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Abstract: Evocation is weighted information that expresses how much a concept evokes another, and its
application to various tasks is expected. In general, the extraction of semantic relationships strongly depend-
ing on human perception and experience is considered to be more difficult than the extraction of structural
semantic relationships, and there is much room for researches in evocation relationships as well. So, in this
paper, we try an extraction method of evocation relations using unsupervised learning. Conventionally, a
method using co-occurrence relation of words has been reported. However, since evocation relations are
directional, the co-occurrence information alone is considered to be insufficient. Therefore, this paper pro-
poses an extraction method of evocation relation using the transition information of post data in corpus.
We also conduct the experiments using evocation evaluation data in English and Japanese, and we compare
the performance of proposed method with that of the conventional method. As a result, it shows that the
performance of the proposed model is as high as or higher than that of the conventional one, and it can be
further improved by their ensemble. This result suggests that it is important to create an evocation extrac-
tion model that takes into account the direction of evocation, which was not considered in the conventional
method.
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Table 1 Examples of relationship between post interval and evocation.
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Fig. 4 Visualization of state transition matrix.
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Fig. 7 Calculation image of evocation score.
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Table 4 Accuracy comparison in PWN-Evocation.

Method p

LSA (1€k) 0.090 + 0.026
T™ 0.028 =+ 0.028
MCNN 0.027 £ 0.027
LSA&TM 0.125 + 0.028
LSA&MCNN | 0.122 + 0.027
M7 — 4% | 1,007 £ 66

% 5 Japanese-Evocation (23817 % KR ik

Table 5 Accuracy comparison in Japanese-Evocation.

Method p

LSA (1Ek) 0.174 4+ 0.030
™ 0.219 £ 0.008
MCNN 0.192 4 0.007
LSA&TM 0.293 + 0.025
LSA&MCNN | 0.281 + 0.022
R T — 5 % | 825 & 145
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Fig. 8 Accuracy comparison by top-n difference (J-E).
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Table 6 Manual evaluation of evocation score (J-E).

Target | p

subl 0.538
sub2 0.491
sub3 0.469

L7-BOREEERBHERZRT. F72, &6 12, JEICB
BANFIC L 2 HEES VORI R 2 /RT. L, ¥—
Ty N AEBREOREESVE, 2O 2 AT
5 &9 R EREL, 2 /ol T OFHHEEH
W, pEEHRLZLDOTHL. B, PWN-E ZH0A
Ho 2, #EREIBRE ENENOMIRA 2 7 SR
FoENTWEWZOTHEL, TNOLDRERLY, HRTE
HZEELUTIZERT 5.

e PWN-E & J-EDIIKEZT A L, &KIZ PWN-E 2
B L FUAEESERNZ D00 5h,. I HATE -
HAAND =82 (RNiigd7r— %) it L7278
BRERE VT, HiE - 7 AU 7 ANOTERER % Tl
LEIELTWVALEDNI AT Y F & Lo 20N D
LEFEZONDL. RIZ, PWN-E 2B} 2 MEME R A
JE LHUL TWBOTHIUEL, HHBEOREE AT/
S B THAH. EBE M5, K6 &b, Bkr—%
DAATHANRKELELZ->TBY, PWN-E & J-E
ECREMERIER A o T EFEZbND, FRICRE
FHETIE, FUSED 0 1EVEE 2> TH Y, 3EH
MTONHEDOHZ#Z 25 L, iEx— 20 LSA 12
LBMBTFEDOHBEVKRTH L Z 00505, &
72, HAREOMET — 7 1I2BWTIE, BREFESEA
DT FRELU EORBE L > TWDL I ERGh5.

o WETHEMOKEE T2 &, £4K1IZ TM-LDA O )98
MCNN-LDA £ ) (7 CH 5 2 L5 5. TM-LDA
& MCNN-LDA & HACRHE L O T C A A9 1wl
THY, HEREDPERINLGEIEIRERA) v b
WdHDH. 72721, MCNN-LDA TIZ AJIRITCOIEFEIC



BIRNIBS ARG FEEEFEESA Vol.13 No.2 1-9 (Aug. 2020)

LV AT 25352 LT, LMELDOFHE
ELRTEBBREEONL RS A Z L ITEE
LTB&E\,

o WRFFEL|EFEET V7 (FHlFEROIE
BULE 2 - FiMEL §5) LR EAD L,
PWN-E - J-E OW 5 TV QR B2 54, FFiC
JE CIIRELAEEM LR TE 5. IS, HiE
DIGEIFHITTR A IERTE L, BT EHRIZH
RETHEONTOREIPHAEHLEL T L TRB L
WRTHLEEZONS, T2, RETE 2O T
RS2 &, BARET VBT 5 FIEE OSSR
R ENT VDB Z L DR TE B,

o M8 XY, WIKEFNV3IHET VY H 7V EFIV2H

T, FHUREOEEENA R LD 2 EW5h 5. §F
12, PERFELIRETE 2T, Topn251012ELT
FEEOMIEASE S TWA Z L0 n s, I, _E
FHETRE Iy 72 L) X CERITLHGE WS
i) ITHEE ﬁ}ﬁﬁ@ SDOREVHD, DF 1), Topn &
ANECHIBRL 235 A I s 3 < 2D, 2ol
%ﬁ(tfw<ukfbk/7%%ﬁ¢6$% (E4E|
HWHEOERWCEFEDSHE S AR5 LT, PEY
o B EBHEELSE N IE N TV WIS E 2 b
L., ZOFICHLT, RG)ICky, »LEERET
XTCWVWELEEZLNDD, FNEFTTERTSTHS
EWVWRBIESHT.

4.6 E=E
45 FiOFERTIE, ERFHELREFELZ T VT
L 72 LSA&TM-LDA 5% U Ci b IBEDIH L 7B 2 L8
RSN, T, HEEoILRER & AAZO SR E
HMAEDLELZETHEMHLIHETH S 2:%71%9&%. L
2L, WETHEICBIT S LDA 0FE ORI RER%
FHLTBY, RETHEOARTLIEGH L HIHBHOH
2SS Z & =W LTz, SARIDSEUILZ: 20 o 725K
LT, LDA IZBIF 2 LEERIZIE Ny 7N TR L
TBY, Py Z7BOBRICEEEZ BV TWLIRETIET
&, ZOHBHMERY BT EDEHLWIREETH > 720 Tl
&\/‘ﬁ’t%i%h% 727701, [A— My 7 BROAIT
:&étéw Lo, HEFEHRD ) FLIHABL LD
~¢5t U, RIEFETHEIE 7OV 2 S AR AR HlH
DIz, ]\lﬁ‘/?l"] 2B L HERREEET A L
R, XFEONR7 FVEBE, Word2Vec [3] ® BERT [5] %
Eo, IDEHBNOFHFEIIETTLIEHHHATH
LEEZONDIO, BEEOLESHLEAH). 726
L0, AT Y ONEMAHBRBROBGRRMEIX 1 TH S
B, AFICL2HEESVOFINEEL 0.5 itk &, Kw
HE 7> TWAEZ gD 5., T, HEESVOTF
EV) MEBREONESPFERTH D LEZ LN, KRER

© 2020 Information Processing Society of Japan

LB TFUREOZLUNRIREN L.
5. £&O

AT, AMOMEERO—ETH 5 MERIZER L,
V=X VAT AT &R IRBRO BBl TR0
SERAT. FEROTHETIE, HREROME ICHED I
EIEHREHWTBY, BEoFHE2EHTET RV E
VO YD L EE R, RESLTIE, ot AR &
DERERTHET N 2 -l T2 L L2,
EHIZ, FEBRICE Y, FEH 2T -5 2T, FE
PRI S N2 TERERIIREE &V O 2 1TV, RIS HAGE
T IZBVT, ERFEL K L TREFHEOTHIRE
WD EE 72 LR SNz, $72, RETIV
ELTMFEIC L 2 FHRERE T vy TV LE, &
HoMgE T — & &b ICFHRED 1§25 2 L AR S 1
7o ZAUC XY, BRI E TOVICHEEO LRIEHRZ T T
3% <, HEOHAFEREIN) ANMs & DEEME 2R
L, JOBEOEVEMNEFTVAREETE S L &R
L7z, AfklE, kst £ 7 v I R & J5 i & 8
JEICHLARATZR T V2L, L) PHEBEOEW
ETNVEERLTVL

BEE AT, HEJYAH Insight Tech 2SE A 1HH
BFZERT O I & D AFFE H B9 Tt L T B[4S
T—=%tv M BFHLZ.

=
i

%ll

SENH

[1]  Dencik, L., Hintz, A. and Carey, Z.: Prediction, pre-
emption and limits to dissent: Social media and big data
uses for policing protests in the United Kingdom, New
Media & Society, Vol.20, No.4, pp.1433-1450 (online),
DOL: 10.1177/1461444817697722 (2018).

[2] Das, S., Behera, R.K., kumar, M. and Rath, S.K.: Real-
Time Sentiment Analysis of Twitter Streaming data for
Stock Prediction, Procedia Computer Science, Vol.132,
pp-956-964 (2018).

[3]  Mikolov, T., Sutskever, I., Chen, K., Corrado, G.S. and
Dean, J.: Distributed Representations of Words and
Phrases and their Compositionality, Advances in Neural
Information Processing Systems 26, Burges, C.J.C.,
Bottou, L., Welling, M., Ghahramani, Z. and Wein-
berger, K.Q. (Eds.), pp.3111-3119, Curran Associates,
Inc. (2013) (online), available from (http://papers.nips.
cc/paper/5021-distributed-representations-of-words-
and-phrases-and-their-compositionality.pdf).

[4]  Peters, M.E., Neumann, M., Iyyer, M., Gardner, M.,
Clark, C., Lee, K. and Zettlemoyer, L.: Deep contextu-
alized word representations (2018).

[5])  Devlin, J., Chang, M.-W., Lee, K. and Toutanova, K.:
BERT: Pre-training of Deep Bidirectional Transformers
for Language Understanding (2018).

[6] Yang, Z., Dai, Z., Yang, Y., Carbonell, J.,
Salakhutdinov, R. and Le, Q.V.: XLNet: Generalized
Autoregressive Pretraining for Language Understanding
(2019).

[7]  Silberer, C., Ferrari, V. and Lapata, M.: Models of



BIRNIBS ARG FEEEFEESA Vol.13 No.2 1-9 (Aug. 2020)

8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Semantic Representation with Visual Attributes, Proc.
b51st Annual Meeting of the Association for Computa-
tional Linguistics (Volume 1: Long Papers), pp.572—
582, Association for Computational Linguistics (2013)
(online), available from (https://www.aclweb.org/
anthology/P13-1056).

Bruni, E., Tran, N.K. and Baroni, M.: Multimodal dis-
tributional semantics, Journal of Artificial Intelligence
Research, Vol.49, p.147 (2014).

Boyd-Graber, J., Fellbaum, C., Osherson, D. and
Schapire, R.: Adding Dense, Weighted Connections to
WORDNET, Proc. 8rd International WordNet Confer-
ence, pp.29-36 (2006).

Grice, G.R.: Stimulus intensity and response evocation,
Psychological Review, Vol.75, No.5, pp.359-373 (1968).

Buss, D.M.: Selection, evocation, and manipulation,
Journal of Personality and Social Psychology, Vol.53,
No.6, pp.1214—-1221 (1987).

Larsen, R.J. and Buss, D.M.: Personality psychology:
Domains of knowledge about human nature, McGraw-
Hill (2002).

Hayashi, Y.: Predicting the Evocation Relation between
Lexicalized Concepts, Proc. COLING 2016, the 26th
International Conference on Computational Linguis-
tics: Technical Papers, The COLING 2016 Organiz-
ing Committee, pp.1657-1668 (online), available from
(https:/ /www.aclweb.org/anthology/C16-1156) (2016).

Cramer, I.. How Well Do Semantic Relatedness Mea-
sures Perform?: A Meta-study, Proc. 2008 Conference
on Semantics in Text Processing, STEP 08, pp.59-70,
Association for Computational Linguistics (online),
available  from  (http://dl.acm.org/citation.cfm?id=
1626481.1626487) (2008).

Ma, X.: Analyzing and propagating a semantic link
based on free word association, Language Resources and
Evaluation, pp.819-837 (2013).

Deerwester, S., Dumais, S.T., Furnas, G.W., Landauer,
T.K. and Harshman, R.: Indexing by latent semantic
analysis, Journal of the American Society for Informa-
tion Science, Vol.41, pp.391-407 (1990).

Moss, H. and Older, L.: Birkbeck word association
norms, Psychology Press (1996).

Lindzey, G. and Runyan, W.M.: A History of Psy-
chology in Autobiography, Volume IX, Clark University
Press (1936).

Fellbaum, C.: WordNet An Electronic Lexical Database,
The MIT Press, pp.29-36 (1998).

Lesk, M.: Automatic sense disambiguation using
machine-readable dictionaries, Proc. SIGDOC, pp.391—
407 (1986).

Leacock, C. and Chodorow, M.: WordNet : An FElec-
tronic Lexical Database, MIT Press (1998).

Nikolova, S., Boyd-Graber, J. and Fellbaum, C.: Collect-
ing Semantic Similarity Ratings to Connect Concepts
in Assistive Communication Tools, pp.81-93, Springer
Berlin Heidelberg (2012).

Nelson, D.L., McEvoy, C.L. and Schreiber, T.A.: The
University of South Florida free association, rhyme,
and word fragment norms, Behavior Research Methods,
Instruments, € Computers, Vol.36, No.3, pp.402-407
(2004).

Mitsuzawa, K., Tauchi, M., Domoulin, M., Nakashima,
M. and Mizumoto, T.: FKC Corpus: A Japanese Corpus
from New Opinion Survey Service, Proc. Nowel Incen-
tives for Collecting Data and Annotation from People:

© 2020 Information Processing Society of Japan

Types, Implementation, Tasking Requirements, Work-
flow and Results (2016).

[25] Blei, D.M., Ng, A.Y. and Jordan, M.I.: Latent dirich-
let allocation, Journal of Machine Learning Research,
Vol.3, pp.993-1022 (2003).

[26] Wang, Y., Agichtein, E. and Benzi, M.: TM-LDA:
Efficient Online Modeling of Latent Topic Transitions
in Social Media, Proc. 18th ACM SIGKDD Interna-
tional Conference on Knowledge Discovery and Data
Mining, KDD ’12, pp.123-131, ACM (online), DOL:
10.1145/2339530.2339552 (2012).

WH B4 (FExE)

2018 4F 3 A& R RF LE#EELAE

- TN TR, A 4 A A
o= O T SRR - T M R
jgr i - 0 TN A, BT
B, Er LTHASELEICIET 56
It A THIES, S

soR

I K5h (E&H)

1997 4E44 B R K B id iR s
T.EAENY) T VT REFIN=S
L—#Y 7 harv¥a—5 1 v 7hige
T BfgE B, 1998 4E ZE K4E T4
BT, 2005 440 BT RFRE L
FHEZEFRE COE FrEAEHIZ. 2006 47
10 A Frgekkde#dz, 2020 4 4 H e EER 7R EH
THEEEMER LA, BIEICESL. FLLTY 7 b
AvV¥a—T 4 Y7L ZFOIHICET AHIEICIESE. HL
(L%). IEEE, ATHIgESS, HARMEBERE®RY 721 %

=, ELRIEFRERE.

L e

1985 44 i = K & K b T geft
LA ESRREIUE T, L
1. 2004 4FE44 T R RS RSB LA
JEREHAIE T B BEd%, 2020 441
BREFE PR 0%, 88T,
VI bhar¥a—54 s, BHETE
BT BFFEICHESE. 1996 SEAAR T 7 ¥ 1 Faim LES
H. IEEE, HAHRREHR 7 7 V1 FRHEXA.

\

b



