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TIBC® | Key Messages

— Streaming Analytics processes Data while it is in Motion!
— Automation and Proactive Human Interaction are BOTH needed!

— Time to Market is the Key Requirement for most Use Cases!



TIBC® | Agenda

— Real World Use Cases

— Introduction to Stream Processing

— Market Overview

— Relation to other Big Data Components

— Live Demo
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TIBC® | Find and Act on “Critical Business Moments”

Predict equipment

failure & fix Optimize )
proactively Pricing Identify Anticipate
Deliver proactive Restock Rerout and handle
customer service - eroute : -
inventory trucks disruptions

Make cross-
sell offers A
Q
=
00

“Business Moments” occur in Every Facet of Enterprise Operations, they drive
competitive differentiation, customer satisfaction and business success!



TIBC® | Success Story

Predictive Fault Management



“An outage on one well can cost
. We have 20-100 outages per year."

- Drilling operations VP, major oil company



TIBC® Predictive Analytics (Fault Management)

Data Monitoring

*  Motor temperature
*  Motor vibration

* Current

* Intake pressure

* Intake temperature

> Flow

Electric Submersible Pumps (ESP)

Electrical power cable
Pump

Intake

Protector

ESP motor

Pump monitoring unit




TIBC® Predictive Analytics (Fault Management)




TIBC® | Live Surveillance of Equipment

Continuous, live visualization
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Continuous, live geospatial display of pump ! |

02/2011
[30/11

Compare live readings and signals

health and predictive signal breeches

to historical average and means




TIBC® | Success Story

Smart Manufacturing

11
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For every 1% increase In shipped product,
we make $11MM in profit. The demand is
there, we just need to fulfill it."

- Head of Quality, Solar Panel Manufacturer



TIBC® | 10T for High Tech Manufacturing Yield Optimization

. Before: Solar Panel Manufacturer with No Unified View of

Manufacturing Process : e e oSl T N es—— TS
—  Multiple manufacturing facilities, multiple processes — no way to compare 2 et e
production to yield expectations 4 . E z ' N | 'if— 2 ]

- s 1wre R ey
l—ll.- S o

L T L l' .4-11

. Negative Consequences: Sub-Optimal Production

—  Operations are sub-optimal: high tolerance leads to better yield but less "-'w-?'_w_____' T "-1-'::-“"__' _
output; tight tolerance means high throughput but lower yield :E : "‘ ‘f -‘- ﬁ,-' & i L" ‘,{
. Business Outcome: Higher Yield and More Runs o ndilond o7 i T
- Process Manufacturing can run tighter tolerances and adjust them mid-run, ’":u{,_,. 17, s v A ""E: i3 e e AR
predicting yield and adjusting to changing variables 'E - ““ _‘ * 3 i“ : 'f' ‘ i+ ‘f, ”
—  Systems proactively re-route high-value customers around affected network j i -—._J- = -)t.- -} e TS

e -—rv Rl L] s
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areas in real-time

. How We Do It: The TIBCO Fast Data Platform

— loT, Spotfire, StreamBase, and TERR for predictive modeling, high-speed
network by TIBCO “For every 1% increase in shipped

product, we make S11MM in profit.
The demand is there, we just need to

wm—— e ® e — — b

Fulfill it.”

- Head of Quality, Solar Panel Manufacturer
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TIBC® | High Tech Manufacturing Yield Optimization

Continuously computed real-time analytics on streams

(thresholds, min / max, average) |
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Analysis, alerts and triggers are based on streaming analytics




TIBC® | High Tech Manufacturing Yield Optimization

‘ LIMITT 200 | el TheesholdBreac! minMaxAvgALLTube |5 TuBE-1 2 FIEVORER CIE: 3=
TUBE -1 - RESOURCEMAME in list ('1', 'UPPER’, 'LOWER')
Manufacturing operations staff IATLHGHAN RESOLRCENAME |
drill down on any machine, any ot % %0,
time, to inspect and fix problems Z
. . — 80
before they impact yield 0
™ // v B:UUIAM 10:UIUAM ‘12:UEJ PM 2:[JUI PM 4:UUI PM
1 RESOURCES i { UPPET B 09/07/2014 6:00 09/07/2014 5:00
s TUBE-2 22 BE|lw~| 5 &0
TUBE - 2 - RESOURCEMAME in list ('2', 'UPPER', 'LOWER")
RESDURCENAME_
‘ % 20|
'_
2 80
i : 1 . : :
8:00 AM 10:00 AM 12:00 PM 200 PM 4:00 PM
09/07/2014 6:00 09/07/2014 5:00




TIBC® | Success Story

Crowd Management

16



“Turn the customer into a fan and increase
revenue significantly.”
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TIBC% | All Customers are different... Treat them that way...
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TIBCS | Great success stories, but ...

... how to realize these use cases?

20



TIBC® | Agenda

— Real World Use Cases

— Introduction to Stream Processing

— Market Overview

— Relation to other Big Data Components

— Live Demo



TIBC® | Streaming Analytics

* Continuous Queries
e Sliding Windows

* Filter

* Aggregation

e Correlation

© Copyright 2000-2015 TIBCO Software Inc.



TIBC® | Operational Intelligence in Action

Machine-to-Machine Automation

Automated action based on models of history
combined with live context and business rules
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The Challenge:
Create, understand, and deploy algorithms &
rules that automate key business reactions

Actions by Operations

Human decisions in real time informed by
up to date information

The Challenge:
Empower operations staff to see and
seize key business moments

© Copyright 2000-2015 TIBCO Software Inc.



TIBC® | Streaming Analytics Reference Architecture
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TIBC® | Agenda
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TIBC® | Streaming Analytics Reference Architecture
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TIBC® | Alternatives for Stream Processing

Time
to
Slow ‘ } l } Fast Market
Includes Includes
27
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TIBC%® | What Streaming Alternative do you need?

Slow East Market
Concepts (Continuous Queries, Sliding Windows)
Patterns (Counting, Sequencing, Tracking, Trends)
Build everything by yourself! ®
28
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TIBC® | Usually not an option ...
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... as there are a lot of
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Frameworks and

Products available!

29
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TIBC® | Alternatives

(no complete list!)

PRODUCT

=sqlstream

OPEN SOURCE

Spoﬁ:z

&Flink m

I'_BEZ?

! DATATORRENT

5 STORM E EsperTech : ae”sgrz‘lsar;‘

FRAIV' EWORK

CLOSED SOURCE
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TIBC%® | What Streaming Alternative do you need?

) -’
=

Slow Fast

Time
to
Market

Library (Java, .NET, Python)

Query Language (often similar to SQL)
Scalability (horizontal and vertical, fail over)
Connectivity (technologies, markets, products)
Operators (Filter, Sort, Aggregate)

31
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TIBC® | Apache Storm

nathanmarz says: Storm is a distributed realtime computation system. Similar to how
hadoop provides a set of general primitives for doing batch processing. Storm provides
a set of general primitives for doing realtime computation. Storm is simple, can be used

with any programming language, and is a lot of fun to use!

Bolt

TUD/e
T’-’Dle
T‘-’D/e Tuple Tuple Tuple

© Copyright 2000-2015 TIBCO Software Inc.



TIBC® | Apache Storm — Hello World

public class WordCounterBolt implementz IRich3oleq

Map<String, Integer> counters;
private Outputlcllector collector;
£0verride

public

Terttat
id prepare(Map stormCon?, TopologyContext
OutputCollector collector) {

thiz.counters = new Hazhiap<String, Integer>();

thiz.collector = collector;

— r
LN e dusSHnu, e Override
Woedtpamalt ava pudblic void execute(Tuple inpuz) {

String str = ingut.getString{8);

if(!countersz_containzKey(ztr)){
counterz.put(str, 1);

Yelze{
Integer c = counters.get(str) =1;
counterz.put(str, c);

collector.ack{input);

| Shrems Cysastime ide
public void cleanup() {
For{Map.Entry<String, Integer> entry:counters.entrySet()}{
" + entry.getValue());

:I: :':—“_:‘ e R S System.ocut.printin{entry. getKey()="
}
spetiae ] b
Lwhanter dooor! g0verride
public void declareCutput™ieldz{OutputFieldzDeclarer declarer) {

CRIL) ) It i e i g TLire T

PIN0) ) el cnpdng| e - a5t
s
Wl L0ttt sae il Oud dder irmat e Pupologn ()01 g0verrade
public Map<String, Object> getlomponentlonfiguration() {
return null;
Lnser swa mee
1

33

http://wpcertification.blogspot.ch/2014/02/helloworld-apache-storm-word-counter.html
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TIBC® | Amazon Kinesis

KINESIS

AWS S3 RedShift DynamoDB

Introduction to Amazon Kinesis (2:08)

vl e
| = " w"
«3 I = @
AT " = | 7
e TN -
sagy O8 355a

_
https://aws.amazon.com/kinesis/

© Copyright 2000-2015 TIBCO Software Inc.
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TIBC® | Amazon Kinesis — Hello World vl

KINESIS

sDefinen ™o JExudns +BoSom o et My St

Fasiamaton wrepeant 9l moandi 1o Salls 10 0wy
ol mords recons ¥om ba processed AWS services
oan e the by spacipng and posauts
Ameon projessng srolimt 7 o e rocerds
¥ineus syexm mooed il foml wocred in e
Wi aeder & =l brte counl hufle

o User
dedmoddass
madet

DynamoD8

IRecordProcessorfactory recordProcessorfFactory = new
Samp leRecordProcessarfactory();

Worker worker = nex Worker(recordProcessorFactory,
kinesisClientlibConfiguration);

Creating and Sizing a Kinesis Stream ot ;'“:fwr ”e
Mo er.run();

Redshift

} catch (Throwable t) {
LOG. error( "Cought throwable while processing data.", t);
oTeetete exitCode = 1;

MREPRIY S oy AN

35
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TIBC® | Amazon Kinesis — The Cloud ... Vi

KINESIS

... Is easy to setup and scale!

But you do not have full control ®

..... d JLESO1ILY O

Amazon Kinesis: Is It the Next Big Real-Time Data Processing Solution?

* Any data that is older than 24 hours is automatically deleted

* Every Kinesis application consists of just one procedure, so you can’t use Kinesis to
perform complex stream processing unless you connect multiple applications

* Kinesis can only support a maximum size of 50KB for each data item

http://diamondstream.com/amazon-kinesis-big-real-time-data-processing-solution/
(blog post from 2014, might be outdated, but shows that you do not have full control over a cloud service)

36
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TIBC® | Apache Spark

Spark MLIib
Streaming]| (machine
learning)

Apache Spark

General Data-processing Framework
- However, focus is especially on Analytics (these days)

37

http://fortune.com/2015/09/09/cloudera-spark-mapreduce/ )
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TIBC® | Apache Spark — Focus on Analytics

Is Apache Spark going to replace Hadoop?

Published: 20, March 2015 07:33 am by Jame hammed

Why Cloudera is saying 'Goodbye, Forbes / T
MapReduce' and 'Hello, Spark' '

em— e T IBM Backs Apache Spark For Big Data Analytics

Using Spark to Ignite Data Analytics Paul Miller,

ugwonionms W )\ A £ ©

Cpren mpemed by Fote: Creriars ws Sur som

4 FREE lssu

& ellay Global Dots infrastructiure Analytics Tesen on 0S/282018

n Data Infrastructure and Services, Machine Lesming, Open Soorce

AL eBay we want our customers to have the best experience possible. We use data analytics to
improve user experiences, provide relevant offers, aptimize performance, and create many,
many other kinds of value, One way eBay supports this value creation Is by utilizing data

“[IBM’s initiatives] include:

processing frameworks that enable, accelerate, or sirmplify data analytics. One such framework ° deepening the integration between Apache Spark and
is Apathe Spark. This post describes how Apache Spark fits into eBay's Anafytic Data
infrastructure. existing IBM products like the Watson Health Cloud;
* open sourcing IBM’s existing SystemML machine
http://aptuz.com/blog/is-apache-spark-going-to-replace-hadoop/ |earning technology_
?

http://fortune.com/2015/09/09/cloudera-spark-mapreduce/

http://www.ebaytechblog.com/2014/05/28/using-spark-to-ignite-data-analytics/
38

http://www.forbes.com/sites/paulmiller/2015/06/15/ibm-backs-apache-spark-for-big-data-analytics/
© Copyright 2000-2015 TIBCO Software Inc.



TIBC® | Spark Streaming

Spark Streaming

is no real streaming solution

uses micro-batches

cannot process data in real-time (i.e. no ultra-low latency)

allows easy combination with other Spark components (SQL, Machine Learning, etc.)

input data batches of -~ batches of
stream Spark input data Spark processed data
[_> Streaming F—lr—l{—> Engine 1]
. - 4

39
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TIBC® | Apache Spark — Hello World

Word Count

In this example, we use a few more transformations to build a dataset of (String, Int) pairs called counts and then save it to a file.
Python Scala Java

val textFile = spark.textFile("hdfs://...")
val counts = TextFile.flatmap(line == Tine.split{" "))
.map{word == (word, 1))

.reducesykey(_ + _) - Spark COre API

counts. saveAsTextFile("hdfs://...")

Twitterutils. createstream{...)
Tilter{_.getText. contains("spark"))

Spark Streamlng API —_— . countBywindow(Seconds (5))

Counting tweets on a sliding window

40
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TIBC® | Apache Flink

Spark Streaming
e _Newcomer”
g * Looks very similar to Spark
23 5 2 " 5§ e But ,Streaming First“ concept
P oat 4
3 DataSet API DataStream API
g Batch Processing Stream Processing
A Streaming First
Runtime
§ Distributed Streaming Dataflow High throughput and low latency stream processing with
exactly-once guarantees.
Local Cluster Cloud
§ m YARN Ggg 4 Batch on Streaming

Batch processing applications run efficiently as special
cases of stream processing applications.

41
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TIBC® | Apache Flink vs. MapReduce, Tez, Spark

Batch
Interactive Interactive
* Near-Realtime + Real-Time
Streaming Streaming
* lterative * Native Iterative
processing processing

MapReduce Direct Acyclic RDD: Resilient Cyclic Dataflows
Graphs (DAG) Distributed

Dataflows Datasets
1% Generation 2"Generation 39 Generation 4" Generation
(1G) (2G) (3G) (4G)

http://www.slideshare.net/sbaltagi/overview-of-apacheflinkbyslimbaltagi/12

42

© Copyright 2000-2015 TIBCO Software Inc.



TIBC® | Alternatives

(no complete list!)

=sqlstream

OPEN SOURCE

.‘Spc:r‘i:Z

&Flink m

_§

5 storM = EsperTech : “El

FRAIV' EWORK

azon

JSEMICAST

CLOSED SOURCE

© Copyright 2000-2015 TIBCO Software Inc.
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TIBC%® | What Streaming Alternative do you need?

Slow ' ‘ Fast

Library (Java, .NET, Python) Visual IDE (Dev, Test, Debug)
Query Language (often similar to SQL) Simulation (Feed Testing, Test Generation)
Scalability (horizontal and vertical, fail over) Live Ul (monitoring, proactive interaction)
Connectivity (technologies, markets, products) Maturity (24h support, consulting)

Operators (Filter, Sort, Aggregate) Integration (out-of-the-box: ESB, MDM, etc.)

Market



TIBC® | IBM InfoSphere Streams

IBM InfoSphere Streams:
An open platform

The Power
of Now

EHEig Real-Time Analytics
S pi e bk and IBM InfoSphere Streams
processing

« Facilitate developer productivity and
enable deep analytics for the business = A S A U 3 RS RIS
to accelerate time to market and ALt
maximize value DA T e

b e . -

« Capitalize on an open platform to simplify
operations and streamline integration

with existing data management tools

« Reduce risks with a solution supported by
IBM and thriving communities

« Maximize flexibility with Quick Start,
Developer Edition, Production Edition
and Cloud offerings plus a variety of
pricing modeis

45
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TIBC® | IBM InfoSphere Streams

Of Streams and Storms

A Direct Comparison of IBM InfoSphere Streams and Apache

Storm In o Real Waorld Use Case - Email Processing

Zubair Nabl and Eric Boulllet

el aadices In this paper, we compare the performance of IBM InfoSphere Streams against Apache

;mm 'g“z“"‘""" Storm [1], a leading open source alternative, to augment existing literature [2]. To this end,
we implemented a real-world stream processing application, which enables email

Apell 2014 classification for online spam detection [3] on both platforms. Our goal was to analyze both

the quantitative differences in performance as well as the qualitative differences in
application writing and framework tuning. Similar to other studies [4, 5], we employed CPU
time and throughput as primary metrics to compare the efficacy of both systems. Overall,
our results show that for the application benchmark documented in this paper, Streams
outperforms Storm by 2.6 to 12.3 times in terms of throughput while simultaneously
consuming 5.5 to 14.2 times less CPU time.

https://developer.ibm.com/streamsdev/wp-content/uploads/sites/15/2014/04/Streams-and-Storm-April-2014-Final.pdf

46
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TIBC® | TIBCO StreamBase

« Performance: Latency, Throughput, Scalability Strei?]r;\g\?astz?os:srver
— Multi-threaded and clustered server from version 1

— High throughput: Millions of messages, 100,000s of quotes, 10,000s of orders

— Low-latency: microsecond latency for algo trading, pre-trade risk, market data StreamSQL compiler
and static optimizer

« Take Advantage of High Performance Hardware
— Multicore (12, 24, 32 core) large memory (10s of gigabytes)
— 64-bit Linux, Windows, Solaris deployment
— Hardware acceleration (GPU, Solace, Tervela)

In process, in thread
adapter architecture

* Enterprise Deployment Visual parallelism and
— High availability and fault tolerance corom scaling
— Distributed state management for large data sets
— Management and monitoring tools £ " ; Data parallelism and
— Security and entitlements Integration _ , il B dispatch
— Continuous deployment and QA Process Support

ActiveSpaces
integration for
distributed shared state

“The StreamBase engine is for real. We couldn’t break it, and believe
me, | tried” SVP Development, Top 5 Broker Dealer




TIBCS | StreamBase: The Power of Visual Programming

Sales too high
- Fraud

Aggregate

J) -

salesTooHighAlert

Sales too high?

2 ”! Y ’_\4 u2 out
agglocationSales onlyCurrentGroup ST B —— ommvl
@—X o
¥ logFraudAlert fraudAlert
ul2 onlylAle
/ noFraud /
Log to an
— g y No Fraud
Capture card activations per database
location "
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Tchy‘” StreamBase Development Studio
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e

e “StreamBase’s modeling tools are easy to

1 use and will enable the exchange to
quickly react to the ever changing needs of
e our customers.” Steve Goldman,
e “ = | Director of Enterprise Architecture

€ CME Group |

A CME [Chicegs Board of Trade/SYNEX Company


http://www.youtube.com/streambase

TIBC® | Live Datamart

Social

]

Mobile

i

A
Market Data

e >

FTL >

BusinessEvents >
|

ActiveSpaces

BusinessWorks

Social Media Data

Market Data

Sensor Data

Live Datamart

Historical
Data

~

LiveView Desktop
Command & Control

— e =y

ActiveSpaces Datagrid

Enterprise

data



TIBCS | LiveView Desktop Ad-hoc continuous query
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TIBC® | Spoilt for Choice — Framework or Product?

Does it make sense
to combine both?

52



TIBC® | Example: Apache Storm + TIBCO Live Datamart

StreamBase Bolt and Spout connect

Apache Storm to StreamBase to provide
@ STORM real-time analytics on operational data

K
Operational ‘
StreamBase Bolt Data StreamBase Spout Clients

< Query
TIBCO Live Datamart
Customer Data %—‘, Snapshot Results
B External
Continuous
Public Data ;‘.ﬁ{',,'_f. Data

Message Bus il Continuous

Continuous Query Processor

Alerting

Updates /
Active Tables Active Tables



TIBC® | Agenda

— Real World Use Cases

— Introduction to Stream Processing

— Market Overview

— Relation to other Big Data Components

— Live Demo



TIBC® | Streaming Analytics Reference Architecture
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TIBC% | Real Time Close Loop

Analyze Model

Analyze data via Data Develop model
Discovery
Deploy into Stream
Uncover patterns, Processing flow
trends, correlations

© Copyright 2000-2014 TIBCO Software Inc.

Act

Automatically monitor
real-time transactions

Automatically trigger
action
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TIBC® | Real Time Close Loop: Understand — Anticipate — Act

Big Data

» store everything
in Hadoop, DWH, NoSQL, etc.

» even without structure
» even if you do not need it today

A8




TIBC® | Real Time Close Loop: Understand — Anticipate — Act

Data Discovery + Statistics + Machine Learning

to find insights and patterns in historical data

ANALYTICS
& DATA
DISCOVERY

Visual, intullive, &
interactive

Dynamic, Fast, &
Easy fo Use

Ad-hoc QRA,
Customizable

Empower All User
Populotions



TIBC% | Real Time Close Loop: Understand — Anticipate — Act

Streaming Analytics

to operationalize insights

and patterns in real time -

Open In-
Source database
R analytics

Stream



TODAY

80% of betting happens

AFTER the game begins
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TIBC® | Case Study: Streaming Analytics for Betting
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“‘With StreamBase, in two
months we had our first betting
analytics feed live, and we

continually deploy new ideas

and evolve our old ones.”
- Alex Kozlenkov, VP of technology, TXOdds

Situation: Today, 80% of Betting is Done After the
Game Starts
« It’s not your father’s bookie anymore!

Problem: How to Analyze Big Betting Data?

« Thousands of concurrent games, constantly adjusting odds, dozens of
betting networks — firms must correlate millions of events a day to find
the best betting opportunities in real-time

Solution: TIBCO for Fast Data Architecture

« TXOdds uses TIBCO to correlate, aggregate, and analyze large
volumes of streaming betting data in real-time and publish innovative
predictive betting analytics to their customers

Result: TXOdds First to Market with Innovative Zero
Latency Betting Analytics

« Innovative real-time analytics help players who can process electronic
data in real-time the edge



TIBC® | Reference Architecture: Streaming Betting Analytics

BETTING LINES)

SCORES
>

NEWS
>

nwCcw

v

HADOOP
Context: | J
Historical
Betting Data, ‘ u
—

Odds, Outcomes

GLOBAL, DISTRIBUTED INFRASTRUCTURE

Event Processing

MONITOR AGGREGATE CORRELATE

REAL-TIME ANALYTICS

S~

HISTORICAL COMPARISON

nwCcCw

— - —

Predictive odds
analytics

Historical odds
deviations
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TIBC® | Real-Time Social Media Analytics

Something relevant happening?

Twitter (#NFL)
Every second counts!

Twitter

(#TomBradyBrokenLeg)
Actionable

Insights

Twitter (#Boston)

Change Odds (automated or manually triggered):

+ Stop live-betting for the currently running game?

* How many interceptions will the Quarterback throw?
* Wil the Patriots win the Super Bowl?

Brady’s Stats



Real-Time Social Sentiment Analysis
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TIBC® | Agenda

* Real World Use Cases

* Introduction to Stream Processing
 Market Overview

« Relation to other Big Data Components

e Live Demo



TIBC% | Live Demo

Predictive Sensor Analytics



TIBC® | Did you get the Key Message?




TIBC® | Key Messages

— Streaming Analytics processes Data while it is in Motion! &
— Automation and Proactive Human Interaction are BOTH needed! ¢£

— Time to Market is the Key Requirement for most Use Cases! g



Kai Wahner

kwaehner@tibco.com

@KaiWaehner
www.kai-waehner.de
LinkedIn / Xing - Please connect!




