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  min(√n/μ	
  log	
  n,	
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Approach:	
  find	
  y	
  that	
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  E[|bTy|4]	
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  of	
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  both	
  standard	
  and	
  Fourier	
  basis”	
  



	
  	
  
A	
  PAIR-­‐WISE	
  TEST	
  



	
  	
  
A	
  PAIR-­‐WISE	
  TEST	
  

Given	
  Ax	
  =	
  b	
  and	
  Ax’	
  =	
  b’,	
  do	
  x	
  and	
  x’	
  have	
  intersecOon	
  support?	
  



	
  	
  
A	
  PAIR-­‐WISE	
  TEST	
  

Given	
  Ax	
  =	
  b	
  and	
  Ax’	
  =	
  b’,	
  do	
  x	
  and	
  x’	
  have	
  intersecOon	
  support?	
  

supp(x)	
  	
  =	
  

supp(x’)	
  =	
   …	
  …	
  
…	
   …	
  



	
  	
  
A	
  PAIR-­‐WISE	
  TEST	
  

Given	
  Ax	
  =	
  b	
  and	
  Ax’	
  =	
  b’,	
  do	
  x	
  and	
  x’	
  have	
  intersecOon	
  support?	
  

supp(x)	
  	
  =	
  

supp(x’)	
  =	
   …	
  …	
  
…	
   …	
  



	
  	
  
A	
  PAIR-­‐WISE	
  TEST	
  

Given	
  Ax	
  =	
  b	
  and	
  Ax’	
  =	
  b’,	
  do	
  x	
  and	
  x’	
  have	
  intersecOon	
  support?	
  

x',	
  x	
  

supp(x)	
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  and	
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  common	
  intersecOon,	
  |supp(x)	
  	
  	
  	
  supp(x’)|	
  ≤	
  C,	
  etc	
  

Probability	
  y	
  intersects	
  all	
  three	
  is	
  at	
  most	
  O(Ck3/m2)	
  

New	
  sample	
  y	
  needs	
  to	
  contain	
  at	
  least	
  two	
  elements	
  
from	
  their	
  joint	
  union	
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  Triple	
  Test:	
  
	
  

  �	
  Given	
  (x,	
  x’,	
  x’’)	
  where	
  all	
  the	
  pairs	
  intersect	
  
  �	
  If	
  there	
  are	
  at	
  least	
  T	
  samples	
  y	
  where	
  (x,	
  x’,	
  x’’,	
  y)	
  all	
  
pairwise	
  intersect,	
  ACCEPT	
  else	
  REJECT	
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  ALL	
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  CLUSTERS	
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  build	
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�	
  Output	
  inclusion-­‐wise	
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  sets	
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  full	
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  higher-­‐order	
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through	
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  to	
  piercing	
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Many	
  ways	
  to	
  get	
  the	
  dic&onary	
  from	
  the	
  clustering…	
  

Approach	
  #2:	
  SVD	
  

Suppose	
  we	
  restrict	
  to	
  samples	
  b	
  with	
  xi	
  ≠	
  0….	
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Suppose	
  we	
  restrict	
  to	
  samples	
  b	
  with	
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We	
  also	
  show	
  that	
  alternaOng	
  minimizaOon	
  works	
  when	
  we’re	
  
close	
  enough…	
  

(geometric	
  convergence)	
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