AT ¥

gl g dEYase] 3L EandE

Ensemble of Specialized Networks
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[INITIALIZE] Bootstrap D into L replicates Dy, ...,D;
[TRAIN] Do For t=1,..,G
[T-step] Train each network :
Train 7* network f; with D,'-
[O-step] Generate virtual data set V; :
Vi={( ', y)x’=x+e, e~N0,2), x=D,
y' = gﬁ;ﬁ( %’), where B;=1/L}.
Merge virtual data with original data :
D;"'=DUV;
End
[FINAL OUTPUT] Combine networks with weighting
factor f3 :
Foom(x) = g‘ﬂ,f,?(x), where 8;=1/L.
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[INITIALIZE]

1. Cluster D
algorithm or SOFM, D, D, ... Dy with centers

into K clusters, with K-means

located at Cl, Cz, ey CK, respectively,
2. Set the ensemble size L equal to the number of

clusters K.
[TRAIN]
Do For t=1,...,G
[T-step] Train each network :
Train j* network fi with D!
[O-step] Generate virtual data set Vi
Vi={( «",y)x'=x+e, e~MO0,3),
y'= ;‘Bﬂ( %), where B;=1/d{x")
and d(x")=V (x' = C)7Z; (x' = C)}.

xe D,',

Merge virtual data with original data :
t+1_ t
D;"*'=pUV:

End
[FINAL OUTPUT] Combine networks with weighting
factor f:

S = E,8S7),  where ;=1/d,(x).
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50 runs OLAB OLA Bagging Baosting
Ensemble 8ize | 4 4 15 25 4 15 25 | Avg(36)
Avg MSE (0| S.4 6.5 4.8 4.7 7.3 5.4 5.4 10.5
Std MSE (10-y | 4.0 2.0 0.9 0.8 3.0 2.7 1.3 9.2
P.value {T-test) | - 004 0.87 090 | 001 099 100 | 0.00
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Boston Housing Ozone
Tr/Val/Test ) 200/106/100 200/30/100
30 ruas OLAS  Bagging Boosting| OLA8  Bagging Boosting
Zosemble Sise | 10 25 Avgi48) 9 25 Avg(a9)
Avg MBE (1079 9.3 10.3 109 19.2 19.0 1 21.0
&td. MSE (107%) 0.89 0.96 1.39 0.94 0.65 0.82
P-vatue {T-test) - 0.00 0.00 - 0.79 0.00
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