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Response generation based on multiple knowledge sentences using
Source-Target Attention with Gate
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Abstract:

In recent years, Transformer model have been widely used in interactive systems

to generate response sentences based on knowledge sentences. However, there is a limit to the

number of knowledge sentences that can be referred to simultaneously in the Transformer due to

the computational complexity of the Attention mechanism, since multiple knowledge sentences are

concatenated and treated as one long sentence. To address this problem, we propose Source-Target

Attention with Gate, which can feed multiple encoder outputs to the decoder simultaneously. This

method does not require concatenation of knowledge sentences. We trained the proposed model

using Persona-Chat dataset, and compare with the general Transformer model.
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