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Abstract. Argumentation Mining (AM) is an emerging field of natural language understanding. It
extends sentiment analysis, topic modeling and other existing text mining methods, aimed at tap the
latent logical relationship between sentences. At present, Argument Component Classification (ACC)
is a challenging subtask in AM. Existing popular SVM based models heavily rely on artificially
constructed and domain dependent features, and they cannot nicely model the context relations among
sentences. In this paper, we propose an ACC method based on Context-LSTM, which do not require
any artificial features. Moreover, Context-LSTM can model the contextual information of the current
sentence very well. We conduct experiments on two well-annotated corpora and get state-of-art
results both.
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FOCHRHE. WAHZ IR IR B AAE F B SUS R — N AU, YR T LA & T
TR R TE ORI 71k, BAESZIR A T IR AR OR AR . AT 702572 H AT IR B2 3
BARRE —ADFAE% . U RAT BT SVME B ™ 5 o T N T A . B Sk
FE B RFAE ,  HLOR BEAR G s g A ) 1 1) 1 B R SCTE BEAR AR & A SR Y T 2k T Context-
LSTMIJRH TR 0 K051k, AT B E M N THRE B, 1 H AR S g A 2 i &) 1 # i
A5 8o ARSCAEM AR RAF R B 48 L BEAT PRI, 4TS T state-of-art ) 45 5 .

1. 5I5

b RE AR A BIR, PIZ% A T ATTEREUE B R S B 6. BN EH
= T KR EIRS MBS E R, T 2a IR 2 ELRE . A R 58 oA (S
B S5-I 7025 . 8 BEHZ 38 (Argumentation Mining, tHFX NArgument Mining)[2,3,7,9]
BN LR T RS . SCARSE HRE S PSRRI bt S 4208, Ik 51E 7 #AR A
ANV F )2 0 .
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1.1 ¥

WHE(Argumentation) & H P PER T2 AR — P[] 25 H B SR SRR E U B — A
W, PAUGAR OO0 ECR R 32 kAT MBS R, BRONIBHE[2]. OB, B F U
R FCLIER B, AATAE R VPRI 3 A R B 5 R I B B O . bl “ & 0E
MERY, BREVE E 55 ” XAFR A S E e aE R EoE i E O “B
TEOL ARG  SRJE 4 B AR U B I BkG 5507 SR SR A

— NSRRI PG MR N —AME B (Argument),  HT—/M8 A (Claim, HFR NI ),
AR (Premise, WACHEEH . RIHEBGEH) UL HE 518 55 2 (8] (18 1E < & (Inference
Relation)f4 i 1A B BT A BRSSO s, SR8 i i i ie s, LE3FE—Ah
018 B (Major claim, WHFONEL R, FOU ). FORA. iR RIES NI TR
(Argument Component). 534, WHHAZ [ A] IAFTE —E R HE LR, HLunsZ#F(Support)
KF Wi (Attack) K R % . EMEL@QFT /SRS, 88 “NIEFLT” Mg “RiF
NZ” SCREE O s BRIl RN WSRO R SRR, R
PRAB AL AL T B L(0) T 7R

W SRR S RIS MajorClaim ‘¢ == | support
[premise], 4RI} [claim], |::> attack
OB 2 b A B 7 . I
[claim], “iEBAFIERT Claim — 8 | claim®¥
¥ T [premise], ®' B1R Claim'®
G0z (claim], ©OFERAREE, 5
. . - —_—
43 [major claim] !/ Premisel! Premisel
I — - 1
(a) (b)

1 i EER b
1.2 BEHZE
VEAFFZH I A2 M Lo 2 25 i A B AR 5 R A SO 3 B B S5 i e ek, DL
WHHAZ B R R 5GP — 5 RO, B9 R T IE R SCRZHE ik,  thant
M. FREEIEE, R T A)FENEERZER R, B2ME T LM BA T2 7R
R IR T IEAE i s R LA

iE4) FEnER BESA wEZE
BIEMNERYT. 2N BENERTFEaEs), || BEMERTFCam, FRE
MAEOAIME | @, BE || EmEHHEEh ¥support
T3 P | IR i 7 e | 1HhEihssihs Jo

Bl 2 AR SCARIZ 75— H PR i o g R

WHHZ Y82 HRE S HWOUS I EEZD 03, WG L BT BT,
i % & % 2% (Computational Argumentation) %5 2 2R} HHR 5 # e, FN W EEERER
(Information Retrieve). %1iRZ&7~(Knowledge Representation). % & 4341 (Discourse Analysis)Zs
2R S 7153, BAR KIS FRA N HAME. e ES I N A Rz
AT DL B e 55 35 70 W 5% BEAR AR Al 34 1 [R) VR 22 L1 T (R IR ER, AT SE I A E At 17 fie DX 28 FH
FE AT N ENHEFE S, IGRHZHE T DA BhHETE RS AR 25 th HEE 25 R [R] B
FRBEHERE AN, SEBL “RIfRREIHESE” o 2014 IBME R/ LE IE LK T — 13T IA
HITFE S B2 IR LI H, The Debater Project. 7] WLiSHHZ R 25 & % B KR VR FH AT 5
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1.3 WEHZIREES

i JUERRE TG, IREHZIE RS O R BN — A 2SR . B RS AR
B RARKZ R EZMBIIMAKLE RS — A BRI —NTES, BR— T . 1R
G —BY BN SUR BT — B BT S e o I BHZ IR = B S T :

fE45—: WHEHL AR AR5 (Argument Boundaries Detection, ABD), EI %4 Hi E#f i) 1
WA, FAFNRATREE—MRBTER, BT N BRI TR BERELT,
—M)TFRAE—MNMRADTR, (HAR, —MERETRNA TR R A i
B, WE3G); B, —MNREICERATRRHEANNT AR, WE3b); H£E, —ANTH
WELZANRRICER, WE3C). Fik, IERILR RS R TR BRI,

_ . Premise fri al7f
ST Claim), 1B R R RIE IR T 5 5 A B 5305 fPremise]. (2) Premise

TEE AT E
2ZE5HET, BEER, ERBERALEER, hiBfA 78, (b) Premise fiZ14]
[Premise] EXBRFERAREINT . [Claim] FHR

] AN
TR kAR T fPremise] B A A X SE 4705 [Clmim). QFAXEEETE
FhreHiT

3 =M FEITEIL T B IS B C R Bl

1155 . Wt R 725 (Argument Components Classification, ACC), BRI H&AM4)
TR . W WHE A C 22K aFE: Major claim. Claim. Premise. {H H AjiEHHZ I
PIE R ESRE FIEA RIS —, AFEBFERFRE B R R TR TR — 2. tin—29Pie
RN, K 7 Major claim. Claim. Premise, & A] f H! ¥il £ % (Recommendation) . & H*
(Background) %5t % . fERHM TR R TFTIEREAG E /MK FAES, GHW SN (Claim
Detection)[4, S]F1ET$&/UE S £5Wll (Evidence Detection)[6]5

f£45=: WHEx & AR5 (Argument Relationship Detection, ARD), B[ MSlTECH A8 57T
FH RN A B A B SR G 8 &R, AR R )8 S SRR XS, A3 R A

1.4 ARIXTAE

H AT A2 I8 I % 35 R e BT S R 1B e R I R B (R4 )[7], ASCEE W
X — TAE. BRTKRZERM AN E S vk, 8 TAEE R FHA RHIE (feature) Al
B IE 1) 5 25 2% (classifier) I o & A PRFIE R 4G S5 M IE R WAL B . bR s 1 VR A (n-
grams. 2Nl Bl EASNESE) . AVRERE(RAFA)TER . TS IESERRE (bR A TE
S A)EEEE)SE[8], H B AR SCAR B A A (bL 4 Debater 75 ZLA L SR L ] e
(R A S AT R 1R [5, 6] FH 190 25 28t 5 Naive Bayes[1, 9]. SVM[8,9,10]. #x KM [10]%%.
{H7E, HENXEEVEFAEWR JLAN A 8

1 PEKEST N THERRE. N THERE TREER, AMUE 277, 1 HRER

3 BLA AT i (Domain-Dependent), AN [ A B0HE # 18 (R4S AEAS IR AH R [4] -
2. BOMEE FEA) N K EE B RO R AN I B R SUE R . T “USIE TRE+ 23T 1
5 AT DL I AN B [ 58 T B E SR AT n-grams A, B4R w5 RE B K E B
iR R FE, F—AFEANRPLTXEET, TR EAEANRPRE TR,
9T FEARCL FJUAN B, FRATIR S T R T Context-LSTM G B e R4 K051k, HEE
AT (1) AFEEERERMNTRER T, e T w2 (2). & TLSTMHACC
R GERI FHLSTMIY N B2 50, A @A) T I S P AR R (3) 2T LSTM
ek () Context-LSTM I ACCHE B B A At & 452 B F SUE R, R RIS/ F RS, &
SO H IR AR P N By AP B AR Bk AT PRI, AR T state-of -art [ 2
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2. HHRIME

B VEHHZ IR BT TP UG TR SO . ELRPFIR AN A 2R e 4035k [9,11,12,13] . iLJL4E
R ML A 5 2SI FE SRE 5 BRSSO R J LR FRiE TR 2, W0 AHZIE T UG 2 E ok,
FERME AT R MEUT vE R LS 3 RE S A A B I, RN T RA
FMNEHETERMEIRR T, FIHSME WHRMESE S, W WiEC. n-grams. bag-of-words.
WAFRIVL[8,9], AN —Sem B R AR R, w0 = WG R A 1543 AR IR B E B S
[5], RXIREAA)F AT 52K

TN R D E ) — e WS B S ) vk B B EUREE . Lawrence et al.[14] 7E[F]— Btv%
WARTFE B e B N %@ T F = R T, 12 LDAZE B R s U BOIE IO £ R, R
Ja A 3 8UE BAE N IE 4T 20 25 . Nguyen A1 Litman[15]#1 A LDA B 18 3% 14 7] 15 (i fn
“Think” . “Reason” )FI4TE 71 (& 0 “Education” «  “Art” ) RAEAUGFIEHEAT 502K,

3. BHETESR

ARFEH S HENALSTM, RGN HIETFLSTMIACCH A, HEMHMAN LR
(context)f 2 K] Context-LSTM I ACCHR Y ,

3.1 LSTM

KGR IZ M 2% (Long Short-Term Memory, LSTM)[16]H3EH:, &8 T iU i% G RNNE
TUTEBPTT I 5 1D At 2 S A8 A P 09 MR B0 P9 2R D 1) R [17] . LSTMIEE I 5] A\ T8 1] (Forget
gate). i1 ](Input Gate) F1%i H '] (Output Gate), 7E—EFREE LR 7 XA Mm@, LSTMA[JE
{RRA:

iy =06(Wix; +U;h;_1 + b;) D)
fe=6Wgx; +Ushi_y + by) (2)
0 =6(Wyx +Uyhi_q + b,) (3

gt = tanh(Wyx; + Ughy_4 + by) 4
e =fexc1 Hir*ge (5
h; = o; * tanh(c;) (6)

Hrp, §&KorsigmoidBUAREL, W. UABAREIREE. RAEFZRSENREGENR, bAKE
Wl iev feu o BIARANITT BT B fic 2 LSTM BIXE, FRARBICIZRZES (Internal
Memory State) , ERF LSTM MR, hRTRREENRL . £ LSTM 1, BEfRETBED
E—=ZRIEZ T URE, BWAGRE T B D RN ZIBRTS T IUHICIZ, Bthilo RET H
Z D YR ZMICIZ T U . Ty U2 EEZ5 8 S B AN _E—i 2% B AR IRERHC IR,

AZ FRHRERCICR TS e T B IR 335

3.2 ETLSTMEJACCAEZY

F—BXERZNATFHN, docX = {sen,,...,sen,, ..seny}, M) FIT N — PN IRE
docY = {y'1, .,y m, Y’ m}o ERENMIFEEZEZMNE, seny, = {xq, ..., X%, .., 7}, HFx AENE
NRAEEE, NET LSTM fJ ACCHEZR (WE 4) TJRRMURERAS

Om = LSTM([xq, .., X¢, -, X7]) (7D

Ym = softmax(W, * o, + by) ®
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o SF% (0,) B
00 G
softmax | ]| @ e | softmax
RE | |
%ﬁ& ________________________ ;‘jgg&
3= 1=
1 %&g [L TM]—»[LSTM]—»[LSTM} "[LSTM]‘**“ !
27 (STE 97 LSTM Encod
P ncoder T RSE neoder
A i @ @ @ ®) CIN=
In my view
4 FEFLSTMAACCHE Bl 5 LSTM Encoder K 6 EFSCE M- Context—
# LSTMAR 7Y

Horr, LSTMZR/RHEETLSTMI A F4ilid et 0, R ) Fsen, W lid J5 1 RAE A & W2
softmaxz B R EUERE, by, Ron i B R
HFLSTMIFKA) T2t g8 ik a] 7 AN 1A W) &R, 258 LSTMAY At B g Cell
AR 2R MR s (Cell it 5 L A 30 (1)-(6)), 15 2IAE IR LR, , TAVE R FRALE T 2
T, BEE TR IE Lo, K5, MW EIRLSTM Encoderti | -
hy = Cell(x;) (D
= AVG(XT_o hy) 10
NSRS, BRIORAZXARMKE (Cross-Entropy) 54 BArsk#k, FHEXHA L1 L2 IENTY,
C= _ZWm[y’m Iny, + (1 - y,m) ln(l - }’m)] + alZsEW,b”S” + aZZSEW,bSZ (1D
Hro1F1024 504 L1 F1 L2 IENIRAEREL. W. bR 3IRFERNFFE N RESEEMNRE ZE.

3.3 ETFContext-LSTMHJACCHEZY

R SCEBA S EZ IR A A, i, EARMESE T, BMEZE—AE TR
RE RAAHERR B 2. Wik, ER%RE BT 0E B ua#ﬂt:%'? O3 NG ()
ZIKIELSTMEncoderEI’JﬂTJtHJ: KFEEH TR 7RI E TG R . fEsoftmaxZi#1T4
HUA)F B 25T, FRATTRR 7RI H S8+ SR AE M oy, » J&BD)\TW”@E‘JL??%Dkd\
NCHIE) T RAL [ 5 [0p—cs - » Om—15 Oma1s oo s Ompc] o o B HISE R BN SCA]F WO RAE ) &
25 1A S ERE B AT 5] T Rk ok . Al Uk 3R 7R Context-LSTMfsof tmax 2 N -

Ym = softmax(Wy, * o + Woye * [0, -+, Om—1, Oma1s o) Omyc] + by) (12>
Hh, o NETTE) T sen, FIA)THERAL, 0p RARTCHCN A THIRAL, 04y o RN G ER

M) T HIRAE, W, U Z0R 210 ) context(E B AUAE M R4 6=y BN SCE HON1K)
Context-LSTMAE Y ,

4, 2N
4.1 HIBMIFIE

N T BRI A R, FRATE PB4 _E 34T T VFEI . Persuasive Essays (PE)%i i
£E[18] I Hotel £ #5 52[19] « PEXRHE A0 5 4020 Ui ik M S0 7, S 3L7,116 5% F) 1 F1147,2714 4]
i, HA s 7 =MitHi R Major claim. Claim#lPremise. i Hotel ¥4/ S5 FLAM & 3 7T
%: Major claim. Claim. Premise. BackgroundflIRecommendation. %%l — L 41,575
26 AT F114, 756 B o 3K N ECHE 4R A2 H AT EURN R A T E0HE 52 R b v R & B 4 B HE [19] .
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AL HEF Theanoi i 2% S HE AL s FiR AR, FA1 14 F Google News Word Embeddingit
7 [ B IAG L. J34h, LSTM Encoder f W2, )2 K/ N300, BPTTH KK E
6. ALK dropout AT IEAL, FH48 F Adam PR Ak 77 v AT A AL KT )1 25

4.2 SEIRBHMER

fEHotel B dE v, AR 4738 IR VE AT IR 10 PESHE 4 R o 34t 7 Hodr i)
80k E NER NI PR AETREE, TR ER A B vk T V- . ZEVR 4845 b, A0S SCHR[18,19]
Tr¥F—2, BFEMacro F1UL K& & EdE4E B Ko FE, BP: MC (Major claim3& 5 (1 F1fE) -
Cl (Claim 2§ 7| ) F1fE ) . Pr (Premise 28 5 i) F1{8 ) . Bg (Background 25 7| ) F1{H) . Re
(RecommendationZ& 5| (JF1fE) LA K Macro (B4R HIKIFH) -

TESRIGHI, FRATZR S SVMEL R T Lh . SVMAE F IHRFE 5 SCHR[8,18,19] FrHF —EL,
1M Context-LSTMKH | R 3C& H 81, MRIFTULE 1, SVMTEMajor claimyt & 14328 B AH
HLLSTMA — e A 34 . LB R AT g 2 [ yMajor claim g N TARER I 2 HA 2. miEmA
EFXERZJG, Context-LSTMAHLLLSTMAEMajor claim bR A B 1754, £ Hotel $dE
& EEH R BEBBRSVMER, WRIWAT LA, Context-LSTMAEH FOh @3 30 fE 8,
JUTAES AN Fabs EELELSTMER I LG . [FIEF, R R VE AR B0 T TR E I SVMAE AL

R 1S P YA Bt 5 B sce 45 R

- PE Hi4E Hotel Hi#i4E
Macro MC Cl Pr Macro MC Cl Pr Bg Re
SVM[18, 19] 0.794 | 0.891 | 0.611 | 0.879 | 0.578 | 0.831 | 0.635 | 0.413 | 0.654 | 0.633
LSTM 0.793 | 0.825 | 0.645 | 0.891 | 0.532 | 0.569 | 0.685 | 0.459 | 0.614 | 0.660
Context—-LSTM | 0.801 | 0.829 | 0.679 | 0.895 | 0.580 | 0.925 | 0.704 | 0.495 | 0.598 | 0.654

A S T context B 1 R/ AR RE R RS . FRATIRER 7 B R SCE N, 2,
AT . AR A S BIRSLIE —BHT, AR TR0 25 R . K2
H, RATATLLAIL, Context-LSTMIEAE S EF U ERMZ /D RIEFMIER R At hit
e, RERAEE) LR SUE B EMNIZNEER, BIERANE) T HEAT 9 Kk S 2 5 [R 3 e &
BAKTE XS B, BAh, ARSI T, Context-LSTMAE R LE P A5 HE 45 b ¥ H 45 state-of-art
(458, TEPESEAE 1 Macro F1ik%81.4%, 7FHotel$##4 H Macro F1i% %61.7%.

2 2 ANF) B R SCE HR/N R ) Context-LSTM ) 246 485 1

. PE #fn4E Hotel #¥E4E
ERXEH HeeTT e cl Pr | Macro | MC cl Pr Bg Re
0.801 | 0.829 | 0.679 | 0.895 | 0.580 | 0.925 | 0.704 | 0.495 | 0.598 | 0.654
2 0.808 | 0.843 | 0.680 | 0.901 | 0.596 | 0.930 | 0.679 | 0.488 | 0.598 | 0.735
3 0.814 | 0.844 | 0.687 | 0.912 | 0.617 | 0.925 | 0.669 | 0.544 | 0.661 | 0.768
5. &WRiE

AT WHHZ IR AT T A FE S aHZ 3 T H 5T LA PR s R o R SR
7 Context-LSTMAR Y ., #H Lb FAE G SVMAERL,  Context-LSTMAE T Jo 75 A AR B SCA 25 &5
(IRRE, FFReFe A AR BN OB E R . AN SRS Eseit g REm 7 E TR
BRI EEM:, [FR Context-LSTMFR R 78 P AN 45 HH HUAS 1 state-of-art 145 1R .

B
AR SN AE TR I8 R 2 K AR I 25 %% Bh 30 H (201710004066) . 55 4h, AR5 B 8 ]
R EESETE THRE XA,
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