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Investigating Typed Syntactic Dependencies for
Targeted Sentiment Classification Using Graph

Attention Neural Network
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Abstract—Targeted sentiment classification predicts the senti-
ment polarity on given target mentions in input texts. Dominant
methods employ neural networks for encoding the input sentence
and extracting relations between target mentions and their con-
texts. Recently, graph neural network has been investigated for
integrating dependency syntax for the task, achieving the state-of-
the-art results. However, existing methods do not consider depen-
dency label information, which can be intuitively useful. To solve the
problem, we investigate a novel relational graph attention network
that integrates typed syntactic dependency information. Results
on standard benchmarks show that our method can effectively
leverage label information for improving targeted sentiment clas-
sification performances. Our final model significantly outperforms
state-of-the-art syntax-based approaches.

Index Terms—Attention mechanism , dependency tree, graph
neural networks, targeted sentiment analysis.

I. INTRODUCTION

TARGETED sentiment classification [1]–[5] is the task of
predicting the sentiment polarity for target entity mentions

in a given sentence. For example, suppose that a sentence
is “I like the food here, but the service is terrible.” and the
given targets are “food” and “service”. The output sentiment
polarities on the two targets are positive and negative, respec-
tively. Different from text level sentiment classification [6]–[8],
targeted-sentiment is entity-centric, and therefore can offer more
fine-grained opinion information from text documents. Dom-
inant methods for targeted sentiment employ neural network
models to encode the input sentence and target mention [9],
[10]. Gates [3], [4], [11], convolution [12], [13], attention [14],
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Fig. 1. (a) An example sentence with a dependency tree, (b, c) Two sentences
which have similar dependency trees. The target mentions are underlined.

[15] and memory network [10], [16], [17] have been exploited
to capture the relation between the target mention and its context
information. The assumption is that deep syntactic and semantic
features can be represented by neural encoding.

With the advance of structured neural encoders [2], [18]–[20],
syntactic structures predicted by external parsers have shown
their usefulness for the task. Intuitively, syntactic structures
such as dependency trees can help better encode the corre-
lation between a target mention and the relevant sentiment
keywords. Recent methods consider dependency trees as ad-
jacency matrices, using graph neural networks such as graph
convolutional networks (GCN [19]) and graph attention network
(GAT [20]) to encode the input sentence according to such
matrices [21]–[23]. As shown in Fig. 1(a), such dependency
tree structures can help bring target mentions closer to its rele-
vant contexts, thereby facilitating feature representation. In this
example, the relevant sentiment word “good” is distant from
the target mention “Chinese dumplings” in the surface string,
but close in the dependency tree (i.e., “Chinese dumplings”
nsubj←− “taste”

xcomp−→ “good”).
While being more effective compared with the state-of-the-art

approaches that do not use syntactic structures, these methods
do not consider dependency labels, which can potentially be
useful for sentiment disambiguation. As shown in Fig. 1(b) and
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Fig. 1(c), while “Arsenal” has similar dependency arc relations
with the word “defeated” in both sentence, the sentiment polar-
ities are different. Apparently differentiating the label types can
help differentiate such cases. On the other hand, considering
arc label information can make the syntactic structure more
sparse and thus increase the difficulty in learning. Thus it re-
mains a open research question how to effectively make use of
such fine-grained syntax features for better targeted sentiment
classification.

We investigate a graph attention network to integrate such
typed dependency features. In particular, the proposed model
incorporates label features into the attention mechanism, using a
novel extended attention function to guide information propaga-
tion from a target mention’s syntactic context to target mention
itself. We name our model relational graph attention network
(RGAT). With the help of these label features, our model can
better capture the relationship between words, thus addressing
the problems shown in Fig. 1. Moreover, the dependency labels
can serve as additional features, enriching the representation of
words.

Experiments over four benchmarks show that using GAT to
encode the input gives better results compared to a Transformer
encoder, which coincides with recent observation that syntax
is useful for targeted sentiment classifications [21]–[23]. Fur-
ther, adding typed dependency features gives consistently better
results compared with a baseline without such information,
thereby proving our research hypothesis. Our model gives signif-
icantly better results than state-of-the-art syntax-based work on
the standard Laptop, Restaurant, Twitter and MAMS datasets.
To our knowledge, we obtain the best reported results on all
datasets without using external resources. Our code is released
at https://github.com/muyeby/RGAT-ABSA.

II. RELATED WORK

With regard to structures, existing work on targeted sentiment
classification can be classified into two main categories, namely
those methods that do not rely on external syntax information
and those using syntax structures.

A. Conventional Methods

Most work along the first line splits a given input sentence
into two sections, including the target mention and its context.
Features are extracted from each section and combining the
features for making prediction. For example, Vo and Zhang [3]
use word2vec embeddings and pooling mechanisms for extract-
ing features from target mention and its left and right context,
respectively, before concatenating all the features for classifi-
cation. Zhang et al. [4] use gated recurrent neural network for
extracting features from target mentions and its context, before
further defining a gate to integrate such features. Tang et al. [11]
exploit two long-short memory network (LSTM [24]) for feature
encoding, and combine the last hidden state of two networks for
classification.

There are also attempts exploiting convolutional neural net-
works (CNN) for targeted sentiment classification. For instance,

Huang and Carley [13] use parameterized filters and parame-
terized gates to incorporate aspect information into CNN, and
apply the resulting CNN to encode the sentence. Xue and Li [25]
further employ a gated CNN layer to extract aspect-specific
features from the hidden states originated from a bi-directional
RNN layer.

The attention mechanism [26], [27] is also shown to be
useful for the task. Ma et al. [14] use a bidirectional attention
network, which learns attention weights from the target mention
to its context vectors, to model the target-context relationship.
Li et al. [28] further improve the attention-based models with
position information. Tang et al. [15] introduce a self-supervised
attention learning approach, which automatically mines useful
supervision information to refine attention mechanisms.

In addition to attention, Memory networks have also been
applied to this task. Tang et al. [16] develop a deep memory
network (MemNet), which uses pre-trained word vectors as a
memory and exploits attention mechanism to update the mem-
ory. Chen et al. [17] improve MemNet by taking the hidden states
generated by LSTM as memory and adopting gated recurrent
units (GRU) to update the representation of target mentions.
Wang et al. [10] deploy a targeted sensitive memory network
for better information integration.

Recently, contextualized language models such as BERT [29],
GPT [30] and ALBERT [31] ELECTRA [32] have shown their
usefulness for a wide range of natural language inference (NLI)
works. With regard to the task of targeted sentiment classifica-
tion, Song et al. [33] use BERT to encode a target mention and it
context, before applying attention to draw semantic interaction
between targets and context words. Gao et al. [34] further
introduce several variants to apply BERT for targeted sentiment
classification, showing that incorporating target mention is help-
ful for BERT based models. Sun et al. [35] propose to construct
an auxiliary sentence from the aspect and convert aspect-based
sentiment classification into a sentence-pair classification task.
Xu et al. [36] re-train a BERT model on a customer reviews
dataset and use the resulting model for targeted sentiment clas-
sification. Li et al. [37] explore BERT for end-to-end targeted
sentiment classification, jointly learning to predict the target
mentions and its sentiment polarity.

It has been shown that BERT contains implicit syntactic
information, which can be useful for downstream tasks [38],
[39]. In contrast to these efforts, however, we make explicit use
of syntactic information by encoding discrete structures. Our
method is orthogonal to the implicit use of knowledge in BERT,
and can be combined with contextualized embeddings.

B. Syntax-Based Methods

Among work that uses syntax structures, early work [40],
[41] rely on manually-defined syntactic rules and use non-neural
models. Subsequently, neural network models are explored for
this task. For example, Dong et al. [2] use an adaptive recursive
neural network (AdaRNN) to encode a syntax tree, transformed
by placing the target mention onto the root node. Nguyen and
Shirai [42] further extend AdaRNN into a phrase-level recursive
neural network (Phrase AdaRNN), which takes both dependency
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Fig. 2. Overview of the proposed network for targeted sentiment classification.1 It consists of a contextual encoder (orange dotted frame), a RGAT encoder (blue
dotted frame) and a classifier. The BiLSTM module can be replaced by BERT.

and constituent trees as input. He et al. [43] use the distance on a
dependency tree to guide the attention mechanism, thus helping
model to focus on more important context words.

Recent work uses graph neural networks to encode the syntac-
tic structure, obtaining better results. In particular, Sun et al. [21]
explore a GCN for encoding syntactical features to help the infor-
mation exchange between target mention and context. Similar
to that, Zhang et al. [23] introduce a aspect-specific GCN to
incorporate the syntactical information and long-range word de-
pendencies into the classification model. Huang and Carley [22]
apply a GAT to model a dependency tree and integrate the GAT
layer into LSTM to model the cross-layer dependency.

Our work is in this line. We take GAT as our base model
and investigate a relational extension. Different from existing
syntax-based work, we 1) exploit dependency relation informa-
tion, which is proven to be useful by our work yet not investigated
by [21]–[23]; 2) use an independent encoder for structure
modeling instead of exploiting syntactic structures to refine
contextual representations [21]–[23], [44]. Our double-encoder
structure has two main advantages: a) the structure encoder
is detachable and can be relatively easily applied to a new
sequence encoder model (especially when the sentence length
is not equal to the number of nodes in graph); b) it can reduce
error propagation from automatic parsed dependency trees, as
loss do not back-propagate from the tree representation to the
sequence encoder.

Another similar attempt to this end is Shaw et al. [45], who
extends a self-attention network (SAN) by integrating relative
position information for neural machine translation. However,
the relative position information is a simpler type of relation
and thus is less informative. In contrast to their work, we
investigate relational GAT for targeted sentiment classification,
with significantly improved results.

III. APPROACH

For our model, each training instance consists of three
components: a target mention, a sentence and a de-
pendency tree of the sentence. Formally, we denote
these components as a triplet: 〈T ,S,G〉, where T =
{wi, wi+1, . . ., wi+m−1} denotes a target mention word se-
quence, and S = {w1, w2, . . .wi, . . ., wi+m, . . .wn} denotes a

sentence. The lengths of T and S are m and n, respectively.
G = (V,A,R) represents a syntactic graph (for example, a
dependency tree) over S, where V includes all nodes (or words)
{w1, w2, . . ., wn}, A is an adjacent matrix A ∈ Rn×n with
Aij = 1 if there is a dependency arc relation between word
wi and wj , and Aij = 0 otherwise, and R is a label matrix,
where Rij records the corresponding label of Aij if Aij = 1,
and Rij = None otherwise. The goal of targeted sentiment
classification is to predict the sentiment polarity y ∈ {1,−1, 0}
of the sentence S over the target mention T , where 1, −1 and 0
denote positive, negative and neutral, respectively.

The overall architecture of our model is shown in Fig. 2. It is
mainly composed of three components: the Contextual Encoder,
the Relational Graph Attention (RGAT) Encoder and the Clas-
sifier. The Contextual Encoder can be viewed as a conventional
model which applies Contextual encoder layers (e.g., BiLSTM,
CNN, BERT) for feature learning and uses a simple pooling
function for feature aggregation. The RGAT encoder is a syntax
based encoder which incorporates syntax information into the
progress of sentence modeling, thus generates syntax-aware
word embeddings. The Feature Fusion mechanism is designed
to dynamically combine the contextual and syntactic represen-
tations (denoted as hsyn. and hcon.). The final representation hf

is then fed into a Classifier for classification.

A. Contextual Encoder

We consider two types of models for contextual modeling:
the first is a BiLSTM model, which is widely used for targeted
sentiment classification and other tasks [26], [46]. The other is
BERT [29], which is pre-trained on large-scale raw texts and has
more parameters than BiLSTM.

BiLSTM We use BiLSTM to model the bidirectional con-
text information. Following previous work [21], we use GloVe
embeddings vi ∈ Rde , POS-tag embeddings ti ∈ Rdt as well as
position embeddings pi ∈ Rdp as inputs features, where de, dt
and dp denote the dimensions of word, POS-tag and position
embeddings, respectively. Therefore, the representation of a
wordwi is denoted asxi = [vi; ti; pi], which is the concatenation
of vi, ti and pi.

1In order to prevent the input graph from being too sparse, we remove the
edge directions and add a self-loop edge for each word.
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Given an word embedding sequence x = {x1, x2, . . ., xn},
a forward

−−−−→
LSTM generates a set of hidden states

−→
h =

{−→h1,
−→
h2, . . .,

−→
hn}, and a backward

←−−−−
LSTM generates a set of

hidden states
←−
h = {←−h1,

←−
h2, . . .,

←−
hn}. Finally, the output hidden

states h = {h1, h2, . . ., hn} are obtained by concatenating the
corresponding forward and backward hidden states:

−→
h =

−−−−→
LSTM([x1, x2, . . ., xn])

←−
h =

←−−−−
LSTM([x1, x2, . . ., xn])

h = [
−→
h ;
←−
h ] (1)

BERT is a pre-trained masked language model, which is based
on a Transformer [27]. Previous work have shown that BERT can
significantly boost the classification accuracy [33], [34], [37].
For comparability, we also adopt BERT to generate contextual
embeddings.

To facilitate fine-tuning of the BERT model, we follow [33] to
refactor the sequence as “[CLS]” + sentence + “[SEP]” + target
mention + “[SEP]” as input to BERT. Formally, denoting the
resulting sequence as2

x = {x0, x1, . . ., xn, xn+1, xn+2, . . ., xn+1+m, xn+2+m},
(2)

where x0 and xn+1 are vector representations of “[CLS]” and
“[SEP]” respectively. The BERT model generates a new se-
quence with the same length as x, denoted as:3

h = {h0, h1, . . ., hn, hn+1, hn+2, . . ., hn+1+m, hn+2+m},
(3)

where h0 is called a “BERT pooling” vector, h1, h2, . . ., hn are
output contextual representations of the input word sequence.
and hn+2, . . ., hn+1+m corresponds to the output embedding of
target mention. In this work, we use h1, h2, . . ., hn for pooling
and feature fusion.

Different from BiLSTM, the BERT based model does not
take GloVe, POS-tag or position embeddings as additional input
features, as such features are inherently learned by BERT itself.4

B. Relational Graph Attention Network

A relational graph attention network (RGAT) aims to perform
information exchange among words according to the syntactic
dependency paths. Compared with standard GAT networks, the
RGAT method can additionally make use of the labeled relations
(i.e., typed syntactic dependencies), thus generating more infor-
mative representations. In this section, we start by introducing
the baseline GAT model which operates on an unlabeled graph
G = (V,A), and then present RGAT, which extends the GAT
with the ability to model a labeled graph G = (V,A,R).

1) Vanilla Graph Attention Network: We take the graph at-
tention network as a baseline.5 The graph attention network [20]

2For simplicity, we assume that the BERT tokenizer [47] does not change the
original tokenize results.

3Please refer to [29] for detailed BERT.
4We also tried to use such features, without observing significant

improvements.
5We do not take the TD-GAT model of Huang and Carley [22] as our baseline,

as TD-GAT contains a LSTM module which makes model more complicated

is a variant of graph neural networks, which leverages masked
self-attention layers to encode graph structures. Compared with
other types of graph neural networks (e.g. graph convolutional
networks [19], graph recurrent networks [48]), GAT can be better
interpreted thanks to the attention mechanism.

Input and output: A GAT takes a set of word (or
node) embeddings {x1, x2, . . ., xn} as initial hidden states
{h0

1, h
0
2, . . ., h

0
n}, iteratively producing more abstract features

{hl
1, h

l
2, . . ., h

l
n}with increasing l, l ∈ [1, L]. The lth GAT layer

takes predecessor word features {hl−1
1 , hl−1

2 , . . ., hl−1
n } and an

adjacent matrix A as input, and produces a new set of word
features {hl

1, h
l
2, . . ., h

l
n} as its output.

Feature aggregation: Given a wordwi with its neighbor word
index j ∈ N (i),6 a GAT updates the word’s representation at
layer l by calculating a weighted sum of the neighbor states.
Briefly, the aggregation process of a multi-head-attention-based
GAT can be described as:

hl
i =

Z

||
z=1

σ

⎛
⎝ ∑

j∈N (i)

αlz
ijW

lz
V hl−1

j

⎞
⎠ , (4)

where || denotes vector concatenation,W lz
V ∈ R

d
Z×d is a param-

eter matrix of the zth head at layer l, d denotes the dimension
of word feature vectors, Z is the number of attention heads, and
σ represents the sigmoid activation function. The weight αlz

ij

models to what extent hl
i depends on hl−1

j :

αlz
ij =

exp(f(hl−1
i , hl−1

j ))∑
j′∈N (i) exp (f(h

l−1
i , hl−1

j′ ))
. (5)

If j /∈ N (i), αlz
ij = 0. f is an attention function. We use the

scaled dot-product attention function [27]:7

f(hl−1
i , hl−1

j ) =
(W lz

Q hl−1
i )T (W lz

K hl−1
j )√

d/Z
, (6)

whereW lz
Q ,W lz

K ∈ R
d
Z×d are parameter matrices of the zth head

at layer l.
Apart from the aforementioned attention layer, we further add

a point-wise convolution transformation (PCT) layer following
the attention layer, which gives each node more information
capacity. The convolution kernel size is 1, and convolution is
applied to every single token belonging to the input. Given an
output hidden states hl = {hl

1, h
l
2, . . ., h

l
n} of the lth attention

layer, the PCT layer is defined as:

PCT (hl) = δ(hl � WP1
+ bP1

) � WP2
+ bP2

, (7)

where δ refers to the ReLU activation function, � denotes the
convolution operation, WP1

,WP2
, bP1

, bP2
are weights and bias

of two convolutional kernels.

and harder to analyze. Besides, our preliminary experiments showed that our
GAT baseline gives comparable results with TD-GAT.

6N (i) is induced from the adjacent matrix A.
7We also tried other attention functions, where no significant improvement

founded.
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Fig. 3. Attention distribution of RGAT model is a mixture of node-aware
attention and relation-aware attention distribution.

⊗
denotes the attention

mixing operation (see Equation 10).

2) Relational Graph Attention Network: The vanilla GAT
mentioned above uses an adjacent matrix as structural infor-
mation, thus omitting dependency label features. RGAT incor-
porates relational features into attention calculation and aggre-
gation process to obtain more informative representations. As
shown in Fig. 3, the RGAT calculates two attention distributions,
named as node-aware attention and relation-aware attention,
taking their combination as final attention weights for feature
aggregation.

Relations as input: Denoting the relation between word wi

and wj asRij , we transformRij into a vector rij ∈ Rdr , where
dr is the dimension of relation embeddings. During the training
process, the relation embeddings are jointly optimized with the
model.

Relation-aware attention: Inspired by previous work on
SAN [45], we consider relation features when calculating at-
tentions weights between nodes. In practice, the RGAT method
calculates an unnormalized node-aware attention eN together
with an unnormalized relation-aware attention eR simultane-
ously. In particular, the node-aware attention eN of the lth layer
is the same as Equation (6):

eNij =

{
f(hl−1

i , hl−1
j ), j ∈ N (i)

−inf, otherwise
(8)

while the relation-aware attention weight is given by:

eRij =

{
f(hl−1

i , rij), j ∈ N (i)

−inf, otherwise
(9)

where rij denotes the vector representation of relation Rij . It
should be noted that the relation embedding rij is shared among
multiple layers and attention heads.

The above two types of attention scores are combined and
normalized as:

α̂ij =
exp(eNij + eRij)∑

j′∈N (i) exp (e
N
ij′ + eRij′)

. (10)

In this way, the resulting attention scores take both node
features and relation features into consideration.

Relation-aware feature aggregation: Relations can also be
important in the feature aggregation process, as these additional
fine-grained information can be used to enrich the feature of
each word hl

i. To this end, we use the hidden feature vector of
neighbor words hl−1

j together with their corresponding relation

vector rij as inputs to update the representation of hl−1
i :

hl
i =

Z

||
k=1

σ

⎛
⎝ ∑

j∈N (i)

α̂lz
ij(W

lz
V hl−1

j +W l
V rrij)

⎞
⎠ , (11)

where W l
V r ∈ R

d
Z×dr is a parameter matrix.

In order to learn deep features, we apply a stacked relational
graph attention network with multiple layers.

C. Pooling and Feature Fusion

With a contextual encoder (Section III-A) and a RGAT en-
coder (Section III-B), we obtain the contextual and syntax-aware
target mention vectors, denoted as {hi, hi+1, . . ., hi+m−1} and
{ĥi, ĥi+1, . . ., ĥi+m−1}, respectively. We then apply a pooling
function over these vectors to obtain two global representation
hcon and hsyn:

hcon = pool (hi, hi+1, . . ., hi+m−1) ,

hsyn = pool
(
ĥi, ĥi+1, . . ., ĥi+m−1

)
. (12)

In our implementation, pool is an average pooling function.8

In order to learn a composite representation which contains
both contextual and syntax features, a fine-grained feature fu-
sion mechanism is introduced to control the fusion ratio. We
implement the feature fusion mechanism based on the gating
mechanism [24], [49]. Formally, the syntax representation hsyn

is fused into the contextual representation hcon by:

hf = g ◦ hsyn + (1− g) ◦ hcon, (13)

where ◦ is element-wise product operation, and g is a gate
computed by:

g = σ(Wg[hsyn;hcon] + bg). (14)

In above equation, [hsyn;hcon] is the concatenation of hsyn

and hcon, Wg and bg are model parameters.

D. Classifier

The classifier is a fully connected network, which takes the
fused representation hf as input and computes the probability
of each sentiment class c:

P (y = c) =
exp(Whf + b)c∑

c′∈C exp(Whf + b)c′
, (15)

where W and b are tunable model parameters, and C is the set
of sentiment classes.

Given a set of training instances D = {d1, d2, . . ., dN}, the
training objective is a cross-entropy loss with L2 regularization:

� = −
N∑
i=1

∑
c∈C

I(y = c)log(P (y = c)) + λ‖Θ‖2, (16)

where I is an indicator function, N is the number of training
examples, λ is a regularization hyperparameter and Θ denotes
all the set of parameters in the model.

8We also tried other functions such as max pooling and random pooling,
without observing significant improvements.
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TABLE I
STATISTICS OF DATASETS

TABLE II
INPUT/OUTPUT DIMENSION OF MODEL SUB-MODULES

IV. EXPERIMENTS

We conduct experiments on 4 benchmark datasets, includ-
ing the Restaurant reviews (Restaurant) and Laptop reviews
(Laptop) datasets of SemEval 2014 [50], the ACL14 Twitter
dataset [2] and the MAMS dataset [51]. These datasets are
labeled with three sentiment polarities: positive, neutral and neg-
ative. The number of samples in each category are summarized
in Table I.

A. Settings

We adopt similar experimental settings as previous work [21],
[22]. Two types of contextual encoders are considered: 1) The
BiLSTM-based encoder; 2) the BERT-based encoder. With re-
gard to the BiLSTM-based encoder, 300-dimensional GloVe
vectors as adopted for word representation. The values are fixed
during the training process. The dimensions of POS-tag, position
and relation embeddings are set as 30. The dropout rate on
input word embeddings is 0.7, and the L2 regularization term
λ = 10−5. The Adamax [52] optimizer with a learning rate
of 10−3 is adopted to train our models. For the BERT-based
encoder, we adopt a pre-trained BERT.9 for fine-tuning. The
dropout rate on BERT embeddings is 0.1, and regularization
term λ = 10−5. The Adam [52] optimizer with a learning rate
2 ∗ 10−5 is adopted for model training. For RGAT encoder, we
use 5 attention heads in each layer. The input/output dimension
of each layer is listed in Table II. We use the Deep Biaffine
Parser [53]10 to obtain dependency trees.

We consider two metrics for model evaluation: Accuracy and
Macro-Averaged F1. The latter is more appropriate for datasets
with unbalanced classes. Pairwise t-test is conducted on both
Accuracy and Macro-Averaged F1.

9We use pre-trained BERT-base-uncased model from [Online]. Available:
https://github.com/huggingface/transformers

10[Online]. Available: https://github.com/yzhangcs/parser

B. Baselines

We compare our model with the state-of-the-art systems with-
out and with syntactic knowledge. The syntax-free baselines
include:

- SVM applys a support vector machine (SVM, [54]) model
over extensive features for classification.

- IAN [55] represents the target and context interactively via
two LSTMs and attention mechanism.

- TNet [12] transforms BiLSTM embeddings into target-
specific embeddings, and uses a CNN for encoding.

- MGAN [56] exploits a BiLSTM to capture contextual
information and a multi-grained attention mechanism to
capture the relationship between aspect and context.

- AOA [57] introduces an Attention-over-Attention module
to model the interaction between aspects and context sen-
tences jointly.

- AEN [33] adopts attentional encoder network for feature
representation and modeling semantic interactions between
target and context.

- CapsNet [51] utilizes capsule networks [58] to model
complicated relationships between target mentions and
contexts.

- BERT-PT [36] uses a post-training approach on a pre-
trained BERT model to improve the performance for re-
view reading comprehension and targeted aspect sentiment
classification.

- BERT-SPC [33] feeds “[CLS]” + sentence + “[SEP]” +
target mention + “[SEP]” into a pre-trained BERT model,
and then uses pooled embedding for classification.

- CapsNet-BERT [51] builds capsule networks on the top of
BERT layers to predict sentiment polarities.

The syntax-based baselines are:
- AdaRNN [2] learns the sentence representation toward

target via RNN semantic composition over a dependency
tree.

- PhraseRNN [42] extends AdaRNN by adding two phrase
composition functions. The PhraseRNN takes a depen-
dency tree as well as a constituent tree as input.

- SynAttn [43] incorporates syntactic distance into the at-
tention mechanism to model the interaction between target
mention and context.

- CDT [21] and ASGCN [23] integrate dependency trees
with GCN for aspect representation learning. Compared
with CDT, ASGCN additionally apply attention mecha-
nism to obtain final representation.

- TD-GAT [22] and TD-GAT-BERT [22] apply GAT to
capture the syntax structure and improves it with LSTM to
model relation across layers.

For fair comparison, we leave out baselines which rely on
external resources such as auxiliary sentences [35] and other
domain/language review corpus [34], [36], [59].

C. Main Results

Table III shows the results of different models. We first
compare RGAT with the baseline (Transformer), which re-
place RGAT with a Transformer network. RGAT significantly
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TABLE III
PERFORMANCE COMPARISON OF DIFFERENT MODELS ON THE BENCHMARK DATASETS. THE BEST PERFORMANCE ARE BOLD-TYPED, † DENOTES THAT THE

MODEL REQUIRES DEPENDENCY TREE AS INPUT. RESULTS UNDERLINED INDICATE THAT THE PROPOSED METHOD IS SIGNIFICANTLY BETTER THAN

STATE-OF-THE-ART MODEL AT SIGNIFICANCE LEVEL P <0.01

(p < 0.01) improves the performance, with an accuracy im-
provement of 2.85 percent on average. Similarly, the average F1
score increases by 2.84 percent. This indicates that dependency
trees can provide useful information for the targeted aspect sen-
timent classification task, which is consistent with observations
by recent work [21], [22]. It is reasonable that Transformer
gives weaker results than the state-of-the-art models, as the
Transformer model adopts a simple pooling function rather than
attention or CNN for target-context interaction modeling.

Compared with systems that do not rely on syntactic fea-
ture (SVM, IAN, TNet, MGAN, AOA, AEN, CapsNet), the
RGAT model gives significantly (p < 0.01) better results. This
observation is consistent with the results of our baseline. In
addition, compared with recent work which takes dependency
trees but without relation labels as input (AdaRNN, PhraseRNN,
SynAttn, ASGCN, CDT, TD-GAT), RGAT also gives better
results across all datasets. In particular, RGAT outperforms
the state-of-the-art CDT model by 1.25 and 1.97 points on
Restaurant with regard to accuracy and F1, respectively. Fur-
thermore, the pre-trained BERT model can significantly boost
the performance of each approach. With the help of BERT, the
proposed model achieves better results than all the baselines,
giving accuracy of 86.68, 80.94, 76.28 and 84.52 on Restaurant,
Laptop, Twitter and MAMS, respectively. To our knowledge, we
obtain the best reported results on all the datasets without using
external resources.

V. ANALYSIS

A. Ablation Study

We present an ablation study on the effects of structure infor-
mation and relation information. The experiments are conducted

TABLE IV
ABLATION STUDY ON THE RESTAURANT AND LAPTOP DATASETS. THE BEST

PERFORMANCE ARE BOLD-TYPED. RATT REFERS TO RELATIONAL ATTENTION

on Restaurant, Twitter and MAMS as these three datasets have
more training instances than Laptops. We consider three ablation
baselines for comparison, including 1) Transformer: we replace
the relational graph attention layers with self-attention layers.
This model can be viewed as our model without dependency
tree as supervision; and 2) GAT: the relation graph attention
layers are substituted by graph attention layers, serving as our
model without relation features; 3) GAT-Ratt: we remove the
relation-aware feature aggregation module of RGAT to test the
effectiveness of the relation-aware attention independently.

Effectiveness of structural information: As shown in Ta-
ble IV, the GAT model gives consistently better accuracies and
F1 scores over the Transformer model, with 1.3 and 1.2 percent
average improvement of accuracy and F1 score, respectively.
In addition, the performance of GAT-BERT is also better than
that of Transformer-BERT. Such results indicates that explicit
syntax knowledge is helpful for targeted sentiment classification.
A possible reason for why improvement over BERT is relatively
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Fig. 4. Learning curve of GAT, RGAT, GAT-BERT and RGAT-BERT on MAMS.

small is that structural information is contained in the BERT
representations to some extent because of contextual language
modeling [60].

Effectiveness of relation-aware attention: GAT-Ratt consis-
tently shows better performance over GAT. Specifically, GAT-
Ratt outperforms GAT by 1.0 percent accuracy and 1.5 percent
F1. Similar improvements are also observed for BERT based
models. Such results indicate that the relation-aware attention
mechanism is useful for targeted sentiment analysis.

Effectiveness of RGAT for typed dependencies: It can be
observed that RGAT gives better results than GAT-Ratt and GAT
on both datasets. In particular, RGAT outperforms GAT-Ratt on
Twitter by 0.76 percent and 1.1 percent with regard to accuracy
and F1, respectively. This observation confirms our intuition that
the fine-grained relation information is helpful. Combined with
relation-aware attention and relation-aware feature aggregation,
the accuracy of GAT increases by 1.1 percent and 1.6 percent
on Restaurant and Twitter, respectively. The improvement on F1
score reaches 0.9 percent and 2.6 percent, respectively. Similar
trends can also be observed when comparing RGAT-BERT with
GAT-BERT. Such results demonstrate that dependency labels
can bring significant improvement to the baseline model, re-
gardless of different input embeddings and contextual models.

We present the learning curves of GAT, RGAT, GAT-BERT
and RGAT-BERT in Fig. 4. It can be seen that RGAT gives
consistently higher accuracy and lower loss compared with GAT.
Similarly, the results of RGAT-BERT are better than GAT-BERT.
Such results prove that RGAT(-BERT) is more powerful than
GAT(-BERT) from another perspective.

B. Impacts of Parsing Accuracy

We conduct experiments to study the effects of parsing accu-
racy on the classification performance. Specifically, we consider
the following settings: 1) Transformer, which serves as a base-
line model without dependency tree; 2) Random Tree, which
uses a random tree as input for training;11 3) Random Label,

11We select 10 random seeds and report the averaged results.

TABLE V
PERFORMANCE OF DIFFERENT PARSERS. UAS REFERS TO UNLABELED

ATTACHMENT SCORE AND LAS REFERS TO LABELED ATTACHMENT SCORE

TABLE VI
THE ACCURACY AND F1 WHEN USING DIFFERENT DEPENDENCY

TREES AS INPUT

which uses the gold tree structure (dependency heads) but ran-
domly permutes the dependency labels; 4) Stanford Parser, for
which dependency trees are parsed by Stanford Transition-based
Parser [61]; 5) Biaffine Parser, which applies a Deep Biaffine
Parser [53] to obtain dependency trees. 6) BERT Biaffine Parser,
which adopts the BERT based Biaffine Parser to obtain a depen-
dency tree. The performances of the Stanford Parser and Deep
Biaffine Parser on the Penn Treebank are given in Table V.

Table VI gives the results of different systems on Restaurant
and Twitter. It can be seen that a random tree has negative
influences on the classification performance. The Random Label
model gives better results than Transformer, showing that the
tree structure is still useful for targeted sentiment classification,
despite label noise. In addition, the trees parsed by pre-trained
models (Stanford, Biaffine and BERT Biaffine parser) have more
positive impact on model performance than random trees. This
is likely because pre-trained parsers can give more accurate
predictions and the parsed results are more consistent.
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Fig. 5. Decrement of accuracy (compared with the baseline) on Restaurant
and Twitter when removing different dependency labels.

Comparing the results of different parsers, it can be seen that
both Biaffine Parser and BERT Biaffine Parser give better results
than the Stanford Parser, and the performance of the Biaffine
Parser and the BERT Biaffine Parser are comparable. Such
results indicate that the classification performance is positively
correlated with the parsing accuracy.

C. Effects of Different Dependency Labels

We select the most frequent dependency labels and study their
contribution to the model performance. In particular, the follow-
ing categories of dependency labels are considered: 1) Clausal
Argument Relations, including {nsubj, dobj, ccomp, xcomp}; 2)
Nominal Modifier Relations, including {nmod, amod, advmod,
det, case}; 3) Other Notable Relations, including {conj, cc,
punc}.

Fig. 5 gives the results of the RGAT model on the two
benchmarks. We report the decrement of classification accuracy
when removing different dependency labels independently. The
accuracy of RGAT decreases most rapidly when removing nsubj
and amod relations, indicating that nsubj and amod carry most
important information for classification. This is intuitive as the
nsubj label represents the nominal subject relation, which is
especially informative when one side of this relation is a target
mention. Similarly, the amod label denotes the adjective modifier
relation, and is always related to the adjective which conveys
the sentiment polarity. In addition, the dobj, nmod and advmod
labels are also important factors to the model performance. The
accuracy decreases by a range from 0.23 to 0.32 when these
labels are removed. Last but not least, although having a high
frequency, the det, case and punc dependency labels are the most
irrelevant to the classification accuracy, with accuracy decline of
about 0.07, 0.04 and 0.05, respectively. This indicates that the
label frequency is not strongly correlated to the classification
accuracy, and the relation label matters.

D. node Attention vs Edge Attention

In order to compare the importance of node attention and
edge attention, we assign two trainable weighted factors to
node attention and edge attention, respectively. In particular,

Fig. 6. Effects of model depth on classification accuracy on Restaurant.

we modified Equation 10 as:

α̂ij =
exp(β1e

N
ij + β2e

R
ij)∑

j′∈N (i) exp (β1eNij′ + β2eRij′)
, (17)

where β1, β2 ∈ R1 are model parameters.
We conduct evaluation on the Restaurant and Twitter datasets,

and results are shown in Table VII. RGAT-weighted factors
achieves comparable performance to RGAT, and RGAT-BERT-
weighted factors gives slightly lower results compared with
RGAT-BERT.

The values ofβ1 andβ2 are shown in Table VIII. Interestingly,
both values are close to 1, and this phenomenon is more obvious
when using the BERT model. Such results can explain why the
performance of RGAT-weighted factors is comparable to RGAT,
and further indicate that node attention is of equal importance
to relation attention.

E. Impacts of Model Depth

Fig. 6 shows the accuracy curves for RGAT and RGAT-BERT
on Restaurant. Different numbers of layers ranging from 1 to 8
are considered. For RGAT, the initial accuracy is low and then
increases along with the depth, reaching the best score of 83.55
with 6 layers. This is intuitive as the target-related sentiment
words can be many-hops away from the target mention, which
means that multiple layers of node communication is necessary
for passing information from relevant context to the target
mention. In contrast to RGAT, RGAT-BERT reaches the best
accuracy (86.68) faster with 2 layers, which can be because that
implicate syntax contained in BERT allows faster information
propagation.

F. Case Study

We provide 4 examples to further analyze the proposed
model. The attention scores over dependency edges are given for
comparison.12 Consider the case shown in Fig. 7(a) and Fig. 7(b).
GAT gives a right sentiment in case 1 and a incorrect sentiment in
case 2, while RGAT obtains the correct sentiment in both cases,
which indicates that RGAT can differentiate similar structures,
thanks to the use of dependency labels. In Fig. 7(c), GAT predicts

12For brevity, we omit the attention weight on self-loop edges.
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TABLE VII
MODEL PERFORMANCE ON BENCHMARK DATASETS

TABLE VIII
THE VALUES OF TRAINABLE PARAMETER β1 AND β2. WE REPORT MEAN±std

VALUE OF MULTIPLE RGAT LAYERS

Fig. 7. Several samples, the numbers denote the attention weights given by
RGAT (red) and GAT (blue). The target mentions are underlined.

a “positive” sentiment for target mention “scallops,” and the
attention weight on the edge “as”−→“scallops” is high, which
demonstrates that GAT is negatively influenced by “well,” which
does not have positive meaning in this case. In contrast, RGAT
gives the correct result and the attention weight on the edge
“as”

cc−→“scallops” is close to zero. Fig. 7(d) shows another case
where the decision of GAT is influenced by an irrelevant word
“bad”. GAT’s attention weight on the edge “get”

cc−→“menu” is
0.8 while that of RGAT is 0.5. The last two examples indicate
that the dependency labels have a positive influence on modeling
the relationship between two words.

VI. DISCUSSION

Our approach is more complicated than previous syntax-free
work, due to the modeling of typed dependencies. However, the

TABLE IX
COMPARISON OF MODEL PARAMETERS, 1 M= 1e6

total number of parameters in RGAT does not increase signifi-
cantly. The main reason is that we use a small hidden size (100)
in RGAT encoder. Table IX shows the number of parameters
of our method and two syntax-free systems (BiLSTM [11],
BERT-SPC [33]).

In addition, our model requires more calculations than pre-
vious work. However, the encoding process of sentence and
dependency tree are independent, so that the forward calculation
and backward calculation of RGAT encoder and contextual
encoder can be parallelized theoretically.

VII. CONCLUSION

We investigated the usage of typed dependency structures for
targeted sentiment classification, by extending a graph attention
network encoder with relation features. Extensive experiments
on four standard benchmarks show that label information is
useful for sentiment classification, and our relational GAT model
can effectively encode such features. Our final model gives re-
sults that are better than the existing best results in the literature.
We further study the impact of parsing performance, dependency
labels and network depth on model performance, finding that dif-
ferent dependency arc labels do have different effects on targeted
sentiment signal propagation, thereby motivating the use of arc
label information. In addition, contextualized embeddings are
complementary to structured dependencies for improving the
results.
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