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Ī

3.2

(3) p2 Ct+1
j

2 Ct
j Ct

k Ct
m

s(Ct
j , C

t
k)

2

p2

1 3 p2 SSL-Pro

p2

p2 Ct+1
j

Ct
j Ct

k

1 Average

Ct
m

RMS Ct
j Ct

k Ct
m

p2

α p2

s(Ct
j , C

t
k) p2

= α Ī
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Fig. 1 Structures of BNs used to generate data for structure learning.

2 BN

Table 2 Characteristics of BNs for generating data.

BN BN

Alarm 35 39 1.93×1015 N-graph 10 11 59049

Sachs 11 17 177147 B-b-tree 10 9 59049

D-chain 10 9 59049 D-cross 10 8 59049
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Table 3 Values of RD in data for structure learning.
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4

Table 4 Results of structure learning using each parameter setting.

α\ Method
None EXT AVE RMS EP1

BN Time [s] MAE Time [s] MAE Time [s] MAE Time [s] MAE Time [s] MAE

Alarm

0.10

4370.79 0.031

762.28 0.056 718.05 0.055 711.245 0.055 951.006 0.054

0.20 635.30 0.057 615.65 0.058 647.195 0.057 780.308 0.055

0.30 566.06 0.058 566.48 0.060 627.292 0.057 753.281 0.056

Sachs

0.10

7.302 0.018

3.885 0.049 3.769 0.054 3.952 0.036 3.975 0.034

0.20 3.533 0.055 3.550 0.057 3.223 0.069 4.080 0.037

0.30 3.059 0.074 3.049 0.076 3.279 0.068 3.701 0.047

D-chain

0.10

2.163 0.016

0.565 0.038 0.452 0.041 0.634 0.034 0.652 0.032

0.20 0.569 0.037 0.507 0.038 0.545 0.037 0.552 0.036

0.30 0.520 0.040 0.457 0.042 0.502 0.039 0.552 0.039

N-graph

0.10

1.138 0.021

0.408 0.043 0.352 0.055 0.394 0.040 0.363 0.041

0.20 0.282 0.069 0.287 0.061 0.286 0.061 0.352 0.050

0.30 0.250 0.071 0.243 0.070 0.281 0.065 0.324 0.053

B-b-tree

0.10

0.691 0.034

0.249 0.072 0.191 0.081 0.257 0.073 0.223 0.076

0.20 0.211 0.078 0.169 0.086 0.205 0.080 0.242 0.074

0.30 0.180 0.083 0.144 0.091 0.161 0.089 0.229 0.078

D-cross

0.10

2.080 0.012

0.601 0.041 0.706 0.030 0.711 0.032 0.679 0.031

0.20 0.559 0.042 0.626 0.039 0.619 0.039 0.622 0.036

0.30 0.506 0.050 0.554 0.045 0.610 0.040 0.638 0.036

5 RDA

Table 5 Comparison in Ratio of Degradation in Accuracy

(RDA) for each computing method for parameter p2.

EXT AVE RMS EP1

Alarm 0.765 0.862 0.918 0.826 0.843

Sachs 1.187 1.139 1.576 1.302 1.301

D-chain 0.973 1.036 0.905 1.007 0.980

N-graph 1.031 0.868 1.178 1.171 1.062

B-b-tree 0.832 0.845 0.762 1.049 0.872

D-cross 1.021 1.185 1.070 1.076 1.088

0.968 0.989 1.068 1.072 1.024
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6 α = 0.10

Table 6 Comparison of features in structure learning for α = 0.10.

Criteria Time [s] MAE
BN

Alarm

EXT 762.279 0.056 11.85 29.40 14.45 3.669

AVE 718.047 0.055 11.35 27.70 13.75 3.300

RMS 711.245 0.055 11.40 27.75 13.35 3.487

EP1 951.006 0.054 10.75 33.60 14.20 3.796

Sachs

EXT 3.885 0.049 1.85 9.65 7.90 0.954

AVE 3.769 0.054 2.10 9.35 7.55 0.870

RMS 3.952 0.036 1.05 9.15 7.50 0.983

EP1 3.975 0.034 1.00 9.75 8.05 1.012

D-cross

EXT 0.601 0.041 2.15 3.55 2.55 0.335

AVE 0.706 0.030 1.45 4.10 3.05 0.415

RMS 0.711 0.032 1.55 4.60 3.45 0.319

EP1 0.679 0.031 1.55 4.05 3.30 0.356
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0.872 RD 0.70 4
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2 SSL-Pro ( BN: Sachs)

Fig. 2 A typical example of BN structure acquired by SSL-Pro
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7 p2 BN

Table 7 Comparison of features in BN structure according to the difference in methods

for computing p2.

Criteria Time [s] MAE RDA

EXT 0.562 0.056 3.225 3.800 3.150 0.282 0.997

AVE 0.530 0.056 3.500 3.850 3.375 0.275 0.952

RMS 0.614 0.056 3.300 3.675 3.300 0.300 0.994

EP1 0.630 0.044 2.875 3.900 3.175 0.305 1.062

MAE

EXT RMS 2
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