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C Is 31 Years Young!
viding Cyberinfrastructure for Research and Educati

SAN DIEGO SUPERCOMPUTER CENTER at UC SAN [

ablished as a national
oercomputer resource center in 1985
NSF

vorld leader in HPC, data-intensive

mputing, and scientific data & : /
Inagement () / ///////)

rrent strategic focus on “Big Data”
d “HPC Cloud” : versatile computing

In pioneering efforts =

in drug design, Paul
Bash, et. al., using
SDSC supercomputers,

“' i
determine free energies
of solvation for proteins and nucleic acids, and
relative free energies for binding, published in

N DIEGO SUPERCOMPUTER CENTER at UC SAN DIEGO Science

With large-scale computer simulz
SDSC, researchers led by J. Andre
at UCSD show how one of the fas
in the world, acetylcholinesterase
results are published in the Proce
National Academy of Sciences.

Two discoveries in
1 design from 1987 an
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DSC continues to focus on versatile computing and big dat
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)SC Data Science Office

-- Expertise, Systems and Training DSO
for Data Science Applications --
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SDSC Expertise and Strengths

SDSC Data Science Office (DSO)

SDSC DSO is a collaborative virtual organization at SDSC for cc
lasting innovation in data science research, development and ed
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nputlng Today has Many Shapes and Si

. .\ Requires:
= ,; 3 | Data manageme
e Data-driven met

wramazon

' “ web services

Scalable tools fc
dynamic coordin

"OMPUTING AT ' AR and Staterl resc
BIG DATA optimization
SCALE  Skilled interdisci,
Y I workforce
nables dynamic data-driven applications — ‘.
| Computer-Aided Drug Discovery =~ Smart Cities Disaster Resilience and Response N ew e’: :
i data scie

. &> ]
A

anufacturing Personalized Precision Medicine Smart Grid and Energy Management
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Needs and Trends
- Scientific Computing under the Influence
Big Data and Cloud Systems

e More data-driven
w era of data e More dynamic
science!

e More process-driven
e More collaborative
e More accountable

e More reproducible
e More interactive

e More heterogeneous
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ta Management and Processing in the Big Data |
has Unique Challenges!

m E—) Scalable batch

processing

coity Tl siream processin

Extensible data store

W access and integrati
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2se challenges come with new tools to tackle the

Higher levels:

Expression and interactivity
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COORDINATION AND
low do we use WORKFLOW MANAGEMEN
1ese new tools

d combine them

with existing

solutions in
scientific

omputing and DATA MANAGEMENT
Jata science? AND STORAGE

DATA INTEGRATION
AND PROCESSING




ample Big Data Processing Pipelin

ta Processing Pipeline

Application
level code
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COORDINATION AND
RKFLOW MANAGEMENT

ACQUIRE PREPARE ANALYZE

e N REPORT

Kepler<s«

5 e
Q , ) Apache S
- Zookeeper :

http://kepler-project.org
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esearch Challenges

w to easily program a workflow using the Big Data Patterns?
w to parallelize legacy tools for Big Data?

ich pattern(s) to use under which Big Data engine to use, e.g., as Hadc
k or Spark?

I-to-end performance prediction for Big Data applications/workflows |

g to run)

(nowledge based: Analyze performance using profiling techniques and dependency analysis

Data driven: Predict performance based on execution history (provenance) using machine learning
echniques

demand resource provisioning and scheduling for Big Data applicatior

1ere and how to run)

-ind the best resource allocation based on execution objectives and performance predictions
-ind the best workflow and task configuration on the allocated resources

. SC SAN DIEGO
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ng Big Data Patterns in Kepler Workflc

define a separate DDP
tributed Data-Parallel) task/actor &

Query Read Dir

each pattern
se DDP actors partition input T

e alignmentDir
a a nd process each pa rtition eeeeeeeeeeeee referenceName famil
tRNAscan- SE.pl RNA parsepl | T
alignmentDir t(RNAT’abIe )
mas

arately
r-defined functions are described \

Visual programming

Parallel execution of tt
sub-workflows

Existing actors can eas
reused for new tools

|||||
rpsblast_pl_for_KOG

sssssss

clusterFile

(a) Top-level Workflow

ub-workflows of DDP actors

MapInput

P director: executes DDP D..... .

»

DDPDataSink

Z

rkflows on top of Big Data >
ines
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(b) Sub-workflow for tRNAscan-SE

SDF Director
Create Map outputs
{{key="" value=""}

(c) Sub-workflow



kflow is a combination of modules running in places and inter
with each other via data or message passing via a connection .

Individual Executable Individual Executable
ten defined as a part of module on a workflow -- -- Often defined as a part of module on a workflow --
+ > + -
Computational Resource Computational Resource .
)ften HPC, commodity or Cloud based systems -- -- Often HPC, commodity or Cloud based systems -- Individual Executabl
-- Often defined as a part of module on a
Module Module +
—>
Computational Resou
. . -- Often HPC, commodity or Cloud basec
Individual Executable Individual Executable
ften defined as a part of module on a workflow -- -- Often defined as a part of module on a workflow --
Module
+ > + _
Computational Resource Computational Resource
ften HPC, commodity or Cloud based systems -- -- Often HPC, commodity or Cloud based systems --
Module Module

kflow Performance == Composed Module Performance on an Infrastructure Ins.
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Raw rea
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RNAs maskec

Pre-process
filtering
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Protein
families

Protein family
Annotation

Further analysis and metagenome comparison and visu

Data size KB

CPU time MI HUE Qc s

Memory G

»)

Parallel No need No

» QC tRNA metagene A hmmer blast B

=  — = 4
I |\ ) >

4 metagene cd-hit

tRNA |

hmmer blast

Multi threading MPI

cd-hit , hmmer blast

@ s

Map Reduce



lization of Heterogeneous Resource Utilization using bioKe|

bowtie input

i e alignmentFile ”igge'l:{> $dataDir/12 filter.nr.clstr -~

o referencePrefi cd-hit—-dup_parse . @ e
1 NGS-ga-filter . . i i tputDj

- A . bowtie_parse cd-hit-dup . ; o tFi

. referencelnput . i i ; i

1 utl outputFile

“”“‘2 oupuls 1 I# $toolDir/data/human input2

bowtie

qu equenceFile
align ntFile
referencePrefi

referencelnput
mggerl* $toolDir/d ata/human

output2

Execution Platforms

National
Resources

Cloud
Resources

al Cluster Resources

> | s _! T
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more traditional HPC and HTC workloads to tf

Dynamic data-driven coordination
& resource optimization

Requires: ‘

)

Ability to explore and scale on
multiple platforms

Are workflows increasingly becoming the
dynamic operations research tool for scien
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nallenge: Make workflows more aware o
stributed system and application state!
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me steps to get there...

Analyze each task in a workflow as an individual
)ydule based on all past executions of that executable
K.

Model workflow performance as an aggregate of
2dictions of individual tasks to form prediction for
tire workflow.

Include system level analytics at the workflow level t
ke sure scheduling can use system level informatio
o0 account in a dynamic data-driven way.
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1. Profiling Framework P
T Workflow Composition (]

dystem Kepl
x ‘ ‘ i o e
ature Selection and Training -

3. Module Performance Predictio

©

<= — fa

Uses existing tools and
computing systems!

Computing is just one part | m
of big data workflows... |-

... hew methods needed! -

3-a: Module Prediction: Single Predictor
For Two Independent Software Tools

29;




Workflows for Data Scienc
Center of Excellence at SL

Data-Parallel Bioinforma
bioKepler.org

Focus on the
question,
not the
technology!

» Access and query data

» Support exploratory design
» Scale computational analysis
* Increase reuse

« Save time, energy and money

»al: Methodology and tool @j’jﬁand standardize
lopment to build automated NEL R

operational workflow-driven
jon architectures on big data
and HPC platforms.

SAN DIEGO Scalable Automated Molecular Dynamics and Drug Discovery |
) S SUPERCOMPUTER CENTER nbcrucsd.edu »anD

Note: Amber and Gaussian must be loaded on terminal before wor! kflow executes.




Examples: Use of Workflows as an Application Integ
Tool for “Big” Data and Computational Science

“zbioKi

Bioinformatics Scient

=

-

Kepler

Distributed Execution Patterns
¥ Map-Reduce # Master-Slave ¢ All-Pairs

[
S —
Experimental

/ Data o ? : (bioKepler
B «¢+Metrolnsight Saii

A
Archive ioinformatics Tools bioActors

Ground-based Sensors
SDG&E
HPWREN RAWS

Data Communication Layer

Mapping v * BLAST
_ Assembly + HMMER WE):::':utakgle
Compute Data Sources Clustering * & CO-HIT Lt ‘o L _clv|v '_89_ X
XSEDE N o 1(e) (% 1 1
EC2 Triton ) r‘ | :l :‘ :'Li. q
- (I AR g\ B ]
Workflow

Model Library

_ i Customize |~ O l 8]’0 xecution
Fme" Display Bioinformatician & Integrate
-

OptlPortal A
§ ] Engine
Training Portal W ‘ \\
i Deploy &
Federated Data Execute

Collection & Curation

Data
Ensembl

Compute adno:
on

Amaz Networ

EC2 Triton
Resource
Sun Grid
Engine

Transfer

CAMERA  Genbank

FutureGrid

(b) Access to WBDIH
Computing & Data Resources

NSF XSEDE

SAN DIEGO
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ACQUIRE PREPARE ANALYZE REPORT

COMMUNICATION AND FEEDBACK
COORDINATION AND
WORKFLOW MANAGEMENT

DATA INTEGRATION
AND PROCESSING

DATA MANAGEMENT
AND STORAGE
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Best Data-I
Syste

Towards an Integrated Cyberinfrastructure
i for Scalable Data-Driven Monitoring,
SHouR -+ Dynamic Prediction and Resilience of Wildfires

ILES O’'BRIEN rs’ ice
Awards

S G Best Appli

e e ‘ f_ N of Big Data

[
WIFIRE Hi

POLITICS ARTS NATION WORLD ECONC

y Altintas?, Jessica Block?, Raymond de Callafon3, Daniel Crawl?, Charles Cowart!, Amarnath Gupta!, Mai Ngu
Hans-Werner Braun?, Jurgen Schulze?, Michael Gollner?, Arnaud Trouve*and Larry Smarr?

1San Diego Supercomputer Center, University of California San Diego, U.S.A.
2Qualcomm Institute, University of California San Diego, U.S.A.
3Dept. of Mechanical and Aerospace Engineering, University of California San Diego, U.S.A.
4Fire Protection Engineering Dept., University of Maryland, U.S.A.

This work was supported mainly by NSF-1331615 under Cl, Information Technology Research and SEES Hazards programs, and in part by NSF-112661, NSF-1062565 and NSF- 0941692.

wifire.ucsd.edu
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WIFIRE: A Scalable Data-Driven Monitoring, Dynami
ediction and Resilience Cyberinfrastructure for Wild.

Monitoring
Visualization
Fire Modeling

Experimental
Data

Ground-based Sensors
SDG&E
HPWREN RAWS

Satellite Imagery

Data Communication Layer Archive

S
erver Compute

XSEDE
Geospatial

([ T
Data Ingestion ‘ rchival _
OO0 L OO EC2
Database
and Signal i State icti _— Model Library
Visualization OO0 OO0

Triton

Services

‘Government
Sector

Portal

Receivers Scientific

| Public




ybrid Data Processing Architecture

SPEED LAYER

- / - Stream processing
- Real-time data interfaces
N\ SERVING LAYER

\ - Querying

BATCH LAYER

- Batch processing on all data / K E s W N =
- Batch data collection generation X A TP 5~ I3

3 sources formally described

3 merged from multiple sources into a single, unified model
Measurements from weather stations and cameras

Fire perimeters, e.g., InciWeb , GeoMac, SANDAG

Model output, e.g., FARSITE, Firefly, etc.

ified REST interface to access data multiple formats
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‘Modeling Workflows in WIFIRE

-roMt:Rs
— —~—

D ~ ==,
o =

TREETS

> SeNnsors

Landscape data

-
' 4

Monitoring &
fire mapping

ther forecast
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Closing the Loop using Big Data

-- Wildfire Behavior Modeling and Data Assimilation --

() - e Computational costs for existin
l l models too high for real-time
Actual Wild Fire > a n a |ySiS

x(0) I I p(k) Prediction Step ° . . . .
u(k) v v y(k) a priori > apOSl'EI’IOI’I

Operational Wild (k) Fire front
Fire Model & ROS

e Parameter estimation to make
adjustments to the (input) param

a ()

() e State estimation to adjust the
Data Assimilation  §3 . . . .
simulated fire front location with
Update Step posteriori update/measurement
Conceptual Data Assimilation Workflow with actual fire front location

Prediction and Update Steps using Sensor Data

' SC SAN DIEGO UC SanD
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ummary: Three questions about converge
workflow applications! (out of many...)

vy exploratory Needs to run different Accountability an
an in the loop parts of the workflow on reporting needed
honents: changing distributed each step:
platforms:

What does
7 () WS B (2 Is workflow scheduling a provenance and
roducts of . closed control loop reproducibility r
Kploratory steps in problem? in dynamic
roduction mode? applications?
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Questions”?

WorDS Director: Ilkay Altintas, Ph.D.

' S SAN DIEGO
SUPERCOMPUTER CENTER




