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Research on regression-based extractive summarization system
ZHAO Huaipeng, CHE Wanxiang, LIU Ting
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Automatic text summarization is the process of generating a concise representation of original text while retaining the
core information. Summarization algorithms can be broadly classified into two categories: extractive and abstractive. Extractive
approaches aim to select salient words, phrases or sentences from the original text while the abstractive methods focus on rewriting
the content without the constraint of reusing words or phrases from the original text. Automatic summarization can aid many
downstream applications (e.g., news digests, social media). Recently, neural networks based data—driven approaches have become
popular for modeling the extractive summarization task. A few recent approaches conceptualize extractive summarization as a
sequence labeling task. Another problem is the discrepancy between training and testing, in which during the test time, it is treated
as a ranking problem. Thus the paper presents a regression model to solve it. The proposed model learns to score sentences to fit
ROUGE during the training. Experiment results show the proposed model outperforms than other extractive summarization systems.
[ Key words] neural networks; extractive summarization; regression model
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Fig. 1 The structure of regression model
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brstdt AFL star blames vomiting cat for speeding

1E3C Adelaide Crows defender Daniel Talia has kept his
license, telling a court he was speeding 36km over the
limit because he was distracted by his sick cat. The 22—
year—old AFL star, who drove 96km/h in a 60km/h road
works zone on the South Eastern expressway in February,
said he didn‘t see the reduced speed sign because he was
so distracted by his cat vomiting violently in the back seat
of his car. In the Adelaide magistrate court on
Wednesday, Magistrate Bob Harrap fined Talia $ 824 for
exceeding the speed limit by more than 30 km/h. He lost
four demerit points, instead of seven, because of his

significant training commitments.

b Adelaide Crows defender Daniel Talia admits to speeding
but says he didn“t see road signs because his cat was
vomiting in his car. 22—year—old Talia was fined $ 824
and four demerit points, instead of seven, because of his

significant training commitments.
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Tab. 2 The statistics of dataset

AR CNN/ DailyMail/f
plIES 90 266 196 961
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M4 1093 10 397
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Tab. 3 75 bytes ROUGE Recall of DailyMail test set

ROUGE -1 ROUGE -2 ROUGE -3

LEAD-3( the proposed) 23.2 8.4 11.9
Cheng et al” 16 22.7 8.5 12.5
SummmaRuNNer 26.2 10.8 14.4

The proposed regression 29.2 15.2 15.8

% 4 DailyMail fUiX £ 275 bytes T ROUGE Recall
Tab. 4 275 bytes ROUGE Recall of DailyMail test set

ROUGE -1 ROUGE -2 ROUGE -3

LEAD-3( the proposed) 40.4 15.6 32.1
Cheng et al” 16 422 17.3 34.8
SummmaRuNNer 42.0 16.9 34.1
The proposed regression 42.1 19.0 34.0
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