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Study on Pre-training Tasks for Multi-document Summarization

DING Yi and WANG Zhongqing

School of Computer Science and Technology,Soochow University,Suzhou, Jiangsu 215006, China
Abstract News summarization aims to quickly and accurately extract a concise summary from the complex news text. This paper
studies the multi-document summary based on the pre-training language model,focusing on the effect of model training methods
combined with pre-training tasks on improving model performance, and strengthening information exchange between multiple
documents to generate more comprehensive and brief summaries. For combined pre-training tasks. this paper conducts compara-
tive experiments on the baseline model, pre-training task content, pre-training task quantity,and pre-training task order,explores
and marks effective pre-training tasks, summarizes the specific methods to strengthen the information exchange between docu-
ments,and refines and proposes a concise and efficient pre-training process. Through training and testing on the public news
multi-document dataset,experimental results show that the content, quantity, and order of the pre-training tasks have a certain

improvement on the ROUGE value.and the specific pre-training combination proposed by integrating the conclusions of the three

has a significant increase in the ROUGE value.
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Table 2 Statistics on the number of documents per

sample(by frequency)
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Table 3 Parameter settings
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Table 4 Comparative experiments of baseline model

Model ROUGE-1  ROUGE-2 ROUGE-L
LEAD-3 29. 48 10.12 14. 62
PageRank 35.75 12.35 17.25

LSTM 37.86 13.10 20. 23
T5+ 12 39.81 14.07 22.20
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Table 5 Comparative experiments of pre-training content
Model ROUGE-1  ROUGE2 ROUGE-L
T5+ 12 39. 81 14,07 22. 20
T5+ g2t 39. 62 14.01 22.25
Ts5+12g 39.58 13.83 22.17
T5+152g 39. 82 13.97 22.21
T5+4 gt 2t 40.24 14.27 22.49
T5+ 1 g2 39.79 14.06 22.18
T5+41,2¢g 40.03 14.13 22. 40
T5+1,2g 39.91 14. 09 22.26
T5+4152¢g 39.78 14.04 22,12
T5+1,2g 39. 65 13.90 22.19
T541, 2ty 39. 41 13.85 22,14
T5+11,2¢ 39.39 13. 84 22.18
T5+ 12 2g 39,47 13.87 22.16
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Table 6 Comparative experiments of pre-training quantities
Model ROUGE-1 ROUGE-2 ROUGE-L

T5 39.58 13.81 22.14

T5+ g2t 39. 62 14.01 22.25

T5+ 12 39. 81 14.07 22.20

T5+1,2g 40.03 14.13 22. 40

T5+ g2t 40. 24 14. 27 22. 49

T5+g2t— 12t 10.12 14.10 22.33

T5+g2t—12t—1,2g 10. 14 14. 20 22,41

T5+4g2t— 12t—1,2g-8t2¢ 40. 40 14.51 22.53
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Table 7 Comparative experiments of pre-training sequences

Model ROUGE-1 ROUGE-2 ROUGE-L
T5 39.58 13. 81 22.14
T5+ 12t 39. 81 14.07 22. 20
T541,2¢g 10.03 14.13 22.40
T5+gr2t 140. 24 14. 27 22.49
T5+1,2g— g2t 10.41 14.42 22.51
T5+ g12t—1t,2g 10. 36 14. 38 22. 44
T5+1,2g—g12t— 12t 10. 44 14,42 22.54
T5+41,2g— 1 20— gt2t 10. 30 14. 29 22.43
T5+gi20—1,2g— 12t 10.29 14. 39 22,41
TS5+ gi2e—120—1,2g 40. 46 14. 40 22.50
T5+12t—1,2g— g2t 10.06 14.21 22.28
TS5+ 120~ g12i—1, 2g 140.20 14.37 22.44
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