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Fast Bayesian Network Learning Algorithm based on TPDA
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We propose a constraint-based learning algorithm of Bayesian networks (BNs) for large data based on TPDA that
uses monotone DAG faithful (MDF) assumption. By exploiting MDF assumption, we can reduce computational
complexity of the algorithm. Our experimental results show the time effectiveness of the proposed method while

keeping accuracy.
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// The function returns the cut-set of X and Y in Z.
Function CutSetSearch (variable X, variable Y, variable set
Z): variable set

1: Z°:=1Z
2: for all Z; € Z° do
si = Inf (XY [{Zi})
if s; < € then
return {Z;}
for all {Z;,Z;} st. Z;,Z; € Z°,1 # j do
siy 1= Inf(X; Y|{Zi, Z;})
if s;; < € then
return {Z;,Z;}
if s;; > s; then
Z¢ = 7°\ {2}
if Sij > 8j then
Z¢ =70\ (2}
14: s := Inf(X;Y|Z°)

Z° ifs<e,
15: return {0 otherwise.

o J
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