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Abstract

Zero-shot stance detection (ZSSD) aims to detecting the stance of previously unseen
targets during the inference stage. It is generally believed that the stance expression in
a sentence is closely related to the stance target and topics discussed.We divide stance
expressions of speakers into two categories: target-invariant and target-specific cate-
gories. Target-invariant stance expressions carry the same stance polarity regardless of
the targets they are associated with. On the contrary, target-specific stance expressions
only co-occur with certain targets. As such, it is important to distinguish these two
types of stance features to boost stance detection ability.In this paper,we develop an
effective approach to distinguish the types of target-related stance expressions to better

* JEPWEE

B SR E RS SRS SE, 5354554

544 &, 202251310}9145%165
(c) 2022 P E R RS

535



HEESY

learn transferable stance features.To be specific,inspired by self-supervised learning,we
frame the stance-feature-type identification as a pretext task in ZSSD.We apply prompt
learning to predict changing relationship between stance polarity labels and topic in-
formation in pretext task.This essentially allows the model to learn transferable stance
features. Extensive experiments on two benchmark datasets show that the proposed
method obtains an improved performance than the baseline in ZSSD.

Keywords: Zero-shot Stance Detection , Prompt Learning , Pretext Task
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3L E: M (Stance Detection) /& H 981 5 4 ¥ (Natural Language Processing)&i3# (Kachuee
et al., 2021) ) —NEEES - SLIHRMAT B B2 IR U iE & 1 M 47 € HiR - T8 E 5K #ak
H1323 5 5 E (Somasundaran et al., 2010; Augenstein et al., 2016; Mohammad et al., 2016)
TE AR R B 1) H AR 8 & N B B L AR S5 H7 (Gunel et al., 2020), YIZR5EFAM {6 3
A WHEVREE . RMAEMRELAERT, FAEKRKE B TIE L5168 R A
FEGI(Allaway et al., 2020) - 2 T ARHRIX A (] T HY B T FHE R S35 (Zero-shot Stance
Detection) 55, S FAKN B ARHEAT L1 -

B ER 1 TR IV (Allaway et al., 2020)FELSNMIIRZE CL40 B FRFIA A B ARA e
IS SLHNFAL - (BAESEER T, X EETTIERIIHIEAE T IR, RPAMERBE S MRMIR SR DN i 4
KEFERHFTEAFHE . —8Ah, —AERLSRIAR SR Br ER R HE AR, K
SCRFURTEE IS FaB R o AP RTY . — SRR U TE R T [ AN [R] A SE AN 18 B BRI A AE R
ML, AR BARTCRAIZRIA; 55— RAE U TH [F55 € RN L B AR 4 5R5K
RN RIS EE, AR Z R BVMEI I ERIE « ELRMES T, X iHiGE RIARL
HPMEKBUAZ B o R 2T EEA - A& G W BRI E ATRERE LY, e & A
2o R—BBMINEEARSIZHEESR, R ESINERER NI H 687, AR
FREAFIR M B 451E - T RBIARSCRR R T%, R1%GH T — 2 B AR KEUR B 52 KR IAL Y
FORHIREG] o AE BFR M EA R FIAMRERES . X T BRI FRIE, FEEIR L S EH
REEBEE; WX T HIMKERISLG A, RES HIRRIREXR G SIS E A E T -
e, ETHARLGRMES S, SFRANTRAFIER, BRFERIL BT RS R IR
MER) > FFHERR B PRAH IS B A R T3

HPR TR HISL S 70A

H#¥r: Feminist Movement

LR Against

FE5] 4] : feminist only want the same benefiting right as men not those harmful ones
Fes B bnAn Al A F: [MASK] only want the same benefiting [M ASK]
as [M ASK] not those harmful ones

Fasl (5 B EHEFI A1 AL RIK:  Against

ERRIRITONEZ SIS

H#r: Donald Trump

S Against

FEFIA]: white terrorism is alive and well

FRgE 5 vl £ A 5 BIA])F: [MASK] is alive and well

Fasl (5 B e HEBI ALK IK: Favor
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o AETHRIRYS], N—Fi i EHN T EHASLG RN R - %77 %58 R0 ) 4R
B, LRSI Bl ] M RIA R BRI H bR, WEMRE B PR TC RS R
{E A TR B AR SL I RAESS -

o ATCRM T —MEIFTAVRHMEA SUTE - T IRBIE S IR A B B ARia M 2 5 £ AR
RSB IRAE A, FROER R, i B B S 0005 20R R TI0)I4R0E S R St
FIRAINT L RIARHIE S HARE R -

o WM NATTEIESE EIVSRIREIREY, ATGRHITEEZTHEALGRMES PRIG T I
HARTIHRHITERE -

2 HXRIAE

RS BRI T ERH R Z R TEEIRE S NERR L8N, a2 )IIZREm
MR L = H AR AR (LSS (Du et al., 2017; Sun et al., 2018; Li et al., 2019; Siddiqua et al.,
2019; Kawintiranon et al., 2021) - # B R ZIME — MR ZEREAR LR AR ESS, 1%
FEHFET— O BIRIZRS R EX — DR F B AR EIE H AT L T (Xu et al., 2018; Wei
et al., 2019; Zhang et al., 2020; Liang et al., 2021) . ILFEEE HARA LI MIBF 58 H 6 H T
ETEENIHI(Xu et al., 2018; Wei et al., 2019)8% K F 4% (Zhang et al., 2020; Liang et al.,
2021)FBEAY , RRIBYILRE ) BAR2E>] B RERAHIE, OXE AT 5 B AR M I ril it 5 1Y
TR - ANF T BRI RMAESS, FREAR LN A5 RN H Bh AW & R A0 B PR AR
HISLIGEER « TEX—HESZEKT, Conforti% (Conforti et al., 2020)¥5 8 T — M RIEEIT K IRiE
ISR M ETE S, s 0 AR T U R AT LA - Allaway§ (Allaway et al.,
2020)# 53 T — M EHEARIHIOMEIE S, ZEIEEFEEREN T/, HEHEER 9T
& o Allaway55 (Allaway et al., 2020)iIA7EZEIREMEM FRH T — > FE S HBIER S EA
KA HFrFEH EHFE RE LR . ZER—TFRF, Allway® (Allaway et al., 2021)K—1
T BARAER L8601 P8 4 (Mohammad et al., 2016) N FHEIZE AL RN A, FHHH T
XL 2 SR PR BUE AR TE R B AR AFAE - LA, Liu%s(Liu et al., 2021) R S5 2 HTFIHE S
BTG AR FEIINREIR, B T —FETBERT (Devlin et al., 2019) ) H 15 55 B AR AL S fif ik
TR SR ML -

TEFHES S IR E S S5 2 MEIR Beh BB T, BRE¥SIEE RIFERI . mFE
BISE 251 H —F A BT MR B Bt MTAESS, 58 B PREREEE S5 (Zhang et al.,
2016; Gidaris et al., 2018; Chen et al., 2020) - RZIE KT ENLI B IR HE, EEFE
PHRA R (Noroozi et al., 2016) ~ FERE TN (Gidaris et al., 2018)&{E55 LENIT T B A KL E
BREAESS, DUEN E R R AR AR S BRI E E 5 (Zhang et al., 2016; Gidaris et al.,
2018; Chen et al., 2020; Larsson et al., 2016; Simard et al., 2021) . Ht, ZIER B RE HIE
FIfBA, A0 T — P REUESRIZH LI FE R B R B X —EEZFHEHH T rliE
IS

BEE LT, #R¥ES MBS EXABAT S EMRRER, B TS IMES%
MR SUAR A AL S W) —F2£ 3] J1 1% - Fabio% (Petroni et al., 2019)#&H TLAMA, —MfFLR
HEE S RN A HESESRRREI T, HBUG T EET AN ER 0 J7 ¥ B I B 1% BE
Il - Shin%§(Shin et al., 2020)FF 7R % >) J7IER A B SUR 75 RASCRE SR AIES L, EEE
BT 2518 SRR AL AIE O R SEAL T X 22 ] @AY RIF T - Timo%% (Schick et al., 2021)%#
TPET, —MuBHRRREISGKES, EHT R BRESAHENE - PETIUELE BEIFRE
IR YN GERES LBUE TIFRM . ZXEITERNE A, RIOEE T —MEHERR¥
217 B oRE SR SRR RIS, DUE R SIS B U 2 B S R IR 3L
ik -

3 AT

R EERF R AR A SCEE ) — PR T R R 2 S FIE AR IR0 771%  (Data Augmen-

tation for Stance Topic features via Prompt Learning Pretext Task, ST-PL) , HE /&g

EIFTR « ATTERR ORI B B E— MUIIESS, RSN ARSI
i B L R — 4R AT 8RR, DU B ISR B S A 2 ) R AR IO S s
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Figure 1: ST-PLJ7¥%HEARZEH

3 &k

3.1 EFHEX

AR, B%E—AE M BRI EMRESEBIEED, = {(r, 6, y8) vy F— 1 E
[ R E AR RRE S GIEAD, = {(r, t)) s - Frhyl & — N A T 50 B Fred 1 2 AR S 431
HISLIHPRZE: - N%M@mﬂﬁﬁﬁﬁ%ﬁﬂ%ﬂﬁﬁﬁ%EMﬁ%a D, FID4EH EEH
S ERR - TR B bR 5ok B BIEED, fTE E O B B0a) 7L, JIg%—
MRBIRENS AR BRUEE D, BT FIRFA HARe, B R) ) L BT R TIE

3.2 ETFRELSHEIENERTTE

—RIERIALRIA R S e HVR A E IR HH AR - — 8 L RIA 2@ Y,
A DU AR A R e ERA R & AR H L8R, R —5 40 R Z R IR T 5Lk
FE BARFINGE o B AR SCR SL S A K1) 9 HFRTC SR RO B PRSI 3 « 3230H 7714 (Zhang
et al., 2016; Gidaris et al., 2018; Chen et al., 2020; Simard et al., 2021; Schick et al., 2021)f3
&, NT XX FALIG AR T DU I 4 2 =) B 0] F TR LRSS T B2
ﬂﬁi%ﬁﬁ,ﬁiﬁ%T—A%Q WNERHEES 5 FER R S RO R, T
MFESE I RBEFHREES

3.3 ETEAERZ ] NAEESER

X T8 — > i A Tl B AR R SE ], AR ST R 7R 44 ) J7 IAPET (Schick et al.,
2021) N ZR L RE M TIM - PETIE S Tl 45 18 5 R R E 5 TN B (b o ST AR A w8 Y ST
%@WE%oﬁiﬂmﬁ%%W%ﬁWW%ﬁﬁo%E,Kiﬁ?ﬁ#ﬁ@ﬁ%ﬁ&%%%
SR, BEBGX LESE] o A B PRIAAIAR S ERE, LR E] TR EERME BRI RE L] X i
ﬁ%%iﬁﬁﬁ%ﬁ%%Eﬁﬁ&%%%ﬁﬂ%ﬂ%ﬂﬁ%%ﬁﬁEﬁ%%ﬁﬁ%%ﬁoEﬁ

ZA—JEPEV AR S RS WS, 535554471, M B, HE, 20224107 14HE16H.
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B, #ZEEPRER FEBAE T AR ZLDA (Latent Dirichlet Allocation) , — 3 T F5 & 2kF) 7,
RO EGEE - MHRFEFIHR2P R - R, R IIZE RMITNHEE £ B R E B FE R
IR B A) T T AR RIETI R B SL R IR TN LR S KR RE BRI R AR R
WA E - HAME AR RS X — I EEREH TR SR 5 RS T, HER
ET 2% BRI R S ) U 5 B BB 22 ST W I, AT LE % A 5 B R,
A RAZ YRR b B F= /A RN ELA I ) SR ER . RERS IR EEUE B R E e RS L, LR
ASOE B RIS =0 L3 H A R RR 2 S R -

HP5 F R
Donald Trump right,vote,obama,president,america
Hillary Cliton women,president,right,campaign,wakeupamerica

Table 2:  FEBTHEFEEF

SRS TEZ SIS

H#¥R: Feminist Movement

SERE-A RO Against-No

R F]: Feminist only want the same benefiting right as men not those
harmful ones.

PRSI (A, R BRG]

MR AEALA]: Feminist Movement , [?]. Feminist only want the same
benefiting right as men not those harmful ones.

FEAR P45 5. Feminist Movement , No. Feminist only want the same
benefiting right as men not those harmful ones.

Table 3: /R H1EPETRIYIZRIER

3.4 AERUEIREE

N T X g HVRKHSRT B ARTC R BISLIAHFAE,  DUSE B 4 1 2 3] TR AR S0 I vh ) AT A% S
WAL, ADGET B B SRR REES B G EdE A R EES . 5%, H—
NEFIAPMC (M AS K VE SR 2 0 B ARAAIAE X F /A, ansR1PR - R, B EEER
) ¥ APETREIM DLE B PRI Z SEGI R SLIAARMER S AL S BRERSIET] . MBT TR AY SO
HERESAIERN: [MASK], [?]. [MASK] only want the same benefiting right as [M ASK]
not those harmful ones o [?]2 1 U AL 25 F5 ZE 70N ) A= L 381, 6 R SZ IR 55 1) 523
R o AR BRI PR LR, WBNZ L RIANMRIT BAR, LG R IE =& B E
TCRIT, BEFRMC NFRE “target-invariant” ; TNWHZSEFI IS k2 HAMEREED, #EbRic iR
& “target-specific” » YIEREH HIRKHTAEIERF 2 B PR DLAE O s 80dl - Bodlegans . IgR
AT LMFER EFRIRAD, = (2, ¢4, v, pi) I, -

3.5 4RzZet
3.5.1 ZmiSestER

Y E— MAETr = {w; 7, TR E BAR, nd& AR K - X B Ak 2R
SRR R) TR B bn o R ASSEIRT, ALK 28 BA BAMKIFRZE RS2 F), UMEEIZ0S 2
R UIZR AT E R RISLIAHHIE - RE, A ESRATIZABERT (Devlin et al., 2019)1E R4
TSI « [CLS)r[SEPIt[SE P VE NN LUREUE M ARG PRI [CLS] #d,, 4EFR
i%ﬂ__;.h € Rdm:

H = BERT([CLS]r[SEPJt[SEP]),h = Hc1s (1)

W F—AMLRABR G, FEIRFSEFE R LUE LAB = {(hi}Yr,, HAN, BIHERHRN.

St E U S AR RSO, SER35 15554400, FE, JiE, 20224E10 140 E16H .
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HUES | Hir|Favor Against Neutral Unrelated
SEM16 | DT | 148 299 260 -
HC | 163 565 256 -
FM | 268 511 170 -
LA | 167 544 222 -
A | 124 464 145 -
CC | 335 26 203 -
Wr-wt| CA | 2469 518 5520 3115
CE | 773 253 947 554
AC | 970 1969 3098 5007
AH | 1038 1106 2804 2949

Table 4: SEM16FIWT-WTHUHEEKEHE > i

3.5.2 IR
AR B R EAR RS BB = {h) Yy, BIA S softmax AU SR 88, DIA R
I 53 A7 -
y; = softmax(Wh,; + b) (2)

Hg, e RVERMASL G, LS TTEEER, d, BIGIRENHEEW e R Hb €
R ZEAIRHIZEL - BT TR, A TR A Sy, AT 5347 A 257 A o (8] A9 58 X
FUERAER 7 K A%

Nb dp 4 A
ﬁclass = —Zzyflogﬁf (3)

i=14=1

3.6 BRI 5 i

FERERT B, ARTCIR BT 1 2 5] B AR e 3 5 Il 4R 58 L A0 A0 S2 37 R ) e 461 K bR
L ctqss = S BT BRELCIE T 15 B 5 2K bR SORH LE AR A A5 21)

L= ’YC['class + )‘HGHQ (4)
Hy, 2 AERBESEH, 0 RREUEIIGSE, \ BRLENLH) 2L
4 X5

4.1 SEREIEE
ASCAE LU BN 88 34T 5058

e SemEval2016(Mohammad et al., 2016)- 1% %03 5 6 & 76 & A 89 75 D 7€ LR B
#r: Donald Trump(DT), Hillary Clinton (HC), Feminist Movement(FM), Legalization
of Abortion (LA), Atheism (A), Climate Change(CC). £ % Allaway5 (Allaway et al.,
2021)WIME, ASCREE A —4> BRI RS, Ha B REdRIEIgRE, FHEEbl
ISR 1% R E N IIE SRR ERE S . OERANERERITER -

e WT-WT(Conforti et al, 2020). % % i 8 £ & ©F & & 7 Z [\ # I
ok %%, B &4 B FF . CVS.AET  (CA), CILESRX (CE), ANTM_CI
(AC), AET_HUM  (AH)- NS (/T - A A= S (1 [ NRVARS 7/ B 778
% . Support (HlFavor) , Refute (ElAgainst) , Comment (ENeutral) , Unrelated -
2% Conforti% (Conforti et al., 2020)KIfii%, AICRKEA HIREME AN EHFEHR=1
HARERIE NGRS, FRREVLIER1S %I GREEIRIE N IRIE S - BURRIFRAERITER -

St E U S AR RSO, SER35 15554400, FE, JiE, 20224E10 140 E16H .
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4.2 YHEE

AR S PRI 2R 1 7684 17 % A\ FJuncased BERT-base(Devlin et al., 2019)1E 7 4& 5
730 0, H A2 EEE 70.000005; RIEXuZE(Xu et al., 2018) % K Lo 1E N 1L R ENE
EH0.00001; LALZs R Adam; #t&EK/AMZE N6 AIHFHgensimZEH FILDAKI & H
PREGFEBE R, HRIESEPREE A ET=10, K=10, =BT EERNTEEE . &R0t
e B AR Sk A R RS A TR R AL R B i 1L - R OOE R B IS BRI 2 101G 1T
RIERAFE, DURESIT % LR eSS -

4.3 VEHTERR

X T SemEval2016% 1 £ 78 L 5 7 Allaway %% (Allaway et al., 2021)F% 5% {# ﬂﬂFavg@f =
TERE, L HL 2 FEFavorfl Agianst B ML AR 2 F IF1RIFME - X TWT-WTEUE £ AR L2
*% Conforti% (Conforti et al., 2020) KIf#IZ# H & H PR IMacro F1 &1 RE -

4.4 FEEER

FERSFICT T A EERIE 8 LT TR L R B Z S5 R - BiCond 155K
H (Augenstein et al., 2016),CrossNet J7{%£ H (Xu et al., 2018), BERT/7{£K H (Devlin et
al., 2019) - A AR B AR H IS T-PLYT A PN EEE S ERITEREREIML TRGURE, it
THEEMARRE N FAESHITE S, S XIRUE T AR M IR TR AR LI R I A AL
Mo XFRIA M HIRR ST B IR E 2 S RS DR VR E R FHER MBS 5, X T2
SJHRERETIANET W) BRI AT R SE IR R B R, H TR AR AR 15 T AR S 3R Y
PERE -

Model SEM16 (%) Wrt-wt (%)

DT HC FM LA A CC | CA CE AC AH
BiCond 30.57 32.7% 40.6F 34.4%  31.01 15.0f | 56.57 52.57 64.9%7 63.0°
CrossNet 35.6 383 41.7 385 39.7 228 |59.1% 54.5% 6517 62.3¢
BERT 40.1% 49.6t 41.9t 44.8t 55.2¢ 3731 | 56.0° 60.5° 67.1° 67.3°
PET 45.6 509 49.3 46.7 458 323 | 68.6 63.7 70.7 715
ST-PL (ours) | 48.4 53.7 51.2 48.1 522 35.2|71.2 68.6 73.5 75.7

Table 5:  ST-PLAEMW DT A LG IR 8 L HISLINLER 1 775 IS5 R BCE STEL (AL-
away et al., 2021), g FF5 B REE ER (Conforti et al., 2020), b fF 5 EEREE (Liang
et al., 2021)

Model SEM16 (%) Wr-wt (%)

DT HC FM LA A CC | CA CE AC AH
ST-PL (ours) 48.4 53.7 51.2 48.1 52.2 35.2 | 71.2 68.6 73.5 75.7
PET 45.6  50.9 493 46.7 458 323 | 68.6 63.7 707 715

w/o Topic Information | 38.4 45.0 38.6 41.0 46.4 333 | 672 632 68.6 715
w/o Prompt Learning | 46.2 51.6 47.8 46.6 544 378 | 69.9 67.1 742 73.0
w/o Pretext Task 40.1 49.6 419 448 552 373 | 56.0 60.5 67.1 67.3

Table 6: JH@EHISIgG 45 R

4.5 (HREIBTAY
FERGFILR T AT EFTHMEE SR, HAPETR NEZ AR RS #ITEREARLY
R, w/o Topic InformationFR m7EERAESS AN E /1A #HTFEM, w/o Prompt learning#

Y FBERT-baset & A F I ELIER] | UK 77 152 E T BERT -basef {7#4 8 LARIE A F K HLER -
F o R ETEE T E RS WU, H535T1-55544T1, @ , E, 2022410 H14H £ 16H .
¥

B
(o) 2022 TP B AT A R LB R S
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ARAEARERAESS T AN R R 2 ) U T R UL 5 AR BERTO [ 36 2 R0 Jm O RE(] 64T 323
RAYEFRM ., w/o Pretext task®on AN REAESS B0 H FREFIAT TR A SRS i il -
AIUVE M, ST-PLAEM@EREES ¥ MR EREREARN, FoVERE
FAPETHAT EREAR SCAKRIN I A REEUS S T-PLARIRAE S+ EAE S M HEIF IR - 12453
WAL T 7R 2 ST B3R il RI3R 7R 27 >J B 3& & e {51 H 1) = R3] B At 3] 1) SR B2 A7 2
), FF BREWS TR IS BRI E X AT R AL, AR E RN A T AL Rl X — A 5 SR 7>
REMESS - Beoh, W EEIARGEOX — P IRAVE R R TR OMERE™IE, Bk T A IR
FRAE B KRB A ARG BoX—shll; i H A D IRAET — B AR 2 R RE T e, iR
XL E R TR ARSI R AT REIR T DR 2 -

4.6 Rl

FERTH, FEFNFEARSCE TR SRS T H AT 5 S RIPRE L AW ER - ATLL
MERTIEAERE AP RINRLF, Rk A SR> B AR B - FEREGILP, 3R
STRTLTIMRS 215 B e B RS 5 R B R SLIRE R F], ERE RIS R A
TR F ) — AT RE, B VRO X G A — D BAR TSR - IR, £
FEfl2m, BRA HAlTR 5 B RPREFIMT R, o SIRBTI T 5 FEAE B RS2
M, PR EREG BARREE HARME BRI & Z A ), RIBRL D X AR A e —
FIRMERPRZE - ARTESAUREI 200 5 2% AR A0 FI VB B2 ARG I IRE SR, T DASEI) () AR R
Pt IR B BR B Bk - MR L SERRAMEZREET NS (Al - 1875
%) BRAITR, RS BT = AR T SR T EE D B IS A T SR R IR R
AT, X — (AR AR AR S AT — P EGE -

1

H#¥r: Donald Trump

LR E: Favor

FEF]: one of the key promblems today is that policis is such a disagrace,
good people don’t go to government

Rt B AR Al 3 @A 5 I A)F:  one of the key promblems today is that policis
is such a [MASK],[M ASK] people don’t go to government
EEMALER S ERE: B RH

AT EI AT 5 GhRss:  BIRFERHY

FEBi2

H#¥r: Donald Trump

ML Against

61 46]: donald trump did not apply to immigrants one of the trade basis ,
win to win . ignorance can not be excuse

FEgEL H FRAn 3= B j5 B9A) F: [M ASK] did not apply to immigrants one of
the trade basis,win to win . [M ASK] can not be excuse
EEFER S EIRE: BT RE

BT E) AT 5 BARSE: B FRIKIRY

Table 7: B~ BBIREA]

5 &5

AR T —FEET ZAR R S T A SIS JT VA (ST-PL), % k@ 45 5 5o
F)FIREAL S L SO R EE, R EESREAFER AR . BifH, ST
PLIJ5 AR T 18 ) HARANZE AT B PR AL R IR (A i) 22 Feofe 2 S e R ISR IE,
M8 TR T IE B RS AL TEREA SIS T, FHERERTT T HA LI M A EE -
AL D TR G R EERIE S LT SE R as AR, ASUR RIS T-PLT AT fE
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