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Learning huge Bayesian network structures by RAI algorithm with transitivity
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Learning Bayesian networks (BNs) is NP-hard. Recently, we can learn 1000 nodes BNs with consistency by the
RAI algorithm using Bayes factor, which is the state-of-the-art learning method. However, it is important to enable
learning huger BNs to apply it in practice. This paper proves that conditional independence (CI) of BNs has the
transitivity that can infer, from CI between a pair of variables, CI between each of them and another variable, and
proposes a constraint-based algorithm, using the RAI algorithm with the transitivity. The experimental results
show that the proposed method decreases the number of CI tests and run-time, and can learn huge BNs which
prototypical constraint-based algorithms cannot learn.
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Algorithm 1 The RAI algorithm using Bayes factor

1: function Main(Guc,D)
Guc = (Vuc,Euc):
D:

2: return RAI (0, Guc, φ, Guc, D)
3: end function

4: function RAI(nz , Gs, Gex, Gall, D)
nz : CI
Gs = (Vs,Es):
Gex:
Gall = (Vall,Eall): CI

5: if V ∈ Vs |Pap(V,Gall)| < nz + 1 then
6: return Gall
7: end if

// CI
8: for Gex = (Vex,Eex) ∈ Gex do
9: for X ∈ Vs, Y ∈ Vex do

10: for Z ⊆ Pap(X,Gs) ∪Π
Gex
X

\ {Y } do

11: if |Z| = nz log BF(X, Y | Z) < 0 then
12: Eall ← Eall \ {EXY } � EXY : XY
13: end if
14: end for
15: end for
16: end for
17: for X ∈ Vs, Y ∈ Vs do

18: for Z ⊆ Pap(X,Gs) ∪Π
Gex
X

\ {Y } do

19: if |Z| = nz log BF(X, Y | Z) < 0 then
20: Eall ← Eall \ {EXY },Es ← Es \ {EXY }
21: end if
22: end for
23: end for
24: Eall Es

// Gs
25: Vc ← {V | V ∈ Vs V }
26: Ec ← {EXY | X, Y ∈ Vc EXY }
27: Ge ← Gs \ (Vc,Ec)
28: Ge ← Ge

// RAI
29: for i = 1 to |Ge| do
30: Gall ← RAI(nz + 1, Ge[i], Gex, Gall, D)
31: end for
32: Gex ← Gex ∪Ge
33: return RAI(nz + 1, (Vc,Ec), Gex, Gall, D)

34: end function
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Pap(V,Gs) nZ + 1
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Algorithm 2 Edge cutting with transitivity

1: function transitive cut(G, X, Y , Z, D)
G = (V,E):
X, Y,Z: log BF(X, Y | Z) < 0 X Y Z
D:

2: A← Adj(X,G)∩Adj(Y,G)\(Ch(X,G)∩Ch(Y,G)∪Z)
3: for A ∈ A do
4: if log BF(X,A | Z) < 0 then
5: E← E \ {EXA} � EXA: XA
6: end if
7: if log BF(A, Y | Z) < 0 then
8: E← E \ {EAY }
9: end if

10: end for
11: return G

12: end function
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∗1 http://sites.poli.usp.br/pmr/ltd/software/

bngenerator/
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1:

munin random

CI ×103
RAI RAI

10,000 560.4 553.4 2024.6 2022.8

20,000 588.9 562.4 2025.6 2022.8

50,000 653.4 575.8 2030.0 2025.1

100,000 705.1 582.1 2034.9 2027.5

200,000 665.3 588.2 - 2031.3

RAI RAI

10,000 773 621 4933 3189

20,000 1593 871 4794 2945

50,000 2587 1457 6354 3625

100,000 4784 2195 7761 6907

200,000 7256 3908 - 13172

SHD

RAI RAI

10,000 504.4 461.8 2736.1 2545.7

20,000 504.1 430.4 2800.1 2546.6

50,000 525.9 404.0 2924.4 2569.6

100,000 552.5 405.6 3037.9 2592.6

200,000 540.6 404.1 - 2627.1
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