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	  	  OUR	  RESULTS	  
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Follows	  from	  Fourier	  expansion	  of	  AND,	  and	  grouping	  terms	  
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Lemma:	  Let	  	   where	  deg(cA)	  ≤	  τ,	  then	  
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	  	  What	  about	  proving	  posi6vity?	  

This	  step	  is	  by	  far	  the	  most	  challenging	  (as	  usual)	  

e.g.	  

As	  is	  standard,	  it	  amounts	  to	  proving	  a	  certain	  matrix	  is	  PSD,	  
whose	  entries	  are:	  

Goal:	  Write	   as:	  

size	  of	  minimum	  vertex	  	  
separator	  of	  T,	  btwn	  I	  and	  J	  



	  	  RIBBON	  DECOMPOSITION	  
We	  call	  such	  graphs	  (I,J)-‐Ribbons,	  e.g.	  	  
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i	  SL	  

SR	  

with	  I	  =	  {a,	  b,	  c},	  J	  =	  {c,	  x,	  y,	  z}.	  	  
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We	  call	  such	  graphs	  (I,J)-‐Ribbons,	  e.g.	  	  

a	  
b	  

c	  

x	  
y	  
z	  

k	  

j	  h	  
i	  SL	  

SR	  

with	  I	  =	  {a,	  b,	  c},	  J	  =	  {c,	  x,	  y,	  z}.	  Compute	  levmost	  and	  rightmost	  
minimum	  vertex	  separators	  SL,	  SR.	  Decompose	  

a	  
b	  

c	  

h	  
i	  

c	  

j	  i	  

c	  

x	  
y	  
z	  

k	  

j	  
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Now	  we	  can	  write:	  

sum	  over	  k	  of	  

Major	  issue:	  	   ,	   ,	   were	  assumed	  to	  be	  disjoint	  
except	  at	  SL,	  SR,	  I	  	  	  	  J	  which	  leads	  to	  substan6al	  error	  terms	  

Idea:	  Keep	  itera6ng	  the	  decomposi6on,	  carefully	  charging	  



	  	  ITERATING	  THE	  DECOMPOSITION	  
Suppose	  h	  =	  j	  

a	  
b	  

c	  

x	  
y	  
z	  

k	  

h	  h	  
i	  



	  	  ITERATING	  THE	  DECOMPOSITION	  
Suppose	  h	  =	  j	  

a	  
b	  

c	  

x	  
y	  
z	  

k	  

h	  h	  
i	  

Look	  for	  new	  levmost,	  rightmost	  separators	  that	  separate	  I	  
from	  J	  and	  intersec6on	  ver6ces	  

a	  
b	  

c	  

h	  
i	  

c	  

i	  

c	  

x	  
y	  
z	  

k	  

h	  h	  

S’L	   S’R	  



	  	  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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