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We present a novel method of measuring semantic textual similarity (STS) based on semantic graph. We
employed UDepLambda as semantic representation and incorporated the semantic graph-based scores with word
based scores. The method improve the correlations between automatic correlation metrics and human judgements
in comparison to the other semantic graph-based methods in the evaluations of an STS task and an MT evaluation
task.
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Genre Train Dev Test Total ≥ 4 ≥ 2 ≥ 0

news 3299 500 500 4299 1079 2141 1079
caption 2000 625 525 3250 721 1235 1294
forum 450 375 254 1079 208 432 439

Total 5749 1500 1379 8628 2008 3808 2812

1: STS benchmark [Daniel 17].
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