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1 FANEZE

PG HEWICHEE S5 Z 1%, HASHEWHIZE WTIEFEIC
BIRRATD—DTHY, XEHEPDF @%L%Q%%m?5m£74_
> 7' (argument mining)[1, 2, 3, 4, 5] L FEHEN B HEAMBEH ZED TV S
BAE~ A =V 7T, ASIUZH LT, EOHRNREEDFETHD, %
DERZE XFF - KEEL TWAEH I E I 2 HENICH T 5720, &
%%@ﬂ]%i%%%m,aﬁh,Bglm,miﬂéiﬁulm@x
BE <D Q?ﬁg%ﬁ&ﬁ& AZTHENT WS

MRE~ A =V 71 A ERNEIE | B (argument discourse units)
XN S5 IELE'@LT% HiXe X SR D 2D [13]. imEEERIXEH D
VigERT TER] X2 zeXZh - Kakd 4 TR 2 onsd. X
7z, ZL DFREY A =Y T DMETEZNETNDOEKE ) —FehRl,
J— REIZART Yy V%5 ZETH/ — X1/ — F2 XK - KGEL
T3 & WD KHEBIfR (argumentative relation) 2R3 Z & IZ&>T, 7
774 AVETIVTHEMEZRL TWD (1, 14].

AAL N A =2 7020, 1) CE A OGERRGE I B RS S 3 Hi & il g

FZEHH (identifying argument components), 2) % DEZEAGREHEL T
ED XD &k H 2 R U T\ S 0REd % E30H (classifying argument
components) , 3) & Z KM DO KIRBGRZRE S 5 BIFRDH (identifying
argumentative relation), 4)BREIZR T & 70 2 GBS 2 RE T 5 ik
HE5E (deciding argument structure) 7 E DY T XA REENT WS, T
ﬂb@ﬂ?ﬁl?k%?%ﬁniﬂ%<ﬁf?%ﬂ4wﬂﬁlzmﬁﬂ

, BTCOVTRAZZMAEL, XFEE AL U THEMEEZHNT %
Hﬂi@b%fb 1, 20].

YT RAD &AL TWANAKRNRFHEL UT, Peldszus and Stede
(2015)[20] AAZIF 55, LA L, Peldszus and Stede(2015) O Fikld)&
FRIVE DDA T>TH D, BENEREEZE L TGO &
ToTWARWZ EDHETH 5.

—J3, Stab and Gurevych(2017)[1] 1%, A, ZEoH, BRI H



EREMEE TR EAWTHE, T OFERE2IEEEEZ HWTHRS
T35 THEHEZITY, HEBEEZIET S FELRELTWS. it
RtEEIZ & D, BREN2EKEZZEL T, BHRVTFEES, —DD/ —
R oF[NdERT Y JIE—ARET & WSl 2 B £ 2 72 fmikE o
HENTEEIZR > T WS, LAL, ZOFEIZBEVWTHEUTDO X S %M
BRDMFAET 57280, B 72 im B REE O HEE R 1K,
1) FEED [ER), [HiE] D55 THENIIBERYMTHRE S DI
Tl L, XRZIGUTHREI NS, UL, HinBlERN [E5R], 47
Rl DELSTHEINHETIEZNFIILWT, XIREEZER LU 7R
BEPRSNTWS.
2) BERMN [FiR] THE2MIRREBROEEL R NHBED H 5 L& R
ohd. UL, EROBEERNRBEROAHKE 283 5 BIMRD 8 Z2 ML
IZERNT W5,
3) AL AR E DHEE IZ B W T, BESHE BRSO EO SR
AT Bz, MIEEHHEEZHWTWE A, TOHKEBIZEWTRE
BIZNTE2EAEZTF 2 -V I NRNITA—=RE L THRBEMNIZIELTWS,
AMETIEZINS DMEZ ARG 272012, T4—TF7—=VTD—
#T® % Long-Short Term Memory(LSTM)[21] Z FHWTXIRZZRE L 72
W7ziGmit~ 1 =V VR ERRET 5. BEFHEIE, DITFO &5 2R
RO,
CBREAFIIBWT, XREEHT 572012, KWXRZHES & DT
5 LSTM Z W=7 REEZ2 B AT 5. BRICIE, EESEIC
B oRHE L UT, SHERDOFIXEHWTEE L7 LSTM T X RiE
WEEMUTCRELTWABENEDEZ WS,
- BESFHEBEROEAMN LY TR A LTRDT, BELSFED
FERZBROFIZHWS. KIFZETIE, SERVPERTH 2 HERMEEME
PREEZG L LY e FEBIZX > TREI NS LREL, &
WRPERT D HERHEEEZ BAROHORHE L UTHRHT 2.
- MRS T, NERBEROAET DR EHITNER & S EENE



RCHDMRHEEMERG L LY A FEBIZE > TREI B L
RE L, RRBEBROFIET DMERHEEEZ, SFEHEMED 5D
BEAaL UTHRHATS.

NS ORI XD, REFIRICIEUTO LS BRI 5.
DLSTM Z HW T XIRDIEHREZWM DAL Z 212X D, BRSFOREEN
M k9 5.

2) FERIFHNLITIRPNT W ERE S BIRSEHE, BRSBTS
FEREZBEBROEICHWS Z T, BBRIEOEENH ET 5.

3) MEEHEE 12 B W THW S N A EETHEEO R EN R F 2 —=2 735
A—RePbRT DI NTE, mHEMEDHENE DN LVPFTE 5.

Ry FX =27 3=NZ (1] 2 HWFHEERIZ K > T, REFIETIEIK
Fedm DSEATIRSE (1] LR U C, ERESBITB T 5 [ER] ODEREN
7%, BRSBIZEIT S TRREKRE] ONBMRENK S8 %I L7 2
ZEeWRINz. 7z, BREFIEONMEHETIX, ERNMHEOMERZHE
PR TE 2 Z eARIBEN. 51T, RETIESEKTIE, LITH
et U C TRREARE] ONBRENRNT %, TRRBEREE] D58
FEEDRI 2 %@\ DS T 5 7z,

ARk, ATOME»S5%5. £9, AEREBGEICOWTHE?2
BIZELHD. TDE, BIETHMMEY T =V T OMA L, EE~
A =V T DREIHDHIETH D, AHF5EL OLLETFIETH 5 Stab and
Gurevych(2017)[1] IZDW T 5. 4 B TITREFEOMEZRL,
HOETIIRERIZE D ZOMBEEZHSNCTT L. mEIZ, 6 FHIT
BOWTARXDFE LD LS HOFEERT.



2 wmEEEDRIE

AFETE, KA THWSmBEEEORRFIETH Y, G IR
AL (1, 14] TE < AWV SLNTWS Argument Diagramming (22T
BT 5. ZhE, GEMEEE A ST THETRRTSET IV THS.
TNEND /) — FHGREIZERT 5 X0 HiNr o HmM SR EZ R L, &
TV — PP/ —RZ2ELELTVWE I EEZRLTWVS.

[T 7GR B REE I R E S AT TR L D RDD R =TT o N5,
o & HHHLIE TH 5 Single Argument (&—2DDF /) — R 65 —DDF
J = RIZARITZ Y D PN TV SHEETH 5. Serial Argument (=D
BED) =R Do B00 - GO WVHER L 7-FETH D, Divergent
Argument |37/ — RD3E D 5 H5E TH 5 [22]. Convergent Argument
& Link Argument l& & 128/ — RO D 5FEE727%, Link Argument
DO/ — NIFBERTH /) — FEZIELMTH I EDTE RN [23] WD i
THRZSL. ZOZDOOMMEMEZ KT RENPITONTIEE S DD
HDHH[24], EEEDOXEIZH T D ORI % IEMEIC XIS % O I3
BaNE 0z, KilLanwZ eh%u.

O
(\é\\ B B

|Sing|e Argument| |Seria| Argument| |Convergent Argument | | Divergent Argument| | Linked Argument|

1: Argument Diagramming D F#E%H

% < DWIETIX, FwPEAEIE% Divergent Argument 238 £19, EERD
IRWEIZHIBR L T\ 3 25, 26]. Divergent Argument % & 72 WELH &
U T, Divergent Argument (JMOGHEMEE TRETE S & [24], HD
a—/NATIX, Divergent Argument I35 %IZE UG EFNTWVARNE
WOHRENR DL Z VBT OND.



72, ERZEEFHRVHEAE LT, BN RXEZE BO &K%
WRETIE, H5FERICTLU TORMZERTW Zeno, mBEEIC
BEREED I LBAHRTH L I DT oNSD.

INoDHENS, BIIEDORYFIY—7LioTWVWHI—RA[1]ITE
WTH, FmBHEEH I Divergent Argument R EERMEDRIFEL R W T
EMMRESINTVWD., AR TERYFI—ITHDI—RAEZHNT,
FE M EIT D 72O, T— N EFEBRIZ, BN E T2 1 Divergent
Argument R{EERMEEPFELRVE D LIRET 5.

| DR REEZHAGHLESLZ LT, o rimiEs s o
TAANET VLo TRETE, BHEL TWRVER L OBRL RS Z
EMTEBLREMDETINVDORPEEMMD ZLVTEBETNDSD, B
TED MG (CB T 2R THBE L HVONTWEIETILE RS T
Wb, ZFD7b, AFRTRET St~ 1 =V 7 FIETH, i
% Argument Diagramming Z W TRE L T\ 5.



3 RN AM VU DREERFE

3.1 EE~A =2 DORHEM

KREITIE, AFETERS HiE~ A =2 7 OPHAIZDVWTHRR S,
WA =V U TIE, —MRIT, CEOIRPRRE & BYE T L TETT 5

1, 27]. HlE LT, RO &S AREEIINT BRIV = 7 DFiNE
R

First of all, <1>the zoo gives humans new knowledge. In-

evitably, <2>the zoo is the important place for innate learning.

Besides, <3>researchers need the zoo to pick up some examples

of animals for their researches because <4>it has diverse species

of animals.

ALY A =Y 7 TR ID XS BBIEICOWT, U FOWE2DY 7T XA
7EMCZLIZE-T, S EHET 5.

ERME XFER»S, FHEMEE ORI X E 3 & iR
EUTHIN T 5. #ITI, <1>%6<4>0D 4 &z in Bl 23 & A%
9. < DEE, "Beside' X "because' &\ o 7z i AR & G EL A
&R (17, 18).

BROE SmfEEL2 [ER) 2 0IE TRife) 2o T 5. TER] 13,
FREZ B B R RTH D, TRI$R) &, T—&XPFlZ2RT
Z2IZ XD FEPMOATHRDOFE I 2 @mDT WS, HITIE, R
D<1>H [FEiR] TH Y, FTREPDO<2>26<4>1F THif] TH B
(14, 16].

BR2%E BENOL TOmMBEREMIIOWTHEBROAERZHEET 5.
ZZTORREEBREIE, HIFHRVERPMOFHIRONEE LR,
BN EEDTVS LD 2BRERT. SmMEEE2 ) — Nehk
U, B i Do ERjICNRBERED S I NR, BHE i

9



[1] the zoo gives humans new knowledge

* 1 )

[2] the zoo is the important [3] researchers need the zoo
place for innate learning to pick up some examples of
animals for their researches

*

[4] it has diverse species of animals

2: EERRE DY

CHEIZJIZAMI Yy Vgl &, BRI 2EEjORK, R j2HE
FiDREREIER. HITIE, HR<ASITH U TEHE<2> L EHES3>
MHENENTY IUPEIN, BEEISITH U TEHEUSHOTY
UNE 5 (15, 19].

BEHTE MIEHE TIZ, MERHETELR E2HWT ERDH BRI ED
faRzfia U, flfzmzd &5 iniiid 2 #eE 9 5. inbifd
IRk & RFEEEDMFAE T 50813, 22, 28], GmAEY T =V 7 TlE, E
12, FRERMEEH O & ORREBBICBEWTHERE & 8> TV B
DA% [EiR] &35 one-claim approach[26] ZEH L T\W5. one-
claim approach T, fEERMAFHERET, &/ — K oi5[rhdTy
VIE—ARLU T WS HFI Db LinEihE 2 RES S, HITIEH2 D
£ O LimERE R o N D,

REICIE, GEE~ A =2 7 OERSEIRDTFIETH 5 Stab and Gurevych(2017)[1]
WZDWTHIHAT 5. AL TIX, Stab and Gurevych(2017) DAER L 7z 32—
NAZHWT, 28 - FHli 2175, 7z, REFEOFUHFEERIZES T 5
WFiLE LT, HBOY T RA7 2#iE U THIEHE 21T 5 FIEOH T,
B MR 7R Stab and Gurevych(2017) Z HHWNTW 5.

10



3.2 Stab and Gurevych(2017) OF&

Stab and Gurevych(2017)[1] 1%, BAEDFRGEY 1 = > JHHEIZH T 5N
VFR=O Lo TWVWEIA—NARERL, HEOY TR &AL
ThEEHEE 217D MABMD FIREZREL TV 5.

3.2.1 Argument Annotated Essays

Stab and Gurevych(2017) &, REREFEE X 7ML —RATH
%"Argument Annotated Essays'"Z AL TW5 [1,29]. TDa—s3A
T, RELEDEWINGHXIEADX T4 0 2L T3I#HDT /) T—
A=, 1) mHEZNEDOE . 2) TNTNOFRIEREN [T,
MHifE] ODEBLLTHEH. 3) FmHERMIZOWT, KNEBEBROEFE
THDIZEDMAGELEMN. D3 DEXITIF LT —X P ok I N
5. UFIZ, a—RRAZEENEIXEEZRL, TOXEINTLXTD
Bil% 2 1ITRT.

JRX

First of all, the zoo gives humans new knowledge. In-
evitably, the zoo is the important place for innate learning.
Besides, researchers need the zoo to pick up some examples
of animals for their researches because it has diverse species

of animals.

F1IO—FIHIZBIZT 1556 T4IEMHEERLX7Z2RLTEY, R
1225 R 3IFZHNEBEBRE 72 RLTWS, SHERRXITBOT o5 N/1T
&, ZHIEIZE O ERD [FIE (Claim)] &5 \WME THT{Z (Premise)
DELLTHAPPRINTED, ZFHICIERMHERIL, XEHOM
XFZHPSMXTFHE TIZFEL TWRPRINTWS, LT, U5

thttps://www.ukp.tu-darmstadt.de/data/argumentation-mining /argument-
annotated-essays/

11



& 1: 3 — 34

T1 | Claim 16 50 the zoo gives humans new knowledge

) the zoo is the important place
T2 | Premise | 66 116

for innate learning

researchers need the zoo to pick up
T3 | Premise | 137 218 | some examples of animals for their

researches

T4 | Premise | 236 269 | it has diverse species of animals

R1 | supports | T2 T1
R2 | supports | T3 T1
R3 | supports | T4 T3

HICIERmEERICHY TR T EEMINTVS. —F, KEHE
RETIPOF o713, “HHEICZ DRREMRIZ [3H (supports) | B
RTHBHZLENPRINTWVWS., ZTLUT, ZHHIZRINZEZNEKFT
HY, MIEHIZRINZEEZEIERTH D &5 RINEERIPGFET S Z
EMEINTVS.

I—NARRTIE, WEREEFE 5338 fEIZxT LT [FiR] Y1506, [HiH2)
M3832 X TfHFENTED, REMBKIEBREENTWS.. ZDa—
WAL, BEOMIESY 1 =V THRIZBVWTR Y Fv =27 LTI
FIHZ L TW3 (19, 30].

3.2.2 ®WMII~vA VI FE

Stab and Gurevych(2017)[1] Tl, I—/SAIZEEFN D LEN S ¥H
U= MEdsz2HWT, M3DESIZMODOY T RAT 2F7$5 28T
MEREEHET LTS, ETIRLDIL, RIITR) VI FEEAVT,
BZ oM XE»SImBIZEBRT 2 X 0HiZin M EEZ e LTt L, #
HENZmBERIZN LT, BN Z>008 %2175, —DOHITKwE
WREN (IR THDH, [HiHR) THE2r0_fEsETHH, —D2HIL,

12



RING Y T

53 ¥#R(SVM)

STEP1 #EEFH Guicfd 28) ol
There are many interesting programs on
television which anyone can enjoy at little
cost. Compared to other hobbies such as
going to theater, it is a very cost-effective
hobby that gives viewer quiet a few
indirect experiences. However, from my
point of view, television has more bad
than good because it has made people

AR (SVM)

STEP2B KRBHO5IHE

There are many interesting programs on television which
anyone can enjoy at little cost.

few indirect exgerlences

o0

television has more bad than good because if %] Fj

H B ¥ i =

—
STEP2A #meEEHEOHE

There are many interesting programs on
television which anyone can enjoy at little cost.

it is a very cost-effective hobby that gives viewer

” quiet a few indirect experiences.

television has more bad than good because it
has made people not to have conversation each
other.

:I,ﬁﬁé?r@ﬁa % 2 ;ﬂ;@ﬁg;&t:ﬁﬁﬁ%
STEP3 #HEMEE (AHE) ORE

television has more bad than good because it has made
people not to have conversation each other.

P

There are many interesting programs on television which

Ew=gm anyone can enjoy at little cost.
B fi

a very cost-effective hobby that gives viewer quiet a

eople not to have conversation each ofher.

o= few indirect experiences.
E]
Hi {7

3: Stab and Gurevych(2017) O#EE

Ham PRI KN RERVPEFEET AN ES LD MERHEHTH 5.
TODRHEIZIZSVM A HWS T WS,

Nl (>

BRARIZ — D DR R &SP at

HEZHWTHEL, wmiMEEE2HET 5.
IFRTI, TNFNDOYTRAZONEEBIATS.

STEP1 E&XH#H

XEH S O ER O, RN SHERY 31] 1IZEED S RHZ

RV ITFREEHNTCWS., 22T,

2Ty NEMNEL-O

FEF—RE LT, MEDIOB
—R2AEHW3.
DHZEIZN L TIRD SFHEOWITNHIAD R T E2, G LT

HARRIZ 1, i$¢®¢&f

1)Arg—B:%§%@§-§?ﬂ@ M= VERTRT

) Arg-LEHZEND b —2 VERT XS
3)Arg-O

13
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Arg-B 225 Arg-1 DRSO D, Arg-O £721F Arg-B 23BN 2 £ T
M—DDFRMER L 5. Arg-B DERLIT Arg-1 IS D X T DT 517
Bie, i EREL ZALRIRW., I—NRAFDOIOB X I7ftET—2 015
FEUEMENEHREEZHOTCRAIDOXEIZZA DT H5I LT, i
HEZOMELITONS., 20L&, S SHRGOHEEKE LT
AW REE%E2 R 21TR U,

# 2: BEEHHIZHW SN T WA EHE

BHE/S IV -7 BHEHE
MG R =2 VB F 72 T BB DETE D
XENOITA, F7-I13mEOEZD
A . A P (Y FE D SE (VAT AR (LD SE VAT
BRI ETRIZ S 5
M F T H B>
M= DEENDXDALE
A7t itk a7 1 Wt ]
MESURIZEB T 5 i £ T O sFaEERE
HamHE D constituent types
AR FEEREE REERNEOMA S DY [32]
fife SR ERID b —2 U DBEZ SN RHZEHRED
IRE D TH B RMIT SR

STEP2A E&X548

SVM %\, FimBlEE %2 TFIE] H2 W0 TR 285, A
RN, ff % OFRBLEZICN LU TR IR UZFBEZEL TS, Z
OHT, BEOEENTWVWEIXEDHIEVWXRZEHZREL TWDH DI
ELURWV. ZORBENRT MVEHHZE, ZOEEN TER] » TH]
B »E2EMZHRETASVM 2 I —NAnS¥E L, RADOXEDHEH
SEIZHWS.
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# 3. BEEHSBFIZHV SN TV AEEE

BHEISIN—T RBHEE

AR HIEEL =0T
HIEENA T I

HEE R b= VB (EEN, XN, BEN)
BRENOEY], F-I3mBOERTH L0
ER¥E N DX ALIE

fR R AR NERE, ME, e, g RSHIRRED
HBENTVWED

B GiL ST Bk, HDWIXRMEE AT S
£ - BiEE O

ot i a1 XUZE E NS REEH DL
MEEARDHEX
By 5 O IR il
LB AT 2 D
it 70 Af

Tife R =2V p BEET BRIZENETND
PR TH 55 MA SR

A EE AR PDTB A& 1) [33] 12 & R

T HER B HAEE /T BUEREL 34, 35) DFI

15



STEP2B %4948

SVM Z FHIWT, BENOEZELTOMASHLEIZDOWT, KEREBEFKRD
Bz M 5. BAERRICE, &mBEERERTICOWT, K4ITRUER
BEE2ENT 5. ZORBENRY ML EHIHEE, HEOF L2 HWE
e d25SVM &2 I —RNANSFEE L, RMOXEDOBBRABEICHNS.
IR ZITOBRIC, BEESBHOFMERITIZERL TV,

F 4 BBROEICHW SN T W RiE
BHE/SI—T BHE
FE R HEE1=20 T I
MEE R b= VB (B - BeiEIN)
2EEMITFET 2 HERE
2 EREDE U SXNITAFIET 5D
L L DERENMFICHE L TWS R
EBRENDEA), &5\ IXmEDOEEH
FEE R FESTRIZ B 1 28 A R A (2]

it ) 73 A
YRR Mgk, WEk, 1R0E, #dERTHIRGED
HEHLVIFEZE-IZEEN TV S
AL BB, HDVITRMEE L ILET S
A BN PDTB A X 1)V [33] 12 & 2R
HOMAERHRE v Yofme 1 iEoH CHEFRE
HEEILM 2 BENIA LT\ B HEER

STEP3 #&i&#tE

EENE L BB EOEREZREEL, mHEEGE2LET 5. nHMEE
DOWREIIIFEEHEMEE U TU T LS icERbEInTn 3.

16



arg zmax Z Z Wi Tij (1)

i=1j5=1
s.t.

Vi:y x; <1 (2)

j=1

i=1j=1

Vi : Ty — 0 (4)
VZ\V/] Ly — Ay <1 (5)
VZVJVIC L Qi — Qg5 — Ak S -1 (6)

ZIT, 25€{0,1} BEHE i »oEHRK jICKRBERPE DL LS 1, £
STRHRITNIXO0Z L BEHTH Y, HRVFELEET, —DD /) —F» b
BN BTy VR —AROAKRTH 5 & 5 ARG 2 HiET 2 HR (2) » 5
(7) =T &5, BERETS. RG)»S (7) THALTWS a; 1&
BEREEZ<ZOICEAINTEY, BHEI NS EEjITTEETH D
Ba, =1, T5THVWEEIZa; =0%& 5.

T Z CHMBIB DRI w;; 1ZERSH L BRI B OMREZ W EA
Tho, NE)DLIITEHINTVS.

Wij = QpTij + PerClij + GcCij. (8)

ri B EOREIZ £ > TR (9) D& 5 ICIES NG 2ELHTH S

(9)

Tij:

1 (ERIVEROFEHNTH S &I )
0 (ERIVERDFHKETRWEHINK)

FIRRIC, cri; BBRDMEOKIREZ KL TH YD, T DOEIFA (10),(11)
PoHEHEND.

crij = ¢sj — CS; (10)

17



relin; — relout; + n — 1
CS; =
rel +n—1

(11)

reling \¥ERAFEIZ B W CTINRBERD 0 L oI N2 2 BEBON, HHE
i DRERTHHHREEBROBTH D, relout; 1FEFE i DHINTH 5 KR
ROBTHD. F7z, rel IFBRASBECHRREHARD D L AEHINEZLT
DIRREBEROBMTH D, nXBEENOERKTHS. DX, BB
£-oTC, HHEiNZ S ORRHERORKNTH 2 LI, EHEj1HEL<
DHNEBBOIERTH D L HHINTWVWBEEI oy FRERHE 5.
—H, ¢ FEBRNFOMRREZRKMLTH D, X (12) TREINDS 21H
BETH 5.

1 (EREjD TER] THHEHHEINT:) 1)
0 (ZEHEjD Tl THHenEInk)

WoT, w; BWRELBDIFY, HRiDPOERjIZT Y IDE[ NP
L5 L5 IR TN TS,

£, b G o BENTNDMDOEAZRET ST 2 —= 7
TA=RTHY, ¢, =1/2, ¢o = ¢ = 1/4 DIEDBZEZINZRD 5NT
W5,

Stab and Gurevych(2017) OF% [1] & F\W T £ A& 22 MG HEE DK
EiEZzhEEE< . ZOFKE LT, UFNOMERAEZSNS.
1) RERPEEPHRMZHEO XRICESAKFET DL EZXSND D,
ZOFIETE, ERHSBUT, BTERDOREIEH U ZREEIMEEL L.
2) HREHEND [FE] THENFRREROHEME L RN D 5 & X
5nd. UL, ZERSFHEBERIEORRZMITHNT WS,

3) FEEHEED (8) RTBW B ¢y bopy e DEDDF 2 ==V T IRT A—
ZDIEDH SN UDERDSNT VWS, TS DEREMITHREI NZNT
A—=ZDGRFEL T NS,

18



AR TIEZ NS DREE MRS 272012, UROD & 5 R E RO
it~ 1 =V VPR RET 5.
CEENFORME L LT, LSTMIZ& ) NRER LI OBREEE
LB DfEzHW5.

BRI BAROEEMSI LY TR A LTHRDLT, BRESEHD
FRZBEBOBEICHVS. AIETIX, REENPEERTDH DMHERMECHE
FEENFICBWTRMEZ AN LY E1 FEBIZ L > THREX
N2 EIREL, BEENPTIRTDH DHERMETCHEZ BRI EHOREELE L
TEHAT 5.

- WREHERE T, A RN RBEIFR DAL T 5 R #E e fH I3 R E &
ANE UV 7EA FEBIZ K> TREI NS LIREL, SEZEMIZK
REBROFAET DHERHEEM %2, S HMEDO HWEKDOEAL LT
BHT 5.

19



Linear
Programming

Sigmoid

2

ity

12

8

nln

Sigmoid

G

Sigmoid

“é

Sigmoid

f3

Sigmoid

@i

H,
LSTM LSTM LSThA LSTM
| | |
s@® s@ 5(3) s

[ 4: FRETFIROME

4 REFE
4.1 BRBERFEOARN

AW ClE, LSTM 2 W T R%E ZRE L =877 Hh

R RET 5. ERBD n HOBE!

—

p——

Deciding
Argument
Structure

Identifying
Argumentative
Relation

Classifying
Argument
Components

ALY A =2 T F
NI BIRETEOMEZ X 4 125R

I, %B, AMIETIE, HERNEHEICHS 2 & DTE 5 ERMH I
UTIEMEE L.

Mo S0 =
BIEDXDHGERTZ MLV TH D,

(S:{Z) Y Sél) PAR

L SOY i, BT o i BHOH
RITEEIIHPIEE L ZOFBOXE D
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DY HEER L7125,

H; 138O % AJ12 UKD LSTM DEENE DR NV hy, ks, ... oy D
LEME I N, AL TIIUTOZFEOMELZ WS, 728, hy, hy, .. hy,
H, O, EEOMHEICIRET 2 LN TE 5.

ave __
H =

~| =

> h (13)

H/*" = h, (14)

X (13) D He i, SO % LSTM DO AN & LRz I ns&To
BENE hy, by, ... by DA RS ML TH Y, X (14) D HI* X SO D
BHOEZTH S S & AL LEMIZH X N5 LSTM OFENED N
2NV h TH5.

ORI BFHOEREN S I N DR 3 DRHEETZIURZT ML
ERLUTED, fLRERIVERjOFKE LRl ns k4o
RIER TN PV THS. 2T, ff ORIGEILS6, f1; DX
T BT B,

AWFFETI, B3RiH [EIR] ThIMERMECHE ¢, H; & fr x5 e
L7z> 74 FEI(15) TRBITE 2 LIRET 5. w) = (wi, wy, .. w7,
w® = (W W, wy )T E, T2 SEHENBEEARNRY L
Thbs.

1
T 1+ exp(—w® ff — w@) H;)

i (15)

RIS, B DYER j DIRINTH BRERIEE M pi; Y g0 g5 F BT E
btvﬁ%4F%ﬁu®?§ﬁT%5tﬁﬁﬁé.w@:@ﬁ%wQWW@%F
i, AT — 2 SEEINBEARY MLTH Y, w, w® 1FET—
ADPSFEEINZEAANT—ThH 5.
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1
~ 1+ exp(—w® fr — wWq — wbg;)

Pij (16)
REFHETIE, FTERI L ZORMBEOXEEZ LSTM DAL LTHES
N7z H; # 7 OREE ff LlAGOE TER i B EIETH S HERHEE
g LHEFE jOERTH DMERRETEN ¢; 2RO D, RIT, HERMEM ¢, q;
= MFOREE f, LAGOET, EHRiDVER j OFINTD 2 HERH
Effp; 2RO D, BIRIZ, p,; & HINBIE L T 281 L Z VT, 7§
BEOEAET, =20/ — K065 and Ty Vik—ARATE WS Hlf
DHE, RTOEZMBIZDOWTA (17) D zy; OEZRE L, Kbz #EE
T 5.

o {1 (BRINEROFETH 5) -

0 (ERjHPERDFHETZW)

DBETIE, B4 OBBREIZDOWTHEMZ ST 5.
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4.2 EFRHH (Classifying Argument Components)

AWFETIE, EFE5HH (Classifying Argument Components) O E &
UT, BFORBEIZNAT, XREEZERTEET1+— 77 —=V I Fik
ELTHIoNS LSTM ORENEZH WS, LSTMIX, VALY h=a—
Ity b7 —2 (RNN)OD—FETH Y, RRINT—XIITET71—7
7 —= VU FEE UTHRS LA 2 fuM A IEA M R hTw»
5. A, XESBECBWTT 4 — 77—V ORNEE AW 5 FEN
IEKTEHINTED [36, 37], HEREDOR LIZETHD I EARIN
T& 7. LSTM DRENEI, RMOEKFEFREKMLUZEDTHY, X
PROIGHRAIEFE I N T VWD L ARES.

LSTM

LSTM %, RNN OFEHERHZ ATTENE L 725 5B A B AN
XL o TUF S AREEME [38] 2R T 272012, EHKGT2HE
LTWaEILe T —MRT MLPEAINTVWS., KritiZBIT5 LSTM
DINERESE 2 5127 T, BRI, SO orsticBira Al sY &
Risit— 1 ORNWE h,_, Z W, X (18), (19) TEHT —Md,, AJ17—
Ni, DfEERD, RQHDELS 1TV 2EHTS. 57— d, 1,
EUPMREL TV B EMIKTEZ EDL S5 WHERFT 20 2L, AJr—
Nk, FlZ e VICRET2MEZHB LTS, 26D — Ry
MVDBEAZ KD ¢ \TR1FT 2 M EHIRT 2EHZEGIHT 2 Z & A5
e, REMKEZES ZEDAHEICR > TV 5.

51z, X (20) THASINDZHENT — b o, e ZHVT, X (22)
DED IRt ITB BN LR 5BNEh, 251HT 5.

d, = o,(W;S? +Ushy_y + b)) (18)
iy = 0y(W;S" + Uihy_, + b;) (19)
0, = 0,(W,8" + U,h,_; +b,) (20)
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el T Ce
X) Y,
d [
: : tanh
Sigmoid  Signjoid tanh
he—qf | > = | Ot h;
Sigmoid ®
)
St
5: LSTM @ Nk &
co=dioci1+40 tanh(WcSt(i) +U.h; 1 +b,) (21)
h; = o, o tanh(c;) (22)

22T, Wi, W, W, W, i A1 S 12l 3EHARY bV, Uy, U;, U,,
U, IEB34VE hy_y (23S 2EANRY ML, by, by, by, b, 12T NZENDNA
TARZ ML THS. INo DR, FEREICHRET DRENEDRT
Br®LUL, RTAKIZEEINS. o, 3R (23) 1058V 7 E1 FEK
THY, tanh iR (24) RTINS SRV v 2RV T2V b THB. T2
T, o7 XY —LEERLTWVS

1
1+ exp(—x)

og(x) = (23)

exp(z) — exp(—2)
exp(x) + exp(—x)

AW T, LSTM OEEIZ=2a—F)L kY hT =2 DT L —LT—
7@—0fﬁécmmﬁ%%mt.MWM@Aﬁsﬁ TP | R OZ
DXk (FIEONE) IZEII5tBHHOHETHS. FEKOITRY 78
WX 70ICEEL, NI A —XOg#E 7LV T X LIZ1E adaptive moment
estimation(Adam)[39] Z& W 7=.

tanh(x) =

(24)
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Sigmoid
h, h, . h,;
i f 1
LSTM
| | |
Sg) S? . SW

6: Average Pooling % F\ 7= 3354 %

LSTM D& 2 EH U0 HHETIE, £ TORNEDMEDET
B % Average Pooling PEAZDENEDELH N LN T WS [36]. £D7z
b, EFERIZBVWTEH, LSTM OREORNERT ML ER#EE U
THW 3 Fik & Average Pooling Z K& & U THW S FIED D % Hilg
5. 7z, LSTM 2 AW REEDNOREEIX, £ 3 ITRUEZELT
WMo U fo2HT 5.

REFHEICBITDER TN T2 HEEAPHOMEEZM 6, M T7ITRT.

¥ 6 13RFEEIZ (13) @ Hv D% AW 7356 DR HOME T
H5. AJT SO UTLSTM A AT 22 TORNEDMEE L7
Average Pooling # H{* & UREFOREE fr tMAaahE, X (15) D&

2https://chainer.org/
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Sigmoid
AN
fi
hy
f
LSTM
I ! |

7T RBEDRNEE - B E

DIZEHR D TER] THHMERME Mg 2L T WS,

— 3, BT IZEEEIZR (14) D H* Oz W58 D EES D
WHETHZ. SO OBBOEHETHZ SV 2 AN Uizl hahd
BNEh 2 TD0EE Ht 2 U, BEOREE ff efladbe, X (15)
DEIITEHR IV ERTH DHERHEM ¢ 2HI LTV 5.
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4.3 %54 (Identifying Argumentative Relation)

KEED [FiE] THHNME, FEBEROEHEE RNHRELNH 2 &
ZoNd. KT, HBHERMN [ER] THNIX, TOERIZFEHEAFRD
FERICRDARRENE N L TFREING. T I T, REFHETRE, #
ENFOLNTH D, BERiD [FR] ThIMERMEMHE ¢ & EHFE A
[FiE] Th HMERWEME ¢; 2RI BHOREEIZMNZ 5.

REFHEICIBIT 5, BfR2¥E (Identifying Argumentative Relation) @
W2 8IRY. fLIdER I VER j OFRK L Ui S ok
4 DRFHE R TENNRZRI MLV THS.

RETHEOBEBDITIE, g & f 05, R(16) 128D, HEHRiWE
% J DIEHNTH DHERHEEM p;; 2KRD, HHET 5.

BEDHOMERZEARDPFOREEL L THWT WS, HDHEHR
M ITFER] THEPZE2HZEELZLET, NEBEKROEEZSHHTHI LN
T&E5. LA T, TER THOUTRRBERDFERIZZDPT N E -
iR E B R T A LA TEEHLFEZO6N5.

7 i
Oatae

X 8: BAfRFHDBEE

¥

Sigmoid

Oat's

@
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4.4 #EEHE (Deciding Argument Structure)

REFETE, MEHECZUTO LS WiEEIHMEE L TE&HT 5.

arg max Z Z PijTij (25)

z i=1j=1

s.t.

Vi:y @y <1 (26)

j=1

i=1j=1

VZ\V/] Ty — Ay <1 (29)
VZVJVk Lk — Qi — Qg S -1 (30)

REFIETIEA(25) DX D ITHEFE BWERK j OJFINTDH 5 R EE
piy BEAL T LHMBEREFEL, WEEEEHAWT, HfNERH-ZL
7= kT, X(17) TRIND 1y DIEZIET 5 Z & TR ERELNEE 2
WETSH, ZOMER, MIITRUEESICREBERT, T, ... T, ....,T,
FDORTIZHERWEE M p; ZEHALTHHAT Y VPRG0N T 7% A
HELT, #NOs LTy VOEAMMPRRIZHRS VT 7 %KD 5 ME
CIRIRTE B, 22T, BREBENRFa—=V IR RA=RE2HWTIC
WEHEERITD Z LN TE S,

HIFITH 5 (26) 0o (31) KIFSATHZE (1] LFRBRTH D, EERD L,
—D20D /) —RKPoFINET Yy VIiE—ARUTTH S AMEZRIEL TW
5. X (29) 25 (31) THHAL TV a;; 1IEERMEEZH < 7-DITEAZ
hTHn, RE2)DE>IkEshs.

| (BHih S BEITTEETH B)
;5 =
"o lo @i s ERICABETR )
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T1

P11

P12

T1

Pi1

T2

P21

D22

D2i

T2

P1i

Ti

Pi2

Pii

Ti

9: FEHEE OBERM
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5 &aHMsESR

ARETH, BEFIEVLEY TRXRA21280WT, BEFEL D &SV EE
EThHdILE2FUERIZL>TRY. £/, EYTRXA7 &AL 4R
%?Hﬁiﬁﬂ%ﬁ??ﬁi Db EMEIERIEMEDHEE 2175 2 L 2 5T

. AHlSEERIZEBE W TIX, Argument Annotated Essays D5 5, T —
&@&&ﬁ ISR EEND 2 XEZRN24 0 0 XXEHZH, 10K
FEMRGE 2 AT > THERE (precision) & FEELE (recall) DFMEIITH S FlE L
ZDOX U 40| ZRDTZ. TNTENDOY T RAZIZET B U Tl
S T dH % Stab and Gurevych(2017)[1](LARE Tl Stab2017 & K3l
%) &fi— U SVM Z HWTHAEL T W5,

5.1 ERDWOFFMER

FTIIUHIT, EEDHEITLSTM 1T & 2R % F\ 5 45 52 % 23
5. LSTMANDANE, WReLpEREDOA (S) 1TMA, XAREFMHT
572017, NREZHERLZTDREIX 1 X, (Pf1), TOHIX 23X (Pf2) |
WRLANAFAET DN DX E T (PIAL), MR & LB HEHE L Z DR
13X (Pbl), ZDIRX2X (Pb2), ERUFIFET 2EEND LT
(PbAIl) D 6 N & — 2 W, IRXDXRE WS EIE, &0 RO TE
WEERTEDEDITHEINDIEF Z L7z ETASIE Uz, BBIvE
DT IEZENZ R, 50 - 100 - 200 IRITTLHELL TW 5. Stab2017 %
BUZHDL LSTM I kK 2 RiEZ W HREFERICEH LT, BESH
DFERZ IR U 7255 R A2 R D ITRT. RtEBhEOUGHERL TS
D, F-Claim & TFiE] OQEIZOWTD FfE, F-Premise I& THifg] D
DEEIZOWTOFETH 5.

£5XD, NERNRELLEEE LSTM D AN LT B TIEHEEIX
IFEDL LT, BHRLZOHX I XEEOTLSTMDANETEI LT
[Fk], TH1#E) OB 5DNFITH U TCELBMFOREL L5 Z A b
5. oI, BRBNEZ IR EIRICIZEE U7z LSTM OREZEDEIZE

30



% 5: LSTM % FH\\ 7= Frlss g2 Bkt B

A Wt | F-Claim | F-Premise A ot | F-Claim | F-Premise
Stab2017 0.627 0.832

50 0.623 0.836 50 0.622 0.838
Average S 100 | 0.623 0.838 Last S 100 | 0.631 0.849
200 | 0.622 0.833 200 | 0.648 0.855
50 0.663 0.853 50 0.608 0.832
Average_ Pfl 100 | 0.671 0.858 Last_ Pfl 100 | 0.642 0.849
200 | 0.679 0.860 200 | 0.698 0.875
50 0.610 0.823 50 0.618 0.823
Average_ Pf2 100 | 0.611 0.824 Last_ Pf2 100 | 0.601 0.831
200 | 0.605 0.825 200 | 0.601 0.834
50 0.617 0.824 50 0.614 0.831
R : Average | Average PfAll | 100 | 0.616 0.826 $EZ : Last | Last_ PfAll | 100 | 0.617 0.836
200 | 0.613 0.817 200 | 0.606 0.833
50 0.613 0.835 50 0.615 0.834
Average Pbl 100 | 0.612 0.836 Last_Pbl 100 | 0.612 0.836
200 | 0.599 0.831 200 | 0.598 0.834
50 0.609 0.830 50 0.613 0.835
Average_Pb2 100 | 0.606 0.829 Last Pb2 200 | 0.601 0.832
200 | 0606 0.827 200 | 0.596 0.833
50 0.623 0.833 50 0.613 0.835
Average_PbAIl | 100 | 0.615 0.825 Last_ PbAll | 100 | 0.612 0.836
200 | 0.608 0.828 200 | 0.599 0.831

JAMHEEANVS ERICEWEE L RD I ENHO N LR 7.

—HT, Bitt2 XU EEANETEE, HEIXAKE ETNT AMHEMIC
HdIrhbhrotz. ZNEXSFHEETIVIZEIT S LSTM DEITFHISE [41]
THEINTWVWS LS, LSTM ZHWTH 3 XA ED ATIIZH L Tl
FERPH LU BRI EEZEZONS.

E7-, SHOKENSIE, RXOXREFET S Z L2 & 20 5EEE
DUEEIEALS NP>z, ZORKNE LT, FEOI—/"ATIE, ZHE
ERL ] XDHFER DYV ER LI 1 XOHEGEHDFEHEIOH 10
HEEDL 2K, A2 XA EER AT & UZRFE AMRICHEYIIZSETER
Mo REENEZ 5N 5.

SEDEERD S b EEE Th > 7z Last. Pf1 Dkt 2 0 0 TIZ,
Stab2017 & FEE U T, [FaR] O BT 2 0.627 725 0.698 £ Tl L E
BTHY, [FiHR] OSEEEIZBIL TS 0.832525 0.875 £ THEL M L
LTWwd. £oT, SaMEELZOHIX 1 XE2 AL LT, BNIEDIX

31



%2 20 0IZEELZILSTM I2B I mpoENEZ2HWS Z & Xk
DERZWEWYNCIEHTE A2 ¥ bho 1z,

5.2 BR2BOFTFM=ER

Wz, PR BEICESR i A EER T H D HERMETE ¢; %2 F\W 2805 % 5
5. ZIZ T, ¢ z2BRSHOREEICINZ 72554 (Probability  LSTM)
DEBPEDKEE ZRD =, £z, ¢ ZHWTICEBROEEZIS L T >
7% D (Stab2017), Stab2017 & [H UFHHE ff OAZHAWT, ¢ KD,
K2 A 7% O (Probability _Stab), &R [Eik] THLE0ED
A= NATOEDEEHWZH D (True) LB LTWS. I 5O
RE2K6(ZRT. F-Relation & TRIRBEMRA ] 258D FfE, F-No Relation
T TREREAGREE ) 2MED FAH, F-AlllX TRERBGRE) & TR EBE R
BT B FEDYEITH B.

6 KD, Stab2017 TIX THRERE ] ODFEEA 0.428 12X L T,
Probability Stab Tl% 0.460 &, BIfRAFHIZESE i D FIRTH SRS
g ZHVWBEHEENRKESMELTWAZ LA 5E. £/, [KEEH
(R OOEREICELTH 0731250791 LH ELTWA Z EH S
MEIRo7z, X512, Probability LSTM 2815 TKEEBRAE] OO
MR 0.507, TIRERBAMRIE] OAXBREIX 0828 L bmWI s,
EFEIB 2 EZNFOREE R EAEYNI KM I N T NS Z AR
Nz,

# 6: BAERS HH D 3 S BRI

F-Relation | F-noRellation
Stab2017 0.428 0.731
Probability Stab 0.460 0.794
Probability LSTM | 0.507 0.828
True 0.708 0.923
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5.3 REFELMADOILMESR

AEITI, RETDREHTD Stab2017 £ 0 £ HE Y REAICEDNE
EHETH D, REFIEVBEGFFEI L EHELRIEY 1 = 7 Fik
ThdILrIKFFRIZE > TRT. 2 2Tk Stab2017 & A URHEE %
FAW7Z 3R FIE (FREFIE-LSTM) & Stab2017 OFEE#EE % LK U7-. %
7z, Stab2017 OFFEEIZ LSTM % Il 2 7= Fik (Stab2017 + LSTM) & 2
EFIEIZDWTHRRICHE 2R 7=,

REFETEHSETO/REZEE A TUTOI S 2 HNT WA,
DLSTM D AT, FllEER e imMHE RO X 1 Xz W, RNEE
200 IRTCIZERE L, HBEORBNEDMED A% ERSFHORHEHE L UTHW
5.

2) BENMT, BRIV ERTD DMERMTH ¢ 2K, ZDMH%BFR
DHEORHHEL L THWA.

ZIT, REFHEOREIIOVWT, KEZEMORREAREEDF 4z &
H U745 % K 712K 9. F-Relation 1% KERBRA ] 98O F{#, F-No
Relation (& TRSRBERE] 28O FE, F-AlLIZ TRARERE] & TR
BRI (B9 2 FEDFEITH 5.

9, MEHEOAIMEIZOVWTHRTS. RT25, BEFORHEZ
W54, BEFIELIDE Stab2017 OEENEH VI 213N 5. Z0
JHR L LT, Stab2017 OREEHEE P ERSEOME % Z T 12 WERL
Th5720, BHFEORBETIIHEEDMK N R ONFOREN/NZ
WZEREZL6ND. TOFHE LT, Stab2017 + LSTM & 2= Fik%
S U 72354, Stab20174+LSTM Tl TRREIRAE | O BKEE L 0.466
ROIZH ULIREFETIZ 0539 &, REFHEOBENPKEL EEBZ N
HiFonsd. ftoT, REFETIVEESFOMBOHEDKEZVWF
EThy, REFEORHMEZHVL5E, REFIEOMIERTE DD
RELKENH LT AHZEDPHSNE R ST,

BigIz, REFELEROFMZITS. £7 L0, Stab2017 TIXKHEE
Bd D DHKEEE L 0.466 THDDIZR LT, BETFIETIZ0.539 & KiF
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F 7 TRETF RO G SRS R

F-Relation | F- No Relation | F-All
Stab2017 0.466 0.881 0.634
RETFIE - LSTM | 0.451 0.879 0.627
Stab2017 + LSTM | 0.466 0.881 0.638
REFIL 0.539 0.897 0.718

WHERM ELTWA Z b s, £-BICHEDED - 72 KREGR
72U DRFEREIZEILTH, Stab2017 D 0.881 225 0.897 L KEE MM L
TW5., HEOKIDIEL 2o TWREBGRD D ODEREN K E
KHELVLTWE T T, BMEFETHLHEDOESWKRRERZL O
FREEM ELTWAZ ehs, REFHEICK > TiallE 2 L 0 &k
BIZHETEAZ LA HLN LR ST,
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6 LIV

AL TIE, XREHBETLZLDTE D LSTM & H\\ 7272 7wl
YAV RERRBE LU, BARRIZIE, RO & S RFIECHEE Y
=V TR,

1) fwELIcBb bl EE L [Fik] 2 (1] THEMAHET HHE
SHEIZBWT, LSTM DA 2wl R e ZDRIX 1 XIZ U7z ETHES
Nr-mEORNEOMEEZ RFOREE L MAGOETHWS. A% T
1, BERENPFIRTDH SMRNEEM ¢ PR EZMG L LY 7EA R
BBUZ Lo TREIND LRKEL, HEEINZHZBEBRIHORHEL
ULTEHAT 5.

2) iR EEMICINRBERLE D 2085 M ET BB HEIIBVNT,
BROVBTHE LTz ¢, ¢ ZHFOREE S lAGHDETHWS. KEH
ROFAET DHERHEENE pyy WRER L ¢, q; ZFTG L LY 7B N
BizkoTREIND LREL, HESINME%E, FEEFMEDHK
BB OEAL UTERHAT 5.

3) Btk ER MG OHEE T, BIRABETHEE S iz py; Z RS
O HMBEBOEAE LTHWSZ LT, BENRF2a—=VTNT A—
2D EERIEE Lce e 7.

I—NA%FAWZFHEERIZ X0, BEESFEBERI B VTRE
FEEHWS Z L THAFEFIEL R THEENRELmMELZZ 2, #iE
WEIZBWTREFENL VRS ERZESBHOMREKML7ZEDTH S
Zehbhrolz. iz, BTEHKEAG ULREFEO SR TKEE
RE] ONFERECRITMAEDKEEZ KRS LR ZEAHLNE K-
7. 72720, ZNTH FZREERD D IZOWTOHEREI 0.54 FE
LERFAIIENERVAT, BHDAEDIZIEE 5B REEOM A%
BTHD., TDEDIIEZONDSHEDOREZ LLTITRT.

o BREMHIZBIIBHRXAITIE, RNNOHTHLSTMZHWAS XD
£, K0 HHLRREG %D GRU(Gated Recurrent Unit)[42] % H
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WEIPEENE R E VWS MG 43| 5 HB 2 &5, GRU
RHIE DR % % T & 5 bi-directional LSTM (44, 45] % F\ 72§
BEOMHNZ1T5. £/, T4 —7T7—= V7 DFED—D2TH5S
CNN(Convolutional Neural Networks) % XEFSFIZIGHT S Z &
T, RELHELZREI LTV LMD H L [46) 720, JEHTEZR
WHMRET 5.

o SN, Fr7ITHRE LU FHEE DOMIZIX Stab and Gurevych(2017)[1]
OREEZMEAL 70, Rk~ 1 = > 7128 1T 2R E DR &
ATHED [47, 48], HEY)ZRREEOERZ1T .

o WEIZ—HTHASLNT WD XS [49, 50] 12, FEERMOBEBRD AN
U7 LOEELEREZEHURREROEOEZ N LIE5.

F/e, BNRTHEEY A = ZIZBd 2 HARGE COMPRIRIER IR S
NTW3 [51] A, HERAOBEEZR EVENTHEH H2) s hTnd
72, HARFENOILIEJRTEE S 2 EANDIGHZH#ED TV E 72\,
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B

KL xEAERT 512720, HEABOMBEREHEE»S, TE»D
BN ZHREEZBY E L. JJICB#EHOEEERLET. £72, HER
SEENT IR o THIZE %2 XA TW W FEE BB N - U R
ZULT, ¥IPHEDHEmZEL T ORBOAEZ HN72)1H 55—
HEBEZ, 7HILISBIE, WSRO - A - BIECEH 2L E T

37



S 3k

1]

C. Stab and I. Gurevych, “Parsing argumentation structures in per-
suasive essays,” Computational Linguistics, vol.43, no.3, pp.619-659,

2017.

C. Stab and I. Gurevych, “Identifying argumentative discourse struc-
tures in persuasive essays,” Conference on Empirical Methods in Nat-
ural Language Processing (EMNLP 2014), eds. by A. Moschitti, B.
Pang, and W. Daelemans, pp.46-56, Association for Computational
Linguistics, Oct. 2014.

A. Peldszus, “Towards segment-based recognition of argumentation
structure in short texts,” Proceedings of the First Workshop on Ar-
gumentation Mining, pp.88-97, Association for Computational Lin-

guistics, Baltimore, Maryland, June 2014.

H.V. Nguyen and D.J. Litman, “Context-aware argumentative rela-
tion mining,” Proceeding of the 54th Annual Meeting of the Associ-
ation for Computational Linguistics, pp.1127-1137, Association for

Computational Linguistics, Berlin, Germany, 2016.

I. Persing and V. Ng, “End-to-end argumentation mining in student
essays,” Proceedings of Human Language Technologies: The 2016
Annual Conference of the North American Chapter of the Associa-

tion for Computational Linguistics, pp.1384-1394, 2016.

L. Carstens and F. Toni, “Toward relation based argumantation min-
ing,” Proceeding of the 2nd Workshop on Argumentation Mining,
pp.29-32, Association for Computational Linguistics, Denver, CO,
2015.

38



[7]

[10]

E. Barker and R. Gaizauskas, “Summarizing multi-party argumen-
tative conversations in reader comment on news,” Proceeding of the
3rd Workshop on Argumentation Mining, pp.12-20, Association for

Computational Linguistics, Berlin, Germany, 2016.

Y. Song, M. Heilman, B.B. Klebanov, and P. Deane, “Applying argu-
mentation schemes for essay scoring,” Proceeding of the First Work-
shop on Argumentation Mining, pp.69-78, Association for Compu-
tational Linguistics, Baltimore, MA, USA, 2014.

B.B. Klebanov, C. Stab, J. Burstein, and Y. Song, “Argumentation:
Content, structure, and relationship with essay quality,” Proceeding
of the 3rd Workshop on Argumentation Mining, pp.70-75, Associa-

tion for Computational Linguistics, Berlin, Germany, 2016.

D. Ghosh, A. Khanam, and S. Muresan, “Course-grained argumenta-
tion features for scoring persuasive essays,” Proceeding of the 54th
Annual Meeting of the Association for Computational Linguistics,
pp.-549-554, Association for Computational Linguistics, Berlin, Ger-
many, 2016.

C. Stab, “Argumentative writing support by means of natural lan-
guage processing,” PhD thesis, Technische Universitdt Darmstadt,
2017.

C. Stab and 1. Gurevych, “Training argumentation skills with argu-
mentative writing support,” Proceedings of the 21st Workshop on
the Semantics and Pragmatics of Dialogue, pp.174-175, SemDial,
Aug. 2017.

T.E. Damer, Attacking Faulty Reasoning: A practical Guide to
Fallacy-Free Reasoning, 6th edition, Wadsworth, Cengage Learning,
2009.

39



[14]

[15]

[18]

[19]

[20]

M. Lippi and P. Torroni, “Argumentation mining: State of the art
and emerging trends,” ACM Trans. Internet Technol., vol.16, no.2,
pp.10:1-10:25, March 2016.

E. Cabrio and S. Villata, “Natural Language Arguments: A Com-
bined Approach.,” 20th European Conference on Artificial Intelli-
gence (ECAI 2012), pp.27-31, Montpellier, France, Aug. 2012.

N. Rooney, H. Wang, and F. Browne, “Applying kernel methods to
argumentation mining.,” In Proceedings of the 25th FLAIRS Con-
ference, AAAI Press, 2012.

E. Florou, S. Konstantopoulos, A. Koukourikos, and P.
Karampiperis, “Argument extraction for supporting public pol-
icy formulation,” Proceedings of the 7th Workshop on Language
Technology for Cultural Heritage, Social Sciences, and Humanities,
pp-49-54, Association for Computational Linguistics, Sofia, Bul-
garia, Aug. 2013.

T. Goudas, C. Louizos, G. Petasis, and V. Karkaletsis, Argument
Extraction from News, Blogs, and Social Media, A. Likas, K. Blekas,
and D. Kalles, eds., Springer International Publishing, Cham, 2014.

A. Ferrara, S. Montanelli, and G. Petasis, “Unsupervised detection of
argumentative units though topic modeling techniques,” 4th Work-
shop on Argument Mining, pp.97-107, Association for Computa-
tional Linguistics, 2017.

A. Peldszus and M. Stede, “Joint prediction in mst-style discourse
parsing for argumantation mining,” Proceeding of the 2015 Confer-
ence on Empirical Methods in Natural Language Processing, pp.938—

948, EMNLP’15, Lisbon, Portugal, 2015.

40



[21]

[28]

[29]

[30]

S. Hochreiter and J. Schmidhuber, “Long short-term memory,” Neu-

ral Comput., vol.9, no.8, pp.1735-1780, Nov. 1997.
M.C. Beardsley, Practical Logic, Prentice-Hall, 1950.

S.N. Thomas, Practical reasoning in natural language, Cambridge

University Press, 1973.

J.B. Freeman, Argument Structure: Representation and Theory,

Springer, 2011.

C. Reed and G. Rowe, “Araucaria: Software for argument analysis,
diagramming and representation,” International Journal of Al Tools,

vol.14, pp.961-980, Dec. 2004.

R. Cohen, “Analyzing the structure of argumentative discourse,”

Comput. Linguist., vol.13, no.1-2, pp.11-24, Jan. 1987.

P. Potash and A.R. Alexey Romanov, “Here’s my point:
Joint pointer architecture for argument mining,” arXiv preprint

arXiv:1612.08994, 2017.

T. Govier, A Practical Study of Argument, 7th edition, Wadsworth,
Cengage Learning, 2010.

C. Stab and I. Gurevych, “Annotating argument components and
relations in persuasive essays,” Proceedings of the 25th International
Conference on Computational Linguistics (COLING 2014), eds. by
J. Tsujii and J. Hajic, pp.1501-1510, Dublin City University and

Association for Computational Linguistics, Aug. 2014.

A.P. Gema, S. Winton, T. David, D. Suhartono, M. Shodiq, and

W. Gazali, “It takes two to tango: Modification of siamese long

41



[31]

[32]

[33]

[34]

[35]

[36]

short term memory network with attention mechanism in recogniz-
ing argumentative relations in persuasive essay,” Procedia Computer
Science, vol.116, no.Supplement C, pp.449-459, 2017. Discovery and
innovation of computer science technology in artificial intelligence
era: The 2nd International Conference on Computer Science and

Computational Intelligence (ICCSCI 2017).

J. Lafferty, A. McCallum, and F.C. Pereira, “Conditional random
fields: Probabilistic models for segmenting and labeling sequence
data,” Proceeding of the Eighteenth International Conference on
Machine Learning, pp.282-289, ICML 01, San Francisco, CA, USA,
2001.

R. Soricut and D. Marcu, “Sentence level discourse parsing using
syntactic and lexical information,” Proceedings of the 2003 Confer-
ence of the North American Chapter of the Association for Com-
putational Linguistics on Human Language Technology - Volume 1,
pp-149-156, NAACL ’03, Association for Computational Linguistics,
Stroudsburg, PA, USA, 2003.

Z. Lin, H.T. Ng, and M.-Y. Kan, “A pdtb-styled end-to-end discourse
parser,” Natural Language Engineering, pp.1-34, 2014.

T. Mikolov, K. Chen, G. Corrado, and J. Dean, “Efficient estimation
of word representations in vector space,” ICLR Workshop, 2013.

J. Pennington, R. Socher, and C.D. Manning, “Glove: Global vectors
for word representation,” Empirical Methods in Natural Language

Processing (EMNLP), pp.1532-1543, 2014.

Y. Kim, “Convolutional neural networks for sentence classification,”

arXiv preprint arXiv:1408.5882,2014.

42



[37]

[38]

[39]

[40]

[41]

[42]

[43]

C. Guggilla, T. Miller, and I. Gurevych, “Cnn- and Istm-based claim
classification in online user comments,” Proceedings of the 26th In-

ternational Conference on Computational Linguistics: Technical Pa-

pers (COLING 2016), pp.2740-2751, Dec. 2016.

Y. Bengio, P. Simard, and P. Frasconi, “Learning long-term depen-
dencies with gradient descent is difficult,” Trans. Neur. Netw., vol.5,

no.2, pp.157-166, 1994.

D.P. Kingma and J. Ba, “Adam: A method for stochastic optimiza-
tion,” arXiv:1412.6980, 2014.

M. Sokolova and G. Lapalme, “A systematic analysis of performance
measures for classification tasks,” Information Processing & Manage-

ment, vol.45, no.4, pp.427-437, 2009.

M. Sundermeyer, R. SchlAijter, and H. Ney, “Lstm neural networks
for language modeling,” In INTERSPEECH, 2010.

J. Chung, C. Gulcehre, K. Cho, and Y. Bengio, “Empirical evalua-
tion of gated recurrent neural networks on sequence modeling,” Dec.

2014.

W. Yin, K. Kann, M. Yu, and H. Schiitze, “Comparative study of
cnn and RNN for natural language processing,” arXiv:1702.01923,
2017.

M. Schuster, K.K. Paliwal, and A. General, “Bidirectional recurrent

neural networks,” IEEE Transactions on Signal Processing,1997.

I. Habernal and I. Gurevych, “Which argument is more convinc-
ing? analyzing and predicting convincingness of web arguments us-
ing bidirectional Istm,” Proceeding of the 54th Annual Meeting of the
Association for Computational Linguistics, pp.1589-1599, 01 2016.

43



[46]

[47]

[52]

A. Conneau, H. Schwenk, L. Barrault, and Y. Lecun, “Very deep
convolutional networks for natural language processing,” In EACL.,

vol.26, 2016.

Y. Desilia, V.T. Utami, C. Arta, and D. Suhartono, “An attempt to
combine features in classifying argument components in persuasive

essays,” 2017.

A. Aker, A. Sliwa, Y. Ma, R. Lui, N. Borad, S. Ziyaei, and M.
Ghobadi, “What works and what does not: Classifier and feature
analysis for argument mining,” Proceedings of the 4th Workshop
on Argument Mining, pp.91-96, Association for Computational Lin-

guistics, 2017.

FEHE, KHZ, “ERBRZBIZEBHEBBRL Y T — 27 Ok
MERE T — X RX—AY A5 A (DBS) , vol.2009, no.9, pp.1-S,
nov 2009.

FEREES, JWWHEY, “We by A=V Z2HWEZRELRY N7 —20D
HEFEER IR ORISR, tEaFAi ot im S, vol.4, pp.66-74, 2006.

H. Yamada, S. Teufel, and T. Tokunaga, “Annotation of argu-
ment structure in japanese legal documents,” Proceedings of the
Forth Workshop on Argumentation Mining, pp.22-31, Association
for Computational Linguistics, 2017.

KB AT LAWESEE, CRRERY AT AWERE T RAEIR
& 7 2016.

44



