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Given sentences in natural language, parsing obtains their syntactic and semantic structures. It is the foundation
of many NLP tasks. Generally, a parser is constructed by a supervised learning. In order to improve its performance,
it is necessary to design features and to increase the amount of the training data. In parsing, lexical features are very
powerful and commonly used, but they tend to be overfitting especially when they scarcely appear in the training
data. In addition, it is hard to manually annotate a large amount of training data because of the complexity of the
structures. In this study, we propose embedding features in parsing to remedy the disadvantage of lexical features.
In semantic parsing, we propose to add partial training data based on the framework of the semantic representations.
In experiments, we show improvements of the performances of dependency parsing and semantic parsing.
Furthermore, our analyses show the advantages of the embedding features and some interesting problems of

semantic parsing.
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