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Scientific Data Sets are Massive

Storage Requirements
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Supernova Explosion:
1-D simulation:   2GB
2-D simulation:   1TB
3-D simulation: 50TB

Biological Data Growth Trend Astrophysics Data per Run

Protein Structure Prediction

Genome Assembly per Genome

Classical Molecular Dynamics

First Principles Molecular Dynamics

Simulations of Biological Networks

Tera&Petabytes
Existing methods do not
scale in terms of time
and storage

Challenge: Develop effective & efficient
methods for mining scientific data sets

Distributed
Existing methods work on
single centralized dataset.
Data transfer is prohibitive

High-dimensional
Existing methods do not
scale up with the number of
dimensions

Dynamic
Existing methods work w/
static data. Changes lead  to
complete re-computation

Scientific Data Sets are Complex
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Knowledge

Information

Petabyte
Data

Ultimate Goal is Knowledge Extraction

High Performance Knowledge Extraction
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DNA
sequences

Genes

Cell function



Need to break the Algorithmic
Complexity Bottleneck

3 yrs.0.1 sec.10-2 sec.10GB

3 hrs10-3 sec.10-4 sec.100MB

1 sec.10-5 sec.10-6 sec.1MB

10-4sec.10-8 sec.10-8 sec.10KB

10-8 sec.10-10 sec.10-10sec.100B

n2nlog(n)n

Algorithm Complexity
Data size,

nAlgorithmic Complexity:
Calculate means O(n)

Calculate FFT O(n log(n))

Calculate SVD O(r • c)

Clustering algorithms O(n2)

For illustration chart assumes 10-12 sec.
calculation time per data point

 Perform data analysis in a distributed fashion
 with reasonable data transfer overheads

Strategy

ƒ Compute local analyses using distributed agents

ƒ Merge minimum info into a global analysis via peer-
to-peer agents’ collaboration & negotiation

Key idea

Benefits

ƒ NO need to centralize data

ƒ Linear scalability with data size
and with data dimensionality

RACHET: High Performance Framework
for Distributed Data Analysis

„

Data distribution is driven
by a science application

„

Software code is sent to
the data

„

One time communication

„

No assumptions on
hardware architecture

„

Provide an approximate
solution

„

Data distribution is driven
by algorithm performance

„

Data is partitioned by a
software code

„

Excessive data transfers

„

Hardware architecture-
centric

„

Aim for the “exact”
computation

Parallel Data Analysis

Distributed Centralized
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Background: Cluster Analysis
“

Given:
 A data set with N k-dimensional data items (might

be distributed across multiple data sites)

“

Task:

Determine a natural partitioning of the data set
into a number of clusters and noise

“

Application:

” Construction of Phylogenetic Trees in Biology

” File Storage Optimization in DB Management

” Documents Organization in Search Engines

” and….

Problem Description:



Background: Hierarchical Clustering
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Dendrogram

A B C D E
A 0.00 0.25 0.00 0.60 0.75
B 0.25 0.00 0.20 0.40 0.80
C 0.00 0.20 0.00 0.60 0.70
D 0.60 0.40 0.60 0.00 0.50
E 0.75 0.80 0.70 0.50 0.00
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Spanning Tree with
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Many Cluster Cases Considered

Distributed Cluster Analysis
Local

Dendrogram
Local

Dendrogram
Local

Dendrogram

Global Dendrogram

RACHET

RACHET
merges local dendograms
to determine global cluster

structure of the data

Key step is being able to 
bound the error of the distributed merge

Intelligent
agents

Distributed Cluster Analysis Performance:
linear in time, space and transmission
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RACHET

|S|<<N
 and k<<N

O(N
)

N data size 
S number of sites
k number of dimensions



RACHET Summary


