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doyatonansiielvlunaidilalaseaiimianim
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fureIN LavnsiEnw WuhAe Language

Model JuLa3

(i )

Al )
A )

BERT

At 8 $uves Encoder melulinnanuy
BERT2.2 Fine-tuning BERT

Fine-tuning BERT Aan1susuluiaaluy
BERT Tivineutanng (specific task) @139 1a
iefiaglimluaauuy BERT a1ansavinaiudiuns
FuuNANTEN (Sentiment Classification) gy
azdestidieya 159U59m97 Tripadvisor Az
foyaonarsuuuiinaraaua dgnszuaunisi
Tuvaziferiulananuy BERT azgaideuselin
Aulunad1nsun1sTnunaNTan 499z
Usznauaay Fully-connected Layer wagilendu
SoftMax Imsﬂ:umaﬁm%’umiaﬁ’wLLuﬂmmifﬁﬂﬁ o
Aofuiifulaaauuy BERT fisuvisvadinidu
[cLs] Fadulmfudviuanusiuunionans (Text
Classification) I encoder ﬂ?uuuqm uaNIINTY
luimauuy BERT Felln1suan1siioug veq
encoder Fuft 1 - 6 lilhusuA1v minuay
wisflweslulusgninen1siinszuaunIg Fine-
tuning kazlUalii encoder Fuit 7 - 12 Y3udn
dmfnuarmnsiweslundougduluaadimiu
mMssuunaddn edugansruiunisudafioy
Ialunadmsun1sduunAuian (Sentiment

Classification Model) wisltluauaniziananis



TripAdvisor dataset

&

text abel SoftMax )

This hotel is good

Fully-Connected Layer }

[
3
Breakfast is not delicious 1
3

The view of the hotel is very beautiful. [Eas
LIl

o o

Encoder 7-12 (Learning Weight)

Encoder 1-6 (freeze Weight)

el

[cLs]  this hotel i 'good’  [SEP]

AT 9 TUABUNIT Fine-tuning BERT dm5Uau

IuuNANUFANHANITIY

1. feyaildlunmagey
foyaildnislunaaeunsaiduina

ﬁw%’umiﬁhLLunmmiﬁﬂw%mm‘TiqLLsuﬁy’u W

\Juyadoyaneaou (Test set) fifisuuidu

9024 Fanu MAvegluguuuuatlng .csv

AH 10 A29819UN3N500L 590U LI UNS

Nngdau

2.HAN1SNAABIVBILUAATIANYN

A15199 1 HaN1SNAaDIVBILUNaNANY)

Actual Results
Positive Neural Negative
Positive 1918 66 23
Prediction
Neural 63 1716 243
Results
Negative 11 164 1825

wanalwidurinisasreluteali 9n1597LUn

AnuFananuninsallsusudulinadnsly
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LUUBIVDIAIANTEAN AIAIUKLUEGT haze
mugndadldegnaimela esan
Tunuuead1ua Recall Wu BERT-base 11013
L%'sui:uuwimﬁad (Sequential Learning) #9938
lilunaanusadilannunaneveslsyleanse
Teaud dudeuldidusy 19 n15i5ous
wuusiaifestelsl BERT-base anunsnandiuaz
srydnuwariiiedesiudenuiifosnisdiuun
AnufAnliegrausiugy dedanaliian recall g9
wsnzlunaanansansavduteanuiiiisadesiv
AML3AN (Sentiment) laviaensdl
luuuesdaue Precision 1fu 109910 BERT-
base fiauannsalunsidilauazseydnuaed
\Aenfesiuszloanietenuideanissiuun
Au$dn lunaanansaasiadaninuiignees
\Aeafumudneenunlsiduedned Sailugnis
e precision g4

Tusuuesd1udn Accuracy 1y BERT-

=

base Uulunafidanududounasgnilnaeuse

[ o

Foyadnuaunin Jaagliarunsaduundaya
Anuiantieggnaeiugn fsuisdaalden

accuracy g9

3.n15N A ULUS 8 UL 8uNUTULAANITILUN

v
AUSENDUN

¥
=1 °

Tuideilagilaaansduunauian
fia¥1andanesiiudug vudseuiisusiuluma
N1331hUNAINTANINTIAALUUNITIUaN DY
LB ULUU BERT-base lagluinan1suun
arwiAniiaduandanediiudug duazaiiedy

Nnlueayaaeu wagnageulssansamluing

(% ¥ =

A8 UAYANAADULABINUAULLLAANITTIUA

U 9

AN Ananlueakuunsuanesuluesuuy

a a v

BERT-base warinuseanNSnnaiainauaifeany

lnglumanimaaeuiinemn 4 JURUUAS



Lot 1 Taeanisduunauidnain
Lﬁ'auﬂ'ﬂﬂﬂ&ﬁmﬁ'qm (K-Nearest Neighbor:
KNN)

ot 2 Taeanisduunauidnain
FTNNDT ALINLABT WUBT U (Support Vector
Machine: SVM)

wuuil 3 Tueanisduunanusdnanni
du (Random Forest: RF)

wuuit 4 Tueanssuunaruddnann

TUAARUUNT UENDSULUBSHUU roBERTa-base

= = =
A13199 2 agunan1svaaeulnakaziUSe sy

UszAnBA1nv0dlunaluuUsgeg

Tuna Accuracy AU AR A1 F1-
528N waiugn score

BERT-base 0.9125 0.8728 0.8922
0.9055 0.8487 0.8818 0.8649

0.9557 0.9629 0.9593

Auady 0.9035 0.9041 0.9038

roBERTa- 09238 0.9232 0.9235
base 09382 09125 0.9088 0.9106
0.9557 0.9629 0.9593

Anady 0.9307 09316 09311

KNN 0.7066 0.4047 05146
05821 0.6853 0.3886 0.4960

05122 0.9537 0.6665

Aady 0.6347 0.5823 0.5590

SVM 0.6519 0.9519 0.7738
0.7789 0.8910 0.4933 0.6350

0.9004 0.9031 0.9017

Aade 0.8144 0.7828 0.7702

RF 0.7197 0.2606 0.3826
0.4799 0.4874 0.2889 0.3628

0.4345 0.8932 0.5846

Aady 0.5472 0.4809 04433

91nAN597 2 9¥19iuln roBERTa-base
TUse@ndn1ndanan BERT base, KNN, SVM wag

Random Forest 11 sentiment classification

'
a

Wennisnaeukazn1sUTulasidenuay

FUYpUYDILULAAM roBERTa-base deliluina

2
Yoo =

Seusuasinnudeyaldftuaziiniuaninse

104

TumﬁmL%'mLLaz'ﬁwLLuﬂ‘z’J’aaﬂaﬁmmzammﬂ@ﬁu
dlosan

1.Pre-training 9819819 80: roBERTa-
base lasuni1sinasuluszauaidnilag sy
(word level) hagsea ud1UV9AT (subword
leve) Taelddoyadruruann GedeliszuuiFeous
waziladdninazanumneludsslonldants
Wnu

2 . Masked Language Model (MLM):

roBERTa-base 015k MLM Tun1sinaauluing

'
al 1

Taensilnasulunalimendnandeulilulsslen

Y

L s

Fahelilunaiouianuduiusszninaduas
Usglealadnd

3.Dynamic Masking: roBERTa-base il
31433 Dynamic Masking Tunsilnaou avinls
Aignadouliludsslaasululuudassouns
Anaeu ililunaiinisiseuianudunusvesdi
Tumasiivannvanesnntiy

4.ﬂ’]’§‘1/‘l”152§jg’1LLUUE‘i3J (Random Iteration):
roBERTa-base Idl#nsvhduuudulunisiinaou
Tnsnnslddeyanindumasidouind uuasld
N3rUIUNTq 1Ll aaf1ei08 19015 naowdl
EINTANEINTY

5.115U5UU39lAT9a319: roBERTa-base
¢unsusuudlulassadrefidudontu wu ns
LT 49 uIULaLE 8T transformer, 115U U
Arnsdnesene dsthelilueadiauanunse

TunsdnSsawagiuundeyaiani

d5Uuazanus1enan1snNaaes

a5 Ui o2 un15ld BERT-base lu
msfnuinuiliszansamidmels e
BERT (Bidirectional Encoder Representations
from Transformers) lulanansi3euiveados

AlgnsuUasan (word embeddings) wazlasedng



Transformer L aidlanaziFousnnuvangves
Ussloavedonnuilifuniy fufu BERT-base
fiauamnsalunisduundeyauuu sentiment
classification ﬁﬁLﬁaqmﬂﬂmﬁﬂwmmdﬂﬁ:

1. anuannsalunisnlannuvune
v99Usglua: BERT 9nAnaaua18n15viTungan
selulutselonandfimde Tnenisldlasey e
Transformer @3ansnsasudtuvorsamualy
Useleals 399819 BERT anunsawdilaniiumng
vpaUselornazdaninuedsasidenlamduagne
Faduusslovdlunissiuun sentiment
classification 1as91nnsuunuansiananuidn
w3 ovAuART TudouaUszluansadoninui
ABINTIATIZA

2. mat3oudvieiilos: BERT gnilnaeusne
Toyadiurumnuazdlassadrsidudou vivld
anansaseuianuduiusseninduazyselenld
DUIUNUEHL ImEJmﬂﬁfff?hLmuﬁwﬁQm%ui’ué’u
(pre-trained word embeddings) Fasauiausun
wavauduRusisade

Fefuiseadull Seldvnaveluina
11T UNITTIRUNAIINT FNUNTANTLTeuTY
A1¥18INBAINTUAANTIUA NI ULLBT WU
BERT-base Tnendunislinguuuy 3 seu Ao “1”
(Positive) “3” (Neural) “1” (Negative) 3101 @

N3NARBULAIANUYNABIBET 90.55%
v a
LaNA1581989

[1] A. Ligthart, C. Catal, and B. Tekinerdogan.
(2021). Systematic reviews in sentiment
analysis: a tertiary study. Artificial Intelligence
Review, 54: 4997-5053.

[2] N.N. Yusof, A. Mohamed and S. Abdul-

Rahman. (2015). Reviewing Classification

105

Approaches in Sentiment Analysis.
International Conference on Soft Computing in
Data Science, pp. 43-53.

[3] P. Lin and Z. Luo. (2020). A Survey of
Sentiment Analysis Based on Machine
Learning. International Conference on Natural
Language Processing and Chinese Computing,
pp. 372-387.

[4] S.T. Kokab, S. Asghar, and S. Naz. (2022).
Transformer-based deep learning models for
the sentiment analysis of social media data.
Array, 14: 1-12.

[5] S. Kandi. (2018). Handling Out-of-
Vocabulary Words in  Natural Language
Processing based on Context. Available at
https://medium.com/analytics-
vidhya/handling-out-of-vocabulary-words-in-
natural-language-processing-based-on-
context-dbbbal6214d5, Accessed on 10
October 2022

[6] J. Nelson. (2020). The Difference Between
Missing and Null Annotations. Available at
https://blog.roboflow.com/missing-and-null-
image-annotations/, Accessed on 10 October
2022

[7]1 A. Vaswani, N. Shazeer, N. Parmar, J.
Uszkoreit, L. Jones, AN. Gomez, L. Kaiser, and
. Polosukhin. (2017). 31st Conference on
Neural Information Processing Systems (NIPS
2017), pp. 1-11.

[8] Q. T. Nguyen, T. L. Nguyen, N. H. Luong and
Q. H. Ngo, "Fine-Tuning BERT for Sentiment
Analysis of Vietnamese Reviews," 2020 7th

NAFOSTED Conference on Information and



Computer Science (NICS), 2020, pp. 302-307,
doi: 10.1109/NICS51282.2020.9335899.

[91 A. J. Nair, V. G and A. Vinayak, "Comparative
study of Twitter Sentiment On COVID - 19
Tweets," 2021 5th International Conference on
Computing
Communication (ICCMC), 2021, pp. 1773-1778,
doi: 10.1109/ICCMC51019.2021.9418320.

[10] C. Lee, Z. Gao and C. -L. Tsai, "BERT-Based
Stock Market Sentiment Analysis," 2020 IEEE

Methodologies and

International  Conference on  Consumer
Electronics - Taiwan (ICCE-Taiwan), 2020, pp. 1-
2,doi:10.1109/ICCETaiwan49838.2020.9258102

[11] A. Nugumanova, Y. Baiburin and Y.
Alimzhanov, "Sentiment Analysis of Reviews in
Kazakh With Transfer Learning Techniques,"
2022 International Conference on Smart
Information Systems and Technologies (SIST),
2022,pp.1-6,doi:
10.1109/SIST54437.2022.9945811.

[12] T. Wolf, L. Debut, V. Sanh, J. Chaumond,
C. Delangue et al.  “HuggingFace’s
Transformers: State-of-the-art Natural
Language  Processing”.  arXiv:1910.03771.,
2019.

[13] Z. A. Guven, "Comparison of BERT Models
and Machine Learning Methods for Sentiment
Analysis on Turkish Tweets," 2021 6th
International  Conference on  Computer
Science and Engineering (UBMK), 2021, pp. 98-
101, doi: 10.1109/UBMK52708.2021.9559014.
[14] Y. Wu, M. Schuster, Z. Chen, Q. Le, M.
Norouzi, W. Macherey, M. Krikun, Y. Cao, Q.

Gao, K. Macherey, et al. 2016. Google’s neural

106

machine translation system: Bridging the gap
between human and machine translation.
arXiv preprint arXiv:1609.08144.

[15] J. Devlin, M. Chang, K. Lee, K. Toutanova:
BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding.

arXiv preprint arXiv:1810.04805,2018.



