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o PlEJehnrBElNIEBNIE) S SCIDAC
Community AStiepRysICS
Consortitm Paltnership, Incie
Awardee:.

o Accomplishments:

— New topological analysis technigues fo
studying relatienship between
parameters andl thelr effect.

— Joint publications with stakeholder.

e Science Impact:

— First-ever guantitative analysis large,
time-varying combustion simulation data
to study influence of turbulence on
Size/shape of combustion regions Iin
lean, premixed hydrogen flames.
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Uneerstaneineg comblUstieon ProCESSESHS
Imperant, el example; 1IN eRgine and PewWer
plant design.

Lean (fuel peor) flanes ane of Interest since

they reduce emissions.

As the amount of fuel decreases creating
stable flames becomes challenging.

One major influence on the combustion
process Is the amount of turbulence imposed
on the fuel air mixture




: 621, 540, and 427 time steps of
a 256x256x768 grid and 102, 82, and 91
time steps of a 512x512X1536 grid each
storing temperature and fuel consumption
rate 400GB compressed floating point
data.

— Analyze the cellular burning structures of
the flame front as defined by the local fuel
consumption rate.

— Track individual burning cells to
understand the temporal dynamics.

. Extensive parameter studies
are required to determine appropriate values
but the large number of time steps make
repeated analysis infeasible.
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o EXiractthetiameront asiiemperaitie ISesuifiace:
o Jiresholaisuiiace VERICES,




o EXiracttieNiameNront asiiemperaitie Isesuiface:
o INreshneld surace Vertices.
¢ (Collects areas and counts.
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Region Count vs. Time
Strong Turbulence
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None, Weak

trong Turbulence

none-fine:  t=[511,612]
none-coarse: t=[510,615]
weak-fine:  1=[431-512]
weak-coarse: t=[430-515]
strong-fine: t=[540,630]
strong-coarse:t=[540,630]
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Topological Segmentation Allows Quantifying Turbulence From the
Slope of Normalized Cumulative Distribution of Burning Cell Area
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o (SeiencerJoumalPapen itihuience Eecision
Cellular Burmime Strtcitres inrCean Premixed
Hyaregen Elames: J. Belli VI Day, V. Pascucel, P=ir
Bremer, G. Weher. InfCombustion: anadl Elame.
(Accepted), to appear).

— Note: Combustion and Elame Is the top jeurnaliin the field of
combustion (Impact factor 1.4).
(Book Chapter)Scientific Data Management
Challenges in High Performance Visual Data
Analysis. W. Bethel, H. Childs, V. Pascuccl, Prabhat,
A. Mascarhenas. In Scientific Data Management:
Challenges, Existing Technology, and Deployment
(to appear).
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o |0/ g0 from simulation’ data terthis X/ chart:
— 10s o K 6l CPU hoeurs pererming ieature detection,

tracking, and analy/sis.

— Many: person-month’s ofi effert conceving, Implementing
algorthms, running algonthms on simulation data.
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Accelerator

) Accornphsnm@m‘r

— r\lgor]"rhrr S ane OrOflllL[JOrl—flllrlllf/ /vv
e to oerrorm mzere

partlcles) I multi=TB S|mulat|on data.

o Science Impact:

— Replace serial process that took hours with
one that takes seconds.

— New capability: rapid data exploration and
analysis.

e Collaborators:
— SciDAC SDM Center (FastBit)
WWW. VaceleshitX (Accelerator scientists)
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Advantages:
» Can achieve electric fields thousands of ttmes stronger than in conventional accelerators =»
Can achieve high acceleration in very s_hm:cﬂghst_gnce.

References:
* C.G.R. Geddes, C. Toth, J. van Tilborg, E. Esarey, C. Schroeder, D. Bruhwiler, C. Nieter, J. Cary, and W. Leemans, “High-Quality
Electron Beams from a Laser Wakefield Accelerator using Plasma-Channel Guiding,” Nature, vol. 438, pp. 538-541, 2004

WwWWw.vacet.org




o Simulauen: VORPAL; ZiDrand 3D

o Particle daia:
— XV, Z (Iocation)) 0% Py, Pz (ImemeRtum)) 1d:

— NO: o panticles pertimestiep: ~ 0:4*105= 307108 (in’ 2D) and
=80710°6=200*10¢ (in' 3D)

o Jotalsize: ~1.5GB — >30GB (in 2D) and ~100GB'— >11iB' (in' 3D)
o Eield data:

o Electric, magnetic fields, RhoJ
Resolution: Typically ~0.02-0.03um longitudinally, and ~
0.1-0.2um transversely

o Total size: ~3.5GB - >70GB (in 2D) and ~200GB - >2TB (in
3D)
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s ANNRIERACENOIF SUNSEL SEIECUON:
s A mechamsm (O C I Olcl_/lﬂg Uitvaraie daiel

s Preplems with la:
s \/ISUall clutter
» O(n) complexity .

WWW.vacet.org



2D Scatter-plot ) Parallel Coordinates

2D Histogram




Histogram-based Parallel Coordinates
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Beam Refinement
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o [HEW 16 ERfiCIERNLN/ CONSHUICE 2 RISIOaEn 2
— Naive approeach: ©(n)
— Betller appreachi cheat” (Use: EFastiBit)

o How to efficiently’ do particle tracking?

— Naive approach: O(n?)
— Better approach: O(H*t) (use FastBit)
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Dataset:

3D dataset consisting of 30 timesteps

* ~90 million particles per timestep

» ~7GBper timestep (including ~2GB for the index)

» ~210GB total size

Unconditional Histograms:

FastBit-Regular ——
FasiBit-Adaptive —=—
Custom-Regular —=—

10000 100000

Number of Bins

le+06

Setup:

* Test performance with
Increasing bin counts: 32x32 to
2048x2048

Custom:
» Perform sequential scan

Serial Performance

Test platform:
» Workstation

* CPU: 2.2GHz AMD Opteron

¢ OS: SUSE Linux

Conditional Histograms:

FastBit-Regular ——
FastBit-Adaptive ——
Custom-Regular —=—

Time (s)
= —_— (3] ad F S i [=2 = | 0

10 100 1000 10000 100000 le+06

Number of Hits

le+07  le+08

Setup:

« Compute 1024x1024 histogram
with varying condition (px>...)

By increasing the threshold the
number of hits decreases
Custom:

» Perform sequential scan

Time (s)

* Memory: 4GB RAM

Particle Selection:

FasiBit
Custom

10

1

0.1
0.01
0.001

le-04

10 100 1000 10000 100000 le+06

Number of Hits

le+07 let+08

Setup:

» Perform ID query at a single
timestep and vary the size of the
search set S

Custom:

» Compare particle ID of each
data record to the search set

* Use efficient search algorithm
with O(log(S)) complexity
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Parallel Performance I: Histograms

_ [ " FastBitUncond. —
Dataset: 100000 Custom Uncond.

» 3D dataset consisting of 100 timesteps i FastBit Cond.
« ~177 million particles per timestep 10000 | Custom Cond.
» ~10 GB per timestep

« ~1TB total size 1000 |

r

Time (s)

Test platform: (as of July.2008) 100
* franklin.nersc.gov |
« 9,660 nodes, 19K cores Cray XT4 system 10
* Filesystem: Lustre Parallel Filesystem
» Each node consists of:

* CPU: 2.6 GHz, dual-core AMD Opteron

* Memory: 4GB

» OS: Compute Node Linux : FastBit Uncond. ———
Custom Uncond.

. I FastBit Cond. ——
Test setup: i Custom Cond. —*—

* Restrict operations to a single core of each node to _ Ideal ——
maximize I/O bandwidth available to each process
 Assign data subsets corresponding to individual
timesteps to individual nodes for processing

» Generate five 1024x1024 histograms for position
and momentum fields at each timestep

« Conditon: px>7*1010

* Levels of parallelism: 1, 2, 5, 10, 20, 50, 100 : i
10

Number of Nodes

10
Number of Nodes




Parallel Performance Il; Particle Trac}gi@

FastBit E
Custom

Test setup:

« Same as for histogram computation

» Track 500 particles (Condition: px>1011)
over 100 timesteps

Time (s)
=

Results:

» FastBit is able to track 500 particles Numberlfmo des
over 1.5TB of data in 0.15 seconds

FastBit

Custom
Performance of original IDL scripts: tdeal

» ~2.5 hours to track 250 particles in
small 5GB dataset

Number of Nodes




s APPIOACH

— |@deniy particlie Bunches that mave high
moementumrand spatial celerency.

— [EQK each bunechy, use a graph algerthm Lo tiack

PUNCH MoeveEmMent and evelutien acress timesteps.

— Separately, use “fuzzy clustering” to compute
probability a particle Is “beam” or “non-beam”.

— Compare fuzzy clustering and space/momentum
classification results. Where high agreement, have
beam particles.
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o SCOsHIechnicalPaper HIghERPerormance
Multwvamate Vistal Data Expleraton ior
Extremely. lCarge Data. O. Rubel; et al.

e 2008 International Conference en Machine

Learning: Automated Analysis for Detecting
Beams in Simulations. D. Ushizima, et al.




o New science resultsien multcisciphinan/
[eamwerking enra challenging daia
Understancding preklem:

— Such collakhorative effortsirequire a substantial

Investment of time — thanks te SCIDAC program!

o \Work spans:

— Data |/O;, data models, veneer data /O APIs
o Encapsulating complexity, scalability.

— Visualization algorithm architectures
— Computational topology
— Scalabllity, tuning, debugging.




o \/ACEIFmission: deliver preduciien-gualin/ vistal daie
alyaly/SIS SIWARIrastticiue:
— larget: difficulrseientiic datar inderstanding| prehlems

o \VACET asia CEI:

— [Delivering the goeeds.

— Helping SCIDAC as awhole: guantifiably enabling scientific
knowledge discovery.

Strong science community Support.

Business model addresses software lifecycle issues AND a
healthy science-driven research effort.




s InanksHeryeurtime:
» More infermation: WMV, VVACEL.Org




