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Plan 
•  Challenges and Overview 

–  Developping billions of software product is hard but 
now a common practice 

•  Implementing Variability 
–  Revisit of existing techniques and curriculum 

•  Specificity of Product Line Engineering 
–  Process, methods 

•  Feature Models 
–  Defacto standard for modeling product lines and 

variability 
–  Syntax, semantics, automated reasoning, 

synthesis 
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Contract 
•  The idea of software product lines and variability 

– You will be able to recognize this class of systems 
– Aware of the complexity, the specific development 

process, and existing techniques 
•  Feature modeling 

– A widely used formalism for modeling product lines 
and configurable systems in a broad sense 

•  Composing/Decomposing feature models with 
a domain-specific language 

•  Reverse engineering variability models 
4 





not, and, or, implies

Feature	  models	  	  
or	  Product	  Matrices	  

Variants	  of	  code	  (e.g.,	  Java	  or	  C)	  	  
Variants	  of	  user	  interfaces	  
Variants	  of	  video	  sequences	  
Variants	  of	  models	  (e.g.,	  UML	  or	  
SysML)	  
Variants	  of	  «	  things	  »	  (3D	  
models)	  
…	  

Modeling	  and	  Reverse	  
Engineering	  Variability	  	  

(product	  lines)	  



Mobile

3G+ 3G GPS

Maps

Camera

ü	  
ü	  
ü	  

Mobile

3G+ 3G GPS

Maps

Camera

Domain/Variability	  Model	  

Configura:on	   So<ware	  Generator	  

Domain	  Artefacts	  	  
	  

Domain	  	  
Engineering	  

Applica:on	  	  
Engineering	  

«	  the	  investments	  required	  to	  develop	  the	  reusable	  ar4facts	  during	  
domain	  engineering,	  are	  outweighed	  by	  the	  benefits	  of	  deriving	  the	  
individual	  products	  during	  applica.on	  engineering	  »	  

Jan	  Bosch	  et	  al.	  (2004)	  	  	  



Variability	  Model	  	  

Configura:on	  

Base	  Artefacts	  (e.g.,	  
models)	  

So<ware	  Generator	  
(deriva:on	  engine)	  

ü	   ü	  

mapping	  	  



Quizz:	  what	  are	  the	  constraints	  over	  	  
WORLD	  and	  BYE?	  
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Ooops	  
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Variability	  Model	  	  

Configura:on	  

Base	  Artefacts	  (e.g.,	  
models)	  

So<ware	  Generator	  
(deriva:on	  engine)	  

ü	   ü	  

mapping	  	  
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Unused	  flexibility	  
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Illegal	  variant	  



	  
Feature	  Model	  
	  
Communica:ve	  
	  
Analy:c	  
	  
Genera:ve	  
	  

16	  

not, and, or, implies



Feature	  Models	  	  
(defacto	  standard	  for	  modeling	  variability)	  

17	  

Hierarchy:	  rooted	  tree	  	  
Variability:	  	  
•  mandatory,	  	  
•  opPonal,	  	  
•  Groups:	  exclusive	  or	  inclusive	  features	  
•  Cross-‐tree	  constraints	  

Optional

Mandatory

Xor-Group

Or-Group
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Hierarchy	  +	  Variability	  	  
=	  	  

set	  of	  valid	  configura:ons	  

ü

{CarEquipment,	  Comfort,	  DrivingAndSafety,	  Healthing,	  AirCondiPoning,	  FrontFogLights}	  

configura:on	  =	  set	  of	  features	  selected	  

Optional

Mandatory

Xor-Group

Or-Group
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Hierarchy	  +	  Variability	  	  
=	  	  

set	  of	  valid	  configura:ons	  

ü

{CarEquipment,	  Comfort,	  DrivingAndSafety,	  Healthing,	  AirCondiPoning}	  

configura:on	  =	  set	  of	  features	  selected	  

Optional

Mandatory

Xor-Group

Or-Group
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Hierarchy	  +	  Variability	  	  
=	  	  

set	  of	  valid	  configura:ons	  

ü

Optional

Mandatory

Xor-Group

Or-Group

{CarEquipment,	  Comfort,	  DrivingAndSafety,	  Healthing,	  AirCondiPoning,	  
AutomaPcHeadLights}	  

configura:on	  =	  set	  of	  features	  selected	  

ü	  
ü	  

ü	  

ü	  

ü	  

ü	  
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Hierarchy	  +	  Variability	  	  
=	  	  

set	  of	  valid	  configura:ons	  

ü

ü

Optional

Mandatory

Xor-Group

Or-Group

{AirCondiPoning,	  FrontFogLights}	  
{AutomaPcHeadLights,	  AirCondiPoning,	  FrontFogLights}	  
{AutomaPcHeadLights,	  FrontFogLights,	  AirCondiPoningFrontAndRear}	  
{AirCondiPoningFrontAndRear}	  
{AirCondiPoning}	  
{AirCondiPoningFrontAndRear,	  FrontFogLights}	  

{CarEquipment,	  Comfort,	  
DrivingAndSafety,	  
Healthing}	   X



22	  

Hierarchy	  +	  Variability	  	  
=	  	  

set	  of	  valid	  configura:ons	  

ü

ü

Optional

Mandatory

Xor-Group

Or-Group

{AirCondiPoning,	  FrontFogLights}	  
{AutomaPcHeadLights,	  AirCondiPoning,	  FrontFogLights}	  
{AutomaPcHeadLights,	  FrontFogLights,	  AirCondiPoningFrontAndRear}	  
{AirCondiPoningFrontAndRear}	  
{AirCondiPoning}	  
{AirCondiPoningFrontAndRear,	  FrontFogLights}	  

{CarEquipment,	  Comfort,	  
DrivingAndSafety,	  
Healthing}	   X
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Hierarchy	  +	  Variability	  	  
=	  	  

set	  of	  valid	  configura:ons	  

ü

ü

Optional

Mandatory

Xor-Group

Or-Group

{AirCondiPoning,	  FrontFogLights}	  
{AutomaPcHeadLights,	  AirCondiPoning,	  FrontFogLights}	  
{AutomaPcHeadLights,	  FrontFogLights,	  AirCondiPoningFrontAndRear}	  
{AirCondiPoningFrontAndRear}	  
{AirCondiPoning}	  
{AirCondiPoningFrontAndRear,	  FrontFogLights}	  

{CarEquipment,	  Comfort,	  
DrivingAndSafety,	  
Healthing}	   X
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Hierarchy	  +	  Variability	  	  
=	  	  

set	  of	  valid	  configura:ons	  

ü

ü

Optional

Mandatory

Xor-Group

Or-Group

{AirCondiPoning,	  FrontFogLights}	  
{AutomaPcHeadLights,	  AirCondiPoning,	  FrontFogLights}	  
{AutomaPcHeadLights,	  FrontFogLights,	  AirCondiPoningFrontAndRear}	  
{AirCondiPoningFrontAndRear}	  
{AirCondiPoning}	  
{AirCondiPoningFrontAndRear,	  FrontFogLights}	  

{CarEquipment,	  Comfort,	  
DrivingAndSafety,	  
Healthing}	   X
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Hierarchy	  +	  Variability	  	  
=	  	  

set	  of	  valid	  configura:ons	  

ü

{CarEquipment,	  Comfort,	  DrivingAndSafety,	  Healthing,	  AirCondiPoning}	  

configura:on	  =	  set	  of	  features	  selected	  

Optional

Mandatory

Xor-Group

Or-Group
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Hierarchy	  +	  Variability	  	  
=	  	  

set	  of	  valid	  configura:ons	  

ü

Optional

Mandatory

Xor-Group

Or-Group

Boolean	  logic:	  ^,	  v,	  not,	  implies	  
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Hierarchy	  +	  Variability	  	  
=	  	  

set	  of	  valid	  configura:ons	  

ü

Optional

Mandatory

Xor-Group

Or-Group

Or-‐group:	  at	  least	  one!	  
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Hierarchy	  +	  Variability	  	  
=	  	  

set	  of	  valid	  configura:ons	  

ü

ü

Optional

Mandatory

Xor-Group

Or-Group

{CarEquipment,	  Comfort,	  
DrivingAndSafety,	  
Healthing}	   X

{AirCondiPoningFrontAndRear,	  FrontFogLights,	  SAControl}	  
{AirCondiPoningFrontAndRear,	  SAControl}	  
{AutomaPcHeadLights,	  AirCondiPoning,	  FrontFogLights}	  
{AirCondiPoningFrontAndRear,	  SAControl,	  AutomaPcHeadLights,	  FrontFogLights}	  
{FrontFogLights,	  AirCondiPoning}	  
{AutomaPcHeadLights,	  AirCondiPoningFrontAndRear,	  FrontFogLights}	  
{FrontFogLights,	  AirCondiPoningFrontAndRear}	  
{SAControl,	  AirCondiPoning}	  



φ 

(Boolean)	  	  
Feature	  Models	  

(Boolean)	  	  
Product	  Comparison	  Matrix	  

(Boolean)	  
Formula	  



(Boolean)	  Feature	  Models	  

30	  

Hierarchy	  +	  Variability	  =	  set	  of	  valid	  configura:ons	  

Optional

Mandatory

Xor-Group

Or-Group

fm1	  



(Boolean)	  Feature	  Models	  
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~	  Boolean	  formula	  

Optional

Mandatory

Xor-Group

Or-Group

fm1	  





Feature	  Models	  
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History	  of	  Feature	  Models	  

	  
~	  o<en	  called	  Feature	  Diagrams	  	  
(suggest	  a	  visual	  representa:on)	  

	  
graphical	  languages	  
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Feature	  Models	  

	  
	  
	  
	  

35	  

Kang	  et	  al.	  (1990)	  



FD dialects 

FODA (OFT) 
[Kang et al., 1990] 

FORM (OFD) 
[Kang et al., 1998] 

FeatuRSEB (RFD) 
[Griss et al., 1998] 

VBFD 
[van Gurp et al., 

2001] 

EFD 
[Riebisch et al., 2002] 

Gen. Prog. (GPFT) 
[Czarnecki et al.,  

2000] 

PLUSS (PFT) 
[Eriksson et al., 2005] 



FD dialects 

FODA (OFT) 
[Kang et al., 1990] 

FORM (OFD) 
[Kang et al., 1998] 

FeatuRSEB (RFD) 
[Griss et al., 1998] 

VBFD 
[van Gurp et al., 

2001] 

EFD 
[Riebisch et al., 2002] 

Gen. Prog. (GPFT) 
[Czarnecki et al.,  

2000] 

PLUSS (PFT) 
[Eriksson et al., 2005] 



FD dialects 

FODA (OFT) 
[Kang et al., 1990] 

FORM (OFD) 
[Kang et al., 1998] 

FeatuRSEB (RFD) 
[Griss et al., 1998] 

VBFD 
[van Gurp et al., 

2001] 

EFD 
[Riebisch et al., 2002] 

Gen. Prog. (GPFT) 
[Czarnecki et al.,  

2000] 

PLUSS (PFT) 
[Eriksson et al., 2005] 



FD dialects 

FODA (OFT) 
[Kang et al., 1990] 

FORM (OFD) 
[Kang et al., 1998] 

FeatuRSEB (RFD) 
[Griss et al., 1998] 

VBFD 
[van Gurp et al., 

2001] 

EFD 
[Riebisch et al., 2002] 

Gen. Prog. (GPFT) 
[Czarnecki et al.,  

2000] 

PLUSS (PFT) 
[Eriksson et al., 2005] 





	  
Feature	  Models	  
	  
~	  Feature	  Diagrams	  	  
(suggest	  a	  visual	  representa:on)	  
	  
but	  that’s	  not	  mandatory	  
that	  does	  not	  necessary	  scale	  	  
or	  respond	  to	  users’	  concerns	  

	  
	   41	  
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Textual	  variability	  languages	  
•  Andreas	  Classen,	  QuenPn	  Boucher,	  Patrick	  Heymans:	  A	  text-‐
based	  approach	  to	  feature	  modelling:	  Syntax	  and	  semanPcs	  
of	  TVL.	  Sci.	  Comput.	  Program.	  76(12):	  1130-‐1143	  (2011)	  

•  Czarnecki	  et	  al.	  “Clafer:	  Unifying	  Class	  and	  Feature	  
Modeling”	  SoSyM’15	  

•  Mathieu	  Acher,	  Philippe	  Collet,	  Philippe	  Lahire,	  Robert	  B.	  
France	  «	  A	  Domain-‐Specific	  Language	  for	  Large-‐Scale	  
Management	  of	  Feature	  Models	  »	  Science	  of	  Computer	  
Programming	  (SCP),	  2013	  

•  Mauricio	  Alférez,	  José	  A.	  Galindo,	  Mathieu	  Acher,	  and	  
Benoit	  Baudry.	  Modeling	  Variability	  in	  the	  Video	  Domain:	  
Language	  and	  Experience	  Report	  (2014).	  Research	  Report	  
RR-‐8576	  

43	  



	  (FeAture	  Model	  scrIpt	  Language	  for	  manIpulaPon	  and	  AutomaPc	  Reasoning)	  	  

not, and, or, implies
φ TVL 

DIMACS 

h_p://familiar-‐project.github.com/	  

Mathieu	  Acher,	  Philippe	  Collet,	  Philippe	  Lahire,	  Robert	  B.	  France	  «	  A	  Domain-‐Specific	  Language	  for	  Large-‐
Scale	  Management	  of	  Feature	  Models	  »	  Science	  of	  Computer	  Programming	  (SCP),	  2013	  
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Optional

Mandatory

Xor-Group

Or-Group
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Optional

Mandatory

Xor-Group

Or-Group
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Optional

Mandatory

Xor-Group

Or-Group

{AirCondiPoning,	  FrontFogLights}	  
{AutomaPcHeadLights,	  AirCondiPoning,	  
FrontFogLights}	  
{AutomaPcHeadLights,	  FrontFogLights,	  
AirCondiPoningFrontAndRear}	  
{AirCondiPoningFrontAndRear}	  
{AirCondiPoning}	  
{AirCondiPoningFrontAndRear,	  FrontFogLights}	  

{CarEquipment,	  Comfort,	  
DrivingAndSafety,	  
Healthing}	  

X



48	  

Optional

Mandatory

Xor-Group

Or-Group





Empty	  set	  of	  
configura:ons	  

Optional

Mandatory

Xor-Group

Or-Group



Dead	  feature	  

False	  op:onal	  
feature	  

Optional

Mandatory

Xor-Group

Or-Group



Core	  features	  

{CarEquipment,	  Comfort,	  
DrivingAndSafety,	  Healthing}	  

Optional

Mandatory

Xor-Group

Or-Group



Interac:ve	  
Configura:on	  

Optional

Mandatory

Xor-Group

Or-Group



	  
Feature	  Models	  and	  Automated	  Reasoning	  

Benavides	  et	  al.	  survey,	  2010	  

54	  



Decision	  problems	  and	  complexity	  

•  Validity	  of	  a	  feature	  model	  

•  Validity	  of	  a	  configuraPon	  
•  ComputaPon	  of	  dead	  and	  core	  features	  

•  CounPng	  of	  the	  number	  of	  valid	  configuraPons	  

•  Equivalence	  between	  two	  feature	  models	  

•  SaPsfiability	  (SAT)	  problem	  
–  NP-‐complete	  







Truth table, boolean function 
from to 

x1 x2 x3 x4 f 
0 0 0 0 0 
0 0 0 1 1 
0 0 1 0 1 
0 0 1 1 1 
0 1 0 0 0 
0 1 0 1 0 
0 1 1 0 0 
0 1 1 1 1 
1 0 0 0 0 
1 0 0 1 0 
1 0 1 0 0 
1 0 1 1 1 
1 1 0 0 0 
1 1 0 1 0 
1 1 1 0 0 
1 1 1 1 0 





Binary Decision Diagrams (Bryant 1986) 

encoding of a truth table. 

x2 

x4 

x3 x3 

x4 x4 x4 

0 0 0 1 0 0 0 0 

x2 

x4 

x3 x3 

x4 x4 x4 

0 1 1 1 0 0 0 1 

x1 0 edge 
1 edge 

from to 

x1 x2 x3 x4 f 
0 0 0 0 0 
0 0 0 1 1 
0 0 1 0 1 
0 0 1 1 1 
0 1 0 0 0 
0 1 0 1 0 
0 1 1 0 0 
0 1 1 1 1 
1 0 0 0 0 
1 0 0 1 0 
1 0 1 0 0 
1 0 1 1 1 
1 1 0 0 0 
1 1 0 1 0 
1 1 1 0 0 
1 1 1 1 0 



Reduction  
•  Identify Redundancies  

•  3 Rules 
– Merge equivalent leaves  
– Merge isomorphic nodes  
– Eliminate redundant tests  



Merge equivalent leaves  



Merge isomorphic nodes 



Eliminate redundant tests  



Binary Decision Diagrams 
•  Collapse redundant nodes. 

x2 

x4 

x3 x3 

x4 x4 x4 

0 0 0 0 0 0 0 

x2 

x4 

x3 x3 

x4 x4 x4 

0 0 0 0 

x1 

1 1 1 1 1 

0 edge 
1 edge 



Binary Decision Diagrams 
•  Collapse redundant nodes. 

x2 

x4 

x3 x3 

x4 x4 x4 

x2 

x4 

x3 x3 

x4 x4 x4 

0 

x1 

1 

0 edge 
1 edge 



Binary Decision Diagrams 
•  Collapse redundant nodes. 

x2 

x4 

x3 x3 

x2 

x3 x3 

x4 x4 

0 

x1 

1 

0 edge 
1 edge 



Binary Decision Diagrams 
•  Collapse redundant nodes. 

x2 

x4 

x3 x3 

x2 

x3 

x4 x4 

0 

x1 

1 

0 edge 
1 edge 



Binary Decision Diagrams 
•  Eliminate unnecessary nodes. 

x2 

x4 

x3 x3 

x2 

x3 

x4 x4 

0 

x1 

1 

0 edge 
1 edge 



Binary Decision Diagrams 
•  Eliminate unnecessary nodes. 

x2 

x3 

x2 

x3 

x4 

0 

x1 

1 

0 edge 
1 edge 



Binary	  Decision	  Diagrams	  (BDDs)	  
	  

•  Very	  efficient	  structure	  for	  most	  of	  the	  
saPsfiability	  operaPons	  

•  Polynomial	  in	  Pme	  for	  checking	  saPsfiability	  
and	  determining	  equivalence	  between	  two	  
BDDs	  

•  Graph	  trasversal	  
•  So	  great?	  

71	  



Binary	  Decision	  Diagrams	  (BDDs):	  
Theore:cal	  Problem	  

•  The	  size	  of	  the	  BDD	  is	  very	  sensiPve	  to	  the	  
order	  of	  the	  BDD	  variables	  	  
– e.g.	  two	  equivalent	  BDDs	  for	  the	  same	  feature	  
model	  	  

72	  
[Mendonca,	  slide]	  



Binary	  Decision	  Diagrams	  (BDDs):	  
Theore:cal	  Problem	  

•  The	  size	  of	  the	  BDD	  is	  very	  sensiPve	  to	  the	  
order	  of	  the	  BDD	  variables	  	  
– e.g.	  two	  equivalent	  BDDs	  for	  the	  same	  feature	  
model	  	  

73	  
[Mendonca,	  slide]	  

May	  lead	  to	  
size	  explosion	  



Binary	  Decision	  Diagrams	  (BDDs):	  
Theore:cal	  Problem	  

•  The	  size	  of	  the	  BDD	  is	  very	  sensiPve	  to	  the	  
order	  of	  the	  BDD	  variables	  	  
– e.g.	  two	  equivalent	  BDDs	  for	  the	  same	  feature	  
model	  	  

74	  
[Mendonca,	  slide]	  

Best	  order:	  
NP-‐complete!	  



Binary	  Decision	  Diagrams	  (BDDs):	  
Prac:cal	  Problem	  

•  The	  size	  of	  the	  BDD	  is	  very	  sensiPve	  to	  the	  order	  of	  
the	  BDD	  variables.	  In	  pracPce:	  BDDs	  cannot	  be	  build	  for	  
feature	  models	  with	  2000+	  features	  	  

75	  
[Mendonca,	  slide]	  

HeurisPcs	  
needed	  





Sa:sfiability	  (SAT)	  solver	  
•  A	  “SAT	  solver”	  is	  a	  program	  that	  automaPcally	  decides	  
whether	  a	  proposiPonal	  logic	  formula	  is	  saPsfiable.	  	  
–  If	  it	  is	  saPsfiable,	  a	  SAT	  solver	  will	  produce	  an	  example	  of	  a	  truth	  
assignment	  that	  saPsfies	  the	  formula.	  	  

•  Basic	  idea:	  since	  all	  NP-‐complete	  problems	  are	  mutually	  
reducible:	  	  
– Write	  one	  really	  good	  solver	  for	  NP-‐complete	  problems	  (in	  fact,	  
get	  lots	  of	  people	  to	  do	  it.	  Hold	  compePPons.)	  	  

–  Translate	  your	  NP-‐complete	  problems	  to	  that	  problem.	  	  
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SAT	  solver	  and	  CNF	  

•  All	  current	  fast	  SAT	  solvers	  work	  on	  CNF	  
•  Terminology:	  	  

– A	  literal	  is	  a	  proposiPonal	  variable	  or	  its	  negaPon	  
(e.g.,	  p	  or	  ¬q).	  

– A	  clause	  is	  a	  disjuncPon	  of	  literals	  (e.g.,	  (p	  ∨	  ¬q	  ∨	  
r	  )).	  Since	  ∨	  is	  associaPve,	  we	  can	  represent	  clauses	  
as	  lists	  of	  literals.	  	  

•  A	  formula	  is	  in	  conjuncPve	  normal	  form	  (CNF)	  if	  it	  
is	  a	  conjuncPon	  of	  clauses	  	  
–  e.g.,	  (p	  ∨	  q	  ∨	  ¬r)	  ∧	  (¬p	  ∨	  s	  ∨	  t	  ∨	  ¬u)	  
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SAT	  solver	  and	  Unit	  Propaga:on	  
•  Whenever	  all	  the	  literals	  in	  a	  clause	  are	  false	  except	  one,	  the	  

remaining	  literal	  must	  be	  true	  in	  any	  saPsfying	  assignment	  (such	  a	  
clause	  is	  called	  a	  unit	  clause).	  	  
–  Therefore,	  the	  algorithm	  can	  assign	  it	  to	  true	  immediately.	  Arer	  choosing	  a	  

variable	  there	  are	  oren	  many	  unit	  clauses.	  	  
–  Sesng	  a	  literal	  in	  a	  unit	  clause	  oren	  creates	  other	  unit	  clauses,	  leading	  to	  a	  

cascade.	  	  

•  A	  good	  SAT	  solver	  oren	  spends	  80-‐90%	  of	  its	  Pme	  in	  unit	  
propagaPon.	  	  
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φ FM 

A	  ^	  
A	  ó	  B	  ^	  	  
C	  =>	  A	  ^	  
D	  =>	  A	  	  

Optional

Mandatory

Xor-Group

Or-Group



Consistency	  
•  SAT-‐Solver	  

– SAT(FM)	  



Core	  and	  dead	  features	  

•  Dead	  :	  SAT(FM	  ^	  F)	  
•  Core:	  SAT(FM	  ^	  not(F))	  



ParPal	  configuraPon	  

•  SAT(FM	  ^	  PK	  ^	  F)	  
•  SAT(FM	  ^	  PK	  ^	  not(F))	  



RelaPonship	  between	  feature	  models	  
	  

•  Refactoring	  	  
–  Tautology:	  (FM1	  <=>	  FM2)	  
=	  not	  SAT(not	  (FM1	  <=>	  FM2))	  





Feature	  Models	  
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	  (FeAture	  Model	  scrIpt	  Language	  for	  manIpulaPon	  and	  AutomaPc	  Reasoning)	  	  

impor:ng,	  expor:ng,	  composing,	  decomposing,	  edi:ng,	  configuring,	  
reverse	  engineering,	  compu:ng	  "diffs",	  refactoring,	  tes:ng,	  	  
and	  reasoning	  about	  (mul:ple)	  variability	  models	  

not, and, or, implies
φ TVL 

DIMACS 

h_p://familiar-‐project.github.com/	  

Mathieu	  Acher,	  Philippe	  Collet,	  Philippe	  Lahire,	  Robert	  B.	  France	  «	  A	  Domain-‐Specific	  Language	  for	  Large-‐
Scale	  Management	  of	  Feature	  Models	  »	  Science	  of	  Computer	  Programming	  (SCP),	  2013	  
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Ooops	  
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Safe	  composiPon?	  No!	  
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Safe	  composiPon:	  how	  does	  it	  work?	  

101	  

Another	  
proposi:onal	  
formula	  


