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Argument Component Classification with Graph Attention Network

Abstract: Argument mining aims to analyze argumentation and identify its argumentative structure. In
the field of argument mining, argument component classification is an important task. To address this task,
several studies have transformed complex argumentative structures into features of simpler representations
such as vectors. However, these feature-based approaches are usually believed to lose valuable information
for dealing with these complex structures. To tackle this problem, we propose an approach that performs
argument component classification with directly learning argumentative structures. Towards this end, the
proposed approach employs a graph attention network. To evaluate the proposed approach, we conducted
a set of experiments on a corpus of persuasive essays. The experimental results show that the proposed
approach performs argument component classification more accurately than the existing feature-based ap-

proaches.
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FESEET S, —OHDaYE—3 Y M8 (Component
Classification) Tl¥, 3> iHF—2 > h% Claim % Premise
REDRLHFHBEIZHIET L. =D HDRNG DA
(Structure Identification) Tl%, IV HR—F > %2 DR E,
L FrBEfR (Support) & WEEESfR (Attack) DiEambfR%z
kT 5.

AVR—F Y NEEFTD 120, BFEOTFIEL, HHx
HamiEEE XY MV D &S A B R B ORI 1Z A
U, ¥ R—1bt - RI & - <V [16], [26], [27], RHITXY
YO, RAVvR -2y hU—2 18] ZFAIFEL 72, #ilx
W, BEFEOFIE (7], [16], [18], [26], [27] &, #EEOD, K&
D, HEED, XD, WXD, HRD, #ikD, HDIAHA
ORI EEER LUz, UL ULRD S, Zhs ORHEEIZH
DL FETIE, FRERBEZR 3R t+aThs L
ZEZohd [24]. R, EHELREZ LR RO R EE
AT 52T, HHTHEERR DS ETEERIEHRMAK
bnd (6.

COMEEMRRT 5720, AWTIE, BFOREEIZHE
DL FHEEIER D, Finld s BEHENICYET5ILT,
AVR—2 Y MEEZITD FEZRET 5. HEindz A
B EE T 572010, BEFEIEZSIF7 - =a—-F) -
Fv b7 =2 [6], [9], [24] D—FETH 5 Graph Attention
Network[30] # H\W 2. 757 - =a—F )b - xv hU—
2, 2= -2y b= 2HWTY I 7GR E
B 5163 5. KFiZ, Graph Attention Network i,
HEERBICEOED D, BRR5T7 7 7HERES Z
&M TE 5. Graph Attention Network # 5 Z & T,
REFETI VRV OB L HRBROMOTEEI S
ECHOIHRSHEOTF AN R NS 2 LB TE 5,

REFEEZFTME ST 2720, FwDO I —NZ 27] ZHW
TEBET-72. 20— N AEEF X ZHERLIRTZE
Fir (Ubiquitous Knowledge Processing Lab) »/AB L TH
D, 402 MOFEER» SHEK I NG, £z, TDIT =R
i, B3 VERE—2Y MIODWTHHMIZEATSE A1 NI 1
VHREDBEMETT )TV avInd. T/ TV
> DGR, Fleiss D 71 v /375K [4] & Krippendorff @ 7 )L
7 7 REC14]) OfEIE, NEOT /T —XOBITHYDER
27, EROME, REFERIRFOREEICEOCF
18], [27) £V B IEMEIZ AV R—F Y M EEIT O &
PRI Nz,

AREOLBEDTIL, MO LS MBI NG, 2T T,
aViR—2 Y %Y Graph Attention Network D43 871Z
B SBHEMEIZOWTHERT . 3 HTIE, iz
EEMCFEETAZeTaVR—32 Y N EETORET
EEHRT 5. 4BTHE, BEFEZTMT 572012175
FEBROBREZRBIAT 5. 5 ETIE, LR % Rt

*1 www.ukp.tu-darmstadt.de/data/argumentation-mining
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HT 5. 6 ETl, FERERIIOVWTERT S, 7THETI,
ARz T, SHBROEREZENRD.
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2.1 AVER—xV M3

IVR—2 v b, avKR—% 2 % Claim ®
Premise 2 ¥ D R4 2 MBIZ AT 2 2 HRE §
% [27]. Palau & Moens Dffi%% [16] 1%, IR —%x v b %
Premise & Conclusion IZ73$H9 2 Z L2 HE Lz, a2 v
AR—2 > N % Premise & Conclusion \Z3¥H3 %7212, 1%
S5OFER, ATy o —aHRE Y R— - I X -
R VERMAULMZ. 72, Stab & Gurevych OIS [26] i,
3V EKR—%Y k% Major Claim, Claim, Premise, Non-
Argumentative (Z0¥HT B L 2HIBL/Z. IV EFR—3 v
NEZINS 4 FIEIZOET 572002, %5 DFEIE, T
oI EFIFRMEORMEEAMEXRLT, R—F -2
RV VEFEHLUZ., X517, Habernal & Gurevych @
%E [7) 1%, 3 >R —+ > b % Claim, Premise, Backing,
Rebuttal, Refutation (Z3#HT 5 &2 HfELZ. a3V
F—2 Y haIhs 5 MEICAET 272012, oDFiE
i, IVR—2 Y NOFAE S EERFITRY VTIZLD
fTo7z. DL, Potash 5 DHf%E [18] Ik, IV KR—% v
k% Major Claim, Claim, Premise {24509 2 Z & %H
BE Lz, avF—3xY 2o 3FHBEICAHET 7720
2, MODFHEIE, KAVv& -2y bNT—20Z2BMALT-.

BEOFERINTNE, ARSEHEOTFA NS I EE
FREEORBEAERLT, AT Y b -0,
PR—b - RIX -V, RAATRY VT, KA VA -
2y T =7V REEICE D SR E A LU=,

22 U357 -Za—3)l-xyrI7—=7

257 Za—5) - Ay hT—2 6], [24] 1F, Za—
TN 2w NI =T EAWTY T 7GR EBEMIZT S
$5. /97 - =a—I)- 2y NI—=2% =a—F)-
v MU= REFREGZ W, 57 EYY, L, SEL
o, BARSBLIR Y OMEMINZT—X &S Zeh
TE5HZ&%mUT, Sperduti & Starita DT [24] (5
EHT D, R, ORI, EENR=a—-FL - 2y
N7 =2 D& HBREHEICE OIS FETIE, VAN, K,
I TN T DRE IS DT B G
ERDICEATATHEEZONTWS EIERLKEZ. 2
NS OEMERRESE %2 WIS 5728, Gori & DHFZE [6] 1,
REEICEOISFRIIITE2E0L LT, /I 7%2EE
PIZUR ST 5 Z e TEB=a—F) - 2w NI =0 THh
5757 - Za—I) -2y NT—%RBEELE. FH5D
WMER, 7597 —a—=3V - xy v NI—=0%AMTT 7T,
Wrs o7, INVNESS T, BRI 7ICHEMATSZ
EMTEDZ L ERUE. B, [EROBWEETIETIE,
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MG 2 X7 MV D K D 2R B L7 R B O R g 12 &
Wy ZlizkoT, flifEDD 2HHRMAEDNTLES &
FRE U 7. EHEQNRZRRIMD 701, kR Ic k5
DL FHEE, PEMEREDE T IZK Lawl7z. 2Dk, £
KOBTIZHBNWT, /77 - =a—J)- -2y bT—2IC
HEOLKFHETHB VALY N - FFT - Za—=F) - 3y
Ny—2[21], avKVa—varL - r57 - =a-53
Vot hT—=2 2], 10], B3I TT7 - A—F-Tra—
A 13), BRI ST - =a—=F)b - kv b7 =2 [23] A
RBEINEZ., INH6DTTFT7 - =a—F) -2y hT—2F
WWHDOKFHER, 797 - =a—5)V- 2y MU —20h%
 ORHOEMHEZ FHTH I L 2HGEL 2.

2.3 Graph Attention Network

Graph Attention Network[30] 1, 757 - =a—F )b -
2V NI =2 HILSFETHD, 77 7EE2EENIZ
83 5. X512, Graph Attention Network 1%, JEE
BRI RO HED 72, Rp5 77 7EERNET 52
EWTED., —f, BEDTI7 - =Za—I)0 -2y hT—
2%, TOFEGETANRBT 7 - 5TV T VOES
BIHKIFST 5720, b I 7BEE2KI LW TE
RN (12]. BB 0T TGRS TN TE SRR ER
DYT7 - =a—F) - 32y h7—2I%, Cora, Citeseer,
Pubmed|22], Protein-Protein Interaction[8] &\ 7z 4 Ff
DT T 7IZEIL T =Xty b THREKEDMHEEZ ZRK
U7z, ZO#ERIZEL D, Graph Attention Network 1, T
FEeEREBNT 22 TRVWIMLEREZ D Z L AR
nr-.

Velivckovic 6 [30] DFEE, /77 - =a—J) - 1 v
M7 —2 %5 HBERA Y bT— 27 L EFEDOFEIZEA L
TWW, REFERE, HER~ 1 =227 0nEICEmd 5.
Bz, EFES Graph Attention Network 2 FHWT I >
F—2 Y N EEITS 2 & IMANEICE .

3. REFE

3.1 REFEOHME
REFIEOMELZN 112RT. BEFEE, fFwz s 7
TIEMT By, BHUZS S 7 OREE Z EENICF
BlLTarvikh—2 Y MpEETOWMATHEINS.

3.2 RIS TTIANDEH

REFERIF, Tz, 2OV E—2 2 b @EREBR
SIERENG T T 7IZE8BT 5. Tzl aryR—%
vk eEwRBERBRENTN, ST TICBA /KDY v
JIWZHS S5, BRI OWT, KRR (Support) &
BEHGR (Attack) O & 5 IZHEO R 2 BGAFET S
LBEMH LN, YOLdBEEOHRBEGRIELIY VS
95, i, FI72BFBR)VIIIZE, £ —Khs
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ZD/)—RNHEANOHELV-TEEEN5.

3.3 VI U7BEOEENEZICLZAVE—XRY NOFE

REFER, BB 7DK /) —ROTFAM2RY
N VZERIADAR, FiE h = {hy, h,...hx}, by € RF
(NIX/—FOH, FIIRI MVORITTE) ZRET 5.
IS ORBEIX, 56— Graph Attention Network & D
AJ1&72%. Graph Attention Network &, &~XZ hJL
Z, /J—RNOTFANOMDIAAKRE LY V7 IZHOEH
W URT NVOES W = {h), b, ... hy}, b e R (F
IR M VOWTH) AT B, R, R b 5
By NOEFHTIE, /—Ri%2&8/ —Fi OB — R0
R hy; OMIBRSA 2 HHL, SEEBHEOL NS
T5.

: o (Z afjwkﬁj> (1)

k=1 JEN;

ZIT, || BT MVOiER, o RIEEBEE, N X —
R OBEE — K, of) 1k FH 0L, Wh e RFXF
FEMIFIERT. a1, KRCE VI NG,
B exp(a(Wﬁi,Wﬁj))

S ren, exp(a(Why, Why,))
ZIT, a:RFxRF SR, /J—FRiltéoTn/ —
NjOBEBEE2RITITEMETHS. £/, 0D Graph
Attention Network J& 1%, RO &L 512, #HEEORD DI
T EIL, V7 kv y 2 ABK 5] 12 & B O ER
%475,

K
. 1 -
h = softmax (K Z Z afjwkhj) (3)

k=1jeN;

(2)

Q5

55— Graph Attention Network J&D& HiJy 1 124 L,
Major Claim, Claim, Premise ® 5 b b H\WHER % RY
I A%, TO/ —ROFHET L. ERT VI, J—
ROPEBIZEMT L7 T ATHS. REFIERL, HAiHD
FEETV, REZV MR E—DEKME L Z2H5/MEsT 52
T, BWREBOEAZFET 5.

L=->" telnnl, (4)

i€EN ceC
ZZ T, ClF {Major Claim, Claim, Premise} ® & 5 7
AVR=XY DT T ADRESR, ti l&/ — K i BEEIZ
IR cITEETHEHEEIZL, FHELAVESIE0, b, &
J=RiMT IR ITHET L THERTH .

4. EBERERTE
4.1 F—49%tv b

RETEETMT 2720 FERE2T> 7. EBRTIE, 7T
MOA—NZ [27] BV, 2O I —s8ALE, 402 MO
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VA=Y FDTFAB i GlES
we should attach more importance to cooperation during primary education MC,
through cooperation, children can learn about interpersonal skills ol
which are significant in the future life of all students
What we acquired from team work is not only how to achieve the same goal Pry
with others but more importantly, how to get along with others
During the process of cooperation, children can learn about how to listen to
opinions of others, how to communicate with others, how to think comprehensively, Pry
and even how to compromise with other team members when conflicts occurred
All of these skills help them to get on well with other people and will benefit them Prs
for the whole life
the significance of competition is that how to become more excellence Pry
to gain the victory
competition makes the society more effective Cla
when we consider about the question that how to win the game, we always find that Prs
we need the cooperation
Take Olympic games which is a form of competition for instance, it is hard to
imagine how an athlete could win the game without the training of his or her coach, Pre
and the help of other professional staffs such as the people who take care of his diet,
and those who are in charge of the medical care
without the cooperation, there would be no victory of competition Cls
a more cooperative attitudes towards life is more profitable in one’s success MC,

.

g
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A BE LR
Cly — Pry
Cly — Pro
Cly — Prs
Cly — Pry
Cls — Prs
Cl3 — Prg

FEAR A A A, 1833 BRiE, T116 X, 147,721 =27 Vv h S DEODHARIALYTIE, ZEaVvKR—F 2 D7) F—
NG, 428D > 5, AT —& & LT 258 i, M Va VORI OWTHMIzHREI NS,

FT—XEUT64M, TANT—XEUTS0MmDT % H e Major Claim &, FFRDFEEICH T HEHFDLHER
LR, Z0a—R2z8WT, arvFR—% > Mt Major 9. %, Major Claim i, fFiRDOFim, & U I3
Claim, Claim, Premise (28I N 5. 72, 7/ 757—X i, HAVIEZT DM AIZENS. FiwiZB W T, Major
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FEEEIZ N T 5 — R ERPER TH D, #
FIZBWVWT, Major Claim IZFEE DRI BT 55
DEITH B &\ D Rz FFo.

e Claim 1, FEHDOZEEZEHEMIZZFLEZYD, KL
72095, DF 0, Claim &, Major Claim % ;L
720, KNUZDT5HEHEZERZEDTH S.

e Premise i¥, Claim 2XFL720, KAILZDT 5.
I 75, Premise 1%, Claim O E Al % FiAF NG
TRBEODELPKREEZSNS. Claim DT
7= a v IR, Premise 1%, £OZREH%E
BHEIZE £V, 72, Premise & Claim %, % Ol
@ Premise & % SBMRIEK R (Support) MK
B/ (Attack) &7/ T7—YarvaIns.

T—=NRRAEHARITA V%, XX ZHBULIR AT

MAFELTWE., 72, 3—NRIEHA RIAVPED
LHUETT /)T —arvEN, Fleiss DIy N RE[4] &
Krippendorff 0)7)1/7 7 R [14] DEIF, ABEDT /57—

ZDETHYDEREEZRT. {toT, I—NRAF, BEF

£®ﬂm~@b1mé.

Claim |

4.2 RNR—=AZM4YV

BEFEE, 2V R—F 2 OB HINE T 5 HFOR
BRI S PR Y T 5. B, SR AEDMRE £ %
U7, BH— b - R R v oIS Rk [27], KA
VR Ey MU= 21D Tk (18] R B L T 5.

4.3 ETIERE

REFEZ2ELET LD, =TV - ADOHEWT
BI7V—LT—2TdH5 PyTorch[17] AL, %7z,
PyTorch Z%ﬁﬂ]‘l‘i?ﬁ‘ , 97 - 22—V -2xv}h
T — 7 RHHIICERETEI N TEL LD ICHEINE
Python Nw 7 —YThd, T4—T 773753477
Y [31] ZF\7z. Graph Attention Network f& DFE4IREE
DL % 256, Graph Attention Network BD Ko v 7
T 25 OEEGE 0.1 & Uz, £z, EEERORR
ROUGLEZE 4, FEBEOH I OUGLE % 6, F
DRy 77T bOEIEGE 0.1 LUk

FHIE, NvFH A X% 80 L THI=NYy FEHEMHH
U7z, BEFEDNT A — X OB Iz TR K EL R N
20 AL, FEEE 001, EAVAZLE09 L LT
oI, FEREFHES 5 FIETDH 5 Stochastic Gradient
Descent with Warm Restarts (SGDR) [15] Z{#fH L, 300
IRy 755 SGDR IZK 2 FEHROFEAZHIE L /2. F
BIIE A 4000 TR Y 717\, 5 TRy 7 T2 IZBH LA
AT HEDENET IV K DG L 72,

4.4 FHE
Stab & DHZE [27) 2512, %—D Graph Attention
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Network D A & 725 DL R DR #E %2 FE L /-,

o FEHEOIFME RS N/-a=r I L, HBSH
FEMS EAL 2000 L EDHEED R T SR I 5.

o MEEDHIME : FFRNTOD IV KR—2 Y bDfLEE
IVER—% v N OMEIEI ORI NS.

o IEIEDNEIE « AT AR, B AR, iR, KGE
B, —AE2RIBEEZELLEIRT.

o SUNRDKFENE : AT HTEEE, AR, iR, XGE
FEER I VR —3 Y MZB L DEPRT.

-%ﬁ@%@%-:yf—ﬁyb@&ﬁafﬁﬁ[}:

VIR—2 YV M EEUXORBHIOR, MXAOERS,

EEF ORI, BhEIFOE KN SRS NS,

o HDIAADFHHE : BERT[3] (2 & 2 HiFED R Y M)LK
BhroMlEhs.

4.5 FERE
RS 2 UC F f[19], 28] 2\ 5. FfE, a4
e FEROFMTIITH 5.

F{f =
HA

(5)

2
2% T

M

HERIE, 77 ACHELETHETFRLLIYF—

FDSL, EREIZFDOI S AIZHEYT LIV K- Z/b
DEETH S, BERHERIL, ERIZKRITAICE YT I3y

ﬁ—*ybwi%,%@752_$5T6a%mbk:/
R—2 2 bOEIGTHL. £aAVK—3 > hDOIEMREL
AW 7R FEMERE 2 B3 5 728, Major Claim, Claim,
Premise ® FfE ZN oD~ 7 02 HINT 5.

5. FHEFER

112, FETIVOIMARERZRT. HE»S, BEF
BIRA VR - 2y b7 =212 H DL FEL D, Claim ©
F ffiT 13.2%, Premise ® F {8 T 4.1% L[R5 MERE%Z R L
7z. Graph Attention Network % F\\»TiEamBatR % EHH
WZHEETBHI LT, B — F %D Claim & Premise ®
J— Rz XD ERCAETE S, FHZ Claim O FIZ DWW
T, Sperduti & Starita DIfFE [24] & Gori 5 DIfZE [6]
B2 X512, R=RA T4 U ClIHmiE 2 MHHnRIE
DOREIZEMT 5 Z 212 & - TIED H 2 [E#A Kb
TULE>—H, REFIETI El: Graph Attention Network %
FAWTHEmMGE 2 BEENICFEE T2 L1tk -T, gD
m_EU7. —%, Major Claim ® F filZ, X—ZAF14 D
F & DWW EZRL7-z. Major Claim @/ — Ni&, Z®D
BREE ) — R 2 fifzni=, RO BEENFHIZ LS
MREr EASR S, 72, BEFIREIR-RAF1 T
@é%@%’%ﬁ<$&i@ FED~ 7 0T 4.8% 1
[\l -7z, HamPlROBEENZEHIZLD, aVvFR—3xV
iﬁ%ﬁ?%u G MEREDM AR U7z,
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K1 REFHELER—ZATA VD F fH

RS Major Claim Claim Premise | F D~ 27 0oy
REFH 0.865 0.864 0.962 0.897
YR—h - RZZ -2V [27] 0.891 0.682 0.903 0.826
RAVR - Zv b7 —2 [1§] 0.894 0.732 0.921 0.849

R 2 REFERILDBEIA VR FV bOEEE, HEE FHE

avE—Av b | EAK WHE  FIE
Major Claim 0.849 0.882 0.865

Claim 0.872 0.855 0.864
Premise 0.962 0.962 0.962
Major Claim 135 14

=
E
'_
= Claim 17 260 27
=
g
O

Premise 7 24

Major Claim Claim Premise
Prediction
2 REATH
6. BE

6.1 &FIAVER—ZY MIXNTZHEMLBEDDIT

REFIROFEM A D HVERZ 2T 572012, K212

FEIAVR=2 Y NOSFITOVWTHEAR, HEXR,

R, XHIT, K21z, aVvER—% v MEERIZ

F %
B9 5

RAFNZ5RYT. £255, Major Claim (2D W THER
MHEER LD EWMEZ, Claim IZ20WTIHE GRS HHE
LDEWEEZRLEZ. TRETNOMEEL, X2 OERT

Fih o, FEBRIZ Major Claim (Z§%¥4 9 % 3 vV ik—

VAN

%ﬂib<%{ﬂﬂf§§’€b‘5 Y, FEPRIZ Premise 1284

5avKR—32Vr2ELLFHITETNEZ a%TWT
. —A, %Bé%iClalm IENMTEaAVR—F Y b D—ER

’2 Major Claim X° Premise 1255449 % & %JE\J LTLES

Zlld, ToRDWHEDORMDH D ENMMAZS.

LAY

MM ED7z®12lE, I R—% > M % Claim, Premise,
Backing, Rebuttal, Refutation {24348 T\»% Habernal
& Gurevych Ofiff5% [7], Major Claim, Claim, Premise (Z
7L TW5 Stab & Gurevych OHff5E [27], Potash 6 )

5L (18] 251, FEERIZ Claim %35 a2 VK-

NEIEUL DT 5720 uﬁxﬂﬁﬁﬁgi’ﬁﬁa'ﬂ"éﬁg#

H5.
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REFECBT S, FHUERBEGRESHEIIHVWEE
IMEEWEET 572017, K3 ITRT &S 2iEnBEfRz &
ERWT T 7N T 2o EMREON T 2T o7z, AT
F, AEDOERTHONLZEEFET VEMH LA, £3
2, FWBRE A ERWS S 7IZB5aVER—F2 VMY
FOFHIFE R Z R T, #HRDED, Major Claim, Clalm,
Premise & W2 722 TOREIZEWT, HinfRz &L

IZXE FEIE, EERBIREE SR WS I TICHT S F
BEOEWMEZ R Uz, BT Claim OO EIZDOWT, #Ham
B2 G777 20T 2080 F L, @SRzt aE
BN T 7T B 08O F ALY KiFgICEWEEZRL
7-. ZORERIE, FEUZERBRESBEIIHWSE Z N
BHTHBILERETS.

7. BHYIC

ATl

I, HamBARE EENICEE AT, AVR—

Y N EEET D FEERRELZ. BEFIER, iR
T EBEIZEE T 572912, Graph Attention Network %
AWa., RBEFEZFMT 572012, a0 I — A% H
WTERZEIT- 72, EEBROKRE, REFER, E%ﬁo)%fﬂ(
HIZEDSKFELIVEHIZa Y R—3 v Fﬁj\*ﬁ’i’ﬁ5 Z

PRI Nz, Sk, FEnSEoBEENTFEIC E‘%ﬁi%
EOHA EITD.
HEE WIEENAE, JST CREST l=—v v hEHFIZ

RO KB ERERTE Y AT L DA : REGEEZT)
(75 v + &S JPMICRISEL) IZXBEE2ZIFTWVWBIFED
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