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ABSTRACT

Aspect-level sentiment classification (ASC) is a significant problem
in fine-grained sentiment analysis, which automatically predicts the
sentiment polarity of a given aspect in a sentence. Dependency tree-
based graph convolutional networks have been widely studied for
their ability to effectively capture the dependencies of aspect words
with other words. However, constructing more accurate syntactic
trees by introducing external knowledge has limited improvement on
ungrammatical informal texts and has led to over-parameterization
of the model. To alleviate this problem, we propose a sentiment and
syntactic-aware graph convolutional network (SaS-GCN) that com-
bines syntactic and sentiment relations. We use an attention mech-
anism and the Sparsemax activation function to construct a sparse
sentiment-dependent graph. Compared with existing methods that
use LSTM or CNN to obtain semantics from text directly, this graph,
combined with a GCN, contains more semantic features. Moreover,
we redesign the network structure of GCN, calling it EN-GCN, to
make it sensitive to node dimensional features and hence to have a
strong feature mining ability. The experimental results indicate that
our model outperforms state-of-the-art methods. In particular, when
evaluated on the Rest15 and Rest16 datasets, the F1 scores of the
proposed lightweight model are 4.15% and 3.77% better than BERT
respectively.

Index Terms— Aspect-level sentiment classification (ASC),
Graph Convolutional Network (GCN), Sparsemax activation func-
tion

1. INTRODUCTION

Aspect-level sentiment classification (ASC) aims to classify the sen-
timent polarity (e.g. positive, neural, or negative) of given aspect
word(s) in a sentence, which is a fine-grained sentiment analysis
task. For example, consider this restaurant review: “the service is
excellent , the decor fancy and unintelligible.” Given the sentence,
the aspect word “service” and the aspect word “decor”, our goal is
to be able to infer that the sender has a positive feeling about ser-
vice and a negative feeling about decor. In contrast to classifying
complete sentences for sentiment polarity, ASC is able to extract the
sentiment expressed relative to specific aspect, so that the informa-
tion obtained is more accurate and specific.

The difficulty for ASC is to be able to correctly attend to the rel-
evant words in the sentence that depict the aspect when identifying
the sentiment polarity of that aspect in the sentence. With the devel-
opment of deep learning models, some studies [1, 2, 3, 4, 5] aimed to
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automatically fuse information about aspect words and other words
in sentences by building attention-based neural networks, and they
have all achieved good results. Later, more researchers found sig-
nificant syntactic relationships between aspect words and sentiment
expression words, such as the previous example “the service is ex-
cellent”, where “excellent” is the descriptor of “service”.

Thus, the first application of Graph Convolutional Networks
(GCN) combined with syntactic dependency trees to the ASC
task obtained exciting results [6]. Subsequently more and more
work [7, 8, 9, 10, 11, 12, 13] began to investigate modeling the re-
lationship between aspect words and sentiment expression words by
constructing more advanced syntactic trees, and these have achieved
some degree of improvement. However, on the one hand, these
works use a more complex syntax tree construction approach, but
with limited improvement and increased model complexity. On the
other hand, since there are many informal texts in online comments,
such as the previous example “the decor fancy and unintelligible.”,
“fancy” and “ unintelligible” are sentiment expressions of “decor”,
but there is no a linking verb between them, so paying attention to
syntactic relations alone is not enough to classify them properly.

In this paper, a Sentiment and Syntactic-Aware Graph Convo-
lutional Network (SaS-GCN) model is thus proposed to jointly ex-
plore the sentiment and syntactic associations between words in a
sentence. Where the sparse sentiment dependency graph (SenG) is
constructed by an attention mechanism and later sparsified to discard
noise, while attending to the relationships between arbitrary words in
a sentence, even if the sentence has no obvious syntactic structure.
In addition, we enhance the relational feature extraction capability
of the GCN by combining the GCN layer and the linear layer to re-
design the network structure, and by adding activation functions at
the end of the neurons that can keep the direction constant. The main
contributions of our work can be summarized as follows:

• We propose SaS-GCN to mine both syntactic and sentiment-
semantic relations of sentences by graphs combined with
GCN, where sentiment dependent graphs are automatically
constructed and task-specific, focus on all words in a sen-
tence, but subsequently remove noisy words by graph spar-
sification to obtain the same sparse graph as the syntactic
tree.

• We redesign the GCN layer to attend more to its own node in-
formation and to combine nonlinear activation functions that
preserve as much as possible the features extracted by the
GCN.

• Experimental results on five benchmark datasets show that the
model achieves the best performance on most of the metrics,
proving the effectiveness of our model.



Fig. 1: Overall architecture of SaS-GCN.

2. PROPOSED MODEL

In this section, we present our proposed Sentiment and Syntax-
Aware Graph Convolutional Network (SaS-GCN) (Figure 1). The
model takes pre-trained word embeddings as input and the sentence
representation phase uses BiLSTM and CNN together to extract fea-
tures. The aspect word representation phase applies Enhanced-GCN
(En-GCN) over the syntactic dependency graph (SynG) and the
sparse sentiment dependency graph (SenG) respectively to obtain a
representation containing both syntactic and sentiment dependen-
cies. Finally, we use retrieval-based attention weights [6] to obtain
the final representation before the classification layer.

2.1. Sentence representation phase

First, we use a BiLSTM and a 1d-CNN to mine the sequence
information and local semantic information of the sentences, re-
spectively. Then we obtain the final hidden state vector HLSTM ={
hLSTM1 , hLSTM2 , ..., hLSTMn

}
, extracted by the Bi-LSTM, and

the vector HCNN =
{
hCNN1 , hCNN2 , ..., hCNNn

}
, extracted by the

CNN, where hLSTMt ∈ R2de and hCNNt ∈ R2de represent the final
hidden state vector of the t-th word in the sequence calculated by
each of them. Finally, we fuse HLSTM and HCNN as the sentence
representation for s = {w1, w2, ..., wn}.

2.2. Aspect words representation phase

Obtaining aspects word representations with rich relational infor-
mation is critical for ASC tasks. Based on the previously obtained
sentence representations, we first construct the syntactic tree-based
SynG and the attention mechanism-based SenG separately, and then
extract the aspect-oriented relationships in the two graphs using En-
GCN. Last, we apply a masking layer to obtain the aspect word rep-
resentations.Fist, we use a syntactic dependency tree constructed by
spaCy1 to attain an adjacency matrix i.e. SynG.

2.2.1. Sentiment dependency graph

SenG is a dynamic graph constructed for a specific task by the atten-
tion mechanism. It constructs sentiment associations different from
syntactic dependencies, which complements the model’s ability to
handle sentences with obscure syntactic relationships.

We use the multi-headed self-attention mechanism to construct
SenG. In the SenG, a self-attention layer is first used to compute
a matrix Asen ∈ Rn×n, where n is the sentence sequence length,
containing the weights of sentiment relations between words in a
sentence. Then we integrate the results of the parallel computation

1We use spaCy toolkit: https://spacy.io/.

of multiple heads to obtain a dynamic sentiment dependent graph,
which can be formulated as:

Asen =

∑head
i=1 softmax

(
QWQ×(KWK)T√

d

)
head

(1)

where both Q ∈ Rn×2de and K ∈ Rn×2de are vectors obtained
by inheriting the sentence representation s, and head is a settable
hyperparameter, which was set to 8 in this study.

In general, the attention mechanism uses softmax as the activa-
tion function [14], which is a probability function that maps all input
values to the range (0, 1). This causes us to weight the relationship
between any two words in the sentence during graph construction,
which introduces noise and adds unnecessary computational over-
head. Therefore, we replace Eq. (1) by Ai = sparsemax (Q,K),
where sparsemax [15] is a transformation that depends on Q and K.
The sparsemax transformation is defined as:

sparsemax(z) = argmin
α∈4J

‖α− z‖2 (2)

where 4J =
{
α ∈ RJ | α ≥ 0,

∑
j αj = 1

}
. The essence is to

project the weights computed by the attention mechanism into Eu-
clidean space, as these projections tend to hit the boundaries of the
space, obtaining a sparser probability distribution. This substitution
allows the attention mechanism to focus on only some of the asso-
ciations between words, while other relations are assigned a weight
of zero. This enhances the correct sentiment association feature and
reduces the noise caused.

2.2.2. Enhanced-GCN

Initially, Graph Convolutional Networks (GCN) were designed to
process irregular graph-structured data through a deep neural net-
work paradigm, where the processing transfers information from the
graph space to the embedding space and propagates the training er-
ror through a target loss function [16]. Moreover, as the number of
GCN layers increases, the embedding information of each node vi
contains the global information of the associated nodes.

GCN obtains local semantic features between adjacent nodes,
but we observe that the feature information of the nodes themselves
(the word embedding dimension) is not well attended to. Therefore,
we are inspired by SE-Net [17] to enhance GCN by adding linear
layers to improve the performance. Figure 2 shows the resulting
network architecture which we call Enhanced-GCN (En-GCN). En-
GCN makes the node aware of context by the following equation:

h̃li =
n∑
j=1

AijW
lgl−1
j (3)

where h̃li ∈ R2de is the hidden layer representation of the l-th layer,
the i-th node (i ∈ [1, ..., n]), A is the adjacency matrix, gl−1

j is the
hidden layer representation of the (l-1)-th layer, and the j-th node,W l

is a linear transformation weight. The set of nodes at this point is
denoted H̃ ∈ R1×n×2de .

Then, we explicitly model the dependencies of the word em-
bedding dimensions in three steps to enhance the feature learning
capability of the GCN so that the model can gain more feature infor-
mation. The first step uses an average pooling operation to encode
the entire sentence association information on an embedding in a



Fig. 2: Overall architecture of En-GCN.

global feature. Formally, an intermediate statistic z ∈ R2de is calcu-
lated by shrinking H̃ through its spatial (sentence) dimensions 1×n,
so that the d-th element (d ∈ [1, ..., 2de]) of z is calculated by:

zd =
1

1× n

n∑
i=1

h̃d (i) (4)

Second, a gating mechanism in the form of a sigmoid is used to
learn the nonlinear relationships among the embeddings and obtain
the attention weights for each embedding:

p = Sigmoid(W2Gelu(W1z)) (5)

where p ∈ R2de ,W1 ∈ R
2de
r
×2de ,W2 ∈ R2de× 2de

r , r is a con-
figurable parameter, to reduce the complexity of the model and in-
crease its generalization ability by first reducing the dimensionality
through a layer of full connectivity, using the Gelu function activa-
tion, and then restoring the original dimensionality through a layer
of full connectivity. Third, the weights of each embedding learned
are multiplied by the original features h̃d to obtain the updated state
˜̃
hli of h̃li:

˜̃
hli =

2de∑
d=1

h̃d × pd (6)

where h̃d is the originally global feature of the d-th dimension and
pd is the feature weight of the d-th dimension.

Next, the weight-assigned features are fed to the activation func-
tion to obtain the output of this layer of GCN. Instead of using Relu
as its activation function, as in the classical GCN, we use the squash
function that preserves directional information. This function can be
more sensitive to the relational information features extracted be-
cause of its properties, with the following equation:

vj =
‖sj‖2

1 + ‖sj‖2
sj
‖sj‖

(7)

where sj is the input vector and vj is the output vector. In this func-
tion, the modal lengths of the input and output vectors are monotonic
functions, and the larger the modal length of the input vector the
larger the modal length of the output vector, which fully preserves
the feature information obtained by the En-GCN. The hidden layer
after passing the l-th layer of En-GCN is represented as follows:

hli = squash
(
˜̃
hli + bl

)
(8)

where i ∈ [1, ..., n], hL =
{
hl1, h

l
2, ...h

l
n

}
is the updated set of

nodes. Then we mask all the words except for the aspect words
that do not make any changes in the zero-masked embedding hL

′
={

0, ..., hl
′
a1 , ..., h

l′
am , ...0

}
.

Dataset Pos. Neu. Neg.
Twitter Train 1561 3127 1560

Test 173 346 173
Lap14 Train 994 464 870

Test 341 169 128
Rest14 Train 2164 637 807

Test 728 196 128
Rest15 Train 912 36 256

Test 326 34 182
Rest16 Train 1240 69 439

Test 469 30 117

Table 1: Dataset statistics

2.3. Final representation and classification layer

Based on the sentence representation and aspect word representa-
tions, we retrieve the important features that are semantically related
to aspect words, and set the retrieval-based attention weights [6] for
each context word.

3. EXPERIMENTS

3.1. Datasets

We validated our method on five publicly available datasets (Ta-
ble 1) [18, 19, 20]. Among the Lap14, Rest14, Rest15 and Rest16
datasets are review texts about laptops and restaurants published in
SemEval 2014 Task 4, SemEval 2015 Task 12 and SemEval 2016
Task 5, respectively. As the SemEval task has progressed over the
years, the amount of informal review text within the datasets has in-
creased, and concern has been expressed about this [21]. Finally, for
reviews where there are n aspects, we treat them as n instances in
the sample set.

3.2. Baselines

We compare our model with a range of baselines.

• GCN-free: ATAE-LSTM [1], RAM [22], AF-LSTM [23].

• GCN-related: ASGCN [6], BiGCN [7], InterGCN [9], R-
GAT [10], KumaGCN [8], DualGCN [13].

• Pre-trained: BERT [24] is an excellent pre-trained language
representation model and achieves good results on many text
classification tasks. We followed previous work [9] in apply-
ing it to the ASC task by fine-tuning it, and using the results
as a baseline in our experiments.

• Ours: SaS-GCN is our proposed model.

3.3. Results and analysis

Results for all the methods described above are shown in Table
2. The table clearly shows that our proposed method outperforms
other GCN-related models in general, and especially on Rest15 and
Rest16 which contain informal texts as discussed earlier. Compared
with the best results of GCN-related models, our model has 4.34%
higher F1 scores on Rest15 and 4.74% higher F1 scores on Rest16,
and even compared with the most popular pre-trained model, BERT,
our model has 4.15% and 3.77% higher F1 scores on these two
datasets, respectively. This indicates that our construction of sparse
sentiment dependency graphs can effectively capture the sentiment-
semantic dependencies between aspect words and other words to



Model Twitter Lap14 Rest14 Rest15 Rest16
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

ATAE-LSTM 69.65 67.40 69.14 63.18 77.32 66.57 75.43 56.34 83.25 63.85
GCN-free RAM 69.36 67.30 74.49 71.35 80.23 70.80 79.30 60.49 85.58 65.76

AF-LSTM 69.21 68.24 69.67 63.49 77.46 65.18 76.12 56.29 85.61 66.15
ASGCN 72.15 70.40 75.55 71.05 80.77 72.02 79.89 61.89 88.99 67.48
BiGCN 74.16 73.35 74.59 71.84 81.97 73.48 81.16 64.79 88.96 70.84

GCN-related InterGCN 77.86 74.32 82.23 74.01 81.76 65.67 89.77 73.05
R-GAT 75.57 73.82 77.42 73.76 83.30 76.08
KumaGCN 72.45 70.77 76.12 72.42 81.43 73.64 80.69 65.99 89.39 73.19
DualGCN 75.92 74.29 78.48 74.74 84.27 78.08 82.96 68.65 90.33 75.25

Pre-trained BERT 75.28 74.11 77.59 72.38 84.11 76.68 83.48 66.18 90.10 74.16
Ours SaS-GCN 75.93 74.59 78.53 74.76 84.75 78.35 83.39 70.33 90.74 77.93

Table 2: Comparison of proposed model with existing benchmarks (%). Best results for each data set are shown in bold.

Model Twitter Lap14 Rest14 Rest15 Rest16
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

BASE 72.22 70.67↑0.00 75.96 71.53↑0.00 81.03 72.68↑0.00 80.13 62.03↑0.00 89.01 67.74↑0.00
SynG+SenG 74.13 72.78↑2.11 77.27 73.66↑2.13 83.06 75.89↑3.21 81.69 68.36↑6.33 89.31 75.32↑7.56
SynG+En-GCN 74.50 72.90↑2.23 77.12 73.63↑2.10 83.45 75.76↑3.08 81.28 67.58↑5.55 89.95 74.69↑6.95
SaS-GCN 75.93 74.59↑3.92 78.53 74.76↑3.23 84.75 78.35↑5.67 83.39 70.33↑8.30 90.74 77.93↑10.19

Table 3: Ablation study results (%). The upward arrows are used to indicate the improvement of each model over the BASE model in terms
of F1 scores for the respective data sets.

Fig. 3: Histograms of F1 values for the three models BASE, Syn-
GCN [13] and SynG+En-GCN on the six data sets.

complement the classification ability of informal text. Also, for the
other three datasets our model can also achieve comparable perfor-
mance to BERT but with much fewer parameters, and is higher than
GCN-related models.

3.4. Ablation Study

In this section, to verify the validity of each component of our model,
we carry out an ablation experiment. Baseline model BASE applies
the initial graph convolutional network (GCN) to mine the syntactic
dependency graph (SynG). The SynG+SenG model builds the sen-
timent dependency graph (SenG) on the basis of SynG to integrate
into the sentiment dependency features. SynG+En-GCN model uses
the enhanced-GCN (En-GCN) to mine SynG while ignoring senti-
ment dependencies in the sentences. SaS-GCN is the most com-
plete model we have proposed. Table 3 shows the performance of all

these models. We can see that SynG+SenG improves more, and the
F1 scores even improve by 6.33% and 7.56% on Rest15 and Rest16
datasets, respectively, which proves that our constructed SenG can
effectively obtain the relationship between words even if the sen-
tences lack syntactic relationships.

As for SynG+En-GCN, there is also a certain improvement,
indicating that our network structure En-GCN does enhance the
feature extraction ability of the original GCN. In Figure 3, we cite
the model SynGCN installed in DualGCN [13], and compare it
with the BASE model and the SynG+En-GCN model. In the re-
sults SynG+En-GCN outperforms SynGCN on four of the datasets
without increasing the training burden, indicating that our proposed
En-GCN works well and can mine more feature information in sim-
ple graphs, which also illustrates that feature information focusing
on the node dimension is necessary.

4. CONCLUSION

In this paper, SaS-GCN also extracts sentiment associations in addi-
tion to aspect-specific syntactic dependencies, complementing the
ability to correctly classify reviews with weak syntactic relation-
ships. Additionally we propose Enhanced-GCN (En-GCN) that en-
hances the information extraction ability of its own nodes by recon-
structing the network structure. Our results on multiple datasets val-
idate the performance of our model and reveal that it consumes less
computational resources while achieving identical performance.
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