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• Students	  interchange	  
•  Jonas	  Dias	  (PhD,	  2013,	  supervised:	  M	  Ma=oso	  &	  P	  Valduriez)	  
•  Vitor	  Silva	  (MSc,	  2014,	  internship	  at	  INRIA	  Oct-‐Dec	  2013)	  
•  Ji	  Liu	  (PhD	  ongoing,	  supervision:	  Ma=oso,	  PaciK,	  Valduriez)	  

•  Joint	  papers	  
•  J.	  Liu,	  V.	  Silva,	  E.	  PaciK,	  P.	  Valduriez,	  M.	  Ma=oso,	  “ScienOfic	  Workflow	  ParOOoning	  in	  MulOsite	  Cloud”.	  

In:	  3rd	  Workshop	  on	  Big	  Data	  Management	  in	  Clouds,	  Proc.	  of	  the	  Europar	  2014	  
•  J.	  Dias,	  E.	  S.	  Ogasawara,	  D.	  de	  Oliveira,	  F.	  Porto,	  P.	  Valduriez,	  and	  M.	  Ma=oso.	  Algebraic	  Dataflows	  for	  	  

Big	  Data	  Analysis.	  IEEE	  Bigdata	  Conference	  2013	  	  
•  E.	  S.	  Ogasawara,	  J.	  Dias,	  V.	  Silva,	  F.	  S.	  ChirigaO,	  D.	  de	  Oliveira,	  F.	  Porto,	  P.	  Valduriez,	  and	  M.	  Ma=oso.	  

Chiron:	  a	  parallel	  engine	  for	  algebraic	  scienOfic	  workflows.	  Concurrency	  and	  Computa/on:	  Prac'ce	  and	  
Experience,	  25(16):2327–2341,	  2013.	  	  

•  ChirigaO,	  F	  S	  ;	  Sousa,	  V.	  ;	  Ogasawara,	  E.	  ;	  Oliveira,	  D.	  ;	  Dias,	  J.	  ;	  Porto,	  F.	  ;	  Valduriez,	  P.	  ;	  Ma=oso,	  Marta	  .	  
EvaluaOng	  Parameter	  Sweep	  Workflows	  in	  High	  Performance	  CompuOng.	  In:	  Int	  Workshop	  on	  Scalable	  
Workflow	  Enactment	  Engines	  and	  Technologies	  (SWEET'12),	  2012,	  Phoenix.	  SIGMOD.	  	  

•  J.	  Dias,	  G.	  Guerra,	  F.	  Rochinha,	  A.L.G.A.	  CouOnho,	  	  P.	  Valduriez,	  and	  	  M.	  Ma=oso,	  Data-‐Centric	  IteraOon	  
in	  Dynamic	  Workflows,	  SumiKed	  (2nd	  round	  review)	  	  Future	  Genera+on	  Computer	  Systems	  

FR-‐BR	  HOSCAR	  CollaboraOon	  results	  



Distributed	  &	  Parallel	  Data	  Mngmt	  



Distributed	  &	  Parallel	  Data	  Mngmt	  

•  Scien+fic	  Workflow	  Management	  Systems	  
•  Data	  parallelism	  similar	  to	  MapReduce	  
•  Provenance	  data	  analysis	  
•  Data	  &	  task	  parallelism	  in	  Clusters,	  Clouds	  
	  



PuKng	  the	  human	  in	  the	  loop	  
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PuKng	  the	  human	  in	  the	  loop	  
1.  Heterogeneity	  	  

–  use	  data	  provenance	  
2.  Inconsistency	  &	  incompleteness	  	  
3.  Scale	  	  

–  parallel	  data	  proc;	  clouds	  
–  declaraOve	  languages	  

4.  	  Timeliness	  	  
–  real-‐Ome	  techniques	  to	  summarize	  

and	  filter	  data	  
5.  Privacy	  and	  data	  ownership	  	  
6.  The	  human	  perspecOve:	  Visualize	  	  

–  scale	  not	  just	  for	  the	  system	  but	  also	  
from	  the	  perspecOve	  of	  humans.	  	  

–  human	  input	  at	  all	  stages	  of	  the	  
analysis	  pipeline	  	  

–  specific	  parameter	  values	  to	  a	  given	  
snapshot	  of	  an	  evolving	  dataset	  	  
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Tracking	  Data	  TransformaOons	  
•  data	  transformaOons	  –	  ad-‐hoc	  
•  files	  generated	  independently	  
•  parallel	  processing	  unaware	  of	  

data-‐flow	  	  
•  analysts	  need	  to	  manually	  

manage	  the	  larger	  life	  cycle	  of	  
big	  data	  flow	  analysis	  	  

BLOG@CACM	  

Data	  Science	  Workflow:	  Overview	  and	  Challenges,	  by	  Philip	  Guo	  	  	  



Interdisciplinary	  work	  (CS,	  CFD,	  UQ)	  	  
CS	  
•  Vitor	  Silva	  
•  Jonas	  Dias	  	  
•  Marta	  MaKoso	  
•  Patrick	  Valduriez	  

(INRIA)	  

CFD,	  UQ	  
•  Renato	  Elias	  
•  Gabriel	  Guerra	  
•  Fernando	  Rochinha	  
•  Alvaro	  Cou+nho	  

User	  interac+on	  in	  uncertainty	  quan+fica+on	  
analysis	  workflows	  



ScienOfic	  Workflows	  

•  Powerful	  paradigm	  for	  formalizing	  and	  
automaOng	  complex	  and	  data	  intensive	  
scienOfic	  processes	  	  

•  Focused	  on	  large	  scienOfic	  Data-‐flows	  unlike	  
Business	  Workflows	  	  

Risers!Data!
Gathering!

Preprocessing!

Analyze!Risers&

Calculate!Wear!
and!Tear! Analyze!Posi:on!

Join!Results!

Compress!
Results!



SWfMS	  &	  Provenance	  
•  ScienOfic	  Workflow	  Management	  Systems	  
(SWfMS)	  	  

•  Efficient	  execuOon	  of	  scienOfic	  workflows	  
•  Tracing	  the	  execuOon	  through	  provenance	  
•  Provenance	  data	  (W3C	  PROV	  working	  group)	  

–  	  to	  enable	  scienOfic	  discovery	  	  
–  	  reproducibility,	  	  
–  	  result	  interpretaOon,	  and	  	  
–  	  problem	  diagnosis	  in	  scienOfic	  experiments	  	  



Enabling	  technologies	  

•  ScienOfic	  Workflow	  Management	  Systems	  
•  Data	  parallelism	  similar	  to	  MapReduce	  
•  Provenance	  data	  analysis	  
•  Chiron’s	  Dataflow	  Algebraic	  Approach	  

– non	  intrusive	  wrt	  parallel	  numerical	  soluOon	  
– online	  data	  analysis	  
– convergence	  tracking	  
– visualizaOon	  of	  parOal	  results	  
– dynamic	  interference	  on	  loop	  parameters	  



Rm	   Map(	  A	  ,	  Ri	  )	  

Ro	   Reduce(	  B	  ,	  “method”,	  Rm	  )	  

k	   file	   value	   method	  

1	   b-‐01.dat	   0.035	   “Re”	  

2	   b-‐01.dat	   1.500	   “Gr”	  

n	   b-‐128.dat	   0.165	   “Gr”	  

A	   k	   method	   tension	   resultFile	  

1	   “Re”	   0.001	   part_11.bin	  

m “Gr”	   0.256	   part_np.bin	  

…	  

…	  

B	  

k method	   menergy	   resultmodel	  

1 “Re”	   0.56	   model_Re.out	  

p “Gr”	   0.88	   model_Ga.out	  

Ri	  

Rm	  

Ro	  

#./progA   b-01.dat 0.035 Re 

Command	  line:	  

…	  

Rv	   Map(	  C	  ,	  Ro	  )	  

Dataflow	  Algebraic	  Workflow	  Engine	  



Algebraic	  workflow	  execuOon	  
engine	  is	  driven	  by	  provenance	  DB	  
§  Algebraic	  workflow	  defini+on	  is	  stored	  in	  relaOons	  inside	  

the	  provenance	  database	  (ProvDB)	  
§  Engine	  reads	  wf	  definiOon	  and	  develops	  an	  op+mized	  

execuOon	  plan	  also	  stored	  at	  the	  ProvDB	  
§  Data	  from	  ProvDB	  tuples	  are	  mapped	  to	  tasks	  as	  a	  Map	  &	  

Reduce	  data	  parallel	  execuOon	  	  
§  Workflow	  engine	  is	  aware	  of	  the	  complete	  dataflow	  	  
§  As	  the	  workflow	  is	  executed,	  ProvDB	  is	  augmented	  with	  

run+me	  informa+on	  	  
§  ProvDB	  becomes	  an	  important	  sta+s+cs	  catalog	  that	  can	  

be	  queried	  and	  analyzed	  	  

	  Great	  poten'al	  for	  op'miza'ons	  in	  parallel	  execu'on	  



Rm	   Map(	  A	  ,	  Ri	  )	  

Ro	   Reduce(	  B	  ,	  “method”,	  Rm	  )	  

k	   file	   value	   method	  

1	   b-‐01.dat	   0.035	   “Re”	  

2	   b-‐01.dat	   1.500	   “Gr”	  

n	   b-‐128.dat	   0.165	   “Gr”	  

A	   k	   method	   tension	   resultFile	  

1	   “Re”	   0.001	   part_11.bin	  

m “Gr”	   0.256	   part_np.bin	  

…	  

…	  

B	  

k method	   menergy	   resultmodel	  

1 “Re”	   0.56	   model_Re.out	  

p “Gr”	   0.88	   model_Ga.out	  

Ri	  

Rm	  

Ro	  

#./progA   b-01.dat 0.035 Re 

Command	  line:	  

…	  

Rv	   Map(	  C	  ,	  Ro	  )	  

As	  the	  workflow	  executes	  …	  
user	  steering	  (HIL)	  

	  	  In	  Rm,	  is	  there	  any	  tension>0.5	  	  



Rm	   Map(	  A	  ,	  Ri	  )	  

Ro	   Reduce(	  B	  ,	  “method”,	  Rm	  )	  

k	   file	   value	   method	  

1	   b-‐01.dat	   0.035	   “Re”	  

2	   b-‐01.dat	   1.500	   “Gr”	  

n	   b-‐128.dat	   0.165	   “Gr”	  

A	   k	   method	   tension	   resultFile	  

1	   “Re”	   0.001	   part_11.bin	  

m “Gr”	   0.256	   part_np.bin	  

…	  

…	  

B	  

k method	   menergy	   resultmodel	  

1 “Re”	   0.56	   model_Re.out	  

p “Gr”	   0.88	   model_Ga.out	  

Ri	  

Rm	  

Ro	  

#./progA   b-01.dat 0.035 Re 

Command	  line:	  

…	  

Rv	   Map(	  C	  ,	  Ro	  )	  

	  query	  Ro	  to	  filter	  out	  mean_energy	  <	  average_value	  

As	  the	  workflow	  executes	  …	  
user	  steering	  (HIL)	  



Uncertainty	  QuanOficaOon	  (UQ)	  

•  Measures	  confidence	  in	  numerical	  simulaOon	  	  
•  Explores	  a	  model	  using	  distributed	  input	  in	  a	  
stochasOc	  way	  
– Combines	  average	  	  result	  and	  standard	  deviaOon	  

•  ExploraOon	  size	  is	  associated	  to	  a	  pre-‐defined	  
precision	  
– StochasOc	  collocaOon	  method	  
–  InterpolaOon	  levels	  

Execução	  InteraOva	  de	  Experimentos	  
Cienuficos	  Computacionais	  em	  Larga	  Escala	   16	  

Guerra	  et	  al.	  (2012)	  Uncertainty	  QuanOficaOon	  in	  
ComputaOonal	  PredicOve	  Models	  for	  Fluid	  Dynamics	  
Using	  Workflow	  Management	  Engine.	  Interna'onal	  
Journal	  for	  Uncertainty	  Quan'fica'on,	  2(1):53–71	  



1D	  sparse	  grid	  for	  increasing	  interpolaOon	  level	  
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Uncertainty	  QuanOficaOon	  using	  	  
AdapOve	  Sparse	  Grid	  CollocaOon	  	  

•  MC	  reference	  soluOon	  with	  
1,000	  samples,	  	  
126hs	  in	  32	  cores	  

•  ASGC	  with	  8	  approximaOon	  
levels,	  257	  support	  nodes,	  
39hs	  (32	  cores)	  

Guerra	  et	  al.	  (2012)	  Uncertainty	  Quan+fica+on	  in	  
Computa+onal	  Predic+ve	  Models	  for	  Fluid	  Dynamics	  
Using	  Workflow	  Management	  Engine.	  Interna/onal	  
Journal	  for	  Uncertainty	  Quan/fica/on,	  2(1):53–71	  



Turbulence	  UQ	  analysis	  	  

Nodes	  with	  8	  cores	  

Mesh	  
Processing	  

Domain	  
ParOOoning	  

Parallel	  CFD	  
Solver	  

Input	  Meshi	  
Meshi	  

	  parOOoned	  
in	  M	  parts	  

node-‐x	   node-‐x	   node-‐x	  

node-‐z	  

./edgeCFDMesh	  
mpirun	  –n	  8	  
edgeCFDPre	  

mpirun	  –n	  M	  
edgeCFD	  

16	  Meshi	  par''ons	  

Solver	  executed	  
with	  c	  cores	  for	  

case	  i	  

Sample	  
i	  

Chiron	  is	  running	  an	  ac'vity:	  
managing	  scheduling,	  fault-‐tolerance,	  provenance	  data	  gathering,	  …	  
run'me	  provenance	  queries	  

GUERRA,	  G.	  ;	  et	  al.	  Analysis	  of	  flow-‐induced	  vibra+on	  model	  under	  
uncertain+es	  using	  an	  itera+ve	  workflow.	  In:	  Int.	  	  Symposium	  on	  
Uncertainty	  QuanOficaOon	  and	  StochasOc	  Modeling	  2012	  



Two-‐level	  Parallel	  Strategy	  



AdjusOng	  the	  interpolaOon	  levels	  
•  ExecuOon	  restarts	  over	  and	  over	  	  
•  UQ	  analyst	  may	  loose	  track	  of	  what	  has	  
already	  been	  explored	  and	  how	  the	  UQ	  
workflow	  evolved	  

•  The	  user	  should	  be	  able	  to	  analyze	  parOal	  
results	  during	  execuOon	  
–  	  to	  dynamically	  interfere	  in	  the	  next	  steps	  of	  the	  
workflow	  

–  	  instead	  of	  interrupOng	  and	  resubmiKng	  the	  
workflow	  	  

Dias,	  J.,	  et	  al.	  (2011)	  Suppor+ng	  Dynamic	  Parameter	  Sweep	  in	  Adap+ve	  and	  
User-‐Steered	  Workflow.	  WORKS	  Workshop	  at	  IEEE	  SupercompuOng	  



Dynamic	  Workflow	  example	  

•  User	  steering	  points	  
–  Select	  provenance	  data	  
–  Trigger	  adjustments	  
–  Similar	  to	  checkpoints	  in	  
Taverna	  

•  Adjustable	  knobs	  
–  Store	  adjustable	  
parameter	  

–  Change	  iteraOon	  
– May	  affect	  the	  dataflow	  



• Only	  azer	  the	  whole	  workflow	  execuOon	  :	  
•  Check	  on	  data	  derivaOon	  &	  results	  
•  Change	  #	  interpolaOon	  levels	  

• Interrupt	  the	  execuOon	  
	  
During	  workflow	  execuOon	  

•  ParOal	  results	  &	  provenance	  are	  analyzed	  
•  Snapshots	  of	  current	  simulaOon	  results	  to	  refine	  the	  
model	  (iteraOons)	  during	  runOme	  	  

•  Fine	  tuning	  of	  parameters	  
•  Interfere	  on	  loop	  specifica+on	  

“Off-‐line”	  	  

“On-‐line”	  	  

Workflow	  execuOon	  
Off-‐line	  (black-‐box)	  X	  On-‐line	  (steering)	  



Executes	  for	  predefined	  levels	  with	  
predefined	  condiOon	  

1.#Generate#Geometric#Mesh#
call$MeshGen(input.dat)0

2.#Assign#Ini5al#Condi5ons#
call0MeshInit(mesh.msh,0cp.in)0

Mesh File 
(mesh.msh) 

Mesh Data 
(MD) set 

Geometry Parameters 
(input.dat) 

Initial Interpolation 
Level Specification 

(cp.in) 

3.#Do#Mesh#Par55oning#
for$each$mesh0call$
MeshPre(mesh)0

4.#Run#CFD#Solver#
for$each$mesh0call$

Solver(mesh)0

Partitioned Mesh 
Data (PD) 

5.Data#Merger#
for$each$output0call$
Merge(output)0

Output Data 
(OD) set 

6.#Extract#Energy#
for$each$result0call$

Stat(result)0

Merged Data 
(GD) set 

7.#Average#Energy#for#
Current#Level#
call$Average(ID)0

Data of interest 
(ID) set 

8.#Evaluates#Norm#
Difference#

$$call$NormDiff(avg,0avgOld)0

9.#Increase#Interp.#Level#
call$InterConf(currentLevel)0

 Additional Points 

Average Vector 
avg 

ε is false 

Results 

cp.in 

ε is true 

UQ#Data#
Setup0

Numerical#
Solver0

Extract#
Result0

Evaluate 
Condition 

Output Input 

true 

false 

? 

criterion	  is	  the	  difference	  between	  the	  vector	  norms	  and	  should	  be	  
	  below	  a	  given	  threshold,	  iniOally	  defined	  as	  0.001	  	  



UQ	  Executes	  for	  all	  predefined	  levels	  

1.#Generate#Geometric#Mesh#
call$MeshGen(input.dat)0

2.#Assign#Ini5al#Condi5ons#
call0MeshInit(mesh.msh,0cp.in)0

Mesh File 
(mesh.msh) 

Mesh Data 
(MD) set 

Geometry Parameters 
(input.dat) 

Initial Interpolation 
Level Specification 

(cp.in) 

3.#Do#Mesh#Par55oning#
for$each$mesh0call$
MeshPre(mesh)0

4.#Run#CFD#Solver#
for$each$mesh0call$

Solver(mesh)0

Partitioned Mesh 
Data (PD) 

5.Data#Merger#
for$each$output0call$
Merge(output)0

Output Data 
(OD) set 

6.#Extract#Energy#
for$each$result0call$

Stat(result)0
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Turbidity	  currents	  –	  polydisperse	  flow	  
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UQ	  With	  User	  Steering	  &	  IntervenOon	  
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Change	  NormDiff	  
	  0.001	  to	  0.01	  	  

Provenance	  
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Compute	  the	  velocity	  at	  
controlling	  points	  
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greater	  than	  some	  
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ExecuOon	  Ome	  results	  	  
manual	  and	  dynamic	  workflows	  	  
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ExecuOon	  Ome	  savings	  	  
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Concluding…	  

•  Parallel	  ScienOfic	  Workflows	  &	  Provenance:	  
–  is	  aware	  of	  the	  dependencies	  and	  the	  data-‐flow	  
–  data-‐flow	  parallel	  execuOon	  
–  integraOon	  (indexing)	  of	  scienOfic	  resources	  (files)	  
–  big	  data	  analyOcs	  through	  provenance	  

•  User	  steering	  &	  dynamic	  interven+on	  
–  pa=erns	  that	  humans	  can	  easily	  detect	  but	  computer	  
algorithms	  have	  a	  hard	  Ome	  finding	  	  	  

–  dynamic	  loops	  	  
•  Provenance	  DB	  acts	  as	  a	  staOsOcs	  catalog	  
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