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Automatic Summarization Model Combining BERT Word Embedding Representation and Topic
Information Enhancement

GUO Yu-xin' and CHEN Xiu-hong®
1 School of Artificial Intelligence and Computer Science,Jiangnan University, Wuxi,Jiangsu 214122, China

2 Jiangsu Key Laboratory of Media Design and Software Technology, Wuxi,Jiangsu 214122, China

Abstract Automatic text summarization can help people to filter and identify information quickly,grasp the key content of news,
and alleviate the problem of information overload. The mainstream abstractive summarization model is mainly based on the en-
coder-decoder architecture. In view of the fact that the decoder does not fully consider the text topic information when predicting
the target word,and the traditional Word2Vec static word vector cannot solve the polysemy problem,an automatic summarization
model for Chinese short news is proposed,which integrates the BERT word embedding representation and topic information en-
hancing. The encoder combines unsupervised algorithm to obtain text topic information and integrates it into the attention mecha-
nism to improve the decoding effect of the model. At the decoder side,the BERT sentence vector extracted from the BERT pre-
trained language model is used as the supplementary feature to obtain more semantic information. Meanwhile, pointer mechanism
is introduced to solve the problem of out of vocabulary,and coverage mechanism is used to suppress repetition effectively. Finally,
in the training process,reinforcement learning method is adopted to optimize the model for non-differentiable index ROUGE to
avoid exposing bias. Experimental results on two datasets of Chinese short news summarization show that the proposed model can
significantly improve the ROUGE evaluation index, effectively integrate text topic information, and generate fluent and concise
summaries.

Keywords Abstractive summarization, BERT ., Topic information, Attention mechanism, Reinforcement learning
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Fig.1 Overall structure diagram of model proposed in this paper
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Table 1 Dataset statistics of LCSTS
Part 1 Number of Pairs 2400591
Number of Pairs 10666
Human Score 1 942
Human Score 2 1039
Part 2
Human Score 3 2019
Human Score 4 3128
Human Score 5 3538
Number of Pairs 1106
Human Score 1 165
Human Score 2 216
Part 3
Human Score 3 227
Human Score 4 301
Human Score 5 197
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Table 2 Comparison of experimental results of LCSTS

AL 26)
Model R-1 R-2 R-L
TextRank 15.32 7.80 16. 23
RNN 21.32 8. 54 18.23
RNN-context 24.93 14.59 21.27
Seq2Seq+ Attn 27.75 15.57 25.95
Pointer-generator 36. 68 21.39 31.12
PGN 37.16 24.67 33.96
WordNet+attn+PGN+ Cov 37.39 25.19 34.61
PGN+BERT 37.28 24.81 33.02
PGN+BERT-+ Topic 38.47 25.75 34.72
PGN+BERT+ Topic+RL 39. 46 26.28 35.84

# 3 CSTSD 4 1) SE 5 25 R % He

Table 3 Comparison of experimental results of CSTSD

CHLAL: 06D
Model R-1 R-2 R-L
TextRank 17. 31 6.56 18.27
RNN 21.62 9.23 20. 44
RNN-context 25.52 16.71 23.96
Seq2Seq+ Attn 29.05 18. 04 28.07
Pointer-generator 39.35 26.01 37.73
PGN 41.14 31.93 37.99
WordNet+attn+PGN+ Cov 41.72 32.54 38.26
PGN+BERT 41.56 32.09 38.12
PGN+BERT+ Topic 42.66 33.25 38. 87

PGN+BERT+ Topic+RL 43.89 33.70 39.95

Hi 3 2 F 3 I,

(DA SCERTEPIAEEE E R-1T,R-2 Al R-L A4l 45
B K T 39, 46, 26, 28,35, 84 Fl 43. 89, 33. 70,
39. 95, Y0k F H ALY 33 e WA A SCAS AL A AR v A
YEH T —5E 5Tk .

(2) 5L PGN #H L, PGN+ BERT /4] Ji] it 45 4iF 461
R HEREAS B T B 55 $E Tt BEWA A BERT /1) [n] & R 1iE fiE 1Y
TR UM B AR AR R, A P il BE 2 55 F A A WordNet -+
Dual-attn+PGN—+cov,

(3) HILLHA PGN # o, PGN+ BERT /4J ] & $7 4iF +
F A B AR Ak 1 R AL R 7E T A 8085 S L ROUGE-1

AR SR T T 131 %R 1. 52 % . 6 B TE 55 0 HLRI Ak Y B
R B A F 3OO A, IF HLRlG BERT A ] & 4¢ 1E /5 g
i ASE R X6 SO AR ) A SCHR A B IR 20 L AT AT R
T A A L S B .

(DI AR AL 2= 21 U 4577 % )5 » PGN+ BERT + Topic +
RL BRI PEREAS B T 3 — 0 R T, 5 SL B R AE LY L 76
ROUGE-L E/r BT T 1.88% F1 1. 96 % . Ui I 3 F A ¢ #
75025y 1% RE % 15 B A 200 A i B LT e A

i F ROUGE-1 #1 ROUGE-2 Il & F 4 & A= 5l i 209 15
Bt , ROUGE-L U Z i £ A o4 22 1 v] 32, BN 3 A>T A
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TE A i i Al -G BERT ) [h) 4 450 1T 5 75 B A B 25 & Tl 25
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BE - B0 40025 SR SCAR I A0 AR AR S B T IR
T

ST T O b A R AR SCASE A Al A 1 T S OB AR
A5 Seq2Seq+ Attn L K PGN #5894 i i 4 B 0 47 L
F 4 FIH Tk B A B 4R R B0 SR SCAR L S 3 R AR
LA,

*A4 MBEGRRY

Table 4 Examples of summarization results

XA R L kR S A R RN AL FREER
Vb, BwE WEFH.TREKRRNERFBEFXHE BRI WAk
Bl s EEARELE X L BB AT, MH. A AE s E
A A Wb ] S,

BEBE WHATLESAT KA K REE L RATFEAF

Seq2Seq+ Attn: [UNK]: 41 4k 2 B £ & & & £ 4 b oy o 5

PGN: R4 B K A % oy B A b A F ] 4h

Proposed.: 41 %k % B 4 & & % K # b o 2 R 2 B R A

XA HM - NREBE 20 M KAWL FER, FTHFFHLREET
EFHEF TR FREAGLA, B . ZFERREILT . 2154
M HERERYHE AL, BEERBRE . RTFH AR ML 2R E—K
K ERMBHHFHTEGKEL,

SEBE BT EBRKRABEE -S54 T

Seq2Seq+ Attn:7 ¥ B Z 4 # £ X A[UNK]T % F 4

PGN:/NKRZHFH 20 MA AL FER LA EERT
Proposed: # M /N K ZE#H 20 N KL FERF X LR BERT

W3 7R BT S Seq2Seq+ Aten #E ALK B 7 4 [UNK]
Tl R R T A AR B R T . PG A A R S AR fi L 1)
Fe A0 Ppia] ) B, 0 A e 5 oR 3R AR R SCAR A %0 N A 9F HLFT B
S A RSO B 2R AR B R AR S T A
BRI AT P o AR SRS A A A 4 B RS S ke B 1] 4T ] B
B BF 1 15 A 2 A B2 — A kg o R S B 1 T, T 2
FE B8 il 76 4 Ja) 19 £ B2 A 0 SCA N 2% 4R 0 T A S L TR B D
& BT LA 7 55 DL ok ke ™ A= LUNK ]98] F1 9 25 50 52 1) L
A5 B0 00 65 = F 1 PN 2 AT S PR SR I A

GWIE AR AR AL BT RS T I
Z—. AN T R R4 BERT i A R M 3B E A
8 i A b SCELHT I AR IR BRI R, 7E LCSTS M CSTSD %1
P S 25 R I L A R 5 2w 3 O A 2R X
AL A A 2 ROUGE #5865 B B2 T+ (5 B E &, T i
PETR

BRA SRR AR vh SO SO AR R L R RPN
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