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Plan 
•  Software Product Line in a nutshell 

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

– Realizing variability 
– Product line engineering 

•  Feature Models 
– Defacto standard for modeling product 

lines and variability 
– Syntax, semantics, automated reasoning, 

synthesis 
3 



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 
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“Reverse	Engineering	Web	Configurators”	Ebrahim	Khalil	Abbasi,	Mathieu	Acher,	Patrick	
Heymans,	and	Anthony	Cleve.	In	17th	European	Conference	on	SoJware	Maintenance	and	
Reengineering	(CSMR'14)	
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«	Feature	Model	ExtracTon	from	Large	CollecTons	of	Informal	Product	DescripTons	»		
Jean-Marc	Davril,	Edouard	Delfosse,	Negar	Hariri,	Mathieu	Acher,	Jane	Cleland-Huang,	Patrick	
Heymans	(ESEC/FSE’13)	
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«	ExtracTon	and	EvoluTon	of	Architectural	Variability	Models	in	Plugin-based	Systems	»			
Mathieu	Acher,	Anthony	Cleve,	Philippe	Collet,	Philippe	Merle,	Laurence	Duchien,	Philippe	
Lahire	ECSA/SoSyM’14	

FraSCAti

SCAParser

Java Compiler

JDK6 JDT

Optional

Mandatory

Alternative-
Group

Or-Group

Assembly Factory

resthttp

Binding

MMFrascati

Component Factory

Metamodel

MMTuscany

constraints

rest requires MMFrascati
http requires MMTuscany

FM1

Variability	Model	



Printer	
Firmware	



Linux	
Kernel	



Guillaume	Bécan,	Nicolas	Sannier,	Mathieu	Acher,	Olivier	Barais,	Arnaud	Blouin,	and	Benoit	Baudry.	
AutomaTng	the	FormalizaTon	of	Product	Comparison	Matrices	(2014).	In	29th	IEEE/ACM	InternaTonal	
Conference	on	Automated	SoJware	Engineering	(ASE'14)	
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Variability	

class Edge { 
  Node a, b; 
  Color color = new Color(); 
  Weight weight = new Weight(); 
  Edge(Node _a, Node _b) { a = _a; b = _b; } 
  void print() { 
    Color.setDisplayColor(color); 
    a.print(); b.print();  
    weight.print(); 
  } 
} 

class Edge { 
  Node a, b; 
  Color color = new Color(); 
  Weight weight = new Weight(); 
  Edge(Node _a, Node _b) { a = _a; b = _b; } 
  void print() { 
    Color.setDisplayColor(color); 
    a.print(); b.print();  
    weight.print(); 
  } 
} 

class Edge { 
  Node a, b; 
  Color color = new Color(); 
  Weight weight; 
  Edge(Node _a, Node _b) { a = _a; b = _b; } 
  void print() { 
    Color.setDisplayColor(color); 
    a.print(); b.print();  
    weight.print(); 
  } 
} 

class Graph { 
  Vector nv = new Vector(); Vector ev = new Vector(); 
  Edge add(Node n, Node m) { 
    Edge e = new Edge(n, m); 
    nv.add(n); nv.add(m); ev.add(e);  
    e.weight = new Weight(); 
    return e; 
  } 
  Edge add(Node n, Node m, Weight w) 
    Edge e = new Edge(n, m); 
    nv.add(n); nv.add(m); ev.add(e); 
    e.weight = w; return e; 
  } 
  void print() { 
    for(int i = 0; i < ev.size(); i++) { 
      ((Edge)ev.get(i)).print();  
    } 
  } 
} 

class Graph { 
  Vector nv = new Vector(); Vector ev = new Vector(); 
  Edge add(Node n, Node m) { 
    Edge e = new Edge(n, m); 
    nv.add(n); nv.add(m); ev.add(e);  
    e.weight = new Weight(); 
    return e; 
  } 
  Edge add(Node n, Node m, Weight w) 
    Edge e = new Edge(n, m); 
    nv.add(n); nv.add(m); ev.add(e); 
    e.weight = w; return e; 
  } 
  void print() { 
    for(int i = 0; i < ev.size(); i++) { 
      ((Edge)ev.get(i)).print();  
    } 
  } 
} 

class Node { 
  int id = 0; 
  Color color = new Color(); 
  void print() {  
    Color.setDisplayColor(color); 
    System.out.print(id); 
  } 
} 

class Node { 
  int id = 0; 
  Color color = new Color(); 
  void print() {  
    Color.setDisplayColor(color); 
    System.out.print(id); 
  } 
} 

class Color { 
  static void setDisplayColor(Color c) { ... }  
} class Weight { void print() { ... } } 15	



class Edge { 
  Node a, b; 
  /*if[COLOR]*/ 
  Color color = new Color(); 
  /*end[COLOR]*/ 
  /*if[WEIGHT]*/ 
  Weight weight; 
  /*end[WEIGHT]*/ 
  Edge(Node _a, Node _b) { a = _a; b = _b; } 
  void print() { 
    /*if[COLOR]*/ 
    Color.setDisplayColor(color); 
    /*end[COLOR]*/ 
    a.print(); b.print();  
    /*if[WEIGHT]*/ 
    weight.print(); 
    /*end[WEIGHT]*/ 
  } 
} 

class Graph { 
  Vector nv = new Vector(); Vector ev = new Vector(); 
  Edge add(Node n, Node m) { 
    Edge e = new Edge(n, m); 
    nv.add(n); nv.add(m); ev.add(e);  
    /*if[WEIGHT]*/ 
    e.weight = new Weight(); 
    /*end[WEIGHT]*/ 
    return e; 
  } 
  /*if[WEIGHT]*/ 
  Edge add(Node n, Node m, Weight w) 
    Edge e = new Edge(n, m); 
    nv.add(n); nv.add(m); ev.add(e); 
    e.weight = w; return e; 
  } 
  /*end[WEIGHT]*/ 
  void print() { 
    for(int i = 0; i < ev.size(); i++) { 
      ((Edge)ev.get(i)).print();  
    } 
  } 
} 

class Node { 
  int id = 0; 
  /*if[COLOR]*/ 
 Color color = new Color(); 
  /*end[COLOR]*/ 
 void print() {  
    /*if[COLOR]*/ 
    Color.setDisplayColor(color); 
    /*end[COLOR]*/ 
    System.out.print(id); 
  } 
} 

/*if[COLOR]*/ 
class Color { 
  static void setDisplayColor(Color c) { ... }  
} 
/*end[COLOR]*/ 

 /*if[WEIGHT]*/ 
class Weight { void print() { ... } } 
 /*end[WEIGHT]*/ 
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class Edge { 
  Node a, b; 
  Weight weight; 
  Edge(Node _a, Node _b) { a = _a; b = _b; } 
  void print() { 
   a.print(); b.print();  
   weight.print(); 
} 
} 

class Graph { 
  Vector nv = new Vector(); Vector ev = new Vector(); 
  Edge add(Node n, Node m) { 
    Edge e = new Edge(n, m); 
    nv.add(n); nv.add(m); ev.add(e);  
e.weight = new Weight(); 
return e; 
  } 
Edge add(Node n, Node m, Weight w) 
    Edge e = new Edge(n, m); 
    nv.add(n); nv.add(m); ev.add(e); 
    e.weight = w; return e; 
  } 
void print() { 
    for(int i = 0; i < ev.size(); i++) { 
      ((Edge)ev.get(i)).print();  
    } 
  } 
} 

class Node { 
  int id = 0; 
  void print() {  
   System.out.print(id); 
  } 
} 

class Weight { void print() { ... } } 

17	
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class Edge { 
  Node a, b; 
  Color color = new Color(); 
Edge(Node _a, Node _b) { a = _a; b = _b; } 
  void print() { 
Color.setDisplayColor(color); 
a.print(); b.print();  
} 
} 

class Graph { 
  Vector nv = new Vector(); Vector ev = new Vector(); 
  Edge add(Node n, Node m) { 
    Edge e = new Edge(n, m); 
    nv.add(n); nv.add(m); ev.add(e);  
return e; 
  } 
void print() { 
    for(int i = 0; i < ev.size(); i++) { 
      ((Edge)ev.get(i)).print();  
    } 
  } 
} 

class Node { 
  int id = 0; 
Color color = new Color(); 
void print() {  
Color.setDisplayColor(color); 
System.out.print(id); 
  } 
} 

class Color { 
  static void setDisplayColor(Color c) { ... }  
} 

18	
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Guillaume	Bécan,	Mathieu	Acher,	Jean-Marc	Jézéquel,	and	Thomas	Menguy.	On	the	Variability	Secrets	of	an	
Online	Video	Generator	(2015).	In	VaMoS'15	

"sq":	["dwlcjv",	"1y60t3z",	"1lynk",	"wqzv0y",	
"1xxivi2",	"1oxnvtu",	"lolbe9",	"wvo06o",	
"1u6y5t2",	"1eqb8bw",	"1j9aij7",	"nr7jom",	
"1jmv11y",	"1qgn9dh",	"1bv7rka",	"19ykyyw",	
"5znrg7",	"116hv1k"]	
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Food?	Product	lines!	
(credits:	Chris:an	Kaestner’s	slide)	
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Extensible
	architect

ures	

(eg	plugin
s-based)	

Configura
:on	

files	

System	

Preferenc
es	

Configura
tors	

Source	co
de	Build	

systems	

Comparison	o
f	*	

Structura
l	or	behav

orial		

models	

Product	Lines	
and		

Variability	
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Extensible
	architect

ures	

(plugins-b
ased)	

Configura
:on	

files	

System	

Preferenc
es	

Configura
tors	

Source	co
de	

Build	syst
ems	

Comparison	o
f	Product

	



Variability	Model		

Configura:on	

Base	Artefacts	(e.g.,	
models)	

SoNware	Generator	
(deriva:on	engine)	

ü	 ü	

mapping		



Variability	Model		

SoNware	Generator	
(deriva:on	engine)	

Base	Artefacts	

mapping		

ü	
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Illegal	variant	



30	

Unused	flexibility	



What’s	the	problem	(if	any)?		

31	





	
Feature	Model	
	
Communica:ve	
	
Analy:c	
	
Genera:ve	
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not, and, or, 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

{AirCondiToningFrontAndRear,	FrontFogLights,	SAControl}	
{AirCondiToningFrontAndRear,	SAControl}	
{AutomaTcHeadLights,	AirCondiToning,	FrontFogLights}	
{AirCondiToningFrontAndRear,	SAControl,	AutomaTcHeadLights,	FrontFogLights}	
{FrontFogLights,	AirCondiToning}	
{AutomaTcHeadLights,	AirCondiToningFrontAndRear,	FrontFogLights}	
{FrontFogLights,	AirCondiToningFrontAndRear}	
{SAControl,	AirCondiToning}	



(Boolean)	Feature	Models	

36	

Hierarchy	+	Variability	=	set	of	valid	configura:ons	

Optional

Mandatory

Xor-Group

Or-Group

fm1	



(Boolean)	Feature	Models	

37	

~	Boolean	formula	

Optional

Mandatory

Xor-Group

Or-Group

fm1	





Formal semantics of a language 

–  formal syntax (L) – clearcut syntactic rules 
defining all legal diagrams, a.k.a. syntactic domain 

– semantic domain (S) – a mathematical 
abstraction of the real-world concepts to be 
modelled 

– semantic function (M: L ⟶ S) – clearcut semantic 
rules defining the meaning of all legal diagrams 

[Harel & Rumpe, IEEE Computer, 2004] 
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Optional

Mandatory

Xor-Group

Or-Group
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Hierarchy	+	Variability		
=		

set	of	valid	configura:ons	

ü

ü

Optional

Mandatory

Xor-Group

Or-Group

{CarEquipment,	Comfort,	
DrivingAndSafety,	
Healthing}	 X

{AirCondiToningFrontAndRear,	FrontFogLights,	SAControl}	
{AirCondiToningFrontAndRear,	SAControl}	
{AutomaTcHeadLights,	AirCondiToning,	FrontFogLights}	
{AirCondiToningFrontAndRear,	SAControl,	AutomaTcHeadLights,	FrontFogLights}	
{FrontFogLights,	AirCondiToning}	
{AutomaTcHeadLights,	AirCondiToningFrontAndRear,	FrontFogLights}	
{FrontFogLights,	AirCondiToningFrontAndRear}	
{SAControl,	AirCondiToning}	



Quizz	

1)	Give	two	feature	models	with	the	same	
configuraTon	semanTcs	but	with	different	
syntax	

2)	Does	it	mauer	?	

42	
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φ FM 

	
	
	
	
	
	

Feature	Model	Synthesis	Problem	
[Czarnecki	et	al.,	SPLC’07]	

[She	et	al.,	ICSE’11]	
[Andersen	et	al.,	SPLC’12]	

A	^	
A	ó	B	^		
C	=>	A	^	
D	=>	A		



#1	Reverse	Engineering	Scenarios	
•  [Haslinger	et	al.,	WCRE’11],	[Acher	et	al.,	VaMoS’12]	

φ 

V

DAd OT M KAe CP R S

C requires T
Ae requires T
S equals M

V

DAd OT KAe SP R M

C requires T
S equals M

C

0..1



#2	Refactoring	
•  [Alves	et	al.,	GPCE’06],	[Thuem	et	al.,	ICSE’09]	

φ 
V

DAd OT M KAe CP R S

C requires T
Ae requires T
S equals M



Feature	Model	SemanTcs	
•  As	configuraTon	semanTcs	is	not	sufficient…	

•  Ontological	semanTcs	
– Hierarchy		
– And	feature	groups	

46	



Quizz	(back	to	Feature	Model)	

	
	
Given	a	set	of	configuraTons	s,	can	we	always	
characterize	s	with	a	feature	diagram	fd	?		
ie	[[fd]]	=	s	
	
In	other	words:	is	the	formalism	of	feature	diagram	expressive	
enough	wrt	Boolean	logic?	 47	



Feature	Diagram	?	

48	

s	=	{{A},	
{A,C,B},	
{B,A},	
{C,D,A},	
{D,A},	
{A,D,B},	
{A,C}	
}	



Feature	Diagram	?	

49	

s	=	{{A},	
{A,C,B},	
{B,A},	
{C,D,A},	
{D,A},	
{A,D,B},	
{A,C}	
}	

fm1	=	FM	(A	:	[B]	[C]	[D]	^		
//	B,	C	and	D	are	opTonal	features	of	A	
	
((B	&	C)	->	!D)	
	
)	



Feature	Diagram	?	

50	



Quizz		
	

Feature	Model	(bis)	
	
	
s	=	{{A},	{B}}	
	
fd	=	?		

51	



Feature	Model:	Key	Insights 		
•  SemanTcs	

– ConfiguraTon	and	ontological	

•  Syntax	
– Feature	diagram	vs	Feature	Model	
– Feature	diagram	not	expressively	complete	
	

•  Feature	models	are	a	(syntacTcal)	view	of	a	
proposiTonal	formula			

52	





Or

Xor

Mandatory

Optional

not, and, or, implies

Variability Models (feature models) 

Mining/Extracting 
Encoding/Formalizing 
Synthesising 



φ 



Feature	model	synthesis	problem	

Input:	φ,	a	proposiTonal	formula	represenTng	the	dependencies	over	a	set	of	features	F.	
	
Output:	a	maximal	feature	model	with	a	sound	configura:on	seman:cs	

φ	 Feature	model	
synthesis	 FM	



For	a	given	configura:on	set,		
	
many	(maximal)	feature	diagrams		
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Maximal	feature	diagrams	
	~	“as	much	logical	informaTon	as	possible	is	
represented	in	the	diagram	itself,	without	

resorTng	to	the	constraints”	
	
	

58	



Maximal	feature	diagrams	
	~	“as	much	logical	informaTon	as	possible	is	
represented	in	the	diagram	itself,	without	

resorTng	to	the	constraints”	
	

Quizz:		
give	a	non	maximal	feature	diagram		
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Feature	model	synthesis	problem	

Input:	φ,	a	proposiTonal	formula	represenTng	the	dependencies	over	a	set	of	features	F.	
	
Output:	a	maximal	feature	model	with	a	sound	configura:on	seman:cs	

φ	 Feature	model	
synthesis	

FM1	

(1)	compute	all	possible	feature	groups,		
mutual	exclusions,	(bi-)implica:ons	
(2)	arbitrary/default	choices;	or	user	knowledge	

…	
FMn	

FM0	



Andersen et al. «		Efficient	Synthesis	of	Feature	Models	»,	SPLC’12	



(F5	->	F2)	^	(F2	->	S)	^	SYNTETIC_ROOT_FEATURE	^	
(F6	->	!F5)	^	(F1	->	S)	^	(SYNTETIC_ROOT_FEATURE	
->	S)	^	(F4	->	S)	^	(S	->	F2)	^	(F6	->	F2)	^	((!F2	|	F6)	|	
(!F2	|	F5))	^	(S	->	SYNTETIC_ROOT_FEATURE)			



Quizz		
There	and	Back	Again	

	
	
1)	Translate	this	feature	model	to	a	
proposiTonal	formula		
	
2)	Compute	the		
synthesis	«	structures	»		

63	



Key:	Binary	ImplicaTon	Graph		
Sound	and	complete	representa:on	of	possible	hierarchies	



Sound	and	complete	representa:on	of	
possible	hierarchies	



For	a	given	configura:on	set,		
	
many	(maximal)	feature	diagrams		
	
with	different	ontological	seman:cs		
[She	et	al.	ICSE’11,	Andersen	et	al.	SPLC’12,	Acher	et	al.	VaMoS’13]	
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For	a	given	configura:on	set,	many	(maximal)	feature	diagrams	with	
different	ontological	seman:cs	[She	et	al.	ICSE’11,	Andersen	et	al.	SPLC’12,	Acher	et	al.	VaMoS’13]	

67	



Importance	of	ontological	seman:cs	(1)	

68	



Importance	of	ontological	seman:cs	(2)	

69	



Importance	of	ontological	seman:cs	(3)	

70	

CommunicaTon	
Comprehension	
Forward	engineering	(e.g.,	generaTon)	
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Two	product	configurators	generated	from	two	FMs	with	the	same	configura:on	seman:cs		

but	different	ontological	seman:cs.	

Good	FM	

Good	configura:on	interface	

Bad	FM	

Bad	configura:on	interface	

Importance	of	ontological	seman:cs	(4)	



Most	of	the	exis:ng	approaches	neglect	either	
configura:on	or	ontological	seman:cs.	

We	want	both!	

72	

φ	



Fundamental	Problem		
Selec:ng	a	Spanning	Tree	of	the	Binary	Implica:on	Graph	(BIG)	

73	
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#0	Op:mum	branching	(Tarjan)	weigh:ng	edges		

Fundamental	Problem		
Selec:ng	a	Spanning	Tree	of	the	Binary	Implica:on	Graph	(BIG)	
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#1	Ranking	lists	best	parent	candidates	for	each	feature	

Fundamental	Problem		
Selec:ng	a	Spanning	Tree	of	the	Binary	Implica:on	Graph	(BIG)	
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#2	Clusters	~possible	siblings		

Fundamental	Problem		
Selec:ng	a	Spanning	Tree	of	the	Binary	Implica:on	Graph	(BIG)	
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#3	Cliques	~bi-implica:ons	

Fundamental	Problem		
Selec:ng	a	Spanning	Tree	of	the	Binary	Implica:on	Graph	(BIG)	
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#4	small	BIG	
	

Fundamental	Problem		
Selec:ng	a	Spanning	Tree	of	the	Binary	Implica:on	Graph	(BIG)	
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#4	reduced	BIG	
incomplete	but	drama:cally	reduce	the	problem

	

	

Fundamental	Problem		
Selec:ng	a	Spanning	Tree	of	the	Binary	Implica:on	Graph	(BIG)	



Ontological	Heuris:cs	
•  For	opTmum	branching,	compuTng	ranking	lists	and	
clusters	
–  ~	«	closedness	»	of	features	based	on	their	names	

•  SyntacTcal	heurisTcs	
– Smith-Waterman		(SW)	and	Levenshtein		(L)	

•  Wordnet		
– PathLength		(PL)	and	Wu&Palmer		(WP)		

•  Wikipedia	Miner	offers	an	API	to	browse	Wikipedia's	
arTcles	and	compute	their	relatedness		
– WikTonary		(Wikt)	

	

80	
Milne,	D.N.,	Wiwen,	I.H.:	An	open-source	toolkit	for	mining	
wikipedia.	Ar:f.	Intell.	194,	222{239	(2013)	

40	GB!	



WebFML	

81	



•  Dataset	
–  120+	feature	models	of	SPLOT	
–  30+	product	comparison	matrices	from	Wikipedia	(see	
Becan	et	al.	ASE’14	and	ASE’13)	

–  Ground	truths	are	known	
•  EffecTveness	of	techniques	(reduced	BIG	+	ontological	

heurisTcs)	
–  One	shot	synthesis	
– Quality	of	the	ranking	lists	(top	2),	clusters	
–  Comparison	with	randomized	and	exisTng	techniques	

82	

Support	and	Empirical	Study	(1)	
Goal:	evidence	and	empirical	insights	of	what	heuris:cs	
are	effec:ve	and	what	support		is	needed	in	WebFML	



•  Dataset	
–  120+	feature	models	of	SPLOT	
–  30+	product	comparison	matrices	from	Wikipedia	(see	
Becan	et	al.	ASE’14	and	ASE’13)	

–  Ground	truths	are	known	
•  EffecTveness	of	techniques	(reduced	BIG	+	ontological	

heurisTcs)	
–  One	shot	synthesis	
– Quality	of	the	ranking	lists	(top	2),	clusters	
–  Comparison	with	randomized	and	exisTng	techniques	

83	

Support	and	Empirical	Study	(2)	
Default	heuris:cs/support	has	been	determined	through	
an	empirical	study		



•  One-step	synthesis	is	far	from	the	ground	truth	
–  despite	state-of-the-art	techniques	we	have	developed	
–  interacTve	support	is	thus	crucial	

•  State-of-the-art	heurisTcs	for	ranking	lists	and	clusters	

•  Empirical	insights	on	«	cliques	»	and	BIG	reducTon	
–  e.g.,	support	for	unfolding	of	cliques	

84	

Support	and	Empirical	Study	(3)	
Default	heuris:cs/support	has	been	determined	through	
an	empirical	study		



hwp://:nyurl.com/
OntoFMExperiments	

85	

hwps://hal.inria.fr/hal-01096969	

Support	and	Empirical	Study	(3)	



She	et	al.		
Reverse	Engineering	Feature	Models	ICSE’11	

(Linux/eCos/FreeBSD	case	study)	

86	
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She	et	al.	Reverse	Engineering	Feature	Models	ICSE’11	
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φ	

She	et	al.	Reverse	
Engineering	Feature	
Models	ICSE’11	
	



Ontological	heurisTcs	(based	on	
feature	descripTons)	

90	

She	et	al.	Reverse	Engineering	Feature	Models	ICSE’11	
	



Ontological	heurisTcs	(based	on	
feature	descripTons)	
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She	et	al.	Reverse	Engineering	Feature	Models	ICSE’11	
	



Ontological	heurisTcs	(based	on	
feature	descripTons)	

92	

She	et	al.	Reverse	Engineering	Feature	Models	ICSE’11	
	



Ontological	heurisTcs	(based	on	
feature	descripTons)	

93	

Ranked	list	

She	et	al.	Reverse	Engineering	Feature	Models	ICSE’11	
	



Empirical	results	

94	

She	et	al.	Reverse	Engineering	Feature	Models	ICSE’11	
	



95	

Guillaume	Bécan,	Mathieu	Acher,	Benoit	Baudry,	and	Sana	Ben	Nasr.	Breathing	Ontological	
Knowledge	Into	Feature	Model	Synthesis:	An	Empirical	Study	(2015).	In	Empirical	SoJware	
Engineering	(ESE)		
	WebFML:	Synthesizing	Feature	Models	Everywhere	(SPLC’14)	





	(FeAture	Model	scrIpt	Language	for	manIpulaTon	and	AutomaTc	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 

hwp://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	



Configura:on	

98	

conf.fml	 Optional

Mandatory

Xor-Group

Or-Group



99	

φ FM 

A	^	
A	ó	B	^		
C	=>	A	^	
D	=>	A		

Optional

Mandatory

Xor-Group

Or-Group



Opera:ons	for	Feature	Models	(1)	

100	
φ

operatorsFM.fml	

Optional

Mandatory

Xor-Group

Or-Group



Opera:ons	for	Feature	Models	(2)	

101	

φ

operatorsFM2.fml	

Optional

Mandatory

Xor-Group

Or-Group



Opera:ons	for	Feature	Models	(3)	

102	

operatorsFM3.fml	

Optional

Mandatory

Xor-Group

Or-Group



		

		

		 		

		 		

		

		 		

		

		

		

		 		

		
		

		

		 		

		

SoC	support	=	Composi:on/Decomposi:on	
for	managing	
large,	complex	and	mul:ple	
feature	models	
FORM	1998,	Tun	et	al.	2009	(SPLC),	Hartmann	2008	(SPLC),	Lee	et	al.	2010,	Czarnecki	2005,	Reiser	et	al.	2007	(RE	journal),	Hartmann	
et	al.	2009	(SPLC),	Thuem	et	al.	2009	(ICSE),	Classen	et	al.	2009	(SPLC),	Mendonca	et	al.	2010	(SCP),	Dunghana	et	al.	2010,	Hubaux	et	
al.	2011	(SoSyM),	Zaid	et	al.	2010	(ER),	She	et	al.,	2011	(ICSE),	etc.	
	



Composing	Feature	Models	(1)	

104	

aggregateBasics.fml	

Optional

Mandatory

Xor-Group

Or-Group



Composing	Feature	Models	(2)	

105	

aggregate1.fml	

Previous	
version	

Optional

Mandatory

Xor-Group

Or-Group



Merging	Feature	Models	(1)	

106	

mergeMI.fml	

Mathieu	Acher,	Philippe	Collet,	Philippe	Lahire,	Robert	B.	France	«	Comparing	Approaches	for	
ImplemenTng	Feature	Model	ComposiTon	»	ECMFA’10	



Merging	opera:on	(2)	

107	

mergeNonPC.fml	

>	configs	fm4	
res12:	(SET)	{{C;A};{A;B};{A};{A;B;C}}	 ?	

Mathieu	Acher,	Benoit	Combemale,	Philippe	Collet,	Olivier	Barais,	Philippe	Lahire,	Robert	B.	
France	«	Composing	your	ComposiTons	of	Variability	Models	»	MODELS’13	

Optional

Mandatory

Xor-Group

Or-Group



see	also	Thuem,	Kastner	and	Batory,	ICSE’09	

Comparing	Feature	Models	

108	

compare.fml	

Optional

Mandatory

Xor-Group

Or-Group





Merge	Intersec:on:	Available	Suppliers	

110	

∩	 ∩	

A	customer	
has	some	

requirements	

Suppliers?	
Products?	



In	FAMILIAR	

111	

suppliersExample0.fml	



Merge	Union:	Availability	Checking	

112	

Can	suppliers	provide	all	products?	
Yes!	

“compare”	
		

	

∩	

Optional

Mandatory

Xor-Group

Or-Group



In	FAMILIAR	

113	

suppliersExample.fml	



Merging	opera:on:		implementa:on	issues	

114	

How	to	synthesise	a	feature	model	that	represents	
the	union	of	input	sets	of	configura:ons?	

Optional

Mandatory

Xor-Group

Or-Group

T2

MRI

Medical Image

HeaderAnonymized

T1

DICOM
Header excludes DICOM
Header implies Anonymized
Anonymized v Header v ~DICOM v ~T1 v ~T2
Anonymized v Header v DICOM v ~T1 v ~T2



115	

Merging	opera:on:	seman:c	issues	(2)	

φ 
Union	
IntersecTon		
Diff	
	 How	to	synthesise	a	feature	model	that	represents	

the	union	of	input	sets	of	configura:ons?	



Merging	opera:on:	algorithm	

116	

φ
1 

φ
2 

φ3 

φ 
123 

merged	proposiTonal	formula	
T2

MRI

Medical Image

HeaderAnonymized

T1

DICOM

merged	hierarchy	
+	

Set	mandatory	features	
Detect	Xor	and	Or-groups	
Compute	“implies/excludes”	
constraints	

How	to	synthesise	a	feature	
model	that	represents	the	
union	of	input	sets	of	
configura:ons?	

see	also	[Czarnecki	SPLC’07	or	SPLC’12]	

Optional

Mandatory

Xor-Group

Or-Group



Merging	opera:on:	back	to	hierarchy	

117	

mergeNonPC.fml	

>	configs	fm4	
res12:	(SET)	{{C;A};{A;B};{A};{A;B;C}}	 ?	

Mathieu	Acher,	Benoit	Combemale,	Philippe	Collet,	Olivier	Barais,	Philippe	Lahire,	Robert	B.	
France	«	Composing	your	ComposiTons	of	Variability	Models	»	MODELS’13	

Optional

Mandatory

Xor-Group

Or-Group
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Problem:	mul:ple	„car	models“		



 
 

120	

Problem:	mul:ple	„car	models“		
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Problem:	mul:ple	„car	models“		
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Problem:	mul:ple	„car	models“		

	
#2	–	bowom-up:	elaborate	a	feature	model	for	each	model	line	and	merge	them	

Two	modeling	approaches	
#1	–	top-down:	specify	constraints	(e.g.,	excludes)	of	all	model	lines	upfront	
	



123	

#1	top-down	



124	

#1	bowom-up	
FM_1	

FM_2	

FM_3	

FM_r	merge	



125	

#1	bowom-up	(FAMILIAR)	
FM_1	

FM_2	

FM_3	

FM_r	merge	

audiMerge.fml	





•  Problem:	given	a	feature	model,	how	to	
decompose	it	into	smaller	feature	models?	

•  SemanTcs?	
– What’s	the	hierarchy	
– What’s	the	set	of	configuraTons?	

127	

Building	“views”	of	a	feature	model	



A	first	try	

A3 => P1
P2 => A5

R

A2

A5 A6

A1

A3 A4

A

fm0

P3P2P1

P

P1 => P2

A2

A5 A6

A1

A3 A4

A
fmExtraction1

A2

A5 A6

A1

A3 A4

A
fmExtraction2

A3 => A5
A4 => A6

Problem:	You	can	select	A3	without	A5	

Hierarchy	and	Configura:on	mawer!	 128	



Slicing	Operator	

W

constraints
E implies D
R implies E 
D excludes F
S implies (F and not E)

P

R S

fm1

AV

T U

B C D

E F

Optional

Mandatory

Xor-Group

Or-Group

T

S E D

constraints
E implies D
D implies E

slicing	criterion	:	an	arbitrary	set	of	features,	relevant	for	a	feature	model	user	

slice	:	a	new	feature	model,	represenTng	a	projected	set	of	configuraTons		

129	



Slicing	operator:	going	into	details	
projected	set	of	configura:ons	

130	

fm1	=	{		
{A,B,C,D,E,P,R,T,U,W},		
{A,B,C,F,P,S,T,U,W},		
{A,B,C,D,E,P,R,T,W},		
{A,B,C,F,P,S,T,V,W},		
{A,B,C,F,P,S,T,U,V,W},		
{A,B,C,F,P,S,T,W},		
{A,B,C,D,E,P,R,T,V,W},		
}	

fm1	=	{		
{A,B,C,D,E,P,R,T,U,W},		
{A,B,C,F,P,S,T,U,W},		
{A,B,C,D,E,P,R,T,W},		
{A,B,C,F,P,S,T,V,W},		
{A,B,C,F,P,S,T,U,V,W},		
{A,B,C,F,P,S,T,W},		
{A,B,C,D,E,P,R,T,V,W},		
}	

fm1p	=	{		
{D,E,T},		
{S,T},		
{D,E,T},		
{S,T},		
{S,T},		
{S,T},		
{D,E,T}	
}	

fm1p	=	{		
{D,E,T},		
{S,T},		
}	

W

constraints
E implies D
R implies E 
D excludes F
S implies (F andnot E)

P

R S

fm1

AV

T U

B C D

E F

Optional

Mandatory

Xor-Group

Or-Group



+	
T

S E D

constraints
E implies D
D implies E

φ
s1 

existenXal	
quanXficaXon	
of	features	
not	included	
in	the	slicing	
criterion	

131	

fm1p	=	{		
{D,E,T},		
{S,T}	
}	

Slicing	operator:	going	into	details	
synthesizing	the	corresponding	feature	model	

S	 E	 D	

T	

W

constraints
E implies D
R implies E 
D excludes F
S implies (F andnot E)

P

R S

fm1

AV

T U

B C D

E F

φ
1 

Mathieu	Acher,	Philippe	Collet,	Philippe	Lahire,	Robert	B.	France	«	SeparaTon	of	Concerns	in	
Feature	Modeling:	Support	and	ApplicaTons	»	AOSD’12	

Optional

Mandatory

Xor-Group

Or-Group



T

S E D

constraints
E implies D
D implies E

132	

Slicing	operator	with	FAMILIAR	(1)	

W

constraints
E implies D
R implies E 
D excludes F
S implies (F andnot E)

P

R S

fm1

AV

T U

B C D

E F

slicingOp2.fml	

Optional

Mandatory

Xor-Group

Or-Group
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Slicing	with	FAMILIAR	(2)	
slicingOp.fml	



From	marke*ng,	
customers,	product	
management		

From	exis*ng	so6ware	
assets		(technical	variability)	

Metzger,	Heymans	et	al.	“DisambiguaXng	the	DocumentaXon	of	Variability	in	So]ware	Product	
Lines:	A	SeparaXon	of	Concerns,	FormalizaXon	and	Automated	Analysis“	(RE’07)	



V1 ⬄ f1
V2 ⬄ f2
V3 ⬄ f3 

From	marke*ng,	
customers,	product	
management		

From	exis*ng	
so6ware	assets		

realizability	

usefulness	

Optional

Mandatory

Xor-Group

Or-Group



Realizability	checking	
aggregate	

{{V1,V3,V2,VP1},	
{V1,VP1},	
{V3,VP1},		
{VP1}}		

merge	diff	
(“unrealizable	products”)	

	

φ

1

slice	(“realizable	part”)	2

3 compare	
4	

Mathieu	Acher,	Philippe	Collet,	Philippe	Lahire,	Robert	B.	France	«	SeparaTon	of	Concerns	in	
Feature	Modeling:	Support	and	ApplicaTons	»	AOSD’12		

Optional

Mandatory

Xor-Group

Or-Group



With	FAMILIAR	

137	

realizibility.fml	



138	

Revisi:ng	Merge:		
Aggregate	+	Slice	

Optional

Mandatory

Xor-Group

Or-Group



139	

Revisi:ng	Aggregate,		
Merge	and	Slice:		

	

mergeWithAggregateMI.fml	

Mathieu	Acher,	Benoit	Combemale,	Philippe	Collet,	Olivier	Barais,	Philippe	Lahire,	Robert	B.	
France	«	Composing	your	ComposiTons	of	Variability	Models	»	MODELS’13	

Optional

Mandatory

Xor-Group

Or-Group



140	
Mathieu	Acher,	Benoit	Combemale,	Philippe	Collet,	Olivier	Barais,	Philippe	Lahire,	Robert	B.	
France	«	Composing	your	ComposiTons	of	Variability	Models	»	MODELS’13	





142	

Compose/Decompose	
Configure	
Analyse	
Generate	

	
	

	
	
	
	
	
	

ü	

Reverse	Engineering	

Product	
descrip:ons	

Component		
Models	

	
	

Dependencies	
Files	

Web	
Configurators	

Source	Code	

Regulatory	
Requirements	



Conclusion	
•  Modeling	variability		

– Syntax	and	semanTcs	of	feature	models;	synthesis	
(from	semanTcs	to	syntax)	

– Reasoning	and	operaTons	for	feature	models	

•  Basis	for	reverse	engineering	variability		
– Code	base,	textual	inputs,	tabular	data,	configuraTon	
files,	“variants”		

143	



		

		

		 		

		?	



hup://Tnyurl.com/
tpfml1617	

145	



Modeling	and	Reverse	
Engineering	Product	Lines	





Mining/Extracting 
Encoding/Formalizing 
Synthesising 







Choose	your	BEST	Laptop..	

Values	

?	

Differences	?	 Commonali:es	

Alterna:ves	

? Features		

?	



Manual	case-by-case	review	of	each	
product	L		

Manually	iden:fying	
features	



MatrixMiner:	A	Red	Pill	to	Architect	Informal	Product	
Descrip:ons	in	the	Matrix	(Ben	Nasr	et	al.,	ESEC/FSE’15	tool)	

hwp://matrix-miner.variability.io/	



Guillaume	Bécan,	Nicolas	Sannier,	Mathieu	Acher,	Olivier	Barais,	Arnaud	Blouin,	and	Benoit	Baudry.	
AutomaTng	the	FormalizaTon	of	Product	Comparison	Matrices	(2014).	In	29th	IEEE/ACM	InternaTonal	
Conference	on	Automated	SoJware	Engineering	(ASE'14)	



OpenCompare.org 

standard format 
collaborative edition 
import/export of numerous formats 
embeddable editor  
open source 
open data  
 
innovative services (e.g., for visualizing, configuring, filtering and 

« playing » with comparisons; ways to share, collaborate, and easily create comparisons) 

 
 
 
 

(https://github.com/gbecan/OpenCompare) 

(opencompare.org/api/get/ID) 







Guillaume	Bécan,	Razieh	BehjaT,	Arnaud	Gotlieb,	and	Mathieu	Acher.	Synthesis	of	Auributed	
Feature	Models	From	Product	DescripTons	(2015).	In	19th	InternaTonal	SoJware	Product	Line	
Conference	(SPLC'15)	(research	track,	long	paper)	



Guillaume	Bécan,	Razieh	BehjaT,	Arnaud	Gotlieb,	and	Mathieu	Acher.	Synthesis	of	Auributed	
Feature	Models	From	Product	DescripTons	(2015).	In	19th	InternaTonal	SoJware	Product	Line	
Conference	(SPLC'15)	(research	track,	long	paper)	









Quizz	(Class	Diagram)	

1)	Give	two	class	diagrams	with	the	same	
semanTcs	but	with	different	syntax	

–  (preliminary)	what	is	the	semanTc	domain	of	CDs?	

2)	Does	it	mauer	?	

163	



164	
Maoz et al. CDDiff:	Seman:c	Differencing	
for	Class	Diagrams,	ECOOP’11	



165	Maoz et al. CDDiff:	Seman:c	Differencing	for	Class	Diagrams,	ECOOP’11	



Quizz	(open	problem)	

ComposiTon	of	auributed	
feature	models		

166	


