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Abstract

As a key task of natural language understanding, machine reading comprehension has
been widely concerned by scholars at domestic and foreign. In order to solve the prob-
lem of multiple choice reading comprehension, which is difficult to extract evidence
sentences due to the absence of clue annotation and questions involve multi-hop rea-
soning, we proposes a model of evidence sentence extraction based on multi-module
combination. Firstly,we use some labeled data to fine-tune the pre-training model;
secondly, the evidence sentences in the multi-hop reasoning problem are extracted re-
cursively through TF-IDF; finally, the unsupervised method is combined to further
filter the model prediction results to reduce redundancy. This paper is verified on
the Chinese Gaokao and the RACE data set. In the extraction of evidence sentences,
compared with the optimal baseline model, the F1 value of the method in this paper
is increased by 3.44%. The accuracy of using evidence sentences as model input in
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downstream answer tasks is 3.68% and 3.6% respectively higher than that of full text
input. The above results confirm the effectiveness of the proposed method.

Keywords: Machine reading comprehension , Evidence sentence extraction ,
Recursive extraction
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