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Abstract

Recent work has shown that Aspect-Term
Sentiment Analysis (ATSA) can be ef-
fectively performed by Gradual Machine
Learning (GML). However, the perfor-
mance of the current unsupervised solu-
tion is limited by inaccurate and insuffi-
cient knowledge conveyance. In this paper,
we propose a supervised GML approach for
ATSA, which can effectively exploit labeled
training data to improve knowledge con-
veyance. It leverages binary polarity rela-
tions between instances, which can be ei-
ther similar or opposite, to enable super-
vised knowledge conveyance. Besides the
explicit polarity relations indicated by dis-
course structures, it also separately super-
vises a polarity classification DNN and a
binary siamese network to extract implicit
polarity relations. The proposed approach
fulfills knowledge conveyance by modeling
detected relations as binary features in a fac-
tor graph. Our extensive experiments on
real benchmark data show that it achieves
the state-of-the-art performance across all
the test workloads. Our work demonstrates
clearly that, in collaboration with DNN for
feature extraction, GML outperforms pure
DNN solutions.

1 Introduction

Aspect-Term Sentiment Analysis (ATSA) is
a classical fine-grained sentiment classification
task (Pontiki et al., 2015, 2016). Aiming to ana-
lyze detailed opinions towards certain aspects of
an entity, it has attracted extensive research inter-
ests. In ATSA, an aspect-term, also called target,
has to explicitly appear in a review. For instance,
consider the running example shown in Table 1, in
which r; and s;; denote the review and sentence
identifiers respectively. In r1, ATSA needs to pre-
dict the expressed sentiment polarity, positive or
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negative, toward the explicit targets of space and
food.

The state-of-the-art solutions of ATSA have
been built upon pre-trained language models, such
as LCF-BERT (Zeng et al., 2019), BAT (Karimi
et al., 2020a), PH-SUM (Karimi et al., 2020b) and
RoBERTa+MLP (Dai et al., 2021) to name a few.
It is noteworthy that the efficacy of these deep so-
lutions depends on the i.i.d (Independent and Iden-
tically Distributed) assumption. However, in real
scenarios, there may not be sufficient labeled train-
ing data; even if provided with sufficient training
data, the distributions of training data and target
data are almost certainly different to some extent.

To alleviate the limitation of the i.i.d assump-
tion, a solution based on the non-i.i.d paradigm
of Gradual Machine Learning (GML) has recently
been proposed for ATSA (Wang et al., 2021).
GML begins with some easy instances, which can
be automatically labeled by the machine with high
accuracy, and then gradually labels more challeng-
ing instances by iterative knowledge conveyance
in a factor graph. Without exploiting labeled train-
ing data, the current unsupervised solution relies
on sentiment lexicons and explicit polarity rela-
tions indicated by discourse structures to enable
knowledge conveyance. An improved GML solu-
tion leverages unsupervised DNN to extract sen-
timent features beyond lexicons (Ahmed et al.,
2021). It has been empirically shown that even
without leveraging any labeled training data, un-
supervised GML can achieve competitive perfor-
mance compared with many supervised deep mod-
els. However, unsupervised sentiment features are
usually incomplete and noisy. Meanwhile, even
though explicit polarity relations are accurate, they
are usually very sparse in real natural language
corpus. Therefore, the performance of gradual
learning is still limited by inaccurate and insuffi-
cient knowledge conveyance.

Therefore, there is a need to investigate how to



Table 1: A running example in the domain of restau-
rant.

Text
Space was limited, but the food
made up for it.
$91 The food is sinful.
s92 | The staff was really friendly.
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leverage labeled training data to improve gradual
learning. In this paper, we propose a supervised
solution based on GML for ATSA. As pointed
out by Wang et al. (2021), linguistic hints can be
very helpful for polarity reasoning. For instance,
as shown in Table 1, the two aspect polarities of
511 can be reasoned to be opposite because their
opinion clauses are connected by the shift word
of “but”, while the absence of any shift word be-
tween so1 and so9 indicates their polarity similar-
ity. Representing the most direct way of knowl-
edge conveyance, such binary polarity relations
can effectively enable gradual learning. Unfortu-
nately, the binary relations indicated by discourse
structures are usually sparse in real natural lan-
guage corpora. Therefore, besides explicit polarity
relations, our proposed approach also separately
supervises a DNN for polarity classification and a
siamese network to extract implicit polarity rela-
tions.

A supervised DNN can usually effectively sep-
arate the instances with different polarities. As
a result, two instances appearing very close in
its embedding space usually have the same po-
larity. Therefore, we leverage a polarity classi-
fier for the detection of polarity similarity between
close neighbors in an embedding space. It can
also be observed that in natural languages, there
are many different types of patterns to associate
opinion words with polarities. However, a polar-
ity classifier may put the instances with the same
polarity but different association patterns in far-
away places in its embedding space. In compari-
son, metric learning can cluster the instances with
the same polarity together while separating those
with different polarities as far as possible (Kaya
and Bilge, 2019); it can thus align different as-
sociation patterns with the same polarity. There-
fore, we also employ a siamese network for metric
learning, which has been shown to perform well
on semantic textual similarity tasks (Reimers and
Gurevych, 2019), to detect complementary polar-

ity relations. A siamese network can detect both
similar and opposite polarity relations between
two arbitrary instances, which may be far away in
an embedding space.

Finally, our proposed approach fulfills knowl-
edge conveyance by modeling polarity relations as
binary features in a factor graph. In our imple-
mentation, we use the state-of-the-art DNN model
for ATSA, RoBERTa+MLP (Dai et al., 2021),
to capture neighborhood-based polarity similarity
while adapting the siamese network (Chopra et al.,
2005), the classical model of deep metric learn-
ing (Kaya and Bilge, 2019), to extract arbitrary
polarity relations. It is worthy to point out that our
work is orthogonal to the research on polarity clas-
sification DNNs and siamese networks in that the
proposed approach can easily accommodate new
polarity classifiers and siamese network models.

The main contributions of this paper can be
summarized as follows:

* We propose a supervised GML approach for
ATSA, which can effectively exploit labeled
training data to improve gradual learning;

* We present the supervised techniques to ex-
tract implicit polarity relations for ATSA,
which can be easily instilled into GML factor
graph to enable supervised knowledge con-
veyance;

* We empirically validate the efficacy of the
proposed approach on real benchmark data.
Our extensive experiments have shown that it
consistently achieves the state-of-the-art per-
formance across all the test datasets.

2 Related Work

Sentiment analysis at different granularity lev-
els, including document, sentence, and aspect lev-
els, has been extensively studied in the litera-
ture (Ravi and Ravi, 2015). At the document
(resp. sentence) level, its goal is to detect the
polarity of the entire document (resp. sentence)
without regard to the mentioned aspects (Zhang
etal., 2015; Johnson and Zhang, 2017; Qian et al.,
2017; Reimers and Gurevych, 2019). The state-of-
the-art solutions for document-level and sentence-
level sentiment analysis have been built upon var-
ious DNN models (Lei et al., 2018; Long et al.,
2017; Letarte et al., 2018). However, they can
not be directly applied to the finer-grained aspect-
level sentiment analysis because a document or



sentence may express different polarities towards
different aspects. The task of aspect-level senti-
ment analysis has been further classified into two
finer subtasks, Aspect-Term Sentiment Analysis
(ATSA) and Aspect-Category Sentiment Analy-
sis (ACSA) (Xue and Li, 2018). ATSA aims to
predict the sentiment polarity associated with an
explicit aspect term appearing in the text while
ACSA deals with both explicit and implicit as-
pects. In this paper, we focus on the far more pop-
ular subtask of ATSA. But, as shown in our exper-
imental evaluation, our proposed approach is also
applicable to ACSA.

Even though early work on deep learning
for ATSA employed non-attention models (Dong
et al., 2014; Tang et al., 2016), more recent pro-
posals leveraged various attention mechanisms
to output aspect-specific sentiment features, such
as Interactive Attention Networks (Ma et al.,
2017), Recurrent Attention Network (Chen et al.,
2017), Content Attention Model (Liu et al., 2018),
Multi-grained Attention Network (Fan et al.,
2018), Segmentation Attention Network (Wang
and Lu, 2018), Attention-over-Attention Neural
Networks (Huang et al., 2018) and Effective At-
tention Modeling (He et al., 2018) to name a
few. Most recently, the focus has experienced a
considerable shift towards how to leverage pre-
trained language models for ATSA, e.g., BERT-
SPC (Song et al., 2019), AEN-BERT (Attentional
Encoder Network) (Song et al., 2019) and LCF-
BERT (Local Context Focus) (Zeng et al., 2019).
Since BERT is trained on Wikipedia articles and
has limited ability to understand review texts, Xu
proposed to first post-train BERT on both domain
knowledge and task knowledge, and then fine-
tune the resulting model of BERT-PT on super-
vised domain data (Xu et al., 2019). Since then,
many models built upon BERT-PT have been pro-
posed (Karimi et al., 2020a,b). Other variants of
BERT for ATSA include Adapted BERT (BERT-
ADA) (Rietzler et al., 2020), Robustly Optimized
BERT (RoBERTa) (Dai et al., 2021) and BERT
with Disentangled Attention (DeBERTa) (Silva
and Marcacini, 2021).

Since syntax structures are helpful for aspects
to find their contextual words, many syntax-
enhanced models have been recently proposed
for ATSA, such as Proximity-Weighted Convolu-
tion Network (PWCN) (Zhang et al., 2019), Re-
lational Graph Attention Network (RGAT) (Bai
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Figure 1: Unsupervised GML Solution for ATSA.

et al.,, 2021) and Graph Convolutional Net-
works (GCN) (Zhao et al., 2020), Depen-
dency Graph Enhanced Dual-Transformer net-
work (DGEDT) (Tang et al., 2020), Type-aware
Graph Convolutional Networks (T-GCN) (Tian
et al., 2021) and Knowledge-aware Gated Recur-
rent Memory Network with Dual Syntax Graph
(KaGRMN-DSG) (Xing and Tsang, 2022). They
focused on how to exploit explicit syntactic infor-
mation provided by dependency-based parse trees.
Other proposals investigated how to induce im-
plicit syntactic information from pre-trained mod-
els (Dai et al., 2021).

The GML paradigm was first proposed for the
task of entity resolution (Hou et al., 2022). Since
then, it has also been applied to the task of
ATSA (Wang et al., 2021; Ahmed et al., 2021).
Without exploiting labeled training data, the per-
formance of unsupervised GML is usually lim-
ited by inaccurate and insufficient knowledge con-
veyance. In this paper, we focus on how to lever-
age labeled examples to improve gradual learning
for ATSA.

3 The GML Framework

In this section, we illustrate the GML framework
by the existing unsupervised GML solution for
ATSA (Wang et al., 2021). Given a corpus of
reviews, R, the goal of ATSA is to predict the
sentiment polarity of each aspect unit in R, t; =
(rj, sk, a;), where r; denotes a review, s;, denotes
a sentence in the review r;, and a; denotes an ex-
plicit aspect appearing in the sentence si. In this
paper, we suppose that an aspect polarity is either
positive or negative.



As shown in Figure 1, the framework consists
of the following three essential steps:

3.1 Easy instance labeling

Gradual machine learning begins with some easy
instances. Therefore, high label accuracy of easy
instances is critical for GML’s ultimate perfor-
mance. The existing unsupervised solution for
ATSA employs simple user-specified rules to iden-
tify non-ambiguous instances as easy ones (Wang
et al., 2021). Specifically, if a sentence contains
some strong positive (resp. negative) sentiment
words, but no negation, contrast and hypotheti-
cal connectives, it can be reliably reasoned to be
positive (resp. negative). It is noteworthy that
since this paper considers ATSA in the supervised
setting, in which some labeled training data are
supposed to be available, these training data with
ground-truth labels can naturally serve as initial
easy instances.

3.2 Feature Extraction and Influence
Modeling

Features serve as the medium to convey the knowl-
edge obtained from labeled easy instances to un-
labeled harder ones. This step extracts the com-
mon features shared by the labeled and unlabeled
instances. To facilitate effective knowledge con-
veyance, it is desirable that a wide variety of fea-
tures are extracted to capture diverse information.
For each extracted feature, this step also needs to
model its influence over the labels of relevant in-
stances.

The existing unsupervised solution for ATSA
presented in Wang et al. (2021) relies on senti-
ment lexicons and explicit polarity relations indi-
cated by discourse structures to enable knowledge
conveyance. Specifically, given a sentiment word,
positive or negative, any sentence containing the
word is supposed to have the same polarity as the
word. Similarly, a similar (resp. opposite) polarity
relation between two instances indicates that they
are expected to have the same (resp. opposite) po-
larities. GML models word and relation features
as unary and binary factors in a factor graph re-
spectively.

3.3 Gradual Inference

This step gradually labels the instances with in-
creasing hardness. Gradual learning is fulfilled
by iterative inference on a factor graph, (G, which
consists of evidence variables representing labeled

Algorithm 1: Scalable Gradual Inference

1 while there exists any unlabeled variable in
G do
V' < all the unlabeled variables in G;
for v € V' do
4 Measure the evidential support of v
L in G
5 Select top-m unlabeled variables with
the most evidential support (denoted
by Vi) ;
6 forv e V,,, do
7 L Approximately rank the entropy of

vin V,,;
8 Select top-k most promising variables
in terms of entropy in V,, (denoted by
Vi)
9 for v € Vi, do
10 Compute the probability of v in G
by factor graph inference over a
subgraph of G;
11 Label the variable with the minimal

entropy in Vj;

instances, inference variables representing unla-
beled instances and factors representing their fea-
tures. The values of evidence variables once la-
beled remain unchanged while the values of infer-
ence variables need to be gradually inferred based
on G.

Formally, suppose that a factor graph, GG, con-
sists of a set of evidence variables, A, a set of in-
ference variables, Vi, and a group of factor func-
tions of variables indicating their correlations, de-
noted by ¢, (V). In the case of ATSA, each vari-
able in the factor graph is a boolean variable indi-
cating the polarity of an aspect unit, the value of
1 for positive and 0 for negative. Then, the joint
probability distribution over V' = {A,V;} of G
can be formulated as

1 m
Po(A, V1) == [ [ 6w, (V2), (1)
Woi=1

where V; denotes a set of variables, w; denotes a
factor weight, m denotes the total number of fac-
tors and Zy denotes the normalization constant.
Factor inference on GG learns factor weights by
minimizing the negative log marginal likelihood



of evidence variables as follows:

W =arg m“i/n —logZPW(A7 Vi). (@)
Vi

In each iteration, GML generally chooses to la-
bel the inference variable with the highest degree
of evidential certainty. Given an inference vari-
able v, GML measures its evidential certainty by
the inverse of entropy as follows

1
~ H(v)

1
— 3
- T B gl ©)

E(v)

in which F(v) and H (v) denote the evidential cer-
tainty and entropy of v respectively, and P;(v) de-
notes the inferred probability of v having the label
of 0 or 1. The iteration is repeatedly invoked until
all the instances are labeled.

To improve efficiency, GML usually imple-
ments gradual inference by a scalable approach
as sketched in Algorithm 1. It consists of three
steps: measurement of evidential support, approx-
imate ranking of entropy and construction of infer-
ence subgraph. It first selects the top-m unlabeled
variables with the most evidential support in GG as
the inference candidates. For each unlabeled in-
stance, GML measures its evidential support from
each feature by the degree of labeling confidence
indicated by labeled observations, and then aggre-
gates them based on the Dempster-Shafer theory .
It then approximates entropy estimation by an ef-
ficient algorithm on the m candidates and selects
only the top-k most promising variables among
them for factor graph inference. Finally, it esti-
mates the probabilities of the finally chosen k vari-
ables by factor graph inference.

4 Supervised GML for ATSA

The overview of the proposed approach, denoted
by S-GML, have been shown in Figure 2. In this
section, we first describe how to extract relational
features, and then present their factor modeling.

4.1 Polarity Relation Extraction

As mentioned in the introduction, there exist some
discourse relations between clauses or sentences
that can provide helpful hints for polarity reason-
ing. Specifically, if two sentences are connected
with a shift word (e.g., “but” and “however”), they
usually have opposite polarities. In contrast, two

'https://en.wikipedia.org/wiki/Dempster-Shafer_theory

neighboring sentences without any shift word be-
tween them usually have similar polarities. S-
GML uses the same rules as presented in Wang
et al. (2021) to extract the explicit relations indi-
cated by discourse structures. Therefore, we focus
on how to extract implicit polarity relations in the
rest of this subsection.

4.1.1 By Polarity Classification DNN

Since a supervised DNN can effectively sepa-
rate the instances with different polarities, two
instances appearing very close in its embedding
space usually have the same polarity. Therefore,
we supervise a DNN to automatically generate
polarity-sensitive vector representations, and then
exploit them for polarity similarity detection based
on the nearest neighborhood.

As shown in Figure 2(b), we extract k,,-nearest
neighbors of each unlabeled instance from both la-
beled training data and unlabeled test data, where
vector distance is measured by cosine distance. To
ensure that only very close instances in the embed-
ding space are considered to be similar, we also
set a high threshold (e.g., 0.05 in our implemen-
tation) to filter out unreliable pairs. Our experi-
ments have demonstrated that the performance of
supervised GML is robust w.r.t the value of k,, pro-
vided that it is set within a reasonable range (be-
tween 5 and 9). In the implementation, we use
RoBERTa+MLP (Dai et al., 2021), the-state-of-art
deep model for ATSA, to learn polarity-sensitive
vector representations. However, other deep mod-
els for ATSA can also be applied.

4.1.2 By Siamese Network

A polarity classifier may put the instances with
the same polarity but different opinion associa-
tion patterns in far-away places in its embedding
space. To extract complementary polarity rela-
tions, we also employ metric learning, which can
cluster the instances with the same polarity to-
gether while separating those with different polari-
ties as far as possible, to align different association
patterns with the same polarity. Metric learning
can detect both similar and opposite polarity rela-
tions between two arbitrary instances, which may
be far away in an embedding space. In our imple-
mentation, we use the siamese network, which has
been shown to perform well on semantic textual
similarity tasks (Reimers and Gurevych, 2019), to
detect polarity relations between two arbitrary in-
stances.
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Figure 2: The overview of S-GML.: 1) it extracts three types of polarity relations; 2) it models the extracted relations

as binary factors to enable gradual learning.

The structure of the siamese network has been
shown in Figure 2(c). Given two instances, t; =
(r1,s1,a1) and to = (ro,se,aq), it first gener-
ates their vector representations by feeding the se-
quence of “[CLS] + aspect + [SEP] + text + [SEP]”
into the BERT model, then computes their mutual
information by multiplication, and finally uses a
linear layer to predict their polarity relation, O for
opposite and 1 for similar. The whole process can
be represented by

v = BERT(t), 4)
vy = BERT (), (5)
pr = softmax([vy © vo] x W), (6)

where d,,, denotes the dimension of the BERT
model, vi,v9 € R4 denote the pooled vector
representations, W € R%*2 denotes the weights
of the linear layer, ® denotes the element-wise
multiplication, and p, € R**? denotes the output
of the siamese network, p, = [d,1 — d], where d
denotes the predicted dissimilarity probability ob-
tained from the softmax layer.
The training of siamese network aims to mini-
mize the binary entropy loss defined as
L=—ylogg—(1—y)log(l-9), ()
where ¢ denotes the prediction output of two in-
stances having the same polarity, and y denotes
the ground-truth label indicating whether they are
similar or opposite. Since the Siamese network
is supposed to predict binary labels, 0 or 1, as
usual, we set the threshold at 0.5. Certainly, its
predictions are noisy, containing some false posi-

tives and false negatives. However, gradual learn-
ing does not require all the predicted relations to
be correct; instead, as shown in the illustrative ex-
amples presented in Figure 3 of Section 5.2, a set
of noisy relations can correctly predict the label
of a target instance provided that the majority of
them are correct.

For the training of the siamese network, S-GML
randomly selects a fixed number of binary re-
lations (e.g., 80 in our implementation), half of
which are similar ones and the other half are op-
posite ones. In the prediction phase, for each unla-
beled instance, S-GML randomly selects ks from
both labeled and unlabeled instances to extract its
binary relations. Since polarity relation detection
between two arbitrary instances is generally more
challenging than polarity similarity detection be-
tween close neighbors in an embedding space, the
number of relations constructed based on siamese
network per instance, denoted by kg, is suggested
to be set to be not greater than the number of its
extracted nearest neighbors, namely ks <= k.
Our experiments have demonstrated that the per-
formance of supervised GML is robust w.r.t the
values of k, and kg provided that they are set to
be within a reasonable range (between 3 and 9). It
is noteworthy that the total number of relations ex-
tracted by the siamese network can be represented
by O(m X k), in which m denotes the number of
unlabeled instances in a target workload. Due to
the limited value of kg, relation extraction by the
siamese network can be executed very efficiently.



4.2 Factor Modeling of Polarity Relations

An example of GML factor graph for ATSA has
been shown in Figure 2(d). S-GML models po-
larity relations as binary factors to enable gradual
knowledge conveyance from labeled instances to
unlabeled ones.

Formally, the constructed factor graph G de-
fines a joint probability distribution over its vari-
ables V by

Py(V=v)=— H ¢ (vi,vj), (8)

where v; denotes a boolean variable indicating the
polarity of an aspect unit, F' = F. U Fj, U F de-
notes the set of all binary factors corresponding to
context-based, knn-based and siamese-based rela-
tional features respectively, and the binary factor
¢ ¢(vi, v;) is formulated as

evs

gbf(vi,vj) - { . if vi = vy; 9

otherwise;

where v; and v; denote the two variables sharing
the binary feature f, and w; denotes the weight of
f. It is noteworthy that a factor function, which
aims to measure the correlation between vari-
ables, is usually defined as an exponential func-
tion (Kschischang et al., 2001). It should take non-
negative values, and have larger values if its corre-
lated variables take desired values. Therefore, in
Eq. 9, the weight of a similar factor is positive, or
wy > 0, while the weight of an opposite factor is
negative, or wy < 0. It can be observed that such
way of encoding would force two variables shar-
ing a similar factor to hold the same polarity, while
forcing two variables sharing an opposite factor to
hold the opposite polarities.

In S-GML, we have five types of relational
factors, two modeling explicit relations (similar
and opposite), one modeling implicit relations de-
tected by polarity classifier (only similar) and
the remaining two modeling implicit relations de-
tected by siamese network (similar and opposite).
The factors of the same type are supposed to
have the same weight. In our implementation,
the weights of similar factors are initially set to
2 while the weights of opposite factors are set to
-2. However, all the five factor weights have to
be continuously learned in the process of gradual
inference.

S Empirical Evaluation

In this section, we empirically evaluate the per-
formance of the proposed approach, denoted by
S-GML, on real benchmark data. We compare S-
GML with the existing GML solution as well as
the state-of-the-art DNN models. Even though the
focus of this paper is on ATSA, the proposed ap-
proach can also be applied to the task of aspect-
category sentiment analysis (ACSA). Therefore,
we also compare S-GML with its alternatives on
ACSA.

The rest of this section is organized as follows:
Section 5.1 describes the experimental setup. Sec-
tion 5.2 presents the evaluation results on ATSA.
Section 5.3 presents the evaluation results of pa-
rameter sensitivity. Section 5.4 presents the evalu-
ation results on ACSA.

5.1 Experimental Setup

We have used benchmark datasets in three do-
mains (restaurant, laptop and neighborhoods)
from the SemEval-2014 Task 42, SemEval-2015
Task 123, SemEval-2016 Task 5* and SentiHood>.
This paper considers both ATSA and ACSA as
binary classification tasks. Note that we use the
annotated labels provided by Wang et al. (2021)
when aspect terms are not specified in ATSA. In
all the datasets, we ignore neutral instances and
label aspect polarities as positive or negative.

For performance evaluation, as usual, we ran-
domly split the default training data of each bench-
mark dataset into two parts by the ratio of 8 : 2,
which specifies the proportions of training and val-
idation data respectively. Since we run each ap-
proach multiple times, we leverage validation data
to pick the best model in each run. On Sentihood,
we use the default partition of training and valida-
tion data. We use the classical metrics of Accu-
racy and Macro-F1 to measure performance, and
conduct pairwise t-test on both metrics to verify
whether the achieved improvements are statisti-
cally significant.

Compared Approaches. For ATSA, the com-
pared GML solutions include:

* Unsupervised Lexicon-based GML (Wang
et al., 2021). The first unsupervised solution

*https://alt.qcri.org/semeval2014/task4
3https://alt.qeri.org/semeval2015/task 12
“https://alt.qcri.org/semeval2016/task5/
>https://github.com/HSLCY/ABSA-BERT-
pair/tree/master/data/sentihood



relies on sentiment lexicons and explicit po-
larity relations indicated by discourse struc-
tures for knowledge conveyance.

¢ Unsupervised DNN-based GML (Ahmed
et al., 2021). As an improvement of lexicon-
based GML, it leverages an unsupervised
attention-based neural network to automati-
cally extract sentimental features for knowl-
edge conveyance.

* Hybrid GML (Ahmed et al., 2021). Built
upon the unsupervised DNN-based GML, it
leverages labeled training data in a naive
way by simply integrating the outputs of su-
pervised DNN as unary factors into a fac-
tor graph to give a hybrid prediction. It
is noteworthy that for fair comparison, the
hybrid approach uses the same labeled data
as S-GML to train DNN models. The
original solution used the DNN model of
PH-SUM. Since RoBERTa+MLP has been
empirically shown to outperform PH-SUM,
we implement the hybrid solution with
RoBERTa+MLP as its DNN model in this pa-
per.

Since the deep models for ATSA based on the
pre-trained language models have been empiri-
cally shown to outperform their earlier alterna-
tives, we compare S-GML with these state-of-the-
art models, which include:

¢ BERT-SPC (Song et al., 2019). It feeds the
sequences of “[CLS] + context + [SEP] + tar-
get + [SEP]” into the basic BERT model for
sentence pair classification.

* AEN-BERT (Song et al., 2019). It uses
an Attentional Encoder Network (AEN) to
model the correlation between context and
target.

¢ LCF-BERT (Zeng et al., 2019). It uses a Lo-
cal Context Focus (LCF) mechanism based
on Multi-head Self-Attention (MHSA) to pay
more attention to local context words.

* BERT-PT (Xu et al., 2019). It uses post-
trained BERT on task-aware knowledge to
enhance BERT fine-tuning.

e BAT (Karimi et al., 2020a). It uses adver-
sarial training to fine-tune BERT for ATSA.

¢« PH-SUM (Karimi et al., 2020b). It uses two
simple modules named Parallel Aggregation
and Hierarchical Aggregation on the top of
BERT for ATSA.

¢ RGAT (Bai et al., 2021). It uses a novel re-
lational graph attention network to integrate
typed syntactic dependency information for
ATSA.

* RoBERTa+MLP (Dai et al., 2021). It uses
RoBERTa to generate context-based word
embeddings of explicit aspect terms, and then
leverages an MLP layer for polarity output.

Implementation Details. We have implemented
S-GML based on the open-sourced GML solu-
tion for ATSA (Wang et al, 2021). To ex-
tract neighborhood-based polarity similarity re-
lations, we use the model of RoBERTa+MLP,
whose performance has been empirically shown
to be state of the art. In the implementation of
RoBERTa+MLP, we use the split set of default
training data and the default parameter settings as
presented in Dai et al. (2021). Specifically, the size
of hidden layer is set at 768, batch size at 32, learn-
ing rate at 2e — 5, dropout at 0.5 and the number of
epoches at 40. In the implementation of siamese
network, we use the post-trained BERT (Xu et al.,
2019), which was trained using an uncased version
of BERT-base on the domains of restaurant and
laptop. To generate training data for the siamese
network, for each labeled instance in the training
set, we randomly select totally 80 polarity rela-
tions, 40 of which are similar while the remaining
40 are opposite. With regard to siamese network,
we set the size of hidden layer at 768, the maxi-
mum length of inputs at 80, learning rate at 3e — 5
and batch size at 32.

In the default setting of S-GML, we select
top-5 nearest neighbors from labeled training
data and unlabeled test data for each unlabeled
instance based on the learned embedding of
RoBERTa+MLP (or k,=5 in Subsection 4.1.1),
and randomly select 3 instances from both labeled
training data and unlabeled test data to extract po-
larity relations based on the siamese network (or
ks=3 in Subsection 4.1.2). Our sensitivity evalu-
ation results presented in Subsection 5.3 demon-
strate that the performance of S-GML is very ro-
bust w.r.t the parameters of k,, and ks provided
that their values are set to be within a reasonable



Table 2: Comparative Evaluation Results on ATSA: 1) RES and LAP stand for Restaurant and Laptop domains

respectively; 2) the best accuracies are highlighted in bold; 3) the marker t indicates p-value < 0.05.

Model RES14 RES15 RES16

Acc Macro-F1 | Acc Macro-F1 | Acc Macro-F1
BERT-SPC 93.61% 90.47% 85.80% 83.75% 92.06% 87.60%
AEN-BERT 91.77% 88.17% 87.52% 85.88% 91.22% 87.11%
LCF-BERT 93.94% 90.87% 85.99% 84.23% 91.89% 87.05%
BERT-PT 95.50% 93.24% 88.52% 87.37% 93.62% 90.27%
BAT 95.45% 93.12% 89.17% 87.86% 94.76% 91.67%
PH-SUM 95.87% 93.69% 89.44% 88.21% 94.56% 91.49%
RGAT 95.45% 92.89% 85.70% 83.60% 92.53% 88.90%
RoBERTa+MLP 95.74% 93.53% 89.51% 88.04% 94.37% 91.05%
Unsupervised Lexicon-based GML 83.83% 79.34% 80.22% 78.94% 85.64% 80.33%
Unsupervised DNN-based GML 87.05% 82.93% 81.19% 79.92% 86.31% 81.15%
Hybrid GML(RoBERTa+MLP) 95.92% 93.86% 89.70% 88.29% 94.88% 91.64%
S-GML 96.90 % 95.33% 90.83 % 89.70 % 96.00 % 93.65%
S-GML vs RoBERTa+MLP (p-value) | 7.98e—8 1 5.56e—8 71 | 0.0183 } 0.0192 1.52e—57 1.86e—571
S-GML vs Hybrid GML (p-value) 1.28e—61 6.65e—71 | 0.0247 | 0.0252 0.0007 ¥ 0.0008
Model LAP14 LAP15 LAP16

Acc Macro-F1 | Acc Macro-F1 | Acc Macro-F1
BERT-SPC 91.68% 89.84% 89.45% 88.53% 86.64% 85.37%
AEN-BERT 93.39% 91.65% 90.99% 90.32% 86.64% 84.74%
LCF-BERT 91.90% 90.20% 88.93% 88.30% 86.85% 85.29%
BERT-PT 93.22% 91.78% 93.10% 92.72% 87.72% 86.38%
BAT 93.13% 91.55% 93.51% 93.07% 87.93% 86.20%
PH-SUM 92.84% 91.30% 92.12% 91.67% 87.61% 86.15%
RGAT 93.12% 90.76% 90.75% 90.51% 87.55% 86.09%
RoBERTa+MLP 94.24% 92.83% 93.06% 92.62% 88.73% 87.44%
Unsupervised Lexicon-based GML 82.25% 79.41% 82.42% 81.52% 80.31% 78.74%
Unsupervised DNN-based GML 85.84% 83.33% 84.05% 83.26% 81.62% 80.07%
Hybrid GML(RoBERTa+MLP) 94.46% 93.12% 93.39% 92.93% 88.94% 87.68%
S-GML 95.10% 93.95% 93.70% 93.26 % 89.77 % 88.49%
S-GML vs RoBERTa+MLP (p-value) | 0.0016 { 0.0006 { 0.0002 0.0006 t 0.0053 0.0016 t
S-GML vs Hybrid GML (p-value) 0.0261 t 0.0098 t 0.0111 t 0.0227 0.0236 0.0106

range (between 3 and 9). Our implementations of
S-GML have been available at our website

5.2 Comparative Evaluation on ATSA

The detailed comparative results on ATSA have
been presented in Table 2, in which Hybrid
GML(RoBERTa+MLP) denotes the Hybrid GML
solution with RoOBERTa+MLP as its DNN model.
The reported results are the averages over 25 runs.
To verify statistical significance of S-GML’s per-
formance advantage, we have conducted pairwise
t-test between S-GML and its best alternatives,
RoBERTa+MLP and Hybrid GML.

It can be observed that S-GML consistently
achieves the state-of-the-art performance on all the
datasets. It outperforms the best DNN model by
the margins between 1% and 2% on most datasets.
For instance, on RES14, RES15 and RESI6,

Shttps://chenbenben.org/sgml.html

the improvements are close to 2.0% in terms of
Macro-F1. On LAP14 and LAP16, the improve-
ments are more than 1% in terms of Macro-F1. S-
GML also beats previous unsupervised GML solu-
tions by big margins; in terms of accuracy, S-GML
outperforms Unsupervised DNN-based GML by
the margins between 8%-10% across all the test
workloads. It is noteworthy that S-GML con-
sistently beats the Hybrid GML, which achieves
overall better performance than the state-of-the-
art deep model (RoOBERTa+MLP). For instance,
in terms of Macro-F1, the improvement margins
are around 1.5%, 1.5% and 2% on RES14, RES15
and RES16 respectively. Due to the widely recog-
nized challenge of ATSA, the achieved improve-
ments can be considered to be considerable.

It can also be observed that with regard to
pairwise t-test, the p-values of S-GML against
RoBERTa+MLP and Hybrid GML are all below
0.05, which means the performance improvements



Table 3: The evaluation results of ablation study on ATSA.

Model RES14 RES15 RES16
Acc Macro-F1 Acc Macro-F1 Acc Macro-F1
S-GML(w/o knn) 96.44% 94.68% 89.02% 87.58% 95.66% 93.19%
S-GML(w/o siamese) | 95.14% 92.55% 88.25% 86.77% 93.00% 88.85%
S-GML(w/o context) | 96.68% 95.00% 90.55% 89.38% 95.80% 93.35%
S-GML 96.90 % 95.33% 90.83% 89.70% 96.00 % 93.65 %
Model LAP14 LAP15 LAP16
oae Acc Macro-F1 Acc Macro-F1 Acc Macro-F1
S-GML(w/o knn) 93.60% 92.16% 93.06% 92.55% 88.10% 86.69%
S-GML(w/o siamese) | 91.90% 89.69% 90.51% 89.95% 89.35% 88.05%
S-GML(w/o context) | 94.67% 93.48% 93.66% 93.23% 88.10% 86.73%
S-GML 95.10% 93.95 % 93.70% 93.26 % 89.77 % 88.49%
Id |Text Aspect | RoBERTa+MLP | S-GML
t; |l was highly disappointed by their service and food. food NEG NEG
t, |The service is great, my soup always arrives nice and hot. soup POS POS
If your looking for nasty high priced food with a dash of ghetto .
s scenery cheap BX A$$ this is the place to be!! priced POS NEG
If your looking for nasty high priced food with a dash of ghetto
b scenery cheap BX A$$ this is the place to be!! food POS NEG

O Labeled instance O Unlabeled instance [Jl] Context factor [_] KNN factor [ | Siamese factor [v] True factor [*] False factor

Figure 3: The illustrated examples of S-GML.: the four subfigures show the extracted relational features of four
instances respectively, in which a true factor (resp. false factor) means that its corresponding polarity relation is

true (resp. false).

are statistically significant. These experimental re-
sults clearly demonstrate the efficacy of S-GML.

Ablation Study. The evaluation results have been
presented in Table 3, where S-GML(w/o knn), S-
GML(w/o siamese) and S-GML(w/o context) de-
note the ablated models with the components of
knn-based, siamese-based and context-based re-
lational features removed respectively. It can
be observed that without either KNN relations
or siamese relations, the performance of S-GML
drops on all the test workloads. This observa-
tion clearly indicates that KNN and siamese re-
lations are complementary to each other and their
combined modeling in GML achieves better per-
formance than either of them. However, it can

also be observed that compared with knn rela-
tions, the performance of GML drops more con-
siderably without siamese relations. The knn re-
lations capture only similarity features, while the
siamese relations can capture both similarity and
opposite, or more diverse, relations. It is notewor-
thy that these experimental results are consistent
with the expected characteristic of GML that more
diverse features can usually facilitate knowledge
conveyance more effectively.

An Illustrative Example. We illustrate the effi-
cacy of S-GML by the examples extracted from
RES14, which are shown in Figure 3. Based on
GML, the instance t; has the most evidential sup-
port, followed by to, t3, and finally t4. Meanwhile,



Table 4: Sensitivity evaluation results on ATSA.

I 1 RES14 RES15 RES16
oS Acc  Macro-F1 Acc  Macro-F1 Acc  Macro-F1
5 3 96.90% 95.33% 90.83% 89.70% 96.00% 93.65%
5 5 97.04% 95.55% 90.96% 89.86% 95.93% 93.53%
7 3 96.61% 94.87% 90.79% 89.63% 95.80% 93.28%
7 5 96.66% 94.94% 90.68% 89.50% 95.83% 93.34%
7 7 96.61% 94.86% 90.77% 89.62% 95.83% 93.36%
9 3 96.61% 94.87% 90.87% 89.74% 95.76% 93.22%
9 5 96.63% 94.90% 90.70% 89.54% 95.68% 93.11%
9 7 96.61% 94.86% 90.74% 89.59% 95.76% 93.23%
9 9 96.57% 94.81% 90.74% 89.59% 95.74% 93.19%

3 1 LAP14 LAP15 LAP16
" s Acc Macro-F1 Acc Macro-F1 Acc Macro-F1
5 3 95.10% 93.95% 93.70% 93.26% 89.77% 88.49%
5 5 94.88% 93.70% 93.70% 93.26% 89.35% 88.05%
7 3 94.46% 93.18% 93.40% 92.96% 89.98% 88.84%
7 5 94.67% 93.46% 93.32% 92.89% 89.56% 88.34%
7 7 94.46% 93.21% 93.28% 92.85% 89.56% 88.38%
9 3 94.88% 93.70% 93.32% 92.87% 89.77% 88.62%
9 5 95.10% 93.95% 93.36% 92.92% 89.56% 88.34%
9 7 95.10% 93.95% 93.43% 93.00% 89.56% 88.38%
9 9 94.88% 93.70% 93.47% 93.04% 89.35% 88.13%

the instances ¢; and ¢5 have less evidential conflict
than t3 and ¢4. Therefore, S-GML labels them in
the order of ¢1, t2, t3 and t4. In spite of the noisy
relations of t4, S-GML can correctly label ¢4 be-
cause after ¢1, t2 and t3 are labeled, the majority of
evidence neighbors provide correct polarity hints.

5.3 Sensitivity Evaluation

To evaluate sensitivity, we vary the values of the
parameters k, and ks, which denote the number
of nearest neighbors selected by polarity classi-
fier and the number of relations randomly selected
based siamese network respectively, within the
range between 3 and 9. Since polarity relation de-
tection between two arbitrary instances is gener-
ally more challenging than polarity similarity de-
tection between close neighbors in an embedding
space, we set k, > k. The detailed evaluation re-
sults have been presented in Table 4. It can be ob-
served that the performance of S-GML fluctuates
very marginally with different value combinations
of k, and k,;. These experimental results clearly
demonstrate that the performance of S-GML is
very robust w.r.t to the parameter setting of k,, and
ks. They bode well for S-GML’s applicability in

real scenarios.

5.4 Comparative Evaluation on ACSA

For ACSA, we compare performance on all the
RES and LAP workloads except LAP14 because
it does not provide implicit aspect categories. Ad-
ditionally, we compare performance on the bench-
mark dataset of SentiHood, which is usually con-
sidered as a task of targeted aspect-based senti-
ment analysis. In SentiHood, aspect category con-
sists of two parts: explicit entity (e.g., location 1)
and implicit category (e.g., safety).

We compare S-GML with the following BERT-
based models specifically targeting ACSA: 1)
BERT-pair-QA-M (Sun et al., 2019). It converts
ACSA to a sentence-pair classification task, where
the auxiliary sentence is a question; 2) BERT-pair-
NLI-M (Sun et al., 2019). It converts ACSA to a
sentence-pair classification task and learns aspect-
specific representations by pseudo-sentence natu-
ral language inference; 3) QACG-BERT (Wu and
Ong, 2021). As an improved variant of CG-BERT
model (Context-Guided BERT), it learns quasi-
attention weights in a compositional manner to
enable subtractive attention lacking in softmax-



Table 5: Comparative Evaluation Results on ACSA: the marker { indicates p-value < 0.05.

Model RES14 RES15 RES16

Acc Macro-F1 | Acc Macro-F1 | Acc Macro-F1
BERT-SPC 93.90% 91.87% 88.41% 88.12% 90.71% 88.39%
AEN-BERT 94.68% 92.86% 87.09% 86.78% 91.20% 89.01%
LCF-BERT 94.74% 93.02% 88.86% 88.56% 91.98% 89.95%
BERT-PT 94.51% 92.75% 87.14% 86.79% 92.14% 90.04%
BAT 95.22 % 93.58 % 88.80 % 88.51 % 93.62 % 92.05 %
PH-SUM 94.99% 93.36% 89.02% 88.70% 93.25% 91.53%
BERT-pair-QA-M 94.81% 93.17% 88.25% 88.00% 92.64% 90.80%
BERT-pair-NLI-M 95.13% 93.57% 88.58% 88.30% 92.27% 90.16%
QACG-BERT 94.31% 92.47% 87.31% 86.93% 91.17% 88.96%
S-GML 96.72% 95.71% 90.14% 89.86 % 94.87 % 93.52%
S-GML vs BAT (p-value) | 4.22e—8t1 1.0le—77 | 0.0007 | 0.0016 2.06e—91 4.66e—9t
Model SentiHood LAP15 LAP16

Acc Macro-F1 | Acc Macro-F1 | Acc Macro-F1
BERT-SPC 92.06% 91.14% 89.95% 89.35% 87.03% 86.26%
AEN-BERT 91.45% 90.33% 90.92% 90.38% 87.88% 86.73%
LCF-BERT 93.08% 92.29% 91.18% 90.65% 88.74% 87.68%
BERT-PT 91.53% 90.40% 91.51 % 90.92 % 89.13 % 88.29 %
BAT 93.16 % 92.29% 92.56 % 92.15 % 89.51 % 88.71 %
PH-SUM 91.68% 90.59% 91.15% 90.65% 89.03% 88.20%
BERT-pair-QA-M 93.36% 92.56% 90.83% 90.28% 88.12% 87.19%
BERT-pair-NLI-M 92.85% 91.97% 91.13% 90.61% 88.47% 87.51%
QACG-BERT 92.85% 91.91% 90.44% 89.86% 87.22% 86.21%
S-GML 93.83% 93.05 % 93.74% 93.36% 90.52% 89.79%
S-GML vs BAT (p-value) | 0.0077 § 0.0084 t 2.24e—51 2.56e—51 | 1.08e—671 2.56e—77

attention. Since many deep models proposed for
ATSA, e.g., BRET-SPC, AEN-BERT, LCF-BERT,
BERT-PT, BAT and PH-SUM, can be directly ap-
plied to the task of ACSA, we also compare S-
GML with these models. However, we do not
compare S-GML with RoBERTa+MLP and Hy-
brid GML because they can not directly handle
implicit aspects.

In the implementation of S-GML for ACSA,
we extract neighborhood-based polarity similarity
based the model of BAT (Karimi et al., 2020a),
whose performance has been empirically shown
to be state of the art. We use the same siamese
network proposed for ATSA to extract binary re-
lations between arbitrary instances.

The detailed comparative results on ACSA have
been presented in Table 5. We have also conducted
pairwise t-test between S-GML and its best alter-
native, BAT, over 25 runs. It can be observed that
similar to what have been reported on ATSA, S-
GML outperforms the best alternatives by the mar-
gins between 1% and 2% on all the test workloads.
For instance, in terms of Macro-F1, S-GML beats
BAT by around 2.0%, 1.5% and 1.5% on RES14,

RES15 and RES16. With regard to pairwise t-
test, it can be observed that the p-values of S-GML
against BAT are all well below 0.05, which means
the achieved improvements are statistically signif-
icant. These experimental results clearly demon-
strate the efficacy of S-GML on ACSA.

6 Conclusion and Future Work

In this paper, we have proposed a novel supervised
GML approach for ATSA that can effectively ex-
ploit labeled examples to improve gradual learn-
ing. It leverages both polarity classification DNN
and siamese network to extract implicit polarity
relations between instances, and then instills them
into a factor graph to enable supervised knowledge
conveyance. Our extensive empirical study has
validated its efficacy. Our work has demonstrated
clearly that in collaboration with DNN for feature
extraction, GML can outperform pure DNN solu-
tions.

For future work, it can be observed that even
though the proposed solution is built upon the spe-
cific polarity classifier and siamese network for
aspect-level sentiment analysis, similar classifiers



Table 6: Illustrative examples of three-class aspect-based sentiment analysis.

Ti | Sij Text Aspect polarities
r1 | S11 The manager then told us we could order from (manager, neutral), (menu,
whatever menu we wanted but by that time we were so neutral), (waiter, negative)
annoyed with the waiter and the resturant that we let
and went some place else.
re | S91 Even when the chef is not in the house, the food and (chef, neutral), (food,
service are right on target. positive), (service, positive)
r3 | S31 My friend had a burger and I had these wonderful (burger, neutral), (blueberry
blueberry pancakes. pancakes, positive)
r4 | S41 It’s about $7 for lunch and they have take-out or (lunch, neutral), (take-out,
dine-in. neutral), (dine-in, neutral)

and siamese networks are readily available or can
be constructed for other binary classification tasks,
especially NLP tasks. Therefore, the proposed
collaboration approach of DNN and GML can be
potentially generalized to other binary classifica-
tion tasks.

Generalization to Multi-class Classification
Tasks. It is worthy to point out that even though
this paper focuses on binary classification, the pro-
posed approach can be potentially generalized to
multi-class classification tasks. In principle, in-
stead of binary values, a variable in a factor graph
can take one out of multiple values, each of which
corresponds to a specific class. Relational factors
can also be similarly constructed to indicate sim-
ilar or different label relations between variables.
We briefly illustrate the generalization by the ex-
ample of three-class aspect-based sentiment anal-
ysis, whose candidate polarities include positive,
negative and neutral. The technical details how-
ever need further investigation in the future.

Since the open-source GML inference engine
can effectively support gradual inference on multi-
class factor graphs and modeling relational fea-
tures as binary factors in a factor graph is straight-
forward, we focus on how to extract relational fea-
tures for the task of three-class sentiment analysis.
Similar to the case of binary sentiment analysis,
we can extract explicit relations by analyzing dis-
course structures, and implicit ones by supervising
a classification deep model and a siamese network
separately as follows:

7

* For explicit relations, we can similarly ex-
tract opposite relations based on the presence
of shift words, because they can reliably in-
dicate polarity shift regardless of actual sen-

"https://github.com/gml-explore/gml

timents. For instance, as shown in Table 6,
the shift words “but” and “even” in s1; and
591 shift polarity from neutral to negative and
positive respectively. However, identifying
similar relations may be more subtle. Since
the neutral polarity usually does not involve
any opinion word, two aspect polarities can
be reasoned to be similar if no shift word ex-
ists between them, and both of them contain
opinion words or neither of them does. As
shown in Table 6, the two aspect polarities
in s41 can be reasoned to be similar due to
the absence of shift words and opinion words,
while the two aspect polarities in s3; can not
because its second part contains the opinion
word of “wonderful”.

e For implicit relations, we can similarly
leverage the SOTA polarity classifiers (e.g.,
RoBERTa) and siamese network for their de-
tection. Since the SOTA polarity classifiers
can naturally support three-class classifica-
tion, they can be trained to detect polarity
similarity based on vector neighborhood as
in binary classification. As for siamese net-
work, it can be similarly trained to detect sim-
ilar and dissimilar relations between polar-
ities provided that training data sufficiently
cover different combinations of polarities.
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