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Heterogeneous graph convolutional neural network for
argument pair extraction

LIU Yidan, ZHU Xiaofei, YIN Yabo
(College of Computer Science and Engineering, Chongqing University of Technology, Chongqing 400054, China)

Abstract: An argument pair extraction model based on heterogeneous graph convolutional neural network was
proposed aiming at the issue of difficulty in capturing interactive information between review passage and rebuttal
passage and neglecting to model relative positional information between sentences. Heterogeneous graphs were
constructed within the review passage and rebuttal passage. Two types of nodes and four types of edges were
defined. The relational graph convolutional neural network was utilized to update the representations of nodes within
the graph. A position-aware sentence pair generator was introduced, and rotary position embedding was employed to
model the relative positional information between sentences in review passage and rebuttal passage. Experimental
evaluations on the RR-passage and RR-submission-v2 datasets demonstrate that the proposed model outperforms all
baseline models. The performance of the argument pair extraction model can be enhanced by constructing
heterogeneous graphs to distinguish between different types of nodes and edges and designing a position-aware
sentence pair generator.
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Tab.2 Comparison of performance of HGCN-APE on RR-passage and RR-submission-v2 dataset
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Pl% RI% Fy/% Pl% RI% Fy/% Pl% RI% F/%
MT-H-LSTM-CRF 70.74 69.46 70.09 52.05 46.74 49.25 27.24 26.00 26.61
MLMC 69.53 73.27 71.35 60.01 46.82 52.60 37.15 29.38 32.81
RR-submission-v2 MGF 70.40 71.87 71.13 — — — 34.23 34.57 34.40
MRC-APE-Bert 73.36 68.35 70.77 — — — 42.26 34.06 37.72
HGCN-APE 71.86 71.80 71.83 66.12 59.40 62.58 42.70 36.05 39.09
MT-H-LSTM-CRF 71.85 71.01 71.43 54.28 43.24 48.13 30.08 29.55 29.81
MLMC 66.79 72.17 69.37 62.49 42.33 50.53 40.27 29.53 34.07
RR-passage MGF 73.62 70.88 72.22 — — — 38.03 35.68 36.82
MRC-APE-Bert 66.81 69.84 68.29 — — — 34.70 35.53 3551
HGCN-APE 72.50 71.61 72.05 67.68 59.25 63.18 45.76 38.32 41.71
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Tab.3 Ablation study of HGCN-APE on RR-passage dataset

- PR R TR

Pl% RI% F\/%

HGCN-APE 45.76 38.32 41.71
w/o v2v 44.36 38.26 41.09
w/0 b2b 44.69 37.63 40.86
w/0 v2b 41.58 35.63 38.38
w/o b2v 42.68 32.84 37.12
w/0 pos 44.56 37.68 40.83
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Tab.4 Effect of HGCN-APE hyper-parameter L

Hillnde L Pl% RI% Fil%

1 33.47 25.94 29.23

2 44.03 35.11 39.02

RR-passage 3 45.76 38.32 41.71
4 43.77 39.74 41.66

5 44.49 38.11 41.05

1 33.47 25.94 29.23

2 40.47 32.50 36.05

RR-submission-v2 3 42.70 36.05 39.09
4 42.02 35.68 38.59

5 40.98 34.15 37.25
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Fig.4 Comparison of loss and performance of HGCN-APE on RR-
passage and RR-submission-v2 dataset

3.6 EOIFFRELE
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Tab.5 Case study of HGCN-APE

FEA FLSITHT BB TIOT A B 1R HS R BB A TN 2 BB s FELR X TR X
8-9 8-9 1-7 1-7 (8-9)-(1-7) (6-7)-(1-7)
1 10-15 10-15 8-13 8-13 (10-15)-(8-13) (10-15)-(8-13)
J— 6_7 J— J— J— J—
10-11 10-11 1-8 1-8 (10-11)-(1-8) (10-11)-(1-8)
2 12-12 12-12 9-11 9-11 (12-12)-(9-11) (12-12)-(9-11)
16-17 17-17 — — (16-17)-(1-8) (17-17)-(1-8)
6-10 6-10 1-11 1-11 (6-10)~(1-11) (6-10)~(1-11)
3 12-13 12-13 14-18 14-18 (12-13)-(14-18) (12-13)-(14-18)
14-15 14-15 21-24 21-24 (14-15)-(21-24) (14-15)-(21-24)
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