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In this paper, we propose a simple unsupervised ensemble method that determines the importance of each model
by comparison of multiple models like majority vote. Experimental results on a news comment ranking task show
that our proposed method outperforms current ensemble methods including the supervised one.
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NDCG Precision
@1 @5 @10 @1 @5 @10
RankSVM 73.38 7459  76.01 | 15.5 30.20  38.95
LSTMRank 76.35  77.97  79.52 | 15.0 33.20  42.99
ScoreAverage 76.91  79.11  80.48 16.08  33.67  44.32
RankAverage 79.19  80.53  81.81 13.57  36.18  46.08
Top-k-Average | 78.38  80.52  81.57 | 14.07  35.38  46.08
Normalized 79.83 80.77 82.16 | 17.08 37.18  46.48
Supervised 78.64  80.33  81.94 | 16.28 3547  46.58
Post-Eval 77.18  80.09 81.24 | 14.57  35.58  45.78
Weight-Eval 79.87 81.39  82.17 | 17.08 37.88 46.63
+ Select@50 79.87 81.43 82.33 | 17.08 37.39 47.34
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