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This study proposes a new constraint-based learning Bayesian network using Bayes factor.

Specifically, our

proposed method is a learning algorithm applying conditional independence test using Bayes factor to the recursive
autonomy identification algorithm that is the state of art algorithm in constraint-based learning. The proposed
method is expected to learn larger network structures than the traditional methods do because it greatly improves
computational efficiency. This paper presents some experiments related to learning large network structures.
Results show that the proposed method can learn surprisingly huge networks with thousands of variables.
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Algorithm 1 The RAI algorithm

Require: V ={X,,...,Xn},D={Dq,..
Ensure:

- Dn}

Gout RAI(Nsy G'input(vinpuh Einput)7 Gez(vew7 Eem); Gall)
if all mnodes in start have fewer than Ns; +
1 potential parents then
return Gou: = Gany
else
for Y € Gstart, X € Gex do
if X L1 YIS, 3S C Pa(Y,Gstart) U Pap(Y,Gez) \
X and |S| = Ns then
remove the edge between X and Y from G
end if
end for
Direct the edges in Gstart using orientation rules
for Y € Gstart; X € Gstart do
if X L YI|S, 38 C Pa(Y,Gerx) U Pap(Y,Gstart) \
X and |S| = N, then
remove the edge between X and Y from
Gail and Gstart
end if
Direct the edges in Gstart using orientation rules
Group the nodes having lowest topological order
into a descendant
sub — structure Gp
Remove Gp from Ggsiart temporarily
and define the resulting unconnectedstructures

1:

QW

16:

as ancestor sub — structures Ga,,...,Ga,

17: end for
18: for i =1 to k do
19: Call RAI(N: +1,Gp, Geapy, Ganl)
20: end for
21: Define Gezpy ={Gays.--,Gay,Gex} as

the exogenous set to Gp
22:  Call RAI(Ns 4+ 1,Gp,Geapy s Ganl)
23: Gout = Ganl
24: end if
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