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Abstract

Existing research on sarcasm detection normally focuses on identifying the sentence-
level sarcastic expression, which lacks the consideration of the influence between satir-
ical objects and sarcastic expressions. Therefore, this paper proposes a new topic-
oriented sarcasm detection task, which is helpful to better understand and model the
sarcastic expression by introducing the topics as satirical objects. Correspondingly, this
work constructs a new dataset for topic-oriented sarcasm detection, which consists of
707 topics and 4871 topic-comment pairs. Based on this dataset, a topic-based prompt
learning model is proposed to deal with the topic-oriented sarcasm detection task, which
is based on the large-scale pre-trained language model and prompt learning. Experi-
mental results on the proposed topic-oriented sarcasm dataset show that our proposed
topic-based prompt learning model outperforms the baseline models. Simultaneously,
the in-depth analysis shows that the proposed topic-oriented sarcasm detection task is
more challenging compared to traditional sentence-level sarcasm detection.

Keywords: Topic-oriented sarcasm detection , Sarcasm detection , Prompt learning
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1 58

R — R LAIE S IS, WA R~ Sk TR NS FEH#TIHE - v
x, EBEFY¥ - OHEHEMNARIEESIHEEE] T2 KIE (Gibbs, 1986; Gibbs, 2007; Kreuz
and Glucksberg, 1989; Kreuz and Caucci, 2007) - 55 [KifA# (Merriam Webster) R iU E X
RS REIERUEEMERAEE, THER TEEEAN . RRBREEEEE - 7 (the
use of words that mean the opposite of what you really want to say especially in order to insult
someone, to show irritation, or to be funny.) o MINFIFIE X AT LLEH, PRI F K8 2 f T
A~ BEWER PRI Fm A H B S Rk - B B BER 2 BRI R A BT 5 /5 BR T 6] 7200 B
PRHRIFT 432 (Joshi et al., 2015a; Kumar Jena et al., 2020; Xiong et al., 2019; Lou et al.,
2021), 2B T YRR ST AR RIBRIFEI - FEEHACIAF AR CEA R, BORBZE /2%
PSR R B A R AEVEIR, G KEPRIFIEL . HRKRETFLEEE TR EE 4
i - }lijl; TONTEIR AR S H & A A BIRRIE B, AN & DR 4 T b 3R FH 256 15 8 )
KPR -
BEXTIX— (Rl AR SO —FRET A A B AR AR 2k, 4 tH — 1 T 1 335 R ) JRORI R N A 55
F T H R R T [ S R ARRR A A TR EIE S, RSO A T — 1 I [ 3 R YRR R )
RS - ZEORE A ET0T MG LU N FI48TI AR « Ht, B— AR — Mg —
PR - PRBR AR ZL TR EE TR B 1 N A) 7 89BN SO AIWHZ IR 2 BRSO
RIECAEYAR]) o FEXX— R, ARETIRRY>] (prompt learning) , # Hi—FhH] 7] 1% &
RN 215 7R % >]  (Topic-Oriented Sarcasm Prompt Learning, TOSPrompt) A . jX—
T 1 £ SRR T SRR, AT DA MR AR TR I 2598 S 1AL (pre-trained language
model, PLM) FFERfRA)FX T BRI ZAE 8, AIAIZ a2 5 Wl 6]+ -
AR FEE TR T -
(1) ARSCE R LA—FRBT 0 A BRI 20k, R 32 H— P 1) 3% R B AR IR A AR 55 -
(2) ZRSCHER T — AT BR8P A8 T (] 35 @ A RR A AR S5 - B AR IR, =
U A TX — (R RITFT -
(3) ARSCHRHE T — T [ 15 R A IR SRR $ R 2 ST o a2 e R ABE T[] 335 R ) A
RRRBIMESS, HBUS LRSI AP RE -
2 MXRIME
2.1 PRRA]
A F B SRR A1 & A A7 AR A R SCHIRRI R A, AW A) 2 S 9 IR
] (Joshi et al., 2015b) . — L& BEIARH 57 TAEGE FAFAE TR 7 ER$E I A F £ F R A—
HHE KL, BlandE B O R —HRRAE R B iR A TE AR B A KB (Riloff et al.,
2013; Bamman and Smith, 2015)~ Bi#8 & imCAER T E A —ZE (Davidov et al., 2010;
Gonzalez-Ibéanez et al., 2011; Lunando and Purwarianti, 2013), MTIRA] LT SCHIIREIFRIE -
Bafs, ETUREZSIIERT 2 M TR FRORARRAES 5 - F140 (Poria et al., 2016;
Majumder et al., 2019) K FHTSEIIZRFIEFR#HZM LS (convolutional neural networks, CNN)
ZEFGSESEE N SO IB AT M MERHIE, F T 3CASINRERSA] - Zhang® A (2016)F1 F X a] [ 1455
VA LR W 28 A P 22 PR 2 SRAR AR HERF A AT B T SUE R, TR AHERF A IR ZIAE R - F)
N (2016) 38 i —FhEh & 2 R TR A& 42 R4 A BT . 2RI A& T CNNAI KA HE 1
%% (long short-term memory, LSTM) ., HRIZH A FIRZERAE XEE, 58H0NHRA
Ao TayS§ A (2018)FI NTEE WS, 45 & MEBIAIN B R SCHYIB RO HEFAS T 1 Rk o
TR IR B TR SCAIENE B - XiongZE A (2019)# Hi—Fh4E 4 B UTELRILS « XA LSTM M 4%
FTARGRI Y KR A 7 15 1o 228 P 28 AR AT 2 =) BRI 22 B AN P R IR IR R IA « TR BT B W 2%
RREIINRRAIT S A, Loufs A (2021)F% B T — T HKRIURT F0 7 AN IR A fi FE R0 1] 19 2%
BEA, ATRA2E 3] BRSO EZRAIERUKIE R, TENR %Rk .
oh, BEE RIRTOIGEAE BN E S B ES T RIS AT, BER T/EREKR
RPN ERIEZE R A T JURIRSAESS - Babanejad%8 A (2020) 7 R R4S ST LR SCRFIEREL
©2022 FEFTRIEF¥KE

#R#E (Creative Commons Attribution 4.0 International License) ¥FA] HhR
%http://www.merriam-webster.com/dictionary/sarcasm
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#BERT (Devlin et al., 2019)45%4, i EH ] DU ZOR R SCAR AR R 5 - BE55 A (2021)FF
SRR A B A BT IOERGE B MERRAERERNR, WG KRBT R
BELMo (Peters et al., 2018), #&H T ETZ1E LELE I RIURAN T - EaRiR TAEER]F
T HTRARR AR SS S T BIFYERE, (H2X L 57 TAERR R R R T 6] F 8 SRR R A,
ZZ T YR A IR AR RS B,

2.2 BIRES]

BEEELMo (Peters et al., 2018) ~ BERT (Devlin et al., 2019) « GPT(Radford et al., 2018;
Radford et al., 2019; Brown et al., 2020)% KIETIZRIE S BRI A R, BIRNESOHE
FUANN AR 2 m) T AT SR SR 00, 78 NS AT RO R 7 ZOR AR R (A 3 - 4R
K, ETFTHRIRFES] (prompt learning) HIBFFHZE] THORME FEHER KT, HEEAELHE
I HOE TS - WINRXKENR, EESmAMREEREESHEE, NMREGEFIES
KR - Petroni®s A (2019)FF X A TBUESBEOVES @, FENBESTIIZRE S HEEAERL T,
BET HRS BRI A RIEUERE - Shin%s A (2020)1 R H T —METHES | SE R HE
Zfj/7#%: AUTOPROMPT . ZJ5 &0 LN —HAF EESS B 02 RR « 5FshalERRm
JiEME, AUTOPROMPTRIHR /R Al LIRS E S8 (MASKed language model, MLM)
HOR AR SR ) S5 S - SchickfISchutze(2021) 5 T AMARTIZRE S A, 51 BRI H
IR (pattern-exploiting training, PET) J7i% . ZJ7iEE MR R BRI L, AR
FEHRKENTVESHEE, UHESEMMERS ERNES - ReHEHXEEIENRER
PHCHIRBIFE B RS - e, EERIIGE LPITHE REIZG . IRETIRRF I TIER
HREREITIN, (15 TS B L ERAETI R G SR, FERE BRE S AHEES
G T2 NI EH AR « X TARRE &, 7R SCHR HY — T 1) 135 R A IRRY R A R 7R 2 ST R
AL, AT ST T [ R R SR AR, B G b AR R T ] 7 ) IRURI R 31 [ R

3 T[S RRR AAESS

SATFHRPIRBIANE, ARSCER T — R m A RRERBIESS « X — S5l 1R
SN, DUER IR 7 /0 G, AT SCA RS 9 RISk - Blans 148 BRI AR ] - %
FR—METF BRI, BOLE—MOETEREEBRSURG) T, ATLVEH, B NG
ERER, MELUAWHZ A 7RG IR - HEI2EHRIEERAT - ATLUEH, 5513
& B LURZ Sy A% A) 7 O ORI ]« TAERE 345 R BRI N, AT LU B 3N 1R
R X R RS A FE A AR SS A, SE SRR, [F— AT E 6
A ERNRIRE . XBEWRE LARAG SIGRUEE, 7 RE A AT 7] 72 5 00 R R
e ATLCEE], 5REMATHRNRNARIMEEL, & g e WA R S B B L 5%

M E S WTRRERE A = (t,s), T8 FIEE YRR R &5 IR s FIZIE 1%
AL E IR E R, T I s EHT IRl y o “ YRR 55 < AR IRURT «

Bl T kR 3
1 - HERILS | 7

2 | REWEGREE R B | BRI | U
3 BEEZTRBERRETRET | BRI | JE0R

Table 1: 51&8FE 5 AR AR

4TI 1) 3 R A YRR IR 5 e 4R

H BT AR A T BT A5 R URBR B PRIERE - it ASCET A SO AR SOR, 1%
VAT — R B FRE R A ORI A EE S - Bk, J9 T WA R IR JURI SR IA SOR
Hog, ARSON g EHUH A 1R P SO SO, TERIIREdE - a2 — M EHE
&% - NSOE 2RI R T — R RETE 51— LR, iR T = §i E 5 S R
WL, L EERENA R AP L - AP RETEE AL - P Z RSB TEER
SEHFR - HETORATCRI N A EIR R A AR TR .

"https://www.guancha.cn/
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4.1 FIRA-H
Z R R BIRE P - BRI R ARSCRE DU 7 R R 2
o NERREFRIVIIENE, BT RELERGT 2 Hh R Mo A1 S BUBGRNE < PRI FRIA LR - B

TR
.gg%&%ﬁ%%%ﬁﬁﬂﬁm%%ﬁ%%ﬂ%ﬁyﬁkﬁﬁﬁﬁ@ﬁﬁmwﬁﬁ%ﬂ&ﬁ
o LU FIRXT KA — MR EAR, Hd I8 E S g IRRT -

o JTIEHEIE P AT S . MM ESE VEELFRIEER -
IXRE ] LA B T ) 3% R A R R BRI I EE - HA, B — BRG] H— e xS N E
TERRLE AL -
4.2 BIEFAE
AR, EE—FEAERES], BB IMEE TR - A PR R R
TANH o MTANESERA—BIEG, B SEETEVLEIRE ARG - [N, 7EFRE
WREF, NTRAZEENGE, REEES TREEIEFL20% S 50E - 65
o VEISHIIE R A 25 ANHH 5% OB -
o VILTHEBUBIAIE « T HERE SRR AR -
o SABRTEFE BOME LU T 1% BRI TS N 2 AT 2R BIFR 2 S -
teoh, FEMIEELIE R RE AN EE, HEENEERRE, MR T & FIeRE F
FLEIRE S S NS - B, A SCEMRNEE X RIRESHT TIEE, B
o MBRAEIERIWTA), FIA0FE 210G F A0 ISR R
o MBRIGEGEFHITURELR, FlinR2AEH2H AL —4! 7o
o EHTHAUEIE R, I IR, 5402053 5 S B0 A B R R R R R

iﬂ uiﬂm:_ﬁiw R

id R B
LB EE R A RsCEOR S CHER B LR BB s GROR

2 T4 RS S AU FERRE S BB

3| HEBMELETBIEES 22085005 | BUETE L TR A 2235015

Table 2: 15 @iAbFE R

FEB A ik e
1 ESEEISES TE AN Habr, iR EIF MR | R
2 | PEEFRISC-VEEREREL O ET HIEE JinH FEIHA

Table 3: PRIFRIESLS IR G

ZIE KA T RIRHBR AT TAERIE A (Joshi et al., 2015b; Xiong et al., 2019; Lou et
al., 2021), ZASCEFRRE— & - 1E 18 AT A A RE B RRYE Sy <Y sl <JE MR 251, R BIFRE R
2N ER3ET R - L, T ) 3E A RNR AR SS 8 — SRR G AT AR R M (L, s,y), H:
Hy IR R BIREE -

R T PRETE 36 R A PARR BT S B A A E ARG R, ASCR AT R A — 15
HR AL PRI RE A FO AR PRI AE A o [FIRS, SR 7 38 o0 BRU A AR 26 1) 40 A o T AN P 4 1 5 B E K
PRSI IR, 7R SO MR R B PO EOHE 58 AR LB e R A, g 3 S A7 <3 AU 0 <=l IR 75 1 28
RIEHE 7 A0 I EIR R - &G E| — 1 1A 15 &R ARIR 5] (Topic-Oriented Sarcasm Detec-
tion, ToSarcasm) FR{FEECIESE o % EUE £ 6 F48711 HIEE- R IR X H AL AIRE A, H A5
BT071 o BIREIESNEHN N HIHEERS MBI ARAFTR -



HEEE

PORIFEEAR | JEPORIEER | Bt
EVNATGE 2436 2435 4871
ARG (%) 50.01 49.99 100

Table 4: ToSarcasmZ a5 FIEE 711

5 I [a] i A ORI SRR F R 2 S A

T [71) 3 0 A IR A 55 1 T 2 R R LS S R e T, AT PR T RHZE R 5 IR
RIZTL - Hit, ASCEB KBTI GRE S RAL A0S, BT I (] 15 R YRR 3 A S 7n BEEAR
H AR L AR T B A TR0 00 5 AR 2 S T [ R R A R« anE1RT 7R, A SCER Y
AT [ 375 R ) YRR #6838 7R 2% 3] (TOSPrompt) HEA T B = MEERA A 1) T [ 3% AN
RZA AL & - AR A BT AL 5 T8 [ 335 R O YORI A SRR AR 2) BRasim Tl -
J_JI?WIIZ}?FM:.1‘%_&%}&7}‘&*E’J“[MASK]”ME?WWPFTLLL"J 3) BRLIZK - ARYEIZREGE R
RATYIZRIAL « 8Pk, AR ZHTOSPrompt R & MEER .

177 U i .
iﬁ]x{ N —wlﬂzs@. fy I |(1MASK]) r—>.—': =
- %

PEIE: 8 ccmmmmmmmmeee e

Figure 1: [ A& AR FRIAIRR2:>] (TOSPrompt) HRANEZE A

5.1 ] [a] 175 i A TRLORI SR SR R AU AR

o 1o T [ 3 AL YRR R B A 55 BEE S PONINERTE S AL, ACET (Shin et al., 2020;
Schick and Schiitze, 2021)% T/E#E H R FHRORZE SR, DRI~ (prefix prompt) &
ff}iE’Jﬁ/_ﬁ%ﬂﬂﬁM\ﬁKﬁLﬁﬁlﬁmﬁé’]ﬂﬂiﬂi@ﬁi‘%*ﬁ R, ZASCETIGRE S Y AR
HEE A (masked language model) X “[MASK) VMCA BEHITIREE R - {HHMILIE S5
gt E’Jﬁl:*%“?fﬂ: W HEE SR, AT AR TIZRER, A A IR XIS AR ek
NIERSALE “[MASK) TR A& A S, Tl B & & fIZRBIPRSE o B i AT [a] 7% R
IR ZA A E SR -

Xprompt = SENTHHITRITG? [MASK] (1)

BT, AT LAS S A AT (A 35 A R B AR - TR, FFEMEBTIIZRE T
A (PLM) XM ASK]” AL E# AT RBIFRZ IR TN, AR BRG] E A R Rk -
5.2 HREEIETI

FFXT2E RN (t, ) VIR “Xprompt = sFEXTETARIIG? [MASK], ZA3f#EHABERTH 3T
YEGES A (BERT-base Chinese) (Devlin et al., 2019)/E N TIIZRIE Z AL S NG H1T
R . TR AR RN

x = [CLS|xprompt|SEP] (2)

Bajs, FE AR REAZBERTIIZE S HIEMT, DUEIEIESERA R 77 20 T 15 S5

T M “[ M AS K" 07 B HI R R BRI 18 507

PMm(IMASK]|z) = M(z) (3)

XE R TR A TOSPrompt R 4 24 A B R A0 A, ASCEIRE <& fl<h (E
AT RFIPRZETE - BT, FRETAEEY = (&, B}, 2BIRRL PR 350 F0 <R RR K51 -



HEEE

TE ) 5 0 ) SRR IR B AR FE S 7w > P A L 7 491

W SCEBEEAUU T | (EREASCEE, (i EIF R ) 2 r AR

BEUS . AN M | \

et " Camsimm a7 ) A (ASK) - L —> =

20 — < — I S
[ | p—

Figure 2: T [a] 18 & BRI SRIA AR AE R 7R 2 =) W BITE R R 51

P 228 T — T [ 3 A IR A RRRAE S os 2 S R BRI ZR 1)« niEI2foR, (& B 1A 1%
ORI T I, ERUEF R %80 AREAR A AR At AT 0 5 12 A 22 S B “[MAS K] L
BERPRZETA O R, W RL YR F1 -

5.3 FEAL)IIZR

EHTF ERMTIISGESEEM, 7 UG EI[MASK)OL BTN R ZiF £ 4 E— R
BRI R AT - X B, N TR R R BRI £, RS LT — B R
(verbalizer) FFFRZIAE G VHHIATEBE ERA SMEEYF, BIf: Ve Y. FHE, XFh
NEER 2T AR — yBIZRBN DA P (y|x) it BT

P(yle) = PmM([MASK] = vy|x) (4)
Hrr, v, HRBITRZE YR RIIPREE R « B, XSTARICGITRIRERAE GV, BAERH
ﬁ@%%*ﬁﬁXﬁ
argmax g = argmax Py([MASK] = vy|x) (5)
yey
He g Ra ot . B, 2 TIGERE, @ &/ 28 O 6 K5 52 W
FITOSPrompt A H AT YN ZRFNAL -
N L ) )
L==Y"% yllogg] + A[O]] (6)
i=1j=1

He, NRINGERD . LRARREE - y Mg 0 AR GREEAR B E S 3 A FU 5L 51
A . ONER R EFTERIATIZRSE . Ah Ly IEMIL REL -

6 S

IR FE A g A TE] 1) 1 A T RRER BT AR 88 (ToSarcasm#UHE4E) b 47 SE58 R 4047 -
5 A AR R N B 2 A RN R A T I 4508 B BT AT X ELSESS VA AR SCHE
A TOSPrompt A 72 [ [ B BN R AR SS BITERE - RN, @ SR, A SCRE
) T ] 3 R T RRI TR 0 3 A 55 BB S A (B AN Bk

6.1 ERBIRESHRE
T Al AR SCHR H AT OSPrompt 5 24 78 TH] [A] 37 &5 A KRR B AR 55 o PR RE, AR SCE 58
WToSarcasmﬁTE%ﬁﬁ%ﬁﬁji’]ﬁj\ o NTFBF—FWEEIREL, = (si,ti,y:), SRR EFELH S AL
HINGREE ~ BIE IR - Hrb, YIRS - WIEEANRER L FI N 6:2:2. FET B, AL
H@JToSarcasmé&(?Eé%Eﬁf YEREE - BuEEFIME EEORE &, BURSOT IR -
FESLS W, AR SR FHJIEBASY A T B % 3C AR 3 47 A 3 45 18 Ab #2 o X T AR SC4R
FITOSPrompti& & | {# FIBERTH S il 1)l 45 & S %A (BERT-base Chinese) (Devlin et al.,

’https://github.com/fxsjy/jieba
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W | IGEEARE | BIEEEAR | WS

WA 1464 486 486
31l 1461 487 487

Bt 2925 973 973

Table 5: ToSarcasm#EIEE ARSI 1THE B

2019 E R TR 1E S A RS2y, B A RRIERT684E 1M & o LolE ik RENKE
~50.00001 - DropoutiZ & H0.1. AR AdamBEIEIER SRS, F > RIZE H0.00002,
I R B0 E 0.002 - L2 K/ Mini-batchi% & 432

6.2 iFETERR

FERRBIPEAE R ASCRAREHE (Precision) ~ AEE (Recall) -~ FIE (Fl-score) AN
YRR (Accuracy) ZR-A VAT LR A W) 15 R T NURR B AT AR 55 H O RE - B T [e) VG ALY
PR BIMESS T B R FEEALE B REIEIIR A A FR A 308, [FIR X 4 JE IR R IE - 2
T, ASCEE PR KB N IER (Positive) , “JEIR" EHIH K F] (Negative) - Eb, ¥
B 2R SRR T LE A FORE AR (5 P E R AR A LU RS ZRFRR TN oy R pORE AR R 2/ DR BIE
A PRI REA B E R FRE X FORIIE AT, A A <R R FIEEAR £ /D8 Tl 1 6
T FUEMZEARETHENG BRER . LG TEMTE AR T

" TP+TN
R =
e TP+TN+ FP+FN (7)
TP
Wz ;2,\-:
LIS TP+ FP (8)
. TP
EEK_TP+HV (9)
FlﬁzQT*ﬁi_’_X%Eﬂ_ (10)
FER + AR

Hrp, TP (True Positive) 7= TIN5 F15E b7 2 51 A “IH” « FP (False Positive)
FORTRIZE Ay P, TSEFRZE R0 “JEJH” « FN (False Negative) R TR KA “JE iR
R, TSEPRZERI R WA - TN (True Negative) FE7nTHINERIFASEFRIEHIER S “FEPAR -
6.3 XfHAREY

FESRES R, AR PN B B RN A S5 H B TOSPrompt A2 % HUARAY

e BiLSTM: ffH—1 XM MLSTMs (Hochreiter and Schmidhuber, 1997)453 5l 2% >] FEIB
THHHISERER R, RERIBEBF R IHEE IR A 4 RAFE -

e MIARN (Tay et al., 2018): A F A ATNAIR R o {5 A BT 13 B B 42 W 4416
S BIRHPESFRE AT R ZA A — B >] SR RRaE R g (e R R A Y
TP RIFFE -

e ADGCN (Lou et al., 2021): ) FZHHINRIAFIETRL o BT FNERIE BN IR A ] /) 8 15
A, S RRE A —BUES R BN SRR R A - RS F ADGCNS 1% 13 AN
WHEITEE, SRR IR R TR E IR R A B 73 LS

e BERT (Devlin et al., 2019): JRIGHIBERTH 1) Z57E 5% 4! BERT-base Chinese, 1%
U «[CLS]s[SEP]t[SEP) {ENIETLEHN -

e ADGCN-BERT (Lou et al., 2021): ADGCNfZF, 4Rid2%f# FIBERT-base Chinese -

e PET (Schick and Schiitze, 2021): Z& T"SchickflSchutze (2021)H]#& 7~ 2= >) B 57 T
1€, #H“[CLS|s[SEP)t[SEP|iXZ[MASK| 4 A ZIBERT-base Chinese™, il
MM AS KO E 2 PR Bl IR -

SH A SCE RO TE 43 % HEBosonNLP: http://bosonnlp. com/
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Hi, X FBILSTM « MIARNFIADGCN;X = i EBERTH £ R A, K 3 fiF i Shen<s
A (2018)#2 Hi BiChinese Word VectorsH? U] [a] &4 7] #1717 [l E W IR 1L -

6.4 T [ 5= AR B SR 5 2R

R T VAl AR SCHE H A TOSPrompt A5 8 7 T8 [A] 1 &1 A URIR BIAE 55 R A0 B s, A3
fEToSarcasmBUIE 5L | 5 R AR 47 T X L S2 g, LIS B FepTr - NEHLEE AT L
FH, AT PITOSPrompt &AL 78 P A B VAL TR AR L BRES T et EMERE - X BoR T AR
& H FITOSPrompt 4 7 7 ] [ 15 & 1 PRIR BIAE S5 R B UM - 5 A F R R B3 H AT
(MIARN « ADGCNFAIADGCN-BERT) #HE, Z&SCHE H ITOSPrompti& & 7E fr A 1 #5 Fr
LEBBUE T RIS RIS - X R, BA A T YRR IR T I AN GE AR 1 3 40 3 T 1) 37 R
FIPRRRR BIMESS , A SCHE H AT OSPrompt 15 78 A8 B 136 RS B AR AR, AT DU 4 3 i 1 T )
WA INARRBIMESS - A— T, E TBERTHUREM ML TR 40 n) & fR 8 B4k HEUS
FACEIERE o X 1 A7 T )3 R A RORNR B S5, 8 FH B 9 K 0TI R0 5 T R 2 5T
| TR RIS 22 SRR - LA, MHELIEE TR ISR (PET) |, AR
FITOSPrompt A 7E G 1Rk FE 45 L fMERERTEUS T3 A, HAEMERA 71.06%, F1ERE
FFT71.76% - iXULER, 72 A& S RURNRBIMESS H 8 5 T [ 1 R SR8 1 RO 3Rk 7R 2
SIRENR, ] AR A ST 3IE R 2 > 1 e B R SO RN RA R B, AU AL A1 RE -

el BE | F% | AE% | Fil

Bi-LSTM 63.72 | 61.65 | 72.55 | 66.65

MIARN (Tay et al., 2018) 65.32 63.25 74.12 | 68.25

ADGCN (Lou et al., 2021) 65.90 | 63.16 | 76.50 | 69.19
~ BERT (Devlin et al., 2019) | 69.66 | 67.26 | 74.79 | 70.83

ADGCN-BERT (Lou et al., 2021) | 70.57 | 6893 | 75.10 | 71.88

PET (Schick and Schiitze, 2021) 70.70 67.57 75.78 | 71.44
7777777777777777 TOSPrompt | 71.76 | 70.02 | 76.68 | 73.20
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B R | R | GEE | FIE
Xprompt = S|SEPJt[SEPXZE[MASK| A 70.86 | 68.62 | 76.43 | 72.31
Xprompt = S|SEPJt[SEPXZWHIE? [MASK] | 70.92 | 69.49 | 75.61 | 72.42

Xprompt = FTIIPEIEsE[MASK]FRIE | 71.37 | 69.93 | 76.22 | 72.94
I Xprompt = SEUR[MASK]RIL | 71.60 | 70.35 | 76.13 | 73.13
TOSPrompt 71.76 70.02 76.68 | 73.20
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