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Predicting Argumentative Relation with Co-attention Contextual Relevance Network

SHAN Hua-Wei, LU Dong-Yuan

(School of Information Technology & Management, University of International Business and Economics, Beijing 100029, China)

Abstract: Online discussion has become a main way for people to communicate opinions. Besides posting statements, users are also
encouraged to reply to existing posts, revealing support or disapproval of others' viewpoints. Identifying argumentative relations between
these interactive texts can benefit modeling the dialogue structure, detecting public opinions, and supporting business, marketing, and
government to make decisions. Existing studies detected argumentative relations by constructing overall semantic information or conditional
semantic information, but the contextual relevance information between interactive texts was ignored. This work proposed a co-attention
contextual relevance network (CCRnet). With the co-attention mechanism, the model captured bi-directional attention between the post and
reply. Experimental results on the CreateDebate dataset show that he proposed model outperforms the state-of-the-art models. Furthermore,
the visualization of the similarity matrix illustrates the effectiveness of the co-attention mechanism.

Key words: machine learning; deep learning; argumentative relation prediction; attention mechanism
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$Aesh F K F G EE B R REAR R IEX A TN 1881

AZE i B SR, FEHe R, 2 58 AU LURT RS kR B S AL, I ReE i [0l ek A B PRR i
P2 AT R VT i 7Rk B OO A [RI I, A3 R b I 2 o8 e N SR IR P8 I SR sl R K. il 1 o, 18
createdebate 11z (https://www.createdebate.com) HI /[ ZeAUHI 3t RiEAT i g i #vh, F ™ Cfhsaphg RATTEIR
Rk T B WM, H P Alex_Marrs RINZ VPSS Crhsaphg WM 2R I8 T SRR, T OptimusLime W N 2598
M5BT Crhsaphg WA R TR IR - 5 A T SCAS 8 3 ¢ F AT DLUHEAR 20 A0 18 B0 1 45 44, 32548 A1 3 AT AN [F)
TR TR 28 UL, 08 170 Ay BEORT BELG 23 B ARl i BV B4 R4 . KLk, A SCTHD [9) A8 B SCASHEAT 1R 3 0 R TN ATE 5.

Syrian Refugees

Description......

Cfhsaphg
Refiigees bring in the opportunity for more terrorist attacks. The recent Paris attack had contributors from
the ISIS group disguised as Syrian refiigees.

Q |support
[ Alex Marrs ]

It is also hard to check for the fake passports they are using to look like refiigees. If we let greater amounts of
| Syrian refugees we cannot check for these passporis.

@ | clarify

GenericName
You don't think the FBI is able to authenticate passports?
\

© | dispute

OptimusLime
You're trash. Refiigees also bring in opportunity for economic growth. Racist Xenophobe.
L

O | dispute

Alex Marrs

We could just build a wall in between the dictator and the citizens. I mean Trump has shown us building
walls is the best solution.

K1 SR TRCRNEAE R E L 18

A TRV P DG 2R TO0IN AR THT [ia) B0 SCAR B A8 B SCARHEAT R ABE. T i) B SCAR IR RSSO SO 30 RS
SESCA N KRBT (e BT PN 5K AE) Z I OC R, HT, A5 T HREAR LR 7 VAR I TR L 2% ) I 7 s W =
PRI TV, FE T AR TREM TV AR 3 N TR R IR VI R e R o s U, S TR 2
107 15 0 3 T oL A A R Y AT AT 45 2 20 O, JE AR i 2o AR R TR AT 45, 1838 3055 B3
AT FLAT 5 VA (R TR T A KRN B A ) 5 AR, TR AT S G A A R ) TR AR s 8 A S AR SO A 1) Jo )
2222 AR5 OO TRI, T 1R A2 L PR SCA IR G R I T A o LA Pk

PG5 (A THT 17 A2 T SCAS [ S 7 3k 32 A Bl 2 RS 70 UL 2 ) Sk U2 R S iR 50 AR T AR Y . J sy
R AT LBt R AR A SO AR )8 SRR, 8 HUd TR e B U B 48, W& R 99 1ok, 2%
A IE T LSTM %598 B 2 5 10 7 VA B A8 A OC R T AR AL, s 3§~ LSTM (1) 4w i) 2% - it i g 55 284 1800 3k
BERT [ Tl I 258 5 A58 U9 T BILSTM 25 A ift 2 o) 2 A5 5 207221 gk s 40 K 22 MR A A8 L SUA I 413
5 B B AT S DI R BEOC R, T 28 T A8 B A BB OGRS B FEHed Fe b, N SUARTEEA
2 LA 1 W b X 30 SCAS ) P A58 3R SRR BR. an P 1 A 4 TR, R IR SUAR RN 2 SCA 2 1R AT AT Ar AH TR
EIE. AR L&, DI RIS 1 N BALF R ANAELEARAT SCIRR 1. 2 SRARK i 23 A0 5 (1 A SO BBl S
AT R, ARA P RF R h LG R, SERR b, N R AR R N AL L1 Rl A SCARTR RE AR X ERAT
R MR MR R RN I A LR B B, AT LUEDWHAI I W% SCA 7 [build a wall in between...”
(E... 2 [a) g ) 5 RBSTA A [“Refugees also bring in opportunity for...” G RAE K ... 47 KAL) AR, A
T 7 RS 2 T YR i TR0 e P B OB
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F I, ASCEEH T — P IR B SR A X ) VR B 77 M 454558 CCRnet (co-attention contextual relevance network),
ST BRI AT B SCAR 2 T S R IR s N7 06 R AR, R4 LT XU Transformer™ () BERT i 75
TR 20 RN 5 3 AT 1 SR, I 0 vy ) AL A S A T 1) 2 DA B 285 B 3R A A 7 ) I
73, PR BNESE R IR . FEUEIEAE b, BERUN R IA I SCAIE R 7R AR B OCBR R R AT Rl& Rt Ak, 19 21 5 52 N 25
S FRFHAE, JR I 5 B R IE AT DF, A4 R OC FRAFIE, FH 1% b IO bR 25

A SCICHL createdebate.com BRI I H S PFiL, # T CreateDebate ZUHRER. o T PPALILEY (1A 2501k, Tl
¥ CCRnet #85 H {4 (1 B 48 7 i M Se g D7 v AT X L. S8 45 R M, AR SCHEH ) CCRnet B 7R
CreateDebate #(#i5 F AR RERILOL T 1 B H 2 B RIS 7.

AL F BT

(1) #2117 —FP 5T BERT IR T 7 AL R 2 AL A 20 1o 28 AT, B T2 A A 28 1) 29 6o 8 3R AT 38 S AR [m)
BF A5, HEAT 1R 00 AR T

(2) {8 T B 3: J JI AL 4 3 R 5 22 T (1 8 5 DG T e 7w, 3 3 kS AR SRR 20 o Je A i 381 R 25 1)
TR RN B 2R R 7 00, ARG T P L TR BB SRR .

(3) HEAEEL A el Ji AT L, Y iE T A SCHR HE ) CCRnet AR DA BB I] i & JI AL A k.

AL 1A RIS R T A S 78 AR, 36 2 W RN A A SCHR (PR O R TS L. 58 3 A48
ASCIISEI VR, B8 4 TR SRER &5 AT 0. 5 5 R A B R EA SN AR,

1 HEXIME

IRFEC R P 18 FHZ Y (argument mining) UMM FEE ) 32—, BAEVUNIAZ R SCHE . REEKRR,
A 80 2 A Do R L A o 2R VST 5 AR B 1 10 FE AR [0, YB3 5 2R TOUMU T LA K93 Do SRR 2 00 795 ol

ROV S 2 ST [ IR S VR SCAR GG B SO R TTIF A, AR T BRSO A P 8 s A R O R E R A
AR T R A e T REAE AR ) T VRN TR B 2 ST i T s, MU 0 i TR R ) D7 2 R e R (A
AT 5 TR A SOOI R VB 55 R 40 2 8, e SR I L AR, — e R TR A SRR R R
FRIIAT 55 AT I B A PR e 7 vk B4, K 26 05 A kI R AN AT 45 20l 3l 5ot 48 5 2 MM &I (ILP)
BT 2 R A SR AR, H K G T7 38, J TR BE 2 ST I 7V R AN T T 2 A 45 T & 1A, HOl il 241454 21 1)
J7 2 B [ i s o A B RTINS AT 55, AT 4525 2R AR ) AT 45 (1 SR A% S EAT RTINS DI 25, 38 e 17
DK 2 515 IR B A B AN AT 55 7 2B IRV R A 475 T 0. AN [R) T oW Sl A, AR S = T TG ) A S AR () £ 2 e 0
AT AR, PR - N B AL B AR Z T IR G B,

S LSS 2 ST ) 4k S A ) P AR R SCAR SR TTIF A, AR T 1% o R A8 BSOS 2 AT A R A
MR T A R P 3 A U R L 27 30 ik U2 e i oe JR. v, A MR ML 2 ) 7 v 301 2 W A I
FW T VE. 140: Mukherjee 25 A VR BT 2 WK JTE-P BORLZ R 50 SCA IR AD-IB T, I8 1] AD-£ k4%
HEWN SRR 1 RN 208, PUBEE VPR 2 1) %8 [F] 8 0 26 2. Ghosh 25 A PHEECCA R RN . 26T HAG B
(%] unigram “545 A I 5 SR ) AL 2K 8, DU P8 2 100 S RFBUR B85 . Rosenthal 26 A "R IGATC 1%
R AT AHARLEE X i3 8 R AERR AE I S e Rl 43 2. XM TV AR T N A IR AE, 0 78 7 sk IO
[T SUAR IR, 45 B TR VR 28 PR BT EL.

W 5 TR T 2 ST AR PO AN 8, L 2 7 2 S0 i 0 T LA 1 Sh 4R BCRE VR 2 TR (R A B ). T, i
FH AR I T LSTM S5 2 2] 7 VAR TR e SR TINAB L, vl 1061 N TR E 3 BE Mt 1) . Bose % AU
H T T LSTM (1400 i 2 A A s RSS20 | Ol S AR PO 2 o) (1 < 45 5 B 56 AR 1% 7 ¥l e B BB 1) ) 4% i
SUF B AIWOIRAEIC AR SR, BEIHE g A 88 AOIR S R HH 1 b 451008 SO i, o v S8 B M R IR i N SCAS I 8 UM
S, T 5% WA AR AT % P TR 28 SR Chakrabarty 25 A U523 T Hewett 28 A PV TR 3 &, #7112 BERT iE 5 18
7 PN T RSTEMR 15 58 R AP H 28R4, T Reddit/Change My View BB KIAS 5 F7 8 2 1A B 315 2.
FARBER G BT T TN, (H3E T RST HORFAEAS A8 A . Bosc 25 A "I Chakrabarty %5 A UM 5 W0 £
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(RIVEFFSC R T & Sk 43 2RI 5 2 AR, B TAEGT I A7 7R R i P L K R I AS L SCAR, A SCIRR H 08 AR T
N =y IR L. B T A% P SORERUAN TN Rt 5 A, A7 25 2 MR SCIUG P 10 A B2 AR S A AR AT 38 ok X R T
Cocarascu 25 A P2 1 3 BILSTM (1125 A 41 28 [0 4 A0 T ek 32 ot Jon 1) 7 2 DC PG A VP 8 1 3 Ak 1 S
R, PINTASS HAFR 2 B SCRE . IR S OCAR . BUARIZTTEIAS T ANV IRCR, (BB T A H.SOA (BT 5K
fr B, JCVEIRSCA R IR M 5, 3 5y 7 2 SCOw RS (10 TR L. DAY, 227 320308 3 5 A B SCRRIE L ) A 14
JESCAR. Chen %5 N PR HY T 56T B R WU AE SO AL (VR A 199 S R, R FE A SOAR I DGR SUA R
FE SORIAS BAIWTE AR IO HAPR Z T SR KB L6 &R, 5 Chen 25 A P TAEAS ], A SCil
SCTE TR R ATVCURE R G A 31 1 25 AV T ) 3R AT N 25 B 3R R R D s FE R, AR LR IR ) SOAS T
AR L HATRG, W5 T FHIINBGE B A5 BBk

DATE (1 2 MU T AT K 22 BN T3R8 - BB AT L SCA A TR B SR I AR S, 20 VA RIS B RES 75 B AL TR 4 3R

TR, 5 DR TAEANR, B 01 25 BERT 1 35 R84 93 5ol 2 i SRS 25 ) SCAS TR AR, SO oA ol
2 M2 AL, TN Z% BERT 1 5 A8 LAY S 9 (K1 SCRAIE R 28 77 AT, ARSI e 3 s AL B A o S A R B A
B B BB SRR, ks T R DINRG™ A AR BB k.

2 MRAEE

2.1 [EIRERE X

T 170 2 3R - W B A8 T S AS R v 99 D 2R TN i (1 500 B ] T AR R SUAS L B SUARFHR b o6 FAR 28
ZICA{(P.R).y}. RIR A P RN SCA R 43 RN A BATFH, BIP = { pi,pa,..ooprp b s R={ Fisrase. i, b FH,
Lp ¥ Ly 53 53R 7R IR SUAR 1) 3 51U BRI . 25 SCAR TR P S JE . 3R IR - 28 B SUAR MR 3 R R ARy € {1,-1,0}.
Horp, y=1 AR RN Z [0 4 SRR R, y=—1 RRE I K R, y=0 AR KA.
2.2 IRBUER

ASCHEH T — 4 T S5 DGPR3 7 ) 4R AR CCRnet, TN 23R - 10 2548 B SCAR 2 W) (RS2 37 IR 3%
LSRR, W 2 iR, CCRnet AR TE URRE . 8 XHERLE . 18 s E R 2R 2. 18 URRE
FLF WA Transformer ™ f) BERT i 75 5570 PG HR 3 1R 1N (0 SCACTE SCR R, T SR I8 3o X0 i 3 1 Ll
3 G| TSR 3 3 N 2 DA K I 2 BRI AN 7 1) IR TR ), A9 BB DGR 7R 8 X Rl 2 1 S B A A )
FEIR R SCATE: LR TR A TR BE QIR R TR EAT i, 493 B 35 52 B 2 O (IR RRAIE. AR5, B 5 2 AR 2 AR e A
A5 I R T8 R IEAT B, A JR) O R R AIE. it 23 S 2 T 19 24 TP 4 i R TG PR 18 3 56 R A 25
221 EMERZ

B SRS 2 AL ACE [ T 25 BERT 1 5 R0 PYSG F b RS 2 0 AT T8 MR, IE4E5K, LA BERT 4
ARZR M PRI SR w5 BT AE [ AR TE 55 AR ATUR 1 25 AT 55 PRI TR S bk B 54480 LSTM®. CNNPOAI L,
FLF XA Transformer™ ) BERT A5/ HAT 5 i (1 | R SO SCRRIESR AL ). HLARHL, 25 58 R SOA P RIN 2530
A R, T RN E T e B/ g i AL B GRS B PR R BEAT iR NFR R, LARIR SCAR P 49, ] 4w it 3 3o 3] ik
DN A 22 3R PP K] { pi) 2, A B M Ay 3] ) e, 459 33 A\ 7R CEP € RO | 37 5 Gt WL 3o 07 T8 i N A0 oy 2
A { p;} 2 TR IR B4 S g (07 B 1, 75 B KR QEF e R™Y . 25, Kl A Kos CE” &
HNRIR QE” N, 15 BB A MR BRIMALZ RN EP e RO AR, N2 SCA R Gl i g i RS B i), 15 3 e 4
FO Y 2 N RO ER € RO FEMR N R /s IBERN L, ¥ E F0 E® 23 S N5 12 J2 XA Transformer FI40 65 )2, 15
B LA R I VE SR RS M7 A MP. Horp MT = [mf,mf,..., m’L’P] e R f1 MR = [mR,m8&, ..., mfk] e R¥Lx,
222 XA

FE SRR CY L ST iR PP SO PV IAT 45 o, ST R U B R B T S b (k. 2L
1, Seo 2 N B FH L 32 3 ML KT SR SO ) 0 2 o) R S IR AR SR AEA TR 7 LR 1, K o o 1 SR AT SRR
SCHEE SRR AT R G, 49 21 5 ) U DG IR B SCR I, M5 B AR B I 25 SR 70 I SR IR . A [R) T LA 1) 1)
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FER B, X1 T L AE 10 A A (K7 3l 3R 1 DR SR IR S 3o B BAC JSUSCAR G (K 18 AL S, 24
HE T RO HUIAE SRS SCA A AR B 5 TIAFAE AN AL AR, XUV SO LB R I ST ) i) 7
PRI 55 R i) A 380 o SR 5 i DA ] 5 A PS8 PR AL i i, T o B e P AR AU R B 3 - S S S i A
NI ) 25K PR SR AU i 2, N s ST TR SCARFRAE I 3 B I 1 (K e B8 )22, ks 1 il U™ AR 145 BB k.

e

[ Pooling |

>

D)
(e®)
(D)

[ Pooling |

BT SRR | R

B2 A R TR S P
A2 3 Seo 4 NCI AR K, T VKX AU S N g 88 HLSCAR ()18 38 06 28 AT 45, 38 1 XX 1)
VE T I WU IR SCAS TN SCA R A8 EL R 35 Pl S IBC A B, AT 75 B 6 20 B 0 b B R A8 X005 1 o 14 T
XLl ALK AR GE R I ] 3 .

P to R attention R to P attention

T T T
Ry R R R R Ry RoR R p
mynnmy my, mp mynm,my my, mp

B3 R R AL SR

9T RIS TR 2 1) ) T B A LA R, FRATT A b 28 1 Aok B ) 2 A B 3R 0 L N 2 1 AT AL R

S e RF7e e IR IR SCA P I A — AN 45 N 24 SCAS HR (R4 — AN B I R AR SR BE . AR A Xt R o
S,y =ws" [m]sm;m{ om¥] @

Horp, mP e RY RoR b vp o ¢ AN p, % N T8 SRR i it mf € RY FRRZ I j AN 7y RPN SRR ) it
o BRI [ B AV B TG AR, s Rt R B THHE, ws € R ATTIZRIN S5, Sy A7 m A m AR BLEZ e

FR A5 2 R ARABLEE RE R S, 70 S0l S AL 1) 25 PR 3 ) R R 25 B R IR i ), 9 BTR B QIR R .

(1) KRB N ZHER T (P to R attention)

FRPEAHALBERERE S, 3&AT M softmax, 19 32238 H A5 — N3] 0 R v 1R A5 — AN 1) 2 8] ) 3 D LD, 7R Utk
LGl b, B RS AN AF 21 b5 R M G W R 2 R, MRS R b 55 IR AR DG IRE R 45 T T 5 11 G
P S5, 45 2 v AN K D 1A B8 R AT PR, 15 302638 B B 25 (10 7 1 R M I MR e R™ L SRIR B
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BRI R TS RIE TP AR NG N AR S AR S A s

a, = softmax(S,.) € RIx )
ﬁlf = Zja,jmf eR? 3)
M =k, mk Lk e RO )

Horp, S, € R R oRMVBLBEREFE PSR ¢ 475X S 1R 1) B, @, R A&IR P 8fs ¢ ANl e 7 288 o i AR 3 D BER. mfR R&
T ISR RIS B 5 R IR R 5 ¢ A A DG B R,

(2) N BNFRARMHEE T (R to P attention)

T RIS N AR B A O RIS B, FRATDOARBLEE AR R S AT B K AE, FRIB IS softmax 1331 N 250 &
IR B, R BER b, G I D SR RN 2 5 R Z AR I R IR R IR il TR e v 55 B B AH G S R R
T O BT, Kl T Ly IR BN BRI TE B )RR MR MP e RPY . N2& B3R (33 3 13k
T FR A N A AN S BR B B T B A S R HAARRIT A R BR:

b = softmax(max.(S)) € R 5)
=" bm! eR ©)
M =[@",... . m",...,m" e R %)

o, max o FRTRBATRUR KA, b RN SCAHEAAS 23 h A AN ] 1)1 = AL
223 XS
FEFR I IR N 25 2 ) () S IRAE R, FRATT 17 50K 0 1 SCAHE SUF s MT 3R 3 N2 (K7 3 ) o MR
N2 BRI 1T 3R MP AT RS, 153 1A N A KA RIR LR € 25, 8T ¥ A A i KA i Ak
X C HATRAESREL, FFH Al 519 B RHIE 0] S AT HREE, 13 28552 B2 DG I R IR AL 2 Rk A2 T i
C, = relu(WE[m?’;imf;m? o m;m? o ]+ be) € R ®)
f = [avgpool(C); maxpool(C)] € R* )
Horr, We e RM il G B5L, be MR E IR, C, FoRFER 13 ¢ AN () A AN R 17 B, avgpool R V-4
WAk, maxpool Ko i KAH AL,
Oh T BREC 1R 2 VR I I 2 v SURFAE, FRATTXH I 25 1) SCAR T U7 M® SEAT AR 2k AR 4 Rt Ak, It Ak 5 73
B AR 7] EREAT DF 4, 15BN AR 2. BR300 s
Q; = relu(Wy 'm +bg) € R (10)
z = [avgpool(Q); maxpool(Q)] € R* e8]
e, Wo € R™ W ATIZRINZHL, bo AR BN, Q) F Rl AL AR5 (¥) mP ((IRFIEL 1.
A, iR 52 B I IR RRAE £ AN SERRAE 2 AT DR, A R G RIFFIE g AR A T R:
g=If:z] e R*"™ (12)
224 iRz
TEASF BRI B AT H AN A2 JR G RIRHE g Jo, Tk 14 73 8 R A5 20 W 27 (10 0000 28 A 28 IR % 00 A 9. 3%
JEEE AT M 4%, 55 1AM tanh 1A BGE REL 5 2 AMEH sofimax V5 0E L AR A0 FHR:
o =tanh(W!g+b,) e R" (13)
$= softmax(WyTo +by) € R¥ (14)
Horh, W, e RP2ORIW, € RN 5351 4 AN AT B 22 I 2% 0 VIR B8, b, B by, 9D B I, K 78 OE BRI
ETIIsY 8
225 HbreREL
BT A SO IR AT OC RTINS = 73 28 I, AT IR 28 SR AE R i B, T INGRIR A AL & e DI S dl
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{(PR).y;} > SE XIS 2 3R prross:

loss = —Zizkyflogjlf-‘ (15)

ook, W i A ORPASA T SCAR I TTS A I kAR, yE = 1, I, 3= 0. § R i MRS T
SCAR TR LT 55 kA0 b B

3 SLENRE
3.1 HiEE

A AT MNAE L FF 8 1815 createdebate.com #J %) CreateDebate £ 52 1F i CCRnet #8Y. Zidx 1 2 r LL

AAAA

R (Dispute) AL (Clarify) 56 &R [KFRR-MEAL HCA, 143 T 172 259 40 H IR B RIR B I RIR - B AL
HSCAHY I CreateDebate £ 4. H-T-38 B SCA T 8 (W R S AL 22 S ME B0OK LG Z A 235015 ., AT 1A M
LRI RS s, FATE CreateDebate 204542 A JF KA AE github (https:/github.com/chachashw/createdebate) _|-.
AR IIRRAE AT 1 PR,

#* 1 CreateDebate #4211 bR 25 o Aii

PR W
R 60 384
T 67336
oz 44 539

3.2 wEENGESHRE

AR 8:1:1 [ LK CreateDebate FAHEERI 4> HINGRAE . KAFSEMMAREE. b, BAFEH TS50,
DR F AT PERE VT . CCRnet B2 [1) BERT 5 X FRIR W 4444 1] Google FFU ) BERTgqq, TRYIZRTE AL, 45
R 12 JZXA Transformer, ()2 K/ Jg 768 4. Wil 4 (/N EZEE TR, 76 CreateDebate H¥nde i, 41K %2 %
(R ZEIR TN Z 8 4 B SCAR. B3 Bevt- o0 BT R BR, 83.73% IZRIR SCAR K AR T 100, 86.27% 15V 25 SCA K JE A
T100, B 100 Jydse KSCAKE. FEMIRad e, BA 1 Adam™ S BR 280 B OFE 2 BB I3 2 Fis.

35l K2 BSERER
30}
£ 25} HEH ofh
gc 20 . L IE-5
ERR - B2 i 03
T ost LB I 4% () 4 128
O ¢ ¢ FEALFE N 16
Post Reply

Kl 4 IR SCATIRY 2 SCA I B 40 A1 ]
3.3 FhisdR

AL FHHERA R (Accuracy) FZAFE4 F1AE (MF1) X183 5C R TSRS (K PE REREAT PPALG . PSR SRER I &
AR phs:

T

A = — 16

ccuracy N (16)
2P(R,

Fp= "% (17
P+ Ry
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L
MF1= 23" Fy (18)

b, T RORB T E A (R A K, N R NREAR B, P RS k NI RR 2%, R, AR kA5
MR, F AR kAS285000 F1HE.
34 ftbEFEE

N T VA A SCHE AL AE CreateDebate #4411 R I, FATLKF A LI CCRnet AL H AT =9 10 5267
PORISEETVR AT X LE.

o LTS

(1) LSTM-LSTM!"™: 3£J* Encoder-Decoder HE 4[] 4 P A0 . 4 ith 2 A0 A A 334 T LSTM Xt 1 AN ST AR 43 53] 3k
AT TR, Jorn, A 35 R FH G A 25 1) AR A TR 4 H MEAT TR 1. RS2 AR R 23 AR T it U T 12 K .

(2) Siamese Network*"); F£F BILSTM )25 E i 28 ) 4 A5 70 8030 b % BILSTM bt J (1) SCAS T itk
TP, 1B R AT R IR. AR 3 AT SRR AINTAS B U IR R,

o Sk ik

(1) ESIMP*: JEF33 5 Jy LA ) A4S E A BB A5 5 e 0 25 D) (LA i S RV B kA7 Jm) s 4 3, - P
BiLSTM &A1 Ja #5545 2 4 AIEAT 4w, 45 215 W (¥ b R SCROR. BP0 5 1 | R SCRRE R TR R
FHE.

(2) Hybrid Network™: 38457 5 UK 38 5 56 2 PSS 2R BERS3 ik 19 3 S D ML R A4S Sk 2 HLl
PRINAT A H I O AT RRITE SORIME B, A RUAR R 12 J5 1) S BT SR R ANTE SORIAT BT AE B3
NGNS

(3) BERT™: B&-1-XU i) Transformer [ FRYI 245 55 8L LR AN F 1001 ORI SCA G FRI ) 15 e 26
RS, AEA) TR R FINAT S , G I 5 — 2 [CLS] AL 1t A AT 1) o, FH T I fU 7K &R,

4 LWHERGH

AT SEAIHT T AN TE RIS W 2 (K PR RE R I, HeAs, K4 H 1 CCRnet B 55 H A1 It 6 L 2 Ty VA R S ik
JTIEIAT T EG, RIS AL (AT 2t SRS, BETT T RS0 VP A B AR ) 45 S5 A 1 R I, IR, B e Rk AR AL R
AR50 Tt 358 AR AR 25 VP A AR S A5 78,

4.1 TREIENFRRMERIERED T

N T AT I SUR TR W 48 (R T i R B, A SO AN ) 1 R I 4% (R A R e R T EL K. 136 3 o, A
B TR T LSTMP, BILSTMP®, TextCNNEUM BERTPHIX 4 S8 S IR M 45 1) 28 A b 20 19 4% 1 R 7
CreateDebate $#i4E LK PEREFRIL. TLrp, 2% A ot 0 90 2 A5 R0 FH B4 () 5 3l 15 58 0 285 11 SCAR T8 XURR.
LSTM. BiLSTM. TextCNN ¥ fil GloVe 1] [ & P*iE A7 ik A2 /5. LSTM. BiLSTM 344 FH ACIR 2% fr) 4 th 4
h i R ) TextCNN A FH B2 (1 it A0 24 Hh A b 1 30K ) it BERT A8 F$5J5 —J2 [CLS] A & 1% 4
h T RN )

A3 SR 45 AT LU Y, 5T BERT 5 /R 2R (A 7 CreateDebate $H 45 (1 48R 1 e 4 DL e
. 5 HALTE LR M HI L, 5T BERT & X K7 M4 I RIE CreateDebate K55 EIHER R E /DRI T
3.361%, MF1 {HZ/D4RTET 3.142%, BtHIE i BB B T 2R BERT 1 5 A5 B A S 0 1) SCANE RN RE T,
RN B E LT B A T ML B 7 4 JE RN MZE T, FE T LSTM i SR /N M4 B #E CreateDebate %4l 42
B A RE RIS 59, SR GRAD b SOf BT SRR 4 (KM RO T G i 170 47 R R SRR 4% b,
BET TextCNN it LR IR 4 (A ALTE CreateDebate £ 8 b (K I T 56T 08 PR A0 0 00 265 (KRR, 3¢5 pliak — 45
ST M0 SR DR AR 2R S BT S AR R TR I R A N8 SO, A LT IR A2 4%, TextCNN i 3 A
[ KNS B AT SCARTE: R, eSS AR B 5 22 4 13 1) J 301 SURFAE.
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R3O AFTE SRR M FBATEGE (%)

i SR TR P Accuracy MF1
LSTM 59.497 56.462
BiLSTM 60.304 57.186
TextCNN 60.647 58.384
BERT 64.008 61.526

4.2 1ERIRTIY
9 T B6AIE CCRnet B {7 2501, AT 1K CCRnet #5755 H {35 98 A 5 15300475 B, BEAAE CreateDebate 414
45 LIS 45 Nk 4 s,

4 AR[FEIBILE CreateDebate $idi4E L IPERE (%)

LI Accuracy MF1
LSTM-LSTM!"*) 57.042 51.797
Siamese Network?*?"! 60.304 57.186
ESIMP4 60.072 56.298
Hybrid Network™ 60.339 57.354
BERT?! 62.475 59.874
CCRuet (Ours) 65.297 63.540

M 4 Hr RS 45 AT UG B, A SCHE H e OC R T AT CreateDebate Bidis 4 L IHERf 2 A MF1 {H
35 ey T AR AR, B A SR HE ) CCRnet AL A 2. 7EXT LG 77, LSTM-LSTM BEAY7E CreateDebate
Hn e A st R I B 59 T S0 Ab i X BT A AR R 2 SCAR () 4 A X AR R G R, ¥R
1785 I H A AR 18 U5 B Siamese Network. ESIM F1 Hybrid Network 7F CreateDebate #3545 - [F)PERE &
WS AR, (R 259 T BERT FIASCH 1K) CCRnet 158, W5 SR 9 2% 1R i fith i 0 0 T~ A~ BT 11 1 g
HHEREIEYM. 5 BERT B L, A SCHEH B AE CreateDebate $idi 4 I FIMERIFILTH T 2.822%, MF1 {4 #2
THT 3.666%. 1% HHT BERT BBANAE H 45 J5— 2 [CLS] A7 B [ H HIHg 5 0 R, Tovkse St R AR N LA 2
[HJ DG RAFAE. 5% 3 Hh2ET BERT W SURIR P48 IR 2R AR 22 W 4 A R ATT L, AR SCHR H BT CreateDebate 44
A EIUHERRRIZTT T 1.289%, MF1 {HEETHT 2.014%, RIZHIEAL B SCORINES MG BEH R, fetgdt—2
PEFHERL 1 BE.
4.3 LR LEHER I TR B 4 RERY 20

AR SCVE T Rl S 50 PP AL RS 2R (10 S [ P 448 5 RS A0 A 2 P e 11 S I, R AR, AR SC PR RS R AR 2R o ) 4
M2 SEF IR A (0 A N 4 R BN TR N B3R I 7= RO ) 3 0 AT SE 8, IS
JRA BB BT L. AR S8 25 SRk 5 o,

45 I L G R R B R R (%)

F5 Accuracy MF1
CCRunet (Ours) 65.297 63.540
¥ FrDense 64.641 62.553
# % TimeDistributed Dense 64.321 62.542
P to R attention 64.780 63.094
%R to P attention 64.472 62.318
K Co-attention 64.182 62.014

MRS PSSR LA H, 55 BN LE, B BRATART — AN W0 2% 45 R 3 A4 0 2 B AR AR TR P P e R B, B0
T IX S o] 28 S R A AT . 5 R A R AYAE B, #2B4 TimeDistributed Dense 2 A5 %4 7F CreateDebate Fids 4 -

© TEBREEEEIEDT  htp/ www. jos. org. cn



Bk B H F R E A B A BRI A TN 1889

LR MK T 0.976%, MF1 E K T 0.998%, 15 W X 4 — AN 7 A7 I 25 Ja A1 14 22 38 Tl £ JEL R 28 mp A — AN 11
B SCR IR IAT B A S L. 5 S5 B R L, B BRI v 2 JI ML A AL AE CreateDebate dn 8 b (KRG B4
8T 1.115%, MF1 {HFEAR T 1.526%, UtWIHE40 15 BE OGS S A0 5 B L 5 47 i A i 58 B SCAR IS DG R AL
1) T U ML R, e gk 2 1) 3 0 1) T 0 LS B 3 3 380 87 85 1 ¥ 75 ) A 20 3 A P i 1 5% iy 5K, L
CreateDebate 2(Hi4E I IMHERIZFEMR T 0.825%, MF1 HFE T 1.222%, it BARH R A o 5 B2 AR S BG4 B 2L 1Y)
Tl BT G 2R 2 A8 G T L.
4.4 FIICAELERERE

T B AR R WU AT R, AS SO B 1 R 4 BT (R 2 SR - I AR L SCAS IR AR i o
AT RTRAL. BARB AT AL S SR A B 5 BT, L, R ARAR A B 2 SCAR, AR AR IR SCAR.

[CLS]
you

be
trash
refugee
also
bring
in

opportunity
for
economic
growth
racist

x
##eno

#4ph
##obe
[SEP]

K5 AHALRERERE rT AL,

ML S W LU, R j) 3 3 AL e A A 3 22 38 1) SG 845 S5 “refugee also bring in opportunity... 1R 2 o
(1) & H5 S “build a wall in between...” JEAETE R, N2 ¥ “build a wall...” & X Kk H“refugee also bring in
opportunity...” ] i 55, W3 [T I5E JCIDCA S A B A 20 W A 1 i 3R R0 S 25 RIS R R IR 4 SRR B )
B WU RO S AR R R - N A8 T SCA B B2 DG A R FiE— 22 IR 5% TR B DG R TIAE 55
4.5 SRRSO

T A P A SCHR HA IR A OC R PN B EY, FRATTET X CCRnet A5 BP0 E5 1R (1) 28 B SCASHEAT 73 M. H
A, A5 M CreateDebate WA 3 S0 AEC R T BENIANEL 100 4% 73 845D I AC B SCAHEAT 23 A, A1k
IR B FE SR RIS S AR Y T I 1) 32 BEBk AR, 520 T A UYE CreateDebate 2UHi4E L HIZRIN. HAEL & DUR IR

(1) AR 5 ) B 25 PRRIE AU A B SCR Z (R IR BEOC &R i3k 6 MM A) L s, AT B, Mg
“Yes” Fll“safer’” %5 B i 37 FF 34 1 ) “no terrorist group will try to come into the U.S.”. #R1M, W 28 & B AT UITE < 1)
SCA, H AL Br A SO 1 58 A I . BRI 1)V R SRR AT SRR HE IE A 4 W P9 2 TR R B DG 3R

*6 R

G B T
K I&: The U.S does through background checks so their is a big possibility that no terrorist
1 group will try to come into the U.S. J 5% YRR

L% Yes a screening that takes up to 24 months. I feel safer already.

ZRik: Do you even know what racism is?
% Do you?
#I&: Do you really think companies are off-shoring American jobs to places where they make
3 HIGHER wages? Ny S 3%
[%: Not what I said and certainly not why companies are off-shoring.
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(2) BERIAS S W i) £ 1 U SR Z TR R AR W3R 6 () 2 P, I8 USR] R OR R AT
R, TR DA P Al AT R AR SRR, I 6 I ) 3 BT, MU R Al ns A rR A e AL A T M1, I
N HRNTIR AR, TR TR 1 24 P O S B O il ) T AR AR 2 iy R 01 2805, R IR F) o AR
FRARHE BRI ) A RO TE S, AATIDHS 1P 2 22 TR FR) 18 o OR3P

5 RES5RE

T 17 A HLSCAS TR R R AR TR 1 AR 5 AL BRI W 4230 A B 28R 55 IE I B AT 2R A
SCHEH T S P BT DCIR M X i) 5 ) 19 25 B CCRnet, 38 3k X0 i) 32 36 ) AL AN 3 R 1 25 1) A8 B 355 P 8
F DI 2 AP SOORTBRAR R, Bk 17 b Tl 02 1 2 A P T8 5 A U R (K ANA 0. CCRnet AR 3L
ERCEFIZE BERT i 5 B RO &AM 25 73 HEAT SCATE SCERoR, I I 0 7 ) AL i 2 B 5 A
S35 BRI AN TT 1R (R ), 459 8048 L SCA I TESE SRR R AE B HERE b, BURLAS A (1 SOATE SRR ANTESE G
VR 7R HEAT Rl A AL, 15 21 85 52 N8 OQUE I AR R AL, JF K LA N R AL EAT R o, L4 o) 5 AR AL, 2 T
H T FR2E . £ CreateDebate £dli e LI SR 45 RN, 55 H i I 102 LT ik A SG HE T VEA HL, ACSCHR I
CCRuet B FRAEARPERETEAL. eAh, A SO R ] RUAL AL BE AR Bt — 2B B0 T XA WL A R

ASSCHR S (AR A0 P T ) 5 DC S 1Y A, 2R AT 55, A8 1L 259 P 2 Mo 2 3002 1) 1R DRI 5 0 T
FoR AT VL, e o R AT E W S5 R R0, BRI IRAFAE — SEA L Z AL, JLTEAT RO S AT B i R IE 1
SCARZ IR IR A IC 2R BN IZ [, RN T A A% B8 A I AZ T (¥ FH P 4 A R A T SCAR I 1417 3045 6
PR SR, A B BUAT ARSI ) iy YA SCAR IR IR AR A, DRIAZ L PP I8 SOA P s A BB R 2 S K HBh =z
ARUE R, A SCBA BRI IWR AR R, AR, FATHE R S BAT A R0 B B LA S AT SR i V18 SR 5K
3, R BESUE Z A o TR AZ AT A L SCA IR AF AR,
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