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KHGAS : Keywords Guided Heterogeneous Graph for Abstractive Summarization

MAO Xingjing' , WEI Yong®, YANG Yurui' and JU Shenggen'
1 College of Computer Science,Sichuan University,Chengdu 610065 ,China
2 No. 30 Research Institute of CETC,Chengdu 610041, China

Abstract  Abstractive summarization is a crucial task in natural language processing that aims to generate concise and informa-
tive summaries from a given text. Deep learning-based sequence-to-sequence models have become the mainstream approach for
generating abstractive summaries,achieving remarkable performance gains. However, existing models still suffer from issues such
as semantic ambiguity and low information content due to the lack of attention to the dependency relationships between key con-
cepts and sentences in the input text. To address this challenge,the keywords guided heterogeneous graph model for abstractive
summarization is proposed. This model leverages extracted keywords and constructs a heterogeneous graph with both keywords
and sentences as input to model the dependency relationships between them. A document encoder and a graph encoder are respec-
tively used to capture textual information and dependency relationships in the heterogeneous graph. Moreover, a hierarchical
graph attention mechanism is introduced in the decoder to improve the model’s attention to significant information when genera-
ting summaries. . Extensive experiments on the CNN/Daily Mail and XSum datasets demonstrate that the proposed model outper-
forms existing methods in terms of the ROUGE evaluation metric. Human evaluations also reveal that the generated summaries
by the proposed model contain more key information and are more readable compared to the baseline models.

Keywords Abstractive summarization, Keywords, Heterogeneous graph.Graph attention,Sequence to sequence model
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Table 1  Automatic evaluation results on CNNDM dataset
Model R-1 R-2 R-L
LEAD-3 40.42 17.62 36. 67
PTGen+ Cov 39. 81 17. 28 36. 38
KIGN+ Predicting-guide 38.95 17.12 35.68
KIGN -+ Multi-task 40. 34 17.70 36.57
BertSumAbs 41.72 19.39 38.76
MASS 42.12 19.50 39.01
PEGASUSpasE 41.79 18. 81 38.93
BART 44.16 21.28 40. 90
GSUM+ keyword 42.21 19. 36 39.23
SKGSUM 411.61 18.55 38. 30
GATSUM 44.46 21.32 39. 84
KHGAS(Ours) 45.18 21.85 41. 64

#* 2 XSum BHESE L/ A I L

Table 2 Automatic evaluation results on XSum dataset
Model R-1 R-2 R-L
LEAD-3 16. 30 1. 60 11.95
PTGen+ Cov 28.10 8.02 21.72
BertSumAbs 38.76 16. 33 31.15
MASS 39.75 17.24 31.95
PEGASUSgasE 39.79 16.58 31.70
BART 45.14 22.27 37.25
SKGSUM 33.59 13.33 26. 35
GATSUM 44.60 21.53 36. 66
KHGAS(Ours) 45.22 22.32 37.11
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Table 3 Results of human evaluation

Source Inf A Flu Halv /% Erry /%
Human 4.47 4.65 21 10
BART 4.25 4.66 16 14
KHGAS 4.31 4.35 15 9
KHGAS-graph 3.94 3.65 10 22

MR 3 T LI L 78 05 B B AR 15 2 5 T, A SR KH-
GAS BERY LG B AT P A5 S AR A2 1A BT 3845 19 23 B v IXIE T T
HH 4 A5 RO A R . a5 AL )1 2 1 i o 49 2 R
A5 BART MBI BE A 2 /95 B JF BFE L SE A
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TE SCA PR b A7 — G B B2 T, S A TR g SR A R AT LUAR A

T (I
4.4.3 HEEBk

JE X KHGAS 5 3 47 — 38 51 3 il 55 3 0 o0 A 2 F
DGR R 1Y S A T | O B IR 5| S iR A 2 DA 4 )2 B T R T BL
il 51 AT LR A Em , JE g SR a3 4 sk 5 g, Hop,
KHGAS A SCHE AL, w/o graph 3758 FEAR A rh 25 5 35
F Ol A 1) 54 TR B Bl G T AR . w/0 keywords guided R
TERERL e B OC 15 S8 3 {5 B BE B, w/o hierarchical graph
attention F/R 7E A5 B b 25 Bk 43 2 6 i & 1 WL, w/o Key-
BERT /8 Al JH KeyBERT 3 A7 3¢ 8t 37 4 B, it 6 JH Text-
Rank 13 8| C 1A b A7 /7 B2 R4

# 4 CNN/DM ¥4l 4 i 8 il 52 30 45
Table 4 Results of ablation experiments on CNN/DM

Model R-1 R-2 R-L

KHGAS 45.18 21.85 41. 64

w/o graph 44.39 21.06 41.02

w/o keywords guided 45.02 21.43 41. 36

w/o hierarchical graph attention 44,68 21.18 41.15
w/o KeyBERT 44. 86 21.25 41.28
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Table 5 Results of ablation experiments on XSum
Model R-1 R-2 R-L
KHGAS 45.92 22.32 37.11
w/o graph 14.58 21,42 36. 61
w/o keywords guided 45.21 22.13 36.94
w/o hierarchical graph attention 44.96 21.87 36. 81
w/0o KeyBERT 45.07 21.96 36. 89
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Fig. 3 Comparison of experimental results on the effect of

graph type
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