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Data Science 
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Science 
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Data (Big Data) 
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Data Science - Definition 

§  Data	
  science	
  is	
  the	
  extrac-on	
  of	
  knowledge	
  from	
  data	
  
§  Models	
  emerge	
  from	
  data	
  
§  Combines	
  Theory	
  and	
  Applied	
  Compu4ng	
  
§  Methods	
  
§  Data	
  management	
  
§  Applied	
  Compu-ng	
  aids	
  many	
  domains	
  

§  Scien4fic:	
  biological,	
  medical,	
  astronomy	
  ...	
  	
  
§  Business:	
  enterprises	
  and	
  finance…	
  
§  Government:	
  economics	
  and	
  strategy…	
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Data Science - Related Fields 
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Data Science - Toolbox 

§  SoCware	
  Engineering	
  prac-ces	
  
§  SoCware	
  Reuse	
  
§  Configura-on	
  Management:	
  Git	
  

§  Data	
  Analy-cs	
  
§  R	
  
§  Python	
  
§  Orange	
  

§  Parallel	
  Compu-ng	
  
§  Hadoop	
  (Map-­‐Reduce)	
  
§  Pig-­‐La-n	
  
§  Spar	
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Typical scenario for Data Science experiments 

4. ...which need 
to be processed 
by programs X,Y, Z  
in a HPC environment 

1. Data collection 

2. Data analyzed  
by program A 

3. Large Volume of  
Data Produced ... 

5. Results are analyzed 
by program V 

Computational intensive 
Data intensive 
Many programs executed one after another… 
Steering  
Reproducibility 
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Workflow – WfMC definition 

§  The	
   automa-on	
   of	
   a	
   business	
   process,	
   in	
   whole	
   or	
   part,	
   during	
   which	
  
documents,	
   informa-on	
  or	
   tasks	
   are	
  passed	
   from	
  one	
  par-cipant	
   to	
   another	
  
for	
  ac-on,	
  according	
  to	
  a	
  set	
  of	
  procedural	
  rules	
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Workflow in the context of Data Science 

§  The	
  automa-on	
  of	
  ac-vi-es	
  during	
  which	
  data	
   is	
  passed	
   from	
  one	
  ac-vity	
   to	
  
another	
  for	
  processing	
  establishing	
  a	
  data	
  dependency	
  between	
  them	
  

§  Synonyms	
  for	
  workflow:	
  Dataflow,	
  Pipeline	
  

A B 
C 

D 

E 
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Exploratory Analysis 

input 

What is the best way to execute it? 

A B 
C 

D 

E ? 
… 
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Exploratory Analysis 

A B 
C 

D 

E 

A B 
C 

D 

E 

A B 
C 

D 

E 

input 

Method #1 

Method #2 

What is the best 
way to execute it? 
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Challenges related to Workflows for Data Science 

§  Workflow	
  modeling	
  
§  What	
  is	
  an	
  ac-vity?	
  
§  What	
  is	
  data?	
  
§  Simple	
  	
  
§  Uniform	
  
§  Agnos-c	
  of	
  compu-ng	
  infra-­‐structure	
  

§  Workflow	
  execu-on	
  
§  Processing:	
  Clusters,	
  Grids,	
  Clouds	
  
§  Storage:	
  Shared	
  disk,	
  Non-­‐shared	
  disk	
  
§  Homogeneous,	
  Heterogeneous,	
  and	
  Hybrid	
  models	
  
§  Parallel	
  execu-on	
  
§  Data	
  Stage	
  in	
  /	
  Stage	
  out	
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Inspiration on Databases 

§  What	
  is	
  good	
  about	
  queries?	
  

§  What	
  is	
  good	
  about	
  transac-ons?	
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Inspiration on Databases 

§  What	
  is	
  good	
  about	
  queries?	
  
§  Declara-ve	
  
§  Query	
  processing	
  is	
  isolated	
  from	
  Query	
  specifica-on	
  	
  

§  Query	
  processing	
  is	
  isolated	
  from	
  Hardware	
  
§  Rela-onal	
  Algebra!	
  

§  What	
  is	
  good	
  about	
  transac-ons?	
  
§  Queries	
  execute	
  in	
  parallel	
  

§  ACID	
  proper-es	
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Workflow Algebra 

§  Workflow	
  Representa-on	
  
§  Ac-vity	
  
§  Data	
  Model	
  

§  Workflow	
  Execu-on	
  Model	
  
§  Workflow	
  Op-miza-on	
  Process	
  
§  Workflow	
  Execu-on	
  Plan	
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Data Model 

§  Rela-on	
  are	
  defined	
  as	
  a	
  set	
  of	
   tuples	
  that	
  contains	
  both	
  primi-ve	
  datatypes	
  
(integer,	
  float,	
  string,	
  date,	
  etc)	
  and	
  complex	
  object	
  (blobs,	
  clobs)	
  

§  R	
  =	
  (Serie:	
  String;	
  CaseStudy:	
  String;	
  TrainData:	
  Blob;	
  TestData:	
  Blob)	
  

§  Example	
  of	
  R(R)	
  

Serie CaseStudy trainData TestData 

A U-125 U-125T.DAT U-125V.DAT 

A U-127 U-127T.DAT U-127V.DAT 

B U-129 U-129T.DAT U-129V.DAT 
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Relational Algebra Operators 

§  Basic	
  Operators	
  
§  Selec-on:	
  σ	
  
§  Projec-on:	
  π	
  
§  union:	
  ⋃	
  
§  difference:	
  −	
  	
  
§  Cross	
  product:	
  ×	
  
§  Join:	
  ⋈	
  
§  Aggrega-on:	
  Γ
§  Division:	
  ÷
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Relational Algebra Expressions 

§  Algebraic	
  Expression	
  E:	
  
§  Given	
   E1	
   and	
   E2	
   rela-onal	
   algebra	
   expressions;	
   the	
   following	
   expression	
   are	
  

also	
  algebraic	
  expressions:	
  
§  E1	
  ⋃	
  E2	
  
§  E1	
  −	
  E2	
  
§  E1	
  ×	
  E2	
  
§  σ	
  p(E1),	
  p	
  is	
  a	
  predicate	
  over	
  ahributes	
  of	
  	
  E1	
  
§  π	
  s(E1),	
  S	
  is	
  a	
  list	
  of	
  ahributes	
  of	
  E1	
  

π A1,A2 ,…,An
(σ P (r1 × r2 ×…× rm ))
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Activities 

§  A	
  triple	
  that	
  specifies:	
  
§  Schema	
  R for	
  input	
  rela-on	
  
§  Schema	
  S for	
  output	
  rela-on	
  
§  Program	
  P	
  that	
  consumes	
  a	
  set	
  of	
  tuples	
  to	
  produce	
  a	
  set	
  of	
  tuples	
  

§  Nota-on:	
  Y<R,	
  S,	
  P>	
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Workflow Operators 

§  Program	
  operators	
  
§  Map	
  (1:1)	
  
§  SplitMap	
  	
  (1:n)	
  
§  Reduce	
  (n:1)	
  

§  Rela-onal	
  operators	
  
§  Query	
  (vector	
  of	
  rela-ons:	
  rela-on)	
  

1Ogasawara et al., 2011, An Algebraic Approach for Data-Centric Scientific Workflows, Proceedings of the VLDB Endowment. 
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Workflow for time series forecasting model adjusting  

Time Series 
Sample Extraction 

Train Model 

Query for good  
model adjustment  

Pack good models 
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Split Map (1:n) 

S	
  ←	
  SlipMap(sample-­‐extrac4on,	
  R)	
  

Serie	
   Datasets	
  

A	
   SerieA.txt	
  

B	
   SerieB.txt	
  

Serie	
   CaseStudy	
   trainData	
   TestData	
  
A	
   U-­‐125	
   U-­‐125T.csv	
   U-­‐125V.csv	
  

A	
   U-­‐127	
   U-­‐127T.csv	
   U-­‐127V.csv	
  

B	
   U-­‐129	
   U-­‐129T.csv	
   U-­‐129V.csv	
  

B	
   U-­‐131	
   U-­‐131T.csv	
   U-­‐131V.csv	
  

R	
  

S	
  

O ← SplitMap(Y, I) 
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Map(1:1) 

T	
  ←	
  Map(train,	
  S)	
  

Serie	
   CaseStudy	
   trainData	
   trainedModel	
   adjErr	
   TestData	
  
A	
   U-­‐125	
   U-­‐125T.csv	
   U-­‐125.model	
   0.1	
   U-­‐125V.csv	
  
A	
   U-­‐127	
   U-­‐127T.csv	
   U-­‐127.model	
   0.17	
   U-­‐127V.csv	
  
B	
   U-­‐129	
   U-­‐129T.csv	
   U-­‐129.model	
   0.15	
   U-­‐129V.csv	
  
B	
   U-­‐131	
   U-­‐131T.csv	
   U-­‐131.model	
   0.25	
   U-­‐131V.csv	
  

S	
  

T	
  

Serie	
   CaseStudy	
   trainData	
   TestData	
  

A	
   U-­‐125	
   U-­‐125T.csv	
   U-­‐125V.csv	
  

A	
   U-­‐127	
   U-­‐127T.csv	
   U-­‐127V.csv	
  

B	
   U-­‐129	
   U-­‐129T.csv	
   U-­‐129V.csv	
  

B	
   U-­‐131	
   U-­‐131T.csv	
   U-­‐131V.csv	
  

O ← Map(Y, I) 
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Reduce (n:1) 

V	
  ←	
  Reduce(CompressRD,	
  {Serie},	
  U)	
  

Serie	
   Pack	
  

A	
   SerieA.zip	
  

B	
   SerieB.zip	
  

U	
  

V	
  

Serie	
   CaseStudy	
   trainData	
   trainedModel	
   adjErr	
   TestData	
  
A	
   U-­‐125	
   U-­‐125T.csv	
   U-­‐125.model	
   0.1	
   U-­‐125V.csv	
  
A	
   U-­‐127	
   U-­‐127T.csv	
   U-­‐127.model	
   0.17	
   U-­‐127V.csv	
  
B	
   U-­‐129	
   U-­‐129T.csv	
   U-­‐129.model	
   0.15	
   U-­‐129V.csv	
  

O ← Reduce(Y, {Atr}, I) 
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Query Activity ([Relation]:Relation) 

T	
  

U	
  

Serie	
   CaseStudy	
   trainData	
   trainedModel	
   adjErr	
   TestData	
  
A	
   U-­‐125	
   U-­‐125T.csv	
   U-­‐125.model	
   0.1	
   U-­‐125V.csv	
  
A	
   U-­‐127	
   U-­‐127T.csv	
   U-­‐127.model	
   0.17	
   U-­‐127V.csv	
  
B	
   U-­‐129	
   U-­‐129T.csv	
   U-­‐129.model	
   0.15	
   U-­‐129V.csv	
  
B	
   U-­‐131	
   U-­‐131T.csv	
   U-­‐131.model	
   0.25	
   U-­‐131V.csv	
  

Serie	
   CaseStudy	
   trainData	
   trainedModel	
   adjErr	
   TestData	
  
A	
   U-­‐125	
   U-­‐125T.csv	
   U-­‐125.model	
   0.1	
   U-­‐125V.csv	
  
A	
   U-­‐127	
   U-­‐127T.csv	
   U-­‐127.model	
   0.17	
   U-­‐127V.csv	
  
B	
   U-­‐129	
   U-­‐129T.csv	
   U-­‐129.model	
   0.15	
   U-­‐129V.csv	
  

U←Query(σ adjErr<0.2 (Q0 ),Q[T ])

O ← Query(E, [R]) 
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Workflow as Algebraic Expressions 

§  S	
  ←	
  SlipMap(sample-­‐extrac-on,	
  R)	
  
§  T	
  ←	
  Map(train,	
  S)	
  
§  	
  	
  
§  V	
  ←	
  Reduce(CompressRD,	
  {Serie},	
  U)	
  
U←Query(σ adjErr<0.2 (Q0 ),Q[T ])
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Workflow Optimization Process 

Search	
  space	
  

Evalua-on	
  

Ini-al	
  Algebraic	
  Expressions	
  

Transforma-on	
  
Rules	
  

Cost	
  model	
  

Op-mized	
  algebraic	
  expressions	
  

Equivalent	
  Algebraic	
  Expressions	
  

Seach	
  
more?	
  

yes	
  

no	
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Workflow Fragments 

•  A	
  fragment	
  F	
  of	
  a	
  workflow	
  is	
  a	
  subset	
  F	
  of	
  the	
  ac-vi-es	
  of	
  a	
  
workflow	
  W:	
  
•  either	
  F	
  is	
  an	
  unitary	
  set	
  	
  
•  or	
  ∀Yj	
  ∈	
  F,	
  	
  ∃	
  Yi	
  ∈	
  F	
  |	
  (Dep(Yi,	
  Yj))	
  ∨	
  (Dep(Yj,	
  Yi)).	
  

Y1	
   Y2	
   Y4	
  

Y3	
  
Fragment	
  F1:	
  Y1	
  and	
  Y2	
  

Fragment	
  F2:	
  Y3	
  

Fragment	
  F3:	
  Y4	
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Execution Strategies: Pipeline versus Materialization 

§  Pipeline(P)	
  par--ons	
  a	
  set	
  of	
  ac-va-ons	
   in	
  a	
  fragment	
   into	
  a	
  complete	
   list	
  of	
  
dependent	
  ac-va-ons.	
  
Instan-a-on	
  of	
  rela-ons	
  are	
  based	
  on	
  pipelines.	
  

§  Materializa-on	
  (M)	
  par--ons	
  a	
  set	
  of	
  ac-va-ons	
  in	
  a	
  fragment	
  into	
  a	
  complete	
  
list	
  of	
  independent	
  ac-va-ons	
  ordered	
  by	
  ac-vity	
  dependence.	
  	
  
Par-al	
  rela-ons	
  are	
  fully	
  instan-ated	
  before	
  execu-ng.	
  	
  

Y1	
   Y2	
   Y4	
  

Y3	
  

x1	
  
x2	
  
x3	
  

x7	
  

x9	
  x4	
  
x5	
  
x6	
  

x8	
  

FTF:	
  	
  
{<x1,	
  x4>,	
  <x2,	
  x5>,	
  <x3,	
  x6>}	
  
	
  
FAF:	
  	
  
{<x1>,<x2>,<x3>,	
  
<x4>,<x5>,<x6>}	
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Algebraic Transformations 

§  Goal	
  reduce	
  number	
  of	
  tuples	
  in	
  intermediate	
  rela-ons	
  
§  Ex.:	
  Query(E,	
  [Map(Y,	
  R),S])	
  	
  
§  Distribu-ve	
  

§  Query(E,	
  [Map(Y,	
  R),S])	
  =	
  Query(E2,	
  [Query(E1,	
  [Map(Y,	
  R)],	
  S])	
  

§  Push	
  down-­‐selec-on	
  
§  Query(E2,	
  [Query(E1,	
  [Map(Y,	
  R)],	
  S])	
  	
  =	
  Query(E2,Map(Y,	
  Query(E1,	
  [R]),	
  S)	
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Workflow Execution Plan 

§  Produce	
  Algebraic	
  Transforma-on	
  
§  Fragment	
  Workflow	
  
§  Assign	
  Execu-on	
  Strategies	
  for	
  Workflow	
  Fragments	
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Workflow Execution 

§ Wait	
  for	
  Sagitarii	
  presenta-on…	
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