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Automatic Detection of Verb Valency Errorsin Paraphrasing

FUJITA Atsushif INUI Kentaro! MATSUMOTO VYujif

This paper argues the issue of transfer errorsin paraphrasing. Our previous investigation into transfer
errors revealed that verb valency errors occur frequently, irrespective of the types of transfer. Moti-
vated by this finding, we propose an empirical method to detect incorrect verb valences occurring in
paraphrasing Japanese sentences. Our error detection model involves ensembling of two error detec-
tion modelsthat are separately trained on alarge collection of unlabeled positive examples and asmall
collection of labeled negative examples. An experiment showed that our ensemble method achieved
79.4% 11-point average precision, a 13.3 point improvement over the model trained only on positive
examples. We a so propose a selective sampling scheme to reduce the cost of labeling examples.
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