.csv 6K

=)=l

Step 4: Upload edge files:

In the edge csv file, it must contain two columns (the first two columns) as the ids for
source nodes and target nodes. You are allowed to upload multiple files, each for one
type of edges with a certain set of properties. An example is shown below:

source(mandatory), target(mandatory), weight

nl, n2, 10
nl, n3, 15

n2, n3, 1

I Add Edge Files (csv) | #» Start Upload

Filename Size Label Action

basketball_edge.csv 15K

(5

1: Click “Create Graph”; 2: Prepare the graph data
3: Set the graph name; 4: Upload node files;
5: Upload edge files and finalize creating the graph.
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Visual Query Panel — Visual Query Builder
Graph Query
° Q
Query by Please Select - . ~ userdg useri6
users8 ® 0
Quen Node P i user184 user136 userS?
Visual Parameters Raw Data By T se‘
Query By Edge Properties
Background Color #ededed °
Query By Node ID o ° user200
° * 132"
| Node Defaut Clor D RO )
L
® user127
user51 .
Graph Query . uder
usar}l)\d
Query by Node - P —— user20
usgriii ;[;e 03 user70 A
. . userd8
AND OR + Add rule © Add group ‘#ea useri26
I ama B <= E perdt J
B B o A .
/(. useri34
ser123
AnD OR Ji} + Addrie © Addgroup X Delete . ®
. use .’/ useri72
» o .
ser181 usgri67
It oo == center 162 used\:i{. e
- ® user117
usel [
usgr165
1 woB = B g
a
e user2? ° °
deer2s usert
L )
user
A °

“analytics _degree <= 10 and (group == “center” or group
“guard”)
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Console Panel — User typed query

find_vertex_max_degree --graph Basketball --edgetype all

[amr -

>>Query ["print_all --graph Basketball"] is executed.

>>[{"number of nodes":199,"number of edges":826}]

>>Query ["find_vertex_max_degree --edgetype all --graph Basketball"] is executed.
>>[{"vertex id":"user72"},{"all-degree":46}]

Query with no graph returne

L J .
. L]
[ ] o ® Matt Damon ° . ®
( ] o ° . e [ ] @ 8aving PrivataRyan . o
Joe Grifasi ~ Aol 13 Stevé Zahn [ * e
. ° o ® John Goodman (]
O .
C o] ° ® Tracey Waltér o
° L] Liv Tyler { )
= o o ®
Eugene Levy o ° L) Chariize Fhercn [ ] Y Denzel Washington o
Clint Howard /7 .
o Dabney Coleman ./ Antonic Banderas
_——0 ° ] (] > o] Philadeiphia () A
L] L]
. O L Splash ( Y g .Y 5 { ] 0
hatThing 'You Da!
L.eonaroo DlCm%e( Barkzioye A ° Michael Clarke Dunican ° .
. () ° [ ) *
. O \ Mykealti Wiliamson Jasorn Robards
® ® Bit-Gebbs Jon Polito ® ®
@ivistopher Walken Kevin Poliak o . ® >
© ® ° Ty Hanks o
o 0 . ° o ° ° -0 Mary Steenburgen
The Greeh, Mk
Martin Sheen b ° “Patiica Clarksites Cromamei
L ] ° a [ ] ( ]
. ® ® ®
() o °
® ° o Dan Aykroyd . )

get_egonet --graph imdb_with_degree --id "Tom Hanks" --depth 2

>>Query ["print_all --graph Basketball"] is executed.

>>[{"number of nodes":199,"number of edges":826}]

>>Query ["find_vertex_max_degree --edgetype all --graph Basketball"] is executed.
>>[{"vertex id":"user72"},{"all-degree":46}]

>>Query ["get_egonet --id \"Tom Hanks\" --depth 1 --graph imdb_with_degree"] is executed.
>>[{"number of nodes":26,"number of edges":25}]

>>Query ["get_egonet --id \"Tom Hanks\" --depth 2 --graph imdb_with_degree"] is executed.

(o]

>>[{"number of nodes":383,"number of edges":401}]

Query with graph returned
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Visual Mapping Panel

Background Color #ededed Name Functionality
Background Color Change the background color of the canvas.
Node Default Color Node Default Color Set a unified color for all nodes.
e Edge Default Color Set a unified color for all edges.
- Show Nodes Set the visibility of all nodes.
Show Nodes Node Color Mapping Assign color to nodes according to selected
- property of nodes.
i none i i H
Node Color Mapping B Node Size Mapping Assign the radius of nodes according to
= selected property of nodes.
Node Size Mapping analytic_degree_total g Selectively show the node label according to
. . the threshold. Labels will be shown for the
Filter Node Label by Node Size . 2 Filter Node Label by Node Size nodes of which the size is larger than the
— threshold.
Node Label Mapping %) Node Label Mapping Set the label value according to selected
property of nodes.
Node Label Size - 8 Node Label Size Adjust the font size of node labels
Show Edges Show Edges iet .the V|s||b|I|ty Zf all edgesd. I -
- Edge Color Mappin ssign color to edges according to selecte
Edge Color Mapping none <] 9 pping property of edges.
: Set the label value according to selected
R Edge Label Mappin
Edge Label Mapping none <) 9 PPiNg property of edges.
- Edge Label Size Adjust the font size of edge labels
Edge Label Size 9 . . .
Edge Thickness Mapping Assign thickess to edges according to selected
. abel E property of edges.
Edge Thickness Mapping Select the rendering style of edges. For directed
: 0 Edge Style graphs, users also can choose if showing the
Edge Style tine | arrows or not.
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Visualization Panel —

Before Customization

. Veanne Ghiallee Hirsrpe e oum:‘eg-Rya = MW =
Michael Badgluceo ™, @) ® |- -. )
® o0 (] [ ) Sara RQ\«%,,M,M, Ii & @ scaletofit takea snapshot full screen mode
- d Har?ii:p.aum . %oy Reiner R 7 . ‘ .mm o / ""’ “‘F’iblksaai Big Debra Jo Rupp
Dwdam S‘“’V Ann Uoydn Daapu“'&myemgllen Greg KinnéaHVe df" Mail Adam %ﬂbaﬁyan Crenskof .Sm Davies . .
. . . ." Speegle-H ) Adams . ‘ Harve Presnell . {Dennls Fadna ‘ Lo WWB i
."‘ De"". Kathleen &li@diughes . ':..\ Kevin Bacon . ‘ .Sé:/ing frivale Ryan .ﬂﬂ o . ;Y:?GG"’" Roger.c;;%h.
Grifasf-Howard Morris Todd Louiss Aolio 13| Steye Zahn Vin Diesel Max Martini Padl Mazurs . .
I, . &han Clemenson . . Y/~ Jdon Goodm. W Ron V. Wol
i B. SH . Edward Bums ot T Wal
Jodi Lengiby Di Gicco Ranée . . McClure _ Uv-Tyler . Giovanni Ribisi Nathan Filliop . .dark Rydell ) “"‘mndm Wﬂeo’
Le\. () H'd Ned Vaughiee Spsno [ O . Plnchiine Mac Robbins / L
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B 10 1]
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~ Jeremy Su ‘
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Visualization Panel — After Customization

\\ ® —

f & ‘5://°; P e

N s -

scaletofit = take a snapshot = full screen mode

JrEl o

Node Color Mapping: @ Actor @ Movie @ undefined Male Actor
Edge Color Mapping: [JJ ACTS_IN
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Visualization Panel — Further Customization

Stave Zahn |\~ L

“. 7 2knb :\\1‘3 AC
& . T
< LN
PN =

ao
¥y

®

.4

e

. 1 ¥ .‘-"j < 7

“Charlize Thergn: ® 2 . ygn& :

f ..Tm's' .‘H‘,YG N

Vhl\adrilth ey ]
R

‘2.

ACTS o)

ACTS 1@

® T
e N,
AL _.,’;
Xaridie Berkatep
b7
O
. ristopner Walken
C o -0

Marti;vt Qhoen

*
Jason Robards

ACTS
S W
J TS,y

L] ACTS_IN
TS TN
TS >
.. oL |

114 .

° ot
O &
. ° ‘:‘_,‘;_-.‘-" )
® 1 1 5 ACTS 4 . e
. -v . LN
. & 114 ' .
- . ® o . ~ The
e © s OR . 3
Alfred Molina > # 737473 ACTS my o
: - Lwck .
] o, e
I's XY, .
Cancel OK DA\ o " >
. L]

® Ac’é\.\."‘_oa».-

[ ] ACTE N 5
Node Color Mapping: @ Actor @ Movie @ undefined @ Male Actor

Edge Color Mapping: [JJ ACTS_IN

Users can further specify colors by clicking the color blocks shown in the

legend area
© CY Lin, Columbia University
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http://systema.ibm.com/tool/visualizer/

Dataset Selection
Q Q scale to fit take a snapshot full screen mode
Test
Visualization
@ Graph Seer

Graph Query

Query by Node

I v g K Koreal

Visual Parameters Raw Data
Background Color #19193b
Node Default Color seceece
Edge Default Color rececee
Show Nodes
oping MT_SELLER
ping
Node Size Mapping none
. Node Color Mapping: . DACH IMT Korea IMT US IMT United Kingdom and Ireland IMT . Spain, Portugal, Greece, Israel IMT Greater China ‘ France IMT
Filter Node Label by Node Size
undefined . Canada IMT Nordic IMT . Japan IMT Italy IMT Latin America Australia/New Zealand IMT . Middle East & Africa India-South Asia IMT
Node Label Mapping d | <)
‘ ‘ Central and Eastern Europe IMT ASEAN IMT ' Belgium, Netherlands, Luxembourg IMT
RO Libej Sie - ' get_egonet graph Test id 10515838 --depth 2 --maxdegree 5000 --maxnumvertices 500 Query | ?
Show Edges >>Query [“"get_egonet --graph Test --id 22438724 --depth 1 --maxdegree 1000 --maxnumvertices 100"] is executed.
>>[{"number of nodes":5,"number of edges":6}]
Edge Color Mapping i >>Query ["get_egonet --graph Test --id 10515838 --depth 1 --maxdegree 1000 --maxnumvertices 100"] is executed.
PR S none B >>[{"number of nodes":21,"number of edges":33}]
et >>Query ["get_egonet --graph Test --id NA --depth 1 --maxdegree 1000 --maxnumvertices 100"] is executed.
Edge Label Size - ) >>[{"number of nodes":33,"number of edges":37}]
>>Query [“get_egonet --graph Test --id @02D3737897 --depth 1 --maxdegree 1000 --maxnumvertices 10@"] is executed.
Edge Th apping abel I >>[{"number of nodes":2,"number of edges":2}]
>>Query [“get_egonet --graph Test --id @@2D3737897 --depth 1 --maxdegree 1000 --maxnumvertices 10@"] is executed.
- >>[{"number of nodes":2,"number of edges":2}]

>>Query [“get_egonet --graph Test --id 092D3737897 --depth 1 --maxdegree 1000 --maxnumvertices 10@"] is executed.
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Cover a wide range of graph analytics to support many application use cases in
different domains, e.g.:

Enterprise social network analysis, expertise search, knowledge recommendation
Financial/security anomaly/fraud detection

Social media monitoring and analysis

Cellular network analytics in Telco operation

Patient and disease analytics for healthcare

Live neural brain network analysis

Provide efficient in-memory computation as well as on-disk persistence

Optimal performance enabled by IBM System G graph database technologies that
focus on efficient use of available computing resources with architecture-aware
design to leverage system/architecture advantages

Single-threaded, concurrent (shared memory), and distributed versions

Multiple deployment options to suit different customer preferences and needs

60

C++ executables in Linux environments (Redhat CentOS, Ubuntu, Mac OS X,
Power)

TinkerPop (Blueprints) API

gShell (a shell-like environment with interactive, batch, and server/client modes to
operate multiple graph stores simultaneously)

Gremlin console

REST APl Web service

Python wrapper
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Compatible with TinkerPop Interface (Apache Incubator)

.

Graph
Server

>_.

Graph
Algorithms

.

Object-Graph
Mapper

Traversal

SQLo
Language :

Gremlin

.

Dataflow
Processing

http://sql2gremlin.com

Generic
Graph API

7

http://tinkerpop.incubator.apache.org
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Write Python Code based on System G &2,
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#!/usr/bin/python
from py_gShell import _py_gshell as gShell
import json

g = gShell()

g.delete_graph("testu")

g.create_graph("testu", "undirected")

g. load_csv_vertices(csvfile="data/test.vertices.dat", keypos=0, labelpos=1)

g. load_csv_edges(csvfile="data/test.edges.dat”, srcpos=0, targpos=1l, labelpos=3)
g.add_vertex(vertex_id="7", label="C", prop={"tag":"T2","value":0.1})
g.add_vertex(vertex_id="8", prop={"value":0.4})

g.add_vertex(vertex_id="9", label="C", prop={"value":0.5})
g.update_vertex(vertex_id="9",prop={"value":0.55,"other":"1"})
g.add_edge(src="7", targ="8", edgelabel="c")

g.add_edge(src="7", targ="1", edgelabel="c",prop={"weight":8.0})
g.update_edge(src="1",targ="7", prop={"weight":8.6, "other":"2"})
g.add_edge(src="8",targ="9")

g.update_edge(src="1",targ="2", prop={"weight":6.5})
g.analytic_start_engine(edgeweightpropname="weight")

print json.dumps(json.loads(g.analytic_find_path(src="1",sink="2")), indent = 4)

print json.dumps(json.loads(g.analytic_find_path(src="1",sink="2",label="b")), indent
g.analytic_stop_engine()

g.analytic_find_path(src="1",sink="2") g.analytic_find_path(src="1",sink="2" label="b")

Output of the
above
Python script
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Highly Scalable Graph Database http://www.graph500.org P_

Spsomputiog Cosborwocn, Sove 2, 200A

in China).

15363 15363
16384 | > Torl v 5
v K-computer .
—5- TSUBAME 2.5 (2.0) #4 #4
-©—- FX-10 & A ;
4096 | & sa UV2000 5524 5524 5524 [TSUBAME 2.5
K computer
1| —— TSUBAME-KFC by . 1280 £PU only
—5—  4-way Xeon serv 510 993 1003 I
o 1024 - 600 o-
ke 256 ' D2 462 462
c Lo
= o TSUBAME-KFC SGI UV2000
&) 44.0
S '
- — [ )
= 1.6
16 - 4-way Xeon server
. . 11.1
4 2
The Nov 2015 winner, K-computer supercomputer of 83K nodes and 663Kcores,
| achieved graph search of up to 38, 621,400,000 vertices per second.
]' | |
| | | | | |

Lst 2nd 3rd 4th Sth 6th Tth 8th
Nov. 2010 June 2011 Nov. 2011 June 2012 Nov. 2012 June 2013 Nov. 2013 June 2014
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Comparison of graph size Cote
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No. of edges

Human Brain Projlec'G'raph500 (Huge)

*| [Symbele ] ‘
,edes etwork
b Graph500 Large
40 ( @ i
Graph500 (Medlum
35 |- 1 billion Al Twitter (tweets/day) ] ]

- ‘.«. GraphSOO (Sma Th\‘ ‘N'.""‘“ " ‘ountryside™ School Distri

log,(m)

Graph500 (Tey)
USA-road-d.USA.gr

USA-road-d.LKS.g USA Road Network ]

()
[ ®usaroad-
35

0
d.NY.gr g
15 20 25 30
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n
45

log,(n) No. of nodes
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