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Abstract Extractive document summarization uses certain strategies to select some sentences from lengthy
texts to form a summary, whose key is to use as much semantic and structural information of the text as possible. In
order to better mine such information and then use it to guide the summarization, an extractive document
summarization model based on heterogeneous graph and keywords (HGKSum) is proposed, which models the text
as a heterogeneous graph composed of sentence nodes and word nodes. The model uses the graph attention
networks to learn the features of the nodes in the graph. The multi-task learning is applied to the model, which
considers the keywords extraction task as an auxiliary task of the document summarization task. The candidate
summary which derived from the prediction of the neural networks in the model is often highly redundant, so the
model refines it to create the final summary of low redundancy. The comparative experiment on the document
summarization benchmark shows that the proposed model outperforms the baselines. Besides, ablation studies also
demonstrate the necessity of introducing heterogeneous nodes and keywords.
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it : B E Summary
Summary « [], trigrams set <« @, sents num
—0
sorted_sent «— sort(Sents, ¥)
for sent in sorted_sent do
if sents num =K
return Summary
end if
sent_trigrams «— get_trigrams(sent)
if is_disjoint(sent_trigrams, trigrams_set)
trigrams_set <«— trigrams set |
sent_trigrams
Summary.append(sent)
sent num++
end if
end for

return Summary
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Z Length(S)
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ROUGE-2 #1 ROUGE-L ] #z Z 43 5l ¥ 0.02. 0.09
0.1, KPHEES TiZSBARUK, HE8.

x2 ESZSWNENFTW

Bkr =05 =06  1=07  1=08  1=09  1=1.0
R-1 4276 4275 4275 4274 4274 4224
R-2 19.58 19.55 19.64 19.57 19.59 19.15
R-L  39.10 39.08  39.13 39.03 39.13 38.52

339 ¢
338
33.7 +
33.6
335
334
333
332

Avg ROUGE

0j5 0j6 0j7 0j8 0j9 1j0
A
B3 (T TR A

3.5 BTN EE o

N T B AIEfE ] HGK Sum 3E47 4 B2 1045 201k
WP 8 FhELUMERI R 5 HGKSum HEAT R EL 9256 . 5
TR, ZRTIFEIE, HGKSum 3 A& 5l
AR ZAERL, 9T IR A, PR
THEASE TR [ A 2 25 T RIS F)1| A58 2 g el B XS
A B, FE AR AL HE

1) ORACLE™ IR FEARE 4R bR 24y fid
T, ATRAME— R BRI SR A I

Hn e ERTERe BN
2) LEAD-3" 557 fi] 513l 0k £ 30 % 9T Sk 1)1
MITAE

3) REFRESH"™ 4 4 B X SC A 8 AT 55 #AE
F)FHEPATL S, A8 S Ak 2 3T 10 7 AR i 2

4) BanditSum™" $ 31 B X SC A AT 5 MLAE
TR EMNL (contextual bandit) 7]/, fdi B iRk
2 ) 17 A R

5) NeuSUM™ ! H i B 2 SC A4 22 A (1 1) 7%
I RE) IR PRGN — D BRI AT Rk 5 5

6) PNBERT" f#i i} BERT {E A4mfdas, IREN
IR 28 A'E 9 R 2 oI A A

7> MatchSum!"* ¥ e B = SC A 478 BEAT 55 704
B SCUCHC i 8, A 24 BERT 42535 B i
A B RN B A

8) HSG™ SA IR KL, 2T A
FOAERL, F BEAN[E] T TR R A 5N RS

B WA AT RIS R TR B RHIE 2 2

LI AERINER 3 PR, £ 3 AFBER AT LN
32, AR EB S (LEAD-3) | 3T BERT
VR JE 24 ST A% A (PNBERT. MatchSum) A1 3
T BERT [MiRE2 21154 (REFRESH. BanditSum.
NeuSUM. HSG fl HGKSum) , 7] LAfS Hidn M
MLER

1) 5 ORACLE #tt, Fra BB REII A
KEEFH2 ], 3 150 B 4l B XS A A AT 55 ARk 2|
WEFCHRS, WA R R 2.

2) 53T BERT MR FE 5 >] R E R BUAR LL
HGKSum ()P 3 T PNBERT, # W] HGKSum 7£
AT 5 BB RIS T N AR P E e R I

3) HGKSum [P fE 55 T MatchSum, Jif K 7E
F MatchSum A 5 F =T HGKSum, MatchSum
H 1.71¢2%, T HGKSum IV H 360 i . i+
FHAI T RN RO H, MRS 5
BT AL, HGKSum /)2 $ 8 n] 1T L £ 7R
NAQH? + H+8H?), H 4 FomidtAT T 4 KT Rk
22, QPRI Wi HE, HREED
ME a MSHE, SHPRFTHMA ML SR
1l MatchSum [JZE 8 IR IR N2 X 12(H? +3H?+
8H?), M v 2 FIRZ54E BERT W % b A& 9 A4
BERT M 4%, 12 &x—> BERT MZE#E T 12 2
Transformer B¢, p2R LI EMNSHE, 3H R
3IAMMER IR QKV SR, SHZZAIHINE M
SIS FFAEYEE H {F HGKSum H BUE A
300, 7E MatchSum HEUHE N 768

4) 5B MR AR R A R H 2L T BERT
PRAERT AU LL, HSG B2 R, M5
HSG #H ., HGKSum 7E ROUGE-1. ROUGE-2
ROUGE-L 442 7 0.72. 0.20 £1 0.62, F* #
HGK Sum {5 A 5 #4) B 455 S0 AR D K 5] N OB il 43
S 8 .

# 3 HGKSum S5EERRISTELEE

LAY R-1 R-2 R-L
ORACLE 52.59 31.24 48.87
LEAD-3 40.34 17.70 36.57
REFRESH 40.00 18.20 36.60
BanditSum 41.50 18.70 37.60
NeuSUM 41.59 19.01 37.98
PNBERT 42.69 19.60 38.85
MatchSum 44.41 20.86 40.55
HSG 42.03 19.44 38.51
HGKSum 42.75 19.64 39.13




268 HL TR A AR

3.6 HE4SIG

N T PRZE HGKSum A5 84 o A [F] 2 A %o 47 22 1)
TUBRFRRE, ASCBTHT DUR AL . ok, 7EXC
AR B, LB T WIIZM GloVe 1A 4]
&, KRHABALYIGE AR 7 a1 &, ek
Ml. Hik, fERWERESES, LA FEET
BT UL, BT T RO N A
WA M2. FRR, T RURHIES SR, seie sy
SRS B T S AT s ARRAIE 2 18] P 25 21 R [R)AG) T AR AE
Z I 2 SRR, o e M3 R M4, fE VIR
B, SRR T 2AT 4 5 3] I B A e BT 55
K BT S5 2 1 AT IR, 12 MS. SR58
R R B AE, HEAE AS 2 Jemi 1) 3 4]
TRIRAE, 0N M6. e, N T HRIET 5%
DO IR, SEEG R B Ju b AT S A7 s 2 (Rl 2
X, TR S Z B, A MT, 2
Jo, SRS IE PR SR AT R A SURHIE A 5T, AT
)1 T ERFIE 2T, 100 M8,

SIS R R 4 o, EFUIARE, AT
HEATSIHE (M2) FIASHEAT SR S IR 24 )
(M3) SEFR B3 AR T SE88 1R y BN
1RO, [AIFEH, AT KRB TS (M5) 52
bR bR T SEES 2 R A BN 1. MEER 4, W]
DL IAS 8 % B W8 — 4148, HGKSum [P RE# A
i, U T BT E A B IR, R
BOUE T TR R B R IR R . T
— SRR — A DTk R, AL T ARRELR
FERAN R RS AL LA (R TRk, R AL AR ¥
B, AR KR A HGK Sum 57 Bl A U 76 $6 45 H 1
Z A6 AROUGE, Wil 4 firx. HE 4 o] DL 4
R, M3 %R R R T s R 2 8] 1)
1) Tk ok, H 7 ROUGE-1. ROUGE-2 Ail
ROUGE-L 45 5T#k T 1.49. 1.31 f1 1.56, Xt
B SCAR R S OGTE I ) 100 2R 22 4 O 2 2 IR 5 ) O
o, M DU 1R B R T AR ST, MR T
HGKSum 5| N\ 577 g il b 2%

& 4 HGKSum LHyBRESCIS

[t R-1 R-2 R-L
HGKSum 4275 19.64 39.13
Ml 42.12 19.04 38.43
M2 42.60 19.52 38.92
M3 41.26 18.33 37.57
M4 4251 19.40 38.81
M5 4224 19.15 38.52
M6 41.65 19.08 38.07
M7 4230 19.20 38.58
M8 42.46 19.35 38.74

%53 %
18 ¢
6 £= AROUGE-1
6 r S = AROUGE-2
14 | £N AROUGE-L
. 12}
S 10 |
S 08
<06 | g |
04 B EE § EE
02 B gﬁ N BN E gﬁ
0 N N BN EN BN Hj

Ml M2 M3 M4 M5 M6 M7 M8

P4 HGKSum FFAS R BTk

4 ZEFRIE

ARSCHREHY T — 3 T S5 ey 1 A O B ] i
SO R, R (1 A B RE S AR G M il 3R R
AR &R, SIANRREREE Sl 255 1
JrARENE AT RO R TR A, RS HER RS b
MIseae R MY, A SCEALOL T AR I 2B 2 1 47
LR O THRIUELF SCAROR, B AR
PR R T RS AL AR AR o (g B

2 E XMk

[1] Z4m, KE, D F, % A ABEFREA].
BHHFR 5 K R, 2021, 58(1): 1-21.

LI J P, ZHANG C, CHEN X J, et al. Survey on automatic
text summarization[J]. Journal of Computer Research and
Development, 2021, 58(1): 1-21.

[2] LUHN H P. The automatic creation of literature
abstracts[J]. IBM Journal of Research and Development,
1958, 2(2): 159-165.

[3] RUSH A M, CHOPRA S, WESTON J. A neural attention
model for abstractive sentence summarization[C]//Proc of
the 2015 Conf on Empirical Methods in Natural Language
Processing. Stroudsburg: ACL, 2015: 379-389.

[4] EDMUNDSON H P. New methods in automatic
extracting[J]. Journal of the ACM, 1969, 16(2): 264-285.

[5] MIHALCEA R, TARAU P. TextRank: Bringing order into
text[C]//Proc of the 2004 Conf on Empirical Methods in
Natural Language Processing. Stroudsburg: ACL, 2004:
404-411.

[6] PAGE L, BRIN S, MOTWANI R, et al. The PageRank
citation ranking: Bringing order to the web[R]. Palo Alto:
Stanford InfoLab, 1999.

[7] YAN S, WAN X J. SRRank: Leveraging semantic roles for
extractive multi-document summarization[J]. IEEE/ACM
Transactions on Audio, Speech, and Language Processing,
2014, 22(12): 2048-2058.

[8] ZHENG H, LAPATA M. Sentence centrality revisited for
unsupervised summarization[C]//Proc of the 57th Annual
Meeting of the Association for Computational Linguistics.
Stroudsburg: ACL, 2019: 6236-6247.

[91 NALLAPATI R, ZHAI F F, ZHOU B W. SummaRuNNer:


https://doi.org/10.1147/rd.22.0159
https://doi.org/10.1145/321510.321519
https://doi.org/10.1109/TASLP.2014.2360461
https://doi.org/10.1109/TASLP.2014.2360461

Eol

ARURK, 5. T SR PR S ] ik B XSO A AR Y

269

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

(20]

A recurrent neural network based sequence model for
extractive summarization of documents[C]//Proc of the 31st
AAAI Conf on Artificial Intelligence. Palo Alto: AAAI
2017: 3075-3081.

YAO K C, ZHANG L B, LUO T J, et al. Deep
reinforcement  learning for  extractive  document
summarization[J]. Neurocomputing, 2018, 284: 52-62.
ST, R IEH, H A . EHEF T AR AER
oy FAF AL 2 7 R[], S F AR, 2021, 32(12): 3829-
3838.

HANPY, YU ZT, GAO S X, et al. Case-related public
opinion summarization method based on graph
convolution of sentence association graph with case
elements[J]. Journal of Software, 2021, 32(12): 3829-
3838.

DEVLIN J, CHANG M W, LEE K, et al. BERT: Pre-
training of deep bidirectional transformers for language
understanding[C]//Proc of the 2019 Conf of the North
American Chapter of the Association for Computational
Linguistics: Human Language Technologies, Volume 1
(Long and Short Papers). Stroudsburg: ACL, 2019: 4171-
4186.

ZHONG M, LIU P F, CHEN Y R, et al. Extractive
summarization as text matching[C]//Proc of the 58th
Annual Meeting of the Association for Computational
Linguistics. Stroudsburg: ACL, 2020: 6197-6208.

LIU Y, LAPATA M. Text summarization with pretrained
encoders[C]//Proc of the 2019 Conf on Empirical Methods
in Natural Language Processing and the 9th Int Joint Conf
on Natural Language Processing (EMNLP-IJCNLP).
Stroudsburg: ACL, 2019: 3730-3740.

PASQUIER C. Single document keyphrase extraction
using sentence clustering and latent Dirichlet
allocation[C]//Proc of the 5th Int Workshop on Semantic
Evaluation. Stroudsburg: ACL, 2010: 154-157.

CAMPOS R, MANGARAVITE V, PASQUALI A, et al.
YAKE! Keyword extraction from single documents using
multiple local features[J]. Information Sciences, 2020,
509: 257-289.

SINGHAL A, SHARMA D K. Keyword extraction using
Renyi entropy: A statistical and domain independent
method[C]//2021 7th Int Conf on Advanced Computing
and Communication Systems (ICACCS). Piscataway, NJ:
IEEE, 2021: 1970-1975.

DUARI S, BHATNAGAR V. sCAKE:
connectivity aware keyword extraction[J]. Information
Sciences, 2019, 477: 100-117.

TIXIER A, MALLIAROS F, VAZIRGIANNIS M. A
graph  degeneracy-based  approach to  keyword
extraction[C]//Proc of the 2016 Conf on Empirical
Methods in Natural Language Processing. Stroudsburg:
ACL, 2016: 1860-1870.

JAIN A, MITTAL K, VAISLA K S. FLAKE: Fuzzy graph

The

Semantic

centrality-based automatic keyword extraction[J].
Computer Journal, 2022, 65(4): 926-939.

(21]

(22]

(23]

[24]

(23]

[26]

(27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

GOZ F, MUTLU A. MGRank: A keyword extraction
system based on multigraph GoW model and novel edge
weighting procedure[J]. Knowledge-Based Systems, 2022,
251:109292.

PENNINGTON J, SOCHER R, MANNING C D. GloVe:
Global vectors for word representation[C]//Proc of the
2014 Conf on Empirical Methods in Natural Language
Processing (EMNLP). Stroudsburg: ACL, 2014: 1532-
1543.

LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-
based learning applied to document recognition[J].
Proceedings of the IEEE, 1998, 86(11): 2278-2324.
HOCHREITER S, SCHMIDHUBER J. Long short-term
memory[J]. Neural Computation, 1997, 9(8): 1735-1780.
VELICKOVIC P, CUCURULL G, CASANOVA A, et al.
Graph attention networks[EB/OL]. [2023-01-03]. https://
arxiv.org/abs/1710.10903.

MAAS A L, HANNUN A Y, NG A Y. Rectifier
nonlinearities  improve neural network  acoustic
models[C]//Proc of the 30th Int Conf on Machine
Learning. Brookline, MA: Microtome Publishing, 2013:
2104-2109.

BRODY S, ALON U, YAHAV E. How attentive are
graph attention networks?[EB/OL]. [2023-01-03]. https://
arxiv.org/abs/2105.14491.

VASWANI A, SHAZEER N, PARMAR N, et al
Attention is all you need[C]//Proc of the 31st Int Conf on
Neural Information Processing Systems. New York:
Curran Associates Inc, 2017: 6000-6010.

HE K M, ZHANG X Y, REN S Q, et al. Deep residual
learning for image recognition[C]//Proc of the IEEE Conf
on Computer Vision and Pattern Recognition. Los
Alamitos: IEEE Computer Society, 2016: 770-778.

BA J L, KIROS J R, HINTON G E. Layer
normalization[EB/OL]. [2023-01-05].
abs/1607.06450.

NAIR V, HINTON G E. Rectified linear units improve
restricted Boltzmann machines[C]//Proc of the 27th Int
Conf on Machine Learning. Madison, WI: Omnipress,
2010: 807-814.

PAULUS R, XIONG C M, SOCHER R. A deep
reinforced model for abstractive summarization[EB/OL].
[2023-01-03]. https://arxiv.org/abs/1705.04304.
CARBONELL J, GOLDSTEIN J. The use of MMR,
diversity-based reranking for reordering documents and

https://arxiv.org/

producing summaries[C]//Proc of the 21st Annual Int
ACM SIGIR Conf on Research and Development in
Information Retrieval. New York: ACM, 1998: 335-336.
HERMANN K M, KOCISKY T, GREFENSTETTE E, et
al. Teaching machines to read and comprehend[C]//Proc
of the 28th Int Conf on Neural Information Processing
Systems-Volume 1. Cambridge: MIT Press, 2015: 1693-
1701.

NALLAPATI R, ZHOU B W, SANTOS C, et al.
Abstractive  text

summarization using sequence-to-


https://doi.org/10.1016/j.neucom.2018.01.020
https://doi.org/10.1016/j.ins.2019.09.013
https://doi.org/10.1016/j.ins.2018.10.034
https://doi.org/10.1016/j.ins.2018.10.034
https://doi.org/10.1093/comjnl/bxaa133
https://doi.org/10.1093/comjnl/bxaa133
https://doi.org/10.1016/j.knosys.2022.109292
https://doi.org/10.1109/5.726791
https://doi.org/10.1162/neco.1997.9.8.1735
https://arxiv.org/abs/1710.10903
https://arxiv.org/abs/1710.10903
https://arxiv.org/abs/2105.14491
https://arxiv.org/abs/2105.14491
https://arxiv.org/abs/1607.06450
https://arxiv.org/abs/1607.06450
https://arxiv.org/abs/1705.04304

270

HL TR A AR

53 3%

[36]

[37]

[38]

[39]

sequence RNNs and beyond[C]//Proc of the 20th SIGNLL
Conf on Computational Natural Language Learning.
Stroudsburg: ACL, 2016: 280-290.

SEE A, LIU P J, MANNING C D. Get to the point:
Summarization with pointer-generator networks[C]//Proc
of the 55th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers).
Stroudsburg: ACL, 2017: 1073-1083.

LIN C Y, HOVY E. Automatic evaluation of summaries
using n-gram co-occurrence statistics[C]//Proc of the 2003
Conf of the North American Chapter of the Association
for Computational Linguistics on Human Language
Technology. Stroudsburg: ACL, 2003: 71-78.

KINGMA D P, BA J. Adam: A method for stochastic
optimization[EB/OL]. [2023-01-03]. https://arxiv.org/abs/
1412.6980.

NARAYAN S, COHEN S B, LAPATA M. Ranking
sentences for extractive summarization with reinforcement
learning[C]//Proc of the 2018 Conf of the North American
Chapter of the Association for Computational Linguistics:
Human Language Technologies. Stroudsburg: ACL, 2018:
1747-1759.

[40]

[41]

[42]

DONG Y, SHEN Y K, CRAWFORD E, et al. BanditSum:
Extractive summarization as a contextual bandit[C]//Proc
of the 2018 Conf on Empirical Methods in Natural
Language Processing. Stroudsburg: ACL, 2018: 3739-
3748.

ZHOU Q Y, YANG N, WEI F R, et al. Neural document
summarization by jointly learning to score and select
sentences[C]//Proc of the 56th Annual Meeting of the
Association for Computational Linguistics. Stroudsburg:
ACL, 2018: 654-663.

ZHONG M, LIU P F, WANG D Q, et al. Searching for
effective neural extractive summarization: What works
and what’s next[C]//Proc of the 57th Annual Meeting of
the  Association for Computational
Stroudsburg: ACL, 2019: 1049-1058.
WANG D Q, LIU P F, ZHENG Y N, et al. Heterogeneous
graph
summarization[C]//Proc of the 58th Annual Meeting of the
Association for Computational Linguistics. Stroudsburg:
ACL, 2020: 6209-6219.

Linguistics.

neural networks for extractive document

OB OB 4


https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980

	1 相关工作
	1.1 文本摘要
	1.2 关键词抽取

	2 HGKSum模型
	2.1 模型框架
	2.2 异构图构建
	2.2.1 图的结构
	2.2.2 图的边权
	2.2.3 重要节点筛选

	2.3 文本向量化
	2.4 异构图节点特征学习
	2.4.1 模型结构
	2.4.2 节点特征学习过程

	2.5 多任务学习
	2.6 摘要精炼

	3 实验与分析
	3.1 数据集
	3.2 评价标准
	3.3 实验设置
	3.4 敏感性分析
	3.5 整体评价和对比分析
	3.6 消融实验

	4 结束语
	参考文献

