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  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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F4cx1
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La	
  Divina	
  Commedia	
  
Data	
  is	
  scarce	
  (or	
  expensive)	
  

Obtaining	
  accurate	
  
probabiliLes	
  is	
  unrealisLc	
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  network	
  suggests	
  mulLple	
  answers	
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