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Abstract

The Aspect-Based Sentiment Analysis (ABSA) task aims to determine the fine-grained
sentiment polarity of different aspects in a sentence. How to effectively capture the
semantic information of a sentence is the key to this task. Most existing classification
methods understand the semantic information of sentences by introducing external
knowledge and designing complex modules, ignoring the noise of external parsers and
the complexity of models. In this paper, we propose a multi-task learning network
based on semantic understanding, which aims to capture the semantic information of
sentences from the original corpus through multi-task learning. This paper considers
auxiliary semantic tasks from a multi-task perspective. Two auxiliary semantic tasks
are proposed in the original dataset with shared parameters: an aspect and context
order prediction task and an aspect and context syntactic dependency prediction task,
respectively. Then, the auxiliary tasks are trained with the original aspect sentiment
classification task in a multi-task to obtain an encoder with enhanced semantic un-
derstanding. Finally, the encoder is used for the aspect sentiment classification task.
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The experimental results show that the model performs well in terms of accuracy and
Macro-F1 values on three major publicly available datasets Rest14, Lap14, and Twit-
ter.

Keywords: Aspect-based sentiment analysis , Multi-task , Order information of
Aspect-Context , Syntactic dependency information of Aspect-Context

1 5§

BRI IR N E IZH(EE, B30T, 2021)& B 1E S 40 (Natural Language Pro-
cessing, NLP ) SIS A — WAl (55 - 7 THI 5 S AT 2 o SR A5 18 77 T (B8 1A ) 175 Fed bt o S
AR ICRF X B SRR 2 7 T (B ) R N THEI, B A) T HESR T RS, H TR
i ] T B IR GERR R AR . — MR, K] RN R T T AT ISR A 53 R ARAR (Positive) ~
P (Neutral ) FIVE K (Negtive) = FRE 71 -

nsubj
- aux
cop
det @ VB det\@obl:npmod-\RBRnt—advmod JJ/punctf[]

The sta_ffshould be a bit more friendly
Figure 1: ARFEFENTIEAG]

ABSAESS E BT B S IR B2 ) 1R R B B AR « SRR E 2 BEAE B T %%
W%, A SR FEABSAES &7 A XN . R EBREIERIAN, S EERE
1B R i B RAR A, A IR Z IR AR ) 7 A0IE S - B0, 7EA)F “The staff should be a
bit more friendly .”H', fE5TH LR M 4% 2 B IERIE I AR “friendly” I ITTRF 7 THT I “staff ) €
RS B, S5 X B A R HLIE SR “should” FoR 5 @ W& S, R 77 T T “staff” Y
HESFRBANMEROZ R TE R - — 70, fE&ITHET 7 F (Zhang et al., 2019; Wang et al.,
2020a), M T RERS AT HIIRBOE WAFIE, AEAFE-LIHNRRFIR, FlaEREER, &
MR T X FINBENR, AEATEM S PO AN FEEER, RIS AR E S E
ST BWMESABSATLRINER, HTA BAMESS R 2E — RS .

ZRH PR RE, RIXANEZESEAES BT T A EEESS . 7 B SO I
M 425 (Aspect-Context Order Prediction, ACOP)FIJ7 [ I K 3 A) AR A7 7 AL 55 (Syntactic
Dependency of Aspect-Context Prediction,SDACP) - X5 £ 45 2 RoBERTa(Liu et al.,
2021) LM FRAFEBN RS S B ESS ABSARTT Z 5515 21058 118 R RN I T A1k
LM FNR R RS es B e R Z RS g T HARESSABSA « BHIRUL, AR EZE TR T

(WANXHER T ZESERT T EE RS, T E LT RS SCHE 58 7 5 B A
%5: ACOPHISDACP -

(2)Z TRoBERTaE R, Al A ACOPIES#EH T RoBERTa-ACOPHER! | il & SDACPIESS
$2&H T RoBERTa-SDACPHEZY «

(3)ETHHENAE SR H AR BUAE AT RR S B 5008, SERR A5 SRR T AN SUREAL A 2501k

2 MXTAE

WA RS RS IF R BTSN EMETHRES N % &T
VAR E TG R ZE RS ESHRNFIERTERES, FEANLSSTZEEZNFIEX
1T - Wagner(Wagner et al., 2014; Kiritchenko et al., )i F 2 T 35 [/ LA AR 52 A 7 T
B RESS - Gupta®s A (Kumar Gupta et al., 2015)fH T & TR TR EIE R FE 1T 3R
U5 ABSAESSHH R IAFAE, Jl kxR F B AWHE RIEN E RS ESFHETT R AR | TS
FEREREENFIEERR, REFHHFITERMAFEEISIINEG, B EFRMAESR . Akhtarss
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A(Akhtar et al., 2017){# R KB - FAEMLSF R mEVMES RS, RNEEER
fE - Jo% A (Jo and Oh, 2011)5| ATCIRE YL TIESEH T —FE T 0] FIBEDirichlet 5317 )
WER A BUARAS

ETIREZINTNERED W= B B BRSSP R 2 K
2% (RNN) R4 i 7 T 4 78 B A F 2% (Wang et al., 2016; Tang et al., 2016; Ma et al., 2017;
Chen et al., 2017; Fan et al., 2018; Huang et al., 2018; Gu et al., 2018), HHE T4 \HEM
55 . AN, Wang® A (Wang et al., 2016)32 H T ZETIEEVLHI A KFEHILIZ M4 (Long Short-
term Memory, LSTM)H TR IEE S XK - Tang & A(Tang et al., 2016)FChen% A (Chen
et al., 2017) 85| AZRIERE ST AR A5 45 € 77 HAE R EZIFEFEE - Fan® A (Fan et al.,
2018) f# FH 2 A1 FE TR ML RAH IR T I S H B S B HIAR A BAE R -

B B B A T B M 22 B 4% (Graph Neural Network, GNN)%F 7l 52 & 45 2 B 4% (Graph
Convolution Network, GCN)F1E ¥ & 77 M 4% (Graph Attention Network,GAT)[ /7 £ (Zhang et
al., 2019; Wang et al., 2020a; Sun et al., 2019; Huang and Carley, 2019; Zhang and Qian,
2020; Chen et al., 2020; Liang et al., 2020; Wang et al., 2020b; Tang et al., 2020; Li et al.,
2021) - Zhang&§ A (Zhang et al., 2019)F1Sun A (Sun et al., 2019)IA N FEIELEEE BX T
AR EREE, A4 ERH T ERBHML . Huang/—‘;‘%/\(Huang and Carley, 2019)51”75@?
TR EA b — D5 AR IWLA] - Zhang®5 A (Zhang and Qian, 2020)FF 2 /&3
SRR AT B AT MRS S R I SR T (15 AT B S b B SU A - Chen® A (Chen et al., 2020)7F]
TBIEES ], TERRNT A AL Bl FIRBCE Z T AE R R, IWIMIRBCE 217 sR K R 15
& o Liang&§ A (Liang et al., 2020)38 13 {3 5 1AL A B 5 FH W 28 78 EGH A7 0 g 445 5% B
5T AN RIECR - Wang® A (Wang et al., 2020a) % GAT A {EH#AT TR, M EIA_E T3
Z R ENERER ZRTTRES T, B T % RENER M4 (Relational Graph Attention
Network,R-GAT) - Li%¥ A(Li et al., 2021) M [E 2 & T A) FHE EEMAEELE, FRe T
PME R, TRIEE T RFFLE -

5 =B B R RS P0)I 25 A T B B ZEABSALE 55 B 7 o S M B9 A SR (Devlin et
al., 2018; Xu et al., 2019; Song et al., 2019), il {1Google HDevlin% A (Devlin et al.,
2018)#& i T BERT (Bidirectional Encoder Representations from Transformers)f&Z&, %A 6
FEMLM (Masked Language Model)£:55FINSP(Next Sentence Prediction) 55, SEH T [ i57H
fRZ TS ERIREE - XuZE A (Xu et al., 2019)¥% 1T TBERT-PT, EHR T & TBERTE
BRI RS IR 771% - Song(Song et al., 2019)# — 4 R 6] F B9 77 W N2 £ F 3CA) 7
B DUE RO BT SO 73 RETIBERT-SPCHIMIA « H— 7, KRBT ZRARET 1) H 45
AR EANZZ T BRE T LS R EERI, FNEAEZIZAEZRIGANEER
SR INFE AL T IR ST, X N ASUER 255 ARt T R BR AN 7 1] -

3 ZHEFHERT

3.1 HEHEX
3.1.1 ACOPHBIES

ACOPESZIBAH — AT, HWnxa FR BRI EMRT, mREEFH IR HELT
AR . AR HACOPIESS 2 B 02 ISR AR B ) FANE W R A EES E R X2
B GERE B . AR T WA X REMACOPHES: 2 REMMBIEBLI . £2 /LM
W ARSCH T EIE i SIS EAA) F RIS A E LT, AEWAA LT, SRERIETFL
E=E SRR R T PR, INFEIFR -

AIN—Fh R SEEN A, B T IRE AL IR B B R SR AR R UREAS B A RO RIB I R
NIEFEAR, R2FR - HTH E T CRBRE, MRAXFARSEIEEZHAER, B8
AR KAITERAY, FIAR SO B E 0 K/ window _size) BR # 77 H WBEYLIE A RITE R, Flf
FEZAEL (neg_num ) FRAHIAE B ATEL T A F B0 SRR X A 7] -

3.1.2 SDACP HB{F%
SDACP/ESS R IR HIMT A FHE— M HIa T S KR RRAE ZESE—NFIIHEES .

AR HSDACPESS 1 H #72 Ai R RERS DL 22 4155 5 =0 E R AJTA MR (5 BN T B 4 b =2
SR T HIE SR o AR SCH B AR SEIR AR B 25X B AR AR A B2, T AR A
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Aspect Sentence Output class
Nevertheless the food itself is pretty good. 0

Nevertheless itself is pretty good the food.
The food nevertheless itself is pretty good.
The food itself is pretty good nevertheless.
Itself is pretty good nevertheless the food.
Itself is pretty good the food nevertheless.

the food

U W N~

Table 1: ACOPESSHI2FLI

Aspect Sentence Output class | Window size
Nevertheless the food itself is pretty good . 0 0

The food nevertheless itself is pretty good . 1

Nevertheless itself the food is pretty good .
The food nevertheless itself is pretty good .
Nevertheless itself the food is pretty good .
Nevertheless is itself the food pretty good .

the food

QU WIN =

Table 2: ACOP/ES R FERSLIN

M AN LU T IO AR (root ) 1, FEIZ ] PR “was”,  [RI MR BERE MO IR 28 28 A LA
I “staft AR - SRIETEBIBRIIKIFRIEURERY LR B R SCAE R A AP RE, Wiksff
~, Hfcon nFoR B IOAS T HTAREERNANERERR, M@ T30 5 77
W ANEMRAEREE yniX— KR HEHEAR

nsubj punct
cop /—obl ‘o
CC -v-det VBD RBvadvmod 1 +case

but the staff was so horrible to

Figure 2:  AEMKAER A

TEANEMRAFIR R BT RE S, AR 28 R cap_sd(captured syntactic distance) 1% il 75
BRI AP E BIEH, ER3HRBIF, FzERERN2, XBEWE IR AIA KT
R 2L N HAE B (PR %%%ﬁ&@ﬁEULﬁﬂﬁ%ﬁnui%ﬁﬁﬁﬁﬁ%humiT
SCAGT— 7 ELR— TR Alncon, FRmfF5 2 BLL 55— MFTER A pun .

3.2 AL

{5 FH R B A2 55 0 B SE AU ABSAESS IV B PR EEM B SN - iR . Z1EFE
TRIALE RO AN B3P -

WA EAERT RN T & 5eil it RoBERTME AL 4 H T 25 10 75 T8 Wi [m] &A1) F
W EPE, FRHRENREMAZESREII%, KeERHZESZIIGERRERAZ S
RZ, HyhHRARE -

3.2.1 HAR

FEBBMARAFS = {wa, ws, ..., wys FENPI T HA = {Wa1, Wa2, -y Wata},
HorpsHllady B R mA) F KBTI A KB - R 5 TATE 70| 2 B RoBER TR £ 1
WEA—INEERE . BERY, NTaFS, FITHIERoBERTAEE KA “<s>" + §
+4< /s>, INERA)F SFR NRoBERTaSSHUR S s = {s; | i =1,2,. .., ls+2}; NTHHE
U, BATFEHB A <s>” + A +4</s>7, HRHEE NI HIFEHIR S E Ra = {a; | j

B RSP E AR, 2T 20234F8 H3H%5H .

TTI-5528801, My
(c) 2023 P fEE¥ER

IR, HE,
S HEF T WER

7 5|
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Sample but | the | staff | was S0 horrible to us
Syntactic dependency | con_2 | det | root | nsubj | con-3 | con2 | con.3 | con4 -
Tag con_2 | det | root | nsubj | ncon con_2 ncon | ncon | pun

Table 3: AIERERE AR

ABSA Our Auxiliary Task
= it ;
E 1 ( Softmax ) i ( Softmax ) i E
: l : | 1 E
- 5 Linear ) i Linear ) i
.= A N S . H

-
-

pooling ] 3

A

gﬁ ->[ Add &I Norm ]
g Feed
% Forward
A o X N
»{  Add&Norm )
1
Multi-Head
\ Attention ]
\\\\ ‘ P llll
# Positional
Encoding o
EHU Input
A Embedding
=
\ Inputs Vi

Figure 3: HEAYELARZEN

=1,2,. .., la+ 2} T ERBGEGRGNE| )7 BT I, FATRE LR F)7 6 2 A0 7 T8 07
BRI R T ER A TRRSA, R R

O

SA={s2i=1,2,...0s,....1} =5D a (1)
Hrfl=ls + la + 4-

3.2.2 ZwIEE

TE 9w 15 2 58 47 75 BL RIS 5 B bR AT S5 ABSARI 5 BY AL 55 52 Al Gm B9 F b A T4 o A1 fF
FARoBERTa%w 4 28 % i RoBERTadw % 28 5F 47 153 BERTH& Y — #4119 J& F& T Transformer ' 4/

%:+:E5Pi+ﬁi§§%g( , 20238 3H&E5H

(c)
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&
i
H%FF
H
N
N
b=il
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0
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RS | 2R | | P | R | B
Twitter | Lrain | 1561 | 3127 | 1560 | 6248
Test | 173 | 346 | 173 | 692

Laptop | Lrain | 994 | 464 | 870 | 2323
Test | 341 | 169 | 128 | 638

Restaurant | Lran | 2164 | 637 | 807 | 3608
Test | 728 | 196 | 196 | 1120

Table 4: HHEELT

2% - RoBERTalgwSEsaR >, H TIIA TS -
m = RoBERTa_Encode (SA) (2)

AR ERLR M FRICE R RFIE A AT e 53 T B A M SE R T AR 55, Bl B e s —
AR T AL - AR RS E R, BERHER T m = {mli = 1,2,...,1}, R
ISR INE ZRRAE, 4 AR -

r = Pooling (m;|i = 1,2,...,1) (3)

3.2.3 ZHEFE

HEJRABSAES F, AHER T HHEUINA TEESYMARLELE, BIGISITEER
RTabsa, M THATHIHES, AHATERSBAIZESE, BB ITEERre.. RaH
BIXT AR SS#EAT 9 RASRIFE N B B R A, TR R oA EH -

Pabsa = SOftmax (Tabsa Wabsa + bab8a> (4)

Pouz = softmax (rau:c waeve + baux) (5)

Hopwabsa wove Zul | RALE FERE, b0, b AR EIN - FA1R A bR A 58 X0 o6 4L
L IEMAL SR, TR TR .

L(p)=->_) plogp (6)

seS ceC

Loss = M L (pabsa) + A2L (paua:) + A3 H®H2 (7)

HEhSEEERNGAF, ¢ BrBEEENNES, pRARNGER, p BRBE, A, A,
AR IEM REL, ©FRITEIFIIZGSE -
4 W5
4.1 HEEEZHRE

BEE . AR MAERIE LE MG K FSemEval T20144F & i B £ F4
fJRestaurant ~ Laptop%{ #& £ (Maria Pontiki et al., 2014)LL & Twitter® # £ (Dong et al.,
2014) - Restaurant ~ Laptop£UIEEE 57 5l /& K T& T FZE LA B R e, PUR R 95 51
MR N Rest 14T Lap 145048 5, TwitterBUIE £ M2 H P 7EH L F & #5 Ervikedds, 8—1
FEARBIRE IR LT 7 7 E W AE R A, 15 R B B HE TR (Positive) ~ TH i (Negative) ~
P (Neutral) =FEF], A SCHESES o R H R FE PR 2 VEIR 28 AccFflMacro-F 1 - £3E S AH K
BT BN R AFTR

ZEOEE: AU B Z£RoBERTa-base®l LA, MG 12 FE#UZ ~ 120 EE T
%, BEMIRRECR S 4EE 7684k o FlAdam(Kingma and Ba, 2014)1E Jy &8 A4 1L 28 |
3] 70.000002, EME REN R E N, MRIBEIEEE AR, £EELREF,

FoHZE P ET RIS S S RRIRSUE, 27705528810, IR KIE,
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I FERest 145045 58 £ B 0.1, FELapla%¥E % L E 70.001, FETwitterf(f 5 LR E
N, FRCENGLENO0.0L e BR T REEAIAI SN, 5] BRI B (warm up) B 553600,
RIERFFAER BN R, RIGHEE D HPBEE IR - #2204 (Batch Shuffling) B/
T II455 - RoBERTaliAIL & 750,265 - FrH R Bt & K/ (batch size)#BiX B 732 FF
SACOPES FEREIMAH , window_sizelI 70 FE 18110, Hwindow size &% K Ffneg_ numi% &
N5, BEATRETE A FAER AR . FRSDACPAESS K S $lcap_sdfE £ Z L i E
N5, TEWFIZZEGEIRNY BRI, RFHEENFR, LS EHANAERE T LA
FEspacy (Srinivasa-Desikan, 2018) . A SCH H BRI E H I ZRAF30 Mepoch, BifgRifE L, R
X E 7100 epoch -

4.2 MHSERES S
Z/NTTRE A SO T 1 RN — o B ST A7 X6F SRR A AR SURE AL A 3501« AR STRERT L
IS TTES NETIEEINITE . BTEBR N E . BWEMETTERNGHE, 7
NHEESH
BT RIS
ATAE-LSTM(Wang et al., 2016): ffFHLSTMF45 & 1ER SIHLHIAIE RS KA .
TAN(Ma et al., 2017): i FH B B SRR 75 TEIHAN R SCRER R -
MemNet(Tang et al., 2016): {#HZ Z LM E LT 3T EARiFE B R B -
AOA (Huang et al., 2018): f#HZ 2B AHLHIRARI 7 AR R R TR -
MGNet(Fan et al., 2018): MIAZGRAN EF A& BiE S T2 B FER, 2— 49
KL T R R R
TNet(Li et al., 2018): {#HCNNERFZHOR B TRNN A )5 HAHAESEAUE S R4S -
BT R 23 T £ A
ASGCN-DG(Zhang et al., 2019): Z=T BB M SR H OERKEE BIRHERS L
SRR -
BiGCN(Zhang and Qian, 2020): F|H 4 B L IAERNE BANRAME B oRuGRss .
TD-GAT(Huang and Carley, 2019): ZETEFENEEREATFHHEREE -
R-GAT(Wang et al., 2020a): T EFE I HAVEREE BIRHERS BAEFZ IR

Dual-GCN(Li et al., 2021): =T RBHMEMLE S AT HIE UG BFAERIEEE -

LT3 AR

Fine-tune BERT (Devlin et al., 2018): 7EIG 5 KL FHIABERTRA! -

BERT-SPC(Xu et al., 2019): J7 M TiAl L~ X /E ABERTHE & 1) 7] F X 4 55 19 il
WBERTHA

Fine-tune RoBERTa(Liu et al., 2021): 7EERD FAESS FHIARoBERTaREA -

RGAT-BERT(Wang et al., 2020a): T EEE EIA H AEMKF(E B F I BERTHEEY
A B AR THE R RAE SRR -

EIEERWMFSIR, WEFE LT MEER . ()ETIING T EER N ahs SR
T R EZHETEE N7 E(BIIIAOAFITNet ) A1 ZE T GNNH /5 4 (F1 IHASGCN-DGFITD-
GAT), XEAFIZE SRR R AE LRRGESN - X—IRMERA, YIRS O SR
ANLPHI#ES, HothEaEEABSAES LN - (2) BA R E E5 R T HIGRR 7% (51
INRGAT-BERT){EF4iFii)lZ5 (BERT - RoBERTa) HIJ7i%, UiBHRHEE (LS54 BT
RURT DAC AT RN, TR T b AR R R A TRV SR TR B T 3 (A 0E O T A H I, T3
TS5 W TII SR 258 5 FT A IR 21 6]+ B0 J7 I E0URART B2 _E R SCATBR R o Xt 3R BHARL B 18
PR ABSAFEX T 0] FRANSCE BB B B A 2/, B8 7 e s i & — 1
KEER - BT, RIGREH TS (ACOPHSDACP) £ M2l 4k
BT T BB TE 7 HR BT ERIRIL . B)RE Z AT BE R &, (B AR ST AR 78
PEFIFL 580 N a0s DA T REHNEL T E AR EMIE, flan, AT EEMHERT
RIFRIEEEA (BERT-SPC~ RGAT-BERT) fERest14F1Lapl4%04fE & E MR AR 1{E 5
BT T1.97% ~ 1.76%H14.58% ~ 5.16%, FETwitterZUIEE LR T1.74% « 2.38%, HILIEAA
T ACOPHESS FISDACPHESS SR U WS - XS5 15 B AN A 514 15 B 7 A 30k,
M HESE AT (15 SCFRAR, 155 I OPERE -

FoHZE P ET RIS S S RRIRSUE, 27705528810, IR KIE,
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s . Restaurant Laptop Twitter
R B Acc F1 Acc F1 Acc F1
ATAE-LSTM 76.58 | 67.39 | 68.57 | 64.52 | 67.27 | 66.43
TIAN 76.88 | 68.36 | 70.84 | 65.73 | 68.74 | 67.61
Attention. MemNet 78.12 | 68.99 | 72.32 | 67.03 | 70.19 | 68.22
AOA 79.42 | 7043 | 74.56 | 68.77 | 71.68 | 69.25
MGNet 81.28 | 72.07 | 75.37 | 71.26 | 72.54 | 70.78
TNet 80.69 | 71.27 | 76.54 | 71.75 | 74.93 | 73.60
ASGCN-DG 80.77 | 72.02 | 75.55 | 71.05 | 72.15 | 70.40
BiGCN 81.97 | 73.48 | 74.59 | 71.84 | 74.16 | 73.35
GNN. TD-GAT 81.20 - 73.40 - - -
R-GAT 83.30 | 76.08 | 77.42 | 73.76 | 75.57 | 73.82
Dual-GCN 84.27 | 78.08 | 78.48 | 74.74 | 75.92 | 74.29
BERT 82.40 | 73.17 | 77.29 | 73.36 | 73.42 | 72.17
Pretrained. BERT-SPC 84.46 | 76.98 | 78.99 | 75.03 | 74.13 | 72.73
RoBERTa 84.38 | 77.26 | 78.83 | 74.53 | T4.57 | 74.02
RGAT-BERT 86.60 | 81.35 | 78.21 | 74.07 | 76.15 | 74.88
Ours. RoBERTa-SDACP | 85.18 | 77.66 | 79.78 | 75.87 | 77.89 | 77.26
RoBERTa-ACOP | 88.57 | 83.11 | 83.57 | 80.19 | 77.60 | 76.94

Table 5: £ 1E£551E UIETRoBERTa-ACOPFIRoBERTa-SDACPHE = A NE TR & YRR
B, T “Ace FifEIfIZ | “F17FERMarco-F1 {8, FHEITEERIBAMIIRY%, AR E
W I LSS SR A8 R R RIRARIC -

- Restaurant Laptop Twitter
kit

Acc F1 Acc F1 Acc F1

RoBERTa 84.38 | 77.26 | 78.83 | 74.53 | 74.57 | 74.02

RoBERTa-SDACP | 85.18 | 77.66 | 79.78 | 75.87 | 77.89 | 77.26
RoBERTa-LACOP | 86.61 | 80.22 | 82.62 | 78.99 | 77.60 | 76.94
RoBERTa-GACOP | 88.57 | 83.11 | 83.57 | 80.19 | 77.02 | 75.55

Table 6: {HREMZER - RPBERIIRAI %, BRAFH) G ML 735 FREMACOPIES HIM
7 =2 F LI (Globally ) A R ER L (Locally ) -

4.3 HESRIHBER

T B IE AR SR W A B S5 ACOPHISDACPH B /e Mt , R CERES KA Ldfr T
VH R SCgS AT X B, SIS R R R o WEF A LR R, FACOPH 55 FISDACPHE
% £ ¥ RoBERTaf% A A RoBERTa-GACOP -~ RoBERTa-LACOP#FIRoBERTa-SDACP#R 1 T
ZERoBERTafH A o {540, 7ELapl4#iREE L, L T4iRoBERTai%A!, RoBERTa-SDACPHE
RULEER BEAIFL L2 BIHETF 7 0.95%F11.34%, RoBERTa-LACOPHR T ZE v FIF1 4 BIl #2
F+T73.79%F14.46%, RoBERTa-GACOPMFAEWERAEAIFL E o BIIRF T 4.74%F15.66%, 1E5H
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