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Automatic Chinese Abstractive Summarization With Topical Keywords Fusion

HOU Li-Wei' HU Po? CAO Wen-Lin!

Abstract
rization research is evolving from extractive summarization to abstractive summarization, which aims to generate more

With the rapid development of big data and artificial intelligence technology, the automatic text summa-

natural, higher quality and more fluent summary. In recent years, deep learning technology has been gradually applied
to the abstractive summarization task. The sequence to sequence model based on attention mechanism has become one
of the most widely used models, especially in the sentence-level summarization generation tasks (such as news headline
generation, sentence compression and so on), and has achieved remarkable results. However, most of the abstractive
summarization models based on neural networks distribute their attention to all the contents of the source document
evenly, instead of regarding the important topics information of source documents discriminatively. In view of this, we
propose a new multiple attention sequence-to-sequence model which integrates topical keywords information. And this
model combines multidimensional topic information with text semantic information to generate the final summary by a
joint attention mechanism. The evaluation results on the public dataset of NLPCC 2017 shared task3 show that our
system is competitive with the state-of-the-art methods.
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Fig.1 The sequence-to-sequence model
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Fig.3 The multi-attention sequence-to-sequence model based on keywords information
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SHEE R BN 1 s, R 1 B8 ReT I

1) A% %:AE ROUGE 19 F i e
FEAM IR 2 VA P 4~ 10 N E 2R, XU
16 B 3 A R SR 2 55 v, AR
e

2) H UniAttention #5245 A SCAHY 1) 5%f L 45
ST UL, F SCAR 5 SRR 1 B 045 B A A A R )T
SR AE B AL A Rl B 7 51 2 7 51 ALY rhoeT DA
B E AR B R R SO (AR THETE 3~ 4
I3

3) A% NLP_ONE, pointer-generator Fl4%
SCRERY ) S B EAT T gt Wb, R I
EEN PR ST EISEIES & NP 27 I LY SE I RSP

AR SR S A BT RNIN SRR L 0 AR
G A AR R P A7 O, TR0 U SRR SR A
SAEA IR R T A T B 51 SR

4) ARSCHTHRAEI A HLAR B S PR R 2 Bl
%2 PR K 2 R T3 NSRBI A A
W2 5 B2, AR 2 nTAE H, A2l
A BRI Eo 2 TR N ARG 1 B 773,
A SRR AR R BRI ) R B AN UAEE S
SR AL IS, 1A A H Al ) R - T B 2R
138, DR T 2 RS SCAR i S, A L At B 2
A AR S SCAS R P . AR FE DTV DA A5 2
PR

5) XFECE 2 HAGHILE A i B A A T A
HB: AR SCHR R A A S ) i A it R T, B
T AR BRI, [H) B AT 1 SO o i %
FRAUER, SRR R F B R, TR AL
PEEERI 2R, AT EEAR Bl 2805 B 1y 51 21 7471
B, ASCHR H AR ARECR BEAL, RO AR A B %
(1 A A SR I SR T 48 S 2 A A, 4
)2 A B £ L P AR B B X M 1
T RURE 5 A R] T R A AR L

4.6 TFTERYICIRR

MRAE SR 45 2R, RAE AR i A A Bl B XA
S SO SCAN N B2 AT 55 RCR B, (B
X B R A 50 >R B Bl I 2 A A i v Jo i ) 22
AL SR R Y AN S A n] AR B i TR o)
A SRS PN R AE A 2 1 R Ha 2] 3K
B A B N R A S ORI R K ]
FR Rl ATE A B SCAR AR BB AT T b e, AR
JIC B A7 AT DAY SO R A5 S, (R E R B A
WA ET7 1T, AR BCR A RCR BT Bl 2 s
SO RN 32 U PR 14 A A 2 L H A 2y i 2
A O GE, A WISRREARTE L, AR S A0 A

K1 HEOPH AR

Table 1  The results of summaries

i ROUGE-1 ROUGE-2 ROUGE-3 ROUGE-4 ROUGE-L
LexPageRank 0.23634 0.10884 0.05892 0.03880 0.17578
MEAD 0.28674 0.14872 0.08761 0.06124 0.22365
Submodular 0.29704 0.15283 0.08917 0.06254 0.21668
UniAttention 0.33752 0.20067 0.13215 0.10178 0.29462
NLP_ONE 0.34983 0.21181 0.14490 0.11266 0.30686
pointer-generator 0.36022 0.21978 0.14783 0.11458 0.29888
AR 0.37667 0.24077 0.16665 0.12914 0.32886
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Table 2 The examples of the generative summaries
poaa it HE AR
NSRS WER T4, PGP 6 4 JLEES PRI IKBIENT, AR ST, B aERR R 11 %, S/l 5 4.
UniAttention: A H T, Wi R kA — Bk, 6 24 LA HE K ST,
NLP_ONE: Bl WV TFER L RAMNIR BT, BN B %, NS B, AN S K.

pointer-generator:

PR VB R R AE—RRANEK S, B8 38 1 f, [UNK] /g2, vl 5% (H)

A SCAGIR: & FiBR 6 BILEEEBKMERER K, HPEREAN 11 %, BNk 5 ¥, RIMAS 5.
B 2 BRI T R A0 I AT Bk 6 /N, ABELLTTCA FREW, A T R SR K. R AR ST TR DL
B 7E TAE - -
UniAttention: AWEIL TR B AT WihRok 6 /NG, AL A FEHERT, I 35 R SRk, - -
NLP_ONE: WG R R A AT WivhRok 6 /N, AT TR ER, IR B AR SRR, SRAEAH G BT

pointer-generator:

B T
VBT R M B € U WOk 6 /NN AL T 35 T, o A MRV S K. SRSAR T TR0 BT
WLAE o ()

AR AT AHEERETE: MitRk 6 I, BWEWLTHAERMERERK. ZIFHEXEIFASRBEFPRETE - -
B 2 A H B4 10 10, MR B SRR S kK, TO S gbeis. (1)
UniAttention: KM 7O KIFREELEHA K, 70 RANRTEHBE, 70 RFRLTF YRR
NLP_ONE: A FIN—IRE RS K, B A 43 9, AT 43 3, SR AT A, KB TUb T F  rE.

pointer-generator:

AP FINEEHE RIS R K, 70 KRB, 70 R ERRS, MM IR ER & SE 5k ()

AR HE: 4 H 10 wF, FBM—REHEREERL A, 70 RFSERIRE.
PR 2 PRI R ST R BB, T K & W B WG LI S, SRR AR IEAE AT o
UniAttention: RN T 2110 1 % FE S22 AR AR S SR, SRIBGIR .
NLP_ONE: JiE 2R Tl bl X DT 22 AL L 2 WA AU AR BT ZR 00T, -SRI ] FE .

pointer-generator:

AR ZME R, PSR 2R BT, ERAW TR AT, H R AR IKITA S A TR M2 AL SE L S 0T, ik
MRS ERI AU, ZUEIRAR A

AT MAEERETERICILUGSEREZWILR, CHMRNE REMETEEHITP.
FrfEd A H 6 B 50 4, Tkt — 12 S B ZEIE ST, 3 /NG, I IX— 46 5 BTG,
UniAttention: PO 12 S HM 21 EREEN T BT, 25 IE AT BT A R TF R 2
NLP_ONE: A6 I 50 4y, IRALK— 12 % BT (7).

pointer-generator:

VT — 12 S RGBT, —4 12 SR G IX/NX 14 SREEMEE LR RITIE; thAT 12 2554 20 2 B4R 20
R

ARSI Al AR 6 B 50 51F, WALRREWHN12 SRRBEBT, (L3 MHE, HEHE 3 /M EREST.
PR 2 N0 S A PR 4 AR, 1 A5, HHRERT ) IEAE 4 I R g A A B
UniAttention: I NS A AR SRIE T, S 4 NI T, 45 CakBuR A b
NLP_ONE: 4 H NP RAEFUIR KSR, B4 ABIRIE T, 1 ARIET, KA Bk

pointer-generator:

AR

JRHR: SEABE SN ZR FEBE RO TREFU Aol S 4 ARERIET, 1 ABIRIFT, 1 A5205, 1 A320 ()
AE: FNREERABIEEL, 4 ABEFHT, 1 AZ5, Ui SN ERRE.

MR AR SOREZ 5 b A7 2 0] 58 4= DURCHY ]

HESH EAE N A MRS EIIREIRH] 90 % DAL RYITHE
JE. IMAE ZR Bt A RGNS DL, A S b A
ISV 2 T A B R 5 2 B IR AR R )

.
5 HRIE

ARSCRE T — Pl g T 22 R 2% 4 Al s
SCH IR ETNE, AU T XA S

Ll b e 9 E R IR KB R, I BRI T
SR B VR BN R, A S X
PO A RAUESE T 51 A S B ] 5 BOeH B T A 30 i
AL B OR. R MR Z T DAY R T
1, Bilande LCSTS &5 i SCR AR SO RS Lttt
O AR R A Uy VAT E T E ' = EACI R i D
JCA A, DA B Iy A RO R BUOCAS 42 Ry LR
PSP AN )L BOAN RIS Y 5 B A R
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