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WHAT IS DATA ANALYTICS AT EXASCALE?

• Scales to 200K cores?
• Processes PBs data in a reasonable time?

A  i l i  d  d   d  b  d  • As simulation proceeds, reduces PBs data by orders 
of magnitude but ensures information quality?

• In situ extracts features so that post-processing 
analysis could be performed in O(N) vs. O(N^2)?

• Transforms a complex problem into a form that 
makes many analysis techniques practical?

• …
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PROVIDES DATA‐DRIVEN UNDERSTANDING OF
GRAND‐CHALLENGE SCI. APPLICATION PROBLEMS

PHYSICS‐BASED MODELS ARE ESSENTIAL BUT NOT ADEQUATE

Disagreement between IPCC models• Models make relatively reliable predictions 
at global scale for ancillary variables:
– Sea Surface Temperature (SST)

/h idi fil l d

Regional hydrology (“P–E” changes in 
2030s) exhibits large variations among 

major IPCC model projections 

– Temperature/humidity profiles over land
– Wind speed at different heights

• They provide least reliable predictions for 
variables that are crucial for impact 
assessment:
– Regional precipitation and extremes
– Hurricane intensity and frequency

Droughts and floods

February 23, 2011 Nagiza F. Samatova 4

“The sad truth of climate science is that the most crucial information is the least reliable”  (Nature, 2010)
– Droughts and floods

We need a systematic approach to hybrid data-driven + physics-based inference.

Hypothesis-driven “manual” conceptual models try to address this gap:
• Hurricane models (Emanuel et al, BAMS, 2008)
• Regional-scale precipitation extremes (O’Gorman & Schneider, PNAS, 2008; 

Sugiyama et al, PNAS, 2010)
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FAMILY = DOMAIN SCIENTISTS + CS RESEARCHERS

Hurricane activity is the climate system’s response initiated
by a liquid‐vapor phase transition associated with non‐linearly 
coupled fluctuations in the ocean and the atmosphere.

Multi-Phase Physical System

coupled fluctuations in the ocean and the atmosphere.

Single-phase
Compromised

Regression

• Gibbs free energy (1876)
• Landau’s theory of phase transitions (1936)

END‐TO‐END DATA ANALYTICS SOFTWARE STACK IS COMPLEX:
GENERIC (ALL APPLICATIONS) PERSPECTIVE

Domain Application Layer

Biology Climate Fusion CDAT
Exemplars

Middleware Layer

Interface Layer

Dashboard Web 
Service

Workflow

Automatic 
Parallelization

Scheduling Plug‐in
pR, VisIt

Kepler, VisIt, 
SciRun, FIESTA

Analytics Core Library Layer

Parallel Distributed Streamline

Data Movement, Storage, Access Layer

Data Mover 
Light

IndexingParallel 
I/O

RScaLAPACK,
NW‐Minebench

FastBit, ADIOS 
pnetCDF, HDF5

Focus of 
my talk
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THE LESSON LEARNED FROM LINEAR ALGEBRA

“Dwarfs:” 
Sparse  Dense  etc

• ScaLAPACK
• PETSc

t

Pre-conditioner Solver

Sparse, Dense, etc. • etc
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“…conditions a given problem 
into a form that is more suitable 
for numerical solution.”

highly “optimized” 
computational kernel

SOFTWARE FOR DATA ANALYTICS IS MORE AD HOC

• Should we adopt this approach from Linear Algebra 
to Data Analytics at extreme scale? If so, then

What are the “Dwarfs” for data analytics?– What are the Dwarfs  for data analytics?
– What about the “Preconditioners?”
– What are the “Computational kernels?”

• Do we/should we have a ScaLAPACK-like library for 
Exascale Data Analytics?
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THE LESSON LEARNED FROM LINEAR ALGEBRA

“Dwarfs:” 
Sparse  Dense  etc

• ScaLAPACK
• PETSc
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Pre-conditioner Solver

Sparse, Dense, etc. • etc
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“…conditions a given problem 
into a form that is more suitable 
for numerical solution.”

highly “optimized” 
computational kernel

“COMPUTATIONAL KERNELS” CONCEPT IS PROMISING

Top 3 Kernels (%)

The frequency of kernel operations in 
illustrative data mining algorithms and applications.

Application Top 3 Kernels (%) Sum %Kernel 1 (%) Kernel 2 (%) Kernel 3 (%)
K‐means Distance (68) Center (21) minDist (10) 99
Fuzzy K‐means Center (58) Distance (39) fuzzySum (1) 98
BIRCH Distance (54) Variance (22) redist.(10) 86
HOP Density (39) Search (30) Gather (23) 92
Naïve Bayesian probCal (49) Variance (38) dataRead (10) 97
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ScalParC Classify (37) giniCalc (36) Compare (24) 97
Apriori Subset (58) dataRead (14) Increment (8) 80
Eclat Intersect (39) addClass (23) invertC (10) 72
SVMlight quotMatrix(57) quadGrad (38) quotUpdate(2) 97

Alok Choudhary, NWU, NU‐Minebench
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IF WE ARE LUCKY…

• and Jack Dongara did most of the work for us:
– Some data analysis routines call linear algebra functions

In R  they are built on top of LAPACK library– In R, they are built on top of LAPACK library

• RScaLAPACK is an R wrapper library to ScaLAPACK

library (RScaLAPACK)

Using RScaLAPACK: Using R:

A = matrix(rnorm(256),16,16)
b = as.vector(rnorm(16))
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library (RScaLAPACK)
sla.solve (A,b)
sla.svd (A)
sla.prcomp (A)

solve (A,b)
La.svd (A)
prcomp (A)

WHAT IF WE ARE NOT THAT LUCKY?

KERNEL “OPTIMIZATION METRICS’’ GET COMPLEX

• Depend on target data processing regimes
– In-situ, In-staging, Post processing, Out-of-core, Multi-resolution
– Data streams, Distributed Data streams, Distributed 

• Depend on target performance criteria
– Strong/Weak Scalability, Memory & Data Movement Requirements
– Energy Efficiency, Resiliency, Concurrency, Fault Tolerance
– Numerical stability, Parameter-free

• Depend on target layer in SW stack
– Simulation Code, Parallel I/O Library, Active Storage
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– VisIt, Parallel R, Matlab, Python, stand-alone
• Depend on target HW architecture 

– Hybrid multi-node, multi-core HPC architectures comprised of a mix 
of GPUs, FPGA, and SSDs

– Clouds
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– VisIt, Parallel R, Matlab, Python, stand-alone
• Depend on target HW architecture 

– Hybrid multi-node, multi-core HPC architectures comprised of 
a mix of GPUs, FPGA, and SSDs

– Clouds

Using memory tiling for K-means

PERFORMANCE IMPROVEMENTS ON GPUS OVER CPUS

K-means (left) and Principal component analysis (right)

Alok Choudhary, NWU, NU‐Minebench
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PREVIOUS SUCCESSES (AND FAILURES) ON GPU

V. W. Lee, C. Kim et al. Debunking the 100X GPU vs. CPU myth: An evaluation
of throughput computing on CPU and GPU. Int'l Symposium on Computer
Architecture, pages 451-460, 2010

COMPUTATIONAL MOTIFS

● Dense Linear Algebra

● Sparse Linear Algebra

● Combinational Logic

● Graph Traversalp g b

● Spectral Methods

● N-Body Methods

● Structured Grids

● Unstructured Grids

MapReduce

p

● Dynamic Programming

● Backtrack and Branch-and-Bound

● Graphical Models

● Finite State Machines

● MapReduce

J. D. Owens. What's New with the GPU? GPUs for Scientific Computing
and Visualization. Presented at SciDAC 2010

Accelerated Weakly-Accelerated Hard-to-Accelerate
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BACKTRACKING UBIQUITY IN DATA MINING

● Game-playing

● Constraint Satisfaction

● Frequent Itemset Mining

● k-d Tree Construction, Traversal

● Graph coloring/partitioning

CHALLENGES: BACKTRACKING ↔ GPU CHARACTERISTICS
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BACKTRACKING: 1.4‐‐2.25 TIMES A SINGLE CPU CORE

● Dense Linear Algebra

● Sparse Linear Algebra

● Combinational Logic

● Graph Traversal● Sparse Linear Algebra

● Spectral Methods

● N-Body Methods

● Structured Grids

● Unstructured Grids

M R d

● Graph Traversal

● Dynamic Programming

● Backtrack and Branch-
and-Bound

● Graphical Models

● Finite State Machines
● MapReduce

Accelerated Weakly-Accelerated Hard-to-Accelerate

KERNEL “OPTIMIZATION METRICS’’ GET COMPLEX

• Depend on target data processing regimes
– In situ, In-staging, Post processing, Out-of-core, Multi-resolution
– Data streams, Distributed Data streams, Distributed 

• Depend on target performance criteria
– Strong/Weak Scalability, Memory & Data Movem’t Requirements
– Energy Efficiency, Resiliency, Concurrency, Fault Tolerance
– Numerical stability, Parameter-free

• Depend on target layer in SW stack
– Simulation Code, Parallel I/O Library (ADIOS), Active Storage
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– VisIt, Parallel R, Matlab, Python, stand-alone
• Depend on target HW architecture 

– Hybrid multi-node, multi-core HPC architectures comprised 
of a mix of GPUs, FPGA, and SSDs

– Clouds
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1. σ2 = E(X – E(X))2

Numerically stable, but X – E(X) requires communication

IN‐SITU COMMUNICATION‐FREE, NUMERICALLY STABLE VARIANCE

2. σ2 = E(X)2 – E(X 2):
Communication-free, but numerically unstable

3.

Communication-free and numerically stable

X XX XXX XX XX

σ4σ3σ2σ1
2 2

1

[ ]
P

i i
i

E kσ σ2

=

⎡ ⎤= +⎣ ⎦∑ P = 4 PGs

0

Each Processor Group i saves local variance σi
2 and local mean mi, where 

global mean G = Li + ki.
E(X – G)2 = E(X – (Li + ki))2

= E[(X – Li)2] + E[ki
2] – 2 * ki * E[X – Li]

E[(X – Li)2] , numerically stable + communication-free, calculated at 
write time; E[ki

2]  is calculated at read time.

X9 X10X7 X8X6X4 X5X2 X3X1

THE LESSON LEARNED FROM LINEAR ALGEBRA

“Dwarfs:” 
Sparse  Dense  etc

• ScaLAPACK
• PETSc

t

Pre-conditioner Solver

Sparse, Dense, etc. • etc
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“…conditions a given problem 
into a form that is more suitable 
for numerical solution.”

highly “optimized” 
computational kernel
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“PRECONDITIONERS” FOR DATA ANALYTICS

• How to define a “preconditioner” for data analytics?
Solve a Problem Phard

Directly Indirectly (via “Preconditioner”): 
Reduce a Hard Problem Phard to a “Better” Problem Pbetter

→ →Preconditionerhard betterP P

23

• Increased throughput
• Faster time-to-solution
•More accurate solution
•Higher data compression rate
• Approximate but real-time solution

“Better” in terms of:

INDEXING AS A PRECONDITIONER FOR INDEX‐BASED ANALYTICS

INDEX-BASED ANALYSIS IN VISIT
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CHALLENGES FOR INDEX‐BASED ANALYTICS

Multiple Variables over 
Different Spatial Resolution

Index over 
Common Spatial Resolution

Query

Regions Quantized Raw Data
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DataVery Fast
Which analyses 

are robust to 
quantization?

I/O-bound

Specific Analysis
(e.g., histogram)

0.3—1.5X
of Data

THINGS GET WORSE AS INDEXING DERIVED OBJECTS

Raw Data

C d/T f dFeatures Extracted Compressed/Transformed
Data (Multi-Res.)

Different 
Interpolations/Extrapolations
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• Deborah Silver, Rutgers 
• Valerio Pascucci, U. Utah
• Chandrika Kamath, LLNL

Processed by Different 
Analyses and Parameters
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IN SITU PRECONDITIONERS FOR
SCIENTIFIC DATA COMPRESSION

• Myth: “Scientific data is almost uncompressible.”

GTS Fusion Simulation Data (Stephane, PPPL)

C&R Data Analysis Data V&V Data
• Small
• Every 2nd time step

• ~2TB per run (now)
• Every 10th time step
• Cannot afford storing all b/s of
• Analysis routines and I/O reads

M l b l i  i  

• ~2TB per C&R
• Every 1 hour
• Two copies
• Keep the last copy
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•Matlab analysis routines 

Expected: 10-fold increase by 2012-2014
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EFFECT OF PRECONDITIONER ON WAVELET COMPRESSION

(A)
Original Data Decompressed Original 

(B)

(C)

Decompressed with 
Pre-conditioner 

( )
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ANALYSIS DATA COMPRESSION W/ ISABELA

• Analysis data is stored every N-th time step:
– Lossy data reduction

Data is almost random hard/impossible to compress; <10% lossless– Data is almost random—hard/impossible to compress; <10% lossless
– N is somewhat ad hoc (N=10 for GTS, N=100 for Supernova)

• ISABELA:
– Reduces the data by more than 75% 
– Guarantees user-specified error-bounds

• Per point error (e.g., <1%)
• Overall correlation (>0 99*) & NRMSE (<0 01*)• Overall correlation (>0.99 ) & NRMSE (<0.01 )
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EFFECT OF PRECONDITIONER ON
UNDERDETRMINED CLASSIFICATION PROBLEM (BENCH)

• Accuracy increase by 13%-16%
• Across different classifiers
• On data with <100 samples 
>d=4,000-7,000 dimensions—

Bayesian Belief Network (BBN)

>d=4,000 7,000 dimensions
underdetermined problems

• Training time reduced from 
1453 sec. (single BBN) to 25 
sec. (BENCH)

•When applied to seasonal 
hurricane prediction (d>35K), 
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correlation with observed 
improved: 0.64 0.92-0.96
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SUMMARY

• Exascale Analytics = Data-Driven Understanding of 
Grand Challenge Science Application Problems

• Co-design solutions with application scientists

• End-to-end data analytics at scale requires different 
technologies spanning all layers of SW stack

• “Optimized” analytical kernels must be customized for 
different performance metrics and constraintsdifferent performance metrics and constraints

• Preconditioners for data analytics are in very promising 
but in their infancy 

February 23, 2011 Nagiza F. Samatova 33


