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For classification problems, Bayesian networks are often used to infer a class variable when given feature variables.
Earlier reports have described that classification accuracies of exact learning augmented naive Bayes (ANB) achieved
by maximizing the marginal likelihood (ML) were higher than the Bayesian network of the identification model
However, the method cannot learn structures that have more than several dozen variables. To resolve this difficulty,
this study proposed exact learning ANB using RAI algolithm. The experimental results show that the proposed
method outperforms the other methods.
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2.

Directed Acyclic Graph:
DAG

X = {X0, X1, . . . , Xn}
Xi ri {1, . . . , ri}

k Xi = k G

Xi Πi

P (X0, X1, . . . , Xn | G, Θ)

P (X0, X1, . . . , Xn | G, Θ) =
n∏

i=0

P (Xi | Πi, G, Θ). (1)

θijk Πi j (Πi = j

) Xi = k P (Xi = k | Πi = j, G)
Θ = {θijk}, (i =

0, . . . , n; j = 1, . . . , qi; k = 1, . . . , ri)

Expected a Posteriori: EAP
X N D =

{D1, . . . , DN } EAP

θ̂ijk = αijk + Nijk

αij + Nij
. (2)
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Nijk Xi Πi j

Xi = k nij =
∑ri

k=1 nijk

α = {αijk}, (i = 0, . . . , n; j = 1, . . . , qi; k =
1, . . . , ri)
αij =

∑ri

k=1 αijk

P (D | G) Marginal
Likelihood: ML ML

P (D | G) =
n∏

i=0

qi∏
j=1

Γ(αij)
Γ(αij + Nij)

ri∏
k=1

Γ(αijk + Nijk)
Γ(αijk)

. (3)

αijk = α/(riqi) Bayesian Dirichlet equiva-
lent uniform (BDeu) α Equiv-
alent Sample Size (ESS)

BDeu

NP
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3.
BNC

[Friedman 97] X0 X1, . . . , Xn

BNC e = 〈x1, . . . , xn〉
ĉ

ĉ = arg max
c∈{1,...,r0}

P (c | x1, . . . , xn, G) (4)

= arg max
c∈{1,...,r0}

n∏
i=0

qi∏
j=1

ri∏
k=1

(θijk)1ijk

= arg max
c∈{1,...,r0}

[
q0∏

j=1

r0∏
k=1

(θ0jk)10jk

×
∏

i:Xi∈C

qi∏
j=1

ri∏
k=1

(θijk)1ijk

]

1ijk e Xi = k Πi = j

1 0
C (4) X0

X0

ĉ X0
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4.
4.1 Bayes factor

(1)

(2) (1)
Conditional Independence test: CI

(3) (2)

CI
CI
PC

MMHC RAI [Yehezkel 09]
χ2

G2 CI

Bayes factor CI
X,Y X

Y Z
G1 G2 Bayes

factor BF(X, Y | Z) Bayes factor

log BF(X, Y | Z) = log P (D | G1, α)
P (D | G2, α)

(5)
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BDeu Bayes factor CI
Bayes factor 0
[ 18] Bayes factor CI

Bayes
factor CI RAI

1000

4.2

4..1 G = (V, E) DAG X, Y ∈ V Y X

A ∈ V\({X, Y }∪Pa(X, G)∪W)

X⊥Y | Pa(X, G) (6)

→ X⊥A | Pa(X, G) or A⊥Y | Pa(X, G)

W X X Y
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G [ 19]
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5.
ANB

RAI
G = (V, E) V, E G

G
Gex = (Vex , Eex) RAI
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(2) CI log BF(X, Y | Z) < 0
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6.
6.1
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1:

Naive
Bayes TAN

RAI-
GBN

RAI-
ANB

1 Connect-4 42 3 67557 0.7213 0.7643 0.7337 0.7928
2 dota2 116 2 102944 0.5981 0.5810 0.5442 0.5957
3 Epileptic Seizure 178 5 11500 0.2344 0.3650 0.1887 0.4044
4 Flowmeters D 43 4 180 0.8389 0.8389 0.6778 0.8278
5 kr-vs-kp 36 2 3196 0.8774 0.9240 0.9406 0.9468
6 madelon 500 2 2000 0.5905 0.5270 0.6215 0.5820
7 mfeat-fac 218 10 2000 0.3520 0.4590 0.2630 0.4610
8 MicroMass 1300 10 360 0.9472 0.9472 0.7361 0.9500
9 movement libras 90 15 360 0.5028 0.5389 0.2278 0.5583
10 Musk1 166 2 478 0.6517 0.7566 0.6744 0.7965
11 Musk2 166 2 6598 0.7445 0.8406 0.8821 0.9627
12 Parkinson’s Disease 754 2 756 0.7182 0.7898 0.7672 0.8108
13 semeion 256 10 1600 0.8550 0.8719 0.4557 0.8745

0.6640 0.7080 0.6064 0.7356
p 0.0026 0.0012 0.0009 -

2: RAI-GBN
MB

1 Connect-4 92.6 8.4 1.7 17.7
2 dota2 151.6 0 3.0 3.0
3 Epileptic Seizure 325.1 0 0 0.0
4 Flowmeters D 63.6 0 3.7 3.7
5 kr-vs-kp 249.4 0 5.1 5.1
6 madelon 249.4 0.1 2.6 3.0
7 mfeat-fac 630.7 0 3.5 3.5
8 MicroMass 2892.4 0 7.0 7.0
9 movement libras 109.7 0 2.4 2.4
10 Musk1 413.2 0 2.0 2.0
11 Musk2 946.9 0 6.1 6.1
12 Parkinson’s Disease 1475.6 0 2.4 2.4
13 semeion 820.1 0 4.0 4.0

7.
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