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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.
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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
B4/ 2 (95topics) Cq Cp
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
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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

[1] Astrid Dickinger and Josef Mazanec. Consumers’
preferred criteria for hotel online booking. In-

[10]

oosoo

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

formation and communication technologies in
tourism 2008, pp. 244-254, 2008.

Ivar E Vermeulen and Daphne Seegers. Tried and
tested: The impact of online hotel reviews on
consumer consideration. Tourism management,

Vol. 30, No. 1, pp. 123-127, 2009.

Juan Ramos, et al. Using tf-idf to determine word
relevance in document queries. In Proceedings
of the first instructional conference on machine
learning, Vol. 242, pp. 133-142. Piscataway, NJ,

2003.

Katerina Berezina, Anil Bilgihan, Cihan
Cobanoglu, and Fevzi Okumus. Understanding
satisfied and dissatisfied hotel customers: text
Journal of
Hospitality Marketing € Management, Vol. 25,

No. 1, pp. 1-24, 2016.

mining of online hotel reviews.

David M Blei, Andrew Y Ng, and Michael I Jor-
dan. Latent dirichlet allocation. Journal of ma-
chine Learning research, Vol. 3, No. Jan, pp. 993—
1022, 2003.

Hyun Jeong Han, Shawn Mankad, Nagesh Gavir-
neni, Rohit Verma, et al. What guests really
think of your hotel: Text analytics of online cus-

tomer reviews. 2016.

David M Blei, Thomas L Griffiths, and Michael 1
Jordan. The nested chinese restaurant process
and bayesian nonparametric inference of topic hi-
erarchies. Journal of the ACM (JACM), Vol. 57,
No. 2, p. 7, 2010.

Thomas L Griffiths, Michael I Jordan, Joshua B
Tenenbaum, and David M Blei.
topic models and the nested chinese restaurant

Hierarchical

process. In Advances in neural information pro-
cessing systems, pp. 17-24, 2004.

Hongning Wang, Yue Lu, and Chengxiang Zhai.
Latent aspect rating analysis on review text data:
a rating regression approach. In Proceedings of
the 16th ACM SIGKDD international conference
on Knowledge discovery and data mining, pp.
783-792, 2010.

(WA VESE, LA =, SAEERE. 73V EED
LR ZE HE U-BREHN Ny Z7ET V. & 6 [0
F—RATHEBRIAIA L MIETEZ 74—
A, 2014.



ooboooo oooooooo
000000000000 00O0o0oo(@230)
SIG-AM-23-06

SR BRICEDE
F— 9 DT FEDORIREZET B4 V5 7 2 — AOKE

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

L1 78 R d !

Ryosuke Yamanishit
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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-

003 o



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
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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
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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
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000000000000000000(0230)
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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 s