2022-3-3

RIVFRRAVFBZRWI
FXAODELRDTHFRMIBITBRIEDR

TRET W T

EFRNRERERY 7 b = 7SR

1. 1ILC®IC

7 ¥ 2 MEIESIE T F 2 b D 5 RIE B BN 3
AT 2EMTHS. ZoEMIE, B-&--=H-FL
Wo 2ZRDKIG E TS 2 FIEDTEET 55, IR
TREAHT 4T RO T4 7D 2MHENRE LI=0H e
g 2 ¥ BEIEORE W2, EREE I o H
HEEL o T3, HARGBIZBWT, k> 5iTbh
TWABEZEDRIEDHTDZ X, BRIEEFEEHW
N—=NR=ZADFETHZ. LrL, L—IRN—=ZAD
FIETIIUEHRAIRZREBOREIC KD, XROHA|
DEE LW WO RBENFEET 5. 7F R MZIdtk4
RIBENEENTWS =0, BSOS 721 Tk
Tt ir —20GFEET 2 YD, 2070, ZEOKE
IR ZR X2 2 ICIRERENDD, FOFER
WIEZEDT—Xty MREEZEOEMPLETH
2rBEZLNS. LaL, BIFEIEMEE O ENR
DOHFTHHBWEREMETH 2. 200, KIFD
BT ERROBERRED &, T— Xty FOERIZ, XD
AR NP MBRATTHDILEZILNS.

EitoBEE» S, 5% FAWz Distant supervision
W& D, BREMCBI 2HH7T — X% BEIEERT %
WMFEHTEET 5. Distant supervision {ZHIFER— 2 %>
SELNZTFE»D 2D LIET— X 5BRE M
L, #Ei7— 22 EABERT 2 FETH 2 2. BT
DERERBFICHWONA2HEEZFAL, 51U DI
NFEPRTEEZONDEREEERTS. 2L T, &
BN FREEAETXIAMIERLEEERZET W
SNERBEE, ZOTFAMIBEIRNLENEGT 3
CWOFIETHZ Y. ZOFIETE, Kax TR
DT — X2 HHFMRTEZ. LiL, T—XHI
JAZXMREEND Z 2R, BXFKIEe OBRMED
R FBIN R BRPEREZZATLES Z M
Y.

FIT, BAEFERAWTHBA R L =207 —
REHUNTFE L, ZROEIEINEER M X823
ZrEHMNE LEFEERREL WS Y. AFIETIE,
B FNRT E 2 605 G2 BB R F51E % Fw
TERTDHZeT, REREHIT—X24EKT 5. %
LT, FOF—REHEYNFEE T 2-DITILF R
EEEEATS. RAFRAZER X, HHOR R

Sentiment Analysis in Texts with Different Domains using
Multi-task Learning

Haruki ASANO', Masafumi MATSUHARA?

TGraduate School of Software and Information Science, Iwate
Prefectural University, Faculty of Software and Information
Science, Iwate Prefectural University

N 3
HFRKEY 7 b U = TR

EHFEITHEYETZ2FETH S, ZOEEEIIEEHET 2
R A7 % HETHE LIGEC, FE, ®250IEEK
A2 DEERZFAEXRZZPHSNTNS,
TEFRA DR FNPETEEZ LN EIGE T
FTERA BT THMERAZ L EFRL, Iz EE
DR A7 DB R Z 71N, ZOUHIZ X - T,
EF LG O T EMEPER N 2 S OEAIEEIN
5kl BRIEMMCARRIEROAZESE, &
B oMiEzA ELXE2 2 ZHBELTWS.
ARTIE, BT OER LT —ZD R XA
VRN R B2 25518 5, AFEOEMNE
PRELT 3. BXXFEERHWTHEAR L =0T — &
CERELZRRXALA VDT —REFHINRE L, ET1LOD
1T S & THME R R T 5.

2. BEEASE

2.1. REDH

HAFEICBWT, ZHEOEIEENRY LEIESH
TIEEEREMERICHVWS NS, I, RIERR
R IS K BB — vy F U IR EN IR L FiE
TH 2 ML-Ask BMERX AT\ 567, —f5T, *
FER UM EEE R Y L ZHEOKIE S OIFZE T,
Transformer 1% U ¥ U= EEE 2 W= 5EH
BATHZ SV, JEEENGRE LB TEX, 7
LNF v 7D 8RBIER L EXMRIZLTWVS V),
JEIBEDHTICBIT B ) Y —ARRBICEKL, BT
W7z Distant supervision 12 & D, LT Da R
FEHIRL & 5 & 32T ONTE /2. AN
X, BXFRPRTEEEZERL, BYFEELT XX
MCERLEZBES AL E2MNE5T 2 FETH 2 310,
BB ERE T IR FE TS 28R CEONE
ATEEEE T 2B FHET 2 1.
2.2. VILFRRUEE

WEICBT 2 REFEOERICI DIV F RR I
BOEANIEHINTED, 73X MESEEHTIC
BOTHHEAEFIDSZEIFET 2 D). < LF XA
Brirorerumcld, R 7EHOE
BT B TRRAZ B TARL 2220 b [EHE DRI
DEET BETANFEET S Y. ZoEFVZ, HEE
DHBAVIZET NV EHIR L, FXA UBERREZT—2%
WUNCEE T2 e BN TE S, EilETFIVCHOTHIIES
ZMMZ 32T, XDIEMICEMEZDHT2Z2DTE
%, BN~ LT 2 R 7228 (Adversarial Multi-Task
Learning) ¥ W5 FEBFHET 2 ). HONKI~LF X
2 ZHBNL, RETIE, 7ARY FR—XDIE DT



1}; : emoji out 1}? : sentiment out

Linear Linear

| ] | ]
Emoji Shared Sentiment
Encoder Enocder Encoder

2

! z;: sentiment text

z;: emoji text
X 1: RVFRRIFZEETNVNDT—FT7F %
WISHERTWS 19,

3. REFE
3.1. IBXFHET—RONE - BENT—XDERK

#2313 Unicode X7 e L TERSINT WS 20, 2
XFHEIZIVE LTRAR =V F U I T B ENT
X5, TORD, BYFEDTFRAMNEZBINET S
XiE, BRRIETHL. ZREOTFIAFY Y-
5, MXFNET X R MM T 2T L LT Twitter
API'SHIFFIRE T 5. ARBFZETIX Twitter APT % H
WTHRERBRIBIFEEZLY A —b2IEL, X
FPUOEEH VR HET — 2 2L T 5.

AFHETIE, Emotagl200 &MIENE T —X+E v b
D L IRTFORE R EFRT % 19, Emotagl200 1
150 i F & 8 MEHDKIE (B, LA, W,
Bx, Bb, Adh, BEE B r odEAMEDL, 9 ADFE
iEICE->T7 /T —a>EhTW5b. Emotagl200
WWHEO X, a0 Fr SEEOBIEMEICERT 5.

3.2. TWIFRRUVFBOHKE

ARFETIHESCF TR & BIEE TR O 2 & 27 % %)
Ry LTz, BEEYER—ZADINFRRAZFEEEITS
ETFADT —FT 7 F v ERLITRT. EXRAZEY
VIV DML T T = RN B TRy
Dy 2RO, tIZRAZDIATHD, BXFFHZ 1,
BIEETHZ 255, bbb, Dy = {af,yi})L, T
HY, ot FRA7tDjEHOANTFA TN,
YAZZEDINVTHS. 7 AMDANBKE 25 € R
THY, 1IF—r v RE, X7 FMILVOZHERIZHED
index TH 3. 2B, ¥—Fr Y RAIMTEEOERIZX-T
padding &4, BEEREK5.

THFAMI =2 F A4 XE N1, Shared Encoder
¥ 2 X V[EHD Encoder IZASIEN, FNZHDFRH
BERREMINS. Z20%, ZOOREELINE L 2HES
TH5IETEEARIZDOWNERD 5. BIEGHHTIE—
DHGE WERBETHOTHFXAVDEWICEIDE
WREWHKEL BREr—203H 5% 8. 2D, K
WRIBMETEI . B2 2 K X A4 9 B UIUE U e+t
XT— XV, HEMETLTLE S BhDD

Thttps://developer.twitter.com/en/docs/twitter-api

5. ZIZT, AFETEAHOHBIZEC X 2HEERT
ZPi< iz, HEBZITER AR ZEGOER
BMLTWS W,

3.3. BERT IC& % Text Encoding

ARFETiE Enocoder 12 BERT (Bidirectional En-
coder Representations from Transformers) % 23
D 3T, A ah 3EDABRIE d, 12 Word Em-
bedding X H € RI*de [o X3, [ET a—
T4 v e XD T o724, K (1) 1ITX D query,
key, value X7 hMLEEHT 3.

Qi:HWiQ
K, = HWX (1)
V,=HW/

i 13 Attention head DA > F v 7 2% KL, WY ¢
Réexdq WK ¢ Rdexdr WV ¢ Rdexdv |JEFHEBE DI
LR AT 2EAMTIITHS. 2L T, X (2)1TkD,
Multi-Head Attention %353 5.

Q'K

Vi

MultiHead(Q, K, V) = Concat(heady, ..., heady, )W
where head; = Attention(Q;, K;, V)

Attention(Q);, K, V;) = softmax( WV,

(2)

HIELD head % Concat L, WO € Rhdvxde 12X b 3
 OHDAARTTICRT. #BOIEALZ @A L, &
FEAIC GELU B3 32 2 e T 218 5.

¥, ooz, LEHFEEBERTE
DIRFT BERT LBy a—F 2K (3) LERT 5.

H = BERT(z}) (3)

3.4. BXFFHOEH

BYFIIZLDHEHRITBVWTREERTHEZ b D.
Z0kD, TFATEANEL, EEINTVEIRY
FEFUNTEEXZAI7051%, TFR L BEEL OBR
HERIAHBERLIEONZEEZ NS D,

EXFTRD7 —F 77 F % %K 212”7, Encoder
IZBERT ZFWVWTWA7=H, ANTE27FXMOXHE
& [CLS], 3XRIX [SEP] b—=2 > ti25. FHlT25
NI G XN TV AR FE D Emotagl1 200 DET &
5. ZD®, BXFETFHEERLTWVWDD, FEEIC
R FELSERINZREEE TSI 227 TH
5. HIBXTFETRT 20TIERL, BXTFPRT
EZONDEEETFHT 2 e TiaXF B0
Ty YIS 2 HWDDH B.

7TX¥ X b x]l AT T HIEE @ Encoder ¥ KIHE
Tl & 27 v HH X7 Encoder ICENZHNATIL,
BRAVIRAE Homoji € R ¥ Hparea € R4 R



Emotagl2000@ X7
[1, 0, 0.42, 0.39, 0, 0, 0, 0.5]
[ Linear ]

T
L] ] ]

y

Shared BERT

Tokenize and input

|
BLLTT

N
A am

{ Emoji BERT
BLLTTE

2 IRXFFUMOEE

35.

Hemoji = BERTemoji(le‘) (4)
H jharea = BERTshared (le) (5)

2O, TP [CLS] (HHET 2 BAURIES I
U7 % 2 M Conop € R2 2HHL, 24
5 THhERDB.

Cemoji = Conca‘t(Hemoji,[CLS]a Hshared,[CLS]) (6)
9} = ComojW' + ' (7)

3.5. #EEROEH

SRNFRRATEETIX, FXA7OEENEH IR
5720, BREWRERLIEX, ho®2EET2Z82T
kdohd, AFETIEN (8) TRIKERERD 3.

L=MLe+ L, (8)

At DEANRTI A =R Lo THRFTROEEL, &,
RIGIE TR O L, 255 %.

DL ITAFHEICBVWTC, LR TR
LS 2 I T, MXTFTHERAS TR LNIAR
B2 R ETNCEES 5. 150 N H G ot
WHISIER L, BErottiEzm €5 2 e
Hitrsns.

4. RER
4.1. 72ty h

G D T — &ty MMZE WRIME'™®) ¥ Japanese
Realistic Textual Entailment Corpus!® % W 3.
WRIME 338 & B8 ORRD2 S5, 7F R M
BU, LA, Wifs, Bx Kb, Bh, #E EEHo
8 IRIEAY 4 BXFE (0: - 1: 55 - 2: Hp + 3: 38) T 7~
ENTWVW3. BHOMSTIX, 3 ANOFHEIEICT /77—
YaryIhTws., SEOEBRIIEBOHLTHNEG

£ 1 FEELEBILTFEY Y T

B | fexF Name HEEK
B2U smiling face 531
HEL A ® crying face 2,389
Ex i exclamation mark 2,517
2xh ® pouting face 10,252
i ® fearful face 4,034
g & thumbs down 5,361
(L () kissing face with smiling eyes | 9,799

N3 ANDTNMEERFEE LI-b DAV, T—4
EEUIME 0, FeRME 1 ICIERET 2. £/, ¥8ty

b, MEEE Y b, TR My FOEIEEAZ 30,000,
2,500, 2,500 &7 o> TW\W53.

Japanese Realistic Textual Entailment Corpus (&
CxbAREBRHINTVERT VLY 2 —h b4
NEEETF— &ty b TH 5. EIEOEIIEY
TAT, AT 47, =2a—bFizoTWVWb. %7z,
FEEy b, MEEEy b, TA MRy PO ERETR
3,888, 1,112, 533 o TW53. AWIZETIX, ZHED
BIFICHESEYTTWED, FXMVDORRZT—&
WBIF AN ETRT EDICAT— &ty g FEN
R LTHWS.

BXFFUDOT— Rty MINRE R BT EE
YA — BT A2 TEREINS. SHEIE Emo-
tagl200 DFEIEH 7 TV IZBW TR DIEIK E VIR
Fr, TOREORFIEF e LN L. £, B
NP A I LT, BRIED T3 BRI
BB TDF—N—HF T T RIToT T—
Xty FNTHES 1L EOSNVEER L= 25, #
BOIRUHPRDEL 11,391 FThHo7-. 22T, #f
RERL FRBOREFELTFEELTF A M 11,391
Y IORNVBDEDT B L, R LY FE, B
TV INEER 1ITRT. BB, ZL0ME5X
WAL TEBD, PR ERE R 2GS D 2 0
7HMEEINTVWE20, FEED 7 OVEEIZ5E
BITHFIT I o TUTV R,

BXFFMoTF—&2ty b2 WRIME 2855 %
SNS DT F A MBESLNTWE D, [A— KX ALY
DF—REy b2 LTIABZENTES., —FT,
Japanese Realistic Textual Entailment Corpus =7 /b
DLEa—TFRXMNTHD7D, BT +—~<IiLix
TXANTHEZEEZOLNS. ZDD, BXFETH
DT =Rty bIEERDZ XL DT =Ry bE
LTIRABIENTE 3.

4.2. HBREFTI

LEOIIE IS Y T 5 KBTI, UFOET LD
PERE LLBET 5.

e BERTpAsE : WRIME % AW TEIEET
HoxE

e BERT suc : WRIME & #SCF Tl 7 —
2ty bR TEHETHOFE



7 2: £E7 10 PaAk, Rak, Fak

model Pal P@2 Pa@3

R@1

R@2 R@3 FQ@l F@2 FaQ3

BERTBASE 698  .b72 467
BERT avc 678  .b35  .446
BERTsp-mT1, .724 .581 .471

443 672 790 542 618 587
427 .627 756 524 .BT7  .561
.458 .680 .799 .561 .626 .593

e BERTsp.vitr, - WRIME ¥ #&CFF I
T—=xty bEHWT, HHEEE AR
[EE DT ILT &R Z¥E GRETFR

BERTaug & WRIME X FTFHl7T—%ty b %
BELEDOZREBETHE LTEELEETLTH
. MXFTHT =&ty M Emotagl200 12 X - T,
WRIME (A4 73V ORIGEICEHEI N TV S 72D,
WETAIENTES. ZOEFIME, YLFRRIE
BOETVEERD, FTPHT—2ty POIN
AH WRIME & R ICEE 5. WRIME i [0, 3]
DF Ly 0, 1] ITIEHEEATE D, Emotagl200
HFERIC[0,1] TH . ZD7®, Emotagl200 DT
Ny &y OXEBIfRIF y = 3y ITR->TWVW5.
AIHT AT - RIT 4 TR T 5ERTIE, DU
TOETILOMERER LT 5.

e BERTpAsE - Japanese Realistic Textual
Entailment Corpus % F W CRIEE T8
D¥H

o BERTgp.mr, - Japanese Realistic Tex-
tual Entailment Corpus & &7 Tl
F—Xty bEHAWT, HEEL XY
EHDE T~ ILF RR ¥ (REFIH

2B, WINOETFTMIBWTHHILKFOEHRE
TR T2 HAGE BERT JlfEAE7 L2 2 H
W5,
4.3. FBRE

Encoder IV % BERT &, B : 12, BEihikiE
DRIT . 768, Attention head DL 1 12 7> THD,
= VRARIE64ELTWE, AT 44—
AdaBound??”) % fv, 2EEROYIHAMEIX 1 x 107°, &%
%@?%ﬁaﬁgbi 1x 1072 ThHs. BERTSP-MTL @?”&?ﬁﬁi
WCHWREART X —X A1, Aol 2 DI —
IR XL, #hz2h04, 06 ITREL TV
5. XF TR INTEFRERE Ay, ERREK
121& MSE (Mean squared error) %W 3. WRIME
DEBR DM NCIET 7 E 4 FEEL, Japanese Real-
istic Textual Entailment Corpus O F KD H 7121
Softmax BEEZ W 5. HEEREICIZVWFNS, Binary
cross entropy ZHW 5.

4.4. FHMEISIE

WRIME 33 % #Eiic i PQk, RQk, FQk %
W3, wIFFOLGEHICBOWTIE, TRLDRITE

2https://huggingface.co/cl-tohoku/bert-base-japanese-
whole-word-masking

3% 3: Precison, Recall, FfHi®D~ 2 0¥

model Precision Recall F
BERTgAsE .85 .79 .82
BERTspyrr, .85 82 .83

IFHIRINIC, B4 YRR APV ED T L L e
fE5XNTOVRWEENZ W, 2070, EAifaffs
ERGIC LI 7 v ZFHTIA I S5 2D, WRIME O
TRIZBWTH, HEREEZ LN 1~3FFETH
2rEZLNS. 2D, BEREIGOHIN 2
B339 v 7HEEHAV 5.

Japanese Realistic Textual Entailment Corpus (X}
T RIMEICIE, KT 4T, ma— kI, RHT A
ZNWZBIT %, Precison, Recall, F{ED~ 2 a5 %
W3,

4.5. BRESUVEER

£ 2 IZHEET LD PaAk, RAk, FQk #/xR3. £ 2
X D, BERTsp.vrr, @ T ¥ 746153, BERTgasE,
BERT auc &L, TRTHELTWS Z & 25HER
TE3%. FiofRLy, EELRIGEEZERINT 2HE0H
RIAFRRAZEFIZ X oTHELI-Z D005, —
T, BERT sug 3MBDEF L LB, HREDE L K
TLTW3. ZoOfERIE, WRIME 22X FFHlT—
Xty MENZBIT B T L DOXILERDSEY Tl ino 72
CEeHFEETHRZEEZLND. T, BXTFTHIT—
RNIZEEND /A RITEFNTHE L TLE-/2Z 8
HIFEETH 2 e EZ NS, SNLDEART 2 —=
VTR THREDREI NS AREED H B DY, J
AZXDT 4 NERY Y TRAT—Y VI RED, BKIEH
WCERBRARZ VI ZEETEIEDTES LT X
A7FBOFH, ENMBFEETHLeEZLNS.

# 3 ZHKET VD Precison, Recall, FED~ 7 0
V¥ EIRT. £3 XD, BERTsp.vrn KB 2 MHRED
M EDSHRTE 2. ZDEIIC, BYFTHTF—&D
F XA UHREMT AR B 255180 THATIEN
R TH B Z LRI

SEDEEBETIX, AT 47« RIT 4 T EREHXT
KT BHETH, WRIME O%E L RO SIFT
HF—Zty PEHAVWTWS., XTI 8 HOREIEIC
BHINTWED, ZOSHEHOKIEEFHT XA
MBEIHT 47 « RIT 4 THEICERBAGERRZ
BEZZEeMNTER. £oT, SBIVINER T~
DRBEAIHNT 47« ROT 4 7OF—XITHRELT
5 Z e TEBITHEENM LT 2D D 5.



5. &HDIC

BAFAITICB VT, BROBHRME» ST -2ty
FOERRICa R Y 35, 22T, HAIIEXFZ2H
WTHE T — &2 2 HEERL, ZhE~LF R R T
BIHH X5 FEZIRELTVWS. BRI, &
A Z[EE®D BERT & % A7 B THHE N7 BERT % &
I}, FNZFND Encoder 2> 615 5N FRE RS
T, BEECECFETFUTZ2ETAEMELL. R
T, EFNVOLEBEROMER X DT 54K
L7ZliT — &2 D R X A VDR Bz 25812
BOWTHARFEPANTHE e RRLT

SR, IBLFOV Y TABRERT 27~ v
EEFEL, XhETFTALOHUREEZM EXEZZLDTE
IR FORERY > T, B LG T L ER
HFLTWFETH 3.

St
ARIfFED—ERIE JSPS R #E: 21K12611 DRI %%
72D ThH 3.

BE3

1) Nafis Irtiza Tripto and Mohammed Eunus Ali. De-
tecting multilabel sentiment and emotions from
bangla youtube comments. In 2018 International
Conference on Bangla Speech and Language Process-
ing (ICBSLP), pp. 1-6, 2018.

2) Mike Mintz, Steven Bills, Rion Snow, and Daniel Ju-
rafsky. Distant supervision for relation extraction
without labeled data. In Proceedings of the Joint
Conference of the 47th Annual Meeting of the ACL
and the 4th International Joint Conference on Nat-
ural Language Processing of the AFNLP, pp. 1003—
1011, Suntec, Singapore, August 2009.

3) MGE, EIBR%, FHRER(C. VA — o EEmERE
£ FILDFIFEFINEIC BT B F ORI . HEEL 1E
#, Vol. 32, No. 5, pp. 923-933, 2020.

4) TREFHEIE, MRECRESC. RRC7 173 2 IRIB 34T D Bl X 2
7Y LIe=VFRRAIEEFIE 9 HEASENLME >
VEY Y A, Vol. 2022-NL-254, No. 2, Nov 2022.

5) Michal Ptaszynski, Pawel Dybala, Rafal Rzepka,
Kenji Araki, and Fumito Masui. Ml-ask: Open source
affect analysis software for textual input in japanese.
Journal of Open Research Software, Vol. 5, No. 1,
p. 16, 2017.

6) FBAR K, FlIEE, HEEE. VY —>x X7 4 72 H
WeFTR o m B B BIEAL DT N THIREY:
£FSCEE, Vol. 35, No. 4, pp. F-K45-1-7, 2020.

7) RHR, EEER oY Ty Y 0a—HIcE 2 2R
ERLa > 7Y VB TIRORA. HRILEE R
#%, Vol. 61, No. 6, pp. 1200-1209, jun. 2020.

8) Wenhao Ying, Rong Xiang, and Qin Lu. Improv-
ing multi-label emotion classification by integrating
both general and domain-specific knowledge. In
Proceedings of the 5th Workshop on Noisy User-
generated Text (W-NUT 2019), pp. 316-321, Hong
Kong, China, November 2019.

9) Neel Kant, Raul Puri, Nikolai Yakovenko, and Bryan
Catanzaro. Practical text classification with large
pre-trained language models, 2018.

10) Jared Suttles and Nancy Ide. Distant supervision
for emotion classification with discrete binary values.

11)

12)

13)

14)

15)

16)

17)

18)

19)

20)

21)

In International Conference on Intelligent Text Pro-
cessing and Computational Linguistics, pp. 121-136.
Springer, 2013.

Bjarke Felbo, Alan Mislove, Anders Sggaard, Iyad
Rahwan, and Sune Lehmann. Using millions of emoji
occurrences to learn any-domain representations for
detecting sentiment, emotion and sarcasm. In Pro-
ceedings of the 2017 Conference on Empirical Meth-
ods in Natural Language Processing, pp. 1615-1625,
Copenhagen, Denmark, September 2017.

Jian Zhang, Ke Yan, and Yuchang Mo. Multi-task
learning for sentiment analysis with hard-sharing and

task recognition mechanisms. Information, Vol. 12,
No. 5, 2021.

Pengfei Liu, Xipeng Qiu, and Xuanjing Huang. Re-
current neural network for text classification with
multi-task learning. In Proceedings of the Twenty-
Fifth International Joint Conference on Artificial In-
telligence, IJCAT’16, pp. 2873—2879. AAAIT Press,
2016.

Pengfei Liu, Xipeng Qiu, and Xuanjing Huang. Ad-
versarial multi-task learning for text classification. In
Proceedings of the 55th Annual Meeting of the Associ-
ation for Computational Linguistics (Volume 1: Long
Papers), pp. 1-10, Vancouver, Canada, July 2017.

Bin Liang, Rongdi Yin, Lin Gui, Jiachen Du, Yu-
lan He, and Ruifeng Xu. Aspect-invariant sentiment
features learning: Adversarial multi-task learning for
aspect-based sentiment analysis. New York, NY,
USA, 2020. Association for Computing Machinery.

Abu Awal Md Shoeb and Gerard de Melo. Emo-
Tagl200: Understanding the association between
emojis and emotions. In Proceedings of the 2020
Conference on Empirical Methods in Natural Lan-
guage Processing (EMNLP), pp. 8957-8967, Online,
November 2020.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. BERT: Pre-training of deep bidi-
rectional transformers for language understanding.
In Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers), pp. 4171-4186,
Minneapolis, Minnesota, June 2019.

Tomoyuki Kajiwara, Chenhui Chu, Noriko Takemura,
Yuta Nakashima, and Hajime Nagahara. WRIME: A
new dataset for emotional intensity estimation with
subjective and objective annotations. In Proceedings
of the 2021 Conference of the North American Chap-
ter of the Association for Computational Linguistics:
Human Language Technologies, pp. 2095-2104, On-
line, June 2021.

Yuta Hayashibe. Japanese realistic textual entailment
corpus. In Proceedings of the Twelfth Language Re-
sources and Evaluation Conference, pp. 6827-6834,
Marseille, France, May 2020. European Language Re-
sources Association.

Liangchen Luo, Yuanhao Xiong, Yan Liu, and
Xu Sun. Adaptive gradient methods with dynamic
bound of learning rate. In Proceedings of the 7th In-
ternational Conference on Learning Representations,
New Orleans, Louisiana, May 2019.

Jingzhou Liu, Wei-Cheng Chang, Yuexin Wu, and
Yiming Yang. Deep learning for extreme multi-label
text classification. In Proceedings of the 40th Interna-
tional ACM SIGIR Conference on Research and De-
velopment in Information Retrieval, SIGIR 17, New
York, NY, USA, 2017.



