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Abstract

We present an attention-based bidirectional LSTM approach
to improve the target-dependent sentiment classification. Our
method learns the alignment between the target entities and
the most distinguishing features. We conduct extensive ex-
periments on a real-life dataset. The experimental results
show that our model achieves state-of-the-art results.

Introduction

in real world, people may mention several target entities (or
different aspects of a target) in one sentence. Only consid-
ering the overall sentiment of the sentence fails to capture
the sentiments of different target entities. In this paper, we
mainly focus on the task of predicting the sentiment polarity
(e.g. positive, negative, neutral) of sentences towards spe-
cific targets.

Inspired by the recent success of attention neural net-
work (see Section 2), we present an Attention-based Bidirec-
tional LSTM (AB-LSTM) approach to improve the target-
dependent sentiment classification. Our model is a recurrent
neural network which includes a bidirectional LSTM net-
work with an additional attention layer on top. It learns to
assign attention scores to different word locations according
to their intent importance. We then compress the input se-
quence into a fixed-length vector by computing a weighted
sum of the hidden states at each word according to their
attention scores. The weights are adaptive to the content
of each time step, which makes it possible to assign large
weights to the “distinguishing” words. On the other hand,
unlike the models which only use the last hidden state (or
mean pooling), the attention based model has no difficulty
modeling long sequence since it considers different word lo-
cations in a relatively even manner. This allows the model
to cope with the situation when the input sentence is long
and the target string is far from the most distinguishing fea-
tures. The experiment results show that our model achieves
state-of-the-art results.
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Related work

In order to capture the sentiments on target entities, there are
a variety of approaches being proposed for target-dependent
sentiment classification (Hu and Liu 2004). Since feature
engineering is labor intensive, several recent studies (Dong
et al. 2014; Tang et al. 2015) use deep neural networks to
tackle this problem. Our model is inspired by the recent
success of attention-based neural network (Bahdanau, Cho,
and Bengio 2014). To the best of our knowledge, our work
is the first one that explores attention-based architecture for
target-dependent sentiment classification.

Model

We propose two Attention-based Bidirectional LSTM (AB-
LSTM) approaches to improve the performance of target-
dependent sentiment classification. AB-LSTM learns to as-
sign attention scores to different word locations according to
their relevance to the task. We compress the input sequence
into a fixed-length vector by computing a weighted sum of
the hidden states of each word according to their attention
scores.

AB-LSTM1 Our first attention method compute a weight
for every word in the sequence as the dot product of h; and
htarget- Here, hy is the hidden states of time step tobtained
by bidirectional LSTM based on the current input ¢, Atarget
is the hidden states of the target string. Mathematically, the
final sentence representation takes the following form:

exp(s(ht . hta'rget; 9))
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where T is the length of the sequence, s(h¢ - Riarget; 0) is
the attention network (6 is the parameter set of attention net-
work), which maps a vector to a real valued score. To form a
proper probability distribution over the context, we normal-
ize the scores across the context by using softmax function
and get attention score a;. The attention score a; indicates
the importance of the corresponding time step ¢. In this way,
with a properly trained attention network, it assigns higher
attention scores to words that are more relevant to the certain
task. In our model, s(h¢ - higrget; @) is implemented as an-
other neural network, whose parameters are jointly trained
with those of the B-LSTM.



AB-LSTM2 Inspired by (Chen, Bolton, and Manning
2016), our second method computes the attention scores by
using a biliner term, instead of the dot product of h; and
Ntarget- With a bilinear term, we can compute the similarity
between h; and htqrger more flexibly than with a dot prod-
uct. The output vector of the input sequence is

T
o= Z athy, witha; = softmax(hzﬂwbhtm@et)
t=1

2

where W, € R"*" is used in a bilinear term.
We feed the outpur vector o to a softmax classifier to
predict the sentiment distribution of the target string:

4 =softmax(V" o + b) 3)

Here, V and b are parameters to be learned. We train the
entire model by minimizing the cross-entropy between the
predicted distribution ¢ and the ground truth distribution y.
The Lo-regularization penalty is used. Given a training sam-
ple x*, its true label y* € {1,2,--- , k} where k is the num-
ber of categories, and the predicted probabilities 3* € [0, 1],
for each labelj € 1,2, - - - k, the error is defined as:

.
L==> 1y =j}tog(@) + > AllBll “
j=1

Be©
where © represent the parameters of the model. I{-} is an
indicator such that I{true} = 1 and I{false} = 0. We use a
minibatch stochastic gradient descent (SGD) algorithm to-
gether to train the model.

Experiments
Datasets

Twitter conversation (Twitter): The original dataset! is a
collection of tweets from Twitter by (Dong et al. 2014). The
training data consists of 6,248 tweets, and the testing data
has 692 tweets. The percentages of positive, negative and
neutral tweets in the training and test sets are both 25%,
25%, 50%, respectively.

For the dataset, data preprocessing is performed. We re-
move non-alphabet characters, numbers, pronouns, punctu-
ation and stop words from the text.

Baseline methods

We compare our approach with several baseline meth-
ods, including SVM (Pang, Lee, and Vaithyanathan 2002),
SVM with target-dependent features (SVM-dep) (Jiang et al.
2011), AdaRNN-comb (Dong et al. 2014), TC-LSTM (Tang
et al. 2015).

Implementation Details

In our work, we use GloVe vectors? with 100 dimensions to
initialize the word embeddings. Both forward and backward
LSTMs have 500 units each and the size of the softmax hid-
den layer in the deep output is 500. We use a minibatch SGD

"http://goo.gl/SEnpu7
Zhttp://nlp.stanford.edu/projects/glove
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Method Accuracy (%) F1-socre (%)
SVM 62.7 60.2
SVM-dep 63.4 63.3
AdaRNN-comb 66.3 65.9
TC-LSTM 71.5 69.5
AB-LSTM1 71.6 71.2
AB-LSTM2 72.6 722

Table 1: Evaluation results

algorithm to train the model. Each minibatch consists 20 in-
put samples. We initialize the recurrent weight matrices as
random orthogonal matrices. All the bias vectors are initial-
ized to zero. Any other weight matrices are initialized by
sampling from Gaussian distribution with mean O and vari-
ance 0.012. The hyperparameter A = 0.8.

Experimental results

In our experiments, the results are evaluated using classifica-
tion accuracy and F;-score. We summarize the experiment
results in Table 1. Compared to previous methods, our ap-
proaches achieve better results on the experimental dataset.
For example, the F;-score of AB-LSTM2 is 2.7% higher
than the state-of-the-art result (Target-dep™). For accuracy,
both of our models perform better than Target-dep™and TC-
LSTM. This verifies the effectiveness of the proposed ap-
proaches.

Conclusion and Future Work
In this paper, we proposed two attention-based models to im-
prove the performance of target-dependent sentiment clas-
sification. Experiments on real-lift data showed that our
method achieves better or comparable results.
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