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[Abstract] Graph neural networks incorporating syntactic_dependency information and external knowledge have
recently gained significant attention in Aspect-Based Sentiment Analysis(ABSA). However, existing research exhibits
limitations, such as inadequate extraction of grammatical information and suboptimal utilization. Moreover, the
background knowledge pertaining to key nodes, such asicontext words and opinion words, has not been completely
considered. Additionally, the attention mechanism-based method fails to establish a grammar information interaction
between aspect words and context words, making.aspect words mistakenly focus on irrelevant contextual information. A
multi-interaction Graph Convolutional Network (GCN) model is proposed based on virtual dependencies and double
knowledge enhancement. The model constructs a dependency tree for each word within an aspect word, generates a
virtual dependency graph based on virtual relations, constructs an emotional dependency graph using external affective
knowledge, and employs a dual channel graph convolutional neural network to process and fuse the virtual and affective
dependency graphs. This approach enables semantic and grammatical double interaction on the feature representation of
the fused specific aspect. Simultaneously, the feature and context representations of specific aspects, enhanced by
conceptual knowledge, are used for knowledge-attention interaction. Finally, multiple enhanced representations are
fused to facilitate sharing and complementation among different representations. Experimental results demonstrate that
the proposed model achieves superior emotional classification performance compared to ASGCN. Specifically, the F1 values
of the proposed model on the Rest]15 and Rest16 datasets increase by 4.71 and 8.57 percentage points, respectively.
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Fig.2. Ordinary dependency trees and aspect-oriented dependency trees with virtual dependency
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SAE BAE LG B T2
3.5 HRA

A S Twitter .Lap14 . Rest14 Restl5 Rest16 %}
P4 [ oE AT 8 QISR X b S5, &5 SR ANk 4 iR, B
ol A bRE . R 47T LLF A 3 VKI-GCN
PR 5 B 7 A5 R MIGCN A FE , 78 5 AN B8 B8 Ace
4 9 4% 7+ 1.55.0.68.0.72 . 1.29 1 0076 N/ 43 A5,
F1 {8 43 5% # F+ 0.83.0.81.0.03 ., 2:39 F1.4.08 1~ & 4
S IR T AR SC T R TR ) £ R 5 AR L ol 3 A
GCN By | 7 3 VKIEGCN #5 # PEfe ¥ 4 e 2 7t
X RN PR ) R R ST RS R X fE B
VKI-GCN #5780l LA 288 757 181 1) 04 A A& 11 RN
DT (0 5 R AL S SR e ROk E R R OR L L
HAE Twitter £edi4E F, VKI-GCN # ASGCN () Acc
3R TF 270 N 23 PR TF 2,554 1 40 5L 18
Rest15 Fll Rest16 % #i& % I VKI-GCN % ASGCN (1)
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Table 4 Results of comparative experiments %
— Twitter Lapl4 Restl4 Restl5 Restl6
Acc F, Acc F, Acc F, Acc F, Acc F,
LSTM 69.56 67.70 69.28 63.09 78.13 67.47 77.37 55.17 86.80 63.88
IAN 72.50 70.81 72.05 67.38 79.26 70.09 78.54 52.65 84.74 55.21
ASGCN 72.15 70.40 75.55 71.05 80.77 72.02 79.89 61.89 88.99 67.48
KumaGCN 72.45 70.77 76.12 72.42 81.43 73.64 80.69 65.99 89.39 73.19
DGCN 72.87 71.21 74.63 71.03 81.24 72.84 — — — —
SK-GCN 71.97 70.22 73.20 69.18 80.36 70.43 80.12 60.70 85.17 68.08
AEGCN 73.86 71.59 75.91 71.88 81.43 73.66 80.85 63.96 88.76 68.73
MIGCN 73.31 72.12 76.59 72.44 82.32 74.31 80.81 64.21 89.50 71.97
VKI-GCN 74.86 72.95 77.27 73.25 83.04 74.34 82.10 66.60 90.26 76.05

AL VKI-GCN #5558 SR e 5 AN B0 4 - A 3¢
PUAE MR 3 2 PR RE 2 A $2 T (B AE AN R 8B 46 B i
T RATAE— € 225, 1F Rest14 505 5 IR THR

INCIEGZ R T DL A I, AL S R B A A K Y
PR TEA] , T A S0 VKI-GCN B B 244 07 o 1) 4y 4R
AR, I MR EE R T ET 410 %
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75 Falt A I JE R TRURIARE A& iR P K VKI-GCN L 2 75 1F

FF8 A MBI A H 3% 3 4 M Sem e T rT AL 04T

W 5 i, W/O SGCN+CK+Sy Zn U B VGCN
BEH I AT A2 H., W/O SGCN 25 75 A% 25 4 il AL 15
JEJ1H SenticNet it B 45 LU 45 43 37, W/O CK 7RV
F3 5] AMESHIRE 43S, W/O Sy Frm AU L FiiE LA
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Table 5 Results of ablation experiment %
- Twitter Lapl4 Restl4 Restl5 Restl6

Acc F, Acc F, Acc F, Acc F, Acc F,
W/O SGCN+CK+Sy 73.55 71.92 76.80 72.88 82.68 75.36 81.37 64.26 89.61 71.48
W/O0 SGCN 73.84 71.71 77.27 73.38 82.69 74.21 80.81 67.32 89.77 72.94
W/O CK 74.28 73.14 77.12 72.96 82.95 74.44 80.81 65.11 89.61 72.31
W/O Sy 73.12 71.03 75.71 72.31 8232 73.72 81.37 63.54 89.12 69.40
W/O Se 72.11 69.95 76.96 72.75 80.63 72.43 79.70 64.64 88.47 66.64
VKI-GCN 74.86 72.95 77.27 73.25 83.04 74.34 82.10 66.60 90.26 76.05
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