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-p(y): 7 (Evidence/Marginal Likelihood)
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3.1. 2MITE BF (Malware detection)
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7% o] 43l RS Fola stk AHelA 7]

of 4548l AFAS 70 BRuc) 3] olh2
q
e}

T

ol2]3l e FE R TS| %S s A ST ko7 TR
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3.2. FDS as outlier detection
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5‘_ T3 do]E](Imbalanced data)E-ol o3l
4] AP &8 (Prior distribution)S ©]4-3}e] dlo]E]<)
B3 5L ofsAlA = olrh o]fdh dlolE A
A A] W]zt FE Jer AIA R
ek &, p(x=1)7 p(x=0)°l| st o] &A- <l
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AA wle]A gt 7|&E EFA R J|&rl5s) [1].
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