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ABSTRACT
In this paper, we propose an interactive multi-grained joint model
for targeted sentiment analysis. Firstly, different from previous
works, we leverage the correlation between target and sentiment
clues and deeply strengthen interaction between them because tar-
gets are highly related to the sentiment clues in a sentence. More-
over, we apply a multi-layer structure to consider multi-grained
target and sentiment tagging information more comprehensively.
Also, we design two specific loss functions to prevent a word from
being both part of a target and a sentiment clue simultaneously, and
to align the boundary information of two labeling subsystems. We
conduct experiments on English and Spanish datasets and the exper-
imental results show that our approach substantially outperforms a
variety of previous models and achieves new state-of-the-art results
on these datasets.
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1 INTRODUCTION
Targeted sentiment analysis aims to extract targets and simultane-
ously identify the sentiment polarities toward the extracted targets
[6, 9, 40]. For example, the sentence ‘The food is good but the ser-
vice is bad’ has two targets ‘food’ and ‘service’, of which sentiment
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Table 1: An example of the tagging scheme applied in tar-
geted sentiment analysis task.

Feel so sad about Whitney Houston
Target Extraction O O O O B-Person I-Person

Sentiment O O O O B-Negative I-NegativeClassification

polarities are positive and negative respectively. Most previous
works pay more attention to either target extraction [17, 34, 37, 41]
or sentiment classification [1, 15, 29, 30, 36] independently, and
they are the subtasks of targeted sentiment analysis.

Previous researches treat targeted sentiment analysis as a se-
quence labeling task [12, 20, 23, 40, 43]. A specific series of tagging
labels are proposed by combining BIO scheme with named entity
types (e.g. person and organization) and sentiment polarity types
(e.g. positive, negative and neutral). As shown in Table 1, in the sen-
tence ‘Feel so sad aboutWhitney Houston.’, the target ‘Whitney
Houston’ is mentioned. The correct tagging results of sentiment
classification should be ‘O O O O B-Negative I-Negative’. Similar to
the output format of Named Entity Recognition (NER) task [31],
which adopts tagging labels of B-Person, I-Person, B-Organization,
I-Organization andO, the correct tagging results of target extraction
ought to be ‘O O O O B-Person I-Person’.

Two kinds of methods are mainly used in targeted sentiment
analysis: pipeline and joint methods. For the reason that target
extraction is prior to and also the basis of target-based sentiment
classification, pipeline was the usual way in the past. However,
pipeline methods tend to result in error accumulation and they can-
not fully take advantage of the mutual benefits of the two subtasks,
as revealed by [16, 23]. Nowadays joint models become popular for
their effectiveness in sharing information between two subtasks
and reducing the risk of error accumulation. Previous joint models
mainly use Conditional Random Fields (CRF) [13] to model the
dependencies between labels [20, 23, 43]. In particular, Ma et al.
[20] propose a multi-layer Bi-RNN [27] model and try to enhance
the ability to predict sentiment labels from the target extraction
process. It is also the current state-of-the-art model of the joint
learning task.

Target extraction has a strong relationship with sentiment classi-
fication. Previous works [16, 20] merely focus on how influential the
target extraction task is to the sentiment prediction. However, senti-
ment classification process can also make a significant contribution
to target extraction. Targets are usually modified by words infer-
ring sentiments (called sentiment clues, i.e., ‘sad’ in the afore-
mentioned sentence). The sentiment classification process involves
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finding sentiment clues and matching them to target words. So by
finding which words are modified by sentiment clues, the model
could extract targets more accurately. Thus it is necessary to find
out the connection between the targets and sentiment clues, but pre-
vious joint models lack consideration of this. To interact between
target and sentiment tagging information, we introduce attention
[32], which is responsible for evaluating the correlation between
targets and sentiment clues, and the obtained attention scores are
utilized to obtain target tagging information with predicted senti-
ment clues. Furthermore, we feed target tagging information into
sentiment tagging information via gate mechanism to share bound-
ary information with sentiment tagging information. The two main
parts both contribute to the construction of interaction mecha-
nism, which is of great importance in our model.

Moreover, themodel proposed by [20]manifests the effectiveness
of a multi-layer structure. The state-of-the-art model leverages two
fully-connected layers on top of word representations to obtain
the probability distributions of target and sentiment labels, and
feeds the distributions into CRF layer in the end. However, in this
task, sentiment labels contain not only boundary information but
also sentiment information, and it is hard to correctly project the
word representations to both kinds of information, with a simple
fully-connected layer. To strengthen the classification ability of our
model, a multi-grained structure is applied to both target and
sentiment label predictions to make better use of various kinds
of word representations and features. Specifically, we propose a
coarse-grained tagging layer which aims to distinguish targets and
sentiment clues, i.e., for each word, we represent its coarse-grained
tagging information as its probability of being part of a target and
a sentiment clue respectively, which is passed subsequently to the
interactionmechanism and further fusedwith the fine-grained layer.
One of the intuitions of the coarse-grained tagging layer is that the
binary classification results contain boundary information, which
should be shared between both target and sentiment tagging results.
Thus, the essential coarse-grained tagging information can give the
model an approximate range of target and beneficial for both target
and sentiment tagging results. Besides, sentiment clue information
that the coarse-grained tagging layer provides is important for
the interaction as described before. Another intuition is that the
information brought from the coarse-grained tagging layer is a great
supplement for a single tagging layer and the combination of multi-
grained tagging information will be more robust. Therefore, based
on the principle of multi-grained structure, finally the interacted
tagging information (based on the coarse-grained tagging layer),
is fused with fine-grained tagging information, which is used to
decide the specific tag of a word.

Lastly, boundary consistency is critical to this task. The tagging
results of target extraction and sentiment classification ought to
share the same boundary information. For instance, in the aforemen-
tioned sentence, ‘B-Negative O’ is wrong for ‘Whitney Houston’,
as the boundaries of target extraction and sentiment classification
are contradictory. Thus, the target label’s probability distribution
and the sentiment label’s probability distribution of whether a to-
ken is part of a target should necessarily be close. Thus, a specific
loss function is designed on top of the final tagging information,
aiming to keep the consistency. Besides, we hope that the roles of
targets and sentiment clues could be separate since it is unlikely

for a token to become part of a target and a sentiment clue simul-
taneously. Therefore we add another loss function to alleviate the
overlap of two kinds of roles.

In summary, our contributions are as follows:
• Our model significantly strengthens the mutual interaction

between target extraction and sentiment classification, and pays at-
tention to how to more accurately detect targets and corresponding
sentiments.

•Wepropose amulti-grainedmodel to integrate tagging informa-
tion and comprehensively consider the results acquired in different
layers. Note that the coarse-grained tagging layer and interaction
mechanism aim at explicitly sharing approximate boundary infor-
mation between target and sentiment tagging results and assisting
in building the connection between targets and sentiment clues.

• We design two specific loss functions to align the tagging
results of two subtasks and distinguish the roles of target and sen-
timent clue.

2 RELATEDWORK
2.1 Target Extraction
Target extraction is also called aspect term extraction [25]. Early
methods concentrate on rule-based approaches, which are depen-
dent on large numbers of handcrafted features and rules [19, 26].
The traditional machine learning method CRF [8, 9, 28] is usually
applied to constrain the transition between tagging labels of BIO
scheme. Themodels based on neural networks [17, 18, 34, 35, 37] are
popular and competitive in this task. Recently, a CNN-based model
[38] achieves state-of-the-art performance on target extraction task
with domain embeddings.

2.2 Target-oriented Sentiment Classification
Target-oriented sentiment classification is also known as aspect-
based sentiment classification. Traditional methods take advantage
of sentiment lexicons to classify the sentiment [11, 42], while neu-
ral network models devote to constructing interaction between
target and context words. [5, 21, 22, 30, 33, 36] leverage attention
mechanism to evaluate the correlation between the tokens in one
sentence. The current state-of-the-art model TNet [15] is based on
a transformation network to strengthen the interaction between
targets and contexts. There are a few works [7, 39] applying CNN,
which is considered to be good at text classification. The models
proposed by Xue and Li [39] and Huang and Carley [7] are both
CNN-based models and adopt gate mechanism to make interaction
between target and context tokens. Thus, inspired by the previ-
ous works of this task, we give deeper insight into the individual
words by attention mechanism and intend to make better use of the
correlation and interaction between targets and sentiment clues.

2.3 Joint Model for Targeted Sentiment
Analysis

Currently, few works using joint learning methods for targeted
sentiment analysis. The model proposed by Mitchell et al. [23] is
based on the traditional methods, which rely on handcrafted fea-
tures, such as sentiment lexicons. Meanwhile, they propose the
benchmark datasets widely used in targeted sentiment analysis in
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this paper. Zhang et al. [43] combine neural networks and hand-
crafted features in a neural and integrated way to achieve better
performance. The joint model proposed by Li and Lu [14] intends to
determine the sentiment scope for each word, and extract entities
while predicting their sentiments within the scope. Li et al. [16]
is a unified model which omits the target extraction subsystem
and uses simple weight matrices to build transitions from target
boundaries to target sentiment polarities. Note that the models
proposed by Li and Lu [14] and Li et al. [16] are both dependent on
sentiment resources. Ma et al. [20] design a hierarchical multi-layer
Bi-GRU model and feed the information of extraction part into the
classification part. To the best of our knowledge, there is no work
taking a further step in building an information exchange process
between target extraction and sentiment classification without any
gold-annotated sentiment resources, and integrating multi-grained
target and sentiment tagging information of two subsystems.

3 MODEL
3.1 Overview
The goal of our model is to jointly tag the word sequence with
B-{Person, Organization}, I-{Person, Organization}, O for target ex-
traction and B-{Positive, Negative, Neutral}, I-{Positive, Negative, Neu-
tral}, O for sentiment classification. Formally, given a sentence x =
[x1,x2, ...,xn ], xi ∈ Rdw , we produce two tagging sequences:yT =
[yT1 ,y

T
2 , ...,y

T
n ] for target extraction and yS = [yS1 ,y

S
2 , ...,y

S
n ] for

target-based sentiment classification. The number of target extrac-
tion labels and sentiment classification labels are Ctar and Csen .

The whole architecture of our model is illustrated in Figure 1. It
has three main modules: (1) coarse-grained tagging layer (the left
part); (2) interaction mechanism (the middle part); (3) fine-grained
tagging layer (the right part).

The coarse-grained tagging layer intends to determine the ba-
sic role of words (whether a word belongs to a target and whether a
word is a sentiment clue). According to Figure 1, the coarse-grained
target tagging information and sentiment clue information are
derived from binary classification on contextual word representa-
tions obtained by Bi-GRU, of which inputs are the concatenation
of word-level and character-level embeddings.

Because there exists a strong connection between targets and
sentiment clues as mentioned in Section 1, we design an interac-
tion mechanism with attention to build the connection between
targets and sentiment labeling parts. The details of our proposed
interaction mechanism are shown in Section 3.3.

The fine-grained tagging layer attempts to decide the specific
tag of a word (e.g. B-Person, I-Positive, O, etc) with deep neural
networks. The fine-grained tagging information is based on the deep
word representations, which are the hidden outputs of two stacked
Bi-GRU. According to Figure 1, with the help of gate mechanism, the
tagging information derived from interaction and the fine-grained
layer are fused together. Then the outputs of our multi-grained
model are obtained fromCRF layers. The details of themulti-grained
structure are shown in Section 3.2.

3.2 Multi-grained Structure
Coarse-grained Tagging Layer: Firstly, we extract semantic rep-
resentations of words in the input text, which are useful for both

target extraction and sentiment classification. Besides word embed-
dings, we also apply character-level CNN to capture the morpho-
logical features of a word. This is because there are many OOV
words (e.g., proper nouns and abbreviations) in texts (especially
informal texts like tweets), and they do not have pre-trained word
embeddings. The character-based word representation chi for xi is
computed by a CNN with max-pooling layer and ReLU activation
function where the window size is sc and the number of filters is
dch . The concatenation of word embedding and character-based
word representation is subsequently fed into a Bi-GRU layer to
build the context-based word representation hi defined by the con-
catenation of forward and backward hidden outputs of the Bi-GRU,
where hi is of the length dh = 2(dw + dch ).

Based on the word representations, we obtain coarse-grained
target tagging information zT ∈ R2, which means whether a word
belongs to a target or not, and sentiment clue information zS ∈ R2,
which indicates whether the word is a sentiment clue:

zTi = Softmax(W z × hi )

zSi = Softmax(W q × hi )
(1)

whereW z ,W q ∈ R2×dh are weight matrices. Specifically, we treat
the first dimension of zTi and zSi as the probability inferring to a
part of target and a sentiment clue, respectively. It is worth noting
that zT is the basis of following target extraction and sentiment
classification, for only words that are targets will be classified into
different target types and sentiment types, and those that are not
targets will simply be labeled “O” in the final results.

Interaction Mechanism: As mentioned before, the correlation
between targets and their corresponding sentiment clues is strong.
Thus, we design an interaction mechanism to build information ex-
change process between target and their corresponding sentiment
clues. Sentiment clue tagging information is of great help to target
extraction due to the observation that if A is a sentiment-bearing
word, the word A modifies tends to be part of a target. So with the
help of sentiment clues, we build interacted target tagging infor-
mation. After that, interacted target tagging information is fused
into sentiment tagging information to share boundary information,
and then form interacted sentiment tagging information. The brief
formulation is expressed as below:

lT , lS = Interaction(zT , zS) (2)

where lT = [lT1 , ..., l
T
n ] and lS = [lS1 , ..., l

S
n ] are interacted target

tagging information and interacted sentiment tagging information,
respectively. The dimensions of interacted target and sentiment
tagging information are Ctar and Csen . The interaction process
will be described in Section 3.3 in detail.

Fine-grained Tagging Layer: We adopt another Bi-GRU of
which the inputs are the hidden outputs of the previous Bi-GRU
layer for more careful and overall consideration.We treat the hidden
representationh′

i of this Bi-GRU layer as the sum of the forward and
backward hidden outputs to integrate the bidirectional information
while preserving the scale of parameters.d ′h , which is the dimension
of h′

i , is equal to dh . We produce the fine-grained results quite
straightforwardly, and more complicated and effective methods can
definitely be used to improve the result.
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Bi-GRU
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Bi-GRU

Fine-grained 
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Sentiment

Feel so sad about   Whitney     Houston.
  O  O  O  O   B-Person I-Person

Feel so sad about   Whitney          Houston.
  O  O  O  O  B-Negative I-Negative

Interacted 
Target

Interacted 
Sentiment

Interaction

Coarse-grained Layer Fine-grained Layer

Word 
Embedding

Char 
Embedding

Figure 1: The overall architecture of our proposed model.

Table 2: Main variables used in
the model. “TI” indicates tag-
ging information.

Variable Meaning
zTi Coarse-grained Target TI
zSi Sentiment Clue TI
lTi Interacted Target TI
lSi Interacted Sentiment TI
fTi Fine-grained Target TI
fSi Fine-grained Sentiment TI
oTi Multi-grained Target TI
oSi Multi-grained Sentiment TI

We perform transformation on top of this to get fine-grained
target and sentiment tagging information fTi ∈ RCtar and fSi ∈

RCsen :
fTi =W

f t × h′
i

fSi =W
f s × h′

i

(3)

whereW f t ∈ RCtard
′
h andW f t ∈ RCsend

′
h are the weight matrices.

Fusion:With the tagging information obtained from the inter-
action mechanism and the fine-grained layer, we fuse them to get
more comprehensive predictions oTi and oSi for target and senti-
ment labeling respectively:

oTi = Gate(lTi , f
T
i )

oSi = Gate(lSi , f
S
i )

(4)

where oTi and oSi are multi-grained target and sentiment tagging
information respectively. The dimensions of oTi and oSi are Ctar
and Csen . Specifically, we treat the last dimension of oTi and oSi
as the information inferring to being a non-target word and the
others are related to different types of targets.

Gate(·, ·) in Equation 4 is gate mechanism. Suppose the inputs
of gate mechanism are a ∈ Rda and b ∈ Rdb , the computation of
all the gates used in our model is illustrated below:

g = σ [W д × (W trans × a)]

Gate(a, b) = g ⊙ (W trans × a) + (1 − g) ⊙ b
(5)

where ⊙ is the symbol of element-wise product,W д ∈ Rdb×db and
W trans ∈ Rdb×da are weight matrices. If the dimension of a equals
to b, we simply omitW trans (in other words,W trans = I ).

In the end, we use CRF to model the dependencies between
labels. Given the multi-grained target tagging information oT =
[oT1 , ..., o

T
n ] and sentiment tagging information oS = [oS1 , ..., o

S
n ],

the output target and sentiment tagging sequences are:

yT = CRFTAR (oT1 , ..., o
T
n )

yS = CRFSEN (oS1 , ..., o
S
n )

(6)

where yT and yS , computed by Viterbi Algorithm [3] , are con-
sidered as the sequences with maximal probabilities among all
the possible tagging sequences of target extraction and sentiment
classification, respectively.

3.3 Interaction Mechanism
Figure 2 depicts the interaction mechanism in detail. The motiva-
tion of designing interaction mechanism is two-fold: (1) a word is
likely to be a target when modified by a sentiment clue; (2) it is
necessary for sentiment tagging information to attend to target
tagging information for they ought to share the same boundary
information. Therefore, the information sharing process can also
be divided into two parts: (1) sentiment clue information to target
tagging information; (2) target tagging information to sentiment
tagging information.

A. Sentiment clue information to target tagging informa-
tion: For the first motivation, we use attention mechanism to eval-
uate the correlation between word representations:

Ui, j = tanh(hTi ×W att × hj )

Ai, j =
exp(Ui, j )∑n

k=1 exp(Ui,k )
(7)

whereW att is a dhdh weight matrix, and A is nn attention score
matrix. With the attention scores, we further transfer sentiment
clue information zS and build the sentiment-aware target tagging
information (SAT) saTi ∈ R2:

saTi =
n∑
j=1

Ai, j · zSj (8)

Compared with the coarse-grained target tagging information, SAT
gets help from the prediction of sentiment clues. For instance, con-
sider the twowords ‘Houston’ and ‘sad’ in the sentence mentioned
in Section 1. If ‘sad’ is predicted as a sentiment clue and ‘Houston’
is highly linked to ‘sad’, ‘Houston’ has a high possibility of being
a target.
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A. Sentiment Clue to Target Tagging Information:

Bi-GRU
Attention

Sentiment Clue

G

Coarse-Grained 

Target

Interacted 

Target

B. Target Tagging Information to Sentiment Tagging Information:

Bi-GRU

Interacted 

Target
G

Interacted 

Sentiment

Interaction:

Figure 2: The interaction mechanism. The “Σ” denotes weighted sum according to attention scores, and “G” denotes the gate
mechanism (Equation 5).

Then we use a gate mechanism to combine the coarse-grained
target tagging information with SAT, and obtain interacted target
tagging information. In order to fuse with fine-grained target tag-
ging information, we transform the result withW l ∈ RCtar×2, so
that the dimensions of interacted and fine-grained target tagging
information are the same:

lTi =W
l × Gate(zTi , sa

T
i ) (9)

B. Target tagging information to sentiment tagging infor-
mation: Similarly, based on the attention score matrix, if a word w
has a close correlation with a sentiment clue, the representation of
the sentiment clue should take great proportion in the attention-
based representation of w. The attention-based representation will
help the model classify the sentiment of word w correctly.

Thus, for sentiment classification, the word representations are
involved to build the attention-based sentiment tagging information
by using attention score matrix A:

ri =
n∑
j=1

Ai, j · hj

attSi = ReLU(W r × ri )

(10)

whereW r is a Csen × dh transformation matrix and attSi ∈ RCsen

is the attention-based sentiment tagging information. ReLU means
activation function.

To share the boundary information between the two tagging sub-
systems, the interacted target tagging information is incorporated
into the sentiment tagging information via gate:

lSi = Gate(lTi , att
S
i ) (11)

where lSi ∈ RCsen is called interacted sentiment tagging informa-
tion.

In summary, the information of target and sentiment tagging
parts is shared with each other. lT and lS are the outputs of our
proposed interaction mechanism, and they will be combined with
fine-grained tagging information to give a more accurate prediction.

3.4 Loss Functions
The loss function consists of four parts: two sequence tagging loss
functions, an overlapping loss function (OL) and a boundary re-
striction loss function (BRL). The two loss functions of sequence

labeling are derived from the CRF structure: the loss of target ex-
traction LTAR and the loss of sentiment classification LSEN are
computed from the probability of the ground truth label sequence
over all possible label sequences.

The OL is applied to evaluate the similarity between the probabil-
ity of belonging to a target and the probability of being a sentiment
clue. In Section 3.2, the probability distributions zT and zS , which
represent whether a word belongs to a target and whether a word
is a sentiment clue, are obtained in a classification form. However,
there is an implicit constraint among the two distributions: a word
is not likely to be identified as part of a target and a sentiment
clue at the same time. This means that for each word, the product
of probabilities of belonging to a target or being a sentiment clue
should not be large. We choose the first dimension of two kinds
of tagging information as the probabilities of being a target or a
sentiment clue. The OL is defined as:

LOL =
1
n

n∑
i=1

zTi,1z
S
i,1 (12)

The boundary restriction loss function (BRL) is set to restrict
that the boundary information of two labeling subsystems are the
same. Intuitively, the probability of belonging to a target in two
labeling subsystems should be as similar as possible. In other words,
the probability of not being a target should also be similar. Take
õTi = Softmax(oTi ) and õSi = Softmax(oSi ) as the probability distri-
butions of classification, we treat the sum of the first to (Ctar −1)-th
dimensions of õTi as the probability of being part of a target in the
extraction part, and õTi,Ctar as the probability of being labeled by
‘O’. Similarly, õSi,Csen indicates the probability of being labeled by
‘O’ in sentiment tagging part. The BRL is calculated by:

LBRL =
1
n

n∑
i=1

(õTi,Ctar − õSi,Csen )
2 (13)

In addition, we set two hyperparameters β and γ to control the
impact of OL and BRL. Finally, the overall loss is the sum of four
separate loss functions:

L = LTAR + LSEN + β · LOL + γ · LBRL (14)
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Table 3: The statistics of English and Spanish datasets. #Sen
and #Tar denotes the number of sentences and targets. #Pos,
#Neg and #Neu mean the quantities of three sentiment po-
larities. #Per and #Org represent the number of person tar-
gets and organization targets.

Dataset #Sen #Tar #Pos #Neg #Neu #Per #Org
English 2350 3288 707 275 2306 1468 1820
Spanish 5145 6658 1555 1007 4096 3815 2843

4 EXPERIMENTS
4.1 Setup
Our proposed model is evaluated on the English and Spanish tweet
datasets constructed by Mitchell et al. [23], and the statistics of
two datasets are shown in Table 3. To show the effectiveness of
our model, we use evaluation metrics of precision, recall and F1
score. Specifically, in the target extraction task, a correct target is
extracted if and only if the boundary information and categories
are both consistent with the gold annotated ones. Similarly, in
the sentiment classification task, a correct sentiment polarity is
predicted if and only if the boundary information and sentiments
are the same with the gold annotated ones. We perform 10-fold
cross-validation and report the average results as previous works
do. For each fold, we randomly select 10% of the instances from
the training set for development. The model with minimal loss on
development set within 50 epochs is selected in each fold.

In our experiments, we use the pre-trained GloVe.840B.300d Eng-
lish word embeddings [24] and word embeddings pre-trained on
Spanish tweets [2] as previous works do. The dimension sizes of
English and Spanish word embeddings dw are set to 300 and 200 re-
spectively. According to the tagging scheme,Ctar = 5 andCsen = 7.
The batch size is set to 32. The dimension of the character embed-
dings dc is 50. The embeddings of out-of-vocabulary words (OOV)
and the attention weight matrix are randomly initialized from uni-
form distribution U(−0.1, 0.1). Xavier Initialization [4] is adopted
to initialize other weight matrices and character embeddings. The
kernel size of character-CNN is set to 3. The kernels consist of 50
filters. The hyperparameter β and γ used to tune the impact of the
corresponding loss function to the overall loss are set to 1 and 0.7
respectively. Additionally, we adopt dropout to avoid overfitting
and the rate is empirically set as 0.5. Adam optimizer [10], of which
the learning rate is 0.001, is applied to optimize our model.

4.2 Comparison Results
First, we compare our model with pipeline methods to justify the
effectiveness of the joint approach. Three pipeline solutions are
described below:

• CRF-Pipeline [23] is based on vanilla CRF model, which first
extracts targets and subsequently analyzes the sentiment polarities
based on the extracted targets.

• NN-Pipeline [43] merely feeds word embeddings into neural
networks and performs two tasks in a pipeline way.

• DE-CNN-TNet consists of the state-of-the-art target extrac-
tion [37] and aspect-based sentiment classification [15] models.
For the reason that the datasets are for open domains, we do not
introduce domain-specific embeddings the model uses.

The comparison results are shown in Table 4. We can see that
our proposed model substantially outperforms all the baseline mod-
els on both datasets. Due to the good performance of individual
DE-CNN and TNet, the pipeline outperforms a few joint models.
However, notice that there exists a performance gap when com-
paring the best pipeline method with recently proposed models,
suggesting that joint approaches could achieve much better perfor-
mance on the task because of the shared information and avoiding
error accumulation.

To further investigate the effectiveness of our model, we compare
it with 11 joint models as follows. Except for Bi-GRU, SS and E2E,
all the other joint models are equipped with CRF.

• CRF [23] is based on the traditional machine learning method
CRF and utilizes handcrafted sentiment features.

• NN-{Neural,Integrate} [43] feed pre-trained word embed-
dings into neural networks. NN-Integrate additionally takes the
handcrafted sentiment features into consideration.

• Bi-GRU applies a vanilla Bi-GRU network to represent a sen-
tence and directly use a fully-connected layer to label the sequence.

• Bi-GRU+CRF is employed to learn the representation for
sentences and introduces a CRF model to consider the influence of
label dependencies.

• MBi-GRU [20] produces word representations by a multi-
layer Bi-GRU structure instead of a single Bi-GRU layer to tag a
sentence.

• HBi-GRU [20] uses Bi-GRU to learn character-level features
for each word. Then, character-level features and word embed-
dings are concatenated as inputs for another Bi-GRU to learn final
representations for sentence.

•HMBi-GRU+No-Target [20] is a hierarchical MBi-GRU struc-
ture to combine character and word representations. However, the
sentiment classification module does not leverage information in
the target extraction module.

• HMBi-GRU+Target [20] also uses HMBi-GRU. Tagging in-
formation is concatenated to word representation and treated as
the input of the sentiment tagging layer to exert influence on the
sentiment labeling. This is the current state-of-the-art model (SoA).

• SS [14] introduces a new concept called sentiment scope where
targeted sentiments can be decided with usage of sentiment re-
sources. We do not take the results of target extraction because the
tagging scheme is different from that of previous works and ours.

• E2E [16] is a unified model which leverages handcrafted senti-
ment features and models the transitions from target boundaries to
sentiment polarities with a transition matrix. As the tagging scheme
of E2E contains only the boundary and sentiment information, we
incorporate target category information (e.g. person) into the labels
in order to compare our model with it.

Comparing vanilla CRF model and neural models, we can see
that neural models achieve gains on both datasets, suggesting that
neural networks perform well in this task for the powerful ability
to capture features. Besides, it is noticeable that NN-Integrated
substantially outperforms NN-Neural method. This strongly jus-
tifies the effectiveness of sentiment features and inspires us to
mine sentiment clues automatically by making better use of neural
networks.

From the fact that vanilla Bi-GRU achieves better performance
than NN-Neural, we could infer that the contextual information
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Table 4: The comparison of pipeline, joint baselinemethods and ourmodel. * indicates the results are reproduced by ourselves.
The best results are in bold.

English Spanish
Models Target Extraction Sentiment Classification Target Extraction Sentiment Classification

P(%) R(%) F(%) P(%) R(%) F(%) P(%) R(%) F(%) P(%) R(%) F(%)
CRF-Pipeline∗ 50.58 40.77 45.15 36.67 30.03 33.02 67.56 42.84 52.43 37.13 28.77 32.42
NN-Pipeline∗ 61.61 45.13 52.10 40.16 39.38 39.77 60.52 52.90 56.45 45.35 37.22 40.88
DE-CNN-TNet∗ 58.34 54.71 56.47 39.73 40.21 39.97 66.39 61.47 63.84 45.12 43.45 44.27
CRF∗ 59.55 34.06 43.33 43.09 24.67 31.38 64.17 47.03 54.28 36.92 31.45 33.97
NN-Neural 54.45 42.12 47.17 37.55 28.95 32.45 65.05 47.79 55.07 40.28 29.58 34.09
NN-Integrated 61.47 49.28 54.70 44.62 35.84 39.67 71.32 61.11 65.82 46.67 39.99 43.02
Bi-GRU∗ 58.13 43.46 49.73 45.76 32.29 37.86 65.24 53.02 58.50 46.33 37.50 41.45
Bi-GRU+CRF∗ 59.67 47.19 52.73 40.11 39.47 39.79 61.84 59.61 60.70 43.48 41.36 42.39
MBi-GRU 58.27 49.01 53.24 45.80 35.21 39.81 66.14 60.07 62.95 45.61 40.04 42.64
HBi-GRU 57.24 53.88 55.41 44.94 38.60 41.52 68.24 61.81 64.82 46.53 42.21 44.18
HMBi-GRU+No-Target 61.24 52.44 56.39 45.90 39.21 42.21 66.72 63.57 65.10 45.06 43.31 44.17
HMBi-GRU+Target (SoA) 60.12 53.68 56.98 46.52 39.99 42.87 68.64 63.66 66.01 48.09 43.44 45.61
SS - - - 44.57 36.48 40.11 - - - 46.06 39.89 42.75
E2E∗ 64.86 60.54 62.63 44.83 35.60 39.69 64.01 52.79 57.86 51.08 32.57 39.78
Ours 67.49 64.42 65.92 48.64 46.22 47.40 70.55 67.29 68.88 50.16 45.82 47.89

Table 5: The comparison of our model and ablation tests. The best results are in bold.

English Spanish
Models Target Extraction Sentiment Classification Target Extraction Sentiment Classification

P(%) R(%) F(%) P(%) R(%) F(%) P(%) R(%) F(%) P(%) R(%) F(%)
Ours 67.49 64.42 65.92 48.64 46.22 47.40 70.55 67.29 68.88 50.16 45.82 47.89
w/o Fine-grained 45.88 47.74 46.80 37.31 32.52 34.75 57.98 56.89 57.43 42.15 37.73 39.82
w/o Coarse-grained + Interaction 57.12 53.24 55.11 44.58 39.01 41.61 67.45 62.31 64.78 45.69 41.77 43.64
w/o Interaction 62.33 57.14 59.62 46.21 41.16 43.54 64.58 62.79 63.67 46.35 42.22 44.19
w/o Interaction Part B 65.01 62.50 63.73 49.47 42.95 45.98 66.19 66.49 66.34 45.80 44.50 45.14
w/o Interaction Part A 66.75 62.81 64.72 48.90 44.54 46.62 68.78 65.40 67.05 49.10 43.57 46.17

makes a great contribution to the sequence labeling task. The im-
portance of CRF can also be observed from the apparent difference
betweenBi-GRU andBi-GRU+CRF. Inspired by the improvement
of MBi-GRU over a single Bi-GRU layer, we adopt a multi-layer
structure and develop a multi-grained structure based on it. Ad-
ditionally, the improvement of hierarchical network HBi-GRU
and HMBi-GRU overMBi-GRU demonstrates the usefulness of
character-level features. We also find that theHMBi-GRU+Target
model with consideration of the influence of target extraction in-
formation to sentiment classification gives superior performance
compared toHMBi-GRU+No Target. The experimental results in-
dicate that the interaction between target extraction and sentiment
classification is of importance and indispensable. They also remind
us of further considering a more complex interaction mechanism
for this task.

At last, our model substantially outperforms SS and E2E which
depend on gold-annotated sentiment features. This further shows
the robustness and effectiveness of our model.

4.3 Ablation Study
To evaluate the effect of each part in our model, we remove some im-
portant components and compare ours with those ablated versions.

Because our model consists of three main modules: coarse-grained
tagging layer, interactionmechanism and fine-grained tagging layer,
we attempt to remove each module and evaluate the effectiveness
of them.

Our model vs. w/o Fine-grained: After removing the fine-
grained tagging layer, we find the performance drops substantially
on two datasets. It is partly because the coarse-grained and interacted
tagging information is based on the simple binary classification,
which is not related to specific label types. Moreover, the contextual
representations obtained from coarse-grained tagging layer are not
so informative as the deep representations in fine-grained tagging
layer.

Our model vs. w/o Coarse-grained + Interaction: Since the
interaction mechanism relies on the results of the coarse-grained
tagging layer, we remove both of them simultaneously in the abla-
tion study. Without consideration of coarse-grained tagging layer
and interaction mechanism, it performs worse than our proposed
model. This ablated model is similar to HBi-GRU structure. For
this task, the interplay between target and sentiment tagging parts
is of great importance. In our proposed multi-grained structure, the
coarse-grained tagging layer and interaction mechanism play an
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Table 6: The comparison of our model and the versions without the specific loss functions. The best results are in bold.

English Spanish
Models Target Extraction Sentiment Classification Target Extraction Sentiment Classification

P(%) R(%) F(%) P(%) R(%) F(%) P(%) R(%) F(%) P(%) R(%) F(%)
Ours 67.49 64.42 65.92 48.64 46.22 47.40 70.55 67.29 68.88 50.16 45.82 47.89
w/o OL 70.09 58.95 64.04 47.04 46.46 46.75 70.01 65.33 67.59 46.41 46.85 46.63
w/o BRL 67.49 62.11 64.69 46.09 47.59 46.83 69.30 66.73 67.99 46.15 47.63 46.88
w/o OL + BRL 66.81 61.44 64.01 45.41 46.92 46.15 68.80 66.24 67.49 46.43 46.65 46.54

attention
score

sentiment
clue

Omg ... new song to Rihanna is very ...cool

Figure 3: Each word’s attention score when correlated with
“Rihanna” and probability of being a sentiment clue.

important role in building a connection between target and senti-
ment tagging parts, with the help of word dependencies captured
by attention mechanism and the detection of sentiment clues. De-
spite the coarse-grained tagging layer and interaction mechanism
alone do not give great results, the interacted tagging information
produced by them contains interaction information between two
parts which fine-grained layer alone does not have. Thus it becomes
a great supplement for better performance.

Our model vs. w/o Interaction:We also conduct experiments
to investigate the availability of the interaction mechanism. First,
we remove the interaction mechanism to evaluate the effectiveness
of coarse-grained and fine-grained layers. We can observe that the
performance declines without interaction mechanism. Moreover,
compared with w/o Coarse-grained + Interaction, the perfor-
mance is much better, suggesting that the coarse-grained layer
is crucial to the task, and the integration of coarse-grained and
fine-grained layers is robust enough for good performance as well.

Our model vs. w/o Interaction Part A or Part B: As shown
in Figure 2, the interaction mechanism can be separated into two
parts. Part A mainly focuses on transferring sentiment clue infor-
mation to target tagging information; Part B aims at fusing target
tagging information with sentiment tagging information. From
the experimental results, the performance downgrades with the
removal of Part B, with a drop of F1 score 2.19%, 1.42% on English
dataset and 2.54% and 2.75% on Spanish dataset. Because the bound-
ary information of target and sentiment tagging results need to be
consistent and the previously obtained sentiment tagging informa-
tion does not contain such information, it is necessary to design
a gate to convey boundary information from target tagging part
to sentiment tagging part. Additionally, our model substantially
outperforms the model without Part A of the interaction mecha-
nism. The performance gap results from the sentiment-aware target
tagging information (SAT) described in Section 3.3. Based on the
detected sentiment clues and the observation that the words mod-
ified by sentiment clues are more likely to be inferred as targets,

SAT is another kind of target tagging information in the view of
sentiment classification and it is proven to be effective according
to the results.

We choose an example to further explain the role of SAT. The at-
tention scores which evaluate the correlation with the target word
“Rihanna” and each word’s corresponding probability of being a
sentiment clue are shown in Figure 3. We notice that the attention
mechanism pays more attention to the words “very” and “cool” and
the two words have a high probability of being sentiment clues.
Therefore, according to the calculation of Eq. 8, SAT is capable of
giving an accurate target tagging result. It also justifies the effective-
ness of the sentiment clues and attention mechanism, which can
correctly capture the relationship between targets and sentiment
clues.

4.4 Effect of Specific Loss Functions
In this part, we explore the effect of the two specific loss functions
proposed in Section 3.4, the overlapping loss function (OL) and the
boundary restriction loss function (BRL). Also, by tuning hyperpa-
rameters β and γ which control the influence of them, we intend
to investigate whether the two loss functions have positive effect.

First, we set β and γ to 0, respectively. As shown in Table 6,
the performance declines when either is moved in the overall loss.
Moreover, by removing both of the loss functions, the performance
is even worse than just removing one of the loss functions. It further
proves the necessity of the two functions.

Then, we attempt to investigate the influence of β and γ to see if
they are capable of distinguishing the roles of target and sentiment
clue, and keeping the boundary information consistent with each
other. We conduct experiments with γ fixed to 0.7, vary β from
0 to 2 with a step of 0.2, and find that the performance is always
better than all the baseline methods, suggesting that our approach
is effective and stable.1 Figure 4(a) shows a rising trend before β
reaches 1 and a downtrend after it.

To be convincing, we choose one sentence and see the value of
each word’s probability of belonging to a target and being a senti-
ment clue. The probability of belonging to a target is obtained from
the first dimension of coarse-grained target tagging information
zT . In the first case, as visualized in Figure 5, we notice that when
β=0, both probability distributions are uniform and cannot clearly
show which word is more likely to be counted as a certain category.
Though the model can increase the gap between two kinds of prob-
abilities and locate the targets and sentiment clues more accurately
when β=2, the probability value is relatively low, probably because
1The hyper-parameters are tuned on the development set, while we show the results
of cross-validation in this figure.
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(a) Effect of β . (b) Effect of γ .

Figure 4: Influence of adjusting the hyper-parameters. “en” and “es” indicate English and Spanish datasets.

β=0
Feeling very sad bcz of Steve Jobs s death

β=2

target

sentiment
clue

Feeling very sad bcz of Steve Jobs s death

β=1
Feeling very sad bcz of Steve Jobs s death

target

sentiment
clue

target

sentiment
clue

Figure 5: Case study of the influence of β . The deeper the
blue is, the bigger the probabilities are.

the larger β tends to shrink the probability value to achieve a lower
loss. The lower value may negligibly affect the labeling process and
even introduce noise into the model. The sentence “Cmon Erra!
You know you are strong. So please stay strong!” shows that this prob-
lemmay lead to a wrong result. When β=2, although compared with
the other words in the second case, “Erra” ’s probability of belong-
ing to a target is relatively big, the absolute value is small so that
“Erra” is wrongly recognized as a non-target word. When β=1, the
tagging results are more evident, especially for sentiment tagging,
which is relatively hard since we do not use any gold-annotated
sentiment clues, unlike SS and E2E. Though without supervision,
our model precisely locates the sentiment clues such as “feeling
very sad”, and also shows great performance of determining the
approximate range of targets.

Similarly, to explore the influence of γ , we fix β to 1, and vary γ
from 0 to 1 with a step of 0.1. According to Figure 4(b), we observe
that our model still outperforms all the baseline methods. It proves

OneBode Blend obtains a complete blend of antioxidants including grape seed, 

grape skin, pine bark and SOD precursors.

γ=0

γ=0.7

OneBode Blend obtains a complete blend of antioxidants including grape seed, 

grape skin, pine bark and SOD precursors.

Target range Sentiment range

Figure 6: Case study of the influence from γ .

the robustness of our model across different values of γ . The best
performance among the experiments is achieved when γ=0.7, and
when γ=0, the model performs the worst, indicating the BRL is ben-
eficial for our model. We also pick up an example and demonstrate
the results in Figure 6. When setting γ=0, we find that the boundary
information of two types of tagging results is not the same while
it becomes consistent when γ equals 0.7. This further justifies the
boundary restriction ability of BRL.

5 CONCLUSION
We propose a novel interactive multi-grained model to jointly ex-
tract targets and predict sentiment. Compared to previous works,
our model builds deep interaction between targets and sentiment
clues by attention and gate mechanisms. Besides, our model takes
advantage of multi-layer structure and combines the information
from multi-grained tagging information to take an overall consider-
ation. Additionally, we design two specific loss functions to finely
tune the labeling results. Experimental results show that our model
substantially outperforms previous methods.
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