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Credal	  networks:	  in	  a	  perfect	  world…	  

Are	  you	  sure	  they	  
are	  completely	  
independent?	  

§  Independence	  assumpLons:	  
8s 2 G : I(N(s), s |P (s))

Maybe	  they	  are	  almost	  
independent?	  

What	  does	  
`almost’	  
mean?	  
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TheoreGcal	  properGes	  

§  ConnecLons	  with	  marginal	  
and	  independent	  natural	  
extension	  

§  MarginalisaLon	  properLes	  

§  AD-‐separaLon	  implies	  	  
epistemic	  irrelevance	  

§  …	  



The	  irrelevant	  natural	  extension	  

Inference	  algorithms	  

§  For	  recursively	  
decomposable	  networks,	  
inference	  is	  very	  efficient!	  

§  Non-‐decomposable	  networks	  	  
can	  also	  be	  dealt	  with	  (on	  a	  case	  by	  case	  basis)	  

§  Complex	  types	  of	  inference	  are	  possible!	  
§  …	  

For	  trees:	  (Cooman	  et	  al.,	  2010)	  
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DOCTORAAT	   DOCTQRAAT	  



X4	   X6	  X5	  

X1	   X2	   X3	  

An	  applicaGon:	  correcGng	  OCR	  errors	  



X4	   X6	  X5	  

X2	   X3	  

An	  applicaGon:	  correcGng	  OCR	  errors	  

Evidence	  nodes	  

Query	  nodes	  

X1	  



H	   T	  F	  

H	   E	   T	  
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p1 p2cx1 p3cx2

p4cx1 p5cx2
p6cx3

Bayesian	  
network	  
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Credal	  
network	  

F1 F2cx1

F4cx1
F5cx2

F3cx2

F6cx3
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La	  Divina	  Commedia	  
Data	  is	  scarce	  (or	  expensive)	  

Obtaining	  accurate	  
probabiliLes	  is	  unrealisLc	  



original	  

VITA	  

correctly	  read	  

digital	  

VITA	  

SoluGon	  Bayesian	  network	  

VITA	  

VITA	  

SoluGon(s)	  credal	  network	  
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CON	  

CCN	  

CON	  

CON	  

original	  

incorrectly	  read	  

digital	  

SoluGon	  Bayesian	  network	  

SoluGon(s)	  credal	  network	  
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original	  

incorrectly	  read	  

digital	  

SoluGon	  Bayesian	  network	  

SoluGon(s)	  credal	  network	  

CHE	  

CNE	  

ONE	  

CBE	  	  	  CHE	  
CNE	  	  	  CZE	  	  

ONE	  	  	  	  	  	  	  	  	  	  	  
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original	  

correctly	  read	  

SoluGon	  Bayesian	  network	  
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EH	   EN	  

CH	  
EH	  
EN	  EH	  

digital	  
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TOTAL	  
Credal	  network	  
Includes	  correct	  answer	  
Only	  wrong	  answers	  
Bayesian	  network	  
Correct	  answer	  
Wrong	  answer	  

TOTAL	   OCR	  correct	   OCR	  wrong	  

OCR	  

Bayesian	  or	  credal	  networks	  
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TOTAL	  
Credal	  network	  
Includes	  correct	  answer	  
Only	  wrong	  answers	  
Bayesian	  network	  
Correct	  answer	  
Wrong	  answer	  

TOTAL	   OCR	  correct	   OCR	  wrong	  

Words	  for	  which	  the	  credal	  network	  suggests	  mulLple	  answers	  



Cosa	  si	  può	  fare	  
con	  esso?	  



Ci	  sono	  
domande?	  


