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Computa1onal	  and	  Data	  Science	  Workflows	  
-‐	  Programmable	  and	  Reproducible	  Scalability	  -‐	  

•  Access	  and	  query	  data	  
•  Scale	  computa1onal	  analysis	  
•  Increase	  reuse	  	  
•  Save	  1me,	  energy	  and	  money	  
•  Formalize	  and	  standardize	  

Real-‐Time	  Hazards	  Management	  
wifire.ucsd.edu	  

Data-‐Parallel	  Bioinforma1cs	  
bioKepler.org	  	  

Scalable	  Automated	  Molecular	  Dynamics	  and	  Drug	  Discovery	  
nbcr.ucsd.edu	  

kepler-‐project.org	   WorDS.sdsc.edu	  



Ptolemy II: A laboratory for 
investigating design 
 

KEPLER: A problem-solving 
environment for workflow 
management 
 
KEPLER = “Ptolemy II + X” for 
Scientific Workflows 

Kepler is a Scientific Workflow System

•  A cross-project collaboration
… initiated August 2003

•  2.5 about to be released

www.kepler-project.org 

•  Builds upon the open-source 
Ptolemy II framework



Kepler	  can	  be	  applied	  to	  problems	  in	  different	  
scien1fic	  disciplines:	  some	  here	  and	  many	  more…	  	  

Astrophysisc,	  e.g.,	  DIAPL	  
Noanotechnology,	  e.g.,	  ANELLI	  

Fusion,	  e.g.,	  ITER	  

Metagenomics,	  e.g.,	  CAMERA	  
MulJ-‐scale	  biology,	  
e.g.,	  NBCR	  



 
So,  

how can we use Kepler 
workflows in the 

context of big data 
applications?  

… while coupling all scales computing 
computing within a reusable solution…



Streaming	  Data	  is	  Changing	  Data	  Science	  

BIG	  DATA	   ON-‐DEMAND	  COMPUTE	  

Allows	  for	  data-‐enabled	  decision	  making	  at	  scale	  

Many	  current	  and	  future	  applica1ons	  with	  
dynamic	  and	  measurable	  impact!	  



Disaster	  Resilience,	  Response	  and	  Management	  
Photograph by Mark Thiessen 

Marke1ng	  and	  Recommender	  Systems	  

Evidence-‐Based	  Management	  

Smart	  Grid	  and	  Energy	  Management	  

Smart	  Ci1es,	  Urgent	  Compu1ng	  and	  Crowd	  Management	  

Smart	  Manufacturing	  
Computer-‐Aided	  Drug	  Discovery	  

Personalized	  Precision	  Medicine	  



BIG	  DATA	   ON-‐DEMAND	  COMPUTE	  

Allows	  for	  data-‐enabled	  decision	  making	  at	  scale,	  using	  sta1s1cs,	  
data	  mining,	  graph	  analy1cs,	  computa1onal	  models,	  etc.	  

APPLICATION-‐SPECIFIC	  KNOWLEDGE	  and	  QUESTIONS	  

?	  

Requires	  support	  for	  experimental	  work	  by	  a	  
mul1disciplinary	  group	  of	  experts	  and	  dynamic	  

scalability	  on	  many	  pla^orms!	  



Many	  ways	  to	  look	  
at	  the	  process…	  
not	  every	  step	  is	  
automatable!	  

Build	  

Explore	  	  

Scale	  

Report	  

Find	  data	  	  
Access	  data	  
Acquire	  data	  
Move	  data	  

Clean	  data	  
Integrate	  data	  
Subset	  data	  

Pre-‐process	  data	  

Analyze	  data	  
Process	  data	  

Interpret	  results	  
Summarize	  results	  
Visualize	  results	  

Post-‐process	  results	  

Computa1onal	  “Big”	  Data	  Science	  	  

ACCESS	   MANAGE	   ANALYZE	   REPORTxdhd	  

	  “Big”	  Data	  Engineering	  



The	  scalable	  Process	  should	  be	  Programmable!	  

People 

Purpose 
Process 

Platforms 

Programmability 
Reusable	  and	  reproducible	  
programming	  interfaces	  to	  
systems	  middleware,	  analy1cal	  
tools,	  and	  end	  user&repor1ng	  
environments.	  



Many	  challenges	  ahead,	  but	  there	  are	  
things	  we	  can	  do	  today	  to	  close	  the	  
loop	  on	  data	  science	  and	  systems!	  

•  We	  need	  to	  start	  thinking	  data	  science	  as	  a	  whole	  
process	  today!	  

•  Some	  R&D	  challenges:	  
– What	  is	  programmability	  of	  the	  process	  at	  the	  
boundary	  of	  data,	  compu1ng	  and	  analy1cal	  systems?	  

– How	  can	  we	  keep	  the	  process	  accountable,	  useful	  
and,	  to	  a	  large	  extent,	  automatable?	  

– How	  can	  we	  achieve	  the	  best	  performance	  through	  
the	  process?	  

– How	  can	  we	  report	  through	  the	  process?	  



Example	  Challenge:	  Programmability	  
of	  Distributed	  Data	  Parallel	  Execu1on	  

•  How	  to	  easily	  apply	  the	  Big	  
Data	  Paferns	  in	  a	  
workflow?	  

•  How	  to	  parallelize	  legacy	  
tools	  for	  Big	  Data?	  

•  How	  to	  pick	  pafern(s)	  each	  
specific	  task/tool?	  

•  How	  to	  run	  the	  same	  
process	  on	  top	  of	  different	  
Big	  Data	  engines,	  such	  as	  
Hadoop,	  Spark	  and	  
Stratosphere	  (Apache	  name:	  
Flink)?	  

12	  

Images	  from:	  
hfp://www.stratosphere.eu	  	  

12	  



Kepler	  Workflow	  for	  Bayesian	  Network	  
Learning	  Applica1on	  

13	  

(a) Top-level Workflow
(b) Network learner sub-workflow

(c) Sub-workflow for Map

(d) Sub-workflow for Reduce

Big	  Data	  actors	  and	  non	  Big	  Data	  actors	  work	  
seamlessly	  within	  a	  workflow	  through	  
hierarchical	  modeling	  	  



Kepler	  Workflow	  for	  a	  Bioinforma1cs	  
Applica1on	  (CloudBurst)	  

(a) Top-level Workflow

(b) Using MapReduce for CloudBurst
(d) Using MapCoGroup for CloudBurst

(c) Using MapMatch for CloudBurst

14	  



Execu1on	  Choices	  for	  CloudBurst	  
Applica1on	  

15	  



Engine	  Configura1on	  of	  DDP	  Director	  

Available Engines

16	  



Legacy	  Tool	  Paralleliza1on	  for	  Big	  Data	  

•  Black-‐box	  approach	  (we	  use	  this	  approach)	  
–  Run	  a	  tool	  directly	  
– Wrap	  the	  tool	  with	  Big	  Data	  techniques	  
–  Can	  quickly	  convert	  a	  tool	  into	  a	  parallelized	  one	  

•  White-‐box	  approach	  
–  Inves1gate	  the	  source	  code	  of	  a	  legacy	  tool	  and	  try	  
to	  re-‐implement	  it	  using	  Big	  Data	  techniques	  

–  Time-‐consuming	  
– Onen	  1ghtly-‐coupled	  with	  specific	  Big	  Data	  engine	  
–  Could	  find	  more	  parallel	  opportuni1es	  

17	  



Using Workflows and Cyberinfrastructure 
for Wildfire Resilience

- A Scalable Data-Driven Monitoring and Dynamic Prediction Approach -

wifire.ucsd.edu	  



What	  is	  lacking	  in	  disaster	  management	  today	  is…	  
	  

	  a	  dynamic	  system	  integra1on	  of	  real-‐1me	  sensor	  networks,	  
satellite	  imagery,	  near-‐real	  1me	  data	  management	  
tools,	  wildfire	  simula1on	  tools,	  and	  connec1vity	  to	  

emergency	  command	  centers	  	  
	  
.	  ….	  before,	  during	  and	  aner	  a	  firestorm.	  



Research	  Ques1ons	  

•  Make	  sensor	  data	  useful	  
– Large	  dimension	  to	  levels	  inges1ble	  by	  analy1cal	  
and	  visual	  pla^orms	  

•  Combine	  real-‐1me	  data	  with	  physical	  models	  
– Data-‐driven	  predic1ve	  and	  preven1ve	  capabili1es	  

•  Risk	  assessment,	  training	  and	  dissemina1on	  
using	  developed	  tools	  
– Both	  municipal	  and	  firefigh1ng	  



A	  Scalable	  Data-‐Driven	  Monitoring,	  Dynamic	  Predic1on	  and	  
Resilience	  Cyberinfrastructure	  for	  Wildfires	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  (WIFIRE)	  

Development	  of:	  
	  
“cyberinfrastructure”	  for	  
“analysis	  of	  large	  
dimensional	  
heterogeneous	  real-‐1me	  
sensed	  data”	  for	  fire	  
resilience	  before,	  during	  
and	  a,er	  a	  wildfire	  

wifire.ucsd.edu 



Big	  
Data	  	   Fire	  Modeling	  

Visualiza1on	  
Monitoring	  



Modeling	  
More	  accurate	  situa1onal	  awareness	  using	  data	  	  

-‐-‐	  Data	  to	  Modeling	  in	  WIFIRE	  -‐-‐	  

	  Real-‐Jme	  remote	  data	  –>	  Modeling,	  data	  assimila1on	  and	  dynamic	  
	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  wildfire	  behavior	  predic1on	  

	  
	  
	  
	  
	  



Purng	  it	  all	  together!	  	  
-‐-‐	  Wildfire	  Behavior	  Modeling	  and	  Data	  Assimila1on	  -‐-‐	  	  

•  Computa1onal	  costs	  for	  
exis1ng	  models	  too	  high	  for	  
real-‐1me	  analysis	  

•  a	  priori	  -‐>	  a	  posteriori	  	  
–  Parameter	  es1ma1on	  to	  
make	  adjustments	  to	  the	  
(input)	  parameters	  	  

–  State	  es1ma1on	  to	  adjust	  the	  
simulated	  fire	  front	  loca1on	  
with	  an	  a	  posteriori	  update/
measurement	  of	  the	  actual	  
fire	  front	  loca1on	  	  

Conceptual	  Data	  Assimila1on	  Workflow	  with	  	  
Predic1on	  and	  Update	  Steps	  using	  Sensor	  Data	  	  
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