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Abstract: With the development of machine translation (MT) evaluation, various MT metrics have been proposed.
Different metrics evaluate the quality of MT hypotheses from different perspectives. This paper proposes a novel
MT metric that combines the merits of a range of metrics. Our investigation includes several aspects: (1) Compa-
ring the performance of combined metrics that using Direct Assessment manual evaluation (DA) or Relative Ranking
human evaluation (RR) to guide the training process. Experiments show that reliable DA human evaluation benefits
the combined metric, Blend. (2) Comparing the performance of Blend using SVM or FFNN as the training algo-
rithm. (3) Examining the contribution of metrics incorporated in Blend tentatively,in order to find a trade-off be-
tween performance and efficiency. (4) Applying Blend to other language pairs if incorporated metrics support the
specific language pair. Experiments on WMT16 and WMT17 Metrics tasks show that Blend achieves the start-of-
the-art performance.
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