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1 IEL®IC

I, A=+ 7+ YOERICE D, N&IFHEER
RHATHZLITBWT, BHkz2EO$ D2 A IC iy T
X2 X5 hot. ZNODEEIIIEY LG O
JERERE IR 72 ¥ OTFHRA T NT WS, £z, Fleikr %
Foursquare 7% £ @ LBSN(Location Based Social Net-
work) DFERIZ XD, HWENTHITEML, 2—¥»
H & POI(Point of Interest) 7 4 VXA V7§52 %
DRI o720 & 2Ty 2= =1 L7350 245
LTIRRT 20— MEENIRD N5,

Z ZTARIETIE, KRB Flickr 7— 2 12OV,
2—BNREZ 7 RIS EST 2FDEICHE L ARy
FEHEET S, HDHEICHELZARY b ElE, -9
I AIRED ST 2 fE 3. BARRYICIE, DBSCANIZ LD
ARy Meagl, It HRUo R FE e LT,
ZOOMPER BE D R EHEHIP 5. ZOHIPHIZH
52Ky bOEOBE % Flickr T—&X26MHEL, &
[[]27°2 7W2ERT 5. A2 7 OEAZER (AR
M) HoBEBoOMHE 5. RkEV—>y1-7n
A R KD, HFth e BV M O B IELL 5 f7
FTEHAETS. ZLT, BRLEFHERARKY b2
efficient-geo-crawler[4]' T Venue ZH{F L, ZOH 15
ERNL—PEEWYIL— P 2HEET .

AREFSLOMBIIRDBD TH 5. 2 ETIEARIFFLORM
HIFFC OV TR S, 3 ETIHREREFIRIC OV TIAN
%. A BETIREBFEOETHZRL, ZUTT 25
iz iR X%, 5 ETIEIARMIETHEOLNT MR EF LD 5.

Copyright is held by the author(s).
The article has been published without reviewing.
Lhttps://github.com/YokoyamaLab/efficient-geo-crawler

2 [FEEHRRE

A8 11X, — BNk —50 0 OMRAEN 4%
TEIT U7z fEeRe ot 3 2 50E, BIfEHD kR B A7
H R & T ol & B2 B % A W ETTHERED 27
BDODIZEENBEEHICI DRI 2EELFHE L
B3R, TN DME X D EARHEEZFEH L, H#
BRI EIRR L. HLS 201, Y= v XT3 7Y
A b k?“ifné:ht%ﬁ@/i&7 G HIREZ W,
BRI 2 N A2 QRIS E e BIROESWEREHL, £
NHITHE DT HFEHIA & HIVH F TOBE I B3
5 Z e DAIRERGFTE R T 5. 2 —IDHEE L2 HFE
iy High X b d HAEMENIGAT O 6, BT
BVHBERSEWEZE DEEME LTHREL, 70 F
VIR TIRT B AT ARWELE. 2D
WBWTH, HEEIOHIFDEARY N EHET 2.
AR TIE, T—FOBEEDIZ VW L— b6 DIEX
Ry NEHET 3.

BEHS [3]1F, 2—¥ =8Bt EEE Lz &, b
F DREIFDOZAREEEER L T, TO2—F —2iBEIHK
¥ U EEOHIBRIEHR S HAAA LA T 4 L2 ) > 7
W2Eh, ZOBEARY v EHET L L2 HIT, KIZH
NEBHARY bERIEXMEE ST 5 AT L 2R .
ZOWMFRICBNTDH, ZOI—FDREDT — X5
WAT G EHEE T 5. AT, 2 TOI—F Dl
EDTF—EnBARY P EHEET .

3 R’EFE

AWFETIX, Flickr 12586 X N7 B E DR R
DX R T —X%EZHWT, DBSCANIZX D ARy
FEDT R, 2—FOBEINEN ST 7 IERL, FO
HIA275 7 DEADPLI—FOBIHHOWKE T5. V—
Yx-7uA RIEICK D, BfE# e BVt o &E
TRBENENL 5 (L E CTERHEET 5.
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3.1 T—A2DINE

AWFFETIX, Flickr (28586 X N7z B E DR E RS
DX TF—&2E2HN2E7%, Flickr API #HWw
T, 2016 £ 5 2019 FE X TD 4 FERF DT — X 2 IEET
% . IEHIPIIHE 2 PO § 5 4% 32km OEITH
5. ZDOAPLIZIX, —EICKREDHEEEZMREL XS5 T
LHE, L EET AEGEAHTETLES WV
LR D 5. Z ORI LT, SENEF I 12016
FI1IHALIHORF0 0/M~2016 41 H 1 H 23K 59 %
59 k5121 HI DKUY, 7—XZIE L. B
BL7T7 —2BUIEEZRVT 386,122 fFTH 5.

3.2 ARy FDERCAE

AW TIE DBSCAN Zfifivy, SR L7z Flickr 7— 4
BIIARN T, ARy MEDITS. eps & 0.0001 3
OB X BT T AR DR EFR 1ITRT. DB-
SCAN D7 X —& eps % 0.0002, minsamples 23 10 IZ
L7zRRC, 279 AR —DEH—F g o778, 0D
NRIRX—=RERELT.

minsamples = 10

eps [ 0.0001 [ 0.0002 | 0.0003 | 0.0004 | 0.0005
7 ITAR—

TELH 186980 | 263635 | 296833 | 314880 | 326613
TERVH 189142 | 112487 | 79289 | 61242 | 49509
I IAR—DE | 3154 2888 2461 2129 1863
3N LD 0 0 0 0 2

1 H~3 50 1 4 6 6 2
1 F~1 5% 17 30 29 28 27

% 1 DBSCAN x{H&

BAREE & ZKy b DORIFHLZITS 72, ZD ARy b
DAY Y RPRETH D, 2T INLERERAOT,
ZHEy FDINE Y ZDAY > R OTHHE DR 2 5
ME XX, SEA QOEENZORER LICH S &5 ik
NOMZBAEP OZ i, RES Q=p0,pl,..,pll
el CH(Q) 2K 1123, ZofoMmaE DRI
p0,p4,pllp9.p7 TH 3. MEZHETLZ7La) X4
BN ODFET 5208, SENE T TN LHEEK (Graham
s scan) Zffio T, MO ZONY ¥ FOHMDMERE
BT

3.3 EHERN®DIL— MEROHHEH
[f—D2—FHE—DAKy MEOBE Z M T 5.
ZZT, HIZIZFA>B>CRYXOBENIA—>BE B~
CHdHAA, A=>CHHHLL i LAL— MO
Gatldty 22 TTH 5. HEICE, —FHHEE LT
Fh v B FREE PR R & LT, ZODMMER S
BBy REiFE . 55, 32FrHHELEZARY b
HTEAWCEL T, M3t Btz 2 o il d1,d2
ZEEL, d1,d22R X DEWTEHEDFEL D, 0D

X1 f8%EE Q 2ot CH(Q) ofl

2Ry MPMERICR D, KIZ, 22 FDOL— 05, &
PN DL — 2T 5.

3.4 IL—MTRCEMI T TDER

WM L7z — b F— R 2T OH e R 2 S
TERERT S, ZDHEMT T 7 DEMIMTIN I IEET
DT 5. BAZZ 700K 3R, R I
ARy bERLTED, AMZ 7 7120 L TETESIR

Byt

X2 Bm2r o 7 ol

3.5 T—I¥)l-704 REATREREE

T—Yxl-7a4 Rk X, EANEFRS 70
BRT7 DR ZHARM T 713 ) X4
Thb. 77 7DHEHEEV =1,...n 2L, n X n5
do (ij) Bn%E 277 70 i) MoKE (K373 U oo,
i=j 13 n) THILL T2 o T 3EL— T &2 FET
T3Y, TRTHEM 1] ITOWTERS DM DR
EA dfij] IcA%.

4 HRiITHcER
REFEOFITHREZ AL, HMROBLEZITS. FH
W EEFER C FREEN e e hst st e Bt e 72, 2
DOEDOZF D EEM AR Y b 2ob— DM EITS. il
TE525—RFZV—rxl-7aAf FIETEHEL, &EIHE
M5 METDONL— N 2HET L. ZOLDODL— 25
FEH L7 ARy b % efficient-geo-crawler C Venue % HY{
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BL, B EBEET 5. BRI leallet THI
5.

4.1 FHITHER

R IREBR O A Ky b ORI E X 4 1I2R
T HEOT - PR EERER LTV, 7R
BORY I UNF LR REROBDBEM ARy s 2%
LTWwa. EMHARy bOBUX 92 EMBFEEL, LEFER
DR T 2 ARy b IRERDPFIET 2 ARy b ZINZ
5r, MENUHEDRARY b5 94 x 94 DKITATH &
BRZ77%EKT 5. 7220, EBHR»LIRERE T
DL— b CERER»S FFERETDOL— M0 2T 5.

7% 1L

O TRETRRLT

4/‘l:-_-ﬂl

ol ]
o

o
i

=

wl—g_

a0
gSn

nﬂg‘
s

4.1.1 ZEER-LFER

FPIRRE D S Z R ARY b T TOBEE L &
BEHARY + 25 LR E TOBEIEE —XoefTHlic
HAT. K, 175D 0 ZERKICEEL, 0 TlX
BRWBTFEMBICEET S, V—yl-784 RIKIZ
ID, EROZODHAORMREKZEHET 5. KIZ,
RERDTE ST 2 ARy b6 LEFERDFRE S 2 ARy
~ETONEN 5 Lo — b EALT 5. IBAL 5 7%
ToONL— bOALER 5 1R, HBE X% DE
ARy MIEM—TH (AR b 415). FFFRRE N ZEE
B (AR b 191), %EME (AR b 517), &PEE
B (AR b 360). EEMEERS (AR Y b 516) TH

%. mf&IX efficient-geo-crawler % {# - T Venue DKL
% restaurant & store DEEHIS T 5. fEREE2 &
(iR

4 REER— FEPER

TREBR— L EFER

M restaurant [l store other
Ay +415
Ay h191
Ay h517
ARy h360
Ay h516

1] 50 100 150 200

X 5 #&AKRy bD Venue

HERELL [ Lz [ 26 [ 36 [ 46|56k
e =2 Ry b | 415 | 191 | 517 | 360 | 516
REBRD S OBEIE | 73 8 14 | 12 | 50
FEERETOBEE | 8 71 12 10 6

2D Venue 170 | 2 19 | 64 | 48

restaurant 70 0 2 2 9

store 21 0 6 32 5
£ 2 FEHR— LEPER

4.1.2 EFER-ZER
4.11FFRIC & 5%, BALL5 M F TDL— kDAL
PR TIORT. HEINFEARY MIEM—TH
(AR b 415), FEFERET (AR + 294), EEFAE AR
BEES (AR v b 191), BUTEAGRPUGS (R ARy b 516). &
PGB RS (R b 360) TH 5. efficient-geo-crawler
THS T 2HEFIEEK 3 X8 2R 7.

42 EE
M4BIoEK212ED, 260 EEFRE N REEHS (X
Ay b 191) X Venue 23 2 fFDATH D, restaurant &
store ICBALTH 0FTH 3. ZHUIIRITEDEMHET 3
BFiCH 2 eHERITE 2720, #HEL— D2 OERNT 3.
F72, 1NMOEM—TH (AR b 415) @ restaurant O
Bn—FZ W\, 24K Venue 1I2HD 3 LR —FZ 0D
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[ et [y [ 2 [ 34 [ 46 [ 540
M7= 2Ky b | 415 | 294 | 191 | 516 | 360
R, S OB | 13 | 43 | 58 6 7

RERETORBREIE | 78 | 14 9 56 | 19

LHED Venue 170 | 6 2 | 48 | 64
restaurant 70 0 0 9 2
store 21 0 0 5 32

# 3 LEFER—REER

T, ZOL—PMEEEL— P LTHET2008EWE
Ezohd. Fiz, ANOETIREERS (AR Y b 360)
D store DEHB—HFZ L, 2K Venue DLEEHE D —HFZ W
DT, ZO— MIEWYIL— T UTHET 2000
WwWeEZLNhS, MeBXUER3 LD, EAL—MIR
Ry b 415, BWPIL— MIRARY + 360 BHEE XN T
W3, WFOMBEREID, IZEFFAC LS RFVEARY b
BHTWSE 7D, BH—TH (AR b 415) & GPIEE
B (AR b 360) JREE L FEFEROB O L 73D
HBERARy heEZLN5.

£2 &0, WER»PLEZARY T TOBEE L &2
Ry b6 FHRETOBEBIIENH 5. ZHUIERE
DHFEEICIELEFI T 2 e EX oMb, F/2, 3012 40D
W OB DAL 5 L & b Dwss, EIEEN. 2
MUIHEDIRE T H 5. AT DEEE D Z W
CHELITFDENL— N ERET DT, 5MDXI7R
FIEINZ I — MIAARZ NI DEL72F D iEL—
rTlE7R0.

F7-, SEOEBRETIX, £ EL— MM
=270 DRKRy heEENE. ZHUIZODHFRFD
ZEzoNhb, —OHET—XEDDRWZIETHD. ¥
B Z R, BEARY v EEENSL— S
1 LV, ZOHIGHI M e Bt w2 & TH
%. Bz I3HEER e HEBRDGE, A2 T 7 DIEMD
2, HHEARy @A E kB E X
Y LR

s il Vs
56 - R
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5 HHOIC

AWFETIX, KB Flickr 7 — R IZHOWT, 22—
MEZ T ZRICHET 2T DBEICHE L2 ARy b o
BFELRERZ L. #BREFETE, 2—9iEE Lt
e Hh K D, H 2 HPAND 2 —HF DL — MEHZ
HiHg 5. 2L T, V=Ml ARAT 7 724EKL,
U=y -7aA FEREY, BLEFDIEL— ME
5 METEHRATS. 2L T, BALEFVERARY
b % efficient-geo-crawler C Venue ZEUF L, ZDHH
LEREL—FEEWYIL— M 2HEET 2. £/, REH
CIERERZ e e ¥ e HRVICHEE L CTIREFIE
ZETL, WERICHLTEREZITo .

SHOMEL LT, 722 XD IYEL, R
ZOTHEZITS 2 2EA TN,

SE X

(1] BB, /DRI 27 D EREsHEE /7, 28 74 9]
SEKXFHERSCE, 2012, 1, pp. 297 - 298, 2012.
2] HILE, REHEE, A)lE, BMLUEY: o427
EHEHEEHWAGEMEDNIC S 20 b & T EIROEE
WHSEWE D EEfM O F R, DEIM Forum 2015, B5-3,
2015.

(3] WHE N, BREPHE, ARFE5A: Flickr 7— XD
WA VY RT DT 4 TEHRARY v HEES RT LA, Y
25054 THEBRT 7 AL AL~ 4 =2 IR,
14, 05, pp. 24 - 29, 2016.

[4] Tjima.S, Hirota.K, Yokoyama.S: A Crawling Method
with No Parameters for Geo-social Data based on Road
Maps, Proceedings of the 21st International Confer-
ence on Information Integration and Web-based Ap-
plications & Services, pp. 250-254, 2019.
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1 FL®HIC

RIA TV 7V VT, NowFxrd, vr—Fv
T EB LB ALIEZ N, DX S5 ANLDHITIE,
TOERAKERLDZ L2 FHMNETEI2E2\.
THITIE, TORLAHD—DL LT, TNE TOHE
RS DI L DI LA, FEV— N EHBETAEI LD
BLUALETONS, FHI, INETIT@ESEI DR
WL— NZ2l5 Z 8T, Hifzhmlictiao720, #ir-
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MM AN—2DA &7 x— A% U =B SRS
VAT LIEZ W [1]. Lee 5DV AT L 2] 1%, Google ¥
TVRHAWT, MR EIZRITV— b R iR 5. Mz,
R — Z BRI HRHEFE S AT L 2 UT, e-Tourism|3]
X City Trip Planner[4], Otium[5] 72 &P REEI LTV
%. F7z, CT-Planner[6] i1 —H ORELFPERIZE -
AT 7T VIR AN EiCiE R S, 22T,
flgREZARY FRARY MAZFEIIL— MR EhR S
= a VB E I FICEENIC IR R I B, BDG
TEHIZIFBOEA R Yy N miaEs, ek, Lb— el
MEFRICEBZEE L 2 ER1Z < EENE70, Z
noEMN EICIRT S Z 2 ida—YIiz e o THEERIZ
HELRX TV, 2o DY AT AIFRH BANS sattiisiic
N A—VIZE o TIEEHTH . LrLEDLS, @
EEREIRRT D222k, =W L o THATRE
DOHAMZERSMELH 5.

Izumi & [7] &, WATREOREREM 2R T2z, BED
MM ZATFLAZIREELTWS, 5DV AT LTI, f)
HRETIIHNDOTRTEZREILTEE, 2—PHE
BUCEE U 72 DANRTRINDS. Lh>T, 21—
FIXEGHNEE U 72 gD IERDO AL EFSNT, Kl
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WO OIERIIHERTE RN, ZOERIZLD, Kl
WO U T — VOl ZFR L, HRENRZ
ESREIEVSDOVESDI AT LOENTH S.
AL TH Izumi & OFEEZ SF1Z, 2—H DFARIFE
BTG UCTvy T2 Rk /MRS 2 BIECk~ vy 7Y A
TFLERBERT L. KV AT LTI, YIHPREZ<Y 70
TRTOMEEZEHL THE, TO®%, 1—F Ok
BRIZIGU T, BERiE T\ 2 L TwL., 20
E IO BRBERIC X DFCRICHT 2 DM EE & H1Z,
BURR O R R oM EAiIfRETE 5. AfETik, #A/EL
EINEE S Y T AT L2 DWW 5.

2 EE
AW THWAHFEDEZZATFIIRT. 72, AFWT
AWsidE5a2R1IZELD 5.

BERY hT—0. XY U -2 ZAEREAME
S57 G = (V,.E) CERENG. 22T, V ik
B — REGTHY, ECV XV IFER) v 2
EAETHD. B/ — Ny € VIFRE[PIER
D& E . B V2 e ;= (vi,v;) € E1F,
IR — R o, oM — K oy NED S A1 Y
VITHD.

BEEATO). EEA Y MU =2 G E/ — RIS
EUTHRTIENTE S, BEATHI 2175 A =
[a; ;]VIXIVITHKT. 22T, aj; =10 E, =
DD/ — N, v; BBHEST S 200, e 5 = (v,v5)
DEET 5.

AvyPa, WNRETVTEMBE - REIZHEDOWTH—D
REITAY Y ARIZAEILZHDEAY Y ak
SR HNRBTV T E2REUIZ Ay V2252 M &
#LU, Avyake M OERMEEE M, 3 5.
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* 1 ARTHWSES.

Zs Bk
G=(V,E) EH Ry T — 2.
VI ot
v; €V JERE ) — K.

e;; = (v,v;) €E  JEEY V.

A= lai]IVIVE BEETA.

M PSR 23

ke{l,..., M|} AyvadAvFv oA,
My eM A ak ORETE.
ce{l,..., [V |} BifEH ) —RoA1vTv 7 A,
N ARy ML
le{l,...,N} ARY FDA VT TR,
s; €1{0,1,2} J— N i DRET L.

ti; €{0,1} VD e; ORIET L.
u €{0,1,2} ARy b DORFET X)L,
my, € {0,1} A aM, DIRFET ~)L,

My 3—HORE d DR TEI N, TOM
PERERE - RERE & LR - R EMEIC S O,

J—RDRESNIL, /=R iDREITR)LE 5 €
{0,1,2} TET. 5, =00 & &/ —Fi%K5l
5, =1 DE EFHRIBEATHEILERL, 5, =2
DE &) —RNiDEEA S — NIc#ET 5/ —
RThHhdI eirET.

Y ODRESNIL. Vr T e DIREIRIVE L, ;€
{0, 1} ’Caj,%—g_ tiJ’ =0D bt % U N/ €i.j5 %*@5@,
tiy =10  THBFATHL I L E2KT.

2Ry NORESNRIL. ARy M DRIEET )L E ) €
{0,1,2} TKT. uy =0D & EAKRY b [ FFR
B, w =102 ENM, v =20& EiHBEAT
HBHIrERT.

Ay aDRESNIL. Avvak DIRETN)LE my, €
{0,1} TKRT. m =0D & E Ay ¥ ak ZFRE#IR
e, mp =10k ERICREBTHLZ L 2KRT.

3 FMMESYY TVRATLOBE

ARETIE, REVATLATHIHNES Y TV AT
LOWMEEFIATS, M1IEYATLDS VR Tz —A
Thd. KVAT LT, PIHREIE<YY TOTRTD
AR L TR E, TO%, -V ORREBIZIGU
T, BTk E L <. £/, VAT
LZiF TB>HT) E—Re T T7LVEGE] €E— R
DDE—REHABLTVWS. AT, [85HT) £—
NIZDWTHIHT 5.

M1 YAFLDAYRTz—A, HMEHIF Leaflet API
% i\ T OpenStreetMap D [H[{§ % S L 7=,

I—HIFHEBTPCRE T LY MERZEDTFNA A
ERHWTCARY AT LARRAT . ¥ AT MIEEEMEHAT
PRI & Vo 7/ NIRRTV 7238 5 9 U B Rk X
NTWE, I—FRBELZVWD) 72 #ERNT L, Z
DITVTIYTRRAA ZRKRSIND, 72720, #IHPR
RECIREEM 2RI TR S v, IHIRETIX, FE
DWW DD/ — BB e L TRRIh T
%, 2—HFIZZDhhrs5—on ) — K& BitGH (DA%
B/ — RE &) L UTGERNT S, §5&, EREN
7=/ — FABE e U TR RI NS,

I-VIXZORR ) — R oz DTV L. #IH
REETIE, M 2(a) D& ITHE ) — RAHEERE, T
TOHEBIEHEI N TWS. vy 7 IR — Rz
Bibid 2 ) — ROFRRINTWVWDS, 2—HFERRINT
Wb/ —=RD5b0Wih—2% 270w o (7132 y
7)) THIETHRUMICBEITS. $5L, ERIN
J— R ifeh e UClmHFARRI NS, [,
X 2(b) D & 51T, 7z R BAEME LD OIS AR X
5. FHEORE L 12, TOMBRE - ERIZE E N0
HLARY N REHiPBNARY ) RRAINS.

DX BEEEBEYELTW Z T, a—VIi3H
P2 ) THEEZELDZENTES,. M20D&S
2, BEEZEDTWL Z & T, BIMIZEREIh T\
BAfRiEn TN, ZO&IRERIZEY, 2—YN
INETITE I DRI — M RZFDINHEIZH
BARY MZEAE, FBRIZEHMZINTAZL LD X
5 7R BIRDFEFIZORN D Z e TE 5.

4 J—ROBREICED Yy TOR#k/
AR R

4.1 WRITDEHERY NT—0F—49 DIEE
AR AT DFEBEFT R L &\ o 72 MR D BGR =
DT ENGEELTWS, 22T, HHE, Sgeds
BORET ) 7OEKAY TV —2% G = (V,E) £ T 5.
WHRT) 7 E2EOMHEEER) T8 UTHERL, 28
Bry NI =R 5F0ORY I UMHEBNIZE F B R E
Bry NT—2%2Yg0H L, ThE2 G L35, K31
JRILDER R Yy T — 2 OflERT. KFDgL/ — K
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(a) WIHHIRTE.

(b) Bk RHIR DR

2 HREIR (a) DL ST, AX— MURMIEZRE <Y TOTRTOFEAREHEI N T WS, 2—FHBERZHED T
W<k, (b) ®& S IZHMRBIZIE U TEIMIZERK S TV BRI S T n <. HIKE I Leaflet APT % i\

T OpenStreetMap D[4 % K5 L 7=.

M3 HILOERAY bT—2. fld/—Nov eV %, fit
XV V7 e, € E %KY, HIXEEIZ OpenStreetMap
OHR%E X v 7F ¥ L7z,

veVi, MidVrre ;e EE2KT.
4.2 J—RBLTY VI DERREDER

Ay N7 —27 GIZBWT, 2—¥» /) —Ki%
T A L, TR U THEER , — NOREs; B &
Vo DRRE L, ; ZFHHS 5. 7Y XL LITHHE
THNITYXALERT.

9, olIFBAE/ — RO VT v I AR AT S, 3
TEH»S 10 7HIGOIMEETH 5. Bl ) — K ¢
& NULL TH{tLTEL. 200w T, §RTDJ —
ROREE s, =0T, TRTDY VI DREZE ¢, ;=0
T, TNETNHIWLT 5. TD%, BB/ —RKolzow
TR 2175,

AL X visitNode BAET1T 5. visitNode BIZT
1%, 518 UTZITH-72/ — R i 2R~ L 35720,
s; = LIZHEHT 5. D%, BIEM — F%& ¢ = (ZHH
U, updateAdjNodes B % IO § . updateAdjNodes
BIECIE, /—NilZBiEd s/ —F j OREZ 5; =2
WWEHTDZLT, /=R 2iilEAR — N ICBig
5/ —ReLTHS.

29 17H M S 31 17H D onVisit BAEUIEZ A RX> b AU R

4 AYYaDFEOFER. my =0 DAy alXNEH
DETHEDDORL, mi =1 DAY Y2 FEBYODIEI%R
W, MR Leaflet API % FH\WC OpenStreetMap
DE R % B L 7.

ITHY, T—FDOANIG L TIFOHI NG, 22T
&, T—=Y1 =R zifL7z2 &, ZOBEELE
N5, onVisit BT, visitNode BEEZIFEOH T Z &
T, /=N ilzxdd 23R %217 5. visitNode BA%X
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Abstract Many datasets with large number of arguments are used in the field of argument mining. To make
a concise summary (key point) from a set of arguments in such datasets, two basic tasks are necessary: match
scoring, a step to cluster arguments into similar groups; and key point generation. The previous studies focus on
clustering arguments to key points for the first step. However, those studies utilize manually created key points
which is time-consuming and costly. To address this problem, we experiment with the classical summarization
baselines. We also propose an unsupervised approach for summarizing arguments. In our previous work, we
show the Sentence-BERT-large model is most accurate for arguments without labelled data. Therefore, we
summarize arguments in our created data with our proposed method. We apply a key phrase extraction method,
i.e. EmbedRank, to key point generation using Sentence-BERT. Experimental results show the usefulness of

Sentence-BERT for summarizing arguments.

Keywords Natural Language Processing, Argument Mining, Sentence-BERT, Summarization, Debates

1 Introduction

Recently, the area of argument mining has become pop-
ular in the field of NLP [1, 2]. This topic spreads from
extracting argument components (e.g. claims, premises),
predicting persuasiveness of an argument [3, 4], to filling
gaps between claims [5, 6], and predicting argument stance
(pro/con) [7]. While there are numerous studies on argu-
ments from various perspectives, no method will be prac-
tical if users cannot find accurate opinions for their debat-
ing topic. Then, how to gather such accurate arguments?
There are typically two approaches to collecting arguments;
one way is to retrieve them from online debate resources
(like iDebate or CreateDebate), another is to gather argu-
ments from debate spectators who express their opinions
[2]. However, both methods have a common problem: it is
difficult to read and understand all arguments about a single
debate topic because their numbers often exceed hundreds.
Reading through such amount of text would be very labori-
ous. In order to solve this problem, Reimers et al. [8] use
capabilities of contextualized word embeddings of ELMo
[9] and BERT [10] to classify and cluster topic-dependent
arguments from Argument Facet Similarity Corpus [11].
They clustered related arguments, however they did not gen-
erate summaries of arguments. This problem is addressed

in Bar-Haim et al. [12]. In their paper, they defined the

Copyright is held by the author(s).
The article has been published without reviewing.

key point: usually single sentence describing a set of sim-
ilar arguments. They generate a large dataset consisting
of [argument, key point] pairs. Next, they conduct two
experimental steps: Match Scoring and Match Classifica-
tion. In Match Scoring, they compute a match score for a
given [argument, key point] pair, (see Table 1, which shows
examples of the data for Match Scoring, named ArgKP).
In Match Classification, their methods discover matching
key points for each argument. Although they claim that
their research utilizes argument summarization, only the
relevance between key points and arguments is calculated,
which means their both experiments are almost identical to
the above-mentioned research [8]. Furthermore, for Match
Scoring and Match Classification, creating key points is
necessary beforehand. This indicates that their methods
cannot be used with new debate topics for which key points
do not exist. For mapping arguments to key points, they
also point out that BERT-large [10] fine-tuned model achieves
the best results with supervised learning, and a BERT-large
embedding method yields the best results among unsuper-
vised methods. Our previous research [13] showed that
Sentence-BERT-large model [14] provides more useful em-
bedding model than other methods in order to embed argu-
ments and key points for Match Scoring described above.
In that previous work, we assume that one of important fac-
tors for summarizing large number of arguments into one

key point is to map an argument to the key points, not to
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Topic: Homeschooling should be banned

Arguments Key Points H Stance ‘ Match ‘
education at home could represent a risk Homeschools cannot be { 1
since it is not regulated regulated/standardized
a parent knows best Parents should be permitted to choose 1 0
what is good for their kid the education of their children

Table 1: Example of [argument, key point] pairs on a given topic. Stance and Match refer to pro (1) or con (-1), and same

meaning (1) or not (0), respectively.

select a key point from one argument. Therefore, we adopt
the Match Scoring, not the Match Classification, utilizing
Sentence-BERT.

In this paper, we propose a new task, Argument Summa-
rization, for generating a key point from a set of arguments.
We summarize arguments utilizing the ArgKP dataset [12],
which is explained in Section 3.2, to generate a key point.
To the best of authors’ knowledge, this is the first attempt of
this kind. We utilize the classical, but widely used standard
unsupervised models for baselines. Because the size of the
dataset is too small for supervised methods, and our previ-
ous research shows Sentence-BERT-large model is useful
for the ArgKP dataset, we decided to utilize a Sentence-
BERT-based unsupervised approach.

The main contributions of this article are:

1. Exploring a new task for Argument Summarization
toward generating key points for arguments, and pro-
viding baselines using various classical unsupervised

summarization methods;

2. Proving that Sentence-BERT is useful for summariz-
ing argument when compared with another embed-

ding model;

3. Introducing a new method to extract the exact argu-
ment for a key point, i.e. EmbedRank-based method
which is based on Sentence-BERT model.

2 Related Works

Argument mining has started with researchers work-
ing on argument components for debate topics, discussions
or student essays. There are several works on argument
persuasiveness [3] or persuasiveness of the whole debate
[15] for generating more convincing arguments. In order to
conduct research on arguments from several perspectives,
various large argument datasets have been recently created
[16, 17]. Stab et al. [16] also focus on retrieving arguments

from different sources. Their dataset covers about 90% of

arguments found in expert-curated lists of arguments from
an online debate portal.
ArgKP dataset conducted by Bar-Haim et al. [12] also in-

Similarly, the above-mentioned

dicates high agreement between expert dataset (key point
list) and arguments, achieving Cohen’s kappa=0.82. More
recently, several researchers have been working on argu-
ment facets to identify whether two arguments are similar
or not [11, 18]. Others concentrate on examining whether
these two arguments have the same facet or not [19]. Their
research is similar to mapping arguments to a key point,
but they do not calculate similarity between a facet and an
argument. Moreover, they do not generate or clarify key
points, and in this aspect, their work clearly differs from
ours. As for research on mapping arguments to key point,
existing research [20, 12] can be given as the most known
examples. Boltuzi¢ and Snajder [20] implement argument
clustering. They map arguments derived from one online
debate portal (ProCon) to arguments of other portal (iDe-
bate). However, they create only two debate topics with
less than 400 arguments. Bar-Haim et al. [12] make a mas-
sive dataset including pairs of an argument and a key point
labelled with relevancy. They also propose Match Scoring
and Match Classification for the first steps to summarize
arguments. Match Scoring would be valid for summariza-
tion, but Match Classification might not be useful for sum-
marizing arguments due to the reasons described in Section
1. Therefore, they do not summarize arguments nor extract
any important argument from the argument list. Our work

differs from theirs in this aspect.

3 Experimental Setup
In this section, we describe our preparations for Argu-
ment Summarization task: the task setting, the data for the

task, and its evaluation metrics.

3.1 Argument Summarization
In Argument Summarization, we summarize a set of

similar arguments and generate a key point. We create data
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for Argument Summarization basically from ArgKP dataset
[12], and try to extract the most accurate argument from a
set of similar arguments in order to generate a key point.

Finally, we evaluate the output with two evaluation metrics.

3.2 Data

We utilize ArgKP dataset for Argument Summariza-
tion. In order to adapt ArgKP to this task, first we delete
the pairs without agreeing arguments and key points, and
group arguments into the same key points. As an exam-
ple for [key point, arguments] pair groups, Table 2 shows
a set of arguments which are given for the key point “Par-
ents should be permitted to choose the education of their
children” in the debate topic “Homeschooling should be
banned”. ArgKP also includes some arguments which were
paired with more than one key points because they indicate
two or more facets. In the dataset, a [key point, arguments]
pair group is counted as one data sample. We divide the
dataset into 21 train topics (182 groups), and 7 test topics
(61 groups).
3.3 Evaluation Metrics

For evaluation, we used two summary evaluation met-
rics; ROUGE [21] score, and BERTScore [22]. ROUGE is
a recall-based metric for fixed-length texts which is based
on n-gram co-occurrence. BERTScore computes similar-
ity scores between each token in the original and generated
summaries. This metric is more robust to difficult problems
such as paraphrases that occur between arguments imply-
ing the similar content. Therefore, we use BERTScore in
addition to ROUGE. We evaluate our methods with F1 for
ROUGE-1, ROUGE-L and BERTScore.

4 Baselines
For Argument Summarization, we adopt LexRank and
TextRank as classic, but strong extractive baseline methods

as comparison with our proposed method.

4.1 LexRank

LexRank was initially proposed by Erkan and Radev
[23]. It is a graph-based extractive summarization method
for computing relative importance of texts. It constructs
a sentence graph whose edge weights (0 / 1) are decided
from a cosine similarity. Using LexRank, we extract the
highest ranked argument from all arguments. The threshold
to decide the edge weights is 0.3, which maximize F1 of
BERTScore on the train data.

4.2 TextRank
Page et al. [24] proposed TextRank, a ranking algo-
rithm based on PageRank [25], which is often used in key-

word extraction and text summarization. In order to find
relevant keywords, TextRank constructs a word/sentence
network by looking which words follow one another. A
link is created between two words if they follow one an-
other, and link weight increases if these two words occur
more frequently adjacent to each other. With TextRank, we

extract the highest ranked argument.

S Proposed Method

This section describes how to utilize EmbedRank to

Argument Summarization.

5.1 EmbedRank

This section describes EmbedRank, which we used for
summarizing arguments in the previous work. EmbedRank
is an unsupervised method with document embeddings for
key word extraction [26]. We adapt EmbedRank, which
can be used for key words extraction, to order to extract
sentences. Moreover, to obtain more accurate sentence em-
beddings, we propose to use Sentence-BERT [14] instead
of Doc2vec [27] and Sent2Vec [28] which were used by
[26].

In EmbedRank, there are two parameters; key size and
A. Key size defines the number of extracted key phrases.
When key size equals 1, only one key phrase is extracted
by EmbedRank. A is a parameter in the equation for Max-
imal Marginal Relevance (MMR) [29] which is introduced
in EmbedRank. MMR controls the diversity of extracted
words and the relevance between documents and extracted
words. With a given input query Q, the set S represents
documents that are selected as correct answers for Q. S

is populated by computing MMR as described in Equation
(1,

MMR = arg max{A = Sim;(D;, Q)
D;eR\S
‘ M
= (1= Dmax Simy(D;, D))

where R is the ranked list of documents retrieved by an
algorithm, S represents the subset of documents in R which
are already selected, D; and D; are retrieved documents,
and Sim; and Sim; are similarity functions. The smaller A

becomes, the diversity of outcomes increases.

5.2 Sentence-BERT

Siamese Neural Networks [30] consist of two neural
networks trained with the same weights. These weights
are trained on two different input vectors. Reimers and
Gurevych proposed Siamese BERT Network and implement-
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Topic: Homeschooling should be banned

Key Point: Parents should be permitted to choose the education of their children

E)

Arguments

a parent knows best what is good for their kid

2 || home schooling is a good alternative for many. it is economical, safe and and a better environment

for some children. parents have a right to choose what is best for their child.

27 || the parents should be allowed to home school their kids if that’s their choice.

28 || this is a free country, people have the right to homeschool their children

Table 2: Example of a key point describing a set of arguments on a given topic

ed it as Sentence-BERT! (SBERT for short) [14] trained
on Natural Language Inference (NLI), SNLI and MultiNLI
datasets, in order to create universal sentence embeddings.
Following the original Sentence-BERT [14], we use mean-
pooling model.

There are other kinds of Sentence-BERT models, i.e.
Sentence-BERT-STSb. SBERT-STSb model is also men-
tioned in the same work [14]. These models are first fine-
tuned on the AIINLI dataset, then on the train set of STS
benchmark. With this fine-tuning phrase of training pro-
cess, SBERT-STSb is well suited for measuring semantic
textual similarity.

In our proposed model for Argument Summarization,
we adopt Sentence-BERT-large model because our previous

work shows this model is the best performing one.

5.3 Our Proposed Method

First, we set the parameters and input texts as below.
The smaller A becomes, the diversity of outcomes increases,
therefore we set A to 1. Using cosine similarity for the simi-
larity functions, we compute MMR score between an argu-
ment Arg and a key point KP. In our method, MMR score
is calculated with the following Equation (2):

MMR = arg max{cosy;,(Arg;, KP)}, 2)
ArgicA\K

where A is the set of candidate arguments, and K is the
set of extracted key points. A key point KP is the label
for our dataset, therefore we average the embeddings of
the input arguments, and adopt the averaged embeddings
instead of KP. In order to obtain MMR score, Bennani-
Smires et al. [26] computed embeddings of documents with
Doc2vec and Sent2Vec. In our Argument Summarization,

we use Sentence-BERT-large, which is the best perform-

I'We use Sentence-BERT model available at https://github.com/
UKPLab/sentence-transformers

| RI | RL | BERT |

LexRank 0.126 | 0.126 | 0.872
TextRank 0.126 | 0.118 | 0.880
EmbedRank

0.102 | 0.101 | 0.868
w/ Doc2Vec
EmbedRank

0.132 | 0.131 | 0.879
w/ SBERT-large

Table 3: F1 score of ROUGE-1, ROUGE-L and

BERTScore results of argument summarization.
R1, RL, BERT refer to ROUGE-1, ROUGE-L,
and BERTScore, respectively.

ing Match Scoring embedding method, in addition to these
methods. This is because Bennani-Smires et al. [26] used
EmbedRank for documents, e.g. the Inspec dataset, and
NUS, whereas our target is [key point, arguments] pair groups,
As the

Sentence-BERT achieves highest scores in many downstream

which in most cases include only one sentence.

tasks [14], we decided to adopt it. For comparison, we also
compute the summarization evaluation scores with Doc2vec-
based EmbedRank?. The parameter key size is set up to 1 in

order to obtain the highest ranked argument.

6 Evaluation Results

Table 3 shows comparison of ROUGE scores and BERT-
Score for various Argument Summarization methods evalu-
ated on the test data. As shown in Table 3, our method,
Sentence-BERT-based EmbedRank, exceeds classical meth-
ods considering ROUGE scores, however our approach achieves
almost the same BERTScore as TextRank. This means we

cannot claim that our method yields a significant differ-

>We use the pre-trained Doc2vec model trained on the English
Wikipedia corpus. This model is available at https://github.com/
jhlau/doc2vec.
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ence from other methods. Regarding the usage of Sentence-

BERT, we can say it is efficient for Argument Summariza-

tion in addition to Argument Scoring because the results of

Sentence-BERT-based EmbedRank are superior to Doc2vec-
based one except for precision of ROUGE-1.

The reason of the small values for ROUGE-1 and ROUGE-

L is that there are some cases that several output arguments
have the same meaning to the key point (reference) but only
few overlapping words between the key point and those ar-

guments.

7 Error Analysis

As can be observed from Table 4, BERTScore in our
method shown in Table 4 is lower than others. However,
an argument extracted by Doc2vec-based method (see Ta-
ble 2) seems to contain another semantic opinion, i.e. it is
labelled as similar to two key points: “Homeschools can be
personalized to the child’s pace/needs” and “Homeschool-
ing is often the best option for catering for the needs of ex-
ceptional/religious/ill/disabled students.” Even BERTScore
cannot evaluate such complex texts, so we should consider
introducing the human evaluation. This problem may have
negative impact not only on evaluation, but also on extrac-
tion. To avoid these cases, we consider working on argu-

ment facets in the near future.

8 Conclusion

Our work is the first attempt to summarize arguments
to one key point. We proposed a new task Argument Sum-
marization, whose purpose is to generate a key point from
a set of similar arguments.

For the first step of such key point generation, we fo-
cused on the existing task, Match Scoring, and our previous
work [13] which showed that Sentence-BERT-large is the
best embedding model for the ArgKP dataset [12]. Then,
we utilized Sentence-BERT-large model to Argument Sum-
marization. We utilized the ArgKP dataset for Argument
Summarization task, and extracted a key argument using
classical but widely used methods, i.e. LexRank and Tex-
tRank. In addition to the standard methods, we also applied
Sentence-BERT-based EmbedRank to the Argument Sum-
marization task. We also used Doc2vec-based EmbedRank
for comparison. As a result, Sentence-BERT-based Em-
bedRank did not show significant improvement, however
Sentence-BERT-based method outperformed Doc2vec-based
one. For the future work, we will resolve a problem of ar-
guments with two or more opinions, as they negatively in-

fluenced our results.

Finally, we plan to add the scores, which measure argu-
ment persuasiveness, to the MMR score described by Equa-
tion (2). Whether or not the extracted arguments are suffi-
ciently persuasive is directly related to the impression we
get from them. If the argument is not persuasive enough,
debate audience will not be convinced. However, if the op-
posite is true, they will be convinced. For this reason, we
are working on scores for measuring an argument persua-
siveness according to our previous research on debate out-

come prediction [15].
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Abstract There might be hundreds of arguments for a single debate topic. and it is usually difficult to read them
all. Therefore, some of the existing studies have attempted to summarize and aggregate these arguments man-
ually into about 14 types of content (key point) in order to make them easier to understand. Some researchers
pair key points with arguments and use BERT to identify whether an argument and a key point are matching
or not. However, the previous study averaged word vectors to compute sentence vectors, which resulted in the
unbalance of important word information. This means that the important words should be weighted more than
other words, but the previous study does not consider about that. To solve this problem, we implemented a sen-
tence embedding model called Sentence-BERT, which is fine-tuned on NLI dataset with BERT. The results are
better than the existing SOTA method, i.e. BERT. Furthermore, to compare each words between two sentences,
we introduce MoverScore, which yield the best results.

Keywords Natural Language Processing, Argument Mining, Sentence-BERT, MoverScore, Debates

1 Introduction

Arguments in debates or discussions are broadly stud-
ied in NLP area [1, 2]. Research field related to arguments
is called argument mining, and this field has been increas-
ingly famous in this ten years. In argument mining, we
basically extract the argument structures from unstructured
texts or utterances [3]. These attempts for detecting argu-
ment components (e.g. claims, premises) have been clari-
fying where an author (or a speaker) mainly claims, where
is an evidence for their claim, and where they show an ex-
ample for their argument. Nowadays, researchers are get-
ting better at distinguishing above-mentioned components,
therefore targets of the area of argument mining are grad-
ually moved on to different topics. Argument mining re-
searchers have focused on predicting persuasiveness of an
argument [4, 5], filling gaps between claims [6, 7], and pre-
dicting argument stance (pro/con) [8, 9]. These works have
benefited from enormous amount of argument data from de-
bates, discussions, speeches, or essays.

However, studies on aggregating such numerous argu-
ments seem to be neglected. Numerous arguments make it
hard to know which argument is better to read. Although
there are various and numerous studies in the field of argu-

ment mining, no method will be practical if users cannot

Copyright is held by the author(s).
The article has been published without reviewing.

find accurate opinions for their debating topic. We have to
narrow down the target argument, i.e. summarize a lot of
arguments into one core argument. To address this prob-
lem, we also need plentiful arguments, and a new question
arises; how to gather arguments? There are typically two
approaches to aggregating arguments; one way is to retrieve
them from online debate resources (like iDebate or Creat-
eDebate), another is to gather arguments from debate spec-
tators who express their opinions [2]. Using both methods,
the number of gathered arguments in a single debate topic
often exceed hundreds or more. To avoid laborious trouble,
reading through such amounts of text, one need to work on
summarizing arguments.

In order to address this problem, Reimers et al. [10] use
capabilities of contextualized word embeddings of ELMo
[11] and BERT [12] to classify and cluster topic-dependent
arguments from Argument Facet Similarity Corpus [13].
They clustered related arguments, however they did not gen-
erate summaries of arguments. This problem is mentioned
in Bar-Haim et al. [14], who defined the key point: usu-
ally single sentence describing a set of similar arguments,
i.e. a summary of arguments. A large dataset consisting
of [argument, key point] pairs is generated. Next, two ex-
perimental steps are conducted: Match Scoring and Match
Classification. In Match Scoring, a match score for a given

[argument, key point] pair is computed, (see Table 1, which
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Topic: Homeschooling should be banned

Arguments Key Points H Stance ‘ Match ‘
education at home could represent a risk Homeschools cannot be { 1
since it is not regulated regulated/standardized
a parent knows best Parents should be permitted to choose 1 0
what is good for their kid the education of their children

Table 1: Example of [argument, key point] pairs for a given topic. Stance and Match refer to pro (1) or con (-1), and the

same meaning (1) or not (0), respectively.

shows examples of the dataset for Match Scoring, named
ArgKP). In Match Classification, their methods discover
matching key points for each argument. For these tasks,
they describe that BERT-large [12] fine-tuned model is achiev-
ing the best results in supervised learning, and a BERT-
large embedding method is the best among unsupervised
methods. Although Bar-Haim et al. claim that their re-
search utilizes argument summarization, only the relevance
between key points and arguments is calculated, which means
their both experiments are almost identical to the above-
mentioned research of Reimers et al. [10]. Furthermore,
for Match Scoring and Match Classification, creating key
points is necessary beforehand. This indicates that their
methods cannot be used with new debate topics for which
key points do not exist.

The mapping step is useful when generating key point
from a set of arguments. Match Scoring, which is explained
above, judges whether a given argument and a given key
point are related or not. Following this Match Scoring step,
it is possible to create a set of arguments for generating a
key point.

In this paper, we address the Match Scoring task for
key point generation with the ArgKP dataset [14], which
is explained in Section 3.2. We assume that the important
factor for summarizing large number of arguments into one
key point is to map an argument to key points, not to se-
lect a key point from one argument. Therefore, we adopt
the Match Scoring, not the Match Classification, for our
target task in this paper. The previous research [14] exper-
imented with both supervised and unsupervised methods,
however we tackle the task with unsupervised approach be-
cause the size of the data is too small when we utilize the
ArgKP dataset for key point generation. The previous unsu-
pervised approaches only averaged word vectors for com-
puting a sentence vector, so that the weight of important
word information is identical with other words during sen-

tence vector calculation. To address this problem, we try

to solve it applying two methods: Sentence-BERT [15] and
MoverScore [16]. We hypothesize that sentence embedding
models could be a good solution to represent a whole sen-
tence in a vector, and that output vector will not be able to
represent significant words in an argument. Therefore, we
utilize variations of Sentence-BERT model, which is fine-
tuned with NLI dataset and is able to represent sentence em-
beddings. We also utilize MoverScore, a metric to measure
text similarity using Word Mover’s Distance [17] in order
to calculate similarity between an argument and a key point
on the word level. To the best of authors’ knowledge, this
is the first attempt to address the important word problem
with sentence embedding models and MoverScore metric
for the Match Scoring task.
The main contributions of this article are:

1. Pointing out that existing methods which average word
embeddings to compute sentence embeddings, can-

not weight important word words in an argument;

2. Applying two methods to put more weight on sig-
nificant words and less on non-significant words, i.e.
Sentence-BERT and MoverScore;

3. Experimentally proving that both Sentence-BERT and
MoverScore methods outperform the existing unsu-
pervised methods, and the MoverScore approach yield
the best result.

2 Related Works

This section describes works related to this study. First
section explains the history of the field, and similar topics in
the area of argument mining. The second section presents

approaches to measure text similarity.

2.1 Argument Mining
Argument mining has started with researchers working
on argument components [3] for debates, discussions or stu-

dent essays. After argument structure had been gradually
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solved, several researchers began to work on argument per-
suasiveness [4] or persuasiveness of the whole debate [18]
in order to generate more convincing arguments. Stance
prediction is also active research topic on argument min-
ing. Several works estimate whether a given argument is
following a given debate topic or not (pro/con) [8, 9]. In or-
der to conduct research on arguments from several perspec-
tives, various large argument datasets have been recently
created [19, 20]. Stab et al. [19] also focus on retriev-
ing arguments from different sources. Their dataset covers
about 90% of arguments found in expert-curated lists of ar-
guments from an online debate portal. Similarly, ArgKP
dataset conducted by Bar-Haim et al. [14] also indicates
high agreement between expert dataset (key point list) and
arguments, achieving Cohen’s kappa=0.82.

More recently, Misra et al. [13] attempt to measure a
similarity of arguments in debate portal. They provide Ar-
gument Facet Similarity Corpus. The purpose of their work
is to identify whether an argument has the same facets as
other arguments in across multiple conversations. Several
researchers are following their topic with logical rules or
contextual embedding models [21, 22]. These works are
similar to mapping arguments to key points, but they do
not calculate similarity between a facet and an argument.
Moreover, they do not clarify key points, and in this aspect,
their work clearly differs from ours.

As for mapping arguments to key points, i.e. Match
Scoring and Match Classification tasks, existing works [23,
14] can be given as most known examples. Boltuzi¢ and
Snajder [23] implement argument clustering. They map ar-
guments derived from one online debate portal (ProCon) to
arguments of other portal (iDebate). However, they create
only two debate topics with less than 400 arguments. Bar-
Haim et al. [14] make a massive dataset including pairs of
an argument and a key point labelled with relevancy. They
also propose Match Scoring and Match Classification as the

first steps to summarize arguments.

2.2 Text Similarity

NLP researchers recently utilize vectors of words / doc-
uments for measuring similarity between texts. Today, we
usually compute word vectors with word embedding, sen-
tence embedding, or language models. One of the most
well-known algorithms, word2vec [24] is a pre-trained skip-
gram or Continuous Bag-of-Words (CBOW) model to rep-
resent words as vectors. Following the pre-trained word
embedding models, sentence / document embedding mod-

els have been also developed. For example, Skip-Thought

Vector [25] is based on a sentence encoder that predicts the
surrounding sentences of a given sentence. Skip-Thought
is based on an encoder-decoder model, its encoder maps
words to a sentence vector and its decoder generates the sur-
rounding sentences. Sentence Transformers [15] are sen-
tence embedding models for English texts based on siamese
/ triplet networks [26, 27]. They insert language models
(like BERT [12]) into the network of siamese / triplet net-
works. They call BERT-based siamese / triplet networks as
“Sentence-BERT.”

There are also some other methods to compute text
similarity. Word Mover’s Distance [17] algorithm calcu-
lates the distance between texts with word2vec, which in-
troduces Earth Mover’s Distance [28] into NLP field. In-
spired by Word Mover’s Distance, Zhao et al. [16] investi-
gate encoding systems to devise a metric that shows a high
correlation with human judgment of text quality in sum-
marization or machine translation tasks. They name their
metric MoverScore, whose details are described in Section
5.3.

Our proposed methods are based on Sentence-BERT

and MoverScore, which are described above.

3 Experimental Setup
In this section, we describe the preparation for Match
Scoring task; the task setting, and the data for our experi-

ments.

3.1 Match Scoring

In Match Scoring, we map arguments to a key point
which may have similar meaning to them, and compute a
match score for [argument, key point] pairs. As examples of
matching and not matching pairs, in Table 1, we show pairs,
their stance to a given topic, and the manually annotated
matching label. We try to identify exactly whether such
arguments and key points are similar or not. We evaluate

match scores with accuracy, precision, recall, and F1.

3.2 Data

We utilize ArgKP dataset [14] for Match Scoring. This
dataset consists of about 24,000 [argument, key point] pairs
which are labeled as follows; (1) whether an argument and a
key point describe the same content or not; and (2) whether
an argument represents pro side or con side. To the best of
authors’ knowledge, ArgKP is the largest dataset usable for
the Match Scoring. Tt is based on IBM-Rank-30k dataset
[29] which contains 30,497 arguments annotated for their
quality. Using the quality-indicating labels, Bar-Haim et
al. [14] filter out unclear arguments whose quality score is
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lower than 0.5 or polarity score is lower than 0.6. After the
arguments are filtered, they generate key points, and pair
an argument with a key point. They annotate a [argument,
key point] pair with the label whether they are similar to
each other or not. For each stance in one topic, 6.75 key
points were generated on average, and there are 378 key
points in total. With 24,000 [argument, key point] pairs in
ArgKP dataset, we divide the dataset into 7 test topics and
21 train topics, following experimental setup of the previ-

ous research [14].

4 Baseline Methods

For Match Scoring task, we adopt BERT-based and Word-

2Vec with WMD methods for comparing with our proposed

approaches described in the Section 5.

4.1 BERT-large Fine-tuned

Bar-Haim et al. experimentally showed that fine-tuned
BERT-large model yielded the best score in the several su-
pervised methods [14]. Note that their approach is super-

vised, unlike the others.

4.2 BERT-large Embedding

For comparison with other unsupervised approaches,
we choose BERT-large [12] as the SOTA system for Match
Scoring [14]. When we embed an argument and a key point
using BERT-large, we examine averaged word embeddings
as their embeddings. If the cosine similarity between an ar-
gument and a key point is above a threshold decided with

the train data, the methods regard the pair as relevant.

4.3 Word2Vec without WMD

When we embed an argument and a key point using
Word2Vec, we examine averaged word embeddings as sen-
tence embeddings. If the cosine similarity between an ar-
gument and a key point is above a threshold decided with

the train data, the methods regard the pair as relevant.

4.4 Word2Vec with WMD

We experiment with Word Mover’s Distance (WMD)
[17] to compare with MoverScore-based method. We com-
pute distance between an argument and a key point with
WMD. If the dissimilarity between an argument and a key
point is BELOW a threshold decided with the train data, the

methods regard the pair as relevant.

S Proposed Methods

This section describes our proposed methods for Match
Scoring task, i.e. Sentence-BERT, Sentence-BERT fine-
tuned on STS benchmarks, and MoverScore approaches.

All thresholds for similarity function are acquired from the

train data for each method. The detailed way to decide

thresholds is following;

1. Calculating F1 score for the positive (matching) class
for each threshold by clustering the train data;

2. Obtaining the thresholds which maximize the F1 score

for the train data.

As aresult, the thresholds of Sentence-BERT-base, Sentence-
BERT-large, Sentence-BERT-STSb-base, Sentence-BERT-
STSb-large, and MoverScore are 0.64, 0.71, 0.58, 0.56, and
0.12 respectively.

5.1 SBERT

Siamese Neural Networks [30] consist of two neural
networks trained with the same weights. These weights
are trained on two different input vectors. Reimers and
Gurevych [15] proposed Siamese BERT Network and im-
plemented it as Sentence-BERT! (SBERT for short) trained
on Natural Language Inference (NLI), SNLI and MultiNLI
datasets, in order to create universal sentence embeddings.
Following the original Sentence-BERT, we use the mean-
pooling model.

5.2 SBERT-STSb

SBERT-STSb model is also proposed in [15]. These
models are first fine-tuned on the AIINLI dataset, then on
the train set of STS benchmark. With this fine-tuning phrase
of training process, SBERT-STSb is well suited for measur-

ing semantic textual similarity.

5.3 MoverScore

MoverScore [16] is a robust evaluation metric to eval-
uate summarization or machine translation tasks. We adopt
this scoring metric to calculate similarity between an ar-
gument and a key point for calculating distances between
words in each sentence. MoverScore is based on WMD
or Sentence Mover’s Distance (SMD) [31]. To measure
semantic distance, n-gram (n=1, 2) is utilized in addition
to word distances. For embedding model calculating word
distances, Word2Vec, ELMo, and BERT-base are adopted.
BERT-base is fine-tuned on one among following datasets:
MNLI, QANLI, or QQP. Furthermore, the word represen-
tations from ELMo and BERT-base are aggregated with
Power Means or Routing Mechanism. ELMo and BERT
output different vectors from each layer, therefore they ag-
gregate vectors (all three layers for ELMo, and the final five
layers for BERT-base).

'we use Sentence-BERT model
https://github.com/UKPLab/sentence-transformers

available at
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| Acc| P | R | FI |
BERT-
large 0.868 | 0.685 | 0.688 | 0.684
Fine-tuned [14]
BERT-large
0.660 | 0.319 | 0.550 | 0.403
Embedding [14]
Word2Vec
0.670 | 0.290 | 0.501 | 0.368
wjo WMD
Word2Ve
oraevee 0493 | 0218 | 0.635 | 0.324
w/ WMD
SBERT-base 0682 | 0317 | 0571 | 0.408
SBERT-large 0.728 | 0.354 | 0.513 | 0.419
SBERT-STSb-base || 0.713 | 0.341 | 0.538 | 0.418
SBERT-STSh-large || 0.706 | 0.335 | 0.544 | 0.415
MoverScore 0.747 | 0.388 | 0.554 | 0.457

Table 2: Results of each clustering embedding method.
Acc, P, and R refer to accuracy, precision, and re-

call, respectively.

We use the best metric for summarization tasks given
in [16], i.e. uni-gram, BERT-base, MNLI, Power Means,
and WMD, for our proposed method.

6 Evaluation Results

The results of accuracy, precision, recall, and F1 score
on the test dataset are shown in Table 2. These are results of
experiments with the test data using thresholds learned from
the train data. As shown in Table 2, SBERT-large achieves
higher scores in accuracy, precision, and recall than exist-
ing unsupervised SOTA, i.e. BERT Embedding. While
SBERT-large achieves a relatively good score, versions of
SBERT-STSb do not exceed SBERT-1arge even though they
have been reported as having superior capability for mea-
suring semantic similarity [15]. For this reason, before the
experiment, we assumed that SBERT-STSb would exceed
SBERT score. STS benchmark and other NLI datasets con-
tain daily conversation-like data. Our intuition is that such
data might be unsuitable for debate topics. In future, debate
or argument-oriented BERT model could be used instead of
the standard BERT [20].

In addition to SBERT, MoverScore yields the best scores
except recall. MoverScore relies on soft-alignment (many-
to-one), so it allows to map semantically related words in
one text to the respective word in another text. This is, in
our opinion, why the MoverScore performed the best. Re-
garding recall score, the problem seems to lay in the dataset

bias. As we have already mentioned in Section 3.2, more

non-matching data exist than matching ones. This is most
probably the reason why the recall value in Word2Vec with
WMD is higher than that in MoverScore.

7 Error Analysis

Within the topic “We should ban the use of child ac-
tors,” argument “the use of child actors exploits a child and
can have negative effects on them” and key point “Being
a performer harms the child’s education” represent differ-
ent content. However, the similarity between them is high
(0.9140). The reason for this may be that both of sentences
describe negative effects on child actors, so the method in-
correctly classified them as representing the same content.
Both argue the negative effects, but from different facets. It
can be assumed that our model will obtain better results if it
can identify the difference from a perspective of detecting a
different facet of a discussed problem. This problem occurs
in both of our methods, SBERT and MoverScore. We plan

to treat it in near future.

8 Conclusion

Our work is focused on the existing task, Match Scor-
ing for the first step toward key point generation. We point
out that the existing methods, averaging word embeddings

to compute sentence embeddings, cannot weight important

words in an argument, therefore we propose to utilize Sentence-

BERT model and MoverScore metric for the task, and both
of our approaches outperformed the state of the art system
(BERT-large) on the ArgKP dataset [14]. This could be due
to the fact that our methods weight important words which
is not done in other studies. From these results, we can say
the sentence embedding models and NLI dataset, which is
used for fine-tuning / training Sentence-BERT and Mover-
Score metric, are useful for the Match Scoring task, so we
plan to utilize other sentence transformers, like Sentence-
RoBERTa which is also fine-tuned on NLI dataset, to im-
prove our results. MoverScore is based on Word Mover’s
Distance, which means word significance treats A and word
meaning as the same vactor. To solve this problem, we are
going to introduce Word Rotator’s Distance, which can rep-
resent the importance and the meaning separately.

For the next step, we will attempt to generate key points
from argument set as mentioned in Section 1. We plan to
use Maximal Marginal Relevance (MMR), which can iden-
tify important words in texts, for summarizing arguments

in order to generate key points.
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TRty hEAWVTIHET 5.
41 KAKENF—%+twv k
KAKEN 7—& ¥ v h OWZERED & Fawfses v
N =2 BT S 20T Xty b EMHT S

- 103 -



Proceedings of ARG WI2

F1ERTHVAIHEE Y T — 2 ORE
BHLRLERE  WIZSifEsk  / — N8l Ty VK
PR 2001 — 2014 140,063 145,045 275,751
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ROMEF%E 7 > & DL S BFEIHOBGZREE RS ¥
WK S EH LT word2veec DFEEIZIE python DT 4
721 TdH 5 gensim (ver.3.8.3)1VF W=, NFX—
2%, XKouEe 100 ZXoT, 74 ¥ Ko 4 X% 8 High,
2278 epoch 8% 100 ICRE L7z, MASEREDGEIEE 7
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7V 7F 522k HEHSMNE Web BRI L)
OINEINXELE Fv 77 NG IN-EBEERS
CEMTESL., Fie, VI TOYA FORRATSC
CIZED, FEOZ—FIHRELIF Yy T 7 XDA TR
NE{RDR—D FFIERREL 72 5.

7 EER

ARETIE, Fx 77 XROMEREROMRE L RICEH
L7IREZITS Z sk b, Bl v 77 X OMED
AIRETH 2 2 EEIC X D FE 3 5. EFETIE, Lido
TR L AT 22— IHHALTHSHS 2
WEDF T2 XBBOEMEZEEL 2. EERiH &
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