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Abstract Aspect-based sentiment analysis(ABSA) is a fine-grained task in sentiment analysis that aims to detect the emotional
polarity of aspects in given sentence. Due to the rise of deep learning and graph convolutional networks(GCNs) , GCN constructed
over dependency tree has been widely applied to ABSA and achieved satisfactory results. However,most studies only acquire the
last layer node features of graph convolutional network(GCN) as input to the classifier, while ignoring other layer node features
and GCNs have over-smoothing problem. In recent years,some researchers ensembled the multilayer node features of GCN,im-
proving the performance of sentiment classification models. A model combines adaptively spatial feature fusion and highway net-
works,namely highway graph convolutional network based on multi-granularity feature fusion(MGFF-HGCN) is proposed for
ABSA in this paper. First, this model constructs GCN by syntactic dependency structure and bidirectional context information,
and highway networks is introduced for alleviating the deep GCN over-smoothing problem,deepening the depth of GCN. Then,a
adaptive fusion mechanism is effectively employed to fuse the more comprehensive and multi-granularity node feature information
obtained from various highway GCN(HGCN) layers. Finally, experimental results on public datasets show that the proposed
method is comparable to the benchmark models and be able to capture more granular syntactic information and long-range de-
pendencies relationship accurately.

Keywords Multi-granularity, Feature fusion,Graph convolutional networks, Highway networks, Aspect-based sentiment analysis
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Table 1 Statistics of datasets
Datasets Positive Neutral Negative
Train Test Train Test Train Test
Twitter 1561 173 3127 346 1560 173
Laptopl4 994 341 464 169 870 128
Restaurantl4 2164 728 637 196 807 196
Restaurantl5 912 326 36 34 256 182
Restaurant16 1240 469 69 30 439 117
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Table 2 Comparison results of different models
LA 20)

HA 4 A A Twitter Laptopl4 Restaurant14 Restaurantl5 Restaurant16

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

e SVM 63.40  63.30  70.49 — 80. 16 — — — — —
A % LSTM 69.56 67.70  69.28  63.09 78.13 67.47 77.37 55.17 86.80  63.88
MemNet 71.48  69.90  70.64  65.17 79.61 69.64 77.31 58.28 85.44  65.99
A AOA 72.30 70.20 72.62  67.52 79.97 70.42 78.17 57.02 87.50  66.21
EEHER TIAN 72.50 70.81 72.05 67.38 79.26 70.09 78.54 52,65 84.74 55,21
Tnet-LF 72.98 71.43  74.61 70.14 80.42  71.03  78.47  59.47  89.07  70.43
ASCNN 71.05  69.45 72.62 66.72 81.73 73.10 78.47 58.90 87.39  64.56
ASGCN 72.15  70.4  75.55 71.05 80.77 72.02 79.89 61.89 88.99  67.48
#F BiGCN 74.16  73.35 74.59 71.84 81.97 73.48 81.16 64.79 88.96  70.84
GCN & A MWGCN(Glove)  72.86  70.73  76.73  72.28  82.56 74,56 80.39 63.91  89.22 71.51
DAGCN(Clove) 72.78 70.93 75.58 71.20 81.42 74.62 79.70 61.88 89.76  67.81
A KA MGFF-HGCN 72.68 70.74 76.85 72.96 82.61 75.20 80.25 63.46 89.12 71.19
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4 )2 MGFF-HGCN 7EfR A 8l 48 LRI MRk T 2 )23
2 MGFF-HGCN, HAEF 2 Z 3 F % GCN 454 MGFF #Hl
A BIRY, Ui W B £ 2 GON BT B 3R LRItk 2 2.3 )2
GON A5 5 25 5 1 ) o 37 1 B ) 1) 1 L L B Mt T 1 IR0 A AT 5

AR B IR R IR R, D TS W M R OR 4 )2 MGFE-
HGCN 452 2 1y £f e , 33k 5L B ALk 428 79 > 25008 46 . 1% GON IR
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* 3 MR
Table 3 Ablation experimental results
CHLAL: 0D
. Twitter Laptopl4 Restaurant14 Restaurant15 Restaurant16
12 Al
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
7 A A 72.15 70. 40 75.55 71.05 80. 77 72.02 79.52 61.39 88.99 67.48
HGCN 72.49 70.59 76.12 71.66 82.47 74.25 80. 38 63.15 89.23 71.40
MGFF-GCN(2 layers) 72.68 70. 64 75.80 71.21 81.78 73. 04 79.95 62.82 88.74 68. 47
MGFF-GCN(3 layers) 71.29 69. 46 75.07 70. 44 82.14 73.83 79.08 62.54 88. 96 71.18
MGFF-GCN(4 layers) 72.10 70.40 71.83 66. 30 81.63 73.09 79.82 61.66 88.79 69.01
MGFF-GCN(5 layers) 71.01 70.25 70.63 65. 74 81.69 73.51 80.13 63. 66 88.79 70.54
MGFF-GCN(6 layers) 71.62 69.76 70.54 65.68 80. 41 70. 49 79.70 63.53 89.12 70.73
MGFF-HGCN(2 layers) 71.91 70.27 75.49 71.69 82. 20 73.67 79.58 63.98 88. 85 70.08
MGFF-HGCN(3 layers) 72.63 70.61 76.59 72. 44 82.49 74.63 80. 25 63.25 88. 96 69.50
MGFF-HGCN(4 layers) 72.68 70.74 76. 85 72.96 82.61 75.20 80. 25 63. 46 89.12 71.19
MGFF-HGCNC(5 layers) 72.63 70. 87 75.28 71.51 80.98 72.13 79.58 64.19 88. 36 67.35
MGFF-HGCN(6 layers) 71.82 70.07 75.91 71.85 81. 87 73.07 79.58 62.81 89.03 69. 46
i 4 JZ HGCN REDR B T 20 5 5. b 2 J2 HGCN R BB
7 I, B BE, 7E Restaurantl4 3095 4E 1,2 2 HGCN X} iZ 5%
75
g 7 ETTERE RN . 7F Restaurantl5 fl Restaurant16 ({45
5 73
5 * Acc —+F1 . NS N ’ .
En S04 J2 00 TGO SR O HA 2 B0 T 7K S 69 3 7
o AR AR AL S L A B A T 2 1 B e A, MEEIRE IR
68 ) GCN,
2 3 4 5 6 7 8 9 10
GCN layer 040
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84 030
82 e g 7
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80 7! R
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ég 76 o A B B
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(b) Restaurantl4 Fig.5 Distribution of a on different datasets
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Fig.4 Performance of MGFF-HGCN model at different GCN
depths (Semevall4)
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