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Abstract
model, which regarded encoder as part of decoder, and used gated network to control the information flow from

This paper proposed an abstractive summarization method based on self-attention based Transformer

encoder to decoder. Compared with the existing methods, proposed method improves the training and inference
speed of text summarization task, and improves the accuracy and fluency of generating summary. Experiments on
English summarization dataset Gigaword and DUC2004 demonstrate that proposed model outperforms the baseline

models on both the quality of summarization and time efficiency.
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german chemical giant hoechst group announced plans wednesday to invest
### million dollars in china next year , with the idea of getting a strong
foothold in the fast growing economy , xinhua news agency reported .
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Fig. 1 Summaries generated by extractive and abstractive method
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Fig. 2 An overview of proposed model
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Table 2 ROUGE F1 score and training and testing cost of each model on Gigaword dataset

o F1/% YL B
ROUGE-1 ROUGE-2 ROUGE-L (h-epoch™) (items-s™")
ABS 29.55 11.32 26.42 42 6.4
Feats2s 32.67 15.59 30.64 9.8 2.3
RAS 33.78 15.97 31.15 5.1 6.6
Entail-s2s 35.33 17.27 33.19 47 7.1
Seq2seq 33.20 15.64 30.82 3.5 8.3
Transformer 33.08 15.37 30.49 1.3 18.3
ESTrams(K%) 358 730 324 14 as1
Gated ES-Trans (4 ) 36.15 17.51 33.47 14 17.2
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Table 3 ROUGE recall of each model on DUC2004
dataset (%)

iy ROUGE-1 ROUGE-2  ROUGE-L
ABS 26.55 7.06 22.05
Feats2s 28.35 9.46 24.59
RAS 28.97 8.26 24.06
Entail-s2s 29.33 10.24 25.24
Seq2seq 27.88 8.41 24.04
Transformer 27.54 8.29 24.01
COBSTrans (K3 2002 981 2512
Gated ES-Trans (4 ) 29.25 9.97 25.41
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Table 4 Two examples from Gigaword and corresponding summarization

A the sri lankan government on wednesday announced the closure of government schools with immediate
I

effect as a military campaign against tamil separatists escalated in the north of the country .

141 SRR sri lanka closes schools as war escalates
Transformer fi#j 2 sri lanka launches campaign against tamil rebels

Gated ES-Trans % 2

sri lanka closes schools as military campaign escalates

WA at least ## people were killed when a nigeria airways airliner crashed on landing monday at kaduna airport

in the north of the country , airport officials said.

i 2 SHHE
Transformer fi#j %
Gated ES-Trans % %

at least ## killed in nigeria

nigerian plane crashes on landing killing at least ##

at least ## killed in nigerian airways plane crash
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