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Abstract Text stance detection is a basic study of text opinion mining, which aims to analyze the
stance expressed in the text towards a specific target. Due to the rapid development of the Internet,
the discussions of users for public events and consumer products are growing exponentially. The
research of text stance detection is of great importance for product marketing and public opinion
decision-making. This paper reviews the research of text stance detection from three angles: target
type, text granularity and research method. First, from the perspective of target type, this paper
focuses on three aspects: singleftarget stance detection, multiftarget stance detection and cross-target
stance detection; from the perspective of text granularity, the paper compares different application
scenarios and methods of sentence level stance detection, document level stance detection and debate
text stance detection; from the perspective of research methods, the paper introduces the traditional
machine learning, topic model, deep learning and “two-stage” methods, and points out the advantages
and disadvantages of various methods. Then, the evaluation tasks of text stance detection and the
open data resources are summarized. Finally, based on the current research, the paper summarizes the
application fields and looks forward to the future development trends and challenges of text stance

detection.
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Fig. 1 The transitivity of text stance
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Fig. 2 Classification of text stance detection
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LB UNIE 2 Jr 7 SCAS 2 e 0 19 H s 28 29 4
E A AR 2 HAR L RS B AR, SCAS 25 45 0 A9 SCAR
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Table 1

FF G T SCAR L YR AT 5 00 R ok S s 34 DL K i
ey B 98 .

1 XARIIBEMHAEBERER

HRAJE SCAS 57 A AT 55 b H b 2 B B AN [] , i)
Gy R HBRSL R 2 H ARSI DL K
EAR LA g 1 B, 3 k4 43 3 % ix 3
A7 1) JE T 4.

Stance Detection with Different Target Granularity

F 1 R BARHLE B S35 T

ERTEEA] EE7N A Y

NSRS Open two-child policy We have a two-child. Let’s think of a name for him/her. BER

%2 H#r Bernie Sanders &. Hillary Clinton The scum on the left will choose to kill 100 white Americans. J2 X IR X
~ All people, men and :n alike, should enjoy equal political ,

W H Legalization of abortion—feminism people, men and women alike, should enjoy equal politica S

economic and social rights.

1.1 BEMRIFHEN

B H bR S A R A 25 0 B — 1 SOAS (HERE LT
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Fig. 3 Multi-target stance detection based on attention mechanism
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Fig. 4 Cross-target stance detection based on attention mechanism
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AL G rh 25 5 B T SO S BRI A )
T2 RIS ) G0 7 5 K I ) 5 800 57 5 A6
P8 AR5 G T SCAS 5 L T 8 SCAS S 4 5 A R el o S
A AW H 25 58 AR B9 52 3 02 SR RO B Az

Zarrella 55 N A A B 503 37 37 46 00 114 9k ik
TE T P 20K 37 39 W 22 A KO L B 26 e AT

Beum S B TR R 5 5 Rk T AL SO B Bz
T R B AR X AR U SCAS S . R T R
T [R] R, At AT SR FH G % 2 2T 1% REUARL 3 sk AR R AR
Tobr 2 R Bt 4 [ R W B I 25 1 B an]l I 1Y
BIHR R[] 5 8 HAE S 4 2008 20 28 0 265 450 A 1Y
A IXRN R SARE BT TE R TR S g R
AT 55 P B T 80 1 25 1. Wel 28 AN 2T
“2 A URY TG W B Y Oy Wk AT ) R S g A D TR
AR el ) R A 30 o R SR R N7 A A 5 3
(domain corpus) &7 T 2 &5 A9 Zh B3 5 (52
e/ %), 8% J5 Al H e i 9 CNN (convolutional
neural network) 155 1S H Y {45 R HE 4 SC AR 43
WSRO S AL 3 KR E BT T AR TR
(vote scheme) #E47 T,
22 BERHIHKEN

T G0 S 3 A W 3 R A 4 E SC AR REAE R
H AR B 308 5 320h5 R — oM 43 SRR RN
T LTS e SR TEOC 4 P2 ], H B AR - SCA X 2%
Bl 2 s .

Table 2 Document Level Stance Detection

K2 RBERINLHEN

H AR (b i)

A (TE SO Y

According to a report, the battery life of Apple watch should be much longer than that suggested

by some early customers, and the device can fundamentally change the way users interact with

Apple watch’s battery

life is “ much better”

their iPhones. TechCrunch cited reports from several people who spent “a long time” on products,

saying that Apple watch has been trying to improve its service life. Therefore, after one day’s use, X

than expected due to its

power saving features

the watch should still have about 25% electricity. At the same time, it is noted that if you use the

Apple watch, you can immediately perform many tasks and receive notifications without using an

iPhone.

Tt 35 A 49 ST R I 2 R AR P G v (g — 5
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Table 3 Debate Text Stance Detection
3 BHEXARIHE

Hiw

P& bR

1) As a means of self-defense, citizens have the “right” to hold guns.

2) Citizens who are not allowed to carry guns are also at a disadvantage in the struggle against EERi

lawbreakers and armed elements,

Self defense:is self-defense

a good reason to hold a gun?
wielding lethal guns.

1) Although people have the right to own their own property, it should not be a justification for

E80)

2) Robert F. Drinan, former congressman of the Democratic Party of the United States, {gun

control: good is greater than evil).

2.3.1  EFXBUARHE SCA

Thomas % A" 8 W4 H BUA RS CA Y L 5
KT 55, b T E T 2005 4F 35 [ [ 2 & 5 BFg il
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XU EE 20 4 BRE £ 6B SCAS /Y ST 3 K DU R AR
1R GENE AT AT — R AT TN S P 3R A 1
8 SCA AL 2835 6 1 A B 1) 3R 3K SRR i S 3 T
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“THF-J X Cagreement disagreement, AD) I J&
FEI5 L ZME A BB X T AR IS SCAS ST A I 5 1 Rk
o3 M EA Sl =
2.3.2  EEXTELAL A M S REIS SOAR
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AHXF T 18] 2 57 S K Wi 5, L4 S S R 2 B
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(95755 s VI N B8 SCAS S 373 53 S 45 1 b 38 o il
FH 4 B4 P X Cinteger linear programming,
1LP) 7 BB & HE W 37 3. Yuan 45 57 5% ) 24 1 24

D http://dbp.idebate.org/en/index.php/Debate: _Gun_control

IREIE SCA JE T T WF 9T, 1 WO\ /B R L 48 g )
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— Pl R % 4 1 B 1 BB (recurrent conditional
attention, RCA) W F P+ BY A8 SCA XS H b 5] #
8 7. 7 650 16 P 5 1 T Bk T 1) 4500 2 BT (gated
recurrent unit, GRU) 54 {49/ B #ilt 25 ) 25 X ] 150
A R [ 8 ) R AT AT 5 A R O D L A ke B ok
() /) vk 5737 L A Y AR) L 45 B 5 ST A oG
F18y i) R0 /e ) 2 73 ) o [0 5% /) ol R JH 3200 1k 3R R
[i) d5t R 7N 5 de 2 [l 25 ) b i A 3] 1Y B 1) R A0 AL
IR B SRS 58 R RCA B X [ 2 %)
F18) — R I 5 dek A 708 B ) 352 [R) AU X ) 3o B, RCA
TR A A B M ) R ) ] 28 ) iy SRR L 4725 4 [ 3 /)
(1] 24 /) Z 18] 1) A B AR R OC 2R L 38 A0 HE B AR A 0] 2% A1)
XF T H bR )@ 558 1 57 3.
2.3.2.2  [HIESL KGN

R ZHE I R T A R X B AR £,
T2 b AR AL s 233 Al P B B SCAS L X
TLHE ST A AR ME o E P X A B bR S Y AL
o R 7 28] 42 57 3 K O Murakami 558 A5 76 1
WEAT B TAERS, & U AE B TR ik i e
FR A 8 SCAS P 28 25 i o 57 3 4 T 18 4R S TR e i 1
LT R 4 43 26 e 5 P AR T AH QR AR I8 SCA 1 37
53 0 3CHE O B ST DT A S UL A T 4 v A
BEREMBCE AR PR IZAE I RR 2 NP ZE
o3 R BE Y SONE 28 B s s T B K] (max-cut) 55
BB P AR T B AR 8 573 43 S SRR ECROXT
Durmus 8 NP1 T — M 741 MRS SCA
RN RCHE R L BT X R S B bR 3 R AN R
B AR AR AR T, A T SR IR L AT
AE SRR EIRO HACTHT A WL 5 R RS 1 sk
FACS O SE G H8 AR AR TE AT =22 8] 19 5 B R
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X5

Would we like to live in the
world of Harry Potter?

3]

XEF

Magic opens a lots of
interesting possibilities.

The capacity harm is greater
when the magic is involved.

The wizarding world is safer than
the Muggle world.

Y

B

A significant number of wizards
throughout wizarding history
have practiced the Dark Arts.

There is a great capacity to harm
others using the Unforgivable
Curses.

Defense is also made easier
through magic.

The Unforgivable Curses are illegal in the
wizarding world and their use is grounds
for immediate life imprisonment in
Azkaban Prison.

Fig. 5 Debate tree: “would we like to live in the world of harry potter?”

Bl S BEIE TR TR R 2 A 306 7 e R 5 Y 5 g 27

R FATT AR AR A 0 R R B A SR R Y R
“BEARTTIR T V2 A B AT M S SRS YL T
— AT RS BEE A AR, 5 B BE 2 T RR T )
A 37 3. &k H BERT (bidirectional encoder
representation from transformers) & % X} 4 — N8
JARR T 2 B[R] — BRI s B AR ST
PEATAE NGB X T 3 AR U BERT 5. Ab R Y
BERT #8447 47 42 {5 B B9 BERT #8474 )=
W LS M T BR AR 15 B BERT BERL 45 SR 550, % jE 2
LSRR ERAR AT B B T8 8 2 A8 51 2Z 8] i A X
7 3 AR AR A ] A DU P ot L Nr g
FELHEST A5 AR L BE HUTS B v A 1 4 2R AL 45 4
SR EPO =R

3 XARMBEWTESDE

SCAR SE A ) 75 1 R EBORT 73 O 3k T AL G bl
) BT IR BT RO B 7 1 B T IR T Y
G VAT 2 B BE RS R N 5 ik
3.1 ETEENHFZINILZHEN

TEAL GEHL A 2 > J5 i vh i i 01U k2R DL i3
PR SVM S5 2 fe B F A AL o >0 O 1 L2
AR HAR 7 12 2R AT B R B 2 07 1, L R 2
iy 326 I 3 B9 R AIE 3 7R R A 2 AT O ] BRLSC
AR 1 BREAE AR A R

3.1.1  f B SCARRAE

] PR SCA R AE 32 284 45 ) VAR AR 3R] A5 —3 SCAY
B % (term frequency-inverse document frequency,
TF-IDF) . B i#] [ i (word2vec, para2vec) . 3= 5 45
RUAH CAFAE (LDA, LSA) iy 44 L& AR R A
EEHLN 4. Xu 28 AP R para2vec, LDA, LSA 4%
T SRR R R 7R 4R SCAS v A o SCAR R % FE 1 BEAIL
PR (random-forest, RF) \Jk T 4 PR A% bR 801 S 455 7]
L (support vector machine-linear, SVM-Linear)
DL R B T RBF #% oK Y 3 #F W) & Bl Csupport
vector machine-RBF, SVM-RBF) % #l. % 2 2] 57 %
FEAE FHAS [ 38 SR AE s 37 3 A6 0 25 5. 25 o e
Sun % ANPH 30T TR SCRIE | 18 1k RRAE B S RRAE
HVA)EE RRAE 22 B i 5 A R AE v SCRURE ST 37 46 AT 55
PRI SEEG R WY B AR R AR X AT Bl T ST S A
REFETE.
3.1.2 fHIEARAE

T IEBNE T B 5 408 H br Z [ A7 7E A0 JAK
#i & &, Mohammad % N™ B %k T — A&
18 A B AL 70 28 00 b T B0 4R L 1 T I 50 1 R
FSL S 2 6] /Y AR 52 M OC R R T B 4R
Ebrahimi 55 AR A% B P il A B B bR S 3,
L — A LA H AR 37 3 b 28 RSO ol TRk
()28 AT S ARE L ST T X B0k M 1 - H AR ST

Y Bk 4 B (oints sentiment-target-stance modeling,
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STS) IEW] 1 & 15 BUE B X B AR #4737 5 B
A RCPE A 1 R ) S R 1 RCRFE B ST G
I T B
3.1.3  IRGFHE

R T ] B SCAVRRAE S IR IE Z A — 2627 3 i
T EE TR A RRAE 00 kL BE R I A NN R A
[Fi) S 1) i) BHL 1 1) 45 A5 8 0 5 i) Sk | 3 ] o SRR AR L 43
B SVM L RF F bk 560 25 oE A7 32 4 I s
XF BT A 53 2 an AT S R A S T P SO A
Bk AT 45 (NLPCC2016 Task4) et (%R
3.2 ETFEEEBWILIHKEN

Ahmed % NS48 — A Z 00 A 19 1 7E 1 2KOF)
i H 43 Be A8 7 (multi-view latent Dirichlet allocation,
mview-LDA) B SCA i i B — A~ BLi B U2 3L 5
5 16 1 850 1) R L5 A T DY S RO B A
GO A e T R ST 3 1 [R) L, O e A & 00 7 A
RFEFEAT 5 B HE W e HEAT 5 ) R BB S 80
U TR PR AR 8 SOA N2 3R AT 09 s Al 11 X 2R 47 HE 1B
Xof B B HE AT TR Ak R L WS TR A A AL
Gottipati % A" i H— i 2 AR AL 8 A 1 4R
CRIS IS A 5 Bz i 8 b, O HL6E T AR e A A
HOHE 4R P it U 2 UK 25 R R Bl L DA BT A
23 B A AU b 1Y 3 R N7 Y B e i A E P A
S VAL 7R T 1245 Y B G R A R
33 ETREZEINILHKEN

VT AR OR TR 2 2T AE H AR IE AL BT 10 RS T
FLBY R A XS TAE G LR ) O IR
RO T F TR B R AR TAE &L B A L5
RN HE ).

3.3.1 BRI 4%

B PPN 28 (0 2% 2 — S T s ) b 4 PR b
22 PR AR A CNIN 78 SCAS 1 2873 2 L ) M5B 1 Az 0
SEVFZ SOR G AT 55 R AR U T AR A ROR L TR
TESL IR TAE W 87 12 fifl . Vijayaraghavan 4§
N0 Ay S S A R ST A6 I B30 4 P i 5 AN H AR A
SN SR T 54 9 00 R0 ) 92 53] 465 FRpp 28 0 2% A5 AL,
FF 0 95 2 I A2 10 A5 Y B T A 2 A AT T
SRR WL B 2 08 R 0 SE A I 4 200
& R 22 I 285 118 3% 30 328 32 47 T 1) ) A FR A 28 I 2%
FEAY,

Ik, Taule 5 A5 5 B T CNN 7 B4 4b 3
SET7 T B PL AR XN 48 2 JE M B8 Sz K o
XRERR SCA B R BRSO BB ) 28R B
HEFT AR, A R Al T I 28 2 e W 1 AR 3R B S

Y LT, HE— D5 T S R I R ROR.
3.3.2 MM 4%

— L2 Ay Y A R 22 I 45 N B AL
HA B 1 2 A R (S B Zarrella 25 M 3@ i AR 2
AR TOR 2 SCA B £ R AT 55 W B 2 T 3RS
i ) & R AE, SR SR T 3 IH B 28 X 2% (recursive
neural network, RNN) @l & 1 % fla) k45 B 2% > i
N SCAS 1 [o) i e 78 o RS SCAS HEAT S 3 460 0. 388 9
P2 I 24 4 A0 35 A T AT LA SE 43 ) 3 1 R0 ) vk 45
A A5 I8, o A ARG 00 00 2R X6 3 5 A 3k e A Y &5 SR
HLA i AR 6.

3.3.3  RAELMHICIZIM 4%

£ 45 B2 12 M) 4% (long short-term memory,
LSTM) & i1 ] (gate) 5 il B 16 BF it 28 ) 2%, AT LAl
BRACRC I B A MO OC R L 2 i RNIN oo B0 2R 1Y
[a] 51, Augenstein %5 NP8 @ ST T 3T 55 W 2E ) 1)
XU & A LSTM Zi i A5 A9, 43 53 4 ] 2 > LSTM
Po )5 AL K S H AR S HERR SORZ5 Bk 28 1 A
LSTM {i HI A1 19 Il 25 550308 % 130 2 B bR 3547 26 15
55 2 A LSTM A HI 5 € B bR 19 g 65 45 4 ) 1 R 25
X HEREHEAT 4 T, 58 O B bR B0 SCAS (9 B A AR
Sun SF NP — AL ) LSTM JZ k%
S FUE AE B 2 B B R 2 R S ROR o B A
LI E R TR SRR AR E K I RoR (F B
A 38 T A7 SRR 00 g B 3 U2 i s AR Sy ST A T Y

BE s A EAT IR 2 )L R RTRE I R Bk e i Sr 3
R A RR

11 22 7 Cattention) AL fe 2 76 A0 06 [B1AR €53
Ei R R RNEE N A D RE S =W R VI i R o G
B ALz 0 BB T IR B 2 2 1 A AR E AL
PEAAAE 5 b 5 5 KA R A2 N 4 25 & . Du
NN T H bR AE B R R U SCA RN 1 5
W, LAY E A B PLR AT T — AT H AR
TR R T B E AL B SR T 5 H AR B
HH & 1) AR 4 JE T Du B AY L 5 K 0 25 A0 4
2 T2 B B R AL A A R, 5E R R R
T 35 ST B B AR 0 SE S A T A A2 B B
HEE S HLHI AR ATA Cattention-target-attention)
it tniE 6 o 6 A 1 B Beft B R 5 S0 m)
HVCECAT B VR B AL B, M4 B B b ] & R
55 2 B BOKE B b ) 5 SCAS IR 1] G DS RCAS B T E
FE o WA E 5 W n) LSTM SCAR R R 1738 B
o B AT Y SO R OR L R MR SCA R R T
SE R H A i ST 3 A 4
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Fig. 6 Stance detection model based on the combination of attention mechanism and LSTM

6 R LS K T AL R 4% 25 A B S7 S A A Y

B DL S i i NS A M E AR B
5 CARE B SR A AE S AL B B LA 8 bR
TR MR B I HLHIAE 657 B Bl A 328 B AR R
B X5 E AR G Tt 1 SR FH B 0] LSTM, 1y % SCA G fith
AF el F BT ST M A6 R A 3 SCHE 47 7 37 e D 45 4l
A TN SOOI ST 37 6 0 B HiE 4R B SR A5 SRR R T
56 = IHLE 5 25 A G B 04 5 Bk A SCAS ST 3746 D
1155 A RO Sun 88 NS HE R AR AN R 5
R R 2 )2 B I M4 (hierarchical
attention network, FHAN) &I, 45 #1435 2 4~ H8
SR E R S 4y AU I & 1 (hyper attention)
PR HIT T2 ) B R TR i AR AR (R 45 17 J%
i) M LA K B bR 1 3R S R RO [ R AR 4R
FOA ., 285 S 6 E I 32 B A B SO AR ST 37 A T
s 4 AT T ARG R ROR.
3.3.4  BRMAEMNE 5 KBRS M 445

Yu BN T M 2 M 2% 5 LSTM 2
P2 4 25 5 1 5 1k B SR CNIN 2 2k 48 iU
# n-gram FFAE, #R J5 F) A X m] LSTM R 42 B 25
()4 Jry 1 SURRAE 5 J5 B 3R X 2 AN FRAE 1) 8] 22 2
JE A G R R AT A R Z Yu AN AR
e R s 1R AR U 1) i 43 0 i A B CNIN R
BILSTM v, 3545 4 BURRE A RS & 18 L3R om , SR )5 K
TR 0t A S g B AR v i BILSTM
FERLER TS 1Y [ & SCA o 8 3 5 BURFE T 2 0 i
B 5 B CNN A BILSTM 75 21| 1) SCA R it 17

PHEAE N e 2 SOR ROR B2 T I 7. 74 2%
3.3.5 LM%

e M % (memory network) & N T ¥5 #ME 3R
ol 25 19 2 26 0 vk A7 A S I ) A2 T 4 L e B
WS AT it A o BEAB % 5 T2 5 HIR AR 7 Ok 1 i A5 A 1Y
L2 RE 1 . Mohtarami 458 A ffi F — Ff ity 21 o 1)
ICAL 8RR 55 465 BR Bl 28 0 24 A A b 28 I 2%
DA RAHARL AR B B 5 SCAS A XS T 45 28 H AR 5737 . 5F
P2 PO JCUE A R B LA S A5 F00I0 495 23 R ) 1 Y o
5 UAEAIGE TAEA A, 3 B2 A9 3 %8 3ty 19 18 42 ™)
WR—ANTH ML ILF.G.O,R} I3 A—AH
RLAE B o T ok Btk Tk 41 B i) $ RO L IR W T A A
RE % 45 7E 1 SCAR SORY P 4 ROA 38 SC AR BT 32
e T A5R
3.3.6  IZRiE B A

I 4E ELMo™" ., OpenAl GPT™®', BERTM"
T Rtk 5 BT 2 0 1 SRR 5 L BAT 55 P3RS
T T AR Z A AR AT SO ST 3 46 D T AR I R
T PN his 5 B Ry JF kL e TE — DR BB
P 5 A s F AR AT WU 2, SR 5 SRR E Y
1255 X AT AT M. Rao™ iH 8 IF LR T 2 N
% : ULMFiT (universal language model fine-tuning) """
M GPT(generative pre-training) , 3§ J& 7 {0 {a] Xf &
TR A7 B DA S8 180 X 3 S ¥ e 1 57 37 A
ULMFIT 773 8 5851 A 38 400505 kR Sk Il 2R 5
A (SCAEEAY) | ) T AC AR B I Ak ST 37 43 S A5 Al
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(FREAD)  JJ5 8 B AR AT 55 B0 f00R 43 28 4% 5111
YR 5 A% A5 B LU AT AR B TN AR . GPT
Jikgy 2 A BREAT  E R BB BN 2B
FERY DL W 1) 7 2ok B AR B R LT A 45
HEAT T N5 s LR AT W& W B0 S A7 W Y S
R0 A 55 1R 0, i A 38 S T 5 DI G I A AR e ¢
PATF IO A 25 F AL T ULMEIT J5 2.
3.4 ET2HE"HIIHEN

3.1~3.3 WA kA B AT L kD

AWICA R
GRAZ VeSS

ST TR 040 2

—"

ElImmEs

(a) 1R BT

() s AT 53 b —28%2 B B Sz Sk il Oy ik, BV A3 K
AL X5 2 A B B se i 5 4 AT 55 A B O
B AT 2 A B D S B SCA R AR HA ST
i, Bt 5 0 W 7 3 2 SRE UROX 5 20 4 ) R A A A
MEAS I 55 57 37 K6 DN Foe 26 E A 0 2 T T ] Y SCAR
Xt BT HARI S 3.3 T2 By BE I S 3 A, 4
AR R A R 2 A Ay KR L By T SRR
S 3L AT BRL L0 T RS B R v L T2 BY B L A
5y Be o7 Aan il 7 e

HIl SO 7555
H RAHX 042628

FIWT AT b LI 1) 7y e B

—

ElmmEa

(b) 2R BTk

Fig. 7 Flow chart of two-stage stance detection model
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55 1 Fh2 B BT K H DL B SR ST R D v
“SRE RO A SET I =4 S I B AR 2 A
LR AR 1 AN B B B B 2 v 8 SCAR Bl 4
Hisr O L3 FEE R ST GER L) X 2 A28
A FEXTES 1 AR B b AR Sz G S ) 28500 1 8K
WA 2, o SRR X 2 RSz s, i 7 ()
iR . Wojatzki 8 N2 23 e AT Wa & 55 W= Y 1
T X 4 AR SCAR ST S AT TUI L AR AT WS 2 2T e il
T n-gram FHAE AL REAE | 37 3 16 3L RRAE 45 2 B
FB BRI 2 A B T R SO R R AR 4E L (A
s T 2 BB E bR A TR B %A By B B AR
GREM ) SVM /2R3 ES B2 e, R T iE
B2 o 1 JEARL 1 S8 A W AT 55 v ik B 5 4 AR S
A S AL H Fn . a0 2 H bR Bl i L A T B 2k i
O3 JEE R HOZ MR SO LI O ARG S 22
T Al S 95 B X F A H A ok U B A A R AE 2
7 R BURRAE . JE T AT TAE . Dey 28 AU 48 H 7
2 B B S Sk Jy ik v Rl A R I SRR IR FE SR 1 B B
28 UM AR I TR MR &, SR I AL MPQA
(Multiple-Perspective QA) 3= W —#% M 4328 Rl & F 1)
M (WordNet) i 76 JE 25 18] 2 AN RRAE B 5 A B0
B SCAS A3 g s i A AR v ST 2 AN 5 2 By

B4 4 56T A it (SentiWordNet) Fil MPQA ()
15 I R RRAE HE R 35 SCRFAE . B A A I 47 AF | 58]
n-grams MF4F n-grams % ZHERE, ¥ 58 1 BB
3T B AR S SCAR HEAT 53 38 4 O SCHR R R
Xt 2 AN 7E o SCHOE ST 3 R I R, ) A 0
AL T — A5G O A B 1k FUR 3R DL S B30k 1Y
HE I FEBE A (serial sentiment weighted and naive
Bayes model, SWNB).7E45 1 By Bt & —1 H Az
P 7 TR BT N, T O SRR BRI T REE
() BN %of 52 e ) =X B b AH G 2 A4 R A7 Ak B ) 15 O
ACRLIN TSN A B85 B U SCAR 23 i A S
M ALY 2 2K 556 2 BB, AL HTAN R DT i
Gy A B AR 1Y DI SR 12 48 I A 2% i
SCAS TP A ] | OB S A A i i L AR R R 3R O
BT A R T3R0S SRR AR TR 45 20 A R G Ak R
DTG 5T 255 7 R I SCAS Y LA N7 3 R S 4 8 X

5 2 Bl 2 BB OT R e S B SR i H bR 2 1]
4 AF S P A I L 1 BT SCAS 5 H AR Z 8] A5 AH O s 45255
PS8 WAL SR I, BV A] e T P SCA G B bR 1Y 573 02
KA X, WA 7(b) fF 7R, Zhang 5 AN HEA
WEBH R Sz R L AR 4 5 A TIE R B BRI 2R %K
Worh 5 DT A TR 2 A5 36488 % B
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A AL 45 < 0 5 R AR L VAR AR A ARL R R AE 1 I
AR AR HERE SCAS AR AR (BR 28 LRG58 LA 3] [ 4
FEiX 6 FRRAEBEAT T X LG 43 B o AR AR R AE AT
DL R0 0 W 4 S 5 5 45 0 HARAH O, i Sr 3 46
DA 7 I B AL 7 i S
3.5 I &

ZEA 3.1~3.3 T HTIR, SCA ST S A My ik
A 43 R B T AR BEAL A% 2% 20 19 57 S A L 3k 1 3 A
RS A6 W T IR B2 2% 2] B S S R L R T2
B B2 19 7 R L BRAE AT B4 5 X .

D B TARGHLES 2 2T 19 5 Sk D

BT AW G 0 i eS8 G1E 5
FLU N T AR 20 A L W8 & 2 HR B B
BR A2 R BB N 7 T R A 1 R AR I SR
B 2% 2 AR R 5¢ 1 SCAR ST 3 6 I AT 55 fig B A 4
PRI | B P 43 A R S 1) a1 AR 2 DL
I 307 70 S 4 AH B TR BB 2 2T 1 43 25 ik s %y I R A
Ty 10 b A 7 B, o SO B A7 7R 26 e A i L 4 2
JEMESF BB IF HL FRAE % B2 B 3 B X0 3 R 5
Me A8 A R b R 38 B 4 TR AT R S A SRR AE S
XA T RS T 7 ).

2) BE T 32 AR AR 1 57 3 4 DU

T A A R A 24 SCA IS B 5 R A
APLH C R R T RRAE U 5 R WL AZ R AT 55
[ B 3 o 3 LA — o 1) B R S . i 45 R T DL AR
I b A H BR 5 SCAS i E YOG HE A B R R K, R
fiff DR AN SCAS 2B A A, Dy 0k X A KT BT 1 ) L {H
U e SCAR REAE A R A R B L R

Yk okt B Ax 09 B0t 5 SCAR 1 6 57 4L BN 5 R
T 0 AR REAR S b etk X 22 H bR S 3746 00 1) T4

3) HE TR 24 2] 11 57 A D

BT URBE 2% 2 10 57 5 K Iy 2% BE AL A Ak i £
FH A SR ) 2 56 v B S5 0 R I Sk anling A, 503 F
FHTN ZR il 5 B 27 ) 5 R FUREIC W BB k) i 28
R S L 3 TR B 2 o (1 ST 3 K T vk e LAY
S LSTM FC A2 W 4% 0 J7 1649 25 T H A Hr K
2 L VEE BRI R S RE ). 5 R T E LA
27 2 (W) 37 e DA B 35 T 3 RS AR 1) 7 3 A6 AN [+
TR 24 ) A 5 sl /0 1 F TR 3 R AE 9 T AR L B
H Shal B AL A R AE 67K . FLiE SE A0 Y ) 2 367K AT DA
o, JIR A AT A 14 ] L L) e 52 4% 1 S R O 9 4 B O
JE R 2R 2 2] AR U R 1 L R R R 25
T8 25 F B e ARIE A 7 AL BE ) B AT T XA A E 4 7
fRT A X I8 1 (A5 IR A F 52 B4 [ A, 5 bt ) B, 7
FHESE R AT 55 v o 458 B 45 5737 1) Ji PR, 3 5 8
R ] i B 2 a0 — 245 S8 2% 1 ) A

4) FF2 BB SL Sk

5 3 R oL R Jr AN TR T2 B BT
ST 3 A D 2 AR AR AR ST 3 A8 D 1) AN [ 9 Bt L iR AT
G126 N =43 R IREIEAR R 2 A A SR, Z2 58 0
() — A B Be {43 2541 55 S m 4 Ak, (B R 25 5 77 Ak
TR K.

B )5 XF SCAR 37 3 K 0 A 53 R R B4 O vk AT
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Table 4 Comparison of Existing Methods of Stance Detection
F4 AFRVABEHFEHLE

SERE I T =RENYTR7S SCAS KL FEAE A A

Unigram, TFIDF, Synonym, Word Vector,Character Vector® w5
Para2vec, LDA, LSAL30] E
] 4 ) TFIDF.Sentiment Dictionary3*] =

SVM Weighted MPQA Subjectivity-Polarity Classification, WordNet Based
Potential Adjective Recognition SentiWordNet and MPQA Based 5

Sentiment Classification*?]
Unigram, Bigrams, LTWC24! o~
Hlawz BEL SCAR .

Context!26] w
Unigram, TFIDF, Synonym, Word Vector, Character Vector®) 1
RF GRS Para2vec, LDA, LSAL] i
TFIDF, Sentiment Dictionaryt?*] s
GBDT AT Unigram, TFIDF, Synonym , Word Vector,Character Vector® w5
MLP S BOW o
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&R 4
S Dy vk BAkJr ik SCAS L FEAE A A
O Factorization A . 5
F AR FEIL SCAR Stance Dictionary#?] 7
Model
Dependency Featurel!!) w
GEE T
RNN Sentiment Dictionary, Dependency Feature, Target Featurel3! T
) e ]| Hierarchical Ordert?! &
TR
CNN ] -9 ) National-Flag Picturest37] 2
Word Vector**] w
RNN&.CNN GER S ]
Local n-gram,Global Syntactic Features™*? 5
NBM G 3 Sentiment Dictionary, Associated Entity Sett*] 5
“2 BBk Traditional Linguistic, Topic Feature, Similarity Feature
LR GEZT] N b y =

Sentiment Lexicon, Tweet Specific Feature, Word Vector5!

4 NAMFENEITEN S WS HEERR

4.1 LA ER <Y
2016 4F LUK, [N AMIAR Z B 5 LA 20 21 1 3¢
AR SE GG 28 JEE AT 55, b a4 [ B il SO

K25 (International Workshop on Semantic Evaluation,

SemEval) fll { 285 75 Ab B 5 h 30T 8 K 2 (Inter-
national Conference on Natural Language Processing
and Chinese Computing, NLPCC) %, #tzh T 373
o A9F 5% 14 K e

2 5 X SCA ST A 4 ANV 55 4 B ST S b
DUXF G B (T RL A 28 DL R 3% R e A3 1Y) AT A 3 47 A
45, UBtS%.

Table 5 Summary of Open Evaluations for Stance Detection

£S5 UHRMUAFTIMSUBL

PEIIAT 55 SCARL WE 7543 5 =i 09 B L
SemEval 2016 Task 6 AT e A :MTTREM); B Pkudblab/'™)
NLPCC-ICCPOL 2016 Task 4 A1) F 2% 3 e A :RUC_MMCI; B; March
FNC-T SRR e Cisco Talos®
IberEval-2017/IberEval-2018 A F 95 TG PR 15028 2 e Wi Spanish; uc3mb37

SemEval 2016 Task 6

PR i Mohammad 25 A 5 F 38 i
i A 14 B SC T 37 A6 T KA 4 L Task 6 4T 55 28
2WAAES : THESF A B — DA WE RS 0
P b B VI 2R A5 00 P 3 5 A>3 19 H Bs
SLY s TAESS B 2 — 53 Wl o B AE 5 K
o AR AR T 8 I RS A 0 4 4 SCAS X T R G -
W5 H bR i) S
4.1.2 NLPCC-ICCPOL 2016 Task 4

2016 4F AR H AL B 5P SO AR & T
BT ORI SCA O FBIR S8R DD 79 7 AT
4 ——NLPCC-ICCPOL (International Conference

4.1.1

on Computer Processing of Oriental Languages)

2016 Task 4.7 AL 55 W23 2 AL 55 . TAE55 A
AW RAL S TS5 B 255 B 0 2K AT 55
4.1.3 FNC-1I

F92 F.2017 4F Dean 25 AU 32 UK SCAR 32 3
A6 AR Sy ki BT TR I AT: 55 B9 568 1 A 4T 55 (Take-
news-challenge 1, FNC-D . iZAT 55 8 F A0 5045 2 M
SCHRLS7 14 A (500 22 rh S U 45 58 SCE bp )
W7 SCFE X AZAR R B4 S s o0 R SRR VRO H TR
S AR R TCC 4 R R TR I GO Sr g k.
4.1.4 1IberEval-2017/1berEval-2018

IberEval-2017 (evaluation of human language
technologies for Iberian languages)® PF ) #2 fk 4f
XF N ZE & JE AN B A AR SCAS A I L 4355 4 319

@ https://blog.talosintelligence.com/2017/06/talos-fake-news-challenge. html
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ZRVEHEATEHE SCR 4 319 B R EHESC, =
5535 FW P 6 T 0 28 % JE i kA X — H AR Y
Y R L Xk P Sz IberEval-2018 & H T
MultiStanceCat(multimodal stance detection in tweets
on Catalan # 10ct referendum){E 45" , J& %} IberEval-
2017 M Z& % J& A 577 4 37 3 K AT 55 1 A i3
558210 T IERGE L R AT 55 th 45 & Z 88 (F
B QR SO R A BB BT SOfE B AR

5 TE M 2 A8 285 A R ARG DN 8 P 0 28 2 e S g ST
PR,
4.2 XAIBHEWH R FEER R

FURIT, SCA SZ 5 I JF B s BT R 1 4.1 7
PO A A 0 B 46 2 oh L I A —Se 02 2 AT A AT
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