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Dear editor,

Aspect term extraction (ATE) is a sub-task of aspect-based

sentiment analysis, which aims to extract opinionated as-

pect terms from user reviews. For example, in a laptop

domain review: “Boot time is super fast”, boot time is an

aspect, and the sentiment towards it is positive, which can

be inferred from super fast.

Existing approaches to solving the ATE task could be

categorized as unsupervised, weakly supervised, and super-

vised. Research on supervised methods usually treats the

task as a token-level sequence labeling problem and focuses

on extracting features. Recently, automated feature learn-

ing by deep neural networks is preferred because it is diffi-

cult to obtain useful features manually [1–3]. Most models,

however, only use the representations of the last layer as

features for prediction. Peters et al. [4] showed that the rep-

resentations vary with network depth in neural networks:

the morphological information is encoded at the word em-

bedding layer; the local syntax is captured at lower layers;

the longer-range semantics are encoded at the upper layers.

Thus, a traditional multi-layer neural model could lose the

low-level features, while a single-layer neural model cannot

obtain the high-level features.

Inspired by [5], we propose a densely-connected multi-

layer neural network model for ATE that can combine the

features from each layer. Specifically, the model contains

three components (1) The double embedding mechanism

combines general embeddings and domain embeddings to

improve the quality of embeddings; (2) The multi-layer BiL-

STM networks process the inputs in forward and backward

directions to generate the token-level representations by

recording the sequential information; (3) The self-attention

mechanism conducts direct connections between two words

in a sentence and provides a more flexible way to repre-

sent the context dependency features to complement BiL-

STMs. Last, we concatenate the representations learned by

all preceding layers as the final features for extracting aspect

terms.

Methodology. Given a review sentence comprising of a

sequence of tokens by s = {w1, w2, . . . , wT }, where T is the

number of tokens, we aim to predict an aspect label sequence

y = {y1, y2, . . . , yT } for s. Each token wt is classified as yt
that comes from a finite label set Y = {B, I,O}. B, I, and

O represent the beginning of an aspect term, the inside of

an aspect term, and non-aspect words, respectively. The

specific steps of the model are described as follows.

Step 1. Double embedding mechanism. Each token wt

in the review sentence gets its two corresponding contin-

uous representations based on two pre-trained embedding

matrices. One is a general embedding xg
t , and the other

is a domain-specific embedding xd
t . The scope of the do-

main embeddings coincides with the domain to which the

datasets belong. Because the domain and global embeddings

are trained with different datasets individually, their em-

bedding spaces differ. To preserve their context features for

label prediction, we build the initial token-level contextual-

ized representations with the global and domain embeddings

based on BiLSTMs [6], respectively. Let LSTMS denote an

LSTM unit, S ∈ {G,D} is the task indicator, and G and D

are the notations for global and domain tasks, respectively.

Below is the calculation process.

−→
hS
t = LSTMS(

−−→
hS
t−1, x

S
t ), (1)

←−
hS
t = LSTMS(

←−−
hS
t+1, x

S
t ), (2)

hS
t = [

←−
hS
t :
−→
hS
t ], (3)

where for 1 6 t 6 T , xS
t is the word embedding of wt in S

task, and hS
t is the hidden state at time-step t. Then, hG

t

and hD
t are concatenated by

h1
t = [hG

t : hD
t ], (4)

where h1
t denotes the representation of the tth word in the

first BiLSTM layer, and “:” indicates the concatenation op-

eration.
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Step 2. Multi-layer BiLSTM network. Because the fea-

ture representations vary with network depth in a deep neu-

ral network [4], we employ multi-layer BiLSTM to learn

multi-level features. The hidden state of an LSTM unit

in layer l − 1 is used as input for the LSTM unit in layer l

in the same position. The input of the second layer is the

output of the double embeddings module. The hidden state

of the l-layer BiLSTM at t position hl
t is calculated as

−→
hl
t = LSTM(

−−→
hl
t−1, h

l−1
t ), (5)

←−
hl
t = LSTM(

←−−
hl
t+1, h

l−1
t ), (6)

hl
t = [

←−
hl
t :
−→
hl
t], (7)

where 2 6 l 6 L and L is the total BiLSTM layers. The

model uses multiple BiLSTMs with different parameters.

Step 3. Self-attention mechanism. While BiLSTM

can capture context dependencies with sequential architec-

ture, it is not good at remembering long-term dependen-

cies because of vanishing gradient problems. We use a self-

attention mechanism to capture the context dependency in-

formation between two tokens within a sentence, regard-

less of their distance. As per the need of the densely-

connected network, we first obtain the matrix of input vec-

tors V ∈ R
T×d by concatenating the outputs of all preceding

layers in order, including the global embeddings, the domain

embeddings, and the hidden states of all BiLSTM networks,

where d is the dimension of the concatenated vectors. Fol-

lowing [7], we split the channels equally as per the number

of heads denoted by m. These parallel heads are employed

to focus on a different part of the channels of the value vec-

tors. We denote the input vectors of the ith head vectors

by Vi ∈ R
T×d/m and control the attention calculation by

m. The scaled dot-product attention is then used on the

following equation:

pi = softmax

[

ViV
⊤
i

√

d/m

]

, (8)

Oi = p⊤i (Vi), (9)

where pi is a normalized weight matrix. Finally, the outputs

Oi ∈ R
T×d/m(1 6 i 6 m) produced by parallel heads are

concatenated together. Again, a linear layer is used to mix

different channels from different heads, written as

O = Concat(O1, . . . , Om), (10)

A = OWsa, (11)

where Wsa ∈ R
d×dattn is a parameter matrix for mapping

O to the output matrix A = {a1, . . . , aT }, which forms a

sequence of self-attentive token encoding. dattn is the di-

mension of the self-attention output vector for each token.

Step 4. Dense connectivity. Our model employs a densely

connected mechanism to generate the prediction vector ft,

which represents the feature by concatenating all other lay-

ers representations at position t. The formula is given by

ft = [xG
t : xD

t : h1
t : · · · : ht

n : at], (12)

where xG
t and xD

t are the global and domain embeddings of

wt, respectively, h∗
t denotes the hidden states of all BiLSTM

layers at position t, and at is the tth output vector of the

self-attention layer. The model outputs a final prediction

for the token wt writen as

P (yt|wt) = Softmax(Wft + b), (13)

where W and b are weight and bias of the outermost full

connected layer, respectively.

Experimental setup. We evaluate the model using two

benchmark datasets from the SemEval ABSA challenge: the

restaurant domain datasets from [8] (denoted by 16-R) and

the laptop domain datasets from [9] (denoted by 14-L). We

use a pre-trained embedding1) for the general-purpose em-

beddings. For domain-specific embeddings, we use embed-

dings trained by [3]. The out-of-vocabulary word embed-

dings are calculated by fastText2) . The number of BiLSTM

layers L is 3. The dimensions of hG
t , hD

t , h2
t and h3

t are

set to 100, 100, 200, and 200, respectively. dattn is set to

400. The model is trained with stochastic gradient descent

(SGD) with a learning rate of 0.07. We also employ dropout

on the word embeddings and the ultimate features with a

dropout rate of 0.5. All other parameters are trainable.

Results and discussion. Table 1 shows the comparison

results. The results of CMLA, THA STN and DE CNN are copied

from [1–3] as our comparative methods. We implement

the models in the second group. BiLSTMs G and BiLSTMs D

directly predict labels based on the output of multi-layer

Bi-LSTMs. OURS w/o DE connects all layers except the em-

bedding layer to the prediction layer. OURS w/o SA removes

the self-attention component from the proposed model.

OURS w/o DE/SA only connects the outputs of each BiLSTM

layer for prediction.

Table 1 Experimental results (F1-score (%))

Model 14-L 16-R

CMLA [1] 77.80 72.77

THA STN [2] 79.52 73.61

DE CNN [3] 81.59 74.37

BiLSTMs G 81.1 75.87

BiLSTMs D 78.74 77.31

OURS w/o DE 79.78 76.01

OURS w/o SA 81.34 78.18

OURS w/o DE/SA 80.44 77.4

OURS 81.60 77.81

The proposed model performs the best. We highlight our

main findings. (1) Compared with BiLSTMs G and BiLSTMs D,

OURS improves performance because they only leverage in-

formation from the last layer of deep neural networks and

could result in the loss of some features from the lower layers.

(2) Compared with the state-of-the-art models, this model

exhibits various performances on the two datasets. From

the results of BiLSTMs G and BiLSTMs D, we can see that the

restaurant domain embeddings achieve much better perfor-

mances than the laptop domain embeddings. Thus, we sus-

pect the improvement by incorporating the laptop-domain

embeddings is limited. (3) Word embeddings contain mor-

phological information, so adding the embedded vectors to

the prediction feature helps to extract aspect terms. OURS

performs better than OURS w/o DE, and OURS w/o SA per-

forms better than OURS w/o DE/SA. (4) The effectiveness of

1) https://nlp.stanford.edu/projects/Glove/.

2) https://github.com/facebookresearch/fastText.
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the self-attention component is closely related to word em-

beddings. The self-attention component seems useless for

16-R. We suspect that the self-attention mechanism is more

useful for the GloVe embedding-based models. Because the

domain embeddings could play an important role in the pre-

diction on the 16-R, the self-attention features are less ben-

eficial.

Conclusion. We present a densely-connected neural net-

work for the aspect term extraction task. It enables pre-

serving feature information from the bottommost layer to

the uppermost layer in deep neural networks. The exper-

iment results on two standard benchmark ABSA datasets

indicate that our model improves ATE performances and

leads to new advanced results.
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