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eScience:
Grids, Clouds and Parallel Computing

ÅWe analyze the different tradeoffs and goals of Grid, Cloud and 
parallel (cluster/supercomputer) computing. 

ÅThey tradeoff performance, fault tolerance, ease of use (elasticity), 
cost, interoperability.

Å Different application classes (characteristics) fit different 
architectures and we describe a hybrid model with Grids for data, 
traditional supercomputers for large scale simulations and clouds for 
broad based "capacity computing" including many data intensive 
problems. 

ÅWe discuss the impressive features of cloud computing platforms and 
compare MapReduce and MPI. 

ÅWe take most of our examples from the life science area.

ÅWe conclude with a description of FutureGrid -- a TeraGrid system for 
prototyping new middleware and applications. 



Talk Components

ÅImportant Trends

ÅClouds and Cloud Technologies

ÅData Intensive Science Applications

ïUse of Clouds

ÅSummary

ÅFutureGrid



Important Trends

ÅData Deluge in all fields of science
ÅMulticore implies parallel computing important again
ïPerformance from extra cores ςnot extra clock speed
ïGPU enhanced systems can give big power boost

ÅCloudsςnew commercially supported data center 
model replacing compute grids(and your general 
purpose computer center)
ÅLight weight clients: Sensors, Smartphones and tablets 

accessing and supported by backend services in cloud
ÅCommercial efforts movingmuch faster thanacademia 

in both innovation and deployment
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Data Centers Clouds & 
Economies of Scale I

wŀƴƎŜ ƛƴ ǎƛȊŜ ŦǊƻƳ άŜŘƎŜέ 
facilities to megascale.

Economies of scale
Approximate costs for a small size 

center (1K servers) and a larger, 
50K server center.

Each data center is 
11.5 times 

the size of a football field

Technology Cost in small-
sizedData 
Center

Cost in Large
Data Center

Ratio

Network $95 per Mbps/
month

$13 perMbps/
month

7.1

Storage $2.20 per GB/
month

$0.40 per GB/
month

5.7

Administration ~140 servers/
Administrator

>1000 Servers/
Administrator

7.1

2 Google warehouses of computers on 
the banks of the Columbia River, in 
The Dalles, Oregon
Such centers use 20MW-200MW 
(Future) each  with 150 watts per CPU
Save money from large size, 
positioning with cheap power and 
access with Internet
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Å .ǳƛƭŘǎ Ǝƛŀƴǘ Řŀǘŀ ŎŜƴǘŜǊǎ ǿƛǘƘ мллΣлллΩǎ ƻŦ ŎƻƳǇǳǘŜǊǎΤ
~ 200-1000 to a shipping container with Internet access

ÅάaƛŎǊƻǎƻŦǘ ǿƛƭƭ ŎǊŀƳ ōŜǘǿŜŜƴ мрл ŀƴŘ ннл ǎƘƛǇǇƛƴƎ ŎƻƴǘŀƛƴŜǊǎ ŦƛƭƭŜŘ 
with data center gear into a new 500,000 square foot Chicago 
facility. This move marks the most significant, public use of the 
shipping container systems popularized by the likes of Sun 
Microsystems and Rackable{ȅǎǘŜƳǎ ǘƻ ŘŀǘŜΦέ

Data Centers, Clouds 
& Economies of Scale II



X as a Service
Å SaaS: Softwareas a Serviceimply software capabilities 

(programs) have a service (messaging) interface
ïApplying systematically reduces system complexity to being linear in number of 

components

ïAccess via messaging rather than by installing in /usr/bin

Å IaaS: Infrastructureas a Serviceor HaaS: Hardwareas a Service ςget your 
computer time with a credit card and with a Web interface

Å PaaS: Platformas a Service is IaaSplus core software capabilities on which 
you build  SaaS

Å CyberinfrastructureisάwŜǎŜŀǊŎƘ ŀǎ ŀ {ŜǊǾƛŎŜέ

Other Services

Clients



Philosophy of 
Clouds and Grids

ÅCloudsare (by definition) commercially supported approach to 
large scale computing
ïSo we should expect Clouds to replace Compute Grids
ï/ǳǊǊŜƴǘ DǊƛŘ ǘŜŎƘƴƻƭƻƎȅ ƛƴǾƻƭǾŜǎ άƴƻƴ-ŎƻƳƳŜǊŎƛŀƭέ ǎƻŦǘǿŀǊŜ ǎƻƭǳǘƛƻƴǎ 

which are hard to evolve/sustain
ïMaybe Clouds ~4% IT expenditure 2008 growing to 14% in 2012 (IDC 

Estimate)

ÅPublic Clouds are broadly accessible resources like Amazon and 
Microsoft Azure ςpowerful but not easy to customize and 
perhaps data trust/privacy issues

ÅPrivate Clouds run similar software and mechanisms but on 
άȅƻǳǊ ƻǿƴ ŎƻƳǇǳǘŜǊǎέ όƴƻǘ ŎƭŜŀǊ ƛŦ ǎǘƛƭƭ ŜƭŀǎǘƛŎύ
ïPlatform features such as Queues, Tables, Databases currently limited

ÅServicesstill are correct architecture with either REST (Web 2.0) 
or Web  Services

ÅClusters arestill critical concept for MPI or Cloud software



Grids MPI and Clouds 
ÅGridsare useful for managing distributed systems
ïPioneered service model for Science
ïDeveloped importance of Workflow
ïPerformance issues ςcommunication latency ςintrinsic to distributed systems
ïCan never run large differential equation based simulations or datamining

Å Cloudscan execute any job class that was good for Grids plus
ïMore attractive due to platform plus elastic on-demand model
ïMapReduceeasier to use than MPI for appropriate parallel jobs
ïCurrently have performance limitations due to poor affinity (locality) for 

compute-compute (MPI) and Compute-data 
ï¢ƘŜǎŜ ƭƛƳƛǘŀǘƛƻƴǎ ŀǊŜ ƴƻǘ άƛƴŜǾƛǘŀōƭŜέ ŀƴŘ ǎƘƻǳƭŘ  ƎǊŀŘǳŀƭƭȅ ƛƳǇǊƻǾŜ ŀǎ ƛƴ Wǳƭȅ 

13 Amazon Cluster announcement
ïWill probably never be best for most sophisticated parallel differential equation 

based simulations 

Å Classic Supercomputers (MPI Engines) run communication demanding 
differential equation based simulations 
ïMapReduce and Clouds replaces MPI for other problems
ïMuch more data processed today by MapReduce than MPI (Industry 

Informational Retrieval ~50 Petabytesper day)



Cloud Computing: 
Infrastructure and Runtimes

ÅCloud infrastructure: outsourcing of servers, computing, data, file 
space, utility computing, etc.

ïHandled through Web services that control virtual machine 
lifecycles.

ÅCloud runtimes or Platform:tools (for using clouds) to do data-
parallel (and other) computations. 

ïApache Hadoop, Google MapReduce, Microsoft Dryad, Bigtable, 
Chubby and others 

ïMapReduce designed for information retrieval but is excellent for 
a wide range of science data analysis applications

ïCan also do much traditional parallel computing for data-mining 
if extended to support iterativeoperations

ïMapReduce not usually on Virtual Machines



Components of a Scientific Computing Platform

Authentication and Authorization: Providesinglesign in to both FutureGridand Commercial

Cloudslinkedby workflow

Workflow: Support workflows that link job components between FutureGrid and Commercial 

Clouds. Trident from Microsoft Research is initial candidate

Data Transport:Transport data between job components on FutureGrid and Commercial Clouds 

respecting custom storage patterns

Program Library: Store Images and other Program material (basic FutureGrid facility)

Blob: Basic storage concept similar to Azure Blob or Amazon S3

DPFS Data Parallel File System: Support of file systems like Google (MapReduce), HDFS (Hadoop) 

or Cosmos (dryad) with compute-data affinity optimized for data processing

Table: Support of Table Data structures modeled on  Apache Hbase/CouchDBor Amazon 

SimpleDB/Azure ¢ŀōƭŜΦ ¢ƘŜǊŜ ƛǎ ά.ƛƎέ ŀƴŘ ά[ƛǘǘƭŜέ ǘŀōƭŜǎ ςgenerally NOSQL

SQL: Relational Database

Queues: Publish Subscribe based queuing system

Worker Role: This concept is implicitly used in both Amazon and TeraGrid but was first 

introduced as a high level construct by Azure

MapReduce: Support MapReduce Programming model including Hadoop on Linux, Dryad on 

Windows HPCS and Twister on Windows and Linux

Software as a Service: This concept is shared between Clouds and Grids and can be supported 

without special attention

Web Role: This is used in Azure to describe important link to user and can be supported in  

FutureGrid with a Portal framework



MapReduce

ÅImplementations (Hadoop ςJava; Dryad ςWindows) 
support:
ïSplitting of data
ïPassing the output of map functions to reduce functions
ïSorting the inputs to the reduce function based on the 

intermediate keys
ïQuality of service

Map(Key, Value)  

Reduce(Key, List<Value>)  

Data Partitions

Reduce Outputs

A hash function maps 
the results of the map 
tasks to reduce tasks



aŀǇwŜŘǳŎŜ άCƛƭŜκ5ŀǘŀ wŜǇƻǎƛǘƻǊȅέ tŀǊŀƭƭŜƭƛǎƳ

Instruments

Disks Map1 Map2 Map3

Reduce

Communication

Map = (data parallel) computation reading 
and writing data
Reduce= Collective/Consolidation phase e.g. 
forming multiple global sums as in histogram

Portals
/Users

Iterative MapReduce
Map        Map Map Map

Reduce    Reduce Reduce



High Energy Physics Data Analysis

Input to a map task: <key, value>  
key = Some Id    value = HEP file Name

Output of a map task: <key, value>  
key = random # (0<= num<= max reduce tasks)

value = Histogram as binary data

Input to a reduce task: <key, List<value>>   
key = random # (0<= num<= max reduce tasks)

value = List of histogram as binary data

Output from a reduce task: value   
value = Histogram file

Combine outputs from reduce tasks to form the 
final histogram

An application analyzing data from Large HadronCollider
(1TB but 100 Petabyteseventually)



Reduce Phase of Particle Physics 
άCƛƴŘ ǘƘŜ IƛƎƎǎέ ǳǎƛƴƎ 5ǊȅŀŘ

Å /ƻƳōƛƴŜ IƛǎǘƻƎǊŀƳǎ ǇǊƻŘǳŎŜŘ ōȅ ǎŜǇŀǊŀǘŜ wƻƻǘ άaŀǇǎέ όƻŦ ŜǾŜƴǘ Řŀǘŀ 
to partial histograms) into a single Histogram delivered to Client

Higgs in Monte Carlo



Application Classes

1 Synchronous Lockstep Operation as in SIMD architectures SIMD

2 Loosely 
Synchronous

Iterative Compute-Communication stages with 
independent compute (map) operations for each CPU. 
Heart of most MPI jobs

MPP

3 Asynchronous Computer Chess; Combinatorial Search often supported 
by dynamic threads

MPP

4 Pleasingly Parallel Each component independent ςin 1988, Fox estimated 
at 20% of total  number of applications

Grids

5 Metaproblems Coarse grain (asynchronous) combinations of classes 1)-
4). The preserve of workflow.

Grids

6 MapReduce++ It describes file(database) to file(database) operations 
which has subcategories including.

1) Pleasingly Parallel Map Only
2) Map followed by reductions
3) LǘŜǊŀǘƛǾŜ άaŀǇ ŦƻƭƭƻǿŜŘ ōȅ ǊŜŘǳŎǘƛƻƴǎέ ς

Extension of Current Technologies that 
supports much linear algebra and datamining

Clouds

Hadoop/
Dryad

Twister

Old classification of Parallel software/hardware in terms of 
р όōŜŎƻƳƛƴƎ сύ ά!ǇǇƭƛŎŀǘƛƻƴ ŀǊŎƘƛǘŜŎǘǳǊŜέ {ǘǊǳŎǘǳǊŜǎ) 



Applications & Different Interconnection Patterns

Map Only Classic
MapReduce

Iterative Reductions 
MapReduce++

Loosely 
Synchronous

CAP3Analysis
Document conversion
(PDF -> HTML)
Brute force searches in 
cryptography
Parametric sweeps

High EnergyPhysics 
(HEP) Histograms
SWGgene alignment
Distributed search
Distributed sorting
Information retrieval

Expectation 
maximization algorithms
Clustering
Linear Algebra

Many MPI scientific 
applications utilizing
wide variety of 
communication 
constructs including 
local interactions

- CAP3Gene Assembly
- PolarGrid Matlabdata 
analysis

- Information Retrieval-
HEP DataAnalysis
- Calculation of Pairwise 
Distances for ALU 
Sequences

- Kmeans 
- Deterministic 
Annealing Clustering
- Multidimensional 
Scaling MDS 

- Solving Differential 
Equationsand 
- particle dynamics 
with short range forces

Input

Output

map

Input

map

reduce

Input

map

reduce

iterations

Pij

Domain of MapReduce and Iterative Extensions MPI



Fault Tolerance and MapReduce

ÅMPIŘƻŜǎ άƳŀǇǎέ ŦƻƭƭƻǿŜŘ ōȅ άŎƻƳƳǳƴƛŎŀǘƛƻƴέ ƛƴŎƭǳŘƛƴƎ 
άǊŜŘǳŎŜέ ōǳǘ ŘƻŜǎ ǘƘƛǎ ƛǘŜǊŀǘƛǾŜƭȅ

ÅThere must (for most communication patterns of interest) be a 
strict synchronization at end of each communication phase
ïThus if a process fails then everything grinds to a halt

ÅIn MapReduce, all Map processes and all reduce processes are 
independentand stateless and read and write to disks
ïAs 1 or 2 (reduce+map) iterations, no difficult synchronization issues

ÅThus failures can easily be recovered by rerunning process 
without other jobs hanging around waiting

ÅRe-examine MPI fault tolerance in light of MapReduce
ïTwister will interpolate between MPI and MapReduce



DNA Sequencing Pipeline

Illumina/Solexa Roche/454 Life Sciences     Applied Biosystems/SOLiD

Modern Commercial Gene Sequencers

Internet

Read 
Alignment

Visualization

Plotviz
Blocking 

Sequence

alignment

MDS

Dissimilarity

Matrix

N(N-1)/2 values

FASTA File

N Sequences

block

Pairings

Pairwise

clustering

MapReduce

MPI

ÅThis chart illustrate our research of a pipeline mode to provide services on demand (Software as a Service SaaS) 
ÅUser submit their jobs to the pipeline.  The components are services and so is the whole pipeline.



Alu and Metagenomics Workflow
All Pairs 

Å Data is a collection of N sequences. Need to calculate N2 dissimilarities 
(distances) between sequences.
ïThese cannot be thought of as vectors because there are missing 

characters
Å Step 1: Calculate N2 dissimilarities (distances) between sequences
Å Step 2: Find families by clustering (using much better methods than 

Kmeans). As no vectors, use vector free O(N2) methods
Å Step 3: Map to 3D for visualization using Multidimensional Scaling (MDS) ς

also O(N2)
Å Note N = 50,000 runs in 10 hours (the complete pipeline above) on 768 

cores
Å Need to address millions of sequences; develop new O(NlogN) algorithms
Å Currently using a mix of MapReduce (step 1) and MPI as steps 2,3 use 

classic matrix algorithms
Å Twister could do all steps as MDS, Clustering just need MPI 

Broadcast/Reduce



Alu Families
This visualizes results of Alu repeats from 
Chimpanzee and Human Genomes. 
Young families (green, yellow) are seen as 
tight clusters. This is projection of MDS 
dimension reduction to 3D of 35399 
repeats ςeach with about  400 base pairs



Metagenomics
This visualizes results of 
dimension reduction to 
3D of 30000 gene 
sequences from an 
environmental sample. 
The many different 
genes are classified by 
clustering algorithm and 
visualized by MDS 
dimension reduction



All-Pairs Using DryadLINQ

0

5000
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15000

20000

35339 50000

DryadLINQ

MPI

Calculate  Pairwise Distances (Smith Waterman Gotoh)

125 million distances
4 hours & 46 minutes

ÅCalculate pairwise distances for a collection of genes (used for clustering, MDS)

ÅFine grained tasks in MPI

ÅCoarse grained tasks in DryadLINQ

ÅPerformed on 768 cores (Tempest Cluster)

Moretti, C., Bui, H., Hollingsworth, K., Rich, B., Flynn, P., & Thain, D. (2009). All-Pairs: An Abstraction for Data Intensive Computing on 
Campus Grids. IEEE Transactions on Parallel and Distributed Systems, 21, 21-36.



Hadoop/Dryad Comparison
Inhomogeneous Data I
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Inhomogeneity of data does not have a significant effect when the sequence 
lengths are randomly distributed
Dryad with Windows HPCS compared to Hadoopwith Linux RHEL on Idataplex(32 nodes)



Hadoop/Dryad Comparison
Inhomogeneous Data II
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This shows the natural load balancing of Hadoop MR dynamic task assignment 
using a global pipe line in contrast to the  DryadLinqstatic assignment
Dryad with Windows HPCS compared to Hadoopwith Linux RHEL on Idataplex(32 nodes)



Hadoop VM Performance Degradation

15.3% Degradation at largest data set size

10000 20000 30000 40000 50000

0%

5%

10%

15%

20%

25%

30%

No. of Sequences

Perf. Degradation On VM (Hadoop)



Applications using Dryad & DryadLINQ

ÅPerform using DryadLINQ and Apache Hadoop implementations

Å{ƛƴƎƭŜ ά{ŜƭŜŎǘέ ƻǇŜǊŀǘƛƻƴ ƛƴ 5ǊȅŀŘ[Lbv

ÅάaŀǇ ƻƴƭȅέ ƻǇŜǊŀǘƛƻƴ ƛƴ IŀŘƻƻǇ

CAP3- Expressed Sequence Tag assembly  to re-
construct full-length mRNA

Input files (FASTA)

Output files

CAP3 CAP3 CAP3
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Time to process 1280 files each with 
~375 sequences

Hadoop

DryadLINQ

X. Huang, A. MadanΣ ά/!tоΥ ! 5b! {ŜǉǳŜƴŎŜ !ǎǎŜƳōƭȅ tǊƻƎǊŀƳΣέ DŜƴƻƳŜ wŜǎŜŀǊŎƘΣ ǾƻƭΦ фΣ ƴƻΦ фΣ ǇǇΦ усу-877, 1999.



Twister

Å Streaming based communication
Å Intermediate results are directly 

transferred from the map tasks to the 
reduce tasks ςeliminates local files

Å Cacheablemap/reduce tasks
ÅStatic data remains in memory

Å Combine phase to combine reductions
Å User Program is the composerof 

MapReduce computations
Å Extendsthe MapReduce model to 

iterative computations

Data Split

D MR
Driver

User
Program

Pub/Sub Broker Network

D

File System

M

R

M

R

M

R

M

R

Worker Nodes

M

R

D

Map Worker

Reduce Worker

MRDeamon

Data Read/Write

Communication

Reduce (Key, List<Value>) 

Iterate

Map(Key, Value)  

Combine (Key, List<Value>)

User 
Program

Close()

Configure()
Static
data

fɻlow

Different synchronization and intercommunication 
mechanisms used by the parallel runtimes



Iterative and non-Iterative 
Computations

K-means

Performance of K-Means

Smith Waterman is a non iterative 
case and of course runs fine



Matrix Multiplication 
64 cores

Square blocks       Twister
Row/Col decompTwister
Square blocks   OpenMPI



Overhead OpenMPIv Twister
negative overhead due to cache

http://futuregrid.org 32



Performance of Pagerank using 

ClueWeb Data (Time for 20 iterations)

using 32 nodes (256 CPU cores) of Crevasse



TwisterMPIReduce

ÅRuntime package supporting subset of MPI 
mapped to Twister

ÅSet-up, Barrier, Broadcast, Reduce

TwisterMPIReduce

PairwiseClustering
MPI

Multi Dimensional 
Scaling MPI

Generative
Topographic Mapping 

MPI
hǘƘŜǊ Χ

Azure Twister (C# C++) Java Twister

Microsoft Azure
FutureGrid Local 

Cluster
Amazon 
EC2


