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Transfer Learning for Chinese Machine Reading Comprehension
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[ Abstract] Deep learning (DL) has attracted increasing attentions on solving the task of machine comprehension (MC) in natural
language processing (NLP). Nevertheless, despite the remarkable success it has exhibited, typical DL methods demands a large
amount of labeled data to be effective, which is often unavailable in many practical problem domains, such as Chinese reading
comprehension. Recently, studies towards this situation have explored a knowledge transfer paradigm, which aims at leveraging
highly heterogeneous data from the well —trained source problem domains for more effective problem-—solving in the target ones.
Taking this cue, this paper also contributes to this paradigm and our special interest lies in solving the Chinese MC task by improving
a recent proposed progressive neural network (PNN). Specifically, we propose a progressive learning model which facilitates to
complement PNN with a Cross Attention Adapter. As a result, the model endows PNN with the capability to transfer knowledge
between heterogeneous inputs. To verify the efficacy of the proposed transfer paradigm, comprehensive experiments are investigated
on a Chinese college entrance examination dataset. The empirical results have shown that the proposed model outperforms
Progressive Neural Network with conventional adapter and all other baselines settings.
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Fig. 1 Progressive Neural Network
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Fig. 2 Cross Attention Adapter
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