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Algorithm 1 Jliij7 Hellensemble
Require: 4 D, HmEA M = {My, Mo, ..., My}, HHEE R

1. *f D 5324 Derain 1 Dyal
2 E+ 0 > Empty ensemble
3: Drouter < 0
4: Sprev <0
5: for i=1to k do
6: TE Divain BN M;
7 E +— EU{M;}
8 FHZEM i #RIE Dorain THREASSLHI
9: D:outer < Drouter U Dirain
10: R < T Drouter FUNZRERHA (TEAZH5HAT)
11: Seurr = #H RPN EAE Dyar BRI
12: if Scurr < Sprev then
13: i
14: else
15: Sprev < Scurr
16: end if
17: Dhara < B M 85571 Dirain HHSEHI
18:  Drouter + 00 IEBTIN LB —F 5 o
19: Drouter < 01
20: end for

21: Drouter — ®2 7R
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1: best score < —o0

2: best_model < None
3: for each model M; in model list do
4: MJ < Tj_i Dtrain J:-U”é/§

5 E +— EU{M;} > Temporarily add to ensemble
6 scorej < £ Dyal P E
7 if score; > best_score then
8 best__score < score;
9 best_model < M;
10: end if
11: E «+— E\ {M;} > Remove temporary model
12: end for
13: E < E U {best_model} > Permanently add best model
4 95
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Model Performance per Router (First Base Models Configuration)
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Model Performance per Router (Fourth Base Model Configuration)
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