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ì  Inputs:  

ì  Output: 
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• (X,D) : Vocabulary

• B : Bias (possible constraints)

• CT : Target network

• (E+, E�
) : positives and negatives

• CL: Learnt network s.t.,

– CL ⇢ B : CL ⌘ CT



Example	
  

X1	
   X3	
  

X2	
  

=	
  
<	
  

X1	
   X3	
  

X2	
  

=	
  
<	
  

• � = {<,=}

• B = {xi < xj , xi = xj , �i, j}

• CT = {x1 = x3, x1 < x2}

• CL = {x1 = x3, x3 < x2}
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ì  QUACQ	
  	
  [Bessiere	
  et	
  al.	
  IJCAI13]	
  
ì  Ac've	
  learning	
  approach	
  
ì  Bidirec'onal	
  search	
  

ì  But	
  it	
  can	
  be	
  top-­‐down	
  search	
  only	
  if	
  no	
  posi've	
  
example	
  

ì  Based	
  on	
  par'al	
  queries	
  to	
  elucidate	
  the	
  scope	
  
of	
  the	
  constraint	
  to	
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Complexity	
  of	
  QUACQ	
  

ì  The number of queries required to find the 
target concept is in: 

ì  The number of queries required  to converge is 
in:   

O(|CT | · (log |X|+ |�|))

O(|B|)
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  Intel	
  Xeon	
  E5462	
  	
  @	
  2.80GHz	
  with	
  16	
  Gb	
  of	
  RAM.	
  

|CL| #q #qc q̄ time

rand 50 10 12 12 196 34 24.04 0.23
rand 50 10 122 86 1074 94 13.90 0.14



Some	
  Results	
  

ì  Zebra	
  puzzle	
  
ì  QUACQ	
  behavior	
  on	
  different	
  bias	
  sizes	
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Some	
  Results 

ì  Sudoku 

A target network on 81 variables with 810 constraints 

 

	
  Intel	
  Xeon	
  E5462	
  	
  @	
  2.80GHz	
  with	
  16	
  Gb	
  of	
  RAM.	
  

|CL| #q #qc q̄ time

Sudoku 9 ⇥ 9 810 8645 821 20.58 0.16
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Conclusions	
  

ì  QUACQ:	
  new	
  constraint	
  acquisi'on	
  approach	
  based	
  on	
  par'al	
  
queries	
  
ì  Ac've	
  learning	
  approach	
  
ì  Learning	
  	
  a	
  constraint	
  in	
  a	
  log	
  scale	
  of	
  #queries	
  	
  
ì  Queries	
  are	
  osen	
  much	
  shorter	
  than	
  membership	
  ones	
  
ì  Can	
  follow	
  a	
  top-­‐down	
  search	
  to	
  learn	
  a	
  constraint	
  network	
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Perspectives	
  

ì  QUACQ as a solver 
ì  QUACQ does not require 

positive examples 
ì  we can use it to solve an 

instance 

ì  Ask	
  more	
  than	
  yes/no	
  ques'ons	
  
ì  GENACQ	
  for	
  Generaliza'on	
  

Acquisi'on	
  [ECAI14]	
  (next	
  talk!)	
  

E -	
  

CT	
  
Solu'on!	
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