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Data problem example . Biclustering .
F-Mawul4)

Bccn, K , X ) . Observe : ✗ c- IR
"? Decide between

Ho : Xij ᵈ N /0,1 )

H
,
: sample sit - Unit (%)

✗ i;
- {
"" " ies.ic.tn

s

N (0,1 ) otherwise

Task : Find eff. comp . § : IR
""
→ {0,1 }

s.t.PH! I( ✗ I = 2) + PH
,

(E(✗1=0 ) → 0
.



Note : different problem for each (n, K , X)
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Algorithm achieving info limit ( inefficiently )
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Web of reduction from joint work with Matthew Brennan
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Definition : (Total Variation )
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Removing symmetry ?
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PCTOBICLUSTERING.
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