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Extractive Automatic Summarization Model Based on Knowledge Distillation

ZHAO Jiangjiang' s WANG Yang® . XU Yingying' and GAO Yang®

1 China Mobile Online Services Company Limited, Beijing 100033, China

2 School of Computer Science and Technology,Beijing Institute of Technology,Beijing 100081, China
Abstract The objective of the extractive summarization is to extract the important sentences from the original text to form a
short summary while retaining the important content of the original text. Query-focused extractive summary model can further
satisfy users’ different needs for summary content. Extractive summary model has the natural advantage of ensuring the correct-
ness of summary and the readability of sentences. On this basis,ensuring the relevance and importance of the summary content is
the key to the goal of the model. In order to satis{y the relevance of query and ensure the importance of summary content, this pa-
per uses query information as a model study target,creates an extended summary data set based on the title and picture informa-
tion.an extractive summary model based on knowledge distillation is proposed. In experiments, the pre-training language model
BERT is adopted as the encoder,two model training strategies based on knowledge distillation theory are proposed: guided trai-
ning and distillation training. Experimental results on CNN/DailyMail,a publicly available data set of news summaries,show that
both training methods have achieved significant effects. It is also found that the model based on guiding training could effectively
improve the significance of the summary content,while the model based on distillation training achieves the best effect in impro-
ving the relevance and significance of the summary.

Keywords Query-focused extractive summarization, Extended data set. BERT,Knowledge distillation
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Table 1 Experimental dataset statistics

Datasets # docs(train/val/test) avg. doc length avg. summary length avg. Title avg. Image Captions
CNN 90266/1220/1 093 33.98 3.59 9.8 19.5
Daily Mail 196961/12148/10397 29.33 3.86 18.1 21.2
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Table 2 Significance scores ROUGE-F1 for model experiments
on the CNN/DailyMail dataset

Models ROUGE-1 ROUGE-2  ROUGE-L
Aok E 52.59 31. 24 48.87
LEAD-3 40. 37 17.45 36.61
TextRank 39.53 17.28 36. 38
SummARuNNer 39. 60 16. 20 35.30
REFRESH 40.98 17.85 37.10
LATENT 41.05 18.77 37.54
BANDITSUM 41.50 18.70 37.60
NEUSUM 41.59 19.01 37.98
HiBERT 42.31 19. 87 38.78
BERTSUM 43.25 20. 24 39.63
Basic model 43.14 20. 10 39.51
GTM(Title) 43. 34 20. 28 39.72
DTM(Title) 43.36 20. 30 39.78

3 MMk BIRAE CNN/DailyMail $#s 4 Y
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Table 3 Correlation: ROUGE-Recall scores for model experiments

on the CNN/DailyMail dataset

Models ROUGE-1 ROUGE-2 ROUGE-L
LEAD-3 52.38 22.75 47.47
AttSum 52.81 22.95 47.74
CRSUM 53.10 23.15 48.07
XNET 52.72 22.95 48.10
Basic model 53.19 24.78 48. 66
DTMC(Title) 53.92 25.13 49.29
DTM(Image) 53.30 24.97 48.77
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Table 4 ROUGE-F1 scores for the model’s experiments on the

extended summary dataset based on title information

Models ROUGE-1 ROUGE-2 ROUGE-L
LEAD-3 16.59 4.95 13.04
AttSum 17.17 5.24 13. 84
CRSUM 17. 47 5.31 13.91
XNET 17.01 5.17 13.74
Basic model 17.73 5.68 14. 36
GTM First Stage(Title) 18.58 6.43 15.62
GTM Second Stage( Title) 18. 41 6.36 15. 48
DTMC(Title) 18.53 6.4 15.53
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Table 5 Training time of the extractive summary model

CHLf b
Models Training duration
Basic model 5~6
GTM(Title) 10~12
DTM(Title) 5~6
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Fig. 3 Effect of the paramete A4 on the model effect

in distillation training
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