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Abstract: We proposed Reinforced Dependency Graph for Aspect-based Sentiment Classifica-
tion (RDGSC), a reinforced dependency graph model for aspect-based sentiment classification. In
this framework, we train a policy network using deep reinforcement learning and construct a rein-
forced dependency graph for aspect-based sentiment classification. The graph attention network is
used to fuse the aspect-related information in the text over the reinforced dependency graph. Each
contextual representation is given an aspect-related attention weight through a retrieve-based at-
tention mechanism. A refined final representation is obtained for classification and calculating de-
layed reward to guide the policy network to updates. Extensive experiments were conducted on
five publicly available datasets, the results show that our method is superior to all the baseline
methods in two evaluation indicators Accuracy and F;.
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2
Table 2 Comparison of our RDGSC model with different baselines %
Twitter Lapl4 Rest14 Restl5 Rest16
Methods
Acc F, Acc F, Acc F, Acc F, Acc F,
SVMLzs 63.40 63. 30 70.49 N/A 80. 16 N/A N/A N/A N/A N/A
LSTMECL 69. 56 67.70 69. 28 63.09 78.13 67.47 77.31 55.17 86. 80 63. 88
MemNet-24] 71.48 69. 90 70. 64 65.17 79.61 69. 64 77.31 58.28 85. 44 65.99
AOA™] 72.30 70. 20 72.62 67.52 79.97 70.42 78.17 57.02 87.50 66.21
TANL] 72.50 70. 81 72.05 67.38 79. 26 70.09 78.54 52.65 84.74 55.21
TD-GATL! 72.20 70. 45 75.63 70.74 81. 32 71.72 80. 38 60. 50 87.71 67.87
ASCNN!Z 71.05 69. 45 72.62 66.72 81.73 73.10 78.47 58.90 87. 39 64.56
ASGCNLz] 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
RDGSC(ours) 73.31 71.99 76.72 72.57 81.45 73.99 79. 82 65.72 88. 96 74.42
3
Table 3 Ablation study %
Twitter Lapl4 Rest14 Rest15 Rest16
Methods
Acc F, Acc F, Acc F, Acc F, Acc F,
RDGSC w/o RL 72.25 70. 45 74.76 70. 65 80. 95 72.64 79.95 63.37 88. 25 70. 31
RDGSC w/o Rel 71.67 70.28 73.04 68. 94 80. 89 72.43 79. 39 63.51 87. 66 68.03
RDGSC 73.31 71.99 76.72 72.57 81.45 73.99 79. 82 65.72 88. 96 74.42
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Fig. 3 Experience of alternation
4
Table 4 Case study
food Space was limited, but the food made up for it. negative positive
ASGCN fish The fish was fresh, though it was cut very thin. neutral positive
place I would never recommend this place to anybody even for a casual dinner. positive negative
food Space was limited, but the food made up for it. positive positive
RDGSC fish The fish was fresh, though it was cut very thin. positive positive
place I would never recommend this place to anybody even for a casual dinner. negative negative
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