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Some Trends

A TheData Deluges clear trend from Commercial
(Amazon, transactions) , Community (Facebook, Searc
and Scientific applications

A Exascalénitiatives will continue drive to high end with a
simulation orientation

A Cloudsoffer from different points of view

I NISTOndemand service (elastic); Broadtwork access;
Resource pooling; Flexiblesourceallocation; Measured
service

I Economies of scale
T Powerful newsoftware models
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Cloud Issues for Genomics. Grid

-

Operating cosbf a largeshared (public) cloud ~20%at of traditional cluster
Gene sequencingcoRSONB F Ay 3 YdzOK FF adSNI K
Much biomedical computingoes not need low cost (microsecond)
synchronizationof HPC Cluster

I Amazon a factor of 6 less effective on HPC workloads than state of art HPC cluste

I 1.e.Clouds work for biomedical applications if we can make convenient and addres:
privacy and trust

Current research infrastructure likeeraGridpretty inconsistent with cloud ideas

Software as a Servidikely to be dominant usage model
i tFAR 08 AaONBRAU OFNR¢ GKSGKSNI O2YYSNJI
i dadl yRFNRE aAaSNBAOSa tA1S .[!{¢ LI} dza 3
Standardsneeded for many reasons and significant activity here including
IEEE/NIST effort

I Rich cloud platforms makes hard but infrastructure level standards like OGN (
Cloud Computingnterface) emerging
I We are still developing many new ideas (such as new ways of handling large data)
some standards premature
Communicatiornperformancec this issue will be solved if we bring computing to
data



Clouds and Grlds/HPC

A Synchronization/communication Performance
Grids > Clouds > HPC Systems

A Clouds appear to execute effectively Grid workloads but
are not easily used for closely coupled HPC application:

A Service Oriented Architectureandworkflow appear to
work similarly in both grids and clouds

A Assume for immediate future, science supported by a
mixture of

I Clouds

I Grids/High Throughput Systems (moving to clouds a
convenient)

i { dzZLISND2 YLIzi SNBR 6dat L 9Yy =

,*\ Future
W Gpid https://portal.futuregrid.org %M
¢ HPC



https://portal.futuregrid.org/

\\ Future

Clouds and Jobs W, Grid
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A Cloudsare a major industry thrust with a growing fraction of IT
expenditure that IDC estimates will grow$d4.2 billion direct
Investment in2013while 15% of IT investment in 20ill be
related to cloud systems with a 30% growth in pubéctor.

A Gartneralso rates cloud computing high on list of critical
SYSNJEI)\Y uSOKyzszIIéuB@ompu)’&lr@Kl {
6Cloud Web Platforngss NJ  @réaiRorntaonal(their highest
rating for impact) in the next-8 years.

A Correspondinglyhere Is and will continue to be major
opportunities fornew jobs in cloud computingith a recent
European study estimating there will Be4 million new cloud
computing jobs in Europe alone R015

A doud computingspans research and economy and so attractiy
component ofcurriculum® 2 NJ a 0dzZRSyda aaKI
2NJ 6d3INI RdzZF GAY3 YR @g2NJAy3
where most CS Masters students go to industry)



2 Aspects of Cloud Computing: .Fuéf.'ﬁ
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Infrastructure and Runtimes -
A Cloud infrastructureoutsourcing of servers, computing, data, file
space, utility computing, etc..

A Cloud runtimes or Platformools to do dataparallel (and other)
computations. Valid on Clouds and traditional clusters

I ApacheHadoop GoogleMlapReduce Microsoft DryadBigtable
Chubby and others

I MapReduce designed for information retrieval but is excellent
a wide range ofcience data analysis applications

I Can also do much traditional parallel computing for daiiaing
If extended to supportterative operations

I Data Parallel File systems in HDFS and Bigtable
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Guiding Principles
A Clouds may not be suitable for everything but they are suitable f
majority of data intensive applications
I Solving partial differential equations on 100,000 cores probably needs
classic MPI engines
A Cost effectiveness, elasticity and quality programming model will
drive use of clouds in many areas such as genomics

A Need to solve issues of
I Securityprivacytrust for sensitive data
i Howtostoredatx ¢ R O LJ N} f £ St FAE{S ae&ai:
classic HPC approach with shared file systems with Lustre etc.
A Programming model which is likely to bepReducebased
I Look at high level languages
I Compare with database$S¢iDB)
i adzad &dzLIL2 NI AGSNYGAZ2Y (2 R2 ANBL
I Need CloueHPC Cluster Interoperability
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Instruments

Map = (data parallel) computation reading and writing
data

Reduce = Collective/Consolidation phase e.g. forming
multiple global sums as in histogram

MPI or Iterative MapReduce
Map Reduce Map Reduce  Map pgrials

/Users
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000000
000000
000000
000000



Application Classification:
MapReduce and MPI

(d) Loosely
(a) Map Only (b) Classic MapReduce (c) Iterative MapReduce Synchronous
Iterations
Input
— Input £\
VU YLy K
map
map
bl X P
<« !

Output

reduce

reduce

\_’

v/

BLAST Analysis
Smith-Waterman
Distances

Parametric sweeps

High Energy Physics
(HEP) Histograms
Distributed search

Distributed sorting

Expectation maximization
clustering e.g. Kmeans
Linear Algebra

Multimensional Scaling

Many MPI scientific
applications such as
solving differential

equations and particle

PolarGrid Matlab data | Information retrieval Page Rank dynamics
analysis
. Domain of MapReduce and lIterative Extensions —* MPI
— ——

HPC
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ngh En nergy Physics Data Analysis I

An application analyzing data from Large Hadron Collider
(1TB but 100 Petabytes eventually)

2500 . . .
i ... Hadoop -~
. HEP Data (binary) - Oryadl 9 —5 A

2000 |
--------------------------------------- 3 s
ROOT in erpreted 0
functlon g POT
.......................................... E e
' Hslograms (Binay) 100 |
m
....................................................... g
Performs a merge

operatlon on h|stograms

combine() | Final merge operation

Amount of Data (Giga Bytes)
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CAP3 Sequence Assembly Performan
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= .~ MapReduceRoles4Azure Architecture Future
- ‘ fAzure BLOB Storage % ..I:;‘G d

Map Task Queue v Taok = -

> M- >> >> >> >> M, >> M, >> M, >\ input Data

3 N

' ] [ (] o[£

" ® ! ‘%VI 2 ®) 3 ® Map Workers
1 Map Task Meta—
I Data Table
]

Meta-Data on
intermediate
data products

i’l
\ Cllent AN
\ Command Line E Intermediate Reduce Task Int.
\ or Web Ul Reduce Task Data @ Data Transfer
Meta-Data Table 1 (through BLOB Table
storage)

.............. Reduce Workers
Reduce Task Queue ;'

PR DM D DR DR DR > | AzureBLOB Storage ]

AzureQueuesfor schedulingTablesto store metadata and monitoring dataBlobsfor
input/output/intermediate data storage.
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MapReduceRoIes4Azune Grid

’ %ée distributed, highly scalable and highly available cloud
services as the building blocks.
I Azure Queuedor task scheduling.
I Azure Blob storagéor input, output and intermediate data storage.
I Azure Tabledor meta-data storage and monitoring

A Utilize eventuallyconsistent , highatency cloud services
effectively to deliver performance comparable to traditional
MapReduce runtimes.

A Minimal management and maintenance overhead

A Supportsdynamically scaling up and down of the compute
resources

A MapReduce fault tolerance
A http://salsahpc.indiana.edu/mapreduceroles4azure/
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Twister v0.9

March 15, 2011

New Interfaces for Iterative MapReduce Programming
http://www.iterativemapreduce.drg

Group

Bingjing Zhang, YandRuan Tak-Lon Wu, Judy Qiu, Adam
Hughes, Geoffrey FoXApplying Twistertd Scientific
Applications, Proceedings of IEEEloudCom2010
Conference, Indianapolis, NovemberB8cember 3, 2010

Ister4Azure release
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K-Means Clustering i arid
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A Typical MapReduce runtimes incur extremely high overheads
I New maps/reducers/vertices in every iteration
i File system based communication

A Long running tasks and fasteommunication in Twister enables it to
perform close to MPI
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Twister ¢

@ Map Worker

t t ® Reduce Worker

MR User

Pub/Sub Broker Network

Streaming basedommunication

Intermediate results are directly
transferred from the map tasks to the

To o

Different synchronization and intercommunication
mechanisms used by the parallel runtimes

Driver = | Program E MRDeamon reduce taskg eliminates local files
A Cacheablenap/reduce tasks
I Data Read/Write AStatic data remains in memory
A Combinephase to combine reductions
: t Communication A User Program is theomposerof
Data Split o File System MapReduce computations
A Extendsthe MapReduce model to
iterative computations
A A A A A A A A A A A 4 A4 4
[ DiskHTTP | [ Pipes | [ Pub-SubBus | | MPI ] Static _ JEElE
2 4 4 & 2 2 4 & Conﬂgure()
data
[ DiskHTtP | [ Pipes | [PubSubBus | [ MmPI | ¢ User
F 9 F 3 h F Y F Y Program
Map(Key, Value)
| DiskHTTP | [ Pipes | [ Pub-SubBus | | MPI ]
A A A A A A A A
, _ 1 flow -
[ DiskHTTP | [ Pipes | [Pub-SubBus | [ wmPI | duce (Key, List<Value>)
Yahoo Hadoop Microsoft DRYAD MapReduce++ is MPlis long
uses short running uses short running long running running processes
processes processes processing with with Rendezvous ) .
communicating communicating via | | asynchronous for message Combine (Key, L|St<Value>)
via disk and pipes, disk or distributed exchange/
tracking shared memory Rendezvous synchronization
processes between cores synchronization

Close()



Performance of Pagerank using o Future

ClueWeb Data (Time for 20 iterations) ..':;‘G"’d

using 32 nodes (256 CPU cores) of Crevasse

1000 |

ol T I T T -

Total Running Time (Seconds)
(Log Scale)

: : _ TWister ----- A
1 Hadoop &
0.27 0.55 0.83 1.11 1.4

Number of URLs (Billions)
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High Level Flow Twister4Azure

-----------------------------
* .

. - Combine| :
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Map=Ccombine

: : Add o
: - d : i lteration? . Job Finish

: ' P Reducﬂ 0

Combine N

E w E e e reerenaaeaas s Yes

: Data Cache  :

Hybrid scheduling of the new iteration

Merge Step
In-Memory Caching of static data

Cache aware hybrid scheduling using Queues as well
asusing abulletin board (special table)
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Performance Comparisons

BLAST Sequence Search
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Smith Waterman
Sequence Alignment
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