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01.개요

• Aspect-Based Sentiment Analysis (ABSA)는 문장 내 aspect용어들과 관련된 감정을 찾아내는 task입니다. ABSA는 다음과

같이 크게 3가지로 나눌 수 있습니다; 1) Aspect Term Extraction (ATE), 2) Opinion Term Extraction (OTE), 3) Aspect-based
Sentiment Classification (ASC). 예를 들어, “Food is good, but service is dreadful”의 문장에서 ATE는 “food”, “service”와
같은 aspect용어들을 추출하고, OTE는 각 aspect에 대한 의견인 “good”, “dreadful”을 추출, ASC는 각 aspect에 대한 감정

분류를 “food (good)”, “service (dreadful)”을 진행합니다.

• 최근 Pre-trained LM에 힘입어 ABSA task를 joint training하여 좋은 성능을 봉주고 있지만, ABSA에는 여전히 한계점이

존재합니다. 먼저, opinion의 말 그대로의 의미가 아닌 문장 전체를 반영하는 의미를 이해하는 것이 필요합니다. 아래

표의 E1의 경우 “better”가 “Japanese food”의 긍정적 의미로 사용되는 것처럼 보일 수도 있지만, 실제로는 다른 곳에서

더 좋은 음식을 먹었다는 의미이므로, 부정 (negative)으로 분류되어야 합니다. 또한, 한 문장 내에 여러 개의 aspect가
존재할 때 aspect-opinion pair들을 찾는 것과 각각의 감성 분석을 하는 것은 더욱 어렵습니다.
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Abstract

Existing works for aspect-based sentiment
analysis (ABSA) have adopted a unified ap-
proach, which allows the interactive relations
among subtasks. However, we observe that
these methods tend to predict polarities based
on the literal meaning of aspect and opinion
terms and mainly consider relations implic-
itly among subtasks at the word level. In addi-
tion, identifying multiple aspect–opinion pairs
with their polarities is much more challeng-
ing. Therefore, a comprehensive understand-
ing of contextual information w.r.t. the aspect
and opinion are further required in ABSA. In
this paper, we propose Deep Contextualized
Relation-Aware Network (DCRAN), which al-
lows interactive relations among subtasks with
deep contextual information based on two
modules (i.e., Aspect and Opinion Propagation
and Explicit Self-Supervised Strategies). Espe-
cially, we design novel self-supervised strate-
gies for ABSA, which have strengths in deal-
ing with multiple aspects. Experimental results
show that DCRAN significantly outperforms
previous state-of-the-art methods by large mar-
gins on three widely used benchmarks.

1 Introduction

Aspect-based sentiment analysis (ABSA) is a task
of identifying the sentiment polarity of associated
aspect terms in a sentence. Generally, ABSA is
composed of three subtasks, 1) aspect term ex-
traction (ATE), 2) opinion term extraction (OTE),
and 3) aspect-based sentiment classification (ASC).
Given the sentence “Food is good, but service is
dreadful.”, ATE aims to identify two-aspect terms
“food” and “service”, and OTE aims to determine
two-opinion terms “good” and “dreadful”. Then,

∗These two authors equally contributed to this work.
†This work was done while the author was an intern at

Kakao Enterprise.
‡Corresponding author.

Examples (Ground Truth) Model Aspect (Polarity) Opinion

E1
I’ve had better Japanese food (neg)
at a mall food court.

RACL Japanese food (pos) better
DCRAN Japanese food (neg) better

E2
The sushi (neg) is cut in blocks
bigger than my cell phone.

RACL sushi (neu) bigger
DCRAN sushi (neg) bigger

E3
While the smoothies (neg) are a little
bigger for me, the fresh juices (pos)
are the best I have ever had !

RACL
smoothies (pos)

fresh juices (pos)

bigger
fresh
best

DCRAN
smoothies (neg)
fresh juices (pos)

bigger
best

Table 1: Examples of ABSA results comparing to pre-
vious approach (Chen and Qian, 2020) that we reimple-
ment. All the results are based on BERTbase model for
a fair comparison. The polarity labels pos, neu, and neg,
denote positive, neutral, and negative, respectively.

ASC assigns a sentiment polarity of each aspect:
“food (positive)” and “service (negative)”.

Existing works for ABSA have adopted a two-
step approach, which considers each subtask sepa-
rately (Tang et al., 2016; Xu et al., 2018). However,
most recently, unified approaches have achieved
significant performance improvements in ABSA
task. Luo et al. (2020) focused on modeling the
interactions between aspect terms and Chen and
Qian (2020) exploited dyadic and triadic relations
between subtasks (i.e., ATE, OTE, ASC).

Despite the impressive results, their methods
have two limitations. First, they only consider re-
lations among subtasks at the word level and do
not explicitly utilize contextualized information of
the whole sequence. For example, E1 in Table 1,
the opinion term “better” seems to represent pos-
itive opinion of “Japanese food”. However, the
authentic meaning of E1 is “The Japanese food I
have had at the food court was more delicious than
the one I had at this restaurant”. Thus, previous
approaches tend to assign polarities based on the
literal meaning of aspect and opinion terms (E2).
Second, identifying multiple aspect–opinion pairs
and their polarities is much more challenging as the
model needs to not only detect multiple aspects and

02.연구내용

• 본 연구에서는 Deep Context Relation-Aware Network (DCRAN) 모델을 제안하였습니다. 먼저, context를 각 subtask의

관점에서 종합적으로 이해하게 도와주는 aspect와 opinion propagation decoder를 설계하였습니다. 또한, 여러 개의

aspect와 opinion을 포착하는 데에 효과적인 두 개의 self-supervised방법을 제안함으로써 성능 향상을 이끌어 냈습니다.

실험 결과, 총 세 개의 benchmark 데이터셋 (REST, LAB)에서 state-of-the-art의 성능을 얻었으며, ablation 실험을 통해

제안하는 모델에 대해 검증하였습니다. 모델 전체 구조는 아래 그림과 같습니다.

• Self-supervised 방법은 모델이 aspect-opinion pair를 잘 포착할 수 있게 설계하였습니다. 1) Type-Specific Masked Term
Discrimination (TSMTD): 문장 내 임의의 Aspect, Opinion, Outside를 [MASK] token으로 치환하여, [CLS] token이 repre-
sentation을 통해 [MASK] token이 어떤 것인지 분류하는 task 입니다. 2) Pairwise Relation Discrimination (PRD): 문장 내

aspect-opinion pair를 [REL] token으로 치환하고 치환된 [REL] 토큰들이 적절한 pair인지 [CLS] token representation으로

분류하는 task 입니다.

03.실험및결과

• 실험은 아래 표와 같이 ABSA에서 주요 benchmark 데이터셋으로 활용되는 REST-14, REST-15, LAB-14에 대해서 DCRAN의

성능을 기존 baseline과 비교 평가를 진행하였습니다.

TAESUNWHANG · PORTFOLIO

mailto:taesunwhang@gmail.com
https://github.com/taesunwhang
https://aclanthology.org/2021.acl-short.63.pdf
https://aclanthology.org/2021.acl-short.63.pdf


497

Language Model

Linear

Language Model

𝑓𝑜𝑜𝑑

𝑇𝑦𝑝𝑒 − 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑀𝑎𝑠𝑘𝑒𝑑 𝑇𝑒𝑟𝑚 𝐷𝑖𝑠𝑐𝑟𝑖𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛(𝑇𝑆𝑀𝑇𝐷)

𝑏𝑢𝑡[𝐶𝐿𝑆] [𝑆𝐸𝑃]

Linear

𝐴𝑠𝑝𝑒𝑐𝑡

𝑃𝑎𝑖𝑟𝑤𝑖𝑠𝑒 𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝐷𝑖𝑠𝑐𝑟𝑖𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛(𝑃𝑅𝐷)

Self-Attn

Add & Norm

Cross-Attn

Add & Norm

Cross-Attn

Add & Norm

Feed-forward

Add & Norm

B I O O

O O … B I

Language Model

𝑤! 𝑤" … 𝑤#$! 𝑤#

…

POS POS O O…

Linear

Aspect Representation Layer

Linear

Opinion Representation Layer

Linear

[𝐶𝐿𝑆] [𝑆𝐸𝑃]

Aspect & Opinion Backpropagation

Aspect Backpropagation

𝑇𝑟𝑢𝑒

𝑰𝒏𝒑𝒖𝒕: 𝑭𝒐𝒐𝒅 𝒊𝒔 𝒈𝒐𝒐𝒅 , 𝒃𝒖𝒕 𝒔𝒆𝒓𝒗𝒊𝒄𝒆 𝒊𝒔 𝒅𝒓𝒆𝒂𝒅𝒇𝒖𝒍

𝑖𝑠 𝑔𝑜𝑜𝑑 , [𝑀𝐴𝑆𝐾] 𝑖𝑠 𝑑𝑟𝑒𝑎𝑑𝑓𝑢𝑙

𝑓𝑜𝑜𝑑 𝑏𝑢𝑡[𝐶𝐿𝑆] [𝑆𝐸𝑃]𝑖𝑠 𝑔𝑜𝑜𝑑 , [𝑅𝐸𝐿] 𝑖𝑠 [𝑅𝐸𝐿]

𝑝𝑎𝑖𝑟 𝑝𝑎𝑖𝑟

𝐴𝑠𝑝𝑒𝑐𝑡 𝐴𝑠𝑝𝑒𝑐𝑡 𝑂𝑝𝑖𝑛𝑖𝑜𝑛𝑂𝑝𝑖𝑛𝑖𝑜𝑛

(a) (b)

Figure 1: Overall architecture of Deep Contextualized Relation-Aware Network (DCRAN) for ABSA.

discrimination (TSMTD) and 2) pairwise relations
discrimination (PRD). The examples of Explicit
Self-Supervised Strategies are described in Figure 1-
(b).

Type-Specific Masked Term Discrimination
In the type-specific masked term discrimination
task, we uniformly mask aspects, opinions, and
terms that do not correspond to both, using the
special token [MASK]. The input sequence of a
masked sentence is represented as, Xtsmtd =
[[CLS]w1 ... [MASK]i ... wn [SEP]], and is fed into
pre-trained language models. Then, the output rep-
resentation of [CLS] token is used to classify which
type of term is masked in a sentence as,

Ŷ m = softmax(W3h[CLS] + b3),

where W3 ∈ R3×dh represents trainable parame-
ters and Ŷ m ∈ {Aspect, Opinion,O}. The pa-
rameters of a linear projection layer are repre-
sented as Θm for the type-specific masked term
discrimination. Then, the NLL loss of the type-
specific masked term discrimination is defined
as: Ltsmtd(Θs,Θm) = −

∑
log p(Y m|H). This al-

lows the model to explicitly exploit sentence in-
formation by discriminating what kind of term is
masked.

Pairwise Relations Discrimination In this task,
we uniformly replace both aspects and opinion
terms using the special token [REL]. The input se-
quence of a masked sentence is represented as,
Xprd = [[CLS]w1 ... [REL]i ... [REL]j ... wn [SEP]],
and is fed into pre-trained language models. Then,
the output representation of [CLS] token is used to

discriminate whether the replaced tokens have a
pairwise relation as,

Ŷ r = softmax(W4h[CLS] + b4),

where W4 ∈ R2×dh represents trainable parame-
ters and Ŷ r ∈ {True, False}. The parameters of a
linear projection layer are represented as Θr for the
pairwise relations discrimination. Then, the NLL
loss of the pairwise relations discrimination is de-
fined as: Lprd(Θs,Θr) = −

∑
log p(Y r|H). We

describe the negative sampling method to replace
aspects and opinion terms in Appendix A.2.

2.5 Joint Learning Procedure
All these tasks are jointly trained, and the final
objective is defined as,

Labsa = Late + Lote + Lasc

Laux = Ltsmtd + Lprd

Lfinal = Labsa + αLaux

where α is a hyper-parameter determining the de-
gree of auxiliary tasks. Note that the parameters
Θs are optimized for all subtasks. Especially, the
parameters Θs are further optimized through Ltsmtd
and Lprd to explicitly exploit the relations between
aspect and opinion with context meaning.

3 Experiments

3.1 Experimental Setup
We evaluate our model on three widely used
sentiment analysis benchmarks: laptop reviews
(LAP14), restaurant reviews (REST14) from (Pon-
tiki et al., 2014), and restaurant reviews (REST15)

• Pre-trained LM의 경우 BERT와 ELECTRA 두 가지 언어 모델에대해서 실험을 진행하였고, 기존 baseline 모델들과 공정한

비교를 위해 각 언어모델의 base와 large 모델에 대해서 평가를 진행하였습니다.

• 실험 결과, DCRAN-BERT𝑙𝑎𝑟𝑔𝑒 와 DCRAN-ELECTRA𝑙𝑎𝑟𝑔𝑒 가 모든 benchmark데이터셋에서 주목할 만한 성능 향상을 보여주

었습니다. 각 subtask인 ATE, OTE, ASC는 baseline별로 편차가 존재하였으나, 이를 포괄하는 ABSA-F1의 경우 본 연구에서

제안한 DCRAN 모델이 뛰어난 성능 향상을 보여주었습니다.
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LAP14 REST14 REST15
ATE-F1 OTE-F1 ASC-F1 ABSA-F1 ATE-F1 OTE-F1 ASC-F1 ABSA-F1 ATE-F1 OTE-F1 ASC-F1 ABSA-F1

MNN (Wang et al., 2018) GloVe 76.94 77.77 65.98 53.80 83.05 84.55 68.45 63.87 70.24 69.38 57.90 56.57
E2E-TBSA (Li et al., 2019) GloVe 77.34 76.62 68.24 55.88 83.92 84.97 68.38 66.60 69.40 71.43 58.81 57.38
DOER (Luo et al., 2019) GloVe 80.21 - 60.18 56.71 84.63 - 64.50 68.55 67.47 - 36.76 50.31
IMN−d (He et al., 2019) GloVe 78.46 78.14 69.62 57.66 84.01 85.64 71.90 68.32 69.80 72.11 60.65 57.91
RACL (Chen and Qian, 2020) GloVe 81.99 79.76 71.09 60.63 85.37 85.32 74.46 70.67 72.82 78.06 68.69 60.31
WHW (Peng et al., 2020) GloVe - 74.84 - 62.34 - 82.45 - 71.95 - 78.02 - 65.79
IKTN (Liang et al., 2020) BERTbase 80.89 78.90 73.42 62.34 86.13 86.62 74.35 71.75 71.63 76.79 69.85 62.33
SPAN (Hu et al., 2019) BERTlarge 82.34 - 62.50 61.25 86.71 - 71.75 73.68 74.63 - 50.28 62.29
IMN−d (He et al., 2019) BERTlarge 77.55 81.00 75.56 61.73 84.06 85.10 75.67 70.72 69.90 73.29 70.10 60.22
Dual-MRC (Mao et al., 2021) BERTlarge 82.51 - 75.97 65.94 86.60 - 82.04 75.95 75.08 - 73.59 65.08
RACL (Chen and Qian, 2020) BERTlarge 81.79 79.72 73.91 63.40 86.38 87.18 81.61 75.42 73.99 76.00 74.91 66.05

DCRAN (Ours)

BERTbase 81.76 78.84 77.02 65.18 88.21 86.36 78.67 75.77 71.61 75.86 73.30 63.19
BERTlarge 83.40 79.72 78.75 68.07 88.73 86.07 80.64 77.28 74.45 78.45 76.30 67.92
ELECTRAbase 85.69 80.19 79.36 70.22 89.64 87.30 84.12 80.00 77.41 78.80 78.55 71.67
ELECTRAlarge 85.61 79.77 80.78 71.47 89.67 87.59 84.22 80.32 79.68 79.90 77.99 73.67

Table 2: Evaluation results on the LAP14, REST14, and REST15 datasets, which are provided by Chen and Qian
(2020). All the results except ours are cited from the existing works (Chen and Qian, 2020; Peng et al., 2020; Mao
et al., 2021) and all the baselines are described in Appendix A.4. We report average results over five runs with
random initialization. The best scores are in bold, and the second-best scores are underlined depending on the
types of the pre-trained language model. ‘-’ denotes unreported results.

from (Pontiki et al., 2015). Primitive versions
of these benchmarks only provide aspect terms
and sentiment polarities, while opinion terms are
provided by Wang et al. (2016, 2017) later. Re-
cently, Fan et al. (2019) provides aspect-opinion
pairwise datasets (Section 2.4). Following He et al.
(2019), we set four evaluation metrics: ATE-F1,
OTE-F1, ASC-F1, and ABSA-F1. The ATE-F1,
OTE-F1, and ASC-F1 measure each subtask’s F-1
scores, and ABSA-F1 measures complete ABSA,
which counts only when both ATE and ASC pre-
dictions are correct.

3.2 Quantitative Results

Table 2 reports the quantitative results on the
LAP14, REST14, and REST15 datasets. Our ex-
periments utilize two pre-trained language models
such as BERT and ELECTRA, for the shared en-
coder. First, we observe that DCRAN-BERTbase

shows slightly lower ABSA-F1 scores than pre-
vious state-of-the-art methods, which is based on
BERTlarge, on the REST14 and LAP14 datasets
except for the REST15 dataset. This suggests that
our proposed methods are highly effective for
ABSA. Overall, DCRAN-BERTlarge significantly
outperforms previous state-of-the-art methods in
all metrics. Another observation is that ELECTRA
based models outperform BERT based models. As
a result, DCRAN-ELECTRAlarge achieves abso-
lute gains over previous state-of-the-art results by
5.5%, 4.4%, and 7.6% in ABSA-F1 on the LAP14,
REST14, and REST15 datasets, respectively.

3.3 Ablation Study

To study the effectiveness of the aspect propaga-
tion (AP), opinion propagation (OP), type-specific

ABSA-F1

DCRAN-ELECTRAbase 80.00†

Aspect and Opinion
Propagation

w/o AP 79.44†

w/o OP 79.58†

w/o AP & OP 79.08†

Explicit Self-Supervised
Strategies

w/o TSMTD 79.56†

w/o PRD 79.40†

w/o TSMTD & PRD 79.03†

Baseline
w/o & AP & OP

& TSMTD & PRD
78.61

Table 3: Ablation study on the REST14 dataset. We
choose DCRAN-ELECTRAbase as the baseline. † de-
notes statistical significance (p-value < 0.05).

masked term discrimination (TSMTD), and pair-
wise relations discrimination (PRD), we conduct
ablation experiments on the REST14 dataset. We
set the baseline model that did not utilize aspect and
opinion propagation and explicit self-supervised
strategies. When the AP and OP are not utilized,
a single-layer FFNN is utilized as in Equation 1
to predict a sequence of polarities Y p instead of
transformer-decoder. As shown in Table 3, we can
observe that the AP is more effective than the OP,
and scores drop significantly when not utilizing the
AP and OP. In the case of explicit self-supervised
strategies, we can observe that the PRD is more
effective than the TSMTD. As the PRD objective
is discriminating whether the replace tokens have
a pairwise aspect–opinion relations, it allows the
model to more exploit the relations between aspect
and opinion at a sentence level.

3.4 Aspect Analysis

We conduct aspect analysis by comparing sen-
tences with single- and multiple-aspect. As shown
in Table 4, Aspect and Opinion Propagation signif-

• 실제 제안하는 self-supervised 방법이 aspect-opinion pair를 잘 포착하는지에 대해 ablation을 진행하였습니다. 실험

결과, 본 연구에서 제안한 방법이 있을 때 sentence-level accuracy 성능이 크게 향상되는 것을 확인하였습니다.
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REST14 REST15
ABSA-F1 Sent-level Acc. ABSA-F1 Sent-level Acc.

Single-
Aspect

DCRAN ELECTRAbase 78.62 74.48 66.23 67.69
w/o TSMTD & PRD 78.42 73.79 64.21 66.67
w/o TSMTD & PRD & AP & OP 77.45 73.10 62.50 64.29

Multiple-
Aspect

DCRAN ELECTRAbase 81.19 64.24 68.20 52.34
w/o TSMTD & PRD 80.22 61.70 65.16 48.60
w/o TSMTD & PRD & AP & OP 79.88 61.39 64.84 46.73

Table 4: Aspect analysis on the REST14 and REST15 datasets. Comparisons of ABSA-F1 and sentence-level
accuracy results for the case when the sentence contains single-aspect or multiple-aspect.

icantly improves performance when the sentence
contains a single-aspect, while a small increase
is observed w.r.t. the case of multiple-aspect. Al-
though considering the relations between aspect
and opinion implicitly can improve performance
w.r.t. the case of single-aspect, it is not sufficient
for inducing performance improvement for the
multiple-aspect case. It suggests that additional ex-
plicit tasks are further required to identify multiple-
aspect with corresponding opinions, which helps
the model assign polarities correctly. In the case
of multiple-aspect, Explicit Self-Supervised Strate-
gies show absolute ABSA-F1 improvements of
0.97% (80.22% → 81.19%) and 3.04% (65.16%
→ 68.20) on the REST14 and REST15 datasets,
respectively. This indicates explicit self-supervised
strategies are highly effective for correctly identi-
fying ABSA when the sentence contains multiple-
aspect. In addition, the performance gain by Ex-
plicit Self-Supervised Strategies in Table 3 is mostly
derived from the multiple-aspect cases (+0.97%),
thus our proposed model has strengths in dealing
with multiple aspects.

In ABSA, it is important to accurately predict
all aspects and corresponding sentiment polarities
in one sentence. Since ABSA-F1 is a word-level
based metric, it still has a limitation to evaluate
whether all aspects and corresponding polarities
are correct or not. Therefore, we also evaluate our
method with sentence-level accuracy; the number
of sentences that accurately predicted all aspects
and polarity in a sentence divided by total number
of sentences. Unlike ABSA-F1, the sentence-level
accuracy of multiple-aspect is lower than that of
single-aspect, which implies identifying multiple
aspects and their polarities is more challenging.
In the case of multiple-aspect, our Explicit Self-
Supervised Strategies leads significant sentence-
level accuracy improvements of 2.54% (61.70%
→ 64.24%) and 3.74% (48.60% → 52.34%) on
the REST14 and REST15 datasets, respectively.
However, we observe only small improvements

in sentence-level accuracy on both datasets when
the sentence contains single-aspect. From these
observations, we demonstrate that our proposed
method is highly effective for the case when the
sentence contains multiple aspects.

4 Conclusion

In this paper, we proposed the Deep Contextual-
ized Relation-Aware Network (DCRAN) for aspect-
based sentiment analysis. DCRAN allows interac-
tion between subtasks implicitly in a more effective
manner and two explicit self-supervised strategies
for deep context- and relation-aware learning. We
obtained the new state-of-the-art results on three
widely used benchmarks.
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