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Abstract : Traditional researches on information retrieval are focuse on document-level retrieval , neglecting , sen-
tence-level information retrieval which is of great importance in such applications , as searching in mobile phone As-
suming that the context sentence could provide richer evidence for matching . this paper proposes a context-aware
deep sentence matching model (CDSMM ) . Specifically , the model employs bi-directional LSTM to capture the interi-
or and exterior information of the sentence ; Then, a matching matrix is constructed based on the sentence represen -

tation and query representation ; Finally , we get the matching score after a feed forward neural network . Experiment

results on the WebAP dataset show that out model can significantly out-perform the state-of-the-art models .
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