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Abstract:
the general users who would like to share and enjoy the published works. An effective and efficient

Websites accommodating user-generated content have been becoming popular among

search /recommender system is however required to adequately link the publishing users and the
consumer users. In the present study, we target a Website that provides an arena for sharing
Japanese novels authored by general users and propose a system for making a personalized recom-
mendation even for yet to popularized works based on the quality of the sampled sentences. This
may contribute to discovering “hidden masterpieces.” The proposed system may also be able to
uncover works that might match a user’s preference by measuring the similarity to already-read
works. This paper specifically presents machine learning-based frameworks for estimating sentence
qualities and predicting inter-works similarities. The preliminary experimental results suggest that

the proposed frameworks are promising in implementing a recommender system that may satisfy

the desiderata.
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Novel Reading Support by Time Series Visualization

of Characters and Positions
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Abstract: This paper proposes a time-series visualization method of characters and positions in

novel text. The proposed method will support users when they restart reading books. Once the

already read part of a book is given, the proposed method extracts characters and positions every

sentence and visualize them in time-series. As the intermediate report, we conducted experiments

for a method of extraction of characters and positions. The averaged precision was from 0.88 to

0.98 and the averaged recall was from 0.79 to 0.97.
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A Study on the Application of Linguistic Pragmatics and Consciousness Expressions
to Advanced Technologies
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The Open University of Japan 1

Abstract: For dialogue systems, machine translation, and human agent interaction, it is illustrated and
discussed whether consideration expressions such as honorific expressions and treatment expressions are
really necessary. Artificial intelligence in recent years often refers to deep learning. However,
knowledge-based artificial intelligence no longer appears in the table. Here, in this paper, the pragmatics
and consideration expressions of linguistics are arranged, and how much is reflected and realized by
advanced technology and how far it can be implemented is considered.
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A Study on Automatic Feedback Massage (Generation for Asking to
Withdraw SNS Message Including Toxic Expression on SNS

PR ASA 1 PR
TODO, Yuto! NISHIHARA, Yoko!

L7H F g
YAMANISHI, Ryosuke!

UL ATAE R R L
!College of Information Science and Engineering, Ristumeikan University

Abstract: In this paper, we conducted experiments to obtain the most effective feedback sentence

to ask for withdrawing SNS messages including toxic expressions. In our study, Cognitive Response

Model and use self-talk feedback to SNS users. We prepared four types of self-talk feedback sentence

and experimented the four with questionnaires on the Web. We set four types of condition in

obtaining a feedback sentence: whether or not a SNS message includes explicit toxic expression,

and whether or not the feedback sentence points out the toxic expression. Experimental results

showed that the most effective feedback was a sentence that presented a sender to a receptor of

toxic expression. We also found that the self-talk feedback was more effective when a SNS message

included an explicit toxic expression and the feedback pointed out the toxic expression.

1 EL®HIC

EEDA VR =32y POBERPAIT— T+ DF
FEREDELY, IN-hEENS A VX =2 Ml
NABERMPHIML TV, MBEDRAR 1] 12LD L,
2011 4ETIX 13780 5 19 RIT BB A — N7 4 VT
ARIZ14.6 8S—k Y FEo=DIZR L, 2016 F121F
814 X—t Y NMIEFTERLTWA., Z5L%EZ%Y b
HE2OERIZE->T, FMEMELIET /T, 1 &—
v bOGERGMEEIEDR>TLE>TWS, TD—
BIDIA v R =2y FTOWLSTHY, HrilidEre
THLZOWEPREINT NS,

1R =% P ETOVWEDIZDWT OIS, T
ZBi SHIZEIdEE < frbh T3 [2,3,4,5]. 1>V X—
v M ETOWLDIZBWTIE, #WEHIZE > THER
FRERET A2 L& TbNE Z LA DB [6]. 1
VA =2y M ETEHEATHSTED L, HFOD
BN Z 7202 e s, BB ER - ENPT <
BoTULED, Whpb 7L —3I VIHEENKRI XY
7> TW5 (7). AFRBZECEME 740102 v
T BEMBPEEINTWED 8], AERHEZ LK
FADRINTUES Z2IEBAS Z 2 IXEEL . 2019 £
6 H1Z1E Twitter IZBWT, BELREREHZ2EL) o4

AR ¢ T AR T2

W LR R 1-1-1
E-mail: nisihara@fc.ritsumei.ac.jp

PELSNDE, VII914 %%t a—HFLeEzDT74+0
T—%EBLRENS ) TI4DRINDERENFEREX
N7z 9. Thizkv, BERHZELY 771 I35
FHLNP SR ZeRTERVREIZAR 72, 6
IZ, Instagram T® BB ZLNA % &L ERE &2 A4
NiE, “Are you sure you want to post this?” &, L—
YaidHRE 2 522 U7 [10]. BERIZ HETERFEDS,
WEEXZDOE L D ADHIZMNILNE S I2T HHLD
FADHED SN T WD,

7272—HT, AERIZECHENE —HIITHEIL
TLESE, k0 —ERBWEENEZT 21—V OK
FRbEzfLTLEY, AVDPSRAZWNSIZESE
W WHGELR B R E LT L ES ek EE R o b, £
NTREA Y X—%v b2RAT5EHRE T VOENT
F A B EMARMFRIZE > TV, 2y P USIZ
WU THIME I NVBAEDHADMBENEERINTED
11], 2—YHGOHNET, HMEID FIFSEsZ L
HRBREEEZZ O5NSE. X 51Z, Instagram 7 & DFIE
TIE, REINDET 14— KNy I XDPEIZRALEDTH
5. FERARZIGUT 7+ — KNy ZXX&ERKL, R
Tk, AERRHEZECEFOID Nt
LTIV EEEEZON5.

AMFSETIE SNS LA FERE %2 & ORI LY
T RTAHEERET LI 2HNE TS, 207
DHIZ, ARZBWTIEK, AHEREOD S biE~OED

oozodod



2R, BOZECEBEOMD FIF2ET I EICE
74— KNy 7 XUZDOWTERIZE DS T 5.
T4 — RNy IR E T 2 D TIRRL,
Greenwald @ [FBRORKKIET O] [12] 5%
WL, BBECELVT h—22BZIIE2EDLT 5.
AWFZE T T 5 BeFa# 1L, g ioxt U TR i
Fa (D &S m@iEalm (13) 2L&S5 &L Tw
B5ANTIERL, E,rSDERMZZIT 5 L1178 ZE A
HANTHS. T2k, FHEIMEZEDIT 55
EELTLEO>BRMEASBHREL V.

2 FEEMMR

U OIZ, BEARIZDOWTOREMEZMENL, K
MEDALEN T 21TS. Greenwald 1& (50450 851X
m7DtXJ~£VT,Aix/k VEZITES Z
CTREZAZEITOTIIRL, Avke—IU%%T
WMo BIZIF58 NV T b —2IZ X D EEEAZKI T
LLTWA 12 w7 h—=2 LIFHOZFETHY, H
SEHEIZHUTEL»MIZZ2TH B, BEFD SNS ¥
1 M TIREFROMRZ T A2, 27 b—2FEX0D

PR AV S & 2 m@“%%@tié\ixb\. ARFFE T
i, BV 7 b —=2RD 74— KNy I XEFHAL, &
HERMBEDOENEIZDOWTH S TS 5.

RS OWEIZENTIE, Ry rvail—
REHWCTHEEEK ZIIET 28R MR A vy -
DWTHRGEEA T Tz [14]. R E P HSF L 72 BRI
AV —=UDNRINDGEL, EEZrPDLST,
BEA Y 2=V DBERREING 22—V DR G1EE
Woz, AvE—YDXHE U TIEEE R & e
D2NRR=UDHWSNT., KEEL 7255 R, “mmg
ST DOWTIZEWTH, HEIEORRIZ
WIER S NnDS, EER Y D HEHTID A v —Y
DFAR, FREPZELUTEHEIFHRTIEND 2L
hohotz, BERIAZ LMY T2 R VR, Tib
HHIREND EKFELUL BREEEL2MH -2 & n
B D EZSNS., HOWE 15 128 W\WTH,
i EREDITE 2 T 258121, [~ \WTL FX
W] I EBENEERBITIERL, [~EPdTHEEE
L&oo] HEMEOEVEIERB2H WS Z & 0%

WIZEHAHRINT VWA, 26D ehs, XM
LoTH, BEARADHENLEDLLLEZ NG, K

H%Tﬁtw7b RO HZ, MEADH K
R RETREZERTIHD 2 D20, TORE
EHGEET 5.

ooboooo oooooooo
000000000000 00O0o0oo(@230)
SIG-AM-23-04

3 EWTFFIcER A
74— RNy IXDORAEER

O FFCEM L7+ — NNy I XORETEEFT O
, WREFEREIT o7, FEBRTIX, WEE25D,
TUr—RMZEET B BIKIELZ. T — M
REDNL, WO FFICERT + — VN 7 X% H#
HLT-.

3.1 X£EREM

AFEERTIE, PATFD 3 HE2HS T
L35,

1. OO EARZERIZED FFIcHE5ET501?
2. BOFEEIZEY TIFICHFESTE»n?
3. )7 b= OFEEITED FIFIZHFLSTE0?

THEIEEHMW

1 DHTHSMZLEWT 1%, SNS ANDEFEXD
HZEONEEFND L &2, TOEOOHEL-IZ7
V=A% 595 Z L THD RIFRE LR 050
ThHhbd. BHRYATLIEVERINE A Y —ViL
I NB S TH DD, BODHEEZ BIRRIZHERET
5ZeT, EHINDZEAEL, FEERMIZED T
KN ENDHHEEN D B .

2OHTHISMZLIZWTZ &1, %&Awﬂhim
FIZEENDEOLVPEEREOOEEIZ, BLY FIFK
ﬁLﬁé#Eﬁ#T%é.%%fdtV%D(%ﬁa

8)@ HREMUTENTWBREEZONSD, &
(A ,EEL‘BJ:b’Q‘ib\’Cbi ZeEHY, 8
%%T%K%VTbiot; e I, FESRIZEL

D RITRDY EDVBZHEEEDD B.
3OHTHOMMILEZWIZ &, VT h—2%Z

XEHBAYE—VORAN, ME~NEHCERET HE
KDy, KEOFZZBRTIEADNT, BH FIFRR
EWRBNESNTHD. MENBCHEETEILIZE
0, FEADHLENE T, BOEFEZ D72 E -
RGEEEZL, DFED LTI N—2EBITIEN
TE, MEEIZED TIFRVEVZAHELDZ. —
HT, REOFIZEBRT 254, HEDOMREE%Z
FIN-7=568%2E25%. 2bobv L7 b—2%2EZ
TIENTE, FERIITED FIFRE B2 ATHEMED
b5, EAOHEIIEZTNIZS WD, LT h—

ZFEIDIZSWEEZSNS.
UED3SODZ RSN TEI L%, KERD
Hije 3 5.

oo2z2znoo



e RN A WASRANE =4

wovay | VT =7 | BEARED | BOOER
1 @) @) @)

2 O @) x

3 O x O

4 O X X

3.2 EERRFIRE

FERIZIRDFIETIT R o7, HIOIZERE (B—F
H) BHEEBRE R AET S, HEBRED SNSANEO2ET
Bz AT WD ERNEL, HEBREIIXEDO#RX
CERFBXOED FIFERET 74— KNy 7 XARREIN
5. WEREIIERF XL 74— NNy IR AT, &6
XERO FFa0nE>0z2mET 5.

BRSCOH D FIFIZoWToEMIZ, BrOoiEho
Y, BERBOANELCRMEE2ELX, 4HDE2
aviiaF b, R1IZERIOX® 7Y a v T
DEMEFEERT. BETOXEZYa il T h—2
BRDT7 4 — NNy IR EINEHIEILEL T
WBH, BOORFEDOA L B R B O NE 2O
MENTFNEL->TW, vZ2varvl1ihrbksyva
V4 FET, HBHREITENETNELDEFE THEEE L.
DFD, BBAANFEIVa 123487280, HDA
1,342 LB E, WREZLILERLI Y ay
DIEF TR > Tz,

EODH/BXET 1 — RNy I XDRTAE

SNS T/ N—TF vy h2fToTWVW5B & EiZ, R
FEHE MDAV N—D 1 NN TEOO &R %R
ATWBEWIRMEIRE L. 74— KNy 7 XH
PRI N, BREZID FIF208 5 0%2E%L
THoHo7x.

TN—TF ¥y FOABIEIH/E Uz, TV—TFrwy
b ORI, Fyy MIBITBE 3y PO UDIEKERT
&5 Web U1 MZdHduasz25E/ERL KL 1
2, EBRCTHWEZIZV—=TF vy boflzxrd. KT,
Web ETF ¥y MHE[HIZEK T2 N TEEHH 1 b
ZRHWTHERUZ.2 G155 HTWBIRE U AEER
FHOHRBX, 2—F AR -HcENEZEBELTEDY,
I—YBAEOZEbLNWTWVWBE AERS.

EOOKRBXIEEREOZ2E500L, BEOE
Az80b02AR L. BELREOZGUHEME XL
M1DEREBIZ, [5ETR-THEIFETYTHRIERET
ECH M, k. T, [EE) Btk »HEERE
NOHEEZEATWZ., TH5DEBXERELY A b

3.2.1

Thttp://linelog.jpn.org/ (2019 4F 10 A 31 HifE2)
2https://sp.mojimaru.com/ (2019 4E 11 H 2 HfER)

ooboooo oooooooo
000000000000 00O0o0oo(@230)
SIG-AM-23-04

G—FFev b B v

BATHALGHELHED
e BRBNABRVARE

)
10:00

A

B 1 ETE DD BPD
=& _—

A5 ETADICEDNA
A e

10:00

Z, T—f27D, XTVT
ZHA.

SETEHLTCIITERIIT
PEIEEYT T THOHEE
Arfadk.

] © &

X 1: EZERTHWEZ L —TF vy + DOl

DU FEBEIERE Uk, BEOEOY SORFEX
XM 2 DEBIC, T ZOEEEHED A S A, HIVERE
T%ES ()] ©, HERBHOHEER 7L —X3EF
NN, XL UTA IANDENZR> T W .
PRI 274 — KRy 73 1 Di3MfbE A~ H %%
ERXTHD, £5 1 2FFKkDOFEEIERT Z2EATH
5. IN5IZE 5220900, A 4EED 7 4 —
RNy I XEABLUEZ. R2ICEBRTHWZ7 14— K
Ny I %R

o fIFEANHOKK T LB :
1 BOONREBFREICERLZT7 1 — RNy o
2 O PHFADHEERRST ST 14— F v
o KRDTFRHERRT LA :

3 KMEDRKZTFRSTDZ 74— Ky

4 INV—TF vy bORKETFHTET4—F
Ny 7

T4 = RNy I XERLTED FiF20E5 020

T, HRREOENZHEL, EREDHAS 1 D
ZJZETHEZLTE S o7z, b EBEOERIL, £

oozeag



TJIV—FFvv b [F v

RANICORETHERT
o0 o

CODEESEEDAT A, B
HERSTES (5%5)

100

B © 9

X 2: EEETHWEIIL—TF v FOH.

FaZzED FiFznwe Mia<ES i 42) TALUES 1 +1)

[EPHE5EEZXRWV:0 HFEOBbv:-1] T&
<Bbhmw:2] UK.

3.2.2 WEREDIER
AREBROWERE 1 IEHRI T2 E T 5 20 KD 5

16 4T, WIFRIZBEWN 114, ZENSZ/TH-7-.
HEWEMIODWTOER, LUk ryari1hs
4 FTOBMIZME URZ 18, WEBRED» S EERORK
HEH 57,

&2 EBRTHWEZZ74— KNy I
DAk | A el WA 7S
1 (Ho# [t Lz 0¥FE DRI DZT
726, HRIIARRICEVWETA
7]
(B T-D¥REIE, F—=2)—2Ah
DAR, HFEEZARRIZLTLEW
FHAD? ]
M6 UERFRZED FFuE, JEpH
PP RGO TITHEAET X7
(7 l-DHRFED®H, TDHROD
F—=2FESEATHS EEWE
THh?I

2 (HE#&®)

3 CRFKARER)

4 (RFKEER)

ooboooo oooooooo
000000000000 00O0o0oo(@230)
SIG-AM-23-04

4 RBREREER

&3, TVr— b OEEEITR 5 2 EOFHMED
EH W72 DERT. K47, WERE 16 £ 5 O
DOV >oTWD., FMIELSEEE, B R’
WENTH->7-ZEE2RUTWS., FHliEIED - 72
%@i k&yay1’8i574—bﬂ/71,0i
D BEREONBRRSUCE TN, TOEDZ BRRIIC
?‘Eﬁﬁﬁb, F% LZDEREE DRIV ZIIT-6, it
ARIZENVERFAN?] & 74— KNy 7% #ERL
R TH o7z, W TFHEE SR> DI, &2
2av2ilB5 74— KN\v o2, DFDBEHLED
BEFXIZEETNED, TOEODERMIIET, (b
=OHRIE, b—2ZL—LDAR, HEEZARIZLT
LEVWETAN? ] 714 —FKN\Nv I XEERLUE
Tholz. 74—\ v 27213k ary1izsnT
EEVIHifEE R LUz, 714 —RKRNw o 1221% &
7yay3%%% EDFHiENRE SN TE D, D

WA AREMED D B L b o Tz,

}iﬁ ZHHMHEEAME A s 2B DL, BV a v 4llh
3374 =K KNy 24, DF0FEEREOS, BODOR
FE <, [BR7-DEFEOE, TOEDO =212
HEATHWS EBEWETHL?] THo7z. 74—y 72
41327 ar3IBVTHEVAEEZRL 2.
WTEHHEEAME D 5 725 DIE, ¥ 2 ar 4128135
T4 =Ry 23, 2F0FEEREOTIEARVWD, E
OZ&fERL, [6 LERZEID R0, FEFEPHTEZ
BOTTIEAETL?) THotz. 74 —FKNNv o
34 ETDORIZ Y a3 VIZBWTADFMHEIES
nNTEY, B  TFICES TR AVAREERE W D
Do,

4.1 EOOEFBMAIERICH T ZEY TS
DME

FEEEAMKO Lzt is U, OO EAR 2B/}
LD FIFORRIZOWTHRAET 5. 27 arvle
21%, BEREO2E508BEXTHIZ IFEL T
W, EOOERMOGEILRLR>TWS, v7va Yy
1 OFEEDFEYSZ0.187 TH Y, 27 ¥ a2 DMl
DY 0.047 TH - 7=, 8% 3 2 J A5 E D
SEEEL Bolz. £, ¥ av3ekIvay
Li BETEBZVWVEODR2ECERBRXTHSD Z 2 iddt
WMLUTWT, BOOEMOGENRR>TWS. k&
Va3 OFIEDFYIE-0422 TH Y, v av4
D FAMAE D FEH1F-0.250 TH -7z, EfE2 L WGH
B D EL oz, ZDZ & h S EIITHY
TR HGEE BRIICIERT A2 2 2T, BEOHD NP
IR D B HY, Tl BN IRE S 5 A GEME AN

oozedo



* 3 ERMNTBI 27 v — b OFHiifE
vovay | 74 —KNv o | FHilifAE
1 1 0.812
2 0.375

3 -0.437

4 0

Ly 0.187

2 1 0.312
2 0.500

3 -0.375

4 -0.250

S 0.047

3 1 -0.250
2 -0.187

3 -0.562

4 -0.687

Y -0.422

4 1 0.250
0.312

3 -0.687

4 -0.875

S -0.250

SN oT. WERED S OREETH, [THEY — )

BARPNZRENBIZ DD, RIZHPWIT R oT-00H
LRI VWD e, TEENRREIZE-T, —H
AV —VERTHEMA, BEADIELNTES. HhE
ZODXTHDE., T ZTOEEXZHEHELTLE
5.1 &Hotx.

4.2 TEEOOEHICHT ZEY FIFOME

EEREMWO 2 12U, BEOOEIZNT 2HD T
FOMBIZODOWTHKRIET . 27 >va v 1k 33E QO
DFMIZILEL TV DD, BIOBENREZ>TWVWS,
Yo ay 1 OEHHEIX0.187T THY, v a3
1%-0.422 TH > 7=, FTwmmBOD A FHEIEA S < 725
2. 7Y a v 2 4FENOORERZ LR TibE
LTWaD, BODHENEL>TWVWE., IV ay
2 DX 0.047, &2 Y 3> 4 OFEHEIZ-0.250 T
Hotz. THbobLBEREODTMIMEIEL 22>
2. DT END, %%&MD®E#74—bA/7ﬁ
ERRTLHIEIZED, B FIFS N AN E
:tﬁb#ot.amﬁéﬁbi,umﬁ%ofam
PR DIZH LT 71— RNy 7 2{F-TH, 21—
VHEIZZEZEEVERE2IToTWd W05 HRED
WG EIZIE, TR L TlEWT R TIEEINT
WEDPODR SR 20D ERR, [H O RS

ooboooo oooooooo
000000000000 00O0o0oo(@230)
SIG-AM-23-04

K4 IV ay 1 TRONFHEFEICN L, SFIMED
ZDMEZTWE S N7 p fH. bonferroni ki & % #fi
IEfME

] | ¥B1 | FB2 | FB3

FB2 || 0.8990 - -
FB3 || 0.0017 | 0.1629 -
FB4 || 0.1933 | 1.0000 | 0.1770

EZoNZMOENEN] L WIS EENE S .

4.3 L7 =7 0fEEICHT ZEY TS
DR

FEREMKD 312660, L7 b —2 OREICNT
éﬂb?ﬁ@@%’omt@ﬁ?é I TOER
RIS 2 ERIZBWT, BEZEMNIIHL, Bk
%@%ﬁéﬁé_af,74—%A/7i%ﬁ?t,m
DTRIFIZRHLRIER DB Z e Dbhro7. £ZT, K
HTIRZDRMBIZERT IV a v 1 THONEIT
flifEizxt U, 4 O IL T h—2 O TH D Fifiz
SERBHDEEDIZONWTERE2TS.

oY av 1l TRONZFHEZEOFMEIZTL, 7
14— RNV I XDORT T EED ZEDRE Z T -
7=. % EHEE Y 725 728 bonferroni fiE 21T/ >7-. ¥
EDFERZRAITRT. AREVRONZDIE, 71—
RNy 2301 & 30 TH-7z (p=0.0017 < 0.05). Z
0)%*51%5)674-]”*77&3 g4 se, 74 —F
Ny 7S TIFED FIFITx U, shRAENZ &S
2oz, 74— NNy X 1IZECERET, 71—
NNy I3 IERERRETH 72, BEOEZITF B
REHCIKESWMZASZ LT, ﬁ?@ﬁﬁ%:%@?
LZENTENRZD, WO TIFIZRENS - 2EX
Y AT

5 BbHYIC

AFETIL, SNS EicBIF5EO%2 G0 L, B
DT?%@T74—$A/5Y%Eﬁ$WT5t Iz,
WO TR OENT 1 — RNy 7 X% FEBREFAWT
BHSDMZUTz, 74— RNy 7 3ekmiz sk 9 5
X TIE7 <, Greenwald @ [FHEDBAMKIE 701
A TEFONTVWE LT h—2 %I S5 H
U7, ROBRBZXHEANX—VHREL, &b
LD FIFORIEPENE DEEERIZE VIS DT LTz,
FEERDOFER, ME~OHCEEZEITHEADOXHD
O Tz g 2808 83 m W e bbb oz, £/, £

oozaoo



BRIZB\WT, Xz E NS EOOREMNE D R
WZHGTEh, 74— KNy 7 XNTELOBKRK
FBRIAE D TFICHEETENIIOWTHHFER, KR
LT, B ESRBEONEGENZRIZ, 71—
RN I XERPRTDHEED FIFRPEL BB I N
bhotz. 51T, 74— KNy 7 CTHE % BARRIZ
BT 22 THED FIFERELS BB Z Db ho
7. —HT, ZOMRIIKRPZENSFBONIIERTH
D, INRFEAEIRY, FEEBRN RSN L TR
RHRERNH DA D B, Sk, RO ERET
W, FEEBRBEOEWNEEE L ET, Y TIFRIED
W7 4 —= KNy Z U DWTH ST 5.

BT EE

AWrgED—ERIE, BHfE (17K13254) , %ot v b

DL DIt FER OB K EZ T TiybhvE L. &L
THREEHRL LITET.

S 3R
1] AEHEBIR EIT AL 30 (IR, SABA, 2018,

[2] fENI@EA, MRIE T s EREO 1 v 2 — 2y
MZ X 2R8I 2B %2, (MU F 2R
Hm(IN=TozT7exy NT—=OH—LR)  H
2013-GN-89 %, pp. 1-6, 2013

[3] WAL, HHE M. *y PO UOHWERIIB TS
FHEEITEI O], BE LEAISE, Vol. 62, No. 1,
pp. 50-63, 2014.

4] NIEL &2 FEEDFY hWLH, WEH LN
KB —BOMHNIZ T 275 0, 8L UHE
RYUEREE OE— HELEZMLE, Vol. 58,
No. 1, pp. 12-22, 2010.

[5] Michele L Ybarra and Kimberly J Mitchell.
Youth engaging in online harassment: associa-
tions with caregiver-child relationships, internet
use, and personal characteristics. Journal of ado-
lescence, Vol. 27, No. 3, pp. 319-336, 2004.

(6] FHACEHE, IREE. fHERmE xy bOR EFHiE
SR, ST AR, 2013.

(7] DUEEERRS, MEENE AW RIRL, ARYEGLE. 7F A b
AIa=—vaviZBi}3ZEHEDORIEEIZ K
IETRIERIE DR - BT A — L& W EERIZ
X ZMET. HASE T2 CEE, Vol. 31, No. 4,
pp. 403-414, 2008.

ooboooo oooooooo
000000000000 00O0o0oo(@230)
SIG-AM-23-04

[8] Ryuichi Omi, Yoko Nishihara, and Ryosuke Ya-

manishi. Extraction of paraphrases using time
In International
MultiConference of Engineers and Computer Sci-
entists 2019, pp. 276-278, 2019.

series deep learning method.

[9] Giving you more control over your conversations.

https://blog.twitter.com/enus/topics/product,/2019/

morecontrolofconversation.html, 2019.

[10] Our Commitment to Lead the Fight Against
Online  Bullying. https://instagram-
press.com/blog/2019/07/08/our-commitment-
to-lead-the-fight-against-online-bullying/, 2019.

(11] =BI5E, AL, B8~ 5032y Wi
W, BrEHEEYR @EVIAZT A
Y, Vol. 9, No. 2, pp. 102-109, 2015.

[12] Anthony G. Greenwald.
Cognitive Response to Persuasion, and Attitude
Change, chapter 6, pp. 147-169. Academic Press
Inc., 1968.

Cognitive Learning,

[13] /NFIRER. 1 > & —% v b EOFDEILTEHE N
KO M. BRI ERWERSE (FVv—T Yz
TEeAYy NT—=7H =Y R) , % 81%, pp. 16,
2011.

(14] FAREEHB, FHARZ A 2 S R S 72
Ave—VrREA I VY. REBE, Vol. 46,
No. 1, pp. 13-20, 2015.

[15] V3V OB EHIIB I 2HEDSFERE : B

fifi & LMt B 0L G, RO HARERE « HAGE
BEME, Vol. 16, pp. 107-123, 2006

oozedo



ooboooo oooooooo
000000000000 00O0o0oo(@230)
SIG-AM-23-05

BERNEY JETIVICEDLKBHAL E2—DREZELoH

Time-Variable Analysis of Acoommodation Reviews
Based on Hierarchical Topic Model
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Abstract:

Accommodation review is a valuable resource for future users to know the voices from the users
who have already stayed there. However, it is difficult for users to extract the information specific
to each topic such as facilities, access, and breakfast. We consider that seasonal features of accom-
modation are especially important for comfortable and enjoyable staying. This paper proposes the
hierarchical topic analysis with time variation to extract seasonal features for accommodations.
The proposed method extracts seasonally important words and shows the similarity of topics that
the important words belong to between seasons. In this paper, we discuss the effectiveness of the

extracted features for references to choose accommodations.
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bt LT, S h=ZHOBEIMid A TED
DT TAR) VTINTVWEDEERL, ZHiD
HisEn2ih, NEv 20ROV ZEDLY 20T 5. #l
MEERIZ, UTOFIE (M1 0RFHESESHR) I
HoTHr>,

1. L a—04ahbHEE OB EREET 85 MeCab

& BEEIZ NEologd % FAW T HBL L 7= &5 % S
T5.

2. Bag-of-Words € FIVIZHD EHBELL 72 & D~
7 MVEETTS.

3. B L7=R2Z bV %E AF1L, hLDA TEERZ b
Yy 7 aEiETr S ARY) VT 5.

4. T BAHBADL Y a—%—D2DXE, foH
DODlLba—bE&D 12{HOEEELL, HEL
TGN tf —idf R ET 5.

5. Ahw T —RNERL tf —idf D AL 10%D
ZFIZDWT, RO (a) & (b) DWMELETS -

(a) ML 27 7 ARICHIT S N A O % 573
W9 5.
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(b) BOAD (ZO4FEEE) 75 AR L
BUERFHET 5.

3.1 BEBMNEYIETIL

ANTF=R2E U THWABHEHLVE 2 —I2i%, KT
TV—= /INATT)=DFHETE LI, by L
LTHHEAEETHI EIREL, 2D Ny 7 DREE
et T 5. LDAETILDOHERE LT, Y2
D [ JE B £ % fi#Hr T & % hierarchical Latent Dirichlet
Allocation (hLDA) IZF&H U, fEILV E 2 —DOZEHily
MYy 7 DEEFHET 5.

3.1.1 nested Chinese Restaurant Process

nested Chinese Restaurant Process (nCRP) & &
A& FOMRBETH S, Z DOMEREREIT hLDA ©
7ZDIZHVWSN, CRP ZFHLU TUTOHIKRTRI N
% [10].

CRP & N NAOEDERD T — TN &R FFOHhHEL 2
ML TR AR REL TRONDE MDD &
Thsd. VAFTVIZA-TEREIAIZ, 1,2,...,N &
FRIITEBED, LAFT VDT —T % ER
ULTHE->TWL &5, BRIIOBIZERHIOT —7 U
Y, n N\NHOBWESL T —TNVE ¢, &L, i ZHD
T—TWVIZEELERITR (1) Ick-oTHRET N S.

) —2 (occupied table i
p(cn = Z|Cn—1) = { Y+73L’ ! ( )

=7 (next unoccupied table)

(1)

ZIZTD n; FBRET— 70V i 1T > TWAER DI
THO, v VAN VOBEBEORE KL T, BEE
DL\ T — TV & EIRT 5 5% % HlH 9 2 KRS
SA—RTH5.

nCRP IZB\WT, &ld CRP 25D & KidE 2 B
5. TZTnCRP IZLAFOIIRTERI NS, HIZHE
RIEDL AN T UHFEL, KLV AT IXHRED
F=TNEFOLIRET S, EBEORELLL A
N UDFIEL, HELVARNTVOT =TV L A
N VEBELTWS., ETHRUDEVIROL AN F
VIWIZAD, CRPIZEWT =7V EERL, ROV A b
FUNDILV— 1 EEFL, HUYCRP IZWTF—T IV %
BEIRL, ZThEEREREVIEL, AEEIZBIT 584
ERET D, INETRTORIZOWTITS &, R
DN U - RS D RO A%EGD. KI5
TIRENEEE, VAN URWE, T—7IVOEHN
¥y oaRkL, ZOWHROPEIZHNSNG.
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3.1.2 hLDA DO4%mkiafz

hLDA D4 FGHFE [10] 128 W T, A nCRP 2
Yo THEBIN, nCRPIZBIFZENE, 7—T
(FIFVANTY) By ZE2ERELTWS, ZIh
SI&, JefTagE (7, 8] 1272 5\, hLDA D4 iEFE %
I A=

1. &hEY 2 keTIZHLT

(a) HFELDOZIHDAHNT A —K B ~ Dir(n)
CREN

2. &BXEde{l,..,DHIxLT

(a) VANZ T REAIZHDIE ) — REER
cq ~ nCRP(vy)

(b) LV EDZIEN ST A =& 0y ~ Dir(a)
% R

(¢) BHEE wan(n € {1,...,Ng}) 2 LT
L LAV 2, ~ Mult(0y) % 38R
i, B wa, ~ Mult(B,, . ) Z#EiR

hLDA DFEZETIX, HE5PUHNT A=K (o, 7,
n, BEEB) 2HRETIBENDD. ZTONAN—=1RTF
A—XEEIZH L, AMRNROEAEMRIC &> THiH
O EYX] BERDE, Z0Zehs, H—DFEMET
e DEYIX ) 2132 72D AT5E [7] 1272 5\,
0D MNEY 7 EHMNT 5720, WEIMHDOFL
AL DEBHHE NPT VWESIZ, y=1.0, n=1.0
IZED 7.

AfETI, EAEROREOMEE KERB/ME L
TWa728, ZO Ny 2RIz EIONTHEI N
ML HNEE L. F 2 CTARWISE CIXIETHIER
DMy IOBRERE, £ MY T ONEIRHEN
ThDWEE 3ITHE L, PR 47D H%E DI
7=,

3.2 tf —idf SKICE DL EH DO

tf —idf fElX, TOXEANTHEDLNTWSHEDE
BEERT (3], AROXENTO MBI A &N HEE
FEYEBETHLLEWVWIEZEZIZE DL tf i, W<D%
DX ETHBPNZHBET 2 HEETEE TRV E WS F
ZATHED S WSCESE, idf EOENT AR T tf — idf
WEFETS. ABEOL 2 —%2 X EESGLLTAN
TB7=80, tf —idf D@L, o Az HBL T
WRWEMiE RTRBIRAFE S A 5. tf —idf fl
DOFRFEAN 5% tf %X (2), idf fH%EX (3) T .

n
t,d,month 7 (2)

tf(t,d th) =
f(’ o ) Zsedns,d,month
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3.3 ISR BEIYA VELUE

— R RS EEEL T b NS Y 1 HELE I,
NI MAL U 7= XER OB Z 2 Z & i & < fHb
NnNa. RKFTIE, hLDAIZL > THEHINZARD Y
T ARDFAAEEDRE NS, FOEH % RHEM) 5
2R RBOB O EDLY ZME T 5. £Z T, hLDA
THEEBINEEHDZ SAXZBTaY 1 VELES
AEERCE

7T ARRIIEROLFEDET O TEEXNH, Th
FNh BoW ETFIMZHEWRZ ML LU 72l % 2 &I
AWs. mlAEmM2ADYI T AR C,y & Cho DES
Z, N@4) X (5)ITiLTd.

le(]., ,’ﬂ) = {Wl,WQ, ...,Wn}, (4)
Cmg(l, ,7’1,) = {VVl,V[/Yl7 7I/Vn} (5)

ZD2ODEEIZHL, IV VELEDOFEILA
(6) TIT 5.

c08(Cm1, Cmz)
_ je1 Cmi1 (k) - Cina (k) (6)
\/ZZ:l (Oml (k))z ’ \/22:1 (Cm2(k))2 .

4 DR

A—HFDZ—ZADLI L WS BED SN S %1E
A DERWIZH D, 1H, 54, 8H, 12 HO#ER
EHAUZ. 2EDEHL 2 —D&FD S B, tf —idf
o>z B 52K 112387

X2, X3 (X hLDA QUK U W5 %E B\ 72 456
WRO—HTHB., IR 115, BEHETOE D
AR RTAFLND “BHF D A XY N7 EFElO T
RELUTHIGLWEDEEIRT 5. AFETIE T3EER
ROREEL DX O, Ty =1 RATIVEE
FESHE] O “F—V"IZEETSE. 0TS
I ARE, NFOLIIZEHT S.

WIS 4T aORE2OHR—-D2 I A
R, B2, BB3IZRTFD Cqy ¥ Cop 124725,

KIVZAY FUTH4FA2ECHEE3I DI I ARE
FEUEHZREOEBE O 2K, ®2, M3IZKRT
i C,®Cp &, TNTNDFTTAXETD
£45.
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£ 1: 2HEDEIAMBRDOL ¥ a—h Sl U7z ¢f — idf
B E o 7%, EALS M

TERR KewEa O | =91 RhT Ve
& X ZpE
1H BIEH, F8LU, FHRE | BiEH, BFEE, BET,
XK, BHEE, BBk ARY ¥ )b, A4
5H T-NTYI=7, W, | B, T-VTFYTA—
BD, %, Hlk 7, WK, ZV—F, =X
‘a.‘..
SH | PR, A% BHASW, | TV, HkA, KA
ik, #i %, WKk, N—~_Fa—
12 7 ZUAXA, DU, B, | VIFIIT, JUATXR,
£, & Bk %, BHTHRL, AV
Nz
HE, HBE, ¥ SR, BE,
1EA, E, RS, KW, AR
/@ 1 (1topic)
AR, W, & Do, 8, B, | |nm. 8, B, L, B,
BRET, BR, F0, 8§ B, %W, Wb, BE, Shoi
B4/ 2 (95topics) Cq Cy
& & B>, BN w,
axky, 0y, | wmmm 22 j
R (o | | | o
w24 B
B4 3 (737topics)
Ca1 Caz Cp1 Cp2

X 2: hLDA, 1 H, FEARER RSEH Or»

ZDEINITKRITAREING T AZDHELE DR
EOMTHI L&D, bYy 7 ORI KR AR
ZAb L NBIRE IR AL & i B T E DS REIC RS, 2
DFERER 2, 3 ENTNhELT. TH-EHT 4
mEGCMOHOREEEZX 4, K 5I12R7.

5 ER
5.1 hLDA OHiER

2 D O, 1% GHER R R, B O— MR —
V2R, MHEADIEA MY 72 LTHEETS I L
Ronb. RRIZ Oy 121 “FE P “F?, R 7%
CREREBEIZEALTDO by 22 E iz, -
Co1 1T “EEIZET 24450 “HIK & Wo 7B FHIZH
F BRI X3, Cpo~Chroy T THELUTEHEHS
WZRHEED Ny IRSEINTVWEZ 2D bhrb.
F/2 O TV —EAPRBIZHLTD MY D, Cp ld
BEIZNLTO N Yy 2 Th 0, BHIERENR TN
5. ZIMHCp & Cp, Cp DEEERBEBGRARTIINS.

X 3D C, 12Afikg, SEHUZEALTO Ny 7B FET
L2 ENRThhb. I Cy 1T “HEKIBRIER “Bked”
NoNDL Vv —, HDWMERDRER Ny 22 L
THETDZ RS, Cu, Oy 12, “SHEEN X
YEKIRE RO INTH Y, FKEMRITHHELD,
KIBMTELZ W EBEINSE. FRIZZDES L
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REEA DEX i tf —idf ILTHBINZ 5 HO R 2 507 7 A XD 3+ VFEBUE.

VA [2H [3H ] 4H [5H ] 6H] 7H]| 8A| 94 104|114 | 12A
Ko I AR 0.0 0.0 0.0 | 0.029 | 1.0 | 0.046 | 0.018 | 0.039 | 0.021 | 0.028 0.0 0.0
IND T AR 0.0 0.0 0.0 | 0.099 | 1.0 | 0.199 | 0.099 | 0.099 | 0.099 | 0.105 0.0 0.0

# 3 VYA NKRTNVETFEIMA  tf —idf IETHIIBINAZ8HD “T—V " 25LM I I AXMD Iy A~

MOUE., Kb, M2 52X EOHLE 2 FHgEIc R g,

1H 23 |33 |43 |53 63| TH |8H | 9H |10H |11 4 | 124
RO ITAR 0.0 00| 00| 00| 0.0 0.110 | 0.042 | 1.0 | 0.164 0.0 0.0 0.0
IND T AR 0.0 00| 00| 00| 0.0 0.099 | 0.099 | 1.0 | 0.099 0.0 0.0 0.0
1 o
[FE 1 (1topic) B RS Frvody, 1 ﬂﬂﬁ*ﬁ, EE), 7,
W B, 32 S, B, 7R, B, WAn
Tinid | [umaue wme o G
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FxvIT Y=ZXF7N —% T— ;—;7’;}»
T, D= 9 bZ=w, 373, BERE, M SEX, KA,
3@?1"';-5/1—' PN [aa=Ad SE, o, e g;;f,uL-a-, BE, B8, R ﬁél‘ B2E e,
TTIRE rzzare || e || e o .5 PR
Bif@ 3 (737topics) RiEan i ’ B‘EE
Ca1 Caz Cp1 Ch2 ch” i Gttt

X 3: hLDA, 8 H, ¥—¥ A1 REATFILEFLE ST

58 68

&, FE, BEY, ThiY,
R, ¥ LA, 8K RRY,

—iE, HE 1, B, B, Kin
B, K&, ARX, 7V ITA

EIEX, B
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gLu g | | UEE IR ey, | | 5 2L2
R B8l | OLUn | | RE SR, || s
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s nEE fuirl V7vs2 x4y

]

May May June June

Cax Caz Chn Cr2

X 4: ‘@7 &2E&8 5 H, 6 HOREREE

Ca—3FELE. ZhE hLDA OFERORHMTH 5
EFERD.

FERE LT, BEEHRS REEA O LX) OfEiaL
Va—n0o, 1 HICKE, RHOEDRHIPELD, £2K
BETIEHEPHREIND Z e hbhrd. £ [¥—H1 K
RTNVETFEIME] D8 HDOMEHL Ca—n6, FKik
HENDEKIBIZFEN R T W TH S Z LD bh o7z,

52 3IYAVREUELZMT SRS B

K2DERNS, RITFAXODHBEZR S L, 6 5
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Yy 200, KOFEMRE PR TENG. %
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5, BN NEY IDRFEET B DN bRE. ZOZL
5 EHMOFELMEIRFEHL a2 —D by 2 128N D
Zedbhrb, K40 E2EL 5 H, 6 HORERE
B2, “RREPTRELSD3EEIZLEEINTS
D, BIELPERL WS, BRI OaIE 3 A~
6HEYIOHA~NILHEEDNTWT, A2EELRITN
EA VY — A VARBIENTELHTHS. L
U, ZOmIAEHDESE, b H6 HTEHI N TWS
Y I THBIENHSPITIRS T,
FKIDFEERDIS, “«TF—="d6 A5 9HEFTHEL
TWBZehbhrd, KIZITAXIIBWT, HUEIX9
AR—BEL<RoTED, IVWEHIICBWTEZ MY
IDPFET B e bhrb. LrL, —BNx «FS—
WDONGDEESD 7THE 8 AHDMLEMEL o7z,
5M5, “T—=N" LRI TARIT “RN R A
Vo ERKIERITORT DR 0rb., EEOL Y a—IZ
b, IFKFEEN] ORITIERD, 7THLD 8§ Hiz% < H
e 5. ZOMENPS, RIEMRTITHEL -6, 72
3% 5 THROWEHIDHLE DR R SHS 2o 7.
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5.3 SHEROEZE

BB - B2 L UT, (1)hLDA DA 8= F A —
KRN B HEERE, (2) BEPE LRI E il
bFE, (3) Hlgz21cHin s Ny 7 OO, H%
Fonsd., TnEh, (1) X2V TEINEEOM E,
(2) & (3) IZDWTIHEIAMRGT # O R E LR IZHR
WA VRI I avETNVIZELSMEE DEINS.

hLDA OFfER L UTHEMER LWL Ao
WEDOH EPBERZ IS HTHS. BREE L
TNAANRN=NRT A= XDOFTMNPENTH 2D, 1EAME
BROEXLHBIZE o CTHBEITRD Z 2, FHEITIER
AnH 0, HULFEOREILETH L. AT,
AN EFERDOBERETEMNA LD, KREREETDH
L HBEOEERELB T IIORITEIEDOARE R
RIS BERH B, T I T, WEERIZR D55 HEH
OER R EPFEE LT TE S, F2FHEHAL
o icHig A TERBEDEVWEMETE S Z 22T
HMxhs.

6 HhHYIC

AR, EEREE I L CERRELEICOR
50 EHINE UT, HEiHICEERHAEEDERKZ
A2 T 2 PERRBELUZ. BETIETIE, hLDA
DM E > THRIFBHRO R AT IV - ZFOHIZH
LINAT TV —EHEERE TS Z e 2RAT.
DL E, HEOFERNRIMEY, FHTREHFHOE
MELUT, aVA VHEBE L tf —didf EEHWTHN
U7-. ZTOKR, @IAEHRO MYy 7 2 BEERERTH
HTE, FHRAEDO Ny Z7OEREMETE /. £
Tz, NANR=NRF A =RIZERRT ZHEEORMELHT S
PZloTz, SHBORBEL LT, EHiEEU &S I2H
BATHRHEEDEWEZMETE, EEREIE~D]
BEEITS> FETH 5.

S

AW TIE, EZEREHEH O IDR 7— &£ v b
Rl AP S MEQUE SN /5= e RANEY ol p R N
RTF—2+ty b 2FHELE. LU THEERT.

£ 3Rk
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Supporting Interface for Choosing Text Mining Methods of
TETDM Designed for Analysis Unit and Purpose

L1 78 R d !

Ryosuke Yamanishit

VEIERG 1 Rk
Yoko Nishihara! Toshiki Fukail
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L College of Information Science and Engineering, Ritsumeikan University

Abstract:
and tutorials of the software tell users how to use the software. TETDM, one of the text mining

Text data analysis can be conducted by using text mining software. Instructions

software, also has tutorials for users. Even if the users are the beginners of text mining or data
analysis, they would be able to use TETDM after finishing the tutorials. However, the users need
much time to finish all of the tutorials because there are many quizzes that can be solved by
using tools of TETDM. Moreover, though the users can do text mining by referring the quizzes of
tutorial, they also need much time to find quizzes that are related to their own analysis unit and
purpose. We believe that it is necessary to support users for finding appropriate tools in shorter
period. This paper proposes a supporting interface for choosing text mining methods of TETDM
considering analysis unit and purpose. Once a user decides the analysis unit and purpose of text
mining, the interface shows appropriate methods of TETDM. We had evaluation experiments with
the proposed interface. We asked participants to answer questions of text mining by using the
proposed interface. Experimental results showed that the participants answered questions more

correctly and in shorter periods.
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Abstract

This paper demonstrates a reverse dictio-
nary that can return relevant idiomatic ex-
pressions based on queries (input descrip-
tions) given by users. The implementation
of the system can be achieved with a Vec-
tor Space Model (VSM). However, when it
comes to VSM, although its performance
on queries is high under the condition that
pairs of common keywords are shared be-
tween a query and documents, the lim-
itations such as lack of common words,
and information loss after matrix factor-
ization inevitably worsen the performance.
To address these limitations, we employed
a feed-forward neural network to map be-
tween rich literal semantics (word embed-
dings) and latent semantics (singular vec-
tors) via general literal semantics (Bag-
of-Words). A comparatively high perfor-
mance on queries is achieved by this ap-
proach, which can address the limitations
to some extent. Therefore, to take the ad-
vantages of both the VSM and the neu-
ral network, we sorted their outputs (co-
sine similarity between a query and vector
representations of idiomatic expressions)
in decreasing order, and significantly im-
proved the performance on queries.

1 Introduction

According to the survey written by (Turney and
Pantel, 2010), the VSM was developed for the
SMART information retrieval system (Salton and
others, 1971), which pioneered many of the con-
cepts that are used in modern search engines
(Schiitze et al., 2008). One form of VSM is
term-document matrix, which contains the doc-
uments representing phrases, sentences, or texts,
and terms representing all the single words of

those documents. The key idea of VSM is to rep-
resent all the documents in a term-document ma-
trix as points in a space (distributional representa-
tions). The points that are close in the space can
be considered as semantically similar, whereas the
points that are far apart from each other are seman-
tically distant. A user’s query (pseudo-document)
is also represented as a point in the same space as
the documents. The documents are sorted in order
of decreasing semantic similarity from the query,
and then presented to the user.

The original elements in the vector representa-
tion of each document are Bag-of-Words. The fre-
quencies of words in a document, to some extent,
can determine how relevant the document is to a
query. The Bag-of-Words hypothesis is the ba-
sis for applying the VSM to information retrieval
(Salton et al., 1975). However, the original term-
document matrix has some limitations when ap-
plied to information retrieval tasks. When the size
of the matrix (M x N)is enormous, this will con-
sume a considerable memory footprint. Moreover,
the documents used in our experiment are short
texts such as phrases and sentences, which makes
the matrix sparse. To address this limitation, ma-
trix factorization was introduced, and one standard
way to perform this mathematical operation is Sin-
gular Vector Decomposition (SVD) (Deerwester
et al., 1990), which is engaged in the process of
LSA (Latent Semantic Analysis) (Landauer and
Dumais, 1997). SVD decomposes the matrix X
(M x N) into the product of three matrices U (M
x K)- Y (K x K)-VT (K - N), in which U
is a left singular matrix, > is a diagonal matrix
of singular values, V7 is a right singular matrix,
where K < M or N. From the perspective of
mathematics, this operation is a kind of dimension
reduction. On the other hand, from the perspective
of computational linguistics, we consider it as a la-
tent semantics detection: U is composed of latent
semantics of all words, and V7' is composed of la-
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tent semantics of all documents. Proximity in the
induced latent space has been shown to correlate
with semantic similarity (Mihalcea et al., 2006).
Within the right singular matrix, each document
has k latent semantics, and then we just need to
use some similarity mechanism like cosine simi-
larity to judge which documents are semantically
similar to a given query, and then display them to
users. Some researchers argue that important in-
formation can be lost after matrix factorization (Ji
and Eisenstein, 2013). This is one of the limita-
tions that we want to address. We do not con-
sider the latent semantics only, instead we bind it
to literal semantics in order to realize a conceptual
mapping mechanism. The details are presented in
section 5.

Below is an example that shows another limita-
tion of the VSM. Both descriptions are excerpted
from two commercial dictionaries, which describe
the meaning of the idiomatic expression: ‘“have
your cake and eat it too”.

D1 “to get the benefits of two different situations
or things when you should only get the ben-
efit of one of them” (Collins Online Dictio-
nary')

D2 “to have the advantages of something without
its disadvantages” (Oxford Learner’s Dictio-
nary?)

Since they describe the same idiomatic expres-
sion, they can be identified as paraphrase. How-
ever, common words are barely shared between
them, and ‘advantage’ to ‘benefit’ and ‘get’ to
‘have’ do not share the same lemma. Therefore,
it would be problematic for VSM to retrieve D2
when D1 is a query. We call this limitation lack of
common words.

2 Reverse Dictionary

A reverse dictionary (Sierra, 2000), also known as
an inverse dictionary, or search-by-concept dictio-
nary (Calvo et al., 2016) is a system that returns
words based on user descriptions or definitions
(Zock and Bilac, 2004). For example, given in-
put query “a large aggressive animal with wings
and a long tail, that can breathe out fire”, a reverse
dictionary would return ‘dragon’ as primary can-
didate to users. A successful implementation of a

"https://www.collinsdictionary.com/

2https://www.oxfordlearnersdictionaries.

com/definition/english/
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reverse dictionary was proposed in 2016 (Hill et
al., 2016) who used neural language embedding
model to map dictionary definitions (phrases) to
(lexical) representations of the words defined by
those definitions, the performance of which could
almost rival a commercial online reverse dictio-
nary>.

As defined above, a reverse dictionary of En-
glish idiomatic expressions is a system that returns
idiomatic expressions to users, given a query of in-
put description. As of writing, to the author’s best
knowledge, there is only one online commercial
system* for looking up relevant idiomatic expres-
sions given descriptions as queries. We also com-
pared its performance on our test dataset. The im-
plementation of the reverse dictionary of idiomatic
expressions can be completed by VSM. However,
to address the aforementioned limitations of VSM,
our proposed method is presented in this paper.

3 Dataset

We have collected 1,404 common English id-
iomatic expressions and their corresponding de-
scriptions (definitions) from three online re-
sources’. In addition to these, we also added
the definitions from Oxford Learner’s Dictionary
to the idiomatic expressions in our dataset. As
a result, 2,330 descriptions have been collected.
While some idiomatic expressions have only one
description, others have two or more descriptions.
For example, if the idiomatic expression w has
descriptions {d;...d,}, then we include all pairs
(w, dy) ...(w, dy) as training examples. For the
test dataset, we collected 70 input descriptions
from Collins Online Dictionary as unseen data
describing 70 idiomatic expressions randomly-
chosen from our training dataset.

4 Baseline Method

LDA (Latent Dirichlet Allocation) (Blei et al.,
2003) is a classic probabilistic model used to build
up document-topics distribution and topic-terms
distribution. In our experiment, only document-
topics distribution was utilized. Since in our task
of providing idiomatic expressions for input de-
scriptions, texts are short phrases and sentences,

*https://www.onelook.com

*nttp://www.idioms4you.com

‘https://www.ef.com/wwen/
english-resources/english-idioms/,
https://7esl.com/english-idioms/,
http://idiomsite.com/
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measuring semantic similarity via topics distribu-
tion (100 topics in our baseline because it is same
as the number of components of LSA set in the
proposed method) would not be accurate. The
vector representation (see Equation 1) of each id-
iomatic expression I is the averaged document-
topics-distribution vectors § of all descriptions be-
longing to the idiomatic expression.

2 i1 Si

n

I= )

S Proposed Method

Our inspiration stems from connotations for a sin-
gle word; for example, the word ‘professional’
has connotations of skill and excellence. Hence,
if another single word like ‘expert’ also has simi-
lar connotations, we can consider them as seman-
tically similar. Likewise, if two short texts like
phrases or sentences have similar latent semantics,
they can also be considered as semantically simi-
lar, and then they can be matched.

Weighted singular

‘Word Embeddings
‘'ord Embeddings vector

Projection Projection
Matrix 1 Matrix 2

Rich literal
semantics

Bag-of-words

General literal Latent semantics

semantics

Figure 1: Our feedforward neural network

Figure 1 illustrates the mapping flow of our pro-
posed, the original method described in Section 6.
In this section, we focus on the introducing data
structure, which is the prerequisite for the training
process of the neural network.

The structure of the neural language model can
address the limitation of lack of common words.
Here is an example of our hypothesis.

e Rich literal semantics: parents are euphoric
about the news of his engagement.

e General literal semantics: his parents are ex-
cited about his engagement.

e Latent Semantics: positive sentiment;, mar-
riage
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Although WordNet (Miller, 1998) has well or-
ganized taxonomy of words (the word relation-
ship like hyponym to hypernym can project the
semantic specificity of words from ‘rich’ to ‘gen-
eral’), we decided to use GloVe (Pennington et
al.,, 2014), which is considered as an improve-
ment to word2vec model (Mikolov et al., 2013),
and trained on billions of words of raw text. The
reason that GloVe can outperform WordNet in our
case is vector representation of words can be used
as the layer in the flowchart of neural network,
and elementwise addition of word embeddings;
one paradigm is “king — man + woman = queen”.
Thus, the elementwise addition of the word em-
beddings of a short text is considered as rich literal
semantics.

As for general literal semantics, in the raw term-
document matrix, the 2,330 descriptions have
2,553 single words (with stop-words) and 2,436
single words (without stop-words), and each doc-
ument (description in this work) is composed of
Bag-of-Words. Therefore, the length of each doc-
ument is 2,553 with stop-words, and 2,436 with-
out stop-words. We use stop-word list provided
by the Natural Language Toolkit (NLTK) (Loper
and Bird, 2002).

After obtaining general literal semantics, we
used “tf-idf reweighting with SVD” (100 compo-
nents are set in SVD, which is equal to topics num-
ber of the baseline) to obtain the singular vectors
of the decomposed singular matrix (2, 330 x 100).
With singular vectors, we can generate the vec-
tor representation of all idiomatic expressions. We
call the vector representation “averaged singular
vector” (namely averaged singular vectors gener-
ated by the equation of topics-distribution vectors
in the baseline); from the perspective of computa-
tional linguistics, we consider all the elements in a
vector representation as the latent semantics of the
idiomatic expression.

As stated in many papers regarding classifi-
cation of idioms, e.g. (Peng et al., 2018), id-
iomatic expressions exhibit the property of non-
compositionality.  Therefore, we did not use
word embeddings or Bag-of-Words to represent
idiomatic expressions. In addition, those two can-
not represent latent semantics.

6 Implementation Details

Firstly, we trained the Projection Matrix 2 in-
dependently from the Projection Matrix 1, in or-
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der to map between general literal semantics and
latent semantics.

As we mentioned in Section 3, if an idiomatic
expression w has n descriptions (d;. .. d,,), then we
include all pairs (w, dy) ... (W, dy,) as training ex-
amples. For example, the input of Bag-of-Words
dy is mapped to averaged-singular-vector(w); the
same mapping is performed from ds to d,. After
all parameters of Projection Matrix 2 are settled
after training, we train Projection Matrix 1.

While Projection Matrix 1 is being trained, the
Bag-of-Words Layer is hidden layer with tanh, and
the most important thing here is that all param-
eters in Projection Matrix 2 are not adjusted any
more — it is fixed there just like pretrained GloVe.
Identically as in the example given above, the in-
put of elementwise-addition(d;) is mapped to the
averaged-singular-vector(w); the same mapping is
performed from ds to d,.

We trained two models: with and without stop-
words to see if lack of them influence the results.
In the case without stop-words, none of the three
layers contains any stop-words.

During the test, given a description as an input
query, a list of 80 idiomatic expressions is returned
in decreasing order of cosine similarity between
the output to the query and the averaged singular
vectors of all idiomatic expressions.

To compare our model with a conventional
VSM, we employed a raw term-document matrix
for retrieving idiomatic expressions with and with-
out stop-words; this approach was created to ob-
serve the performance change when only literal
semantics is engaged. We also implemented LSA
with tf-idf (reweighting the term-document ma-
trix using tf-idf and decomposing the matrix using
SVD afterwards) to investigate the performance
when only latent semantics is utilized.

To combine the advantages of VSM and of our
model, we integrated them and evaluated using 70
testing queries. The flowchart of testing a query is
illustrated in Figure 2.

4 NIM | nlm_cos_sim_n—>idiom_n

1Vsm > vsm_cos_sim_n->idiom_n

Figure 2: Integration of cosine similarity
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The cosine similarities between a model output

to a query and the vector representations of all id-

iomatic expressions are calculated at first, and then

sorted into a list according to the decreasing order
of cosine similarity.

Items Settings
Activation Function tanh
Input Length 200
Output Length 100
Hidden layer w stop-words 2,553
Hidden layer w/o stop-words 2,436
Loss function squared error
Epochs (Projection Matrix 2) 200
Epochs (Projection Matrix 1) 2,000

Table 1: Neural network hyperparameters

7 Evaluation

Below we describe one observation on the output
of our model with stop-words eliminated.

o Input Query: “a situation of comfort or ease”

o Idiomatic expression that ranks 4th in the out-
put: “a bed of roses”

“«

e The description in the training dataset: “an
easy or a pleasant situation”

Above is only one observation of the output that
ranks at 4th based on the query, which is the de-
sired idiomatic expression that we want to look
up. In addition to it, there are the observations
that rank at 1st, 2nd or even 50th. Table 2 is not
to evaluate but to show the overall performance of
70 queries of test dataset that each model returns.

In the table 2, “@1/10/30/50/80” means out of
70 outputs, what is the percentage that each de-
sired idiomatic expression ranks over top 80, 50,
30, 10, or even exactly at 1.

8 Observation Analysis

Extrapolating from the result of our experiment,
we can conclude that VSM performs well only
when a query shares many common keywords
with target documents; whereas our model can
address the limitation of lack of common words.
The integration of VSM and our proposed method
has outperformed other methods as it takes the ad-
vantages of both VSM and our proposed method.
Stop-words influence the result of VSM model to

oo4od0



oobOoob0o oooooooo
000000000000 0oOoO0oo(@230)

SIG-AM-23-07
Model Model Description @1 @10 @30 @50 @80
Baseline LDA Topic Modeling 0% 1.49% 2.86% | 429% | 7.14%
LSA + tf-idf . 429% | 25.71% | 31.43% | 38.57% | 51.43%
(wlo stop-words) Latent Semantics
LSA + thidf 10% 35.71% | 44.29% | 52.86% | 57.14%
(with stop-words)
VSM 37.14% | 52.86% | 58.57% | 58.57% | 58.57%
(w/o stop-words) | General Literal Semantics S oo = = =
. VSM 32.85% | 45.71% 50% 57.14% | 58.57%
(with stop-words)
Proposed method
(w/o stop-words) Proposed Method 28.57% | 51.42% | 67.14% | 72.86% | 74.29%
Proposed method 31.43% | 51.42% | 65.71% | 70% | 75.71%
(with stop-words)
Proposed method
+ Integration 38.57% | 62.86% | 74.29% 80% 82.86 %
VSM
Idioms4u Online Commercial 1.43% 20% 27.14% | 31.43% | 32.86%

Table 2: Comparison results

some extent. On the other hand, it holds almost no
influence to our proposed method.

Below we describe three main observations.
First, let us show an example that describes the
advantage of VSM.

e Input query: “a speech which is intended to
encourage someone to make more effort or
feel more confident”

e The desired idiomatic expression: “Pep talk”

“«

Its descriptions in the training dataset: “a
short speech intended to encourage some-
body to work harder”, and “an encouraging
speech given to a person or group”

Baseline: not in the top 80 candidates

VSM with stop-words involved: 1st

VSM with stop-words eliminated: 1st

LSA + tf-idf with stop-words involved: not
in the top 80 candidates

LSA + tf-idf with stop-words eliminated: not
in the top 80 candidates

Proposed method with stop-words involved:
37th

Proposed method with stop-words elimi-
nated: not in the top 80 candidates

e Proposed method + VSM: 5th
e Idioms4you: not in the top 80 candidates

“Speech”, “intend”, and “encourage” are the
common keywords that can contribute to a high
cosine similarity between the query and the de-
scriptions. The mapping mechanism worked for
one of our models (with stop-words) to some de-
gree, but it did not outperform VSM.

The next example shows how our proposed
method is able to address the lack of common
words limitation.

e Input query: “someone who does something
or goes somewhere very early, especially
very early in the morning.”

e The desired idiomatic expression: “an early
bird”

e Its descriptions in the training dataset: “A
person who gets up early in the morning”, “A
person who starts work earlier than others”,
and “somebody who does something prior to
the usual time”

e Baseline: not in the top 80 candidates

e VSM with stop-words involved: not in the
top 80 candidates

e VSM with stop-words eliminated: not in the
top 80 candidates

0o4n0d



o LSA + tf-idf with stop-words involved: 44th

o LSA + tf-idf with stop-words eliminated: not
in the top 80 candidates

e Proposed method with stop-words involved:
23rd

e Proposed method with stop-words elimi-
nated: 1st

e Proposed method + VSM: 23rd
e Idioms4you: not in the top 80 candidates

Our proposed method outperformed the VSM,
even though one of them did not reach top 10. The
performance is comparatively good, because the
rich literal semantics was to some extent mapped
to the general literal semantics. As for VSM, the
only common word shared between the long query
and the descriptions is ‘early’, so the performance
was unsatisfactory.

Finally, the last example below demonstrates
poor performance of all models.

e Input query: “distressed or exasperated to
the limit of one’s endurance”

e The desired idiomatic expression: “at the end
of one’s tether”

e Its descriptions in the training dataset: “run-
ning out of endurance or patience”

e Baseline: not in the top 80 candidates

e VSM with stop-words involved: not in the
top 80 candidates

e VSM with stop-words eliminated: not in the
top 80 candidates

o LSA + tf-idf with stop-words involved: 64th

o LSA + tf-idf with stop-words eliminated: not
in the top 80 candidates

e Proposed method with stop-words involved:
not in the top 80 candidates

e Proposed method with stop-words elimi-
nated: not in the top 80 candidates

e Proposed method + VSM: not in the top 80
candidates

e Idioms4you: not in the top 80 candidates

000000 00000000
000000000000000000(0230)
SIG-AM-23-07
In fact, none of the methods worked for this
query. Our reasoning is that ‘distress’ and ‘ex-
asperate’ are within the same cluster in the space
of word embeddings, but in the description of
the training dataset, there exists no general words
like ‘sad’ that can be mapped from them. As for
VSM, only one common word ‘endurance’ shared
between the query and the description in a long
phrase, so the cosine similarity between them was
very low.

9 Conclusion and Future Work

In this paper, we presented a method for creating
reverse dictionary of idiomatic expressions that
can return relevant idiomatic expressions given in-
put descriptions as queries. We used feedforward
neural network to map between word2vec and sin-
gular vectors via Bag-of-Words, and extrapolat-
ing from the experimental results, this approach,
to some extent, addresses the VSM’s limitation of
nonexistent common words. However, not all re-
sults of our proposed method achieved superior
performance. Besides that, the size of dataset is
small, which is not conducive to machine learning.
Therefore, in future work, we are going to improve
our method by adding idiomatic expressions from
Wiktionary and enriching neural network architec-
ture in order to further decreasing information loss
after matrix factorization.
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Abstract:

In deep learning, there is a problem that concrete classification patterns for deriving

reasons for classification are often incomprehensible. In this paper, we propose a classification

patterns extraction system from deep learning networks and verified the effectiveness of the sys-

tem. The proposed system extracts classification patterns from the trained learning networks of
LSTM using HMM. Then the system displays the extracted classification patterns so that users
of the system can interpret the learning networks. In verification experiments, the significance
of the extracted classification patterns was estimated by the weights of the classification patterns
extracted from data given a unique pattern. The results showed that the proposed system can

extract classification patterns effective for interpretations of the learning networks.
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5L 1073 P 1073 WM BEHE R 22
1073
A0 — Al — A2 4.56 0.10 1494 0.45
A0 — A2 — Al 5.20 0.10  149.5 0.51
Al — A0 — A2 4.75 0.10 1494 0.47
Al — A2— A0 5.39 0.12 1494 0.53
A2 — A0 — Al 5.06 0.11 1494 0.50
A2 — Al — A0 4.70 0.10 1494 0.46
g 4.94 0.11  149.4 0.49
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1077 1077 10~7

A0 — Al > A2— A3 4.76 1.66 93.1 0.72
A0 — Al —> A3 —> A2 4.93 1.84 93.8 0.71
A0~ A2 > A1 — A3 5.36 1.96 91.2 0.82
A0 —> A2 > A3 Al 4.71 1.90 88.0 0.74
A0 —> A3 —> Al > A2 5.28 1.92 93.7 0.77
A0 —> A3 —> A2 Al 4.32 1.66 90.6 0.66
Al— A0 —> A2— A3 5.41 1.78 93.4 0.84
Al —> A0 —> A3 —> A2 5.21 1.77 94.0 0.78
Al—> A2 A0— A3 5.32 1.74 93.5 0.82
Al—> A2 A3 A0 5.65 2.02 92.7 0.85
Al —> A3—> A0 —> A2 4.73 1.67 93.5 0.70
Al —>A3—> A2 A0 4.45 1.54 93.3 0.67
A2— A0 — Al — A3 5.45 1.92 92.2 0.84
A2— A0 —> A3— Al 4.70 1.79 91.0 0.71
A2—>A1—> A0 — A3 5.58 2.06 92.7 0.82
A2 —>A1—> A3 A0 4.55 1.79 92.5 0.65
A2 > A3—>A0— Al 5.53 1.80 93.7 0.85
A2 > A3—> A1 A0 5.55 2.12 92.1 0.81
A3—A0— Al — A2 5.32 1.79 94.3 0.80
A3—A0—> A2— Al 3.83 1.44 91.2 0.58
A3—> A1 —> A0 — A2 5.93 2.10 93.6 0.88
A3—> A1 —> A2 A0 5.24 1.83 92.5 0.80
A3—>A2—->A0— Al 5.54 1.75 93.4 0.87
A3—> A2 A1 A0 4.92 1.72 94.4 0.72

Yy 5.13 1.77 93.2 0.77
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IR WRR Y — v 2 L, RSk 8y —
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DRFRENRT WV EREROT 72, 5Bl #E
BRI N BEEz VT, 205 8D kHk
BRIy b= ORERPTZ B0 EMAL TEDT
W FPETH S,
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Proposal of a Interactive Political Information System for

Non-specialist
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Abstract:
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2B R R
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To make non-professional users aware of argument viewpoints, we aim to develop a

multi-faceted exploratory search system on political information, which involves a facet based on

argument reasons. As a fundamental study, we considered support functions the system should

have, and researched keywords using Japanese local assembly minutes. Using grammatical tem-

plates that are combinations of particles, suffixes and auxiliary verbs, phrases that seem to describe

reasons/purposes of political arguments were extracted from the minutes. We collected noun se-

quences in the phrases as keywords, and the type number of keywords was 156,697 in total.
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Minutes

SEOERLERTT, /MR EALIE, BCP

EZhh AR DOBEST 2D/ VITY

THREEEO-HOEAMRESO-XELENEZNFELNTUVET,

(There are requests for support including cost subsidies for establishingdata backup system and cost subsidy
measures related to BCP formulation from small and medium enterprises affected by the earthquake.)

@ [L Extracting phrases using grammatical templates ]

Phrases
(l; FEChDOLIERMBOEENST =20\ 7 v IHEHIEE DT
aows | | 7o
(cost subsidy) (data)

BCPHE HE
(BCP formulation) (measures)

@ [2. Extracting noun sequences as keywords ]

N7 TR E

(establishingbackup system)

B 2: HEPRHRMD FA30 0 KBl S5 F—7 — F2Hlit§ 55

4 MAHEESEEOTHRAE
4.1 HEEEHOIZX—7—R

MiAEas@#ka— 270V s FZBWTEE
WEGE D RHBIFRB Y AT L [E~H5] RO
TH Y, TF-IDF 2fWVWTHE Z & ORSEEZME L
TW3, Z05DREEIZIIZIL DB DNL WA,
ik Tz, T—fgmbel . TOEBIRE ] L\nwoiz,
PRHFERELTWT, EI3DUMRETHBIELVE D
LT 5, T2 T, [#FAO4FER] WS ERD
F—TU—N2FHEIT LT, LHEARF—"7— N2
HTERVWHIRETT 5,

Y. BERIIPIAHEITRASHEDOEZIDNELK
LI NTWD EAE L 7z, BEEICIIAREM & —E
b 5 h, REERITFTET 22kRE2REK L TEM
TEH2EDTHY, BROENTWBEHNENKT L EM
FHHDOEZ TRV D Z, Thwzx, —REM
B EHEEARICUATOFIE T 21T > 72, &
Iz, MeCab®% FA\WNCIERERMEMNT 2 17\, fadhs (44
F Ty SEMAE LAY TR, TRIGTATRE). TIEH
SL) DA DS & R RER S & AF ) & U CThl U 72,
Wz, dhaans TEhE) iR B 1A DEAR bl ©
WREDFIRIZH 545 5% 1 DD4FAM L LTE
iz, 1O0EM%E 1 >DOXxEL AR LT, TF-IDF
ELUANTFOXNTHEL 72,

tfidf(i,j) = tf(i,]) - idf(q) (1)
tfij) = Zﬁ%&ﬁ 2)

2http:/ /local-politics.jp/
Shttps://taku910.github.io/mecab/

idf (i) = logd:ZDati| (3)
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Wy Wiy WA WEENTNET, ARIF, TVT 7Ry
FREENDZHZEDEAT, C@). K(i). A@) IFZh
TNET, WX HF, TIVT7 7Ry N BRGiaahizEg
FNBGEIEL. T TRITINE0 ZKEITERTH 5,
F—U—-RFORIBFETETCHLHETETCH AT
HBLEZ, HAHTFOREBERER o L EBUTDOD
DEEY L Uiz, a TV ARREELZITB LDBEHELTY
LIPREHEM % e(i) & LT, ke 237 2RO
TRz,

fgmﬁ#@ﬁ (5)
SR 30 4E5 1 MlEH 2Rk E R ICHEEZ T
7zo —MREMZUZFEBIZ604TH 72, HEMIZ,
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DOFERER 1IZRT, RPD 1 DOMH 1 ADHEEIZ
SIEL., FEBED A 3HDOF—TU— Rz LTW5,
TSIREED 7Ny % THIVOREHY A7) ¥,
L OPERF—T — K2t TETWS, L LaR
5. BURTIZE BN 25 IZE# L <. 5%, HEENIK
BB AT MMIFEELU TV AT LZE L TERMNZ
T LZWEEZITWS,

sc(i, J) =

0oosBdOd



=2 B HMOTF L — b —&
Jics
5 | V/A (EAF) + 25
-DT %4+ DT
V/A (EAK) + T
&29) A (FEEE) + 720
7~ + 729
AR )
D+ 729
V/A (EARE) + 82 + T
n4+ BT+ T
D+ BT+ T
V/A (EAE) + B\ + T
B4+ EWn 4+ T
D+ FW 4+ T
7=+ 1E”D + 12
w4+l iz
EED]
) V (EEE) + 720
) V (HEAE) + &5
R V (FEAE) + <
-k 5+ &
FW 4+ &

-B2T

HNT

NEAUN

4.2 HBHMERPOF—T—R

—fRiZ, BRI E RTFERLDIE [hs] » 1
D1 Lo () ROBREEBIZ L b REh B,
UL2ALARRs, HABESTRASREHBIEDE N
FLAHWSNEGELRH D, B3 U RIS
PHWSNTWSHRHPETIERY, TIT, HES
DBk — N A HWT, ERL 23 4 4 HOfE— 5%
ZEIN 5K 27 A 4 H ORI G2 ORT (CERK 27 4 3
H) £TO4EMIBIT 2 2E AT HEFRFEROARE
ARG, —RNREREN RSB (T L =) 12
FOF—T— RN TEENREERIT- 2,

X2z, HEBIO T L — s 2HW-¥—7—
RHHOFENERT, 6] R [72H] L\ o 72iE L
PHWNERT T T V— b 2HVT, BUCEWZS
LEiZRE L. e h=HNoaiEEREE F—7 —
R&UThitid %, MeCab* % JH W CTIREEEMIT % 17
W, EEE 2 I3 FRE T D I OB R 2 RE L
7o MLE HNERT T V7L — M, Xk [13] 2%
FZr LT, R2WRUBIL 15 FE¥. B 5 FEEHOG
20 FEHZ AWz,

FryTU =Mkt INEHORLZDHERS
WCHBERIR Z L ITRT, BaRs@EkicswWTEng
V7V — hOMEIEEZR D, TERFT) ® [TV T)
DE>RFBEELT Y 7L — b OHE I D57,

4https://taku910.github.io/mecab/
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UL Lo, #hEiiRicLsERITNEL, HED
Tyl —brEHVTHHITES Z L 2L 72,
M3 EM4iz, BLEHMOZNENDT Y T L —
MCH I NHiOEE BAL 102 RS, £72, K5
2, Bl BTy S — Mok o s s —
7 — K& CFEANC EAL 10 3 0m 9, FENELD
2R 1DOF—7— NLEBEHRIETE WD, 45
HOZFEIP S X [HEAOEFADZD ] Lotz
KEEHFOAZIONT, FEZLDF—TU—-FE
SIS I SR D TRBBETH S L Hbh b,

5 F&&b

AFETIE, EMRREHERZE R VR HE KD B
FEHRIZT 72 AT BEUCE U SREMIZOWTRR,
NEZETE-ODEIZOWVWTER LT, £7/-. #1
HefEmp VT U, #EEREOT S F—
TJ—R&, HRNEBUOF—7— NE2HRE Lz, 5.
FEUBEEC ¥ — 7 — N2 FE U 2 5N BUATEH
VAT LEFFL. TOAMEEERT D TFETDH S,

A

A2 IEBAFE 16H01756 DBk %2213 7-6 DT,
T/, MABASEF - SA2RMHL W ERE W
INBRE R RS O AN ZRAUEBEZ I EH L £ 9,

S5 3Rk

[1] AR, KHEL, PEIEE, A FHE, IWARE, HRE
. RS TR R W <2 2 0D 7= 8D O S 3 R S B A ik T
%, HARS AL Vol. 20, No. 2, pp. 75-104, (2013).

[2] #ARKER, hEFIEE =M, A FHE, &7 —
KIFRIEL, R ERERIEHN B O 72 D Web 3¢
EBHITENER X A2IIB 57 /5= a3y, HRE
FEALEL, Vol. 21, No. 2, pp. 157-212, (2014).

[3] Yasutomo Kimura, Hideyuki Shibuki, Hokuto Oto-
take, Yuzu Uchida, Keiichi Takamaru, Kotaro
Sakamoto, Madoka Ishioroshi, Teruko Mitamura,
Noriko Kando, Tatsunori Mori, Harumichi Yuasa,
Satoshi Sekine, and Kentaro Inui. Overview of the
NTCIR-14 QA Lab-Polilnfo Task. In Proceedings of
the 14th NTCIR Conference on Evaluation of Infor-
mation Access Technologies, pp. 121-140, (2019).

[4] KEFFEEAR, HYRIERL, KRR, S8EE Julien Kloetzer,
GRS, BB RS. K H A A5 2 WISDOM
X, DISAANA, D-SUMM. GBI 23 [4ER
KREFEFHMIE, pp. 1077-1080, (2017).
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£33 TV MNTE ORI NAABERIEZ E DREIDK

FpET FE W N DT | 72D | -BRAFT | -BVWT | -E»DI ) £S5 | K< -x
At 108,344 566 504 | 1,641 1 0 0 5,935 4,755 36 | 1,958
HRR 96,095 1,088 2,163 | 2,324 3 1 0 5,839 3,625 74 610
aF 83,436 825 2,343 | 1,900 4 1 0 3,616 3,669 56 | 2,153
=87 123,815 1,531 3,039 | 2,089 2 1 0 4,092 4,860 95 | 1,128
H 57,635 479 1,378 | 1,042 3 0 0 2,938 2,324 28 | 1,091
1157 33,075 149 912 864 1 0 0 2,030 1,399 27 252
b= 59,215 604 507 | 1,663 0 0 0 3,503 3,173 29 553
Fk 70,492 276 1,943 | 1,746 4 0 0 4,104 3,107 57 920
WA 33,824 717 1,449 852 2 0 0 1,834 1,762 25 411
B 63,221 1,442 3,907 | 1,567 11 1 0 2,839 3,277 67 926
B 139,901 953 3,185 | 2,570 8 1 0 4,711 4,481 65 584
T35 66,406 540 1,246 | 1,174 7 0 0 2,845 2,456 52 458
595 115,750 581 1,661 | 2,065 7 0 0 6,401 4,282 124 503
I 101,895 749 3,534 | 1,840 6 0 2 6,090 4,902 48 996
bRl 90,476 635 2,406 | 1,732 11 0 1 3,337 3,213 60 672
Al 74,362 880 2,148 | 1,698 7 0 0 3,389 3,346 26 488
Al 39,825 443 750 | 1,199 3 0 0 2,835 2,643 99 614
fEFH 87,817 436 2,352 | 1,509 5 0 1 2,942 3,570 34 620
1T 79,247 344 1,691 | 1,543 0 0 0 3,873 2,713 41 413
i 95,842 1,035 4,179 | 2,557 9 0 0 4,561 4,899 135 796
M B2 67,610 390 1,464 | 1,437 11 2 0 3,421 2,598 53 540
it 91,526 1,011 2,915 | 1,778 5 0 0 4,777 3,541 85 669
B 88,416 676 2,578 | 2,012 14 1 1 5,548 3,709 65 698
== 75,893 1,240 5,883 | 1,199 5 1 1 3,140 3,647 54 | 1,007
H 92,969 1,460 3,687 | 2,610 7 2 0 5,592 6,124 127 | 1,995
SR 72,824 982 3,393 | 1,625 17 0 0 3,662 3,917 57 | 1,074
NI 95,929 1,205 2,642 | 1,346 4 2 3 3,413 3,520 80 647
TJi 53,622 590 1,775 | 1,306 2 1 0 2,999 2,156 78 829
mE 71,490 614 2,525 | 1,546 10 1 0 3,213 3,256 53 978
AL 62,970 1,285 2,321 | 1,104 9 2 1 2,167 2,789 47 658
FHEY 172,689 4221 | 10,084 | 2,043 13 2 1 3,672 | 10,345 109 | 4,876
R 106,708 2,356 2,204 | 1,948 6 1 0 3,962 4,987 61 | 1,293
i 111 111,268 1,378 2,818 | 2,123 12 0 0 3,884 4,743 63 | 1,182
N1 54,298 528 1,126 | 1,176 7 1 0 3,631 2,539 34 972
i 82,116 972 1,405 | 1,489 15 0 1 4,269 3,315 49 771
b= 69,015 393 1,133 964 9 1 1 3,145 2,330 66 537
I 68,657 427 850 | 1,418 5 1 0 3,803 2,963 29 724
gy 58,547 824 2,000 | 1,156 8 0 0 2,789 2,361 37 616
= 83,058 539 3,399 | 1,839 6 0 0 5,704 4,154 75 942
15 I 84,918 631 1,413 | 1,880 3 0 1 4,521 3,315 73 650
ViR 97,474 1,320 2,735 | 1,715 10 1 2 3,975 4,278 71| 1,271
Fli 54,180 939 2,044 832 2 0 2 1,438 1,877 22 667
He 82,164 1,007 3,159 | 1,690 7 2 0 3,046 3,746 37 666
Ko 94,297 1,236 2,461 | 1,564 11 0 0 2,822 3,106 44 748
(=811 103,344 2,071 4,695 | 1,859 7 3 3 4,128 4,786 36 | 1,115
NS 113,984 708 2,411 | 2,513 13 0 0 4,988 4,711 71 844
I 155,947 2,664 4,166 | 2,327 10 1 0 4,718 4,188 80 842
total 45,940 | 118,583 | 78,074 322 30 21 || 180,141 | 171,457 | 2,834 | 43,957
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-kara -node -tame

s Tl TEFOT 614 FHEAD - & 841
BUARD & BUREL o s 186 EBEFHUELADGT 594 =Wzt 566
FEPOEFC DT R DL YASPE Lk FERAEHEULTOT 593 DI 432
HEEERET LD EEREL S 156 BEODEFLENIEZELOT 577 EFEEE DS 558
HFmICEAL THELL s 125 HFICEALELTEEELOT 506 BED:S 543
HERICEAL L THRYETHS 17 BESRHUITOT 402 WMABEEES _+—RE—BOHECL WEHHA
EEODEEURLEL S 11 FERESEHE U EEADT 378 Dfzth 287
ZOHEOEMI RO EEVTHIPS B8 HETICEAL THY £TBRBSOLEYTH D th 280
RHDERTE TIHER, LTERFRL DS k] YEFaT 308 BRERD D 243
EEOERLO Mo RLELETG 54 [EEERTAEFLOERELLOT 2094 FMERDI 242
EmLTHEELLIcrs ki FONBOERETREROBRSERRT ~ZL0 EEDT- 177

EFREL DT 248

-okagede -seide -bakarini

ERDENFT 7 HABOABRHERE S LER L L TOE R FrPIC A sfcldau 2
FREHA Thheh) &2~ OUFHE T2— )l BT 3 BOELT 2 FREEI LD 2
HOPORESD Silf T 3 WERDELT 2 BEICERMICF P2 snfidbuic 2
TOEAFOESHFT 3 BWrlcREROME L EEOELT 1 M= WE TR L B R E S N
HEDHFT 3 —BRDREED LT 1 it
BAFOEFT 3 &< T P PEIEERE - S hnE Ao DBk SEADSEESITA NIFE I 1
EEAD BT 3 DENT 1 BRI - fadi I 1
FI R S T 2 SALGERDELT 1 B TR DI CES L T 1
RO Hh T 2 HEFDENT 1 F S5 DIREIC AL fldE I 1
BESR THEERS VT« FOEMIT 2 EERZORLT 1 BEES LR SN 1

DI IOREDELT 1 o F U T DR VA E LI o i 1

HEADELNT 1

Y — N © - Srs
3: MO T > TV — Mz X bl s 728 (Top 10)
-you

HEETLO 235 FEESBoLedED 458
MEDeEER UG EES S0 211 FoledLd 246
Bl ATEUTOEXIEL YL TAEEER B2dLD 169
EFETHI 155 FEEE-Leddd ikl
ERDEE - TLERFRT L 131 FarEnasd 81
FETE LD 126 BoREPICELTHH#EREL THHEXUICEET

ChEERTLAD 1o ¥oLd a0
FhEERT L0 109 SHaleddd 74
COUTERRBICHILT B 89 BEEBOEsLeDdd B5
BROSGETE S a6 HEORFIIEADL D 59
Z Eh LThbUSHEERHEET L) iE} MESEsLe DL D 47

-to

BEICESNELTIZLE A 20 CORPIFRELLD & 336
BEREOAFICEZ D] 15 FIEOMEZL LD & 189
g 15 HFRHAEHORIEEEFERL L3 & 147
FERICELTLEN] 12 FIEQHEOEEFTLED & 17
BEROEHAFICIEA S~ a8 EOLIICRVESL D & 1z
DML 7 EOLIICRBEATNED & 96
BROBICZ 2D~ 7 EDLEICHELL D & 62
BEDEHROAGEICICAT [ EOLICRVBEENL D& B0
SHEAE L ERI T 3 SEEDEDICIVEA TN D & 59
HLOEEERYET il BESORIEERLD a8

4: BHOT v 7L — Mz X b it 724 (Top 10)
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1 character 2 characters 3 characters 4 characters
[ 11923 i 18551 BrLEs) G412 A7 L) iR THa2
(prefecture) (region) (nunicipalities) (approach)
0114 BE 15226 AL 277 Filrs 042
{country) (prefectural people) {activation) {children)
5481 Z 14972 Ei-2Erzp] 3237 FEEE 3542
(I (this) (aggressive) (various)
< 4733 I 14563 —hs i £hEh 3427
{now) {deal with) (these) (each)
A 4205 wIF 12802 HhE 3087 bR 1788
(persan) (gecyre) (ef fective) (zmal |l and mediun enterprises)
faf boii] HE 10705 EEA a054 REEiE
(what ) (need) (everyone) {schoolchildren)
L 2867 il 10443 Sl 577 HFres 1421
(life) (peace of nind) (senior citizens) {oneself)
i 2350 i 4956 B {F8] 2453 Frifal BE 1297
(farm} (promotion) {concrete) (sustainable)
2075 =3 9486 TE 2041 H—E2 1072
(power) (real izat ion) (stable) (service)
] 1811 S 8644 fra=tzp] 1818 it 1080
(place) (henceforth) (comprehensive) (local resident)
5 characters 6 characters 7 characters 8+ characters
FELRE 1229 FETEARL 1519 A LE=F b 302 BalgE T — 246
(children) (Great East Japan Earthguake) {(Internet ) frenewable enerev)
5T a13 THY— 2 562 BHIRILF— 220 = 250
(town planning) (administrat ive services) (natural enerzy) (communicat ion)
WHBEE a4 SIEAENRE 415 ASY w2 718 EEAY S 210
(Local Autonomy Act) (fareizn tourists) (Paralynpic) (Tokvo Olymaic)
TrILF- 790 JOvz ok 334 I#F—EEE 195 WiSET T 2T L 217
(energy) (project) (energy policy) Coomnun ity-based integrated care systens)
HEEES Tig TrEEY— 2 333 W=ty F 185 FE LS PEAME 142
(Board of Education) (care service) (leadership) (Nankai megathrust earthouake)
Mg i L) G0 AL ERE 328 AT 7 154 mEHTHERR S 130
(community development) (local public body) (incentive) (Municipal Board of Education)
gtk 487 Fou b0 268 HERRE LR 184 Jiazr—igRED 122
(Regional activation) (network) (zlobal warming counterneasure) (communication ability)
BHREE 457 FUE D 264 A A=UTuF 154 (et 220 n?
(figr o lture, forestry and fisheries) (Olynpic) (image enhancement) (Linear Chuo Shinkansen)
ot—& 443 SRR 267 A=A 148 FAEA BN 115
farticle 121) (social security system) (innovat ion) (Great East Japan Earthauzke Tsunami)
fEEC 377 B v 957 EF—ig 131 RS T  TEE 93
(Health promot ion) (smell and medium enterprisesin the prefectured | (gotivat ion) (volunteer activity)

5 Bl HoF v L —hick o nszF—7—F

[5] TAAME, BIERE AR L a—20Re LSk FEAM T 4 —F L (FIT) s S, vol.15, no.4, pp.
MBS AT A DIRE. [EHILH S 2303k, vol. 55, 277-278, (2016).

. 11, pp. 2461-2475, (2014).
e L PP (2014) [13] FESHHE, BAMETY, hPAET (LEHEL h % & A

(6] TcksEid, W24, MR Z, BEGAR, FIRID5H. 2 AND7=dDHARGEENY KTy 7. Az (%),
DRERE AW T « X— b ATHIGEIC & 2B RAR. MR —z—% v 7 —2, (2001).

5 31 M A THIfEE22E K4, 4Q1-9in2, (2017)

(7] HAHit, WA, BRI, AR N R0 72 b
DI FERGAAE~ v THEBUT I 72 50 L KSR O
SRIEE 225 20 WAER K A TE RIS, pp. 262-265,
(2014).

[8] RiUEH, BIVEE pifilii s (FBEE Rl 332 =7 1QA
ERAWEZ VRO OD 3 FF A MIHIZET S
—ZE, HAT — R R— AL G, Vol. 11, No. 1,
pp. 1-6, (2012).

[9] /NEESE BRI SRR AW B EICB I 232 1T
BOBERMES I FIE. N TR S G, vol. 34, no.
5, pp. E-J47_1-10, (2019).

[10] KFils, Haseid. Elaai@ikic &0 < MK EORE
ST 5 2. SREN TR 24 [MIFEIR K2 FEERGE,
pp. 1167-1170, (2018).

(1] B, HRIC & B B0A = 2 — A Ao B 05\
DA 555 32 B A TRIAEE A2 E AL, 302-05-1b-04,
(2018)

(12] w)ilh, EHE, FHoonsh, FEEAH. 70 XL7 4
VA b ERWZERREEO A T4 1 X -8, EHR
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SIGIR2019 &Mk
Report on SIGIR2019

WA By

Bhattacharjee Anupam!

LY 7 — kol &th

! Yahoo Japan Corporation

Abstract: The 42nd Annual International ACM SIGIR Conference on Research and Development
in Information Retrieval (SIGIR 2019) took place in Paris, France in July 2019. A total of 426
papers for the full paper track were submitted and reviewed with an acceptance rate of 19.7%.

About 73.8% of the accepted papers were related to neural network, distributed over about 95.5%

of technical sessions.

1 LI

SIGIR I3 E##%%% (Information Retrieval, LA IR)
DOy Fhy7 7Ly AT, ACM SIGIR2 D4
LT3 EEESRO P eH RN, 1978 40 o
R S N TV D, FERIZFCK TR St 7228, 3T
EIZ7Y7 AR T7=7, LT AV A, a—uv %
IEIZml> T2 (1], AR HAS BN, AT
HEE, T—F2A =V, ta—<v a1 —%-
Ay 77 avERDHD 2.

AR TiE SIGIR2019 @ﬂﬂ%&iﬁta LC, B @jrﬁ,
WXDO—EEEND 2 2 2 =5 4 OBAZENT

2 SIGIR2019

2.1 W=

SIGIR2019 133V O TRl EE YT, 7 H 21
H25 25 H ¥ ChfE X 17z, 31312 SIGIR2016-2019
DM EZ R T, SR 7077 LA BFIHEED F 2 —
FOTPNET =T ay THK 1 H, K&ED 3 HE
ThHhoT.

SIMEHZ SIGIR2012 7> 5 SIGIR2015 122 Tl
PWAMERIC B - 725 ([3] p.9), SIGIR2016 258D |

2 & HE, HABED SIGIR2017 T 900 &%t 2 7
B, SlalE 1,025 44 & S SICEEE T L 72,

HAESE T v 7 — RSt
TARH AL ST 1-3
E-mail: mnomoto@yahoo-corp.jp
1SIGIR Conference on Research and Development in Infor-
mation Retneval
2R - BT 7 2 ATEFOEYES ACM O IR D43k ST-
GIR(Special Interest Group on Information Retrieval). AfiT
HfE2GE SIGIR &Kl 7-, B, "ACM SIGIR’ &idd.
3FH, 7NR—8—, v a— lw\—/\—, 7€, SIRIP O#F
IIERPCELE 7 13 ERPBL /Bl (BRIREK) 2737,

HIE D2 R v —13 4 AEDORFET, KREDIT R,
N/ e a=—2 LHED IT ROMELRS 1> 7= [4].
SRIOARH— (F24) 129 HENCH 2 7228, FlE
DRZEFKIGITHA U7z, REMRZEIZ S £ D214
WS, Py AN T IFF AR =L L Tb o7,

HICHT2HLLRAE L TEARVYFT 7Y
Whova® DI 3 #F IHER S 1, 2ho R 7y
2= VEHPLaII a2 —vavEOY—LELTH
1,200 7 A7 v FOCRIH Z L,

SIGIR2019 D7 —F 7 57 F (¥ 17) Tl& Search (%
%) & D Recommendation(#f) > Learning(%~#)
LAEACR

1: SIGIR2019 V—F7 77 F

2.2 &1 - HIRKR

B 3 12 SIGIR @ 7 LR — 8 — DR, R, %
PEROHER (1999~2019 4F) 2R §8, S4EIRIEEL L

4[5] pp.xlii-xlv, [6] pp.oxxvili-xxxix, [7] pp.oocv-xxxvi, [8]
pp.xvii-xviii ZJGICfER L 7. SIGIR2016 %5 SIGIR2018 DA &
YH—ITHRAET A5G, FPIOF 2L TR,

Shttps://whova.com/

67721, R¥EFOMMT ATV FbET.

T —7 = 27D Program Chair’s Welcome DA 74 F kb,

8[5]Publication, Overall Acceptance Rate D X H {ER L 7.
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7 1: SIGIR2016-2019 DE
2 (1A SIGIR2019(42) SIGIR2018(41) SIGIR2017(40)  SIGIR2016(39)
ES ] July 21-25 July 8-12 Aug 7-11 July 17-21
Brlfi Paris, France ~ Ann Arbor Michigan, USA Tokyo, Japan Pisa, Italy
EIIES 1,025 740 911 566
TR — 84/426 (19.7%) 86,/409 (21.0%) 78/362 (21.5%)  62/341 (18.1%)
Ta—FR—8— 108/443(24.4%) 98/327 (30.0%) 121/398 (30.4%) 104/339 (30.7%)
FE 21/46(45.7%) 18/36 (50.0%) 17/36 (47.2%) 21/35 (60.0%)
Fa—rUTNL 11 11 8 12
J—rvay s 8 10 8 7
SIRIP(Industry Track)  9/12 (75.0%) 9/16 (56.3%) 5 12
SUBMISSIQNS

% 2: SIGIR2019 D A X v ¥ —

pagl M3 2018 2017 2016
TRAYA 1T Microsoft * * *
IBM * * *
Google * * *
Facebook * * *
Bloomberg * *
Apple
NiEfe 32— A ebay * * *
amazon * * *
| 1T NAVER * *
P 1T HUAWEI * *
HA IT, /h5é/e 2= —A  Rakuten *
AVF 1T ShareChat
F—=Z2AF+F797 IT Appen *
AT =TV TS Spotify *
77 VA 1T Criteo Al Lab
AT4T Technicolor
A eaAv—2RA Zalando

£ 3. 7L R— 8 —DEMSA DR
ik 1 £z 2 fif
SIGIR2019 [H (43%) kI (26%)
SIGIR2018  h[E (34%) KM (30%)
SIGIR2017 >k S lE|
SIGIR2016 K[ (34%) i (23%)

[[0] 2 426 D 7 VR — 8 — 3 HE S L7 DI B R
RN AD 84 AT, FRIRFIL 19.7% & L L (WE4E

1& 21.0%), SIGIR1999 %5 SIGIR2019 D F¥ERINHE
19.3% L ABRETH 5.

EIRI TR « BRIVIRELIE SIGIR2017 > & LA T4
s s s, HEIE SIGIR2017 THfSIE ~ v 7T
Hole, FHEORENCKIE R h o7 ([3] p.11). LA
L, SIGIR2018 7 LI TH EIICLE, SHIEE 5
WOKRE L DEZRINF TS (£39). £72, SIGIR2019
DERIFAREL, FRIRB DA (K 210) ZICIcgRIEZ
W95 L, HENX 25.5%(FRIE 36 11, Befm%i 141 1F)
TRED 22.2% (FRIEL 22 1, Belrid 99 1) %z kA>T
VW3, X5, 7AR——DEFHDEBINR (SIGIR
2016-2019) (X 411) TH, 2016 FORFETIEKED b v

9[5]p iii, [6]p.iii, [9]p.6, [8]p.v & D EERL 7=,
#—7"= 7D Program Chair’'s Welcome D A7 A F XD,
11[6]p iii, [8]p.v ZTLICIER L 7z.

Tlmaanzzl
c ana

Netheriands
Singapore

China (141
Australia !

United
States (99)

X 2: SIGIR2019 FEIFI#EEAEE, FRAIRE DA

600 0.300

SIGIR2019
500 mRE19.794 020
400 \ /\

L 0.200

0.150

0.100

0.050

0.000
2 S

3t 7NN — DR, IR, FRIREOHER
(1999-2019 4)

mmSubmitted mmAccepted —Rate

7 (25%) T, HEIE 2 6% (23%) TH oY, 2017 4
IR L, [MZ2ERZTEICHEEZEPL TR S
CHARDER « FRIVRBLIC D W TIE, SRl
B, BRI b 6iThs (X2). HAANDEELE.RE
T 7 LR — 8= DRI (SIGIR2016~2019) % 7 412
IZRT, SIGIR2019 TIEA 7 b 3 AN SN T
W5, HROHEC DWW TR TZATITIw->TED,
FRRHRYE, SR, HERD SRS T 5,

SIGIR &K TH 7 N_R—S—DEZDFTIE I N —T

128IGIR2019 12 DWW TIEEEAD S HAANS L & FECHIlT L
TN ZEAL, HOBNCD W TN ARTIAEIZ L Tk, £,
TOIS (ACM Transactions on Information Systems) D ¥ —7
VL DFEF T ED TR,
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0% 20% 40% 60% 80% 100%

SIGIR2019

38 22%
SIGIR2018 35% 26%
SIGIR2017 28% 22%

SIGIR2016  INPET NPT/

W China mUSA m Others
4 7N A== DEHDER 53 (SIGIR'16-19)

4 HRNEZD 7 V=S — % (SIGIR'16-19)
F (Session)  AHA:EH (*:2HH)

2019 (7A) Tetsuya Sakai*(FfGHK)
(2C) Makoto P. Kato(#ilK), Masatoshi Yoshikawa (5 #IK)
(1A) Kenta Takatsu(Cornell X)
2017 (1A) Tetsuya Sakai*(FfGHK)
(4A)  Tetsuya Sakai(*F-FRHIK)
(6B)  Sosuke Shiga*, Hideo Joho(3iilK)
2016 (1A) Tetsuya Sakai*( 5 fGHK)
(5B)  Tetsuya Sakai(‘*FfiHK)

DA (SIGIR2016~2019) (K 513) &7 A7 2 723
%3, SIGIR2017 DA%, MEDFEZ LD L TOMA
TWw3,

7N R—= 8 — DA FEE . (SIGIR2016~2019)
(Ke6't) =iz L, iz, L LTHICEZA
LWL, MEMICERIRE N Tw 3 aERA
2\, Lo EA7iE Alibaba, Microsoft, Google DJIH
T, Microsoft 1 SIGIR2016 LARE, #2172 2 piC
ZRELTED, Alibaba & Google IZAHIEME L T 5,

0 50 100 150 200 250 300
SIGIR2019 _
SIGIR2018 -
SIGIR2017 -
SIGIR2016 _
Wacademia MWindustry WA = Z O
5. 7N R—=2N—DftE 7NV — THIEEEK

(SIGIR2016-2019)

13[10] @ full paper DIEH DS, [1ﬁ1mj, [12], 13 » 7w " L
DELDOHIBEICICT AT 27, %, W, ThbIMoyEL 7.

14110] @ full paper DEXE DTS, [11], [12], [13] D717 T L
DEFRDTNE % TCIAFR L 7.
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15 20 25 30

Alibaba

Microsoft

Google
Raytheon BBN Technologies
Turing Robot

Sogou

Tencent

MOST

Layer6 Al

Yahoo Research
Mobvista

Mercari

InfiniaML

Huawei

Coles
Ant Financial Services

Amazon
6ESTATES
Spotify
Bloomberg
Nokia
Kira Systems
Esty
Baidu
SaP
Petuum
KKBOX
HTC
Apple
IBM
Walmart
Snap

Malong Technologies
JD.com
Heptio
Criteo
Yandex
Samsung
WLRK
VMWare
Telefonica Research
Sciling
Didi Research

SR T TR R I‘ |

Sy

EmSIGIR2019 m SIGIR2018 SIGIR2017 mSIGIR2016

6: 7 R —8— DARZERFEEL (SIGIR2016-2019)

2.3 bovY

SIGIR2019 D + 7 v 7Kgz £ 5 128§, 4lald (g)
Evaluation ® b 7 v Z7258ME 17215, wilEliz b7 v
7N PR, SEED T, SHliZ1~2 Ty s
B TR IO, EBE IR T
ni1s,

SIGIR2019 D k 7 v 7 jll#AE - FRYVRDLZ 4 7 13w
T, ANE (d) a v T o #EE - 08, (a) R E
7 VX v BT B oD% <, (d) IEETE S
RO BRBEELS O (124 K, 2D 30%) F 7 v 7T
H o7 ([6] piil). FMl, BIHET 25X OEINGE D>
b ov 7% (d) & (a) 225, BIRERIRED %> 7 b

Bz b7y 74 OEENH Y, (b) 13 2018 41 Search and
Ranking (Core IR), (d) I3 Content Recommendation, Analysis
and Classification Tdh > 7z,

16 L 7 %35 T SIGIR2018, SIGIR2019 @ + 7 v 7 BIGwL D534
IFHHIC T E o,

0oepd d



# 5: SIGIR2019 D + 7 v 7 Kk
Search and Ranking

a
)
b) Future Directions

¢) Domain-Specific Applications

d) Content Analysis, Recommendation and Classification
e) Artificial Intelligence, Semantics, and Dialog
)

g) Evaluation

Human Factors and Interfaces

(
(
(
(
(
(
(

250

24.4%
- 22.6%

2
0 0% T
- 19.1%

150 —
17.3%
12.2%
100 0.8% —*

50

0
(@) (b) () (d) (e) (] (®)

Submissions Accepted -M-Acceptance rate

7 b7y 7R - BRPVRDL (SIGIR2019)

7 v 7% (c) FEm B DI (20 A&, 2ERD 23%), (f)
Human Factors &4 % —7 =4 2 (20 K, [A 23%)
TH -7 ([6] p.iii).

24 v ay

2019 FED X v > a VG SCB I HEE (3A,7C),
Ak & B (TA9B) 2IMEIC S\, HEEICEE T 20
% WOEMI 2016 2 SHENTE D [4], SRIOHEED
kv arvDiXE 5 E RecSys, WWW %, JEid5y
o GO ERSEDOSIHNL C, 22274
MomEAMEATH R XY ICHZToNnS, £, B
Loty yaryd LTI L FHECET2 b0
(3B), WEFE, New IR Application Dt v > a ¥ Ciff%
Bl 7 7y avy<yF (9A), 7O0RAE—%
IWHRERICEE T 2 b D (TB) E03H 5.

DA R> b7 7Y Whova LDty arns
PSSR L like DA Z K 8 IR T18, SHIEEED
Zhrot-tky i a  IFMEICTA GEAMEEFHME 1), 1C
(BREX) , 3B (BRMEEFAN) , 1A (FvF0 7
228 1), 4B (7)), 2C ARk FT4574) T
H 5. like BDMHFIZH Do -DIF 2C, HiT1C, TA
T, like B 20 Ll Edt vy a iz 7C (HeE 2) %
BrE, SRS 100 L ETdh - 7219,

TR 4ROy & a v 7’n 79 A EEBRORRIZ S i Twn
PEAIEEEDT1I Yy avEh TV L.

187 70 O I HESRICE £ D M TR R o720, SR
B, like B3 EETH 5.

177 1T like ISMEFEDO G L FMVICv—2 TE S, like
B SISO REMHBIREIZ 0.79.
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45

40 2C

35 1C

30
5 25 7C 5B i : 3B 7A
2% 1A

15

10

5

0

0 20 40 60 80 100 120 140 160

BB

8 77"V (Whova) LDt v ¥ a VHISIEERE L
like D434 (SIGIR2019)

2.5 Za—ZILRy MBI SEIR

SIGIR2016 ® 3541 T Christopher Manning K
(A% v 74— FR¥) 1 SIGIR 12 b VEIE Y5 h 20k
BET 5 PR ([14], p.72), SIGIR2017 ® Neu-IR?°
DA =7 =2 7 TIE 4 77D 1 DA neural IR 12
B42bDTHY, "=2—7 1%y I DIE (The year
of the Neural Nets)) &# Sz,

% 2, SIGIR2019, SIGIR2018 d 7 L_R—,3—=21
ZNRIC=Z2—F %y b (BUF, NN &Wgd) ICBdd
L E ) 7222 )9, K10 IcKLcEyva
YHLLD 7 VR =8 — D3 E NN BIED S %
N

SIGIR2018 O 7 L —s$—13#7 46.0% (40/87 A&) %3
NN BH#TH > 7223, SIGIR2019 TIEHY 73.8% (62/84
A) L KIEIEML 7%,

v a VHATE, SIGIR2018 T3 73.1% (19/26)
Dty a Iz NN BEO A3 L T 722323,
SIGIR2019 T4 95.5%(21/22) IZJLhA3> T %, SI-
GIR2019 D+ v ¥ 2 » T NN BIHOF AR E VWb D
IHERS (A, 70), ERIGE (2A), MEE (BA) , 77
7 F v, 77430 —L Legal (3C) , Personal-
ization &fAATEROMER (6B) , %5 /B AE—
FNWVkR (TB) , 77y ¥ av<yF (9A) , Hashing
(8B) HTH 3.

SIGIR2018 T NN BJ# DO EIGIKE >t v ¥ 3
v 13 New IR Applications, Conversational Systems,
Question Answering, Hashing & Embedding TH > 7z,
Z D9 5 New IR Applications Dt v > a v DI 7

20Neural Information Retrieval D7 —% 3 av 7. https://neu-
ir.weebly.com
Fy=HpleyrarD7 Li—xX—DI b, TOIS(ACM
Transactions on Information Systems) D ¥ —F VX = k<.
223309 290 89 DO HIWHIFEARINICIE ¥ — 7 — F3CFH1 (‘neural
net’, ’deep learning’ ) \— 2 Tfi>7:, future work O &I
Bid ol MBUNLEDSIEZY LAEDICHRITE 2 D7
735, NN OFE & RETEROMKE L NN BHEe L Tws,
BREICAHTIO® v > a v 23707 7 A EERORRIC 2 Tn
ZHERELDTLI Ry av ATy L.
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(3A,7C)

(7A, 9B) Relevance and Evaluation =
(2A) Question Answering

(5A) Conversation and Dialog

(2B) Collaborative Filtering

(1A, 9C) Learning to Rank
(2€C) Knowledge and Entities
(3C) Fact-checking, Privacy and Legal
(6B) Personalization and Personal Data Search
(6A) Social Media
(3B) Interp ility and ili
(7B) Multilingual and Cross-modal Retrieval
(9A) Fashion Match
(8B) Hashing
(4A) Recommendations and Classificatiion
(4C) Users and Tasks

(1B) Health and Social Media
(5B) Efficiency, Effectiveness and Performance
(4B) Queries
(8C) Summarization and Information Extraction —— m neural
(1C) Search Intents =
(8A) User Behavior and Experience ===

m all (except for TOIS)

il

K9ty arvilld7ZnR——t=2—F L%y I
BIH oS (SIGIR2019)

0 AE—F IR E IR OARE R L ey F
BT 5D THD, TsITRIGT % SIGIR2019
D7 UAE—FIHREME (TB) L 77y avr=eyF
(9A) D v a v DFXbaT NN E#HTH 25, X7,
Z DAt DR FERDE, H )5, Hashing B D+ v > 3
2O WTHEERICA TS NN B# %124,

Fiiz NN B G OB H 32> D I3 HERE (3A,
7C) Dy aryThHhsb., 7, Knowledge Base ¥
Entities BIi# (2C) T4 NN BLHOMIADHE Z T 5,

NN B O XD FEICEIT 52 ¥ — 7 — FTld at-
tention 23§ %A (£ 40 £4:25), attention mecha-
nism A I N T3 b DI 18 1, BERT 137 4
I, Transformer 238 dH 72, D FETIZ RNN £
% ¢, RNN, GRU, LSTM %% 15 226, Seq2Seq
BRI 3H o7, Ric%Hho7-DiZ CNN £ T, CNNH»
144, VGG & GON 3% 234dH D, fihicix GAN
BRI 2D - Tz,

2.6 ZTERX

Best paper & Wang & [16| DF ¥ 74 v D7 %
v 7T 21198 C, Dueling Bandit Gradient
Descent (DBGD) #®REL, 7TV DEADEL L 7
VXV IS AR L TMRGRE - R L, 22—
FLOD7 )y 7 ZBICETVEERHTLE, 2—9
DEBEOITHER D 547z b DIEE T % 2 4 X%
bk L CAB P D variance /NS £ T % Fikz %
L 7.

245IGIR2019 Dk v & a ¥ Tl3FK45A, 2A, 8B ICHIET 5.,
BPF I XD F — 7 — FXFFN O BB E R b DT, Fik
DIEMER A TlE %\,

264 % Bi-directional RNN, Bi-GRU £/, Bi-LSTM #J 8 4
rEL.
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Learning to Rank

New IR Applicati
Conversational Systems
Predictions
Fairness & Robustness
Ri der Systems — Methods
Entities
Log Analysis
Medical & Legal IR
Recommender Systems — Applications
Privacy
Evaluation
Question Answering
Hashing & Embedding
Content & Semantics
Social
Knowledge bases/graphs
Location and Trajectory
Social Good
Behavior
New Metrics
Interfaces

Sentiment & Opinion
Crowdsourcing & Assessment
Mobile User Behavior

App Search & Recommendation  —

VI

m all (except for TOIS)
M neural

X 10: v a vl NR—R—t =2 —F ) 3w
I B o> G SCEL (SIGIR2018)

Test of Time Award?7i&, @R DML n-
DCG DB EIR (a-nDCG) Z % L 7 Charles Clarke
5 [17] 1T S .

2.7 EREH

v Fa—ty VIRRFED 7 1 7 B EHRIR
RICBI A vy 77 ayOEBEEICOWTHEHL
18], 2—H—A ¥ F 7> avicBiT 5 EaRR%
DEERZIRDIKY, BHREELHFEIRERICE T 5 A
V8 Iy a vreEslEAN L .

7 7 v AE SR H BB O Research Di-
rector D 2 3 PRI, HICHZ 2R o BEHE L
V9 P THL 7 [19], GHT— 5 % o 7 A
D= OFEH, By & FHZ VideoBERT THIE
D2V FE—F T =¥ %5550 H T,
B FAhD 7 7y a v 208 76, WA
(temporal dependency) A LA 7Y =7 + DREFRD
79 7% AT AThD 7 7y a v OB, Graph
Neural Networks % RPN(Region Proposal Network),
attention %% O 7ATEI P OHASE 2 HNL 7. 5
BoOMFEOH L L CIHEMR LD 877> 3
VDO DEE RS

28 Fa—hkUZ7l
SIEE 6 ISR T 1L DF 2 —F Y PNV H > 728,

2735 10-12 45D ACM SIGIR 28 A K v — DR T b A v
N FPDOREPO RIS NS H.
28http:/ /sigir.org/sigir2019/program /tutorials/
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# 6: Tutorial (SIGIR2019)

Tutorial

FEv 2

a) Building Economic Models and Measurement of Search
b) Effective Online Evaluation for Web Search

¢) Learning to Rank in theory and practice
d) Deep Chit-Chat

) Example-driven Search

) Explainable Recommendation and Search

Web Table Extraction, Retrieval and Augmentation

Deep Natural Language Processing for Search Systems

Extracting, Mining and Predicting Users * Interests from Social Networks
Fairness and Discrimination in Retrieval and Recommendation

by
h)
2
h)
i) Learning to Quantify

(
(
(
(
(e
(f
(
(
(
(
(

MR ORERTE 7V L AHIEEE, W7 + L — v VBLRAE,

Web MR D A > 7 A+ T,

7V F v EEOME &S, A7 — AT 4 >~ 7, NNJEA, Unbiased Learning %,
Deep Learning D F ¥ bRy b ~DJEHL

example X\ — A DR,

DU ETRE 2 e & BsR,

Web 7 — 7 Vi, BeR, d56R.

BT © BIBER Y AT LT D Deep Learning R — A 0 H A S GEALEE,
I—FDOEHDVA =V, V=Y ¥V Fy b T —IhoDvA =7, Gl
WS, HEWEICE T 2 Fairness(2FHE).

Quantification (/€ #1k).

Yandex & Facebook IZ & % (b) Web HREBDF »
A VEHlioF 2 — Y 7OV [15] T, & v 74 v
FEOMEEOMIZ, Yandex TDA ¥ 74 v FEBRDOHE
Blzmy B, *v 74 v 7 A P FEfioEEE, RR
PNA T AEDORE L E, 56 a2 LT,

2.9 SIRIP

SIRIP? %, ¥ TD IR DIGHICET 23D T,
M4ty ardfrbiszso,

Netflix 225 FA Y —3S v/ —E2Da vy F v
Y RBDFHIHNDH > 72 [20]. Netflix DRI
IZ'Fetch’ (BRER T 394 ML RESTWLIEHA)
Find’ (FFEDOPEESE, FRIGAMLZ DY T 2454
FVBSAHDEE) , "Explore’ (¥ v Y IV&%, LD
IAHI TR L 7 wia) @ 3HEEDH 5. RERD
Pl 8 13%RFIHTE Ry T VIcBET 3 Y
DEWEIN, ZOHEICED L) LHEEVPLEE L »
D, ELRERERLHER &) AaGbY 0%, B
DI\, ANRED 2 —F OEHEZEINT 512134 v
ARGV Y —FBENTH B, HE 7 1) 1E Web i
RICHARTLERDER L%, MBEK OB
HLwvw, £, 7ZVANROXF—RAtu—2 %24k
CL7Z20D, Ny IZVDANE, AT LICEk>TE
7V XD LTFEPHEZL5E50H 5. 2—FDiTH)
T—F B, MEROERREREOHPAZ 2 727 7
R—FBRNELEDZETH D,

zx

210 7—9v3av>r

SIENERTIORT 8T =T ay TBdH 73, #Hil
WY —=7vay 7, W=y MET50
(WCIS2019), fE#OFEMEICEIT 2 b D (ROME2019),
IR IZ¥F % Fairness, Accountability, Confidential-
ity, Transparency, Safety (B89 % b D (FACTS-IR

298IGIR Symposium on IR in Practice

30SIGIR2016, SIGIR2017 Ti#% 3 £ v a, SIGIR2018 T
26+LviaryThol.

31http://sigir.org/sigir2018 /program/workshops,/

2019) T, &kt L CHFEMCHmEMEICEET S FEY
7)) bONE > TR 5,

Wiz —Y v b AV I aviclT57—
27 ¥ ay 7" WCIS201932 ¢l Facebook 2> 5 AI A v b
AL OZWOMIEEIFN SN, BEROMEDOFY %
ENVFTBDEET D, HEORY ML > TORE
mDAffEIZ A S S0 g, MNEE» SHEM T 2, WEEDIG
Btz WS ODAERLTEE, ZOBROEMZHEE
L THR&IIIc b - & b reward iR 235 < 7 3 F656 %
HE8, dialogue rollouts &\ 9) FIERERTH 5.

2.11 SIGIR2019D ML YR
SEDOMLY FZMTPICELED D,

o NN BHH OGS E SN (7 )V R—=3—DFY
73.8%, T =Ankvarofl9ssh).
Epl-cirhEDEHET, Sk, RIS B E1
F 7w 7 IR FREUIATINC KL & 3 v T v Y o
Helg - BHBL L, Lt TRBE T v X v 7
%o,
X v ¥ a VHESCEIIHERE, WEATE L FHEINS -,
Lty >a RN &S (3B), 77
y¥aveyF (9A), 7 v RE—F LHEEH
(7B) 4.
SMERD %ol v & a vIidEATE & G
(TA), WEREK (1C), MRk L FHY: (3B), 7
XV IEE1(1A), 7Y (4B), HiEkE TV
T4 74 (2C) &,
FLwy—2ryay Z3AEE—2 = v B,
HEHROFEMEL IR OfHEMEICBT 2 b 0T,
BERELTREICHTAIEY 72T 5,

A SHRT

AR D 7 7)) THINEERE E 72 1% like D% 2o 72
tyyarvho ORI ERNT 5.

2.12

32https:/ /sites.google.com/view/wcis/
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% 7: Workshop (SIGIR2018)

Workshop | rEY Y

WCIS2019 1
FACTS-IR 2019 1
EARS 2019 2 DU ATRE R L MR
BIRNDL 2019 4
OSIRRC 2019 3
NewsIR ’19 3
ROME 2019 1

3

ECOM 19 eaAv—2A.

WNEEL—Y 2V b, A VP T2 aVvy AT A,
IR 128 % Fairness(2AF-4), Accountability, Confidentiality , Transparency (EHI:), Safety(Z4x1E).

ETVFARA M) I RACE BT INTA T 5 OKEK & RS BN

ad hoc ERD T A FaL 7 a v\ replicability v L v 2.

Za—AEWER. Ty —F VAL, T2 AV Za—R, 777 bF 2y 7, Za— A,
77V Fay, FRERRLZ 2RO, V=2 ¥ VR T 4 T ~OBUEHILHL D 53 BT

2.12.1 TA: Relevance and Evaluation 1

Sakai & [21] IZFFHiFEEEE A DFHM & L T, adhoc 1
RO L diversified IR(ZHALIER) DR (B 30)
& XRIZ 2 —Y D preference & DA% T2, FEii
WS 7: 15 A LTr Y & 2 oMK Rz
AR L, WEMEIC O WTIEekE LTy o)
L DAL TR BRI, SRRECO WTiREDS
{DL—FZiliE I 2 MRGER L BRI 296i%
fTo 7z, BI& D preference & HEED—H 2 TRz &
2%, #MAMIc oW T adhoc R T (V6D
fEEE (] : nDCG) 1 X { Ao T/, LMD
TIFEKEFR (intent-aware) DIFEEDRERNE L %2
o,

2.12.2 1C: Search Intents

Zhang 5 [22] 1%, =V DOMRREM %R 2 iR
WM #2284 %5 GEN Encoder 8L L 7. 71
BHRENZRTICEA T ELE6LH 20, 27Uy
IBPT L7 ) IFEKDEVWEEZ, 7Yy %
MR EX %27 implicit 2 7 4 — KNy 7 & L THH
L, 27Uy Z7PBEIL 7Y INEL 5 &9 Ioiail
Eicey B 795, 6T Y RAYEETHE
ExREDTWDS,

2.12.3 2C: Knowledge and Entities

Imrattanatrai & [23] 37 ¥ A b 6DV T 4 T 4
D7 RT 4 A DERE % knowledge graph(LA T KG
L) 2RI L TRy ay MEETT) HiEE R
KLz, BIZERFOLY T4 T 41220 TZ O
(7NN, bTv 7)) LOBRERT 7087 4 (al-
bum’, ’track’) Z#@ET 256, KGDOHET 087 112
MRS 2Rz SRS Y 7uh o, k5 REE I
T2 35 (KF) L HWEE (T ANL, P Ty 7)) ZHhil
L, ZhozauXe BT 2, KGo7ms
T 4 DIDIARTTEIZ KG D72 2555 %2 o TR
L, 5Ty T4 74084 72 THELZE
DTW3,

2.12.4 3B: Interpretability and Explanability

Balog & [24] 14 transparency (&) & scrutability
i A 7S A T L2 RE L 7. T 2T scrutability
EIFT AT LD L 72 2 — Y D preference & 1 —
HYDHEEHREL TBIETES 2L Th 5, REVR
7 L% transparency 2R S RN SHERY R T L L[
DUWERETH %, 7, scrutability IZDWTIXY AT A
DI L 7z preference & 21— DERGRME 2 B 5D
%<, 2=k BBIETKEDORMDYH S 2 L AR
L7.

3 ERDOIZa=7+DEM

2017 £ 12 HiZ ACM SIGIR DHLG T H % HA
XA DL L, ENNDWIZE 2 2 2 =T 1 DIHRDONE
WD 728, SIGIR Bi#ED X I F—HD A4 RV FREH
U DIEFRAEEZITo T\ %, 2019 4E 10 HIZIZ 5D
SIGIR2019 Z &L EHR 7 7 £ AR DEBERAHEDH LD
Ft A2 (IR Reading2019 FK)4 2B L 7. £ 7, 1M
BEMEICEB T2 HAD LY R EDRo, [y
FOREBREFICHRE T EDRLEZRNRICLEXA VS
Y79 =23 a2y 7 POWIR ZBEL TE D, Sl
FC 2 A3 SIGIR2019 TS 7z, XD POWIR
2020 Winter® (% 2020 4£ 1 HICBETPETH 5.

4 HbHbHIC

IRD Ly 7Hv7 7L v A SIGIR2019 732019 4E 7
Az 80 ChlfE S 1, WERS D 1,025 L3S L 7.
7R = — IR LA % 426 AR S 4, BRI
I 19.7% & 2R L 72 (EEIX 21.0%). EBITIX
Pk, PR ShEOBEAAE <. NN 1B §
BHZRIET 7= Aty a vy 955%, 7_—
N=DR 138%IZ NS> 7=, &tk & L THEE BT 3
X% WD T VL B,

33Tokyo ACM SIGIR Chapter, http://sigir.jp/
34nttp://sigir.jp/post/irreading_2019fall/
35http://sigir.jp/post/2019-10-17-powir2020winter/
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SIGIR2020361% 2020 4£ 7 A 25 H2>5 30 H % ¢+
EDOPELTHfEZ N5, ACM SIGIR H a3 ¢l SI-
GIR2020 DR LDORA VIV I I —0 v ay 7
POWIR % 2020 4 1 HIcBAf# 3 %. SIGIR2020 Tl
HAD»S I 5124 DM EFRIRDDH % 2 L ZH-> T
W3,

SE

1]

(10]

(11]
(12]
(13]

SIGIR: List of SIGIR Locations and History, http:
//sigir.org/general-information/history/ (ac-
cessed Nov 9, 2019)

Toshihiro Kamishima: ML, DM, and AI Con-
ference Map, http://www.kamishima.net/archive/
MLDMAImap.pdf (accessed Nov 9, 2019)

H 7 SIGIR2017 20 (Bfi) ei-2ai s =2 —
7N %y b afEERER-, BT XA NTFY T4
J A > YRY T A, http://www.ieice.org/~nlc/
attachment/NLC20170908-SIGIR-2017-Keyaki.pdf
(2017)

Masako Nomoto, Riku Togashi, Shogo Suzuki, Hi-
roaki Shiino: SIGIR2018 S, 5 20 RIATLHIRE
BRA 257074 THHT 7 e A LA = Y
%4 (SIG-AM-20-06), pp.36-43 (2018)

Proceedings of the 42nd International ACM SIGIR
Conference on Research and Development in Infor-
mation Retrieval, https://dl.acm.org/citation.
cfm?id=3331184 (2019)

The 41st International ACM SIGIR Confer-
ence on Research & Development in Information
Retrieval, https://dl.acm.org/citation.cfm?id=
3209978 (2018)

Proceedings of the 40th International ACM SIGIR
Conference on Research and Development in Infor-
mation Retrieval, https://dl.acm.org/citation.
cfm?id=3077136 (2017)

Proceedings of the 39th International ACM SIGIR
conference on Research and Development in Informa-
tion Retrieval, https://dl.acm.org/citation.cfm?
1d=2911451 (2016)

Arjen de Vries, Hang Li, Ryen White:
ACM SIGIR 2017 - Opening - PC Chairs,
https://www.slideshare.net/arjenpdevries/
acm-sigir-2017-opening-pc-chairs (2017)

ACM SIGIR 2018 Conference Organization: ACM
SIGIR 2018 Accepted Papers, http://sigir.org/
sigir2018/accepted-papers/ (2018)

SIGIR2019, http://sigir.org/sigir2019/ (2019)
SIGIR2017, http://sigir.org/sigir2017/ (2017)
SIGIR2016, http://sigir.org/sigir2016/ (2016)

36http://sigir.org/sigir2020/

[14]

[15]

[16]

[17]

18]

[19]

[21]

22]

23]
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Christopher Manning: Natural Language Infer-
ence, Reading Comprehension and Deep Learning,
https://nlp.stanford.edu/manning/talks/
SIGIR2016-Deep-Learning-NLI.pdf (2016)

Alexey Drutsa, Greb Gusev, Eugene Kharitonov,
Denis Kulemyakin, Pavel Serdyukov, Igor Yashkov:
Effective Online Evaluation for Web Search,
https://research.yandex.com/tutorials/
online-evaluation/sigir-2019 (2019)

Huazheng Wang, Sonwoo Kim, Eric McCord-Snook,
Qingyun Wu, Hongning Wang: Variance Reduction
in Gradient Exploration for Online Learning to Rank,
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