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NLP applications rely on existence of a good similarity over their text data. Semantic vector spaces with dis-
tributed model provide a good similarity between words. However, such spaces fail to capture composed phrasal
and sentential similarities. In this work, we propose a new method of non-linear similarity learning for composi-
tionality. Ours can learn new word representations through similarity learning with kernels taking into account the
non-linearity in compositional semantics. We evaluated our method on the prediction task of similarity between
two sentences, and achieved the state-of-the-art without feature engineering and deep recursive neural networks.
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