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R4 7%ty MM
Hus Node ¥ WHIfR¥ MREQHMA FEE ORI
Rz —Jil 597 978  35.656250  139.740625
35.660417  139.746875
FUETBURLI 646 1,069  34.985417  135.756250
34.989583  135.762500

4.5 TAIRLBEROER

4.4 FiOFERETCIC, EIRHES EIHDEE 2B 3.

BN, B XU —AU0BERRRNRE. EFRe
Kol W AT —FIIZK 3 2RI TWS., Al s
BE, K5 icRINT NS, Al LRSS 2 £ 3% Bk
I2iE, 7'V v FATIEE X Wz S E X 161
N OEEHEE 7Y v ROEOREIRENATND. HE
27— ORI T, Fe LT, 308D L ki
DRERPBET LN, FIEX Y —JEATIE, 5 O0H
BCHEEEHE L <, 3 O DHUS TEIEEHE LV 2w S S
Hickho7-.

X 5 OO DHIHTILE X MR OFI % K 7127
T OBOHEIBZ, KHIROERTH 2. 2 BHRDOERKT
HH, PIFROERNIZAH LBV LRI 725
TWs. MY IVIROIEEN OfEA 32 TH D, #Hix
DAEGIER Y WOFERICKR 72, NDEIEL 2ol
ERe LT, HEPROHBHEIET LN, EIGER
D7z, HERHROTELRATIC BB EEE R - T

X 5 HE &Y —JEl

WEDRGN5. RIES LBARWED, @ QYA b
Y IVIRBRICEBE >TW5Db N OEDREL oz
R LTHETFLNS.

B 5 D) DM TIVE S Nz BifRDHI %2 X 8 127~
T @QBOHEIGI, HELXTV—@) OEETHS. 1 H
MOBEHTH D, EEERNCHTEZ Y —H—EE > T\
3. PUIVIHBOIBEN OEA 24 TH D, HiZT 3
DDLU VERHR WS Z 21225, N OEPMEL otz

-4 -




Proceedings of ARG WI2

X 6 HLHARERE

FERE LT, HEEHOE DL, BRICEYR 1D
BN eNBEIFons. F/z, 1 HEDOR@EL DEWE
BT, MiZEZEHHHICED, X5ICZDHIEESH
FENIEATLES ZeNFEIFoN 5.

X 5 OE)FHEDHIR TINVE XN EB DA Z K 9 1Tk
T @OFOHEIRE, ARICEZH—TOEIETHS. b
V32U OHBROIEREN OfEIX 20 TH Y, EEHENRSI2E
FrwHIRERICkR o7z, FEINCIE, ARk —7
EIESHE LW EZ S5NS. N OENREL Lo 2H A
LT, RIS LRI, MY 2 Y Z7BRomEIcEY»
BREES>TLE>/zZeBFEFons. BUrdihng
BRETIE, N OMHEMEL REA[REEDH D, SHOM
Y L7zw.

7 (D O CIUE X AL Ei&

R EBEREL DE L H RN 5. HEEIR 725 75
HERELL OFFZX 4 1IC RSN TW S, AL R,
6lcRINT WS, FUEBRELL T, FrER L L TIXE
B XN EESERDSZ N e IT NS, ERER
¥ LT, HHEEVEITIE, 2 00 TEENAS TH
D, 4 DDOHITEIIHE L Ve WS FERICR - 7.

X 6 D @) DI TIVEE X Nz EROF% K 10 127K
T @OFOEIRIE, FEBRICORA B FiE L DBV
HARDOMEHTH B, Y I 7HBOFEEN OfEid 29 T

M 8 @F DU TINE 7= HHR DB

)19 (@)% HIH CUE & L7 Eifg o i

HY, EEAEZLER L WS RIS 72, N OfED
L R ER e LT, ROWEREZE 2 EEOHEED
BolzeFEFonsd., £/, AESLHARWI LT,
HROBYNET-Z e REBERE LTHEIFONS.
B 6 D) DMK TIVER X N EROHIZ K 11 127
T OFDOHEIGZ, HRIED 2NN HERORVER T
H3. M) IUIHEOIEEN OfEN 16 TH D, Eigh
HUWER Y WOIRERICR o2, N OEMEL o728
R LT, ARHEHEDEBRIZE > TOWRWIZ BT
b5, EEIEL, bY I IKRICH, WEloEY
RELES>TWAIZEDERE LTEITLN 5.
IVERER O 5, BEEZITS. FHENIEL R
2ERE LT, HEHESEROBYLETONS. 20
SIXEBEMRO BES LORWEB TRELSLTVEE
ZAbNd. T, FRTHNY IV Z%fF5 20T, REE
5L DX WVERE BEWERRTOEWS, Eo%h BN
ZHREMEDS D 2 Z e Ao Tz, —fRICKEWIER D
B, NEVEE XD S, FBHNGEIZ LTV EEZD
N30, ZOMRIIZYTHIEEZOND. h—T
P ENE, PRAINREE L X YA IERIER A L X D FEK
MREVWEEZ NS0, PBHINZH L X722 HH
L7256, SR EEEDET 200D H 5.

5 FLHESRODFE

AT, EEFH OB IICRERD STV L
WZHE B U7 E iR S LRl 2 MR L7z, %7z, Open-
StreetMap DB D Node %#7TIZ, Google Street View
% N TR 7SRl R 2 R L. 202 W,

-5 -



WebA YTV REAVRZ I a VIAREFRE

10 @ DHUHTIVE S MR DB

11 ®FEFOHUHTIVE S =R DB

FFE DHUIRDES L DO#E L X 2 AL L, EEEfTo 7
HREPRTNY I VI LESS, T—XEy b7
> — MR & OEBEMADHR < 72 D, spectral-eigenSR
ETNVEHEN ZHW5E12-0.6160 DHB 2R L7z,
AIREREROMER LT, RES Lo RBWER CIlREH R
WESTHD, RIES LOEWER CIHERI LV
WHRERIZR o7, 2, FRFENCE DO W EEL D HE L
LuEPolztedThHhBeEZLNS. —RIZ, h—T 7k
ORI L XPEWEEZ SN 5EKTIX, RA
728 L X 2 A OFEENBREICRD EEZBNS T
8, SHEOBEY Lz,

fliOFE L LTI, FlREREGRORE XZHFHNS
BT oND. AWIETIE, HEHfRENE 98pixel,
187pixel IZ bV I ¥ 7 L7=. 5N OMBIEA A E L7
2, T5HE A OMHBIEIZ T2 > T L E o7, EinE O
NEDORER2 &, AEOEBNWERTHD, EEMN
WKRTZ LWV, ZAUSIBET 2588 LT, tHE
HoUEDFEIT LN, — B2 0.7 B/ X 255, B
HBEERICH 2 L XN b0, FEOLENILEENS.
IO L 1%, AMOFBIC X 2ERD KE L, AR
EICHRELSEHREND. 2D, BUHEE 31Tk
RETHI9E %2175 Z T, tHEEOM EARAEh S, &K
o TlE, —EFHEHOADRHILE 7257223, AL
HPHZ AT 5 2 & T, BRI O 5 AL E iR
HOBERIEITONZAREND D 5.

AWK, JSPS BHfF# 20K12081, Fff~<H o X ¥
N 2 7 — VRGeS R ER SRR T (4
F07) FREBVERVIFERSRICE 2.

BE X

1] MEE A CCSERGE O£y 2 —, “ NFY AR IR
ELCOERERER I TOR”, £ ZVEL YT+ RA—
> a ¥, No.33, 2001

[2] Skurowski, Przemyslaw, and Marcin Paszkuta.:
Saliency map based analysis for prediction of car
driving difficulty in Google street view scenes. AIP
Conference Proceedings. Vol.1978. No. 1. p. 110003,
2018

[3] Chi Zhang, Yuehu Liu, Qilin Zhang, et al.: A graded
offline evaluation framework for intelligent vehicle ’
s cognitive ability. IEEE Intelligent Vehicles Sympo-
sium (IV). pp. 320-325, 2018.

[4] Yuji Takeda, Kazuya Inoue, Motohiro Kimura, et
al.: Electrophysiological assessment of driving plea-
sure and difficulty using a task-irrelevant probe tech-
nique. Biological Psychology Volume 120 pp. 137-
141, 2016

[5] Cian Ryan, Finbarr Murphy, Martin Mullins: Spa-
tial risk modelling of behavioural hotspots: Risk-
aware path planning for autonomous vehicles. Trans-
portation Research Part A 134, pp. 152-163, 2020

[6] Jiangiang Wanga, Yang Zhenga, Xiaofei Lia, et al.:
Driving risk assessment using near-crash database
through data mining of tree-based model. Accident
Analysis and Prevention 84, pp. 54-64, 2015

[7] Frintrop, Simone, Erich Rome,, et al.: Computa-
tional visual attention systems and their cognitive
foundations: A survey. ACM Transactions on Ap-
plied Perception (TAP) 7.1 pp. 1-39. 2010

8] =HFIE: EERIGEICB T 2 HENTE) - REKES)
DRET & 2R -, RICRFEANBIRFEEALE, Vol.3,
pp-253-289. 1979

[9] Nakayasu, H., Seya, Y., Miyoshi, T., Keren, et al.:
Measurement of visual attention and useful field of
view during driving tasks using a driving simulator.
Proceedings of the 2007 Mid-Continent Transporta-
tion Research Symposium. 2007

[10] Miltenburg, P. and Kuiken M.: The effect of driv-
ing experience on visual search strategies: Results of
a laboratory experiment, University of Groningen,
Haren. 1990

[11] Koch, C. and Ullman, S. : Shifts in selective visual
attention: towards the underlying neural circuitry.
Human Neurobiology 4, 4,pp. 219-227. 1985

[12] Hou, Xiaodi, and Liging Zhang.: Saliency detection:
A spectral residual approach. IEEE Conference on
computer vision and pattern recognition. 2007

[13] Guo, Chenlei, Qi Ma, and Liming Zhang.: Spatio-
temporal saliency detection using phase spectrum of
quaternion fourier transform. IEEE Conference on
Computer Vision and Pattern Recognition. IEEE,
2008.

[14] Schauerte, Boris, and Rainer Stiefelhagen.:
Quaternion-based  spectral saliency detection
for eye fixation prediction. European Conference on
Computer Vision. 2012.



ARG WI2 No.16, 2020
WI2-2020-02

SNS Z#| A L 7c BB OFHE L CHRE OB/ UED DR

IR U % NI QLA

R RER e )]

PRI FRABES AT L7 H A VIFTRHEIREI A 1t BB RSB LA

it BERRE BT B REREB D DO < D R

T HEERL KRGS R T 57 A Y 5EER)

a) liu-hancong@ed.tmu.ac.jp b) tetsuya.araki@gunma-u.ac.jp c) endou@uitec.ac.jp d) ishikawa-hiroshi@tmu.ac.jp

BIE  SNS NOEMEOHIIE, KMEDEBRIIT o RO FESLEE R Y, ARRIERNIFEET 2. LiL,
SNS ITIIERIZ B OB D 5. ZD7z8h, SNS ZHHI L7 Bkt A OB O FE RS D & 2 BleH R+
DL E L V. SNS ZBUEADO DA, TITE, BOGICET 2 BUIREREHE ST 2 AN ETH 5.
AHFFETIE SNS LOFBHEPMEICHFTEIhTwa 27, MEFRZE OEHRe AL, BOH Z L IcRi#E 2 h
95, £, ZhoZ2FAL, HIRMEOMELEZ DTS 5. BN, Word2Vec Z{EH L THIRZ L 12X
JORHBEZME L, REENY PAVRART5. 2huckd, HIBMOBLIEDERZST 2 N TES. %
72, VGG16 2l L THRIRFHEZ LML, HLUEOSWBDEZRER T2 FEE2RET 5.

*—7J—R Flickr, %7, BEIE®R

1 ELC®IC

AR, SNS DRI kD, HiE OB GBI T
ZRERIERE FICANDE B TEDS XS0,
ZFOHNCIE, BOEEIFEBICHAR L 228 w3 2
M, BPoREER, §Hl, Ny a7, ([EF
Wiy, BRICIIREA RARZIERPFIEL TS, T
o DWMEDBREE Z 1d SHRAITICH T 2 ADITENC
WEREZ 20REENH B, L L, SNSIZIX, Kk
THHMOTEET 5. SNS ZBHOSHEIC L TV AHEDEHIC
Yo TX, HOMAD M - BEHTH 2%, SNS %
FAWTHIT 2 Z 2 i3 —fRicELwe &2 575, SNS
OHTHEEOIFEHNE LizaIa=T 4 v 7Y
A FTH 2 Flickr' 2 EH X TW3S. Flickr TlEifEd
W7y FUEFEIZAMRIC 127 2INEF—7—
FEMIZZeDNTES. ChoE T2 T, fi
DL—YP =X ITEBELI-aIa=T4 2R TEIE
MTER. XZERHWS Z LT, BOCEIH- ITE
H7% Flickr FCHEM - 98 - BRT 2135, RAISHA
PHELTHEWIaX Y M 2EERADI LI TED.

AW TIZZ Z%AF LT, BB oBE %
175, Fiz, BUOOHMOREE RIS 5 2 & THEAIE
DHHBHIE AT 2 FIEEIRET 5.

AL ORI RDBEY TH 5. 2 ETIIAIIZEDRE
BT R RN S, 3ETIE, AEORETFIEICONVT
BRZ. 4ETX, EBERERT. 5ETIE, KiExX
DEEHESHRDOEEIZONTIHANG,

Copyright is held by the author(s).
The article has been published without reviewing.
Thttps://www.flickr.com

2 BEMR

AETIE, BEPIZLIZOWTIANS, BYEREBICE Y
TSNS FOXRZREGREDT—2H 0, FERY
DE WG 3 2502 {fTbhTwa.

LS [1]13 Web HICIRES 2 BOCIEHREZTEHL, £
T OTERD S ORI Y b VRAER LTI
ORI FHES 2 Z & T, BOEHEHE T 2> 27 A
PIRE L. WEHS [2) 1 Flickr OffRIcHo =, B
BOWEIF DL ZER L, ZoOBDEEMNEBERIIRE
7o EEOHIBIER S HARAA A 7 « V2 ) ¥ %A
W, ZOBEARY MEHET L b, RiCHind
BEARY P EWET 22T LOBREERERL -

A S B IFBEEICHD (1T - & 7 OHEED & i
MSNIAED TN 2oL, DNES (41, ¥
* & 7 %FAH U TTE e BU RO Ml ot 217
Bole. BA/ING [B]IE, Twitter DR (LITY A —
b)) 2o & OEZFIH U TBDERA R v b ORHEGEE
ZHIH L, BEERR Y N OREGEE L OBLICESWTHE
JHIB R RE L, ZOREEEIEOMREFEZIREL
7. BARS [6] 1k, Word2Vec ZFHWTY £ — b &%
L, #bfidHEEEFHL GEICEK->TWS & 2 I2HE
SN EZNLETFY A — ot 21TV, Al L
L, IdthzfTieorz.

%72, Yanai 5 [7] 1Z CNN ICHEHDOWWAGE#S 2 7
L DRFRINIZENA NFEERIT IR 572, ASEIE Word2Vec
[8] EF7 ¥ CNN O—fTH % VGG16[9] ZFIH LT
Flickr iIZ&fmS iz 2 7 e EHORE 2 M L, B
EOFLED I 21772 5.



WebA YTV REAVRZ I a VIAREFRE

3 REFZE

AETIE, AWFECHE L -BDEERONMELTIE
¥ M DR % L § 2 TR DWW TN 2. 185
FIEOWIEZX 1 1”7

X 1 PR FIEOHES

3.1 Flickr #FRDUNE L aiLIE

%9, 2017 FE5 D Flickr FOREEE, &7, (iiElE
WAL L, BEREICHS W TR S ¢ o2 i
T5. LaL, MRICIZEERFROFEMER S HET
BB, WIOFa—T 4 Y TEITS. I Fa—T 4
> 27%%, Nominatim? T OpenStreetMap322 5 2017 42
OB EEDRBERE, HFE LWEFZEIT L, #hE
JFRATHET 2 WS WHTH S, HoFa—T 4
Ol 2 1R T. SELEBROEREOREE, X3
WRT.

X 2 > A Of

3.2 HEDOBNMOT—RZHMETS

AT REE OB E G L Tt 21T 5 729,
INZWHIBEN D Flickr DR Z 3 2 DB H 5. ¥
Vra—F 4 v IZOERICHSE, EGEREDIT Flickr
DEFET — &ty M X N0, FHHILEOTN
RABMEDZ &, FRE RPN OB E L D AL OEE L

2https:/ /wiki.openstreetmap.org/wiki/JA:Nominatim
Shttps://openstreetmap.jp/.

3 2017 FHGERTIR A O EEEL

WEWS DD 5. KR TREW S A a—T 1 7D
TR D 2 BERS 215 URPE OB o #iPH 245
55, Bl 41TRT.

4 FEERBDLO B HZ MG T 5 ifh

3.3 HHEOER - IR

AFFETIE TF-IDF ZH L TX 7D 7 ¥ X M
B9 2 HEEOBEEN 2§ 5. TF-IDF 1%, 3XEHIC
BENIHEBOHEEE LT 2F LD 1OTHD, £
WHERRRS by 70Nk oaHTcHOuHATY
%. TF-IDF X, TF (3: Term Frequency, HiED
HSEEE) r IDF (J%: Inverse Document Frequency, i
XEME) O ODREICHSWTEHEINS. H 58
eI BE 3 2 BERRN O BEFED TF-IDF Ofiz B L Cifi
NEZ TV, B0 S O HEEE Z OB O R EGE
T5. zO%, TALOHFEL TF-IDF 2/ L T,
B DR L — K —F v — P EAEKRT 5.

3.4 MIHEOELNED S
RIFFETIZEARSFBULE Y — 1L TH % Word2Vec &
CNN (Convolutional Neural Network) DfRFENZET
NTH2BVGGI6 BEAL, 22 EH L EG%E o
L CHiss B oMt BT 2. Zhuck Dy, EHED
EVWBDEHIO R AR TE 5.
3.4.1 THFIAMUEOETILTHELUMEZ DR
AREITIX Word2Vec &7 L% & A LT Flickr D&55
FEIMF 5N E 7 DRI ONTHRR S,
Word2Vec 13 HFEZ X7 LT 2 FET, R



Proceedings of ARG WI2

2O OTIFRL, HEBEORELICHIT 2 HEEOMR %
TS eI HRSELE DY —LTH 5. KFFETIE
Word2Vec T 2017 57 @ Flickr DRFEEE I Hh
TWeRZOEFZIML, a—2EHAET2. Zh
WED, HEIBGECELLTWAHERZRZ Z LA TE,
2ODHGEQOFHMER LK T2 2 e N TE L. 2R,
T EFREY, THOBEAR) OHEEZANTI L, Z
D2ODHFEOHMEZ LR T2 Z e TE, ZD2D
DBV OBLE R TE 3.

3.4.2 CNN ETI/ICTHELUEZ 2R

Deep Learning 77 O —HTH % CNN (X EI{RZEH
DFBUT BTN E L, FEd g e UTtio A
BICIEH D TE 3. 22T, AFETIIRENZ CNN
EFNLTH 5 VGGI6 BEAT 3.

Flickr DIFEEORHEZ MM L TRERZ L e
ERRL, R MLEO a4 VHEUME 1) 2EET
%. 2ODEBEORENRY ML d = (a1, ag, -+, an) &,
NRZ M b = (by, by, -, by) DB A VHLE Raup
BERD LS I1TEREIND.

_ Z?:o aib;
- \/Z?:o a; \/Z?:o b7

(1)

Rup

COETNEMHL, £3 A (LIT AMD) o
BREEDTF—Xty b, BBYH (LUT BHL) 0%
HMEHEDTFT—Xty VEHET 2. ZLTAHICEY
% like P —HFZVWEE% VGG16 ETLICANIL, B
HDOF =&y b5 ad A VELUENI RS SVWEEY
Hhxes., 2huckh, Biirs A iy o—FHEL
DEWVWEHEMHTE 3.

4 RER
4.1 BRHHEEOER - AHEL

3.3 EICRHA L7272 L, Flickr £d 2017 4FH
T RARBELOBRFEE 2B b, &5 5088 K%
WEELz. ZNH0FEEITFbhTWR 72 /L,
MeCab TERERMMfT 21772 > THFEICHEIL . 2L
THIGED TF-IDF %2 HH L TUH~NE X, TOP5 DFf
MHGEZMIE L. BUS SN REEE ¥ TF-IDF fEiX
K 5I12Rs. L—X—=F % — 2K 6ITRT.

5 Bl 1 R REOBDLREE

B 6 fl . EEARBREOL —&X—F v —

4.2 HIREOBEUM DS, ELURNHZERER

AWFIETIE, HHEX Y — OELENE VR T —DH
LENHEFRE T 2 2 WIEBREI TR /2

F3, NAVITIME*» 5 B 10 FD XYV —D B 5
e Zh e oM EEREIEEL, ZD 10 5D Flickr
DERREED T =2ty M RER L. B e 58
BEKTIRT.

I, WHEE Y —EAD like BHHRD BVWEEZ
KR EEY L=, ZLT342HTHHL = VGG16
DRI ICH T Z v —DRF|IREEEZ AL, fil
DR BT L ICEEER R, a4 VEMUED L
M3 tFOEHEEZMIML, a4 VEMUEDESEEZ L -
T, ZORT—DH HBNHDEF Z TV — OFELEEH
DFERE Lz, MFE (BELAR) BEEOHIZX 8
RS, 20K, 10 EFMOXY —0d 38 MrNnz
NOFMEREREITCCAANEZ, BEES 1D [X51F
ART— | BHRERT — L HELEOEWEMTH S
WO RERICR o 7. FEBREREX 9 1TRT.

ZOFEETEH L, OB E Bo0 2358
HPHTE 3.

M7 2y —@ithr—4%ty +

4https://www.navitime.co.jp



WebA YTV REAVRZ I a VIAREFRE

X 8 iiFEF (HEILAR) EEAOHUEER

X9 &7 —BHOHELES v * >0

4.3 #|\ELEFETHRCHEOELIME DT E

AFFZETI Flickr @ 2017 F2EBOBERATT iz
RT7DT XA M2, 3.4.1 8 THAL 7z Word2Vec €7
NI Ta—RRZER LTz, Z LT THREZ Y —)|
L 1EoEA LY — ) OHFERAFICE o TASIL, FHLE
ZHUIS L7z, RZ, VGG16 ETILOFER E Word2Vec
ETNOMREZME L, HGEEFHDE & AARS B
il 2% 2 e FiECHIS R O BE Z ot L7z, #ilz
10 IT7R3.

Xl 10 #tE L7z

5 FEHESEDFRE

AWFFENE Flickr IR S =& ER, %7, GBEK
COEREHANT, BEEOEERE,ISMIFa—T 4
> TRATIR o TR Z IS Lz, FEDBDEHIOD
&7 %FMA L, TF-IDF ZfH L T& ZICHBS 2 HEE
DOEBEZFHMGL 72, £72, Word2Vec DE T 1% FH
LCXZEFRL, HURORELIEZ G L 7. 3R
7% CNN EFLTH5 VGG16 ZEAL, HEDORZ b
NEAERRL, at 4 YHEUE Rap BT 52T,
FEE OB OBELUEN S WEEZ I U7z, REBICHE
27— OFPERENE T —0DH 5B Z R T 2

WIS EEBREITV, T A2EERRY b EROITBF
ERREE L.

SHBROFEL LT, XhZ2HEHEDT—X Lo SNS
WXL, MANRFETBARBERZER T2 e
HiFohs.

BT

ARIFFEDO—EIL, JSPS BHFE 20K12081, FFkl~ +
TRV bR = ARFEBNR U ER SRR IR 5%
B (%) FREAEVEIEH ARSI L 5.

BE X

(1] LI, WSHIRIZE, SEHE  Web LICIRAET 2 BDEH
WERIEH L BDCHHEE Y 2 7 4, ETEREEYS
Hoafiseds, S aIa=r—>a VIR
(NLC), %5 4 HE4G 5> v RP v L4, NLC2012-35,
pp-13-18, 2012.

[2] TEHFEA, REEPRE -, AR ELL: Flickr 77— &IZEDWz
AR T 4 THHRARY MEES X7 4, SIG-AM,
14, 05, pp.24-29, 2016.

(3] AvAtECt, AREMEAKES, SHIVKER : Flickr DY A &7
NEBERT— 205 AH2 HRELOBONY BEiE
HEL X777 A% ¥ 7N & 2R HAME A O Bk sy
B, BHARFFRETERECHE, 84, 755, pp.187-197
2019.

(4] /NEEEZE, REAE, BAHIERE, 132 Twitter A3 %
AW BOCTHIRM S B o > 2 7 2 oM, N LA
REF R EEKIFCE, 29, pp.1-3, 2015.

5] ERIESE, B, HIERS : Twitter 2> H OHBBHY
AR DR L Z OBDEIEERERADISH, 256 H7—
RITZPER~ A IV MTET 27 5—F 4, 2014.

(6] $aARSEY, EHME, FORM, &0 fLEERM =
4 =+ EAWBDEGEL DR NPTV RK Y b D
R, RS 75— 2 X— 2> 25 2 (DBS) 2019-DBS-
169,2,pp.1-6, 2019.

[7] Keiji Yanai, Ryosuke Tanno, and Koichi Okamoto. :
Efficient mobile implementation of a cnn-based ob-
ject recognition system. In Proceedings of the 24th
ACM International Conference on Multimedia, MM
" 16, pp.362-366, 2016.

[8] Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg S
Corrado, and Jeff Dean.: Distributed representations
of words and phrases and their compositionality. In
Advances in neural information processing systems,
pp. 3111-3119, 2013.

[9] K. Simonyan and A. Zisserman.: Very deep convo-
lutional networks for large-scale image recognition.
CoRR, abs/1409.1556, 2014.

- 10 -



KIFEY -2 v ILT—
o E

AEBAWEFDE
Hlg &

ARG WI2 No.16, 2020
WI2-2020-03

B)l— MEBFE
tgi”—l = 37

WIS R ERFGES AT 5T W A4 VISR

zia-sihao@ed.tmu.ac.jp ijima-soQ@ed.tmu.ac.jp shohei@tmu.ac.jp

BIZ LBSN(Location Based Social Network) OFEREIZ L D, [HRESSHITHEML, 2 —¥2H 5 POI(Point
of Interest) & 7 4 VR A V7332 pPRMCTCHS. 22T, 2—F—ITHELIGAZHRIL TIRRT 50—
MEEDRD 5D . AFSCTIEAFE Flickr 77— &2 %2 v, 2 —FHHEE LMt e Biyti L b, & 2 HipH
WD —FD— MEWwZERE L, L— MTAIEERZZ 72ERL, V—vl-70 4 FiERD, -3
5272 mECFEET 2 L 2F D EL— MEM 5 2 HR T2, 2LT, ERLEFHHEAKRY +% Google
Places API T Venue ZE(f3 L, ZOHD5ERL—EHWIL— 2T 5.

F—7—FR LBSN, Flickr, & D/l — MEEE, Warshall-Floyd Algorithm

1 IEL®IC

I, A=+ 7+ YOERICE D, N&IFHEER
RHATHZLITBWT, BHkz2EO$ D2 A IC iy T
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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&

AT & ARy S OuFLEITS 720, ZDAKRy k
DN Y RPRETH 5. T INLEZREHANT,
2Ry DMLY FDAY Y R OIEA DB 2 T
HE X, HESQOEENZDRALICH D X5
NOMZBAEP OZ i, RES Q=p0,pl,..,pll

p0,p4,pllp9.p7 TH 3. MEZHETLZ7La) X4
BV OMFET 203, FENET TN L8R (Graham’
s scan) 2o T, T ZDNY ¥ FDOIHFAOMBERE
EERT.

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, &
HEFEN DL — s 2R 3.

3.4 IL—MTRCEMI T TDER

WM L7z — b F— R 2T OH e R 2 S
7ERERT . ZFOHEMT T 7 DEAITINHICE T
DT 5. BAZZ 700K 3R, R I
BARY hERLTED, BZ T 7120 L TIETESIC

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

REFEOFITHRE AL, MROBREZITS. 5
W EEFER C FREEN e e hst st e Bt e 72, 2
DOREIDF DBEEFHAKRY s v— O Z21TS. i
FTAHRT—RFZV—vl-7uA4 FIETHEL, BEIE
M5 METDONL— N 2HET L. ZOLDODL— 25
FEH L7 AR Y b % efficient-geo-crawler T Venue % HX
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|BL, MAZERT L. RENGHRIE leaflet THIAH
b5 5.
4.1 FHITHER

R IREBR O A Ky b ORI E X 4 1I2R
3. BROY—h—IF LR RERER L T0 5. 7R
BORY I UNF LR REROBDBEM ARy s 2%
LTW3. EfMAKRY bOEE 92 EBTFEEL, LEFER
DR T 2 ARy b IRERDPFIET 2 ARy b ZINZ
38, MEUMEDARY D5 94x 94 D KItATH &
BWRZI7ERT S, 2720, EER»SRERET
DN— b ERER» S FEHRETOL—MIO TS,

X 3 fEf ARy b

4.1.1 XREER- LFR
FFEERERD S FHREH ARy P ETOBREIR YL &
R 2R Y ko EEFER % TOBEIE ~XoTiTAlIc
HhATe., KT, 17510 0 ZERKICEEL, 0 Tl
ROHTFEWRICER TS, V—vl-70 4 KA
X0, FEOZODHEAOREEREZHET S, X,
REBDHET 2 ARy 25 EHERDFTE ST 2 ARy
F ECTOIEN 5 fDL— tZAHLT 2. B 5 [ F
TOL— ORI ER 5 1RT. HEIN-ZDHE
ARy MIEM—TH (AR b 415), AR ZEE
B (AR b 191), %EME (AR b 517), &PEE
B (AR v b 360). BiEHEERE (AR b 516) TH

5. miRIX efficient-geo-crawler % f# - T Venue DI
% restaurant & store DEEHIS T 5. fEREE2 &
6 IZ/RT.

4 REER— FEPER

TREBR— L EFER

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

Aty 516

1] 50 100 150 200

X 5 % 2Ky b®D Venue

| HERNERL [ b [ 2 [ 36| 4f |56
Sz ARy b | 415 | 191 | 517 | 360 | 516
EEFPOOBEM | 73 | 8 | 14 | 12 | 50
EIFRETOBEH | 8 | 71 | 12 | 10 | 6

4D Venue 170 | 2 19 | 64 | 48
restaurant 70 0 2 2 9
store 21 0 6 32 5

2 IRER—_EER

4.1.2 EFER->ZER

411 BERUT & S57%, NEAL5 AL TDA— b ORIL
ZR7TIWRT. HEINALFVEARY MEEM—TH
(AR b 415), EFFERAET (RAR v b 294), EFFRE R
BEHUS (ZRw b 191), BUEAGPEES (R R v b 516). &
PGB RS (R b 360) TH 5. efficient-geo-crawler
THR T 2/RIEEK 3 X8 2R,
4.2 EZ

M4BLOEK21ZED, 200 EEFRE S ZEEH (R
Ay b 191) & Venue 23 2 DA TH D, restaurant &
store ICBILTH 0FTH 3. ZIUIRITEDEET 2
B CH 2 L HEIT Z 2720, #HEEL— ORI 5.
F72, 1NMOEM—TH (AR b 415) @ restaurant O
BHB—FEZ\W, 2K Venue I D 2 LR —HFZ VD
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[ et [y [ 2 [ 34 [ 46 [ 540
M7= 2Ky b | 415 | 294 | 191 | 516 | 360
FER> OB | 13 | 43 | 58 6 7

RERETORBREIE | 78 | 14 9 56 | 19

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

# 3 LB EER

T, ZOL— MIERL— b LTHET 200 H 0y
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
b Lz, ZoHIGHFE E B2 WZ & TH
%. Bz I3HEER e HEBRDGE, A2 T 7 DIEMD
2, HHEARy @A E kB E X
Y LR

6 LEPBR—E R

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, HEEFHEC, AN B5A: Flickr 7—&ZI1ZHD
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.

EFFER - REER

W restaurant [ store other
AAy 415
ARy h294
Aty b191
Ay 516
Al 360

0 50 100 150 200

X 7 #FAKRy bD Venue
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EERIFDORER R MR ED/=HD
SERERICE D CEHBMERY Y TV AT LDWKRET

SRl A A

X

FEA KT BLT22ER
t170485@mail.ryukoku.ac.jp okukenta@rins.ryukoku.ac.jp

BE HER—Z2DA >R 72— 2% UBOEERIER > 2 7 5132 WA, #il EIZ#EICERZ RS 5
iz&h, BRROREMEERALSMEGH L. AWK TIE, BERRORRMEEZR S 7201, 2 —F O
BIZIGU T~y TR BRI/ RS 2BINECE~ Y TV AT LR RET 5. AV AT LTI, YIREExY 70§
NTOHHRZRMLTH E, TOR, 12—V ORMRRIIEL T, BRI N TWASEERKL TV, 20k
DHRBEHRIZEY, HERIIWN T2 MMEom L iz, BERRORERMEOR LA TE 2.

F—T— R BOCHBRMEES AT A, FEME, Ky TVAT A

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-
RIEEZFRLZD WO ECIZORN5B.

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

Copyright is held by the author(s).
The article has been published without reviewing.
Thttps://www.google.co.jp/maps/?hl=ja

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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F1AFMTHWSRS.

Bk Bl
G=(V,E) Ay b7 —2,
er{17...,\V|}, W — KDLV Ty oA
Jef{l,.. IV}

v; €V JEEE ) — B,

ei; = (v,v) € B B V.

A= lai]IVIVE BEETA.

M Ay v oA,

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

ti; €{0,1} V27 e ; DRES L.
u €{0,1,2} ARy N ORET )L,
my € {0,1} Ay Y a M, DRET L.

M l3—UDEX d O cRI N, TOR
PEAERE - R & LS - REE2EMICE D.

J—RDRESNIL, /=R iDREITR)LE 5 €
{0,1,2} TET. 5, =00 & &/ —Fi%K5l
5; =1 DL EFMBEATHDLZLERL, 5 =2
D& &) —RiMahfiFEs/ — NickgET 5/ —
RThHhdI eirET.

Y ODRESNIL. Vr T e DIREIRIVE L, ;€
{0,1} TERT. t,;, =0DLEV VT e, ; & AEM,
tij =10 IWEBFATHL I L 2KT.

2Ry NORESNRIL. ARy M DRIEET )L E ) €
{0,1,2} TRT. wy =0DE EAKRKY b IR
B, w =102 ENM, v =20& EiHBEAT
HBHIrERT.

Ay aDRESRNIL, AvyakDRRETR)VE my, €
{0,1} TKRT. m =0D & E Ay ¥ ak ZFRE#IR
RE, mp=10D% IMICREETHDZ L EKT.

3 FMMESYY TVRATLOBE

ARETIE, BEVATLATHIHNEE~Y VAT
LOWMEEFIATS, M1IEYATLDS VR Tz —A
Thd. KVAT LT, PIHREIE<YY TOTRTD
R ERR L TEE, 0%, 12—V OiMPREBIZIED
T, BT nTwWERz ikl cnw<. £/, Y7
LZiF TB>HT) E—Re T T7LVEGE] €E— R
DDE—REHABLTVWS. AT, [85HT) £—
RIZDOWTEHET 5.

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

I—HIFHBTPCRZX T Ly MNERREDFNA A
ERHWCARY AT LT 5. ¥ AT MMZIEHEEAT
PRI & Vo 7/ NIRRTV 7238 5 9 U B Rk X
NTWE, I—FRBELZVWD) 72 #ERNT L, Z
DIV T IV TWAL VIIRKRING. 72720, #IHMR
RECIREEM 2RI TR S v, IHIRETIX, FE
DN DHD / — AR AEM L L TRREhTW»
. 2a—HFixZohhrs—o0 ) — K &Btais (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— RO aBifei e U ORI NG, FRIZ,
X 2(b) D & 51T, 7z R BAEME LD OIS AR X
4. fHEBOMRE 12, TOMBIh-HERIzEENh
HLARY N REHiPBNARY ) RRAINS.

ZDEDBEMERIEVRELTW Z & T, a—Hi3H
P2 ) THEEZELDZENTES,. M20D&S
2, BEEZEDTWL Z & T, BIMIZEREIh T\
BB E N TNV, ZOXSREHRIZLY, 2—¥N
INETIZES I DD 72— M RTDINEIZDH
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 DS TAEF R L &\ o 72 /N O R =
DT ENGEELTWS, 22T, HHE, Sgeds
R ) TOER Ry NV —2% G = (V,E) &3 5.
WHRT) 7 E2EOMHEEER) T8 UTHERL, 28
Bry NI =R 5F0ORY I UMHEBNIZE F B R E
Bry hT—2%Ygb L, Thit GEd5. K3
JRILDER R Yy T — 2 OflERT. KFDgL/ — K
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(a) HIHPRE.

(b) Bk RHIR DR

B2 HIHHREBIE (a) D& D1, AZ— MFMSEE2RE T Y TOTRCOBELEPREM SN T NS, -V DPHCRE DT
W< &, (b) O &S ICEARRERICIE U CEIMIZRRE S N T 72 BRI S LT v <L MRS Leaflet APT % i\

T OpenStreetMap D% IS L 7=,

3 EILOEE Ry v =2, mik/—Ru, eV %, &
XY > 7 e, € B 2K, HXHEHIZ OpenStreetMap
OHR%E X v 7F ¥ L7z,

v €V &, MZV VT e ;€ E%EKRT.
4.2 J—RBLTY VI DERREDER

EELAY NI =27 GIZEWT, 2—YHR/)—Ki%
g 5 &, THITIRUTEER  — FOREs; B &
Vo DRRE L, ; ZFHHS 5. 7Y XL LITHHE
TIUI) X L%RT.

T, oliFfAE — KDL VT I RAEATT S, 3
TEH»S 10 7HIGOIMEETH 5. Bl ) — K ¢
& NULL THJHH{EL TH L. 2DOWT, §XRTD/ —
ROREE s, =0T, TRTDY VI DREZE ¢, ;=0
T, TNETNHIWLT 5. TD%, BB/ —RKolzow
T %2475,

S ALEE X visitNode BAZTAT 5. visitNode BEL T
&, Bl UC2 -7z ) — R i 2#iEA L T 570
s;i = LIZHEHT 5. D%, BIEM ) — K% c = i ICEH
U, updateAdjNodes %% FEOHI . updateAdjNodes
BIECIE, /—NilZBiEd s/ —F j OREZ 5; =2
WWEHTDZLT, /=R 2iilEAR — N ICBig
5/ —ReLTHS.

20 47H DS 31 17 H D onVisit BIEUIZ A RV bV R

B4 AvYafBEOER. my=0DXAy Y aiTEE
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 B TIE, visitNode [EEFOHTZ &
T, /=N ilzxdd 23R %217 5. visitNode BA%X
AT, BUEH ) — R e S/ —Ri~D) v o
Cei BIBEFRALT D720, I5THOMHETE,; =1L
LTW5.

4.3 X v oDk /RK

V¥ T Ol ) FEERERIZ R D & X v ¥ 2 DR/ R
BOERZATS. A ¥ ak ORERK/RBCREE my, 1FxIz
KOHEFT 5.

1
mp =
0

2T, ti; € My BIERHEE M, 12V 2 ¢ ; BEE
NdZraXRT. DF 0, WM M), IZ—DTHili
FAD) v IBREENTONIE, my=12725.
HIHPRAETIL, BURT Y 72RD A v ¥ anBE#iE
TEY, Fh/ — R o2 ELAY Y aDAMPRREINT
WHIRETHB. 2FD, Fth/ —RNoz2EL Ay a
DREDOHA, m, =1 THbH, THOLAEm, =0T
BB, Ay aDREOERIL /) — NE3T 5T 212
179,

if ‘ {ti,j | ti,j =1 /\ti,j S Mk} |Z 1

otherwise
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Algorithm 1 Fif/ — RIZEDLKFEH TV TV X 4,
: Input: o

¢+ NULL

for each v; ¢ V
s;i <0

end for

for each e;j € E
ti,j +~—0

end for

visitNode(o)

= =
M e

: function VISITNODE(%)

S; < 1

if ¢ # NULL then
tc,i +— 1

end if

c+1

updateAdjNodes(i)

: end function

[ N R e e e
Hee oo w

: function UPDATEADINODES(%)
for each v; € V
if s; =0 and a;,; = 1 then
Sj 2
end if
end for
: end function

NN NN NN
© X IPT A XD

: function ONVISIT(7)
visitNode(7)
: end function

w w
=

Ay ¥ a OFE/REBREBOERIZ L B, 14X
TJz—A LDy 7OMEEHEFRTS. M4DXS1Z,
me =0DA Y FEEHOETEY DR, my =1
DAY Y alFEY DRIV
4.4 ARy NORHK/EBR

BORT ) 7120, M, RBARY el oA
Ry PDEEINTWS, ARy bOWREw; X, Ava
DI/ FRBCRIBIZIE U TRD K S ITHEH T 5. (D) = 2
(—HHZRY b 2HEFEATHEHE), (i =1
(=¥ AKRy M 2RMTHD, POARY M %
BUAY Y ak DREV my, =1 THEH5E), (ii)wy =0
((0), (i) P DEE

w=00DrE, AKXy IIZFEAETHY, v T
ETARY M OfEIZHERTE 20, ARy MEH2Z
METLZZ L TERV. iy=102E, AKRY b1
WBABETHY, v T ENRSARY NI ZZ)Y T3
ZET, ZOAKRy bOEREMET LI LNATES.
w=20&E, ARy N FHHFEATHY, FARIZA
Ry FOEREZMET S LN TES.

5 &bHUIC
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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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2 —H DRELFIIELAL <, SR BB O FER
PRECRD, FHE A NPEL R2MERD 3.
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V) — A one-hot encode 71

i 025 11T Scale 1

[HES one-hot encode 21
PER ZMEFSHEM 2
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Ty UL one-hot encode 19

3.4 REFZREZE ALV LIME O L0 ¥ E T

LIME (2 X078 5 B HE £ 7 L OB SCA A Rk
T BB LIME 23 k3 28 [R5 7 L DR E
FREEFHIL, & DIH7R LGB W TR E e
WH TR A GO0 EFIARD.

FHME y , THIE o, FEHEDONY y &
Lizd&, IEREITQ) Iz FzRENS.

z (yi_y1)2
R2:1_l=nl (2)
Z (yi_}_’)z

i=1

ZiEHWT, LIME 28 PUZ KD FA & LTl
G722t G A ST E oA fIlr L, o A
KB 5 &9 %.

4 RERIER

41 ERNTS L

LIME (27 A7 —% 10000 %2 AN 1L, s &Eo
HEEAHEGGSE, TOBEORERBEEARN T L
72 DEX 2R T .

2: LIME DR ERILDEARNT T 2
42 ER Oz

[, WEREE B AER TRT.
2 REREBR O R E

start end count

0 0 0.06 46

1 0.06 0.12 1
2 0.12 0.19 19
3 0.19 0.25 32
4 0.25 0.31 45
5 0.31 0.37 90
6 0.37 0.44 137
7 0.44 0.5 212
8 0.5 0.56 363
9 0.56 0.62 643
10 0.62 0.68 950
11 0.68 0.75 1346
12 0.75 0.81 1850
13 0.81 0.87 2370
14 0.87 0.93 1478
15 0.93 1 415
F 3 RERIE DA DFEA
point

T 10000

¥y 0. 753203
FEHEfR 2 0. 147565
/Ml 0. 000045

25% 0. 682564

50% 0. 786878

75% 0. 854717

e KAE 0. 996186

4.3 FHE O

PERBOFTICHONTE—EDENH DT T
17208, — ISR ERR MK, 0.6 LA F7eE T
HIUZFEE P REY THHENIEEVRHY, 1.0
WA, I EEZR O DRHDHENZS.

A BIOEBFERNOLL T OZENF 25, Tl
0—7E#%, LIME 23 U TPl CE TV Wiz ik
ERBMEL R DA N —EH LIS, LrLEA
N7 MIHEFVOKEEZRLTEY, 2RO mEL
TIEEVVEAELI TS, BT 0.75 EE<dx/h
fiE1E 0.000045 & dFIZAR VY. £ 2 10 0.00 7>5 0.06
DAEDOH L7 NVEIE 46 THVZE D JEDOIELVEN
2N, 0.12 D BIFR 2 ITE B 2 5543 12785 T
5. 2B M AL EL T HIVUT RO 25%KF ST
TIZ 0.68 ITWEE A H TUVA.

4.4 {& %55
P ERENNEIMENT A2 —F D fi| % 7T, D
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FH7p B HE R LIME DAL N TV DA RERR
T5.

IERB DR > 7o —H 1D 481 Tk 57 A
T 51D 500 HFEDOHEEAE R A Z Y 2 —F OFEHLL
TTAT LHEE LT A O WTEELL R 5. 3%
Z— IR EREITR 0.073 ThHhorz. IREREK
0.07 13E£ 2 Z2MRTHEOHY 2 —F —BIOHRT
HD. HEEET MY = — IR 3.939 £0V)
HERE RS RAHRL, EEOIEMT LT 4 Thol-.
Y — T S6 DL a— KRBy, FET—HD
KRBT EEbNA. Yy /L Adventure 25 ¢ ok
A% Y 2 — YN R L7 BRI X2 T 7 obY,
Z D55 Children’s & LoH DILa% Y D FH| DA T
ootz THEL 4 L EEEWFHMEiZ DI TR, 24
IX5THD. 7%24 —H 7 Children’s & 3Tl L 7- & i
X3 25HY, 3B 124 5N 2OTholz. TAT
2 1D 500 % 1% ” Fly Away Home “(1996) TH Y,
Adventure,Children’s D> v 2 WG & FF > T -,
2B DS Adventure,Children’s ZFF -2 Bkl 1% 42
350, LTI 770,

Ko TINHLDRERNG, R Adventure (I7E F
R 2 mA~SMER L TO S EHERR T D00
M THD.

FA4IRHFBEOEEE N IS TEY, 2hE
R4 5. EOBELZEOEMIL, HAEAEDHE
T2 Tm G LR ETHY, ADELEZRD
FL, HAEZADEICT D015 5 LR %
THHERINEND. ZO%4E, FFIZ Adventure (X8
D JF A ~, Children's N IED JFAI~EAL T\ AL
fIEIR C&S. 2T R L7z Y 2 — OO
FREVIIK T 5. Fo, IREREDH RN =D IR E R
(HEZIERE I IAL L CE BT A0
THoHENWZS.

WICHEES B OB & U CRE 2 2R 1B O HEES
HEOMAZTLIPIAICHEZIE, R4OEEEDA
AT NEEWEBEE DRI T E AW TEFNLE DR
WEOHEEHBIZHLHABL CTBWaE A STz
AT, ZYa—FOHEFTHNITL-EHEVE
WYY VIERTHDHIZO T ZOME LY v
JL"Children’s” T 5728, Hl=IcB 4L ET )
&72%. Children’s 3% % = — V3 3 FRHBEL TV,
WA T Z G TOD DT Tlidleun e, HEEeE
&L TR &7,

K4 Y2 —FORBEOHEE

R s 7 HEEDOR a7

release_year=1996 -0.11156219773630258

year=1998 -0.06671403591467708
sex=M -0.05242530014669192
Children's 0.023566247090890922
occupation=retired 0.012558840356626296
movie id=500 0.003105300470527567
user_id=481 0.0030222771556819073
age 0.00012698185241982903
Animation 0.0

5ENYI

AT, HEEET MK U CHERS B i 2 A k3
57212 LIME % W 7= BRI B2 8 T (8] e D 3
U R D FE R W N FERPHFELNDG /T ONT
RERE AW TELREIToT. EAN T4, B
AR E TRTERED A E DRIZ /25T D
DRI LTz, B BRI 22 Bl 2B BT, Eok
VIR HFHI CEERW IR R DO T fERL
7. PERREDMENY L 1| D& T ARV T
IO ek R Ch o7

SHBOTEELTL, WERETII< AICGRHL
1 B ) W S T th O FE L REAM O F k% VT
LIME 3 E T NV ~YTELES>TODDNERFET D
EBRAZ1THZE, E72 LIME TlIRWVEF S EEIROTF
EE WA OWTRAET 2 E R e E At
TW5.

SE X

1 BB EBENRER DT D Al Koy b — 74t
Dk YRk 29 4 7 A 28 B https:/www.soumu.go.jp/
main_content/000499625.pdf, 2020 4 11 H 10 H

2 AR %, LA RHEE T OV OMIRTFEE
WIZT AT LHERS P ORI Lo AR, DEIM2020
E6-2

3 M. T. Ribeiro, S. Singh, and C. Guestrin, :Why
Should I Trust You?’ Explaining the Predictions of Any
Classifier, , in Proc. of ACM KDD, pp. 1135-1144,
2016.

4  B. Abdollahi and O. Nasraoui, :Using Explainability
for Constrained Matrix Factorization, in Proc. of ACM
RecSys, pp. 79-83, 2017.

5 S. Rendle,
IEEE ICDM, pp. 995-1000, 2010.

“Factorization Machines, ” in Proc. of
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HE ABTRBRMG TV 72 ) 4 XBRED - ODOBE) b F — ZEMELEITS . R, KEHRE GO
g — b~y TOEMELR Y, AT — XD EMEL R S B IBREFIEONAMEOFHGD 2, DIV2K
@@?—&ﬂvb%ﬂﬁ?%.@ﬁT Rty b5 128 X 128 X 3 DA 7 —DEDEIRE F > X 2D L
72 OREECHHT 2. BREEEES X OOBE R X834, ARNCEEDTREZHREST 2 2 & TilaHE
HIL CAEE DML Z1TS . MGE DM LY ) 4 XRETIEEY R FENREL 258, KA DTFERZHAGDLDEL L
T T 2. COMBRTRIZED, Bk s — 2T LTz 2 67 — R S B A RE Y 2 5.

F—U—F FEEE @RELH, /4 XRA

]_(IUME

EFICBOWTEA L7 — X2 HMERS 27200
AL LT, X7 —XOEmEDH 5. B>
T = ZRBTTRIC X o T, FED /) 4 XHFH R F &
T =X ORIBEPA T TH 7L, WYz EmmElt
DFEFRERZ. 2D KDL 77 — ZCFHITHIG
27D, BB K o TR B 2T S HOHEE
L.

B2, S ELD 7 e —F—DI2, H—H{giaE
{8 (Single image super resolution) & FEX4 2 iRIREE D
o7 — & Zmfpgit 3 2 F L0 H 5. Hilll DEM O
RIS EAL [1] R EREBEEZ R DOERK [2], CT % MRI
HRORRG [3] e LTETF NS, @Bk
HOMD7 Fu—F LT, /A4 XREDRDHE. F< v
AELEEMEFREEG D /7 4 XBRE [4] RFFH B 7
A4 XBRE [5] 2l LTHEITF oI 5. EHOESELD
FDT T —F TG L A E FEER @GS 2 2k
T, Ay — AW TE 3.

—HTCHIZTAREE T =237 o2 LR o7

V. BRI, AERBEOREREEZ Y, R o7 1EH
6 EMELDADFEE 2ITHORIF IR SR VWGE
HH 5. B EEROEMELDOGEIZKEOHES
MNMED B Y, ED¥E T — X 2R L h o EE R
Sha551Ee Yy 7? R DEFEB L EDHE L
WA BIHET 5. 8T — 20N+ aihE, #@ed
(Overfitting) & PN 2 AT — 210 U CEENCES
$ % 2 & TRMD T — ZITHIENREI 72 2 BIR D FEA T
5. —RITEFENRFIEEIH ) T - X O ME S E
V257012, WEHEIMA 2REND 5.

AT, EROBREGRE DT> T > ) 4 XBRELRIT

Copyright is held by the author(s).
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58T, SOt T — 2 OmnELE T PR —& T
b i EH %ff_b SWHEWCEE TIEZRRET 5.

2 BOEMSR

B o7 7a—Fo—oiz, FiflHmic X -
IR (Neural Net) ZZIRILEE TV HDAIH 5.
CONIRE, RS 2 BT 5 Fe LT
FHEINTZR 6] BAAA=Z =Ty FT—7
(Convolutional Neural Network ; CNN) (L& CNN) &
I BRSO E S, EEUHEICRE L8 2 KL
7z [7].

Nitish S., et al.[8] 1&F > & A CTHEEMINE (units) 21
LT 2 Z & TR NS VR R %2R $ Dropout &
RS2 FiEx1ES L7z, Dong ,C., et al.[9] I Super-
Resolution Convolutional Neural Network(SRCNN) &
X2 382 4 D CNN 7 & WAL S 4L 2 B
ETNVERRLTC, MERE—EGBRGREZT-o72. 4
FIHIHMEAHEEHI 5% Bicubic IETIEA L2 L ITHE
TEET T, Hf#§ %17 - 7. Ronneberger, O.,
et al.[10] 1% U-Net ¥ M Eh 3 U FHI OIS % FFO MR
HBEFMCED FAGOEIA T —2a v fToT-.
U-Net ® U FRIOMEIE X, SRR RIFTRIRHE O
F2FEs 2 8 WS RED S D | —M{REAEIC B IG
Hxhr.

3 REFE
:Nﬁmi%m%@%mbt%mﬁﬁu@xbeﬁm
DEHR §RERT B 2T, F—XOEMENEITS
(HU. ZC, SR EEICT 272DV S 720D
e H e TV ERET 5.
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1 FERE

3.1 =EmEBE{toFIE
TLEROF— &ty b6 7 > & LZERZER LT

128 X 128 X 3, HZHE(H 255 D T — o ESRE 5 > &

2ZYID H L0 FE,90 FE.180 FE,270 FED F > & 4 Clalfx
EINZ T2 DEGDEGR y & Uiz, S7ESR yi12/ 4 X
DB, FREDE T2 ¥ DITEEOHLUHEE T o723
DB DR « ¥ Uz, BTRDEHR 20 & B
FCHE TGy ZHER U TR L 22 B 2 (BT o i 5
g & L7z, HEEDER v & 57 EE ¢ O HEGEHmI 1%
PSNR/(Peak Signal-to-Noise Ratio) & SSIM[11] Z & ]
L7e. FEIER T 2O EBROBEL (T~ T Vin) &2
BEHT 52T, PBEEEDIRET 28 E €70
NAE T8 2 A Uiz, AgETlE, MUT 2 20 %H bl
HEE % 20 LT, BRI R & ERL L 7.

3.1.1 BfR%

& BH—E{§ERRZ 1T - 7=, SR HiR y Of#IGE %
16 X 16 X 3 £THiIYNL 72D 5 Bicubic 5T 128 X 128
X 3R L72d D HLE D HEG 2 & L.

3.1.2 HAOLT7Y/A4X

ER IR y DEFEZR, I S LT Fu = 0,12
HRE o = GA(ERMD 1/4) OF Y7 > 7 4 %=
ZT2bDEHEHOMGR z & L.

3.2 REIIBREZTETI

AR TEIADBEE CoBMER 200, HEOE M
Blbto7 7u—F2ER T 28T VERET S
(K 2). KiizBWT, £D U-Net #5d, 150D SRCNN #
i, A DOF MR & o TR L 72, Loss BRI I 5
& (MSE) 2 U7z, Sf&fE I D8 DiE LRI
¥ ReLU ZffH U, BB IXIG L BEROR L & L 7.
3.2.1 U-Net

U-Net (32N RTINSO 5265685 28
ER RO (X 3). U-Net OIS T BRRRICHIH T 2 1288
L, HREICERPED oo 72728, 5. a 2 HIE
DI DIHEEER 7 & EICEE L.

X2 REBET LDy b7 — G

3.2.2 SRCNN

823 % SRCNN Fiidid 3 D CNN 12 X > THEK L
7z. U-Net & R U ZZBR, @& TH O Y7 v 7 4
RREICENT W2 2DART T IVICHH L 7=,
3.2.3 T

Dropout 12 X 2 ##E KL, EEL L —FF 7D
BAfRICH 5. % Z T Kaiming,H. et al.[12] DIER L /-
ResNet % 2# 12 L THILIB D EIG « ¥ I 7 Hi% ¢
WEE DTG 23T 7. TR ERT 5 2 & T, BN
287 N DOFEE S Dropout 12 X % JTEIROIERD S
LB < e BT 3.

4 RERAHE
4.1 FRAT—2

FH A I EAE RS T -2ty b TH S DIV2K
ZfHF U7z [13].DIV2K 175 F 800 #, FAfi A 100
DFEATRY % YILDOEIRIZ X o> TR XA TED, T
H—@RBEAROFHMICHA T\ 5. B E 1 ff
3 2720 DE 3 EG DY > 7L %223 10000 K, &
fifiF 1000 AR U 7.
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3 U-Net @1 v b7 —2 i [Ronneberger, O., et al.
2015]

4.2 FENFX—4%

RE(ICIE Adam 285 X —&%E 1 =01, B, =
0.999, 2£E R 0.0005 TEMH L7 [14]. @2E 25
%729 ® Dropout #1302 & L. bL—=V 7 0%E
HRE, A > 74 2 (batch size=1) TITo7z. 8
WAEF S 2 TR R DY > 7 L8 n 1& [10000,1000,100]
D 3 1NRR—2TITo7z. FEHD backpropagations £l
100000 & L 7=.

4.3 BB

FEHF -ty MERR E OBEGULEIZ OpenCV %
L. EE¥E 71— 247 —213 Tensorflow, GPU
1& NVIDIA RTX2080 Z{# L7=. PSNR & SSIM 12 &
% M D 212 Scikit-image 2 L 7z.

5 HRERER
51 HAOI7> /4 XBREICES SRCNN D
1ED ST

A>T v A4 XRENEREE M X8 2 BTkl 72
SRCONN #EEDE MM FER L AR E R T (K 4). 12
R B S € F 2B W T, PSNR,SSIM [ 5 7
5,SRCNN #EBN T > 7 > 7 4 XRECEHTH 5
ZEHVHEBAL -

5.2 BfRRIC & B FEIEROE

Dropout 12 & 2 1HHHILZ KRS 2 HIY TR 723E[E]
HOAMIEZFER L AR Z7R T (M 5). PSNR,SSIM
M 2 &3 E A ATFAE LR WY TTOBGR X b H{bd
52 eI, £z, FEBESTFEE LR WEAIRE
KNG 72 B EMD D - Tz,

BB OMREX, VS 7> ) 4 X L TEE I
AT 29 TR I RKRELIMKIFTZZ EDHIBHL
7z BARINCIE, 3> T n A3 100 R 7 5 L
B3 EMB LDV AR ERT R EEZBND

X 4 SRCNN #3800 2

6 E=R

AT, A 2 — 2B L7z 2 00T — R Efh
BbD 7212, BHOWW - E 7 Vv EeflAaRbYE 2 F
FRRRE U7, BRULEMAECX D BEE 0%y
Y —ZEICBWT, BROEND Ay b U —2 %1l
FWHHABDOEZ Z I Y, B EREZ XA 7D
IEEHEERATRE CTH 5 Z e R L. SHBOMGIHEE L
T, S RILT — REHEL DD, RrREARED
I DBIEWZ ZZ T 2R ERH 2 EZ LN 5.
F 7z, BN O =Rt T — X O @B DAL T 5
RERDHZEZOLNS. ZOD, SRIINNIGT %X
A 7RI DEE &, B E € 7V DOREREIRIR & M aT
55,

HIEF

ARBFLE, JSPS B E 20K12081, Tt~ X~
b R 7 — VARFEBI R N TR KA R IE (42
97) S RBEMEBRARARSGRIC X 3.

SE X

(1] /NEFSPRRESH, HF b 18E, (LA AEh: BEIC K 2
A DEM O f#GAt, T i aeri o5 b St 72 3¢
45, Vol.9, No.1,pp. 22-32, 2020.

[2] FPRREAGE: PRIRSEENC & 2 AR 2 76 L 735
BREREME M OER, HAKETEREE |, Vol.56,
No.1, p47-50, 2019
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BIE SNS T, HAZLDa—HiICko TRIERTOEKENKBICKFEINTWS. 20k, RiFTE
ETVAARYIRMLY RRYDEEZLYD, LIRUIZEEROSREE N, KELHEMTEZAA—2 Y

MHENZERSER XN 2. SNSHD LY RIZ—fRICAFZ TV 203,

b LY RO b L > R OB

(FLY RREY b)) BHIZ 3LV, £ ZTARIFETIE, SNS OD—DTH S Twitter &V THIHD + L
YFU—=REPLYRRARY PR 2FHEORERITS. BRI T O 4 BB 217 5.

(1) PL ¥ Fu—FEMigEL (2) PLy FU—F/HM (3) PL Y FARy MEMifL (4) P Y FARy MEH
HE B O Twitter 7— X EAWT LY FZARy OB ETW, IBEFEOBEIMEEMREE L2, RIS X
D, SNSOMLYFEFEF =2 arREDT—ELAANDILHADAEEEZ R L 7-.

F—TJ—FK Twitter, Ny aRZ, 4 X MERME, B¢

1 ELC®IC

JT4E, Social Networking Service (BAF SNS) 7z &
DY =¥ VAT 4 7HERLTETWS. SNS I,
I—HFOEMADERIEREND ZenEL, ZOA
HiZr—V ok, BR, BELREBEARLODD 5.
SNS O—DTH % Twitter 1, tweet ¥ FHIN 2%
R - BRI D TR T 2 2 e 3T, fila—
WIEE N TV E WS KRidid 5. Twitter TlE Ny
PaRTENDE R T 2 —FREHED tweet 121F
E32Z20TES. Ny ¥aXTX tweet NED F—
T—FRDXI5KHDT, # wordl DXHIZ T# &
FHICRDEIN S, HAMCE T Ny > a2 7BEH IR
TW3 tweet EBWEFRI LA T TVREMHICHLE R LT
BY, EFEOHMICBI 2 ZDHEAEDKE X IFFEHHRD
ARy MTHEINS., ZD7®H, Twitter TIELIEL
WEED N Y ¥ 2 X 7% BT tweet B FEHIF & LN,
KELIIBEMTZA—R2F EENZBHEPHR SN 3.
ZDRED—2IZ, HETDFRITLTNEY) - HRD D
b, —RINCZEDY - FERII LY FEMEINS. bL
¥ RiE, Twitter NTABIINTED, YARNA - &
FDTIT o TONBD0%E ) 7ILEA DHIZ Z e N TE
5. ZD7®, Twitter IZFEMFD bL > F2H2FK
ELTHWSNE ZeDZ L, ZOBEWMD» RO =—
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AR —H OEIKR LR kA RIERD 70 5. ZDH
12, BN OWTONAEDFICH OGN, ZH5ICfThE
T2IHEREMRITOSEH R LTHHATZ A VS, L
L, FLY ROHIZIEY) - BERBRERA RS DD D,
FLYRTHZH (LT, FLY RARY b)) DA%
HBOEEEL W, 72, Twitter 225 F LY RARY b
DONMEZISET 22X TET, Web %4 F TOME
EHOVONZ I —FOEEIEZITLES.

Z ZTARBIZETIE, Twitter TDNy & 2 X 7 DI
WTDON—Z MZEHL, FLY RRRy b EMET 2
FIEERZET 5. BRFRL, BCHEBH % Hv
TA—ZAFLTWVWEANAY a2 XTI BN Y FY—FREL
THRHL, H#FLY FY—RIZOWTEET 2 2Ky b
ZRLYRARy b LTHHT 3. £RAMETIE,
HIRNTDON—Z P LTWE ANy ¥ 2 X 7B S 57
o, HIHNTO FL Y FARy FOBHERTEEIC L TW»
5. ZFD7=8, Twitter TOEISHEE L 22 o 72 H T D
MUY RU—RPBHTE, 2—9DPEETE 268307k
SEEREON EIARFTE 5. RFwsiE, AT ORERK
WHES. 2FETIX, ARBFZICEE T 27212 DWW TR
3. 3EETIE, IBEFECOVWTIBRRS. 43HTIZ, £
BfER e 2 L TOBZIZOWTHNS. 5 FETIE,
AKX DEFE L D SHROBFEICOWTIARS,
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2 FAERRZE

AFETIIEEFZE Y LT, Twitter % W72 RFZER A
ANy MEHICE S 2898 & Twitter TDNY & 2 X 71T
BET 24212V TR 5.

2.1 Twitter Z WA RY MEHBICE T SHAZE
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DRFEL ZRRZEEEAVNDE DS, ZDXS5%
HERFEDOFEIAT N T2 70 7 4 — B
LYEZIT, 74— LOERSESHETS. Zh
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6 | Daisuke Okanohara 9293 7 (45820) 6 | Hamid EBZD 173(2014) 1036
7 Stat.ML Papers 7259 0 (568010) 7 0(562674) 1001
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2 377 | physics.soc-ph : 177 , cs.SI : 47 physics.soc-ph : 226 , ¢s.SI : 38
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M2 a I 2 =7 4 123 F—Y VT4 EdEL, BN
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1 256 | ja: 182, en: 42, und : 10 ja: 154, en: 62, ko : 11
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? FDN Intelligence en en 4 | 0.111 the Digital Era. PLOS ONE, Vol. 10, No. 6, pp.
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Olof Nebrin en en 0 | 0.045 Technical report, RIZ2H - ?"ﬁﬁﬂl%ﬁ%ﬁﬁ, 2020.
[3] Andrea Chiarelli, Rob Johnson, Stephen Pinfield,
PR . - - . and Emma Richens. Accelerating scholarly commu-
ANTHIRERSETH D, FHCRADIGHETAI 27— 3 nication: The transformative role of preprints. Zen-
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ST, EMEERTED Y L — b7 —% &, il
WMT—F 2V, 7= DIERAEIZ SR [6] & Mk
ThH .

3.1 ZEiTERTEDYAI—T—%

Twitter Search API ZH\» T arXiv #isxX~\D Y v 7
ety A4 —F2IEEL, 2007 4E3 H 21 HA5 2020 4
1HISHETDY A — 1 3,077,409 2 S L7z, 2 C
TlE, XFF “arxiv.org” & arXiv ID Z2&4Y A — b %
SV A = ELE, T SkVA— ML TG
(LYY A=k -R&fEF) Lia—3E, SkvA—
FERfFoka—VFo7ruvEZznFn g L. R
L API OfEERIZE D, L - Vv A — b - RkEIH
LT, YA—HMIRLTZNEI 100 21—V BREE T
LHOHETETO WAL H 5.

SRETO =T |U 12 118,743 TH D, FIK~
RIS LT —F 2 &2 —3E U U 1Z 609,121,
7 AV EED =T U UUS| 158,339,328 TH 5.

NI 221 Lo TR L 2%y b —21%, / —
F#609,121, = v 2%72,032,829 TH 5. F7, X
BODI—THKIL 23,144 THH, AXRE0DL—HFIX
541,215 CTH 3. /NMii 23 1L >THER L 7= % v k
7 =71, /—F%08,339,328, v P# 7,683,307 TH
%, Fi, HXEO0D2—VHL 656,021 THDH, AXK
BODL—H1L8,257,8905 CTHS, 20Dy T —7

T, ARBDYNE 121 DL ED 2 —9%013 50,873 TH 5.
3.2 EE®RT—%

arXiv 7L 77U ¥ b =395 OAI-PMH % H VT2
SRz BT U7z, AR T, oM fes S iz H A
ZHWZ, 31T LAZER YA — b TEREN
T2 ECEE 981,865 TH B,

4 BREER
Afficlx, 2D Ry F 7 —27 2w HITS 4 —
VT 4 OSSR & ERERT

4.1 HITS DA—=YYVF«ELfi1—Y

A=V T B a—YE2IKTEET, =Y b
T—7DENIZKD, HRT 22—V REL 20890
ZHNL, Fo, 2—FOT ATV RMERT B LT,
Bot 72 & ORHEN 72 2 — D3 EMICER L T
ADPBHHEPD B,

KigZERAWI 2y b= 7 yu 7AW %y b
T—=71Z20TC, A=V VT4 EE20 22— %2F#K1
IZF & ®7%, Qarxiv_org & @StatMLPapers IZ Bot & &
505, @hardmaru, @DeepMind, Qgoodfellow_ian
5, T7A7Y (REPTH) 2585 D AL 20 22—
HHBIL, 26 7h Vv FB—HORICHIL 72, ¥z,
itz xy by—=2t7rnvzflwizty b
D=7 OWT, A=Y VT4 EPR0EBZL1—%
WL, A7~ v OIANHBIREE KO 7. 50,873
2 —PITRT ZMEANAHBIR %L 0.09 TH D, 1ZEAL
MRS IE A SN0 T,

KigZERAWIE 2y b= 7 ru 7AWy b
7—=7T, REFZI-FORBEEIGRLLMHEAZFFO 2
EWgG, EbEoD3y b= 20T, Bk
I—HEEFEZONLE OB EMICEHNTED, Iz X
SIZHONTT 5 2 & CHEE W) BUEZ ML TE 2 1lHE
PERREL T3,

4.2 HITSDA—=YITF14EEANIF LA

F=Y VT4 EOL =Wtz L, 12—V Do
WD DEFAET 20089 2 fE»D 5,

M lalcE (VY4 —F - v - 3RkE) 2wk
HITS DA =YV VT4 EDOEA 7524, K1blZ7 %
02O HITS DA =V VT4 EOEA NI 0%
AN M — R, BRI A — Y ) T ERIRL,
AR ELEMEFAL F—2 2V DiizZ 2 THAILT
W3,

M1la DA —Y YT 4 & 107° AT DP\EPHIC 2 —
FREF LTS, ZOZEhs, KK (VYA —F -
Wi < 3RE) ZHWZ HITS A4 =Y Y 7 4 D54
37 xa—%2 MW HITS DA —Y Y 5 4 EO5ARIC L
RO DH B Z D305,
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Proceedings of ARG WI2

#£1HITS A=V V74 EEfia—y

a. KInZEHWk2y b7 —2

[ ] Frth A

1 | hardmaru @hardmaru
2 | Miles Brundage @Miles_Brundage
3 | arxiv @arxiv_org
4 | DeepMind @DeepMind
5 | Stat.ML Papers @StatMLPapers
6 | Ian Goodfellow Qgoodfellow_ian
7 | Alex J. Champandard | @alexjc
8 | Tomasz Malisiewicz @quantombone
9 | Reza Zadeh @Reza_Zadeh

10 | Thomas Lahore @evolvingstuff

11 | ML Review @Qml_review

12 | Andrej Karpathy @karpathy

13 | Francois Chollet @fchollet

14 | samim @samim

15 | Russ Salakhutdinov @rsalakhu

16 | Nenad Tomasev @weballergy

17 | Daisuke Okanohara @hillbig

18 | Oriol Vinyals @OriolVinyalsML

19 | Denny Britz @dennybritz

20 | Nando de Freitas @NandoDF

(a) BOE (V74 —F - wed - 5ERE)

(b) 7417

X1 HITS DA =Y VT A EDOERA T T L

I—FDORIGIE, APITOARIZE D 1V A4 =Rk L
T100 21—V REF L2 TE R WTIR2S 5. —
F, 74097D%y b7 =212 D &) RHIRIZFEL
v, 2070 2o, bE Wz HITS D4 —
VYT A EOSRICRHYPEL 2 ~HThD LEZS.
4.3 EBELSYALA—MXTOFHEE

BefEan 6 A4 — £ ToOVHEER L, x5
CRETZIEE, A=V VY T4 BICHRDH %08
N3,

b. 7402wty F7—7

[ ] Frt B
1 | Andrew Ng @AndrewYNg
2 | Ian Goodfellow @goodfellow_ian
3 | DeepMind @DeepMind
4 | Frangois Chollet @fchollet
5 | Fei-Fei Li @drfeifei
6 | OpenAl @OpenAl
7 | Demis Hassabis @demishassabis
8 | Jeff Dean @JeffDean
9 | Hugo Larochelle @hugo_larochelle
10 | Oriol Vinyals @OriolVinyalsML
11 | Russ Salakhutdinov @rsalakhu
12 | Nando de Freitas @NandoDF
13 | hardmaru @hardmaru
14 | Soumith Chintala @soumithchintala
15 | Jeremy Howard @jeremyphoward
16 | Stanford NLP Group | @stanfordnlp
17 | TensorFlow @TensorFlow
18 | Christopher Manning | @chrmanning
19 | Chris Olah @ch402
20 | Richard Socher @RichardSocher

X 22 ICKIE (VYA —F - wnd - 3BE) 2Hwk
797, M2blc74uizf\wicrs 7 7%, ftil
FRE» S Y A — O HEE, Bzt —v
T4 EERRT, ERNIFEE T 7 7, AN 7
ThH3.

X 2a DA =YV T 4 1075 MHEICHED i DTFET
3. Ki1lans, M2adA4A =17 1 K107 fHTEICH
T BMEDMINE =B A — V) 7 4 B 107° [hEIC
o THEL TV LD TH D ET05, T, MR
777128V, K2, 2b DT 7 DML T
WA ERTDS, oI, WSS 7icBwT, A
EoABYN TS Z s, EEENEHCI—YITK
JEDES L —FPIEEL R\ LD 5,

0ZHAA—Y VT4 L, BEPEYA—FFT
DIHHBICR LT, A7~ DA% Ko 72
IGDFy b7 — 27 TlX 67,906 = —4¥ T, MHBIREIZ
—0.38, 74807 D3y F7—7TlE 81433 L—HT
—0.23 TH D, HIcAOMHBEE S . TEMHES D
5, WIFND Ry F7—7ThH, arXiv EREICHE S LG -
SML2—YRE ) EOEEEZROHAICH S &
W5,

4.4 arXiviaXNDERE

arXiv i LANDE KXY A — b TD K SO
DWTHEEL, arXivigl~DEMmE, DF D IERDFE
SHREA—V VT4 FEICBRSH B0 8 ) &S,

X 3a lCKIE (VYA —1F - wnd - 3BE) 2H0wk
79 7%, K3bic7+uv %20 r77%nR$. it
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(a) BB (VYA =1 - vwohn - EE)

(b) 7417
¥ 2 HITS ®A— ) 5 4 B & SOt HE

il 3 5 PGRSCE, BRI A —Y ) T4 AR, AR
K777, AXKIZHNE ST 7 Th B,

Xl 3a, 3bZBWT, W T 7 7IcBWTELEOA
BYINT0 506, ShENDR VL —FICEHEE
DEOVI—FIF NI L0005, £, W7 S
712BWT, K3a, 3bD7 77 DOMIERN KL T3
ZEVTNE, ZolL, RIGDXy b7 —7TlE, 74
07Dy b7 =7, EREDL > —F DOHEN
A=YV T 4 EBREOTHNEH LTV 056,
KDy Y7 =7 DHB7 x0T D3y v 7 =712
N, SREVEEEICEELEZ 5L 5

0ZB2A =V ) T4 EL, aXiviiX DS K&
WXL T, A7 volEfitHBZ RO 7z, RIBD % v
L7 — 27Tl 67,906 21—, HEAIREIX 0.50, 7 &
DRy b7 —7Tld 81,433 =¥ T 033 THD,
HICIEOMBE R o N7z, WD S, w3y
F7—2Th, EXBOS IR L ) ECEREEE S
FioMHIICH 5 2 EDTD 5,

5 &bOIC

AKFSLTE, EMANDORIGE Wity b7 =7
E7AuvrsHuizzry Py —=7I1ck s, HITSZRa7
DEEFXRT, F, ZNEFNOHITS Aa7 &, B
Kimin EDEMIERICBHT 2 22— 7 7 740 ET 4 D
RICOWTHRT, 2R, WV HITS A—Y ) 74
b oL —FDHITS A2 7F Ry b7 — 27 DENIC
X0, KRELBILT B ENgo7., £, Wiz b
V=7 L2—FT7 7T 4T 4 DR D B FRE—3L
LTWR I ENghot, INoDFERIZ, 7407 %
Aty b7 =2 EERANDKIGZE A Ry B 77—

(a) KIS (VY4 —F - woh - iEE)

(b) 7417
X3 HITS DA =YV T4 L arXiv 5 &V 4 — MK

27DVTIICEWTY, HITS 2a703H 2 ERTHOHE
HEERLTVBE I LRz,
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Random Walk with Restart & \
Y94 VEUEICEDCHREEETTIL

AU N

i A — &P

ARBIARY: KL BRI TR T o

a) k.nakamura@uec.ac.jp b) kazushi@uec.ac.jp

BE AW TlE, Random Walk with Restart & WFZENAED IV 1 VEHLEIZHE D Wz, BT T 712X 500
REMBETIVERET L. BT 7 73R EMREIRFET — X R=An 5L, WEOILFEIZERER,
MENBEO Y1 VHELE, BLXU0ZThs2llAGbE - 3BEOT Yy VEEHEL, TNETN% history €T,
similarity € 7 )V, combination €T &3 5. 3 DDETFILZ LICHEERE & LT nDCGQE 2 g 5. 6k
fERE LT, @EOMLAENEREGE a5 VHEOE 2 A EDE 72 combination € 7V O nDCGQE 23 b & <
BB EEMERALUTVWS., £/, xv N7 —JHEEDIKIZE D, Ty IO Tk <IRED 046 5 HEE

W ET LI L 2HALTWS,

F—U— R LFEFEEHE, G075 7, 2T —ZX—2, SUXLATA—2

1 [EC&®IC

WY 7 SRS O FE ISR DRI TF 54 2
72Tl MEERLTT A T 7% LT 52
ETHBAR ARG N TES. OO
BHBEPRASNTEYD, KEL2DDETIVIZHET
5. VDB EQLFEMERERIZ L5058 E X v b
7 — 7 OIEEREREFAT 2 EEEREE TV, 5
O & DIERE N5 PR S G T N B %R
BOTXANT—R%2FHTINAEMETVCHS. 1#
EERAE TIOVIXED T OWEEHEBICATH D, N
BAUETNVEESTOMEERBIZEN L INTVWD
[1]. HEEE R OMREZNZ2HEFEE TV L LT, Random
Walk with Restart (RWR) 23 5. ZHidry M7 —
7 ORGEER» S, /- FOHEME2HE B LIET €
TIVTHD. MEHERY b7 =7 F—iNeY —> v )L
2y b7 =2 X0 BEEMRNEEZ o, HLFEZEE
RUND Ty VEEHET DL THENEZR2 W ETE2
AREMED D 5. F7z, BAOBRE Ty UYDER->TH
NI E IS HEFE T E .

AL TIE, RWRIZIY A VEBEIZEIS Ty Y
BALZMEHERBETVERET S, 20X 2T
5ZLTHY NI DBEENRHMEL, 2y T—2 L
DR ERNIREBHETE LD RDLEZRS.
HEpEEE Ty V2 U7z history ET IV ER—A T A
e UT, HENEDHLEZ Ty ¥ LT 5 similality
T, Tho ZH AL D2 combination €5V %
RET D, ERCIIHERLZHBEETIVIC L > THEY
ASaMAL, HEERE & U T normalized Discounted
Cumulative Gain(nDCG)Qk % HiKd 5.

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

2 FEERRE

SNSRI OMSREHEIC AV SN 5 RWR X, / —
RuMmoDI VAT =212 835K — FADESE
REEBTIETIVT, /— RALOMELE L A X
N5[Q2. iFATYELTA—2 LIz ED ) —Rudb
&) — RADESHER r; 1%

r, = CATI'i_l + (1 - C)Qm (1)

DESIZREIND., ZIZTq, BEVrg Fulldind
WEE 1, MOFEFE% 0 & U7z one-hot FIRX27 MLTH
5. BEREITH] A BT FMIVORAIN 11245 £ 51
EHIEEINTED, Ay, &/ —Fubd o ~OEBH
RKERT. c 3BHE ) — N ADOEBEBHERE2EL, 1-cl
Bllh ) — R u lZRBMERTH S, iMDT VR +—
2%, ri ¥/ —Ku &fthid ) — REOHELE & Ade X
v, WMEEHEHBIIRHINTWS (3,4, 5).

Li 51X RWR ZJ5H U722 & #fEE T V2 REL
TW3 [4]. ZOETIVTIHILFEMFEE L LRFZEAH R
BRI NTH S DI & o TEBEEATFIAREAIF TN T
W5, #EFEREIX DBLP (digital bibliography&library
project) T—X+¥ v M TFliZH, RWRETIL LD H
HWERE G W & Z2/RLTWA. Kong 51 RWR 2
Lo THHEINZEHUEZREEL Uiz, Afifid D%
Bl ka5 EHEET VEREL T3 [5. DBLP
TRty NTHERKEZEL, RWRET VS LU
Li 5 OH#EEEE T IV [5] D precision & D EEHL b &
ZRLUTW5,

Araki S IFHIRNED 3 Y A1 VFELLEIZZE D W25
FHEET IV EBEL TS [1]. #HERHEIX KAKEN
TRty MTRHliE N, EOEICKT 2 HEERE
Kong SOETIVEIDEEB NI L EZRLTWS, F7z,
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WebA VT VIV REAVES I aVIFRETRE

BB B S E TSR E T L LD B
ARETLBPENTHEZEE2RLT VWS,
Nakamura SIEEMFZEE Y b7 —27 2l L 72#
fiido 0 FETLOMFEHBEET NV EIREL TV [6). A
WIFZEHE 3y N T — 212 % > TR ES L pHE DR
FRERBL, MEOKEZEZRL -HFEEHEEZT2-
TW5. BEETIVTIIHEE R MVOIE - fEE -
ANEMEIZYIRZ MLELT, BYRAT 1y 2k
WZEoTY Y I RNiiERZ FHIL, HELTWD. #HE
e E KAKEN 7 —& Yy NCRHliL, #52&E~_2 hv
ONREDOHERER RS ENZ &2 RUTW5. Araki
5 E L Nakamura 5 DFER L D, #FEERZ hLdD 3
YA VHEBE AR TTEHEREIZ & > TEHEREET
HBEEZD.

3 RWR &I 4 VEUEED K HAREHS
RWR I8 5 43 B O F 55 & HE S T I HLE )7
B IFZEE S & 0 HEERE AT (1), Zhid
Woetty N7 =228 2 ZSHMO Ty VRN
ZEWZHEEHLTWE EEZSNS. HFED RWR €5
U [4, 5] EILFIRFERR O EAM T AEERELTWS
N, WgEE Yy b —2 DTy VERBEHIT 20521374 <,
WERE W B3 2 aeMELd 5. & 2 TARIFETI,
RWR & a4 1 VHEME KO =y V&M L 7215
HETNVERRET S,
3.1 YA VEUEICEIS(IvVvIDESR
REE TNV CTIIIES u IZHEFER 3 T I2HED Wz EAL
k NDOWFEE #HEET 5. Af%ETIE/ —Nu,v eV,
TV Yy, =1{0,1} €Y L LTHI%EE XY N T -2 %
HHZ77G={V,Y} 2 UTEHETS. ZI Ty, &
H5EHE w0 MIZZ Yy VDEET 256 1, FELRVWY
E0shb. £, TNTNOMEREIZIE 1 NDOHF
FRKE L 1 A LOMFERHENHFHET D EL T
W5, ZIZTR—AFA VETIV %5 history Ty ¥,
REETIE RS similarity TV V&7

1. history ZTv ¥
e w LRI v DB E DL D
EB Wy ZHWT, history Ty ¥ e (u,v) &

en(u, v) = W (2)
LEETD.

2. similarity Tv ¥
W25 uw DMFEABDREARS PV E x, £ UT,
HFEHHE o & HFEAREFE v [ D similarity T

Ves(u,v) &

e {Il G

0 u="uv
LEHTD.

3.2 [HEITHIDOEE
Ty VBB e, e IR U TS 2 TN F N

en(1,1) en(LIV])
SV en(1,9) SV en(1,4)
Ap = : : (4)
en([V],1) en(IVLIVI)
S en (V1) SV e (V1)
es(1,1) o es(L,|V])
siVle(1,i) SV ea(1,9)
A= (5)
es(IV],1) es(IVLIV])
SV e (V1) SV e (1VIL9)

CTERT D, BEHETH] A, Ay 13BAT R NIV ORRFID
1127225 X5 ERHLT 5. £/, A, I3FHENROE N
POBMEZZREL, Ty YVERHIBRT S, e, DYt RiD
Ty VEHIRTAEME L &, &TD e, BALn LS 2
HIERT 2B n 25T 5. A, & A, ZMllAEDET
combination € 7 )V OB A, %

Ac = %(Ah + As) (6)

LREFRTD.
3.3 HEBUZXhH

WA o 73BT A A 2 WK (1) 2HWTE
B, Bonizr;, 2HEAaTORKIETY—ML, E
Bk NOWEEZHFEY) A~ LTHNT 5.

BE, 17— avi 3 EBRATHEILNEEL
, ZOLEDr; I

lim r; = (1 —¢)(I —cAY) qy, (7)

11— 00

TRING [1. TOBE ADHTH (I — cAT)! 35
FHITIEAR TR MBS 870, AR TIER
(1) AT 5.

4 MMREMEBRE OFTMESR
BEETNER=AT A VETIVOREEREE %2 KAKEN
TRty hEAWVTIHET 5.
41 KAKENF—%+twv k
KAKEN 7—& ¥ v h OWZERED & Fawfses v
N =2 BT S 20T Xty b EMHT S
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Proceedings of ARG WI2

F1ERTHVAIHEE Y T — 2 ORE
BHLRLERE  WIZSifEsk  / — N8l Ty VK
PR 2001 — 2014 140,063 145,045 275,751
FA N 2001 —2015 150,222 150,534 290,460

LT, $TRTOMESEOMERELEG TN T VD
P, MEEPHEERSIZL > TEIZHATE B HN
EIFohd. RS I IRER S, PeIM, s
FHeZDHKE, 214 M, F—U—F, BIOEHNTHE
BENTnWb., ZOsDT—XIEAPI ZHWTIUEEL,
2001 4EEE 5 2017 EEEIZRAMG U 7 i@ 2 i 5.
W D AL R FE AR I EL O H AR 2R REGR I R, BIFE
DILFEIFFITHE 2 522 e RIS T WD [8]. G
BNROB DS, AW TIX 2000 45 DURTIZBELA L
TR I L\, Ty DI EE 2 5 e
REZES[EDT Y VOABFET B ERET 5.
4.2 Tty MDBENAIR=IF A —FIRFK
NAINR=INT A — R DR L HEERE D RO 72
QRO ZE XY b T — 27 ZHEET 5. 2001 FEEHD S
2014 FEEFBROMIEHRENSHELE L2y VT —0 %
G ={V, YL} &L T, NANRN=NRIFTA—-XDERIZH
Wb, F72, 2001 FEER S 2015 F B O WS
SHELEAY hT—2% Gy = {W, W} & LT, 7
A MZHAWS. [FRRIZ 2001 D S 2017 FEFAE O
FREDPOMEL -2y NI =2 % Gp = {Vp,Yp} &
5. FEERTRWR 2#HT 5058 E *y b7 —2 G,
B Gy OMEZE 1LIZRT. NI RX=RFTA—=X
& U T similarity €5 )V & combination €EFNLDIT Y Y
es DIEDOREME t € {0.2,0.4,0.6,0.8} H K OMEAL D RE
n € {10,20,30,40,50} ZRET D, NANRN—NF A —
RPRIED T — XXy N EHEETFISRT.

1. G 25 Xp, = {u,v|u,v € Vi, yu, = 1} BUfF

2. Gy 5 X{ = {u,vfu,v € Vw,u,v ¢ X1, yy,p =
1} HUfS
3. X[ 5500 T v XAy YT v, X EUE
4. RWR % X1, IZH#M, X[ CHEEREE
TAMEDT — XXy M pEIGiEETIZRY.
1. Gy 5 Xy = {u,v|u,v € Vy,yy, = 1} BT

2. Gr 25 X{ = {u,v|u,v € Vy,u,v ¢ Xv,yup =
1} Hufg

3. RWR % Xy (@M, X! CHEE RS

0.5

0.4

e

—— history —— similarity_n10
~——— similarity_t0.4  —— combination_t0.4
0.0
0 5 10 15 20 25 30
k

1 £ETFIDFY nDCGQL D Ll

0.1

—— combination_n10

4.3 FFRENY MLOHEEE RWR

W5e 8 u DR ML x, OFEFEFIEIZ DWW T
5. JEREREMENTER TdH 5 MeCab|9] % WIZEE u HILH]
TAWERED XA ML - F—7— N -2 EA L, 3
WA - EA S PITERIEH O % Z T T 5. Term
Frequency-Inverse Document Frequency (TF-IDF) %
WAL, WREERZ MV {x,|ueV} ZHET 5.

BEEEATH Ay, A, A, %2 LFIRZEREMR B & CWFZEH R
7 MV x POMET A, f5EE u 20T 5 RWR Ol
HazZMEO(V)i)Thh, HEEDE |V 14TV —
Ta Vil KET S (7). AERTEIA TV —Yarvi%
100 IZEXAET 5.
4.4 HERE

PR HE v & FEEITIL RS U 2R D5
HGrE VI L35, WESHE w TS 28 AN VE
DAL FHOMGEE % v; € VE LT, DCGQk i

k

I(v; € V.I)
I(v; € V) +Z Iy €V) (8)

I
= 082 J

SITRIND. 22T, BREE I(v; e V) IE

1 v; € VuT

0 Vj ¢ VUT (9>

Hwevf)z{
%m7:9. nDCGQE 1X DCGQk % d DKMl dyy TIEM
fLL7=METH b, .

DEIIREINDG., ZThS2MEHIZEHLTEHLES
DEMEFEREEL UTHMAT 5.

5 MRAEBHBREOLKREER

NANR=NT A= RELROKER, similarity €T IV T
Xt =04, n=10%2#RLTW5. £/, combination
EFIVTHABKIZE=04, n=102FRL T3S
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WebA VT VIV REAVES I aVIFRETRE

# 2 history € 7 & similarity €T VDO Ry b7 —72

T =R To VB I RO

history 1.51 x 10°  2.90 x 10° 1.93 3.83
similarity t = 0.4 1.51 x 10° 3.68 x 10° 24.4 4.59 x 10°
similartiy n = 10 1.51 x 10° 1.51 x 10° 10 0

= history
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BIE AKOHNE, 2—FOHFADF ¥ I 7 EXNEET2aI v 7 BRRTIBFMOFEHTH 2. HELL
FAWsRTn3 a3y Z7BRRTIE, MEHEPEESL, Dy v VERRY a3 vy 275 3n=ilz sy e L
TWBH, aI v ZIEET5F v 77 ZROMBPHAR L V- HRIE, 23 v Z7OBIRICKESEETZI2D
Mb53, ZRCESBRRIEITDICHIZIATHRY., ZARBRT 27200t LT, AFETIEFy o2
RERBTLHMHMER (eg, HHH, BLV) RHARER (eg., £E, BH) 27V LTHHT2MRTFIE
PIRETS. BETETE, Tho0BEZREZHAOF ¥ 7 7 RINMBETEZ X5 LTIFADF Yy 77 X %K

B2 e THUF ¥ 727 ZORREFICT 5.

F—U—K a3y FyvIrX MR, SHEH, IDF

1 EC®IC

E R - BARREER LT OFE 5] 12 XAu, =
3 v 7 OFFIFITEHBUIBE 1 F R R R HA
WIMERT 2 Zogkiza 3y 7 odr s —5 Ok
REDICEBR LU ERHICHE S DXRETH 2720,
FOEIBRFEREIIET L2 AT LADERIKD HNT
W3,

FIRTE, ZogkzazyZomhsa—¥pa
SV EMRELY 7R AT 3 FE e LTHEDY 4 k
RBETEERTYA N (eg,a3Iv2r>—E7!, Book-
Live?) OMBRERELFIHI NS Z 2232V, 25 L7
TR RABITIE, 2 —FET v VVER (e.g., BIHFR
%), (i, EE54krerszyelTalivrk
MET 5.

L2L, ThoDH—bERATIEaI vy 78T 3
¥ 77 ZOMRHRE Vo BRI, a3y s
DFUCKELSFETZICDEDLL T, Fr X7 XIER
WHED CMZBFE LW, FIZE, TR TELWE Y 727
APEGT5aIv ) R [KRYCTHNEX Yy I 720
BET5aIv 7 OX5%, NECHEDLEHREZ =
D LERREEIR T ThbiTwizwy., 25 LRHE
MEFHT 3728, RFFETENEERICHESI 3y
IBROEHZHAAD.

MHSIFa Iy IBRIIRS AT 0D—DL LT, O
SV IDBGFX Y T 7 RICEH LEBRROFIEERREL
72 2. ZOFETIE, 2—FOMAIOF ¥ 57 X%k
AR (eg, EMEHE, BLWV) RHRE (eg., &%, W
) HERMRET2 2T MlarricBunzEL -
¥X¥ TR OXIBRMBEARICLTWS. LHL,

Copyright is held by the author(s).

The article has been published without reviewing.
'https://www.cmoa. jp/
’https://booklive.jp/

ZOMETIEF ¥ 7 7 X2 OEFEZBELT 2BERICEV
T, MR T2F v 77 XN OMCNRERLR YR
one-hot TERIHL TWBHIZZNEDRICERE DA
WL, SRR R L CERNSIR » 7o AR
PFLBELNRN. 22T, MBS h-EZ0S5B Y
DEZEDBZDF X 77 ReRHT 25 Z TCEELRER,
% KBLATREIC T 2 BN D 5.
IHOLEERDT, ARTEFY 77 R BT
R U THRERAREZRICEHL, 2hehznld
THAEILT 2 2 2 T2 OREDRRZX 3.

2 SITHRZE

STy 77 ZIEHRICH I a3 v IRREFERT
572912, Web Er i L7zF% v 7 7 XDiH %
AwTzaZ s s k20 EilA7z 4. Z0F
ETEEAROZT 770 6] 1c&haIvioxy T
7 RO TLRITDNRY MLV TREFAL, FvI77XD
MR EHEE LTz, BBREFEBICED, v 727 XOMMH
L A—YWERT B F v 77 XD T B GEE
L7ce 25, Bh%DNEETHE TE L Z e SN T
W3, ZORRIX, v 77 XOMWRICED S FHLER
RHAFHETH 2 Z e B2RLTWEY, BIRTIZ 075K
[ERAZEANY 1NN

K S I MASIEHIS T TR F v 7 7 X2 O/ RIERD
RBETHBL L, HABRZROMBEICHE S Xy I &
MBETFERERELE 2. ZOTETE, 2—F oA
DX ¥ 77 XeRICHBLEBM-HIRT2Z2T ar
VICRAIMZERL72F vy 77 &%) DL RBREAREICL
TW3. L2L, ZOFETIERCHRZYDERS
XAE 31 one-hot TEIEL L TWB 78, Fx¥ 57
Rz RS 5 5 A CEHELRFHY & SR R XA T =
J, MBHEOERICIH > -RBHEEIB OV LD
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EHRESCBELST 2 2T, MBI ERD S
HbEYDEENF ¥ I 7 RIZ o TEMINTWENEE
FATREIC S 5.

3 THAa s

ARETIE, BEHID X v 5 7 X 2B e RO ESR
EMBET 2221k T, HlllF v 77 XROBREA
BRI 22 2HME L, DITO 3HEHEICHED s,

(1) F v 727 KxDMH - HARICHES CBUEE

(2) F¥ 772D - HNEROMBEICE I F v 5
7 ZIRR

3) F¥ 77 RDHEEAERREL T E TR R A TR
VAPNOE £25

(1) TlEFv 77 2EFUETRIT 27-00M4% - AR
WEO K HELOFETH 5. (2) TiE (1) OFUE(L
FRIEDZ X v 7 7 X ERONMBEZITS. iUtk
D, BIZE T¥v o772 A+Fv57 7% B) OHERLT
58T, ZNThORHERbEbELX Y77 2%
MBI 2ZZeDWA[EEICRS. F/2, (Fv o772 A +E
F 2T 5Z&h, lar ez L7zFx 77
| DEIWHEHEEITHOZLNTES. (3) TlEFv o
I RBELRONBEE2 T 20070 &AL TIAT L%
FAEL, 2 —PFEEREZE U TIRETEOARIESR IS
DWTHRGAES 5.

4 T2ty OER

F—Xt v b OERIIMH S DS 2] 25EICH X
FHRICEHL UTo 2. AT, HAEZEDOSBx %
77 XDOWKNBERTH 2 MM e NRBEREWNRICL 7.
HEEFIEZ (1) BROPE, (2) BEEDIERK, (3) BRD
15, DI T2, &4 DUFIZOWTLL I3,

4.1 EBEROPNE

i Z BRIZOWTIE, ARICHE S BRI TRl
MOBEREED S [1]. ThOHABERERIT 358X
—ENDHIR T X2 b DTIE L, BEADOEH!
WHRHIRTHEINS. 22T, BEROT—XEy b %
HET27-DICERO L —FPEHRICEZAD B3 HE
S Web HRIFHEZNRE LEZEZINET S 21
L7z. BHZMA Web BRIHIUIA > X —F v M
T2 CHDDLELMETES Web 4 M TH
%. AFETIX Wikipedia?, 7 =7 & Wikit, —a=aX

Shttps://ja.wikipedia.org/wiki/
dhttps://w.atwiki.jp/anivotawiki/

BHEP, 7 7HBEMSOY 4 MERALE. BHHS
A Web HRISHLTIX, BHAESE - X BMHEIIFAZEE
ELTIRONT WS 20, FHESIE Web HRMHEF#
T MHZER) 2 TH2EE L Tilbhitwn3
FEEGEIT 1403 FEINEE LT, 220 b EHBE T2 REIR
RNFRMBICRKT 2RIAZHIRL, BEREEZRT 11725
SR L.

ZZT, HABRIME LN ROBEELEENTVS
72T, BEBATREERLTORVLDHD (eg.,
7L, ZOf), v 77 XOMMLIHNRORHE R
LTWRWERE (e.g., IRE], HAH) 252, Zz07
O, EEREDTEHTANDT ) 57— a U MEEICKD,
PERS S OO R 2 SR IC R U 72 HEE (eg, BHZ W, 10
#, %), HWX (e.g., HEHFZ, HIHED) OAZHH
WL #3250 LT, 4 ALLEDHRE £ 7213404
RERTHL LG a 2z 08EemMtissz L
L7z, ZAUTED 8KEEDERZHIFRL, 1087 3E% F %
77 ZOMREIIHRORHZR L TV L EZEORI
CLTHALL.

4.2 HEDER

IV L-ERENRIC, 20 X5 TR LELOHR—
BiTolz. BT - OBDR - BRI F ORTIENDEE
FTEHRITOWTIE, BRI 21T weblio fFE ¥ HH
S Web BRIFHMOGFEEZMERL, RKidfihv LT
AEENTWEREAEZ DDA T3V IH— L7 Hilz
E, #i—wio T“xvH, » “=hH, » “EH, 7 “Eh
H” | ZERCACTH 203, T - OB XD
FORFIFAUC X DERORENRIET 2 2R d 7
B, HERIFIH— Lz DX RFE-NEEITS
LT 1087 FEOBRRILE 578 3E (MASHGERL © 286 7E,
AfRLBAEESRL 292 BF) 1T DIAATZ.
4.3 EBEROMTE

X 77 MU TERENGT 5720, AFETiE 8
2% Ky b3z TOBRFIITHE O 5 200 1EMHIC
BT 51438 ¥ v 7 7 X xR L, HHSHE Web
BARHEBEZHNTE v 5 7 XOHHIHE TN ER
LTz, BUE L /- CE R UREEMNTTH 5 MeCabS %
AWz Zrickb 4G, A ZHiE32. 2O,
[E 4 /e ¥ % 789 X ¥ 72 mecab-ipadic-neologd® D&
EEHWS Z LI 2RO —%{To 7. i a7/
HEEDH S AR TR L 7= 2 BEOREEICHY T 5
HEBZZDX v 77 25 L, 5 ahiz—fle&1

Shttps://dic.nicovideo. jp/
Shttps://dic.pixiv.net/
"https://www.mangazenkan.com/ranking/
books-circulation.html
Shttp://taku910.github.io/mecab/
9mttps://github.com/neologd/mecab-ipadic-neologd
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K1 F*x727XALOEEICE 2T FILIERK
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\—ai %
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IME, %o5hH, ¥Vv3H INE
QY IANT—, a7, RE | gy A7

IZRT.

5 REFE

ARTIEF ¥ 77 ZEWRS B 2HRO S BIEE L 4}
RICHEE L TRIE 21TV, EREHWTINRES 2
ZETHETBHNDX v T2 R WHKT 5. AT 5
YT, ¥y I X ARBMERLF v T2 4 %
Xy 72 ALFY I 27X BERLADER) K57k
PR RIS H LAY v 7 7 S REREATHEL 35
(1 28) .

51 MREREZRONRY ML

¥ ¥ 77 X OMRIIERONE 25 & HE TR
NTWB 7o, AL HEORKRZEEE R L T
ERBT20ENH L. 22T, MEEROEKRE K
Mg 2 Z 8N TERHEOTHERZHANT, F¥77
BITHEER 7 FLEINZ % 2 212 & D BB DM O =ik
RS TS RIT 5.

U EDEZICHDE, 577 XOMEEZEIE word2vece
DFHEIC I D HFEOTHEITR Y P2 ST 5. 2
2T, N7 FVOERHIZIE Skip-gram[3] ZHW. Z
U X D XEDFEIRICHIE L8 rae 72 b, JE

DHFEFH LTV B HEER T MR & % X
kDB, 1L, Fx 77 RIATE UM ERIEE
YT B HFER M LTV 2 O TREIED GRS
729, HiREGREEE T 2 X 5 R FIREHEY 2
5. T, FBIENEE % X8\ aT R TR E
FROIEF% T > X LA (L X BEEIEO BRI ZE R X ¢
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
VR LI H BIHE epoch 8% 5 HICT7 » X (kL=
cos FAMUEICH D  FHHFE O H GRS RO —Fil %
K3IWRT., ZOMRERZ L, “BHHZW X T9tkK,”
“KEME, “PaF” | 72 ¥ OHEENEWELE 2R LT
WBZEHHERTE L. 25 DEFEICDOWT weblio &
FUTHLEERBRZITWEE LTOBEIA TV EER
MBL7ze 2Ah, ANHEETHS “HH W S HiGE
DEREE LTIEET 2 Z e DR T & 72
5.2 HAREZRDOANZI MILE

X v 77 2DOHNRE, HHSLIRNZREDa I v 7D
PRI X D RENEHIN S L 512, HRERDER
PEBLTHRINATORY. 207D, BEOEKE
LU TS 2 RIS 2 BEE D BB O AT AEY) T
Hb. ZZT, ¥¥ 77 RONRERBT27-DI12, %f
R T 2% v 77 XD ONRBEREEUENLT 5.

Ohttps://radimrehurek.com/gensim/
Mhttps://thesaurus.weblio.jp/
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HiEE A2\ 810 HimH L—RX—F—

MER | FEMIEEE  FEOUE | BEOUHEGE  JEOUE | EOUHEE  BOUE | BEOUHEE BELUE
1 T 0.675 IEE 0.754 XY 0.706 | AN#E->Zw  0.610
2 KEME 0672 | EXZKE  0.647 R[] 0.566 BH %W 0.542
3 PRiE 0.612 SEL i 0.606 | BZFEAM 0507 Pris 0.536
4 | NHoZw  0.604 R 0.552 (e 0.481 BHEA 0.537
5 h%E 0.601 [HEE 0.483 R TE 0.464 B 0.479

AFTIE, *v 727 XD RERITH L CTREGE
ERT 202, [ZHOF v 77 XIS 2 ERI,
¥y 77 ZRORHEEEICIEZ R S50 L WO REICH D=
IDFEEHAVWSZ e Lz, ZOFHEICED, DELY
HRLRWERZRGEE L THATE 5.

6 TOMZATIRTLDORE

6.1 > XTLHER

ARG TRUT T — SER N CIREFECESEZ X v 7
U RMBEDT NRA TS RTLERERE LTz, Y AT LD
FEIZE 7Y P2y R LT Vue.js (ver.2.6.11) 12, N
v 7 L K ¥ LT DjangoRestFrameWork (ver.3.11.0) 13,
F—&ZR—2 ¥ LT MySQL (ver.8.0.21) " ZF|H L 7-.
PRFNEZ ] 2 127RT

6.2 AVRATJ1T—X

ARETIERLUMER 7 +— 2IE 2 O0FHEL, 1oHD
FX¥ IV RMETHY 20BPEEMKRD 7 +—LTH
3. X7 EZBMRT +— 212, 2—FOHHIDOF ¥ 5
7 BZD I N — WARO—HDLFTZIRER T +— LI AT)
THZrITED, BENCEY Lx v 7 7 ROMRER
LT ENG. BZREME L TRRENFYy T2
REIZVwI7FTBHILICEDFy 77 20RO}
RoERpnfifbansg (M32R) . zodhhrs1—
PHRNMBET 2 ERLEIRT 272012, BREZ ) v
THIETINREZAREE X8z, BREIZ VT3
ZETIRREN TV R ENEHE I N, HEPIE, F6
WRE L 72 5.

* v 77 ROMBRBR Y — M F ¥ 7 7 ZOEEAD
EEEINS. = NTEHREFRLOMBEITTHDR, cos
FOUERSOVEM 10 F ¥y 77 ZPMEFY I 7 X2 L
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EN10F %572 THD. 2TEYHEZID LI
&b, zhrehBHaENFx 27 X eMERT 2280
TZX 3. MRBREINZZNEFNDF ¥ 77 RITFHEHA X >

Phttps://jp.vuejs.org/index.html
Bhttps://www.django-rest-framework.org/
Mhttps://wuw.mysql.com/

7V 7F 522k HEHSMNE Web BRI L)
OINEINXELE Fv 77 NG IN-EBEERS
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7 EER
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AIRETH 2 2 EEIC X D FE 3 5. EFETIE, Lido
TR L AT 22— IHHALTHSHS 2
WEDF T2 XBBOEMEZEEL 2. EERiH &
BEE»Sa v 7 EHUFEENG Y L.

7.1 REFIE

FhrlE X, BPERER AR T 2944
D20% (BHE10AN, 10 N) THo7-. FEEBIKk
b, EBBHFCHLT (1) EBRoEW, (2) 2%
R T AOEESIA, (3) FEBHED 3 DDHEHE %
AL 7z, $RZ S X7 2 OEHIHATIE, ¥+ 77 2K
(e.g, A7+ —2ITF v 77 ZD—FHDLHETE AN D
CMRETES, v 77 XD4HTIEZ Vv 735 HE
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ENFr 7 7RI LT, HHSME Web FH R}l
DX v 77 XEREMETEZL, F¥vo77X%V”
STEBHEMDA SR IR—VFEHWE LT, ¥v 5
JRDA T A MNEREHRTESL e BInZx 2. 2
XD, 2TOEBRSMENFEICH NS > AT L DOHKRE
PHELTWAIREIZ L.
AREBROFEE 22—V OO F v 7 7 2 e
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BTREMADF Y727 XOFHTEIRRTDXxFY 77
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7. TR, TRy o7 KAL) OFBEEITo2, Fv
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