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Some Trends 
ÅThe Data Deluge is clear trend from Commercial 

(Amazon, transactions) , Community (Facebook, Search) 
and Scientific applications 

ÅExascale initiatives will continue drive to high end with a 
simulation orientation 

ÅClouds offer from different points of view 

ïNIST: On-demand service (elastic); Broad network access; 
Resource pooling; Flexible resource allocation; Measured 
service 

ïEconomies of scale 

ïPowerful new software models 
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Why need cost effective  
Computing! 
(Note Public Clouds not allowed 
for human genomes) 
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Cloud Issues for Genomics  
Å Operating cost of a large shared (public) cloud ~20% that of traditional cluster 
Å Gene sequencing cost ŘŜŎǊŜŀǎƛƴƎ ƳǳŎƘ ŦŀǎǘŜǊ ǘƘŀƴ aƻƻǊŜΩǎ ƭŀǿ 
Å Much biomedical computing does not need low cost (microsecond) 

synchronization of HPC Cluster 
ï Amazon a  factor of 6 less effective on HPC workloads than state of art HPC cluster 
ï i.e. Clouds work for biomedical applications if we can make convenient and address 

privacy and trust 

Å Current research infrastructure like TeraGrid pretty inconsistent with cloud ideas 
Å Software as a Service likely to be dominant usage model 
ïtŀƛŘ ōȅ άŎǊŜŘƛǘ ŎŀǊŘέ ǿƘŜǘƘŜǊ ŎƻƳƳŜǊŎƛŀƭΣ ƎƻǾŜǊƴƳŜƴǘ ƻǊ ŀŎŀŘŜƳƛŎ 
ïάǎǘŀƴŘŀǊŘέ ǎŜǊǾƛŎŜǎ ƭƛƪŜ .[!{¢ Ǉƭǳǎ ǎŜǊǾƛŎŜǎ ǿƛǘƘ ȅƻǳǊ ǎƻŦǘǿŀǊŜ 

Å Standards needed for many reasons and significant activity here including 
IEEE/NIST effort 
ï Rich cloud platforms makes hard but infrastructure level standards like OCCI (Open 

Cloud Computing Interface) emerging 
ïWe are still developing many new ideas (such as new ways of handling large data) so 

some standards premature 

Å Communication performance ς this issue will be solved if we bring computing to 
data 



https://portal.futuregrid.org  

Clouds and Grids/HPC 
ÅSynchronization/communication Performance 

Grids > Clouds > HPC Systems 

ÅClouds appear to execute effectively Grid workloads but 
are not easily used for closely coupled HPC applications 

ÅService Oriented Architectures and workflow appear to 
work similarly in both grids and clouds 

ÅAssume for immediate future, science supported by a 
mixture of 

ïClouds 

ïGrids/High Throughput Systems (moving to clouds  as 
convenient) 

ï{ǳǇŜǊŎƻƳǇǳǘŜǊǎ όάatL 9ƴƎƛƴŜǎέύ ƎƻƛƴƎ ǘƻ ŜȄŀǎŎŀƭŜ 
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Clouds and Jobs 

ÅClouds are a major industry thrust with a growing fraction of IT 
expenditure that IDC estimates will grow to $44.2 billion direct 
investment in 2013 while 15% of IT investment in 2011 will be 
related to cloud systems with a 30% growth in public sector. 

ÅGartner also rates cloud computing high on list of critical 
ŜƳŜǊƎƛƴƎ ǘŜŎƘƴƻƭƻƎƛŜǎ ǿƛǘƘ ŦƻǊ ŜȄŀƳǇƭŜ άCloud Computingέ ŀƴŘ 
άCloud Web Platformsέ ǊŀǘŜŘ ŀǎ transformational (their highest 
rating for impact) in the next 2-5 years. 

ÅCorrespondingly there is and will continue to be major 
opportunities for new jobs in cloud computing with a recent 
European study estimating there will be 2.4 million new cloud 
computing jobs in Europe alone by 2015.  

ÅCloud computing spans research and economy and so attractive 
component of curriculum ŦƻǊ ǎǘǳŘŜƴǘǎ ǘƘŀǘ ƳƛȄ άƎƻƛƴƎ ƻƴ ǘƻ tƘ5έ 
ƻǊ άƎǊŀŘǳŀǘƛƴƎ ŀƴŘ ǿƻǊƪƛƴƎ ƛƴ ƛƴŘǳǎǘǊȅέ όŀǎ ŀǘ LƴŘƛŀƴŀ ¦ƴƛǾŜǊǎƛǘȅ 
where most CS Masters students go to industry) 



2 Aspects of Cloud Computing:  
Infrastructure and Runtimes 

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

ÅCloud runtimes or Platform: tools to do data-parallel (and other) 
computations. Valid on Clouds and traditional clusters 

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 iterative operations 

ïData Parallel File system as in HDFS and Bigtable 
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Guiding Principles 
ÅClouds may not be suitable for everything but they are suitable for 

majority of data intensive applications 
ïSolving partial differential equations on 100,000 cores probably needs 

classic MPI engines 

ÅCost effectiveness, elasticity and quality programming model will 
drive use of clouds in many areas such as genomics 

ÅNeed to solve issues of 
ïSecurity-privacy-trust for sensitive data 

ïHow to store data ς άŘŀǘŀ ǇŀǊŀƭƭŜƭ ŦƛƭŜ ǎȅǎǘŜƳǎέ όI5C{ύΣ hōƧŜŎǘ {ǘƻǊŜǎΣ ƻǊ 
classic HPC approach with shared file systems with Lustre etc. 

ÅProgramming model which is likely to be MapReduce based  
ïLook at high level languages 

ïCompare with databases (SciDB?) 

ïaǳǎǘ ǎǳǇǇƻǊǘ ƛǘŜǊŀǘƛƻƴ ǘƻ Řƻ άǊŜŀƭ ǇŀǊŀƭƭŜƭ ŎƻƳǇǳǘƛƴƎέ 

ïNeed Cloud-HPC Cluster Interoperability 
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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 

MPI or Iterative MapReduce 
Map        Reduce      Map       Reduce     Map    
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Application Classification:  
MapReduce and MPI 
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(a) Map Only 
(d) Loosely 

Synchronous (c) Iterative MapReduce (b) Classic MapReduce 

    

Input 

      

map 

    

    
    

reduce 

  

Input 

      

map 

    

    
    reduce 

Iterations 

Input 

  

Output 

    

map 

    
  

  

  

Pij 

BLAST Analysis 

Smith-Waterman 

Distances 

Parametric sweeps 

PolarGrid Matlab data 

analysis 

High Energy Physics 

(HEP) Histograms 

Distributed search 

Distributed sorting 

Information retrieval 

  

Many MPI scientific 

applications such as 

solving differential 

equations and particle 

dynamics 

  

Domain of MapReduce and Iterative Extensions MPI 

Expectation maximization 

clustering e.g. Kmeans 

Linear Algebra 

Multimensional Scaling 

Page Rank 
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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 Hadron Collider  

 (1TB but 100 Petabytes eventually) 
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CAP3 Sequence Assembly Performance 
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MapReduceRoles4Azure Architecture 

Azure Queues for scheduling, Tables to store meta-data and monitoring data, Blobs for 
input/output/intermediate data storage.  
 



MapReduceRoles4Azure 
ÅUse distributed, highly scalable and highly available  cloud 

services as the building blocks. 
ïAzure Queues for task scheduling. 

ïAzure Blob storage for input, output and intermediate data storage. 

ïAzure Tables for meta-data storage and monitoring 

ÅUtilize eventually-consistent , high-latency  cloud services 
effectively to deliver performance comparable to traditional 
MapReduce runtimes. 

ÅMinimal management and maintenance overhead 

ÅSupports dynamically scaling up and down of the compute 
resources. 

ÅMapReduce fault tolerance 

Åhttp://salsahpc.indiana.edu/mapreduceroles4azure/ 

http://salsahpc.indiana.edu/mapreduceroles4azure/


SWG Sequence Alignment Performance 

Smith-Waterman-GOTOH to calculate all-pairs dissimilarity 



Twister v0.9 
March 15, 2011 

New Interfaces for Iterative MapReduce Programming 

http://www.iterativemapreduce.org/ 
 

SALSA Group 
 

Bingjing Zhang, Yang Ruan, Tak-Lon Wu, Judy Qiu, Adam 

Hughes, Geoffrey Fox, Applying Twister to Scientific 

Applications, Proceedings of IEEE CloudCom 2010 

Conference, Indianapolis, November 30-December 3, 2010 
 
Twister4Azure released May 2011 

http://salsahpc.indiana.edu/twister4azure/ 

MapReduceRoles4Azure available for some time at 

http://salsahpc.indiana.edu/mapreduceroles4azure/  



Å Iteratively refining operation 

Å Typical MapReduce runtimes incur extremely high overheads 

ï New maps/reducers/vertices in every iteration  

ï File system based communication 

Å Long running tasks and faster communication in Twister enables it to 

perform close to MPI 

 

Time for 20 iterations 

K-Means Clustering 

map map 

reduce 

Compute the 
distance to each 
data point from 
each cluster center 
and assign points 
to cluster centers 

Compute new cluster 
centers 

Compute new cluster 
centers 

User program 



Twister 

Å Streaming based communication 
Å Intermediate results are directly 

transferred from the map tasks to the 
reduce tasks ς eliminates local files 

Å Cacheable map/reduce tasks 
ÅStatic data remains in memory 

Å Combine phase to combine reductions 
Å User Program is the composer of 

MapReduce computations 
Å Extends the MapReduce model to 

iterative computations 
 

 

Data Split 

D MR 
Driver 

User 
Program 

Pub/Sub Broker Network 

D 

File System 
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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 

 ɻflow 

Different synchronization and intercommunication 
mechanisms used by the parallel runtimes 



Performance of Pagerank using  

ClueWeb Data (Time for 20 iterations)  

using 32 nodes (256 CPU cores) of Crevasse 
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High Level Flow Twister4Azure 

Á Merge Step 

Á In-Memory Caching of static data 

Á Cache aware hybrid scheduling using Queues as well 
as using a bulletin board (special table)  

  
  

  Reduce 

  
  

  Reduce 

  
  

  

Merge 
Add 

Iteration? 
No 

  

  

  Map Combine 

  

  

  Map Combine 

  

  

  Map Combine 

Data Cache 
Yes 

Hybrid scheduling of the new iteration 

Job Start 

Job Finish 
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