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Overall , decent food at a good price , with friendly people.

< food, FOOD#QUALITY, neutral>

< food, FOOD#PRICES, positive> < people, SERVICE#GENERAL. positive>

(Figure 2) The architecture and a running example for the TAS-BERT model

(Hai Wan et al. 2020)
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The|lunch menufis an awesome deal! lDinnersll]a\‘c always been excellent, in terms of food quality.
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FOOD#PRICES, positive

target

t f
FOOD#QUALITY. positive

The specialty here is decadent [pancakes] but I've been back now four times, and I've been wowed every time.

t

t

FOODAQUALITY. positive

target

target

The - is great, no night better or worse, the bar tenders are generous with the pouring, and the lightcnedwill lift your sprits.

t

1 ]

AMBIENCE#GENERAL, positive

(Figure 3) Example of Sentences that TAS-BERT failed to predict

7oA & Z=32 2 CRES BIO B}
ZE gl tFH 9} TO B =3¢

ae@h w3, ot Al EASA 2okd wol

(Out of the vocabulary) &A|E s 23}7] ¢35l
A 71 HFAF vl (Longest Prefix Match),
3 (Split Word) 55 ARSI

7}

o]

TAS-BERT+ TASD, 7181 ABSA &9 9

oA BE 28 HA5S 1Yyt &3] 4EH

B}

2L EAO A 38 o] e B, rAe
A& A 7Fed olF1 2 Ure Tl £
Aol A ARl e el ATk FAASL
A Al Z, SemEval Restaurant-2015 H]o]|EJ Al A=
57519 F1 H4E 243393, Restaurant-2016
tolE Al A= 65.899] F1 A4S AT

B A A= TAS-BERTOIA Aso] 714 =

=

g o] RB& BIO Bj7)3 CRFE AR&3SH

TAS-BERT-SW-BIO-CRF 45 Hlal7 O &
of AFE 3T
32| TAS-BERTOl= A97 &g 2t

2slx) Bk @77 EAR ofd 19

oo

AL
A=

3

=

°
L

71& mdlo] & dwebr] Het=
o} ol& AWEH, Ad-ES A5se A
ANA a3 H4 dojSo] 7E °|F

wslol e, 53, vhAet o) 4
2710 #A3 R FHE] “music is great”,

,,c‘_o

rr
S
ol
ofN
e
e
2

“the lightened atmosphere”, “lift your sprits
2 24 ol & olF E4tso] yehd ok
=, 71€ 2] A9 ©of 2k duaAE w4
AL FHojuh, 7+ 1]
HAE Az 2384 Xk dA7F At
B Aol olgl &2 FAIE CNN2| EH
AHg3l s dstaiat siitt. BEE Tl 4%
a71e] 7o SAe FEL T A, E8<
6H H-d3 A719] dF gez
< 33 o]E HEoRE A
%éi ARgte] Sk Al z
SRS Sgon, st Fal 7Ee)
Mgl 9704 eSS,

(B
r 0
B L
2
o o o
)
o my PN ox o o



3. Hgr 24
3.1 g7 MA HiE
B AT 2k 716k 2 4] s fle)
StM ¥ TAS-BERTS| 458 ®ol& AL
E=Z 3Th TAS-BERTE= =249 AA|2 TASD
ofl A EE AeS HolAR & 74 FAH
143199t TAS-BERTZ} BERT, & Edll~

=
k)

94 7]ukol7] wEo) Tol shtatitel
ol AL ol wol7} Rol

O

by
D
$
i

w5}

L R O F 300E

ol F1 HA4E Ho]

fa o ria b o Ao o H
i

s

N

M = o
o fo
I

re
-
2
2
rir
—
>
¢
=
&

Al (Linear Layer)= U3l 2AHd-724-& oS3t
A, ¥ wdoj| X BERTO A& AS3 CNNE&
BEE Agste A4S dSdh

Data Collection

Data Preprocessing

Sentiment Analysis Model
Training

Aspect and Sentiment
Extraction

‘ ‘ Target Word Extraction

(Figure 4) The overall process of the
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Overall , decent food at a good price , with friendly people.
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< food, FOOD#QUALITY. neutral= < people, SERVICE#GENERAL. positive=

< food. FOOD#PRICES. positive=

(Figure 5) The architecture and a running example for the proposed model
‘BERT with CNN Auxiliary Loss’
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CNN E=x &4

(Table 1) SemEval Dataset

id = 1014458:3

target: wine list
target: wine list

The wine list is interesting and has many good values.
aspect: DRINKS#STYLE OPTIONS
aspect: DRINKS#PRICES

sentiment: positive
sentiment: positive

id = 1014458:4

target: NULL
target: NULL

For the price, you cannot eat this well in Manhattan.
aspect: FOOD#QUALITY
aspect: RESTAURANT#PRICES

sentiment: positive
sentiment: positive

id = 1028246:1

target: service

target: oysters aspect: FOOD#QUALITY

Service was devine, oysters where a sensual as they come, and the price can't be beat!!!
aspect: SERVICE#GENERAL

sentiment: positive
sentiment: positive
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(Table 2) Statistic about the number of aspect, sentiment labels per sentence of dataset

Aspect Sentiment
Dataset Sentences
single multi positive neutral negative
Train 1117 825 292 1083 52 369
Resl5
Test 580 417 163 413 45 329
Train 1702 1244 458 1501 100 679
Resl6
test 585 450 135 513 42 195
(Table 3) Data pre-processing based on aspect-sentiment pairs
Sentence_ID | Yes_No | Aspect_Sentiment Sentence(Review) Ner_Tags
. . . 0O00O0O00O0O0O
11042930 | Restaurant' general | Judging from previous posts this used to OOBOOOOO
negative be a good place, but not any longer o
. . . O00O0O0O0O0O
11042930 0 Restaurar}t. general | Judging from previous posts this used to 0O0OBOOOOO
positive be a good place, but not any longer o
. . . O000O00O0O
1104293:0 0 Restaurant general | Judging from previous posts this used to OOBOOOOO
neutral be a good place, but not any longer o
1104293:0 0 Judging from previous posts this used to | O O O O O O O O
’ be a good place, but not any longer OO0OB
Foizl HolHE nigo g 74 7+ 74, 3 Al ot 8- <Table 3>l #kH3] LER}
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(Table 4) Model performance (F1-score) comparison based on batch size

Data set Batch size 8 32 64 128
TAS-BERT 29 48 50 45
TAS-BERT with CNN 41 51 5 4
Restaurant - 2015 auxiliary loss(1D)
TAS-BERT with CNN
auxiliary loss(2D) 4 30 53 50
TAS-BERT 37 60 59 57
TAS—BERT with CNN 47 5 6 s
Restaurant - 2016 auxiliary loss(1D)
TAS-BERT with CNN
auxiliary loss(2D) 32 60 60 60

(Table 5) Model performance(F1-score) comparison based on epoch

Data set Number of epoch 5 10 20 20 0

TAS-BERT 29 34 27 45 "
TAS-BERT with CNN

Restaurant - 2015 auxiliary loss(1D) 41 42 46 46 43
TAS-BERT with CNN

auxiliary loss(2D) 43 42 38 48 47

TAS-BERT 37 47 52 54 54
TAS-BERT with CNN

Restaurant - 2016 auxiliary loss(1D) 47 54 54 54 57
TAS-BERT with CNN

auxiliary loss(2D) 52 56 55 56 56
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Abstract

Target-Aspect-Sentiment Joint Detection with
CNN Auxiliary Loss for Aspect-Based Sentiment
Analysis

Min Jin Jeon* - Ji Won Hwang** - Jong Woo Kim***

Aspect Based Sentiment Analysis (ABSA), which analyzes sentiment based on aspects that appear
in the text, is drawing attention because it can be used in various business industries. ABSA is a study
that analyzes sentiment by aspects for multiple aspects that a text has. It is being studied in various forms
depending on the purpose, such as analyzing all targets or just aspects and sentiments. Here, the aspect
refers to the property of a target, and the target refers to the text that causes the sentiment. For example,
for restaurant reviews, you could set the aspect into food taste, food price, quality of service, mood of

the restaurant, etc. Also, if there is a review that says, "The pasta was delicious, but the salad was not,"

the words "steak" and "salad," which are directly mentioned in the sentence, become the “target.”

So far, in ABSA, most studies have analyzed sentiment only based on aspects or targets. However,
even with the same aspects or targets, sentiment analysis may be inaccurate. Instances would be when
aspects or sentiment are divided or when sentiment exists without a target. For example, sentences like,
"Pizza and the salad were good, but the steak was disappointing." Although the aspect of this sentence
is limited to “food,” conflicting sentiments coexist. In addition, in the case of sentences such as "Shrimp
was delicious, but the price was extravagant," although the target here is “shrimp,” there are opposite
sentiments coexisting that are dependent on the aspect. Finally, in sentences like "The food arrived too
late and is cold now." there is no target (NULL), but it transmits a negative sentiment toward the aspect
"service." Like this, failure to consider both aspects and targets - when sentiment or aspect is divided
or when sentiment exists without a target - creates a dual dependency problem.

To address this problem, this research analyzes sentiment by considering both aspects and targets

* Department of financial management, Hanyang University
** School of Business, Hanyang University
*** Corresponding author: Jong Woo Kim
School of Business, Hanyang University
222 Wangshimni-ro, Seongdong-gu, Seoul 04763, Korea
Tel: +82-2-2220-1067, Fax: +82-2-2220-1169, E-mail: kjw@hanyang.ac.kr
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(Target-Aspect-Sentiment Detection, hereby TASD). This study detected the limitations of existing research
in the field of TASD: local contexts are not fully captured, and the number of epochs and batch size
dramatically lowers the Fl-score. The current model excels in spotting overall context and relations
between each word. However, it struggles with phrases in the local context and is relatively slow when
learning. Therefore, this study tries to improve the model's performance.

To achieve the objective of this research, we additionally used auxiliary loss in aspect-sentiment
classification by constructing CNN(Convolutional Neural Network) layers parallel to existing models. If
existing models have analyzed aspect-sentiment through BERT encoding, Pooler, and Linear layers, this
research added CNN layer-adaptive average pooling to existing models, and learning was progressed by
adding additional loss values for aspect-sentiment to existing loss. In other words, when learning, the
auxiliary loss, computed through CNN layers, allowed the local context to be captured more fitted. After
learning, the model is designed to do aspect-sentiment analysis through the existing method.

To evaluate the performance of this model, two datasets, SemEval-2015 task 12 and SemEval-2016
task 5, were used and the fl-score increased compared to the existing models. When the batch was 8 and
epoch was 5, the difference was largest between the Fl-score of existing models and this study with 29
and 45, respectively. Even when batch and epoch were adjusted, the Fl-scores were higher than the existing
models. It can be said that even when the batch and epoch numbers were small, they can be learned
effectively compared to the existing models. Therefore, it can be useful in situations where resources are
limited.

Through this study, aspect-based sentiments can be more accurately analyzed. Through various uses
in business, such as development or establishing marketing strategies, both consumers and sellers will be
able to make efficient decisions. In addition, it is believed that the model can be fully learned and utilized
by small businesses, those that do not have much data, given that they use a pre-training model and

recorded a relatively high Fl-score even with limited resources.

Key Words : Online review analysis, ABSA, TASD, CNN, BERT
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