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Outline

* |terative Mapreduce Programming Model
* |Interoperability

* Reproducibility
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Big Data for Science

300+ Students learning about Twister & Hadoop July 26-30, 2010 NCSA Summer School Workshop
MapReduce technologies, supported by FutureGrid. http://salsahpc.indiana.edu/tutorial
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Big Data for Science

Home

Tutorials Contact

Cloud Computing

Keynote: Distributed Data-Parallel
Computing

® Powerpoint Link

e Sector/Sphere Tutorial

e Downloadable Link

Overview of FutureGrid

® Powerpoint Link
® Downloadable Link

Plug-and-play virtual appliance
clusters running Hadoop

* Powerpoint Link

* Downloadable Link

Overview of Cloud Computing
Platforms

® Powerpoint Link

* Downloadable Link
Introduction to Azure

® Powerpoint Link

* Downloadable Link
AzureMapReduce

® Powerpoint Link

* Downloadable Link
An Introduction to DryadLINQ

* Powerpoint Link

s Downloadable Link
Introduction to Amazon EC2

® Powerpoint Link
® Downloadable Link

Data

Opening Keynote: Data-intensive
Computing

* Powerpoint Link
s Downloadable Link

Making the most of the I/O Software
Stack

* Powerpoint Link
¢ Downloadable Link

Data movement & Storage (Data
Capacitor WAN Filesystem)

* Powerpoint Link
¢ Downloadable Link

Data Transport (With Specific TG
Examples) and File Systems

* Powerpoint Link
¢ Downloadable Link

Scalable and Distributed Visualization
using Paraview

* Powerpoint Link
& Downloadable Link

Science

Studying Science from Large-Scale Usage
Data

* Powerpoint Link

s Downloadable Link
Big Data in Drug Discovery

* Powerpoint Link

& Downloadable Link

Cancer epigenomics study using the next
generation sequencing data

* Powerpoint Link
s Downloadable Link
Virtual Observatory Technologies

# Powerpoint Link
s Downloadable Link

Hands-On

Tutorial on using FutureGrid

* Powerpoint Link
® FutureGrid Machine Access

Introductary Tutorial on
MapReduce and Hadoop

* Powerpoint Link

* Hadoop
® Prerequisites & Resources

Tutorial on lterative MapReduce
* Powerpoint Link
® Twister Tutorials
* Prerequisites & Resources

Tutorial on DryadLINQ

* Powerpoint Link
¢ DryadlINQ Tutorials

* Download
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g (lterative) MapReduce in Context

Support Scientific Simulations (Data Mining and Data Analysis)

Kernels, Genomics, Proteomics, Information Retrieval, Polar Science,
Scientific Simulation Data Analysis and Management, Dissimilarity
Computation, Clustering, Multidimensional Scaling, Generative Topological

N g~
Security, Pi 1ance, Portal
Workflow

Applications

Programming Services
Model High Level Language

Runtime | Cross Platform Iterative MapReduce (Collectives, Fault Tolerance, Scheduling)

Storage | Distributed File Systems Object Store Data Parallel File System

Linux HPC Amazon Cloud
Infrastructure | | Bare-system

Azure Cloud Grid

Appliance

Virtualization Virtualization

CPU Nodes GPU Nodes

Hardware

SALSA



Programming
Model

Tolerance

Map

Computation
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Scalable

amazon Amazon Elastic MapRedu
webservices”

GOU

S0ogle Zwister
Ideal for data intensive pleasingly parallel applications

=
Iterative MapReduce =
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MapReduce in Heterogeneous Environment

Application
Sawzall =SQL LINQ, SQL

Sawzall Pig, Hive

DryadLINQ
Language Scope

Map-

Parallel Badiice Hadoop Dryad

Databases

Execution

Storage GFS HDFS NTFS

BigTable S3 Azure
SQL Server

MICROSOFT




Iterative MapReduce Frameworks

Twister!!]
— Map->Reduce->Combine->Broadcast
— Long running map tasks (data in memory)
— Centralized driver based, statically scheduled.
* Daytonal3!
— |terative MapReduce on Azure using cloud services
— Architecture similar to Twister
e Haloop!4

— On disk caching, Map/reduce input caching, reduce output
caching

Spark!®]
— Distributed querying with working sets

ﬂ MHPC



Others

Mate-EC2®]
— Local reduction object
Network Levitated Mergel”]
— RDMA/infiniband based shuffle & merge
Asynchronous Algorithms in MapReduce!8]
— Local & global reduce
MapReduce onlinel®!
— online aggregation, and continuous queries
— Push data from Map to Reduce
Orchestral1o]
— Data transfer improvements for MR
iMapReducel!]

— Async iterations, One to one map & reduce mapping, automatically
joins loop-variant and invariant data

CloudMapReducel’ & Google AppEngine MapReducel?3]
— MapReduce frameworks utilizing cloud infrastructure services

ﬂ MHPC
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Twister4Azure

Azure Cloud Services

e Highly-available and scalable
e Utilize eventually-consistent, high-latency cloud services effectively

Decentralized

e Avoids Single Point of Failure
¢ Global queue based dynamic scheduling
e Dynamically scale up/down

MapReduce

e |terative MapReduce for Azure
e Fault tolerance

M\,M HPC
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Applications of Twister4Azure

* Implemented
— Multi Dimensional Scaling
— KMeans Clustering
— PageRank
— SmithWatermann-GOTOH sequence alignment
— WordCount
— Cap3 sequence assembly
— Blast sequence search
— GTM & MDS interpolation

* Under Development

— Latent Dirichlet Allocation

— Descendent Query
QMHPC
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Twister4Azure — Iterative MapReduce

* Extends MapReduce programming model

e Decentralized iterative MR architecture for clouds
— Utilize highly available and scalable Cloud services

* Multi-level data caching
— Cache aware hybrid scheduling

 Multiple MR applications per job
* Collective communication primitives
— Outperforms Hadoop in local cluster by 2 to 4 times

e Sustain features

— dynamic scheduling, load balancing, fault tolerance, monitoring,
local testing/debugging

http://salsahpc.indiana.edu/twister4azure/ SA . SA -
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Twister4Azure Architecture
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Azure Queues for scheduling, Tables to store meta-data and monitoring data, Blobs for
input/output/intermediate data storage. SA SA ..

Meta-Data on
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data products
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Data Intensive Iterative Applications

Compute Communication Reduce/ barrie

Smaller Loop-
Variant Data

Broadcast

New Iteration

Larger Loop-
Invariant Data

* Growing class of app...

— Clustering, data mining, machine learning & dimension
reduction applications

— Driven by data deluge & emerging computation fields
mMHPC
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Iterative MapReduce for Azure Cloud >

http://salsahpc.indiana.edu/twister4azure

Extensions to support
broadcast data

Hybrid intermediate

data transfer

AW :
: {*Wap Combine | :

Merge step

> Job Start > { : :
E ﬁwap Combine | © N |4
: ] N U® : Merge
. oy Add \
. v : : ‘Q Iteration? OJOb Fipish
( £ Yes
("d“apCombine : : (‘Q :

Data Cache
Collective

Communication
Primitives

Cache-aware
Hybrid Task
Scheduling

.l-
llllllllllllllllllll

Hybrid scheduling of t
Multi-level caching

of static data

Portable Parallel Programming on Cloud and HPC: Scientific Applications of Twister4Azure, Thilina Gunarathne, BO&JIA, .

Zang, Tak-Lon Wu and Judy Qiu, (UCC 2011), Melbourne, Australia.......___
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Performance of Pleasingly Parallel Applications

on Azure

BLAST Sequence Search Smith Watermann
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- Performance - Kmeans Clusterin

— y Overhead between iterations
First iteration performs the 1
initial data fetch ) P
i y $120
35 3
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s \ £ 20
0 _ | o0
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Performance — Multi Dimensional Scaling

Calculate BX Calculate invV Calculate

R R R
1 56l I g 1 56 T g £ 55 0

New Iteration

—— 250
1600 r— — -é \
Z 1400 = B
= 200
g ]
E 1200 o
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g 1000 - E 150
5 —i- —il—
% 500 ry s m—————n
S 600 e - o £100 —R= ==
w 7]
400 8o i i
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0 —o—TW|ster4AzuTe =i Twister | ——TwisterdAzure ﬁ‘\djusted 0 - performance difference |
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2400 4384 66‘40 04&00 umber of Data Points
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Weak Scaling Data Size Scaling

Scalable Parallel Scientific Computing Using Twister4Azure. Thilina Gunarathne, Bingling Zang, Tak-Lon Wu and Jg%

Submitted to Journal of Future Generation Computer. Systems. (Invited as.one of the best 6 papers of UCC 2011)

HPC
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Applications
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Twister-MDS Output

MDS projection of 100,000 protein sequences showing a few experimentally
identified clusters in preliminary work with Seattle Children’s Research Institute
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Twister v0.9

New Infrastructure for Iterative
MapReduce Programming

@ Configuration Program to setup
Twister environment automatically
on a cluster

@ Full mesh network of brokers for
facilitating communication

@ New messaging interface for
reducing the message serialization
overhead

@  Memory Cache to share data between
tasks and jobs

%MHPC
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Twister4dAzure Communications

» Broadcasting

L Data could be large
O Chain & MST

» Map Collectives

O Local merge

» Reduce Collectives

O Collect but no merge

» Combine

(J Direct download or
Gather

-

\VETRENG

Map Collective

Reduce Tasks

Reduce Collective

Broadcast

\VETRENG

Map Collective

Reduce Tasks

Reduce
Collective

\VET'REN'S

Map Collective

Reduce Tasks

Reduce Collective

Gather

%M HPC
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Improving Performance of Map Collectives

. Twister Daemon Process . Twister Daemon Process
* Twister Driver Process N - = = Broker-Driver/Daemon Connection * Twister Driver Process * - = - Broker-Driver/Daemon Connection
RONERN «—— Broker-Broker Connection
. Broker Process ,/ Il I \\ . . Broker Process
I
/ AY
A T
’ / I \ \
R4 / | \ N
|
\ oo S P

\\ SOy q’l\\\ ,'ll '/:’!
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Data Intensive Kmeans Clustering

— Image Classification: 1.5 TB; 1.5 TB; 500 features per image;10k clusters
1000 Map tasks; 1GB data transfer per Map task

%MHPC
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Polymorphic Scatter-Allgather in Twister
35
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Twister Performance on Kmeans Clustering
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Twister on InfiniBand

InfiniBand successes in HPC community
— More than 42% of Top500 clusters use InfiniBand

— Extremely high throughput and low latency
* Up to 40Gb/s between servers and 1usec latency

— Reduce CPU overhead up to 90%

Cloud community can benefit from InfiniBand
— Accelerated Hadoop (sc11)
— HDFS benchmark tests

RDMA can make Twister faster
— Accelerate static data distribution
— Accelerate data shuffling between mappers and reducer

In collaboration with ORNL on a large InfiniBand cluster

ﬂ MHPC
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BandW|dth comparison of HDFS on
various network technologies

14[”:] T T T T T T T T T T 14ﬂ|:|' T T T T
1GigE —— | 1GigE —+—
IPoIB -3 IPolB -3¢
1200 | SDP I S S St it 1200 |- SDP(NIO)
10GigE-TOE ~-E-~ é 10GigE-TOE --EF -

800 | | VOO N T T . ' 4

600 | - - EHHET

oo
=3
e

&
=

400 bbb

Bandwidth (MegaBytes/s)
~—

Bandwidth (MegaBytes/s)
>

T4 16 B4 256 1K 4K 16K 64K 256K 1M 4M 1 4 16 B4 256 1K 4K 16K B4K 256K 1M 4M
Message Size (Bytes) Message Size (Bytes)

(a) Bandwidth with C (b) Bandwidth with Java
Department of Computer Science and Engineering, The Ohio State University % M HPC
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Using RDMA for Twister on InfiniBand

Application
Interface

Protocol
Implementation

Network
Adapter

Metwork
Switch

Application
Sockets
Kemnel Space * i * | *. User §
TCP/IP | Tceap :| SDP
5 | fa
g T
Ethernet ] T
] ] RDMA
Driver [PolB ] i
* # RIS P N D
1/10 Gigabit 10 Gigabit IB
Adapter Adapter Adapter

o

Ethemet IB Ethernet IB IB
Switch Switch Switch Switch Switch '
1/10 GigE IPolB 10GigE-TOE SDp Verbs

(a) Networking Layers, OS-Bypass and Hardware Offload

QMHPC
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Twister Broadcast Comparison:
Ethernet vs. InfiniBand

InfiniBand Speed Up Chart — 1GB bcast

M Ethernet M InfiniBand

%M HPC
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Building Virtual Clusters

Towards Reproducible eScience in the Cloud

Separation of concerns between two layers

* Infrastructure Layer — interactions with the Cloud API
* Software Layer — interactions with the running VM

Infrastructure layer Software layer

client client g~

32

%M‘HPC
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Separation Leads to Reuse

Infrastructure Layer = (*) Software Layer = (#)

1. Create rurm_ing VM (%)

o B .
M ] VM

[ Operating System ) h_[{jueratina Svystem :IJ

!

2. Create and attach VM
block storage (*) —&J [ Operating System )
|

3. Create and mount /{?
file system (#)

Block Storage _-|

4. Install applications (#) { S oEEETT e

(Operating System )|
|

|-_ Block Storage —-l

By separating layers, one can reuse software layer artifacts in separate clouds

33 QMHPC
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Design and Implementation

Equivalent machine images (MI) built in separate clouds
e Common underpinning in separate clouds for software
installations and configurations

Amazon FutureGrid Eucalyptus  FutureGrid OpenStack Extend to Azure

id

Windows Azure

e Configuration management used for software automation

34 %MHPC
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Cloud Image Proliferation

Amazon FutureGrid Eucalyptus  FutureGrid OpenStack

FG Eucalyptus Images per Bucket (N = 120)
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Changes of Hadoop Versions

10 b ae ]

o
0o

o
o

Release Version

o
i

Hadoop Release Versions and Dates

Release Dates

QMHPC
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Implementation - Hadoop Cluster

TA ENABLED SCIENCE

Hadoop cluster commands

» knife hadoop launch {name} {slave count}
» knife hadoop terminate {name}

Mame Mode
Job Tracker

Data Node
Task Tracker

Data Node
Task Tracker

37

QMHPC
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— A A NADLEL

Running CloudBurst on Hadoop

Running CloudBurst on a 10 node Hadoop Cluster

» knife hadoop launch cloudburst 9
» echo {"run list": "recipe[cloudburst]"}' > cloudburst.json

» chef-client -j cloudburst.json

CloudBurst on a 10, 20, and 50 node Hadoop Cluster

CloudBurst Sample Data Run-Time Results

400

— 350 O FilterAlignments
& CloudBurst

10 50

20
Cluster Size (node count)

38 QMHPC
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Implementation - Condor Pool

Condor Pool commands

« knife cluster launch {name} {exec. host count}
» knife cluster terminate {name}
» knife cluster node add {name} {node count}

m .

Central Manager Execute Execute
o Submit | | | | mmemmmeme
__Fegasus __, __Pegasus __,| __FPegasus __,

—_—— e T | —— e ——— -

39
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Implementation - Condor Pool

Ganglia screen shot of a Condor pool in Amazon EC2

80 node — (320 core) at this point in time

ng5 Load last week ngs CPU last week
L
: 5 -
[ i L
£ 200 i 50 = ' —
=] a 5 : ‘
D 100 B b T 1 R | <
= : ol I o . |
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O1-min Load O Modes [ CPUs [ Running Processes O Idle CPU
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1.7
] i
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0.0 A — )
Thu @3 Sat 085 Mon 07
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FutureGrid

Portal

Community

Tutorials

View Edit Outline Revisions

Note: This page is maintained by Renato Figueiredo from UF.

On this page you will find a number of links to tutorials. Tutorials are broadly organized into topics, and each tutorial is classified
based on the user's target level of expertise with FutureGrid (novice, intermediate, advanced). (If you are a tutorial developer, for
instructions on how to add a tutorial to this list, please refer to the TEOS page).

If you have any corrections or suggestions to cur tutorial content, please fill ocut a help request at https: //portal.futuregrid.org/help

Tutorial Topic 1: Cloud Provisioning Platforms

Using Nimbus on FutureGrid [novice]

Nimbus OCne-click Cluster Guide [intermediate]

Using OpenStack Nova on FutureGrid [novice]

Using Eucalyptus on FutureGrid [novice]

Connecting private network VMs across Nimbus clusters using ViNe [nhovice]
Using the Grid Appliance to run FutureGrid Cloud Clients [novice]

Tutorial Topic 2: Cloud Run-time Map/Reduce Platforms

Running Hadoop as a batch job using MyHadoop [novice]

Running SalsaHadoop (one-click Hadoop) on HPC environment [beginner]
Running Twister on HPC environment [beginner]

Running SalsaHadoop on Eucalyptus [intermediate]

Running FG-Twister on Eucalyptus [intermediate]

Running One-click Hadoop WordCount on Eucalyptus [beginner]

Running Cne-click Twister K-means on Eucalyptus [beginner]

Tutorial Topic 3: Grid Appliances for Training, Education and Outreach

Running a Grid Appliance on your desktop [novice]

Running a Grid Appliance on FutureGrid [novice]

Running an OpenStack virtual appliance on FutureGrid [nhovice]

Running Condor tasks on the Grid Appliance [nhovice]

Running MPI tasks on the Grid Appliance [novice]

Running Hadoop tasks on the Grid Appliance [novice]

Deploying virtual private Grid Appliance clusters using Nimbus [intermediate]
Building an educational appliance from Ubuntu 10.04 [intermediate]

Customizing and registering Grid Appliance images using Eucalyptus [intermediate]

Tutorial Topic 4: High Performance Computing

Basic High Performance Computing [novice]

Running Hadoop as a batch job using MyHadocop [novice]
Performance Analysis with Vampir [advanced]
Instrumentation and tracing with VampirTrace [advanced]

Tutorial Topic 5: Experiment Management

= Running interactive experiments [nhovice]

= Running workflow experiments using Pegasus
= Pegasus 4.0 on FutureGrid Walkthrough [novice]
e Pegasus 4.0 on FutureGrid Tutorial [intermediary]

hrps-Sportal futureersd orgMiorials[ S/8/2012 12:27:10 PN

ﬂMHPC



Tutorials | Future Grid Portal
s Pegasus 4.0 on FutureGrid “irtual Cluster [advanced]
Tutorial Topic 6: Image Management and Rain
= Using Image Management and Rain [novice]
Tutorial Topic 7: Storage
= Using HPSS from FutureGrid [Novice]

Other Tutorials and Educational Materials

= Additonal tutorials on FutureGrid-related technologies
= FutureGrid community educational materials
= CI Tutor performance tutorials {requires a brief registration process to view content)

o FutureGrid Grid Appliance for Nimbus and Eucalyptus
» One-click Hadoop WordCount on Eucalyptus Future Grid
o Test

< Image Management and Rain in FutureGrid up FutureGrid Grid Appliance for Nimbus and Eucalyptus >

Add child page Printer-friendly wversion Bookmark this Subscribe to: This post POF version

About News Support Community Projects
Owverview MNews Getting Started Forum New

Status Accessing FutureGrid Add a Community Page Results

Documents User Manual Add a Project Publication Summ ary

Sponsors FAQ Educational Materials Statistics

Staff Knowledgebase Virtual appliances Approve

Contact Tutorials Experts Assignment

Using Iaas Clouds
Using Map/Reduce
Forums

My tickets

Submit a ticket

The FutureGrid project is funded by the National Science Foundation (NSF) and is led by Indiana University with University of Chicago,
University of Florida, San Diego Supercomputing Center, Texas Advanced Computing Center, University of VWirginia, University of
Tennessee, University of Southern California, Dresden, Purdue University, and Grid S000 as partner sites. This material is based upon
work supported in part by the NMational Science Foundation under Grant No. 0910812,
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