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Motivation ïData/Compute Intensive 
Applications
ÅComputation and data intensive applications are 

increasingly prevalent

ÅThe data volumes are already in peta-scale 
ïHigh Energy Physics (HEP)
ÅLarge Hadron Collider (LHC) - Tens of Petabytes of data 

annually 

ïAstronomy
ÅLarge Synoptic Survey Telescope -Nightly rate of  20 Terabytes

ïInformation Retrieval
ÅGoogle, MSN, Yahoo, Wal-Mart etc..

ÅMany compute intensive applications and domains
ïHEP, Astronomy, chemistry, biology, and seismology etc..
ïClustering 
ÅKmeans, Deterministic Annealing, Pair-ǿƛǎŜ ŎƭǳǎǘŜǊƛƴƎ ŜǘŎΧ 

ïMulti Dimensional Scaling (MDS) for visualizing high 
dimensional data
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Motivation ïComposable Applications
Å How do we support these large scale applications?
ïEfficient parallel/concurrent algorithms and implementation techniques

Å Some key observations
ïMost of these applications are:

ÅA Single Program Multiple Data (SPMD) program
Å or a collection of SPMDs

ïExhibits the composableproperty
ÅProcessing can be split into small sub computations
ÅThe partial-results of these computations are merged after some 

post-processing
ÅLoosely synchronized (Can withstand communication latencies 

typically experienced over wide area networks)
ÅDistinct from the closely coupled parallel applications and totally 

decoupled applications

ïWith large volumes of data and higher computation 
requirements, even closely coupled parallel applications can 
withstand higher communication latencies?
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The Composable Class of Applications

Composable class can be implemented in high-level

programming models  such as MapReduce and Dryad
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Characteristics MPI MapReduce Dryad Workflow

Primary Focus Highly compute
intensive parallel 
applications

Parallel
applications with 
extremely large
I/O
requirements

DAGbased 
parallel 
applications 
(Database 
support)

Executing large 
scale data flow  
style applications

Deployment 
Model / Dynamic 
Flexibility

Clusterbased
Static Configuration

Cluster based
Dynamic 
configuration 

Clusterbased
Dynamic 
configuration 
Microsoft HPC

Multi-cluster  
(GRID)
Dynamic 
configuration

Synchronization 
Constraints

Microseconds Milliseconds-
Seconds

Milliseconds-
Seconds

Milliseconds-
Seconds

Data Access SharedFile Systems 
(NFS, GPFS)

Conceptof data/compute
Nodes, HDFS
Moving computation to data

Many file systems 
+ replications

ParallelTopologies Userdefined, 
constructed using 
messaging topologies

MapReduce 
model

DAGbased MostlyDAG 
based

Fault Tolerance 
+Monitoring
Support

FT-MPI
MPICH-V

Program level FT + Monitoring Task level and 
Programlevel 
FT + Monitoring

Motivation ïProgramming Models
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The Problem

1/27/2009 Jaliya Ekanayake 7

ÅThe MapReduce programming model could be applied 
to most composable applications but;

ÅCurrentMapReduce model and the runtimes focus 
ƻƴ ά{ƛƴƎƭŜ {ǘŜǇέ aŀǇwŜŘǳŎŜ ŎƻƳǇǳǘŀǘƛƻƴǎ ƻƴƭȅ

ÅIntermediate data is stored and accessed via file 
systems

ÅInefficient for the iterativecomputations to which 
the MapReduce technique could be applied

ÅNo performance model to compare with other high-
level or low-level parallel runtimes 

ÅNo performance model to compare the effect of 
virtualization for the above runtimes



Research Goals

Å Come up with an architecture and a prototype implementation of a new 
programming model by combining the MapReduce technique and the data 
streaming techniques and enhance it using the lessons learned from an in-
depth evaluation of the existing distributed parallel programming models 
such as MPI, MapReduce, and Dryad using real scientific applications

Å Derive a performance model for the above runtimes on various 
dimensions such as performance, scalability, fault-tolerance, dynamic 
flexibility, and effects of virtualization
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MapReduce
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άaŀǇwŜŘǳŎŜ ƛǎ ŀ ǇǊƻƎǊŀƳƳƛƴƎ ƳƻŘŜƭ ŀƴŘ ŀƴ ŀǎǎƻŎƛŀǘŜŘ ƛƳǇƭŜƳŜƴǘŀǘƛƻƴ 
for processing and generating large data sets. Users specify a map function 
that processes a key/value pair to generate a set of intermediate key/value 
pairs, and a reduce function that merges all intermediate values associated 
ǿƛǘƘ ǘƘŜ ǎŀƳŜ ƛƴǘŜǊƳŜŘƛŀǘŜ ƪŜȅΦέ

MapReduce:SimplifiedDataProcessingon LargeClusters 
Jeffrey Dean and Sanjay Ghemawat



MapReduce

Å The framework supports:
ï Splitting of data
ï Passing the output of map functions to reduce functions
ï Sorting the inputs to the reduce function based on the intermediate keys
ï Quality of services
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Hadoop Example: Word Count
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ÅTask Trackers 
Execute Map tasks

ÅOutput of map 
tasks are written 
to local files

ÅRetrieve map 
results via HTTP

ÅSort the outputs

ÅExecute reduce 
tasks

1

2

TTDN

1

TTDN

Data/Compute Nodes

2
M M

3

4

TTDN

3

TTDN

4
M M

RR

R

map(String key, String value):
// key: document name
// value: document contents

reduce(String key, Iterator values):
// key: a word
// values: a list of counts

E.g. Word Count 



CGL-MapReduce

Å A streaming based MapReduce runtime implemented in Java
Å All the communications(control/intermediate results) are routed via a content 

dissemination network
Å Intermediate results are directly transferred from the map tasks to the reduce 

tasks ςeliminates local files
Å MRDriver 
ï Maintains the state of the system
ï Controls the execution of map/reduce tasks

Å User Program is the composerof MapReduce computations
Å Support both single stepand iterative MapReduce computations
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CGL-MapReduce ïThe Flow of Execution
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map

reduce

combine

Terminate

Variable Data

Fixed Data

Iterative MapReduce

Initialization

Å Start the map/reduce workers

Å Configure both map/reduce 
tasks (for configurations/fixed 
data)

Map 

Å Execute map tasks passing 
<key, value> pairs

Reduce

Å Execute reduce tasks passing 
<key, List<values>>

Combine

Å Combine the outputs of all 
the reduce tasks

Termination

Å Terminate the map/reduce 
workers

CGL- MapReduce, the flow of execution
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