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Idea:	
  Keep	
  itera6ng	
  the	
  decomposi6on,	
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  charging	
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  THE	
  MAIN	
  CHARGING	
  ARGUMENT	
  
Complica6ons:	
  	
  

(1)	
  Ver6ces	
  can	
  become	
  isolated	
  

(2)	
  Separators	
  not	
  necessarily	
  equal	
  size	
  

(3)	
  Need	
  to	
  sum	
  over	
  all	
  pre-­‐images	
  of	
  ribbons,	
  	
  
their	
  contribu6ons	
  

Main	
  Tradeoff	
  Lemma:	
  There	
  is	
  a	
  way	
  to	
  tradeoff	
  all	
  these	
  
parameters,	
  to	
  charge	
  error	
  terms	
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