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Abstract Nowadays, SVM is widely used in Natural Language Processing. However, SVM is not neces-
sarily the best learning method for some tasks. For instance, English word dependency analysis selects
the best modificand for each word in a sentence. Zero pronoun resolution selects the best antecedent for
each zero pronoun. SVM has shown good performance for these tasks. However, SVM is not designed
for preference. Therefore, SVM is not optimal for these tasks. In this report, we show that Preference
Learning gives better results than SVM for these tasks.
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