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Jointly Learning Similarity Transformations for Textual Entailment
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Summary

Predicting entailment between two given texts is an important task on which the performance of numerous
NLP tasks such as question answering, text summarization, and information extraction depend.The degree to which
two texts are similar has been used extensively as a key feature in much previous work in predicting entailment.
However, using similarity scores directly, without proper transformations, results in suboptimal performance. Given
a set of lexical similarity measures, we propose a method that jointly learns both (a) a set of non-linear transformation
functions for those similarity measures and, (b) the optimal non-linear combination of those transformation functions
to predict textual entailment. Our method consistently outperforms numerous baselines, reporting a micro-averaged
F'-score of 46.48 on the RTE-7 benchmark dataset. The proposed method is ranked 2-nd among 33 entailment systems
participated in RTE-7, demonstrating its competitiveness over numerous other entailment approaches. Although our
method is statistically comparable to the current state-of-the-art, we require less external knowledge resources.
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(8)T: All animals must eat to live. The earth has always
been round.
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(10)T: All animals must eat to live.

(1DH: All wild animals must eat to live. The earth has
always been round.
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(12)T: “We heard three blasts,” he told AFP outside the
church which was set ablaze.
(13)H: A Christian general in the Iraqi police force was
shot dead as he drove home.
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(14)T: The prosecutor in the case asked Miller in recent
days to explain how Valerie Plame _ misspelled in those
notes as “Valerie Flame” _appeared in the same notebook
the reporter used in interviewing her confidential source,
Vice President Dick Cheney’s chief of staff, according to
the Times.
(15)H: Dick Cheney holds the position of Vice President.
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(16)T: At least 17 Georgian soldiers were killed this sum-
mer in clashes with South Ossetian forces, raising tensions
to fever pitch in the rebel territory, which like Abkhazia
declared independence following a civil war in the early
1990s.
(17)H: South Ossetia is a separatist territory of Georgia.
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