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1:20 PM - 3:00 PM Room D (301B Medium meeting room)

[1D2-0S-10a-01] Assessment of Thermal Insulation and
Sound Performance of Apartments
Based on loT Sensing
OToshihiko Yamasaki', Yuki Obuchi', Yuan
Lin1, Ryoma Kitagakiz, Satoshi Toriumi3,
Mikihisa Hayashi®, Ai Sakai*, Nobuhito Haga*,
Shimpei Nomura®, Yoichi lkemoto* (1. The
University of Tokyo, 2. Hokkaido University,
3. Future Standard Co., Ltd., 4. Recruit Sumai
Company Ltd.)
1:20 PM - 1:40 PM
[1D2-0S-10a-02] Data Collection for the Comfort Level of
Rental Property by loT Sensing
OHirohiko Suwa1, Atsushi Otsub01, Yugo
Nakamura', Masahito Noguchi? (1. Nara
Institute of Science and technology, 2.
LIFULL Co., Ltd.)
1:40 PM - 2:00 PM
[1D2-0S-10a-03] Business utilization of real estate image
classification system using deep
learning
OTomoya Tsukahara', Kodai Sudo' (1.
BrainPad Inc.)
2:00 PM - 2:20 PM
[1D2-0S-10a-04] Proposal of Railway Route Search
System for Finding Living Place
OKeisuke Kikuchi', Kenichiro Kobayashi?,
Takehiko Hashimotoz, Yasufumi Takama'
(1. Tokyo Metropolitan University, 2. GA
Technologies)
2:20 PM - 2:40 PM
[1D2-0S-10a-05] Evaluation of Rent Prediction Models
using Floor Plan Images
ORyosuke Hattori', Kazushi Okamoto’,
Atsushi Shibata® (1. The University of
Electro-Communications, 2. Advanced
Institute of Industrial Technology)

2:40 PM - 3:00 PM
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BEHE R (O (#) LIFULL) . L 8 (REKXZ) . @& 2
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3:20 PM - 5:00 PM Room D (301B Medium meeting room)

[1D3-0S-10b-01] (Invited talk) Recent studies on real
estate tech in China
OXiangyu Guo' (1. Fudan University)
3:20 PM - 4:00 PM

[1D3-0S-10b-02] Two-Step estimation model using
machine learning at detached house
price
OYusuke Takahashi' (1. FUJITSU CLOUD
TECHNOLOGIES LIMITED)
4:00 PM - 4:20 PM

[1D3-0S-10b-03] Statistical modeling of the transition
time of an occupation of rental rooms
by using the housing information
website data
OHayafumi Watanabe', Yu Ichifuji?,
Masahito Suzuki®, Satoshi Yamashita* (1.
Kanazawa university, 2. Nagasaki university,
3. UD Asset Valuation Co., Ltd., 4. The
institute of statistical mathematics)
4:20 PM - 4:40 PM

[1D3-0S-10b-04] Efforts on UX innovation in real estate
field by utilizing Al
Yoji Kiyota', OSatoshi Shiibashi', Takeshi
Ninomiya', Takao Yokoyama', Takuro
Hanawa1, Takeshi Eto1, Akiko Yokoyama1,
Kei Kikuchi', Musashi Kobayashi', Akane
Kameda1, Kazuki Takigawa1, Yusuke Saito1,
Kazushi Katayama' (1. LIFULL Co., Ltd.)
4:40 PM - 5:00 PM
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1:20 PM - 3:00 PM Room E (301TA Medium meeting room)

[TE2-0S-3a-01] (Invited talk) Sentential Decision
Diagrams and related topics

OMasaaki Nishino' (1. NTT Communication
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Science Laboratories)
1:20 PM - 2:00 PM

[TE2-0S-3a-02] MCSes Enumeration with the Glucose
SAT Solver
OMiyuki Koshimura', Ken Satoh? (1. Kyushu
University, 2. National Institute of Informatics)
2:00 PM - 2:20 PM

[TE2-0S-3a-03] A SAT-based CSP Solver sCOP and its
Results on 2018 XCSP3 Competition
OTakehide Soh1, Daniel Le Berre3'4, Mutsunori
Banbara?, Naoyuki Tamura' (1. Kobe
University, 2. Nagoya University, 3. CRIL-CNRS,
UMR 8188, 4. Université d'Artois)
2:20 PM - 2:40 PM

[TE2-0OS-3a-04] An Analysis of Entry and Exit Data in
Office by Decision Tree Learning Using
Clustering Factor Matrix from Non-
negative Multiple Matrix Factorization
OSeidai Kojima1, Hayato Ishigure1, Miwa
Sakata1, Atsuko Mutoh1, Koichi Moriyama1,
Nobuhiro Inuzuka' (1. Nagoya Institute of
Technology)
2:40 PM - 3:00 PM
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[1E3-0S-3b] Al ICH 1T 2 BEEEELEE & FITR(2)
BEEH XE (BFMRAM) « EHBRER ( () Rq>23vY
VT4 >vd)

3:20 PM - 4:00 PM Room E (301A Medium meeting room)

[TE3-0S-3b-01] A Branch-and-bound Algorithm for
Determining Discrete Changes for Hybrid
Constraint Solver HyLaGil
OMasashi SATO', Kazunori UEDA" (1.
Waseda University)
3:20 PM - 3:40 PM

[TE3-0S-3b-02] Dynamic Reduction of Guarded
Constraints for the Hybrid Systems
Modeling Language HydLa
OTakafumi Horiuchi', Kazunori Ueda' (1.
Waseda University)
3:40 PM - 4:00 PM
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3:20 PM - 5:00 PM Room F (302B Medium meeting room)

[TF3-0S-17a-01] (Invited talk) Issues of field high
throughput plant phenotyping based on
images
OSeishi Ninomiya' (1. University of Tokyo)
3:20 PM - 3:40 PM

[TF3-0S-17a-02] Bird Damage Prevention System
Utilizing Deep Learning based on Birds'
Behavior
OKazuki Kobayashi', Fumiya Shimobayashi',
Kazunori Teradaz, Takefumi Yoshikawa3,
Hiroyuki Sato4, Hiroyuki Tsuchiya4, Kanokwan
Atchariyachanvanich5 (1. Shinshu
University, 2. Gifu University, 3. Toyama
Prefectural University, 4. Marimo Electronics
Co., Ltd., 5. Faculty of Information
Technology, King Mongkut's Institute of
Technology Ladkrabang, Thailand)

3:40 PM - 4:00 PM

[1F3-0S-17a-03] Training Data Augmentation for Hidden
Fruit Image Segmentation by using Deep
Learning
ORyoma Takai1, Kazuki Kobayashi1 (1.
Shinsyu University)

4:00 PM - 4:20 PM

[1F3-0S-17a-04] Q-learning with Neural Network for
Automatic Irrigation Control of Crops
OShuto Namba', Junpei Tsuji', Masato Noto'

(1. Kanagawa University)
4:20 PM - 4:40 PM

[TF3-0S-17a-05] Crop Yield Estimation for Hydroponic
Tomatoes using regional CNNs
OVYuri Isoyama1, Fumiyo Emura1, Hirohisa
Satoh1, Takashi Shinozaki®® (1. Kyowa Co.,
Ltd., 2. Japanese Society for Artificial
IntelligenceCiNet, National Insitute of
Information and Communications
Technology, 3. Graduate School of
Information Science and Technology, Osaka
University)

4:40 PM - 5:00 PM
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5:20 PM - 7:00 PM Room F (302B Medium meeting room)
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[1F4-0S-17b-01] A Comparative Analysis of Labor Force
Survey Data among Vegetable
Cultivation Systems based on
Agriculture Activity Ontology
OAkane Takezaki1, Kaoru Maeyama3, Joo
Sungminz, Hideaki Takedaz, Tomokazu
Yoshida' (1. National Agriculture and Food
Research Organization, 2. National Institute
of Informatics , 3. Iwate Agricultural Research
Center)
5:20 PM - 5:40 PM

[TF4-0S-17b-02] A Method for Judging the Semantic
Similarity between Crops from Farm
Management Articles based on
Agricultural Knowledge Graph
OSungmin Joo1, Hideaki Takeda1, Akane
Takezakiz, Tomokazu Yoshida®? (1. National
Institute of Informatics, 2. The National
Agriculture and Food Research
Organization)
5:40 PM - 6:00 PM

[TF4-0OS-17b-03] Analysis of Konbu-Dashi by multi-band
optical method from a viewpoint of
miscellaneous taste
OTakaharu Kameoka1, Takumi Taguchi1,
Eriko Nishikawa1, Ryoei Ito1, Atsushi
Hashimoto1, Noriyuki Yugawaz, Nobuaki
Obiki? (1. Mie University, 2. Tsuji Culinary
Institute)
6:00 PM - 6:20 PM

[TF4-0S-17b-04] The individual identification of cattle
using LP-residual signal extracted from
cattle sound
OVYurie Iribe1, Mako Soga1, Tomoki Kojima 2,
Tatsuaki Masuda® (1. Aichi Prefectural
University, 2. Aichi Agricultural Research
Center)
6:20 PM - 6:40 PM

[TF4-0S-17b-05] Suppression of false alarm using
crowdsourcing in calving detection
system
OYusuke Okimoto1, Susumu Saito1'2, Teppei
Nakano1'2, Makoto Akabane1'2, Tetsunori
Kobayashi', Tetsuji Ogawa' (1. Waseda
University, 2. Intelligent Framework Lab)

6:40 PM - 7:00 PM
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3:20 PM - 5:00 PM Room G (302A Medium meeting room)

[1G3-0S-13a-01] “ Nudge” Agent
OTetsuo Ono' (1. Hokkaido University)
3:20 PM - 3:40 PM

[1G3-0S-13a-02] (Invited talk) Cognitive science of
choice and manipulation
OAyumi Yamada' (1. The University of
Shiga Prefecture)
3:40 PM - 4:20 PM

[1G3-0S-13a-03] How do we harness others’ opinions?
Oltsuki Fujisaki1, Hidehito Hondaz, Kazuhiro
Ueda' (1. University of Tokyo, 2.
Department of Psychology)
4:20 PM - 4:40 PM

[1G3-0S-13a-04] Nudge with a forward posture
OMasaru Shirasuna’, Hidehito Honda?,
Kazuhiro Ueda' (1. the University of Tokyo,
2. Yasuda Women’ s University)

4:40 PM - 5:00 PM
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[1G4-0S-13b] “FwY” T—Yzvh: AET I
E—A Y IANEBLI—VzY MO
ELAMIFTT(2)
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(REXRZ) . WA @S- (EERFHEm
5:20 PM - 6:40 PM Room G (302A Medium meeting room)

[1G4-0S-13b-01] Framework for Human-Agent Team
using Implicit Information Showing via
Behavior
ORyo Nakahashi', Seiji Yamada®' (1. The
Graduate University for Advanced
Studies(Sokendai), 2. National Institute of
Informatics)
5:20 PM - 5:40 PM

[1G4-0S-13b-02] To determine the display timing of
driving assistant using Nudge
OKouichi Enami', Michita Imai', Kohei

Okuoka', Shohei Akita' (1. Keio
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University)
5:40 PM - 6:00 PM

[1G4-0S-13b-03] Adaptive Trust Calibration for Human-Al
Collaboration
OKazuo Okamura', Seiji Yamada®' (1.
SOKENDAI (The Graduate University for
Advanced Studies), 2. National Institute of
Informatics)
6:00 PM - 6:20 PM

[1G05-07-4] Discussion / Conclusion

6:20 PM - 6:40 PM
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[1P3-0S-21] 7O RHFLDY AT LTH AV &
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(RIRFFIZKRE) . FIE R (EBEKRF) . ME KRR (BRREEKX

%) . O M (WMEKRFE)
3:20 PM - 5:00 PM Room P (Front-left room of 1F Exhibition hall)

[1P3-0S-21-01] Data-driven Infrastructure for Evidence-
based Education and Learning
OHiroaki Ogata', Majumdar Rwitajit |, Gékhan

T (1. Kyoto

Akgpinar1, Brendan Flanagan
University)
3:20 PM - 3:40 PM

[1P3-0S-21-02] An Analysis of Learning Processes using
Scrapbox and Learning Outcomes
ONobuhiko Kondo1, Toshiharu Hatanakaz,
Takeshi Matsuda' (1. Tokyo Metropolitan
University, 2. Osaka University)
3:40 PM - 4:00 PM

[1P3-0S-21-03] Diagnosing and Promoting Self-Directed
Investigative Learning on the Web
OYoshiki Sato', Akihiro Kashihara', Shinobu
Hasegawaz, Koichi Ota3, Ryo Takaoka® (1.
The University of Electro-Communications, 2.
Japan Advanced Institute of Science and
Technology, 3. Japan Institute of Lifelong
Learning, 4. Yamaguchi University)
4:00 PM - 4:20 PM

[1P3-0S-21-04] A Lecture Substitution Robot for
Diagnosing and Reconstructing
Presentation Behavior
OAkihiro Kashihara1, Tatsuya Ishin01,

Mitsuhiro Goto? (1. The University of Electro-

©The Japanese Society for Artificial Intelligence

JSAI2019

Communications, 2. NTT Service Evolution
Laboratories)
4:20 PM - 4:40 PM
[1P06-09-5] Discussion / Conclusion
4:40 PM - 5:00 PM
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Tue. Jun 4, 2019 1:20 PM - 3:00 PM Room D (301B Medium meeting room)

[1D2-0S-10a-01] Assessment of Thermal Insulation and Sound Performance of
Apartments Based on loT Sensing
OToshihiko Yamasaki1, Yuki Obuchi1, Yuan Lin1, Ryoma Kitagakiz, Satoshi Toriumi3,
Mikihisa Hayashi®, Ai Sakai*, Nobuhito Haga4, Shimpei Nomura®, Yoichi lkemoto* (1.
The University of Tokyo, 2. Hokkaido University, 3. Future Standard Co., Ltd., 4.
Recruit Sumai Company Ltd.)
1:20 PM - 1:40 PM

[1D2-0S-10a-02] Data Collection for the Comfort Level of Rental Property by loT
Sensing
OHirohiko Suwa', Atsushi Otsubo’, Yugo Nakamura', Masahito Noguchi2 (1. Nara
Institute of Science and technology, 2. LIFULL Co., Ltd.)
1:40 PM - 2:00 PM

[1D2-0S-10a-03] Business utilization of real estate image classification system
using deep learning
OTomoya Tsukahara', Kodai Sudo' (1. BrainPad Inc.)
2:00 PM - 2:20 PM

[1D2-0S-10a-04] Proposal of Railway Route Search System for Finding Living Place
OKeisuke Kikuchi1, Kenichiro Kobayashiz, Takehiko Hashimotoz, Yasufumi Takama'
(1. Tokyo Metropolitan University, 2. GA Technologies)
2:20 PM - 2:40 PM

[1D2-0S-10a-05] Evaluation of Rent Prediction Models using Floor Plan Images
ORyosuke Hattori', Kazushi Okamoto', Atsushi Shibata® (1. The University of
Electro-Communications, 2. Advanced Institute of Industrial Technology)
2:40 PM - 3:00 PM

©The Japanese Society for Artificial Intelligence



1D2-0S-10a-01

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

0T X > v 70T & A REFEY D W2 -

B M B S Al

Assessment of Thermal Insulation and Sound Performance of Apartments Based on IoT Sensing
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We have been developing loT sensors for the evaluation of the comfort levels of real estate building properties.

In this paper, we additionally evaluated thermal insulation performance and sound performance.

We are now

conducting a large-scale experiments using 60+ properties to assess the system’ usability and reliability.
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vol. 117, no. 217, MVE2017-15, pp.7-11, 2017.

[Obuchi 18] Yuki Obuchi, Toshihiko Yamasaki, Kiyoharu
Aizwa, Satoshi Toriumi, Mikihara Hayashi, “Measure-
ment and Evaluation of Comfort Levels of Apartments
Using [oT Sensors,” ICCE2018, pp. 864-869, 2018.
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Data Collection for the Comfort Level of Rental Property by IoT Sensing
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Hirohiko Suwa, Atsushi Otsubo, Yugo Naskamura, Masahito Noguchi
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Nara Institute of Science and Technology

2 fR& 4t LIFULL
LIFULL Co., Ltd.

Abstract: When searching for a rental property, information such as rent, breadth, time to station and age of a building is used.
These indicators are quantitative data and can be compared. However, some conditions such as quiet and sunny are often
described in comments in the remarks column are difficult to compare because there is ambiguity in the state recognition of
each property. Therefore, indices that can quantitatively evaluate noise and sunrise are required. For indexing, it is necessary
to collect data, but because the target is vacant, a data collection device cannot use power from the outlet. Therefore, it is
necessary to construct an IoT device capable of sensing environmental information without supplying power from the outlet.
In this paper, we develop an environmental information sensing device under the constraint that there is no electricity in the
vacant rental property and a no Internet environment. As a result of the demonstration experiment based on the cooperation

of real estate agents, we showed the possibility that the proposed device can collect data.
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Business utilization of real estate image classification system using deep learning
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In the real estate industry, they need to reduce the cost of operations by using deep learning. This paper mentions real estate

image classification system we built for Daito Trust Co., Ltd.
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Proposal of Railway Route Search System for Finding Living Place
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This paper proposes a route search system for supporting users to find their living place based on railway
information. When we want to find a living place, the access to the place of work or school is usually considered.
However, usual railway search systems are designed to search a route from departure station to destination at a
specified time. Given the destination station and conditions such as commuting time and the number of connection,
the proposed method finds multiple stations satisfying the conditions. This paper describes the search algorithm
and explains the feedback about a prototype system from the salespersons in a real-estate company.
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Evaluation of Rent Prediction Models using Floor Plan Images

IS 2

Ryosuke Hattori

R A —K

Kazushi Okamoto

SR 1
Atsushi Shibata

B ST A L T
Faculty of Informatics and Engineering, The University of Electro-Communications
ESUBAE KT KRB REL T A oeRt
Graduate School of Informatics and Engineering, The University of Electro-Communications
BRERERANT R BER T PEEBANTIZE R

Graduate School of Industrial Technology, Advanced Institute of Industrial Technology

This study constructs rent prediction models with/without floor plan images in order to validate whether such
images contribute the prediction accuracy. In addition, applications of PCA (principal component analysis) and
convolutional neural network are considered as a feature extractor from floor plan images. The prediction accuracy
is measured using properties of 90,000 rental housings in Tokyo. In the experimental results, the root mean squared
error values of the prediction model with floor plan images and PCA tend to be higher than without floor plan
images. This suggests that the use of floor plan images contributes to accuracy of rent prediction.
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3:20 PM - 4:00 PM (Tue. Jun 4, 2019 3:20 PM - 5:00 PM Room D)
[1D3-0S-10b-01] (Invited talk) Recent studies on real estate tech in
China

OXiangyu Guo' (1. Fudan University)
Keywords: real estate tech, real estate finance, urban economics

With efforts to improve productivity through introduction of technologies in the real estate industry globally,
progress in sharing of information and data by technologies is thriving in the Chinese market as well. This
presentation shows the latest situations of the Real Estate Tech in China centering on real estate property
price estimation.
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Two-Step estimation model using machine learning at detached house price

=R
Yusuke Takahashi

TELE s I KT ny— ARt
FUJITSU CLOUD TECHNOLOGIES LIMITED

This paper reports the result of trying to estimate the detached house price with a two step model. By handling
the advantages of linear model and nonlinear model in combination, we can expect explanation possibility and
estimation accuracy for model when estimating house price. Experiments compare the methods by machine learning
and the effects of explanatory variables to be input to the nonlinear model.
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Statistical modeling of the transition time of an occupation of rental rooms by using the housing
information website data

— AR 2
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The apartment loan is a loan for rentals such as for condos, apartments. This loan is a very large loan which
is the account for a percentage of more than 10 percents of the whole banks’ loan. However, a risk model of the
apartment loan with the appropriate accuracy has not been provided in Japan mainly due to the lack of data Thus,
in order to develop the risk model, we analyzed the duration in which a vacant room become occupied by a tenant
by using the housing information website data, as a first step. As a result, it was found that (i) This duration can
be explained by the geometric distribution, and (ii) The mixture geometric regression model considering nonlinear
effects can describe the data properties. In addition, coefficients of this model roughly consistent with the empirical

common senses.
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Efforts on UX innovation in real estate field by utilizing Al
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This presentation describes attempts to innovate user experience (UX) in real estate field by artificial intelligence
technologies. (1) We applied deep learning to property photographs to improve UX, both by implementing auto-
mated annotation of photographs, and by creating a new UX ”search properties simply by holding a smartphone

camera over the street corner”.

(2) For the UX problem of real estate sales transaction that it is difficult to properly

pricing, we developed a service that provides reference prices of apartments in Japan on the map, using a reference

price calculation algorithm by machine learning.
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1:20 PM - 2:00 PM (Tue.Jun 4, 2019 1:20 PM - 3:00 PM Room E)
[TE2-0S-3a-01] (Invited talk) Sentential Decision Diagrams and related
topics

OMasaaki Nishino' (1. NTT Communication Science Laboratories)
Keywords: Sentential Decision Diagrams, Discrete Structure, Binary Decision Diagrams

Sentential Decision Diagrams ( SDD) I$EFREINLRES Z7D—FETHY, ZH9REY 57 (BDD) &

AHEOREMAELFERFLDD, BDDLWHERARENTREE WOBHMAEE D, KEETIX SDDOBNE, #HE
EZESDREDHEMR TH S Zero-suppressed SDD (ZSDD) ¥, SDDDOMEKRMABBERAEZLREEBNT 5.
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SAT ¥ )L N — Glucose % W\ 72 MCS #1125

MCSes Enumeration with the Glucose SAT Solver

R =51

Miyuki Koshimura

LI KT KFBE Y AT LEHREN A 72T

Faculty of Information and Electrical Engineering, Kyushu University

i

Ken Satoh

e VAR ST

National Institute of Informatics

Enumerating all Maximal Satisfiable Subsets (MSSes) or all Minimal Correction Subsets (MCSes) of an un-
satisfiable CNF Boolean formula is a cornerstone task in various Al domains. This paper considers MCSes enu-

meration with a SAT solver.

We aim to develop a procedure which outperforms several MCSes enumerators

proposed so far. The paper presents a basic enumeration procedure and compares it with a state-of-the-art enu-
merator Enum-ELS-RMR-Cache. The experimental results show that the proposed procedure is more efficient than
Enum-ELS-RMR-Cache to solve Partial-MaxSAT instances but it is inefficient than Enum-ELS-RMR-Cache to solve

plain MaxSAT instances.

1. FLC®HIC

i % — D5 Rz WlFIE A D MSS (Maximal Satisfi-
able Subset) @ %\ & MCS (Minimal Correction Subset)
ZRDD LI, NLHREOMNL R cEEL I TV
[Grégoire 18]. AT, SAT Y N\—%FIHL 7z MCS D
XET . FARROWISEIEZ < H2D, Bxld, sREDHTE
o % LRIBHZEFhE ORE L FHEELENE LTWS. ARET
X ZDHARFHE 2R, T ORKEOVREZ BN AU Clnm Mg
ZRLUTW5 DN S Enum-ELS-RMR-Cache|[Grégoire 18]
LI g 5.

2. #fg

AFETI, MEHES T 26550 LT 5. Hi (clause)
12V 7 J01 (literal) O#EF GaELAI V) TY 7 I W7 —b
BRDHDNEEDEE (=) THhD. 7T—NVEBOEEE Var
LT 5. ZBEOMEERYT uiE, Var 226 {0,1} DEHRTH 5.
HithEE S ICHNZAROMEHLT u T O TOHiIZ 112
5HDNH B, T IFFAEFEE (satisfiable) , ZD X 57 p
MRV, AREAREE (unsatisfiable) TH B L\,

ARCITFEEOH, ~N—Ffiey 7 MiZKS. ~— NHi
WSRO Lo TERRL WY, V7 MEIZHK S 72D -
THRL W ERT. N—RHOEE S &V 7 MHOES 5,
MORLHER T (=31 US:) I LT, MSS & MCS IEiX
DEITEHRINS.

EE 1 (MSS) D MSS (mazimal satisfiable subset) ® 1%,
T 2E0 T oaEs (5, CPCX) T, ARETH, O,
Va e S\ @, dU{a} IZARAFHE, Z2MLTEDTHD.

MSS 3 ETHEM: # B DD, S, % XN DY 7 MNETED
O ETHRULHESTHS.

EE 2 (MCS) ¥ ® MCS (minimal correction subset) W
X, TOHSES (P CX) T, ZOMMES, D2EH T\UHR
XD MSSTHHHLDTHS.

AR K =5, UM R RFERE Y AT LB HE 5
B, T 819-0395 &l i P4 [X yu il 744, 092-802-3599,
koshi@inf.kyushu-u.ac.jp

MSS1Z ¥, #&LDT, MCS 1 Xy DENEATHS. MCS
X Yo OWMHEST, TNEMOKRL & X PARLAFEIZR S,
FOEDEFTCNIVHIEATDHD.

SAT VI N—=%FH L= MCS 517025 AT UIEUIE,
V7 MEZR U BEIRA R (clause selector) & IEIEN 5 A%
PIRDESIZEAINDE., THENDY 7 Miia € 3 1231,
HEM so ZBAL, TOEEETOY 7 MNINTIZ T2 aV—sa
EIED. 2z, HILWHIES S5 = {aV-se | o € D2}
WESNSE., TLUT, SAT VIR —%, S ZFOEDTHRL,
¥ UXS OFRAREEHEIZ AT B,

Sa = 1 DIREDFTTI, aV s, IO o X7 EAHE
MR —HTEDT, s =1 2T5IL% aV s, 2N
(activate) 975, &\, Wil s, =0 & T 52 & 2IEEMAL
(deactivate) §%, &\W5. MSS #RKHBZ &lE, L, UNS
DFRHENEZ RS DD, M LS N/OBIREREZEV ED £
THERY, Z2IZHindTsd. Wiz sE, MCS kb2
L, RETEMEZES DD, JHEMH(LS WIBIRERE EY
TOFETREST, ZiTHNTAS. ZOZEHMHLT, KE
D7 ITY) X LE MCS 25123 5.

3. MCS##E7IT) XA

Algorithm 1 IZZET7 VIV XL OB %ZRT. 6 fTHD
SAT(S,USS A MSAT A5 7V %ERL, AEEND YT
INDMEMNET 1 EELERDO T, USS OFEaaei: % 4
ET D, RETRETHIUE st TRUE £720, ROTE
DIEHM T p AfFoND. REARETHNIE, st 2 FALSE
L5,

ATV TV XL, SAT A7 7 VB RO 7= EBOMEE Y
TEHEFEREUTMCS 2B LTV, 713 Y XLt A
¢ BIGEREBOELETHY, AITHIETEY 7 VHIDES
{a | p(sa) =1} (BABE Anrss) A MSS OfEHiTH Y, BIT
Wind dY 7 MHOES {a | u(sa) = 0} (BAFE Byes) »°
MCS DIERTH S, ZOTNITY XALTIE, SAT AF 7L
FRFREZETIRD, 6~101THMP D EZ N, BIEBA LN
X < wmn Buyics 1 MCS 5:3&6\1‘Tb‘ < . iﬁﬂ: A &thx-h’? b N
E<Y Ayss BMSSITEDWTWLL 10/7HD V| (p sa
X, Buos &0 KERELSELBED MCS OEERD S B
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Algorithm 1 Enum-MCS (X 42 TOD MCS 245273 5%)

AR T(=S1U) (BRATREREIHRSG, X1 1F— Nl
DA, S &V 7 MHDHES)
HA: ¥ oeTod MCS
1 X5 {aV sy | a€Xs); /) sa ld a DFRER
2: S {sa | € Xa}; /] BREBDES
3. A<« 0; // MSS fERIZHIET 2 BNEKRDES
4 B+ 0; // MCS Bz ET 2 BINEBDES
5. while true do
6 (st,p) =SAT(X,U%5,A) //SAT A5 2L
7. if st = TRUE then
s A {sa|ulsa) =1}
9 B < {sa | u(sa) = 0}
i< U (\/saeB Sa) // Bﬂiﬁﬁ
else if A =0 then
return
else
output(B); // Bucs " MCS
A+ 0;
end if
17: end while

#® 10 B HIOMER D17

2 HiD#

D | N—NEI | VT M
MS 156,844 0 | 496,827
PMS 16,032 100,134 10,759

571-HDDHITH 5.

SAT 47 7 IVDEZDFTIEATER S, ZTDRFD Byeos £ 0
N 72 MCS fEffilZ 7\, 221272, 20 Bycs » MCS
ThdZ2bhsd (1447H) . 15THD A+ 0 1%, MSS &
DR VIREEDR S HOBEREZHDODDL I L 2KT. SAT 4572
NDEZWFRAREET AWERS, 5 L MCS k7
WZ e, FREEKTTS (11, 1247H) .

mEB, RT7TNITY AL, SEREBUZEEEZDTR) T
WS S = {-sa | @ € Do} ICHTBM/NETIVEHZEL T
W53, LRSI EMNTE, [Koshimura 09] OM/NE T IVE
e FREMIZIFELTH 5.

4. ETEHER
Mo 7NL T X L% SAT VLN — Glucose
3.0[Audemard 09, Eén 03] % H W\ TR L 7z. FEAfiiC

1&, [Grégoire 18] £[R U 1090 fHD A > A & v A% H\\ .
ZTOWERIL, V7 NEDOANRSRDEA VAR VA (LA MS)
493 i, V7 M N—RNHinsmB 1A VAR VA (LK
PMS) 2597 flflTdH 5.

LEIZIE, A€V 32Gb 2H 7T % Intel Xeon E3-
1246v6(3.70GHz) 71t v ¥ E® Ubuntu 18.04 2 A7z, 1
A VAR Y AN T ) OFIBRIEE & HIBR A E VX, [Grégoire 18]
LHUL, ZhEh, 304, 8Gb & L7z,

#11%, MS, PMS, TNTNDA VAR A Y72 ) DL
OB EFHOBDFY 2R L TWS. MS DAH, O, i
DEDNTNEFRNZIZZ N e nh 5. K212, LEio

* 2: MCS 58 (BAL : FE)

Enum-ELS-RMR-Cache | fR Tk
MS 349,155 60,173
PMS 494,308 637,800

BRI B OVHIBR 2 € V) THIZE L 72 MCS OfRfl % MS, PMS
IR U7z, HIRD 728 [Grégoire 18] THREI 117z MCS 41
%7125, Enum-ELS-RMR-Cache™ DFIZEMH R U, Z
g, BB GRS EHIC MCS 251%4 5 7025 AD—D
Thb.

£H 5, MS XU Tl Enum-ELS-RMR-Cache 7%, PMS IZ
WU TIRIRETFEDEMTH L0300 5. BEMZMEIZ
N—=REie V7 MNEOWGEFANWVTREIND Z e h% el
bBEDOT, ZOMENS, REFIED LN B
AT 2IZIMBATH D, LE>THVWESD,
REFIEOMWREN MS IZH U THE LS BWVWERDO—D2 2 L
T, MS DYV 7 Miin%\», ZeaEZ NS, LA TR
120V 7 MR LT DOBREEABEAING. BE
Tk, BEIRNEH DM S % Glucose D assumption (2 E L,
MCS 23k 2. V7 MiMEZ 5 LiHE, DF D assumption
EL BN, TNNL b e SAT VIV N—DOHRENE
HTWL ZERMoNT WS, MS IS 2MaEE EIF5IC
%, 2SO REZ L Bbind. BRI
[Audemard 13] Z @232 D & L7z\.

5. BHYIC

SAT 7 7 )NV%EFMALT MCS 25%F 5 T &
REL, SAT V)L N— Glucose # I WTHEEL 7-.
Enum-ELS-RMR-Cache & O lWIRZEERTIL, $EZEFILIE PMS
WU TN TH 5725, MSIZHLTIEE > T W, Ak
%T1%, Enun-ELS-RMR-Cache DTt & L R 2 L i TH
5. FTNZHEED ST, PMS 2/ U TEMNMEEZR/E7-Z 2 1%
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A SAT-based CSP Solver sCOP and
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Constraint Satisfaction Problem (CSP) is the combinatorial problem of finding a variable assignment which
satisfies all given constraints over finite domains. CSP has a wide range of applications in the research domains
of Artificial Intelligence and Operations Research. XCSP3 is one of major constraint languages that can describe
CSPs. More than 23,000 instances over 105 series are available in the XCSP3 database. In 2018, the international
XCSP3 competition was held and 18 solvers participated.

This paper describes the under development CSP solver SCOP and its results on the 2018 XCSP3 competition.
SCOP is a SAT-based solver which encodes CSPs into SAT problems and finds a solution using SAT solvers. Cur-
rently, SCOP equips the order and log encodings, and uses off-the-shelves backend SAT solvers. We registered SCOP
to two competition tracks—CSP-Standard-Sequential and CSP-Standard-Parallel—of the 2018 XCSP3 competition

and won both tracks.

1. Input of SCOP—XCSP3 Language

This section explains the XCSP3 language [Boussemart 17], an
input of the CSP solver SCOP. XCSP3 is an XML based constraint
language that can describe CSPs. Let’s start with an easy example
of XCSP3 and then explain its constraints.

1.1 Example

The graph coloring problem (GCP) is a problem whose goal is
to assign a color to each node in a given graph such that there is no
two same-colored nodes connected by an edge. Figure 1 shows an
instance of GCP.

This GCP can be represented by a CSP. We introduce five
variables ng, ni,ns2,ns,na. Each variable has the same domain
{0,1,2} which represents different colors like red, green, and
blue. We also introduce the conjunction of the six inequalities
representing the constraints of the GCP instance.
mn1 7& n9

no#nl no?énél

n1 # ng ne £ ns n3 # na

This CSP can be represented by the XCSP3 instance in Fig. 1.
Line 1 describes the format name “XCSP3” and the type “CSP” of
the given problem. Line 2 to 4 describe the five integer variable by
using array. The domain of those array variables is set to the range
from O to 2, and their identifier is set to “n”. Line 5 to 14 describe
the conjunction of the six inequalities.

1.2 Constraints in XCSP3

In the previous example, constraints are represented by using
intentional constraints (ne). Except intensional constraints, we
can use extensional and global constraints in XCSP3. This section
explains each kind of constraints.
Intentional constraints are constraints using the arithmetic, logi-
cal, and comparison operators. As arithmetic operators, add (ad-
dition), sub (subtraction), mul (multiplication), div (integer di-

Contact: Takehide Soh, Information Information Science and
Technology Center, Kobe University, 1-1 Rokkodai, Nada,
Kobe, 657-8501, soh@lion.kobe-u.ac.jp

O
OO

—2

<instance format="XCSP3" type="CSP">
<variables>
<array id="n" size="[5]"> 0..2 </array>
</variables>
<constraints>

<intension>

</intension>
</constraints>
</instance>

Figure 1: (top) GCP instance (bottom) its XCSP3 representation

vision), abs (absolute value), etc. can be used. As logical oper-
ators, not (—), and (M), or (V), xor (B), iff (&), imp (=),
etc. can be used. As comparison operators, le (<), 1t (<), ge
(>), gt (>), ne (#), eq (=), etc. can be used. For instance, a
constraint (2z 4+ 3 < y) V z > 1 can be represented in the follow-
ing intensional constraints of XCSP3.

<intension>
r(lt (add(mul(2,x),3),v)
</intension>

,ge(z,1))
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XCSP3 »| Normalized » CNF
File 1) Parsing CSP 3) Propagations Formulas
2) Normalizations 4) Encoding
5) SAT Solving
Solution |« Model
Decoding

Figure 2: Framework of sCOP

Extensional constraints represent feasible (or infeasible) value
combinations of variables extensionally. It is also called table con-
straints. As the name suggests, constraints are often represented
by tables. For instance, one of the inequalities in the previous
GCP example, no # n; is represented by the following tables.
(Support Table for ng # n1)  (Conflict Table for ng # n1)

No n; No ng
0 1 0 0
0 2 1 1
1 0 2 2
1 2
2 0
2 1

There are two types of extensional constraints: support and con-
flict. The former represents feasible value combinations of vari-
ables and the latter represents infeasible ones. Obviously, they
complement each other and one of them is enough to represent
constraints. The conflict table above can be represented in the fol-
lowing extensional constraints of XCSP3.

<extension>

<list> n[0] n[1l] </list>

<conflicts> (0,0) (1,1) (2,2) </conflicts>
</extension>

Global constraints represent comparatively complex but useful
constraints to model applications. In XCSP3, 19 global constraints
are available. For instance, allDifferent is such a global constraint
ensuring mutually different values must be assigned to given vari-
ables. An implicit allDifferent constraints between nodes 1, 2, and
3 in the previous GCP instance can be represented in the following
constraints of XCSP3.

<allDifferent>
n[l] n(2] n[3]
</allDifferent>

Other than above, XCSP3 provides more advanced constructs
for symbolic/set/real/graph/stochastic/qualitative variables, soft
constraints, mono and multi objective optimization, etc. In XCSP3
competitions, a set of basic constructs named XCSP3-Core is used.

Interested reader is referred to the full specification **.

2. SAT-based CSP Solver sCOP

sCOP [Soh 18] is a SAT-based CSP Solver written in Scala.
Given a XCSP3 instance file, SCOP finds a solution using a SAT

%1 http://www.xcsp.org/specifications

solver. Figure 2 shows the framework of SCOP.

Following Sugar [Tamura08] and Diet-Sugar [Soh 17],
sCOP encodes CSPs (XCSP3 instances) into SAT problem
in conjunctive normal form (CNF) using (i) the order encod-
ing [Tamura 09, Tamura 13] and (ii) the log encoding for Pseudo-
Boolean (PB) constraints [Soh 17]. Then, SCOP invokes a SAT
solver that would find a model if any. The obtained model is de-
coded into a solution of the XCSP3 instance. SCOP is publicly
available in its web page *2.

1) Parsing. Parsing of XCSP3 formatted file is done by using
an XCSP3 official tool XCSP3-Java-Tools *3. Currently, SCOP
accepts all constraints in the XCSP3-core language™”.

2) Normalization. Before pre-processing, all constraints are trans-
lated into intensional constraints. This normalization is processed
as follows. Global constraints are translated into intensional con-
straints by a straightforward way but we use extra pigeon hole con-
straints for allDifferent constraints as in Sugar [Tamura 08]. Ex-
tensional constraints are translated into intensional constraints by
using a variant of multi-valued decision diagrams. This is a differ-
ence to ones in Sugar. All intentional constraints are normalized
to be in the form of CNF using Tseitin transformation. Literals of
this CNF-CSP are linear comparisons ZZ a;x; > k where a;’s are
integer coefficients, x;’s are integer variables and k is an integer
constant.

3) Pre-processing: propagation. Constraint propagations are ex-
ecuted to the normalized CSP (clausal CSP, i.e., in the form of
CNF over linear comparisons ), a;x; > k) to remove redundant
values, variables, and linear comparisons. Currently, it is done by
using an AC3 like algorithm.

4) Encoding into SAT. In SCOP, the order encoding [Tamura 09,
Tamura 13] and the log encoding are used. The order encoding
uses propositional variables p,>4’s meaning x > d for each do-
main value d of each integer variable x. To encode linear compar-
isons, Algorithm 1 of the literature [Tamura 13] is used in SCOP.
The log encoding uses a binary representation of integer variables.
There are several ways to encode linear comparisons by using
those propositional variables. In SCOP, we replace all integer
variables with its binary representation—it gives us a set of PB
constraints. We then encode those PB constraints into CNF for-
mulas by using the BDD encoding [Eén 06]. SCOP basically uses
the order encoding but uses the log encoding in case that the huge
number of clauses is expected to be encoded. For this expectation,
the idea of domain product criteria [Soh 17] is used.

5) SAT Solving. By using DIMACS CNF files, sSCOP’s backend

%2 https://tsoh.org/sCOP/
%3 https://github.com/xcsp3team/XCSP3-Java-Tools
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SAT solver is switchable. In the 2018 XCSP3 competition, SCOP
uses MapleCOMSPS and glucose-syrup. A SAT solver Maple- Table 1: Ranking of CSP-Standard-Sequential Track

COMSPS ** is used for sequential CSP solving. It is the winning Rank  Solver #Solved S/U__ %VBS
solver on the main track of the SAT competition 2016. It also —  VBS (Virtual Best Solver) 163 103/60 100
shows a good performance for solving CSP instances encoded by 1 scop-order+maple 146 92/54 90
SCOP. A SAT solver glucose-syrup *° is used for parallel CSP 2 scop-both+maple 140 87/53 86
solving. It is the winning solver on the parallel track of the SAT 3 PicatSAT 138 85/53 85
competition 2017, 4 Mistral-2.0 116 80/36 71
Example. After saving the XCSP3 instances of Figure 1 as a plain 5 Choco-solver-4.0.7b seq 15 77/38 71
text file gcp . xm1, the execution of SCOP returns the following 6  Concrete-3.9.2 92 6428 56
results using a default SAT solver. 7 OscaR - Conf. Ord. Res. 9  62/28 55

8  Concrete-3.9.2-SuperNG 84 55/29 52
$ Java -jar scop.jar gcp.xml 9  Sat4j-CSP 83  40/43 51
< encoding information ...> 10 OscaR - Conf. Order. 81 51/30 50
s SATISFIABLE 11 cosoco-1.12 79 53/26 48
v <instantiation> 12 BTD 76 31/45 47
v <list>n[0] n[l] n[2] n[3] n[4]</list> 13 BTD_12 76 32/44 47
v <values>2 0 2 1 0</values> 14  macht 66 33/33 40
v </instantiation>

2500[ macht ——— ) 1
3. Results on 2018 XCSP3 Competition BT |

2000 %2

guage have been held since 2005. The first series were held with Con?:?\}g

earlier versions of XCSP languages and called International CSP &%1500 - OscaR =
Conc ——

International competitions of CSP solvers using the XCSP lan-

Solver Competition (CSC). CSCs were held in 2005, 2006, 2008 ° ohCo

and 2009. After some break period, it is re-started in 2017 with E‘IOOO | mist ]
XCSP3. In those competitions, solvers are submitted from re- scgg:s -

search institutions over Europe and North America. 500 scopO ——=—

3.1 Overview of 2018 XCSP3 Competition
In 2018 XCSP3 Competition, there are the following 8§ tracks.

20 40

Solver Seq/Par Timeout #Ins.  #Sol.

CSP  Standard Sequential 40 min. 236 14 . .

Parallel 40 min. 236 4 Figure 3: Cactus Plot of CSP-Standard-Sequential Track
COP Sequential 40 min. 346 8

Parallel 40 min. 346 1 Among those eight tracks, two tracks were canceled because there

Sequential 4 min. 346 7 was only one solver registered.

Parallel 4min. 346 1 SCOP registered to CSP-Standard-Sequential and CSP-
CSP  Mini Sequential 40 min. 176 11 Standard-Parallel tracks. The former is popular and the most com-
COP Sequential 40 min. 188 7 petitive track in a sense of the number of participated solvers.

3.2 Results of SCOP
Table 1 shows the solver ranking of the CSP-Standard-
Sequential track with regards to the number of solved instances.

CSP and COP are categories for Constraint Satisfaction Prob-
lem and Constraint Optimization Problem. There are two solver

categories: Mini is a category for “mini solvers” which is compar-

atively small and simple solvers. Also, those mini solvers must be The first row shows the abstract VBS (virtual best solver) which is

open source software. Standard is a category for other solvers. Se- the collection of the best solver for each instance. The third col-

gential and Parallel are categories for sequential solvers and paral- umn shows the number of instances solved and the fourth column
lel solvers that can use eight CPU cores. For COP category, there

is a “Fast” solver track whose goal is to evaluate solvers comput-

shows the number of satisfiable and unsatisfiable instances solved.
The fifth column shows the percentages of the number of solved
ing a good quality solution within a comparatively short time—4 instan.ces w.r.t. VBS. Among all 14 sollvers, sCOP using th.e order
minutes. In the other tracks, 40 minutes for each instance are given encoding solved the most number of instances. SCOP using the
to solvers. About benchmark, 236 instances are selected for CSP

categories and 346 instances are selected for COP categories. In

both of the order and log encodings takes the second place.
Figure 3 shows the cactus plot whose x-axis is the number of in-

stances solved and y-axis is the CPU time in seconds. The meaning

of the cactus plot is that “each of x instances were solved within

case for “mini solvers”, benchmark instances are limited to con-
tain only intensional constraints or some basic global constraints.
y CPU seconds”. Note that “which x instances” are different for

*4 https://sites.google.com/a/gsd.uwaterloo.ca/ each solver. For each plot, being righter means solvers solve more
maplesat/

%5 http://www.labri.fr/perso/lsimon/glucose/

instances, being lower means solvers solve instances faster.
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Table 2: Number of Instances Solved: Figures are organized by instance series.

Series Name #Ins. Choco-solver-4.0.7b  Mistral-2.0 ~ PicatSAT  scop-both+maple scop-order+maple  Ctrs.
Bibd 12 4 8 8 8 8 pureint
CarSequencing 17 11 6 17 12 17  sup.
ColouredQueens 12 3 4 4 3 3 pureint
Crossword 13 5 3 2 3 3 sup.
Dubois 12 7 7 12 12 12 sup.
Eternity 15 7 7 6 6 6  sup.

Frb 16 3 3 3 5 5 conf./sup.
GracefulGraph 11 6 6 6 6 6 pure int
Haystacks 10 4 2 10 10 10  conf./sup.
Langford 11 7 9 9 9 9 pureint
MagicHexagon 11 4 5 3 3 3 pureint
MisteryShopper 10 10 10 10 10 10 sup.
PseudoBoolean-dec 13 4 6 4 7 8 pureint
Quasigroups 16 6 6 7 8 8 pureint
Rlfap-dec-scens11 12 11 10 12 12 12 pureint
SocialGolfers 12 6 6 8 8 8 pureint
SportsScheduling 10 3 4 4 4 4 sup.
StripPacking 12 7 8 11 11 11 sup.
Subisomorphism 11 7 6 2 3 3 conf./sup.
Total 236 115 116 138 140 146

Table 2 shows the number of instances solved. We picked up the
top five solvers and all figures are organized by 19 instance series.
The second column “#Ins.” denotes the number of instances in-
cluded in each series. The last column “Ctr.” denotes types of con-
straints: “pure int” means instances consist of only intensional and
global constraints, “sup.” means instances containing extensional
constraints of supports, “conf.” means instances containing exten-
sional constraints of conflicts. According to the results, SCOP is
particularly better than others in Pseudo-Boolean series and Quasi-
groups. Oppositely, it is worse than others in Subisomorphism.

In CSP-Standard-Parallel track, four solvers are registered.
sCOP using the order encoding is also better than other solvers.

All information contains, i) how instances are selected, ii) de-
scriptions of instance series and solvers, are available in the com-
petition proceedings [Lecoutre 18].

4. Conclusion

This paper describes the under development SAT-based CSP
solver SCOP and its results during the 2018 XCSP3 Competition.
The SCOP solver is written in Scala and currently uses the order
and log encodings to solve XCSP3 instances. The results of 2018
XCSP3 Competition showed that SCOP is superior to the other
state-of-the-art XCSP3 solvers in terms of the number of solved
instances within the given time limit. Future work is as follows.
Adapting COP is important. To improve performance, implement-
ing more SAT encodings and their hybridization are necessary. To
enhance usability, supporting other constraint languages such as
MiniZinc or Sugar’s language are also important future work.
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Recently, IC card systems are popular and their log data are used for analyzing human behaviors. In this paper,
we extract user behavior patterns using Non-negative Multiple Matrix Factorization (NMMF) and propose an
analysis method to analyze patterns and attribute information by decision tree learning using clustering factor
matrix. We examine our proposed method using actual entry and exit data and confirm the effect.
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A Branch-and-bound Algorithm for Determining Discrete Changes for Hybrid Constraint Solver
HyLaGlI

fERESE BRI

Masashi SATO Kazunori UEDA

R R R B R i P A S R T - o (5 S

Graduate School of Fundamental Science and Engineering, Waseda University

*2 B FH K S B L2240 e g B 22

Faculty of Science and Engineering, Waseda University

Hybrid systems are dynamical systems involving continuous and discrete changes. Various models such as cyber-
physical systems and control systems can be discribed as hybrid systems. We are developing HydLa, a modeling
language of hybrid system and its symbolic simulator HyLaGI. HyLaGI performs exhaustive search to find time
points of discrete changes, but its computation becomes a bottleneck for some programs having a large number of
guarded constraints. In this research, we propose a efficient search method using a branch-and-bound algorithm
and implement a prototype. The result of simple experiment shows that our approach reduces most of the search
cost in the motivating example.

1. [FLC&®IC | // #define N 6
2
NA TV Y RV AT L [4] ERERIEFT I - Tt 28 {b & i 3 INIT_X(v) <=> (x = 0 & x’=v).
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TN =TI 3T (), &4 DTN —TIZHES 57—
RE&Mz2aad 28 L WHRIDIERZ1TS. RIS DL
DH—=REMZ2VEZEDIZTEIENHMDD, n D m
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TILTY) XL 1 SRR ETE % F O 72 BERCA (L R R o
JERET N TY XL

input:
G: H— N5
N ESESGE
P G5B DS,
output:
e/ NEER 2 (LR
FlEER D S
1: function FINDMINTIMEUSINGBRANCHANDBOUND(G, S, P)
2 PQ := PriorityQueue()
3 Sol :=1{}
4 PQ.push({0,G, P, false))
5 repeat
6: (Teurts Geurts Pcurt’tfcurt> = PQPOP()
7: if P, = false then
8: continue
9: end if
10: if ¢f,: = true then
11: Sol :=Sol U T sy Peur)}
12: PO = Uirg pinerol{Ts & = Peun A p51f)}
13: continue
14: end if
15: H := CalculateRelaxedGuards(G )
16: for h € H do
17: MinResult := FindMinTime(S ubst(h,S), Pou)
18: for (T, p) € MinResult do
19: CGS Result :=
20: CheckGuardS at(S ubst(S, t = Tin), Geurts P)
21: for (tf, p) € CGS Result do
22: PQ.push(
23: (Tin> {glg €EGun Ng= h, ps tf))
24: end for
25: end for
26: end for
27: until PQ = {}
28: return GetElement(S ol)

29: end function

42 7T XZLDEMRKE
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Dynamic Reduction of Guarded Constraints for

the Hybrid Systems Modeling Language HydLa

Takafumi Horiuchi

Kazunori Ueda

Department of Computer Science and Engineering, Waseda University

HydLa is a language for modeling hybrid systems—dynamical systems that intermix discrete and continuous
behavior. Its adoption of a constraint-based framework benefits the language in various ways, such as allowing a
concise representation of systems and performing error-free high precision simulations. In spite of all the advantages,
the computations among sets of constraints become a bottleneck in simulation time when handling some large-scale
models. The purpose of this research lies in providing a method of improving the computational efficiency and
the scalability of the language and its simulator. This is achieved by considering the monotonic aspects in HydLa
models to dynamically reduce the size of guarded constraints. Results show that this approach is effective for models
that contain multiple objects represented by guard conditions. As for the model evaluated in an experiment in the
research, the overall computational time has reduced to approximately half the original length.

1. Introduction

In recent years, there has been a rapid growth of interest
in hybrid systems [Lunze] — systems that intermix discrete
and continuous behavior. HydLa [Ueda et al.], which is the
subject language of this research, is a modeling language for
hybrid systems. A notable feature of HydLa is that it al-
lows a concise representation of hybrid systems by directly
handling high-level descriptions of mathematical and logical
formulas as the source program. This feature is realized by
the adoption of a constraint-based framework. In HydLa,
constraints are the basic components that specify the be-
havior of models. These constraints are structured in the
form of a constraint hierarchy [Borning et al.], among which
the consistency is retained when processing the model.

The guaranteed-accuracy implementation of HydLa is
called HyLaGI [Matsumoto], which takes a HydLa model
as the input, simulates the model, and outputs the solu-
tion trajectory. HyLaGI has strong computational features
such as performing error-free symbolic calculations and han-
dling uncertain parameters. However, it is known that the
computations on constraint sets become a bottleneck when
the number of guarded constraints (i.e. constraints enabled
when guard conditions are entailed) is large.

In this paper, we observe the relation between the size
of guarded constraints and simulation time and propose a
method for improving the efficiency of simulations by con-
sidering the monotonic behavior in HydLa models to dy-
namically reduce the number of guarded constraints.

2. Guarded Constraints in Simulations

In the current simulation algorithm of HyLaGlI, the sim-
ulation time increases in relation to the size of guarded con-
straints that appears in the model. This becomes a severe

Contact: Takafumi Horiuchi, Department of Computer Sci-
ence and Engineering, Waseda University, 3-4-1 Okubo,
Shinjuku-ku, Tokyo, 169-8555, Japan, Bldg.63,5F-02,03-
5286-3340, horiuchi(at)ueda.info.waseda.ac.jp

1 |// #define N 100

2

3 |INIT_X(v) <=> x=0 & [1(x’=v).

4 |INIT_Y(h) <=> y=h & y’=0.

5 |FALL <=> [1(y’’= -9.8).

6 |BOUNCE(1,r) <=> [1((y- = 0) & (1 <= x- < 1)
7 => y’= -1.0%xy’-).

8 |BOUNCES := {BOUNCE(i,i+1) | i in {0..N-11}}.
9 |INIT_X(1), INIT_Y(1), (FALL << BOUNCES).

10

11 |// #hylagi -t 100

Figure 1: Model of Bouncing Ball on Split Surface

bottleneck when processing large-scale models that con-
tain a large number of objects represented by guarded con-
straints. The correlation between these two elements can
be observed in a series of simulations of the model shown
in Figure 1. This HydLa model represents a ball bouncing
on a flat surface, where the surface is split into N pieces,
each of which has the length of 1 unit. Constraints INIT X,
INIT.Y, and FALL define the initial and default behavior of
the ball and BOUNCE describes the behavior of the ball when
it collides with the surface at height 0. In the constraint
declaration at line 9, FALL is assigned a weaker priority than
BOUNCE, therefore FALL is temporarily unadopted when the
two constraints conflict at the timing of the bounce. The
pieces of the surface are generated in constraint BOUNCES
with a list notation. For simplicity, the coefficient of resti-
tution, initial horizontal velocity, and initial height of the
ball are all set to 1. The model is simulated until time N,
where the ball travels from the left end to the right end of
the split surface.

As an experiment, the model is simulated multiple times,
each time with different values of N ranging from 10 to 200.
This setting will change the number of guarded constraints
in the model, with the increase of one for each increment on
the value of N. Other conditions are consistent throughout
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the experiment. The result*! of the experiment is shown
in Figure 4 (circle plots). These data indicate that the in-
crease in the value of N leads to a longer simulation time.
The regression line among the plotted data (original) is rep-
resented by the following equation:

SimulationTime = 1.1463 N> + 1.5554 N + 0.4949 (1)
Thus, it can be inferred that, for this model, the simulation
time increases in proportion to the square of the number
of guarded constraints. In general, this behavior can be
a bottleneck in the simulation of large-scale models that

contain a large number of guarded constraints.

3. Location of the Bottleneck

To identify the location of the bottleneck in the current
simulation algorithm, the distribution of time consumption
among different computational units was measured. In a
simulation of the split surface model where N was set to
100, the entire simulation time was 1.23 x 10® seconds. The
most time consuming procedure was FindMinTime, a func-
tion that calculates the minimum satisfiable time of the
next discrete change, which consumed 1.17 x 10® seconds
(i.e. 96% of the entire simulation time). Taking this into
account, the computation of FindMinTime is the location
of the aforesaid bottleneck problem.

4. Reduction of Guarded Constraints

The computation of FindMinTime is performed by check-
ing the satisfiability of conditions in antecedents of all the
guarded constraints that appears in the model. This can
be a drawback in terms of efficiency of simulations. For ex-
ample, when considering a model of a ball bouncing down
a staircase (Figure 2), the ball will never interact with the
steps which it has already passed. In this case, it is unneces-
sary to check the satisfiability of guards that represent the
steps behind the current position of the ball. The present
simulation algorithm does not consider these situations, re-
sulting in redundant computations when iterating through
all of the guards during the computations of FindMinTime.

This inefficiency in the current simulation algorithm leads
to the proposal of this research—dynamically reducing the
number of guarded constraints. The aim of this proposal is

a0 fag 50 &0

Figure 2: Concept of Omitting Verbose Guard Evaluations

x1 Execution environment: CentOS 7.4.1708, AMD Ryzen
Threadripper 1950X 16-Core Processor, 64GB Memory, clang
6.0.0 compiler, Mathematica 11.3.0.

to avoid redundant calculations when evaluating the entail-
ment of guards and improving the computational efficiency
of simulations.

The removal of guarded constraints is safe only when it
1s certain that the guard condition will never be satisfied in
the future. Inadequate removal of guards will lead to wrong
simulation results, which must be avoided. The decision of
whether the guards are removable or not can be made by
taking into account the concept of monotonicity, described
by the following propositions:

>0

vi e (0, ) an) (2)

<0

3)

Proposition (2) ensures the monotonic increase of variable

vt € (a, B) %x(t)

z in the time interval («, ) and proposition (3) ensures
the monotonic decrease. The proposed method considers
monotonicity of variables from two approaches, one dealing
with uniform monotonicity and another with alternating
monotonicity.

4.1 Approach to Uniform Monotonicity

The first approach considers the monotonicity of vari-
This
situation corresponds to the case where o and [ are set to

ables that are uniform throughout the simulation.

0 and MazT (i.e. maximum simulation time), respectively,
in propositions (2) and (3). For instance, this behavior is
exhibited in the model of a ball bouncing on split surface,
where variable x keeps increasing from the beginning to the
end of simulation. The conceptual diagram of this approach
is illustrated in Figure 3, representing the case where a vari-
able is monotonically increasing throughout the simulation.
In order to apply this method for the dynamic reduc-
tion of guarded constraints, the truth/falsity of the uniform
monotonicity must be evaluated, which can be achieved by
using model checking techniques. After evaluating the uni-
formly monotonic behavior of variables, that information is
used to determine the removable guarded constraints.

B
&_/,O
0 MaxT t

Figure 3: Concept of Approach to Uniform Monotonicity

4.2 Approach to Alternating Monotonicity
The types of model that the above-mentioned uniform
approach can make use of is limited to cases where mono-
tonic aspects are preserved from the beginning to the end
of simulations. Variables that alternate its monotonic be-
havior during simulations would not be covered in this ap-
proach. To enhance the uniform approach and to enable
the handling of alternating monotonicity of variables, the
method can be enhanced by the integration with assertion
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techniques. The basic concept of this method is equiva-
lent to the uniform approach, where, in the beginning of
the procedure, the uniformity of monotonicity is assumed
to hold throughout the simulation. The notable feature of
this method is that the uniformity is constantly asserted
by statements ASSERT (x’>=0) and ASSERT(x’<=0). When
violations on these conditions are detected, the simulation
is restarted from that time point with the assumptions on
monotonicity inverted.

Illustrated in Figure 5 is the concept of the enhanced
method. « and (8 in the diagram corresponds to those in
propositions (2) and (3). In the beginning of the procedure,
« is set to 0 and S is set to MazT. The properties are not
determined to be held at this point. This is different from
the case in the method for uniform monotonicity, where ei-
ther of the propositions (2) or (3) were determined to be
held from the computations made prior to the simulation.
On the occurrence of assertion violations, that time point is
set as the new a and the procedure continues. This process
is repeated until the simulation time reaches MazT. The
applicable guarded constraints are removed and reset dy-
namically during the simulation by using these information
of monotonicity.

5. Experimental Results

The approach to uniform monotonicity was implemented
and its effectiveness was evaluated with the model of a ball
bouncing on split surface (Figure 1). The comparison be-
tween the simulation time of the original algorithm of Hy-
LaGI and the algorithm with the proposed method is shown
in Figure 4. The regression line for the result of the pro-
posed method is represented by the following equation:

SimulationTime = 0.6083 N* 4+ 0.8763 N + 1.691  (4)

By comparing equations (1) and (4), we can infer that the
simulation time with the proposed method is half the length
of the original. Since the method aims to improve simula-
tion efficiency by reducing the size of guarded constraints,
this proposal is expected to be effective for models that
contain large number of guarded constraints.

O original O proposed

500

375

250

Simulation Time (s)

125

140

160 180 200

Figure 4: Simulation Time of Split Surface Model
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Figure 5: Concept of Approach to Uniform Monotonicity

6. Conclusion and Future Work

In this research, we proposed an optimization technique
for the simulation algorithm of HyLaGI. This was achieved
through dynamically reducing the size of guarded con-
straints that appears in the model, based on monotonicity.

Future work of this research includes evaluating the alter-
nating monotonicity approach. Another work to put effort
into is exploiting invariants other than monotonicity, for
this would enlarge the scalability of this research.
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This paper proposes a novel system to prevent bird damage to crops by driving birds away from agricultural
fields. Bird damage is a major issue in agriculture, and many tools have previously been introduced to protect
crops from wild birds. However, hazing tools such as alarms and distress calls are quite simple, for example, playing
sound periodically, and birds eventually habituate to such stimuli. Thus, such hazing tools have only short-term
usefulness. The proposed system adaptively produces stimuli according to bird behavior in real time by utilizing
deep learning. The proposed system can sustain its effectiveness for a much longer term.
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Training Data Augmentation for Hidden Fruit Image Segmentation by using Deep Learning
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This paper proposes a method to detect apple fruits areas from field monitoring images. The proposed method can detect the

fruits areas even if they are hidden by leaves or other fruits. We use a deep neural network with a way to create a large amounts

of artificial field images as training data. Since the developed system uses the fruit and leaf image components and can easily

retrieve their exact areas in the creation process, the created data include annotations of hidden fruits. The experimental results

showed that the proposed method showed promising results in terms of accuracy compared to that of the COCO pre-trained

model.

1. [XC®HIC

AR, ToT 0 ICT 2 AW CEIEM O A B IRIEZHINL, £
Mom EE BTN TN TS, e, REFE%
JAUNZ Fedstoo IR Y [Bargoti 2017] (2B BAFZETIE, T4
JE R AR LI R Bk TH2 Faster R-CNN[Ren
201512 HIWT, Voadovrd—, 7T —E N0 B E 5
REZRHL TS, ZNHONFZE TIXR F 2 T Ntk %
LTS, HUREFEI AR HCEE, IEMR A XL
REEFEMICRECE, BREHICEMATHS. Lo, <0
REHIREABORT IOICELZELE DT, T
TIHETEN - RETAZOBHETITEBRS LT,

ZZCARIZETIE, ERAAT T B R =2 7
B, BIEO—ERRERI TN T REIHEE S T e T k%
RETD. REFTIETIE, TBEEZ AWz F =k
T OT=D DRI T — ZPLIEL AT 25T 5.

2. BnREEEHOFREFEE

TSR ORI REO T — 2 DL ETHY,
COCO [Lin 2014] O XH72BEAF O KRBT — 22 v b AW T
SEEEATHIZENE . L, b TF —Zt v NI, Bh
7o B GEREI A M T AT O F — BN FELE LR, KD
T — 2% NFCARTHIERITIT S KAy e bilt
(Z, BB BEEICBIL CiE, AREIASIERE SRR A R T& R0
MRS, ZZT, KBTI ERED EEE =2 /it %
NR—RELT, A LI KEDIIET —2 % £/ T 57 7 a—
FhLDb.

21 REEHOBEH

S GBI R D R R ORI A 3572018, B A AT
=2 =Ry NI = LMK Tk Té D Mask R-CNN
[He 2017] % A\ 5. Mask R-CNN 2, Ei{§ D h DL D% 4
IZOWTC, ZORRICH DT CHElkZ T A THD.

AR BN TIEENL TS R E A HEE T 572012,
RENFZINTOABIER I LT, BRI TR WREED R
FEI A P S,

WSS mHITEE, BRI, RERES AR
4-17-1, E-mail 15t5047d@shinshu—u.ac.jp

E0Y) W LBk
RE

B AR E R

1: B RRER D AR TT 1

22 T —2BBER

LR BRI T — 21, AU R L, R A RS
INAFV=ATD 2O THH. KA R B 0L T 15E%
R T, EEREORBET=XY SV EEND T CRIEm I,
HEES, W REGEOUHLEIT). 2oL, YISzl
1% PNG JE> RGBA Wi L, FLEMEGEHEER O FIE
FEIUESILTWD. IZ, GIVHRN TR OB E > JE, K
RrToHNNIERLLOETH L LE IR E T HIET,
G R G A A k5.

NAFY~A7 L, RO 2ETRAINI G Y OFEEE
F#4F —&Th%. Mask R-CNN Ti, BTl (F U~
VERBETHVNERHD.

REZLONAFVAZIE, K 2 1T 801, REmE G
W EICEE T AR AR TS, BARIICE, RS
DA %5 DA fE I &3 A A & T IR B L TS Ui g A AR kL,
WAL 0 THIHEL /e A BUEFE B R EFE UV A RO -
VBT 5. ATV FEMAG A Bl E AR, R G
Bl i L7 A L[] — &35,

NAFV< AT T REE AR L TOBER, kLA ki
R T, SRR 2N B L RIS TE R, 1Eh D
BEGNELE SIS 8, FREE ST RNl A T
5. ZOIORFIRIC Lo THMEBRBEBRE AT U AT2 K
IR T HZET, RN REOFHER TH> THILOHE A
i AR AT — 2 3355,



1F3-0S-17a-03

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

OREERERK

Q=R 7 EREM

@ B

2: REILDONSAF U RT DAL

1 RFER R O L

COCO TR T
AP 0.215 0.367
AploU=:50 0.432 0.769
AploU=75 0.195 0315
AR™ax=100 0.384 0.492

3. =B

REFIECLDRN R IO EH OFEERGET 57
WIZ, R FEER AT o7, it 8%, COCO 7 —# v e
W B e T N E LT, ZOSEE T VI, 80 FliH
DIFAZHIELTWA. FERTIETIE, 20 COCO 38 1% 4
ETMIHLT, ERROTIETHER LB R IZER 25 T
3000 D FNHT — 2 & 1B MFH L=

R TIVORBGEAT —2L LT, EEOV T EEICBIT
HE=AV T A 9 KTV, FI2055 90 KIS EIL THIDH
L= % W=, 200 90 MO BEHEIZHTL T, Voo FL540
DEFEETT )T —ar Lz, Zoss, —HanEn
TWAREIZBWTIL, 1EEHF OBIW CtORaHEE L THE
WA ELZ.

RO EZHEZR T 57012 COCO DHG LTk
Td% Average Precision (AP) & Average Recall (AR) [Lin 2014]
ERALE. £ LICEREICH T REOREREIE LR

4, EER

41 BAREEHOZEDHEMMEICDOLT

F 1 OFERIY, FFHEE TIRETIEOAIT A COCO F
PEEDS RS TRY, IV IELREFEA i c&Tnaze
Nomd, Fz, K 3R TIDNCEB O H iz ik Li=&
A, ERFETIIRED FICER> TWAED L+
R IR S B R IR E CE QWD EN D).
ZOIZ, BEFIEICL s TN REFIROFE B HET

HY, KFEOREBEGII L T AN THHIEAVRIES .

R RS
3: BRIV FEREB DB H B (o - ELAE, % - HETEAE)

4.2 BRIEADT—ARIZDOINT

FRA e R I EME O B2 EE LS, BURITEREE 1 4
LD PER TR A LEEEL Tl-> TV D, 2D
728, BB R EEIRICOWTOT =X DEEMERE VS
SV, KRR REEDT-0121E, RN TOR TSR0
FES A & FHE T DO N LEEL.

5. F&H

AWFFETH, REOLEROREDTZDIZ, EEFEEZHW
TR T =20 VAR SRR T ik A B 6b 72 RS E A fih
5720 DT — 2 DAEK T EEREL. REFED
HIWEE LT D728, COCOFEEFERET MIHLT, ik
L7l T — 2 % 8 S 7= B0 B ER R OB b 2714l
L7z, 4%, BEICL-o TR WD RER O S E om
0, B U7 SRS mm A - H BhEIR S AT 27 8 DBR ST
LT T ETHD. £, REERO ERERmES K EN
1L, REOCAEFHERIMEITH HTHAD, ELWREMEE
TRz RS S O I L O Pl E RO AHZ LT, FHGE
WO E RS 295 T EThd.

SE X

[Bargoti 2017] Bargoti, S., Underwood, J.: Deep fruit detection in
orchards. In 2017 IEEE International Conference on Robotics
and Automation (ICRA), pp. 3626-3633 (2017)

[Ren 2015] Ren, S., He, K., Girshick, R., Sun, J.: Faster R-CNN:
towards real-time object detection with region proposal
networks, Neural Information Processing Systems, Vol.l,
pp.91-99, (2015)

[Lin 2014] Lin, T. Y., Maire, M., Belongie, S., Hays, J., Perona,
P., Ramanan, D., Zitnick, C. L.: Microsoft COCO: common
objects in context, In Proc. of the European Conference on
Computer Vision, pp.740-755, (2014)

[He 2017] He, K., Gkioxari, G., Dollar, P., Girshick, R.: Mask R-
CNN, In Proc. of the International Conference on Computer
Vision, pp.1059-1067, (2017)

Thttps://github.com/matterport/Mask_RCNN/releases/download/v2.0/mask_rcnn_coco.h5

D



1F3-0S-17a-04

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

B OER O BV KNS 1 7
e S A N AL

@-learning with Neural Network for Automatic Irrigation Control of Crops
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There are many studies to reproduce cultivation methods based on experience and intuition of skilled farmers
by supervised learning. Farmer’s knowledge has an impact on the collecting data to conduct supervised learning,
and it is difficult to judge whether such knowledge is a true optimal solution in agricultural work. So, we focused
on reinforcement learning (RL) which learns based on reward given from the environment as a learning method
independent the knowledge like experience and intuition. There are few cases of study using RL, and also the
effectiveness has not been enough clarified. In this paper, we tried to cultivate Komatsuna based on simple Q-
learning as a preparation to apply RL to the plant cultivation. As a result of Q-learning for a Komatsuna, it was
possible to confirm the state of giving water according to the height of plant.
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Bt &t —1 DRER KL 72 s¢ & TR & Mk D
REERT O, BEOREBOIEINEEZLVWEEZS
nNa. 72, EYOREBZELZFIEHN D TIERL, T
HEOREBGIZHERMING., TDD, 6 AJDIGEIIE
Gt t—1, t—2 DRBEAZH T MO L EDIEAD
BHRUZ 2IRITRT ML E 3 DRz 6 IRoTRZ ML e LT
se = (s, 53 5@ 5@ 5O 5Oy cRXNG. 3AHNDEBA
WL t, t—1, t — 2 OFKERELNZB I 2O ELDOAD 1
WIERT MV % 3 DRz 3IRTRZ b2 L, 2 AJDY;
FlERL L, t -1 2B 2O X% 2 D7z 2 IR
RN LTW5, ZHBIB I ZEA Wy OFEHRIIUT
OR(B)D&SImDb. £2, X (3) D5 DEHIIR (4) 12
R

(2)

Of (uy)

ij < ij + ady Oij

®3)
(4)

a lFFEE, yIF#HEREL, ThEFha=05 v=09 &
BELTWS, WHOEEHEIFZED AT NZ— 123 LT Rk
WAt &t — 1B 5o BE L2 LKL, AFTD X512
EHTD.

Ot = re1 + ymaxQ(se+1,a) — Q(se, ar)

(Rl t THRELTW3)
(b7 L)
(KZlt tLBhTWD)

+0.2
0
-0.2

Tt =

78 (action) 1% @ = “0ml”, «® = “10 ml”, o® =
“15 ml”, a® = “30 ml” DWEKE 4 58X — VL, HiEs,

T action Z2Z U72AIZIRODNRFE 5,1 ITERT 2 DI3K%E
B2 THoDZLIZIFH B0 5Z 05 2 Hi: L ElRE %6
T2 EIBELTWS. EEYORENEIL 1 »H» o 8»
Arr260MEEAETHY, MEMATPSNEETE 1
AT L LG E0FE R ITE .

AFFRIZB T B 1R IEFEE R EE L5 72010 B M
Z 2 LTFEE L TWa. kB oM AL I MA e
U, REIIMEZEZ THr S —H 30 ml DEKEZIT-72 4 Hi
75: S1 ti%j_5

2.2 experience replay = W/=%%

1P ATy TBIXEEOMRE LT 572012 2 D 7
ATy TEEHELTWS, —F, ¥YIalb—vaviimlfbEy
EHEALZGERELHRT L+ hT—2BEEE ST
TS 2 F R D i Ic IR T 5 Z L IR EETH 5 &5
ZoNd. RIZATY THERLSTHILE2HEZ 5 LWL
EBBIZ L > THERTZKDENEATEZ e n T8I X -
THZBKNEELASELHENH D, w2 Y
AL TOL 720113 O SRR 12 G o 7 P FiE D N
ThdeE2O6ND. RKETIEMB DR T — X 2 %L
DOEBEMIKHL T WL Z & 2HMKE L, experience replay
(ER)[Lin 92] 283 5. ERZT—Y ¥ MARRER L 729
T (8¢, a0, 74, S041) ey B AEVIMFET B, ZOLE, T
Y TIVBOEFHERLTWS., —EROY Y TIVHPMEEX
NEEZATAEIRSH Y INES VA LICHITL, #ED
ABEUTCHARAT 2 Z L THEOMELER>TWD. OF
0, ARVIZY VTN EBFT 27202 ADFIT & o TMAK
OFEEEITD 2 TH Y TV E—EEIEEL, AEVIZHFL
T — X AW CEA W, 2 EHT 5.

3. ERBELIURER

ER Z YN U CGEHHA T 2BICAE ) IZEDRED
TFT=RZBEMRFL, DOT—RE X OREFEHIELZ L T
Vsl 7 R % 155 & TS 57280, 3 D OREHARIZ 4
P CT — R R T o 72, INBRITERRIEANY ALY hO
hTay 7o —)LEEENSEEIZEA TS,

e 2018 4F 12 A1 H» 5 2018 £ 12 H 13 H (1 [81H)
FIFE U R WMEERRH N B HEDBENE Z v H D, MM
X A8 BREFRET UZZAE R, 7 — XERIUAIT E - fARIX 28
BTHotlz. TOLEDY Y TIVEOEFITT =168 &
L7-.



1F3-0S-17a-04

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

0.6 — wll

0.4

weight

0.0

— wll

-0.2

| — wil

° 0 R N N o

AQ® o0 00

epoch

(a) 6 AJIEDTERDFEH OBET

N

epoch

(b) 3 ASIREDEADELH OB T-

Q

20 o

2 o N

EN o

A0 0

A%
epoch

N

2° 0

2° o

0 BN

(c) 2 A EADEHORET

X 2: ERIZEBEANIIHNT HES Wy, OFFOKT (k=1,7=1 D54

e 2018 £ 12 H 14 HA 5 2018 4 12 A 26 H (2 [HH)
IMASE 16 BEIRES U 72655, 15 8o F— X 2L, ¥
VINVEOEFE 1 EHOERE EOET T = 256 &
L7-.

e 2019F 1 H14H»5 201941 H 26 H (3[EH)
INKASE A8 MEIRES U 7285, 40 Bk S F— R 2L, ¥
VIV OEFIE1IEIH, 2HHEEADETT =496 &
L.

3.1 YUTIET =168 I T 2EEHR

FERTIE 3 DOBREYRI TR UL 72T — 20/ v 7L
WXL T6 AN, 3 AN, 2 ANDOANERTZ & TREYICE
(L2 AT A -DICBERT — ZBRY, REOFEHR
Y ER 2AWEGEIZEDTFEPRETH D025 HMCT
. 59, YU FNVET =168 12T % ER OFFHHE %
flis 37T — 2 fHH LT =22 AL, FHlEh
action & EEED action ZHEL L7z, FOREER, AX—Z2DH
G ERERIIBRLS D, EOANDEEIZH U THH- Z7E LA
R, FEBEIUMETIRMRTE Lo 2.

3.2 HYUTIET =256 IC0T 2EERR

WIZT =256 DY > TV EIIMT —2 2 LT ER %247\,
BAINTH T 2 2B RER 2T 5726, [FERIZ action DLE
BEiTo7-. ZOrE, 3 A& 2 ASIOFERER S ILIRE
IZB1T % action DERIZIESDEMNE L TWD I EAERT
T/, FREBBOMT2MRT 5720, FAICHTHEA
Wiy OFEFHOMT 2K 21ZRT. &7 7 73 ThTNOEM
N ULThk=1,j=1L7HA0MHEERLTED, 6 AT
WEADPPEHEL TR WP HERTES. — /T3 AN
2 ANDEHIZBVWTIZEL S ER LU TV ERET2H 5T
Hb.

3.3 YUTIET =496 I T 2EBHR

BBIZT =496 OY > SV EIIBT—X & UTER 2175
ToAE R U CRBRD R 2175 72, 6 AN LTI T =
168,256 M & & L EBRIZT — X AEHDO L& Z 5 THER
o, FEHAKRZHP UL UTHEADPNKRT HT-1E
MRTERD o7, 3 ANE 2 ANIHLTIET =256 LA
FRIZEADTH TR L TWABFP MR TE . Ll
Wo, ER Z17212H720, AFRVIEET ST —RiFDHn
EZDBEEHOERIIRNZ EDRBZ 5N, KAWL TI
T =256 DE&EICEEHT 5.

oml

10mil 15ml

action

30ml

3: action D H IR

3.4 HYTIET =256 1D 2 ANICHT 2EBHER
3ANE 2 ANITBIIBREBOERL L TELSDENT
WA &GS 572012, HfiT— & A LZT — X% NN
WAAUZBRIZHE I NS action DIXSDE2FLHTT T
ZIRT (K3). 7770 true iFADFIT & > TIMATEZE
B U72BUZ 5 2 Tz action 278 L CTW 4. input2 ¥ input3
R L & W TFE U7z NN IZHIE T — % &2 A U 7=BRIC
BoN7z action 2R L TH D, BA5DHFIEENTNIRED
ANEERL TS, Wil action OFERE, #HEfhLA action
OHBMHEZRLTWE., 770 5bh5@D, inputd @
action 1 true @ action & K $ 3 & oM = “10 ml” DL
7% <, a? = “15 ml” OBERDBRNZ L BFHSNTH S
¥ 7z, input2 ® action & true @ action % LLiKd % & a %
a® DHERIEFLAL - HTHEILDPHSLTH o2, ZD
ZeMs 3 ANE 2 ANDBETIZFAEEERIZPULL T
I b 5T, 2 ALDHRADTIZ X288 LiEWTH)
BERLTWAEZERHSILTH S.

2 AN T 25k FEHOF i LT ED & SR AGKITHED
WT action ZIREL TWEDZHSNITT 572DITRED A
TNCRT 2TBORIRD A% 77 712K, 4 1T e
12 & BITEREIR, M5 G ADFIZLBTEREREZRLTED,
MERIZ AT RO BIMEDIRTEZ R L, HtfhIIRDREEZRL T
W5, EEFEEIC L 2 FEKER D 515 507z action 1 greedy
I IZ D WCBR U R 2 R L TB D, AT L CHH
IZEGH 7 action ZEIRL 725 & OFROAEZRL TN 5.
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4: action DERDA (ER 12 &L BFEH)

4. EE

X 4, 52 5HEYORIEE 2 AN LIZGEOERERE A
DT X BRI R 2 ERT 5 &, FEMEEIFAME TN T
2B TV AHHEAAL NS, ULIALEDS, ADOFIZX
ZAREETIXBIEDIRAE L IR DRFED M AL DEDF UfEE & -
TWVWAHBEIZEVWTHRAEZTHEZERLTWILEEDRH 5.
FERE LT, ADTIZ & BEETIIRE DT LREDILD D B
MZHbB Y 7= VO EBERERBHF I X BIKOEE R
FELUTWEDRBIEEEICL S QFETER Y 77— )LDWE
BA&ERE, AP OMIERZZR-BL TWRNI ED3HIT 5
N5, Q8% YR EM U KR, M40k R0
MASLNTZZ N SEYIEE LD 2 REHEIZ5 X KO
EIROTWBIEBRHS -T2, ZORREIT KN Q
FHETIXREETH - 72 OFET ISR EE 2 EA T A BOF
EE UTNN ZHWEFEPETHEZ L EZRELTNS.
L EEITEEIC R U T —Y s v AR & S 1)
EWRT 52 L TEOBBEIZ BT AR E kDB FETH S
720, SEOESIZADTIZE > THRIEST 2 2 L CHELTH %
HEfHE LCHIKT 2 Z 3BT UEIEY RISk IEE VW E
NV, LA Lads, M3IRLEZESITHEDIZEAD
FIZ K DRIEFER L DTN TV B ST ERE I 2 Y M
RWEEZOND., ADTIZXDHELSELNZT —RIZH
ROEEMITEE S, MLFHICE->THFEE UM ERZE 21
RN ORI 2R VIET I T -V v MANEIRT S
TEIORUVELVUZFHMIITAZ ENBETHDELERS.

5. BHYIC

AW TIX BRI O B K FIEZ 181 T EBRIZMARE D
R EAREAT 2 2 206 FOAMERIEO MRS %
Hil & U7z, WY ORET H 2 IREBORFH A LCFE % i 2 TH
SN TORMHIRIORX 2583 5720, Bz L2
Q¥BERWHLUTEREZIT>TWE. 512, BfiF—2D
DipEmN—=LUD2D, ZEBPPCRL TV Z 2N LT
FABGEAUZ I NN OHE#E 2 AL, ERICX27PE %217
72. NN O ASZIEREE 6 Rt 2 M, 3IRITERZ M,
2IGENT ML E 3NX—VHREL, REDEHRL L THET4
LOEPESMZ U, ERET o 65R, REOAZ 21X
TRZ FLE L, ERICHWA DDA E Y OHAFH T = 256
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BERT BRTFAMATE 2. Lo T, HWPOKEIZ NN 2H

2.00{ o 10ml s x
“
x  15ml x A
L7514 30ml
‘s
150 = Oml e
Q -
+ 1251 -
- x® e
V1 00 Aemx
4>—<‘ X & % e e
vaa
D 0.751 A xxxa .
C A X X X %X [ ]
0.501 a xsae o
X % X @ x x
ie e ox
025 x @ % x
x A X O
0001 saxxassme =z
0.0 05 1.0 15 20 25
state

5: action DERDA (ADFIT L BHEH)

Wz Q FEEMAT A7-DITIPREDO ANIIK 2 AN, A€V
DERGFEIT T =256 FEEE & L7256, EFLneEZIond
action Z3EINT B ZEBHS N7, LA LEass, A
DFICLBFE LI L2 &, B FAHIC L 2FEER»S
AR E U TV MR ER 2 ZE L TO BT
Aond, WEORMIDH 5.
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Crop Yield Estimation for Hydroponic Tomatoes using regional CNNs
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Tomatoes are important plants in greenhouse cultivation from the rise in their agricultural productivity by spread of

environment management system, and its crop yield estimation is crucial for efficient cultivation and controlled distribution.

We develop a crop yield estimation system for hydroponic tomatoes using regional convolutional neural networks and verify

the detection score and estimation accuracy.

1. [FL®IZ

BRITEA, FHEAE, R OFTENREESTND. K
VO RS R B 0D b TR A B 0D HE IR T L D B s 4R SO
WD BEFEN R/ ThY, R HIR 7 [ £ 0 7l X
OB L2 > TG, — e DU % Tl 257-0121%
RBEIZONTODRIE, BILOEOREBAIET 52 L03T
FLWA, BUR TITR & E 2 B CHIlrL T, & &1
REMIIMT O TVRWD N FRR TH 5.

WO N THEEEANE, FRCEG AL S B COMEHRNEL
<, BHIAH=a—F /LKy T —7 (Convolutional Neural
Network, LA CNN) (ZJDEE 5 FHAREGIT, B IS
JL7= Regional CNN(ELT RCNN)EREEALD A3 25
JBLCT&TWA. RONN %3S AL BT see L TiE, U
ADRIRRIEAT TS IR 18] MRS HLTVDA3, Kb
FIWVZE R B CRE SR D~ ML TlE 2225803 T
TRV, EZCAMZE Tl F O b~ OB 5EE O
INHE B2 T T 2282 HIEL T, Bx 720 B CH D e
BN 2255 RCNN Thb Faster RCNN (LT F-RCNN)
[Ren 15] 33U Single Shot Detector (LA SSD) [Liu 16] Z FU»
7o~ hDORFER M AT DR, 7 O R E LI =
TRNZIBTDREE A MRELT-.

2. Fi&

21 T3tk

2018 4 10 A 2>5 2019 4 2 A OB EHFEFKEEOI=r~1D
INHERFIZIRENEG EINDRTEET VHN AT THRE L.
BT {8 (4608 X 3456 B/ /L) b, MR MEEL TWAE
ST 1600 X 1200 B /L D[54 3 #EI0HIL, 800X 600 £°27
BTHE/INLTZ. I ST BB IZ S TV D R A, B
\AERRENT-Z Y 7 b =7 2 FIWT, INHEVE S 3R
(HETEDRAE), ALV (BRGE ), ik GREGEL) o 3 FiJE
WZE 7L (K1), EROREIT 107 KThY, 73 fa=
EH, 25 MAERGEH, 9 B RmAIz 2 EIL TH .

RS B LGB, T569-1136 KB TR ERZE ST 85-1

2.2 RCNN

RCNN D532 Preferred Networks £1:#20> Chainer [Tokui
15] B L N ChainerCV [Niitani 17] 2V . SR B I ONZEE
D48 1L NVIDIA #E84 GeForce 1070Ti Z##5# L 7=V —7
AT —a Nl o T ToT-.

F-RCNN TI3 800 X 600 B E/L DA AT, I=\yF
PARX% 1 £LT, 3000 RATOFEEIT-7-. SSD Tl 800X
600 BB /L OGSO 512 X512 BB AZEI LT
%, 2= F A R% 8 ELT, 1500 I TOFEE & T-7=.

81X PASCAL VOC THEEHDET NINLORS 7 H
Lo THT o7, EADOEHITILEH D Stochastic Gradient
Descent (LLF SGDY&Z AW, FERHUIVIHIEE 0.01 LU, 4
BATO 173 T BREE 110 1L 0z vz, Bk
HORE BN IMRRE A 7 —#12%1 9% mean Average Precision (2
T mAP)ZEo THEGRL, INFE & T INCILEHM A 7 — & lox L
T 10 HIZZZEMFEAATV, FHBH O 9 o i, BLONC
B A2 @ TR HEEHGR L.

3. RERRUHER

2 ([ZEFERRRIC BT AR, BIONTHRGEE A Eifg k4
% mAP O—f#lER7. 10 FBATOFEE 23925 mAP 1% F-
RCNN 7% 52.92.7%, SSD 7% 63.3%1.5% Chro7=. 13174
720D B 7= K81 FRCNN 78 1190+6 %5, SSD 731216
8 CTholz.

o1-
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LN T LEENENOETT N2 T, 79 A g o -
~INRFERHHAEI TSR EZK 3 1R T, X 3@ EfFET —4,
3(b)A% F-RCNN TOR Hi#E R, 1K 3(c)A3 SSD TOAf Hifh H
Lo T0D. DRI, AL, SO RFEE 7T
BHTEBZ LN RSN

RERHOERNS, ZNENOFIEITBIT LR, 1oy,
FrRD F IO &%, w5 36 L ONZEFAT M5 4 (R 258
L CORHBUC I > THT o7z, & LB EOIERE T D —
FIELT, REMRRITICIITD TS R oo g [ - okt

# 1. HREOIFEETH O 1 #1(%) (n=9)
Ui FLoy ok
F-RCNN 94.7+24.2 94.9436.3 88.9+33.3
SSD 109.2+41.5 78.3455.5 79.5+40.0
# 2. WK EE L T OIHEETHI(%) (n=10)
R Ty ik
F-RCNN 89.5+10.8 97.5+7.7 92.3+14.1
SSD 81.613.8 85.549.9 80.021.1

HART. SSD TlIaReA Lo T D4 & )8 F-RCNN L
EVMENICHY, $HCA L PO RFELRLHWTT 52208350
7230, FROREOFRIEL 100%%2 -2 D5 R LT, —JF
T F-RCNN TILEREROFEEE A FRILEMEIZ 72> TDh
DD, BEIZFENT- G DR HENMELBRDE RS T £ 2
(A E AL CONERE T ORITHFEH O R 2R T
| #Z EDFHIT LT, BT R OIS R ZE DRI E AL,
LELTIEE COTHINATRE TH LI LRS-,

4., EE

AR I B IR L~ MEB O T —2 v b v
T, F-RCNN & SSDIZRDAERIE M PO REMRIH T AT 2%
RS, RS B L HE T O RS B IS W T DR EEA T 7.
ZOFER, SSD IZH~T F-RCNN DIEHNIN LT LTz I &
DTN FTRE T -T2, EHIT 1 HmOWHGEE -1 S %
T AEVER OB SRR L2 R ROREC TIN5 17 055
HIEDREE N @ h 7o, T2, T OFEHERED/INSEND
EEROUIHERFEL T, FRMEIC - EOREERLLE
LA T EDBED T HINTHETHDI ARSI,

RCNN [ ZHAES 5 B O THY, ABFFECTHW=T —4
T NI F1EA LVH LU RCNN ([Z#E 45281k > TH
RROREE O EAHIFRSND. L0 VR EE O B 0| E & ]
BRET DD T —F v — e W EBRIEDOE AN L L if
BT, ELRDHILBEEIToTISTETHD.

5. ZEXM
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segmentation, /[EEE Conference on Computer Vision and Pattern
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A Comparative Analysis of Labor Force Survey Data among Vegetable Cultivation Systems
based on Agriculture Activity Ontology
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Abstract: A comparative analysis of labor requirement among several cropping systems is important when crop rotation

systems are designed to reduce production cost. We proposed a comparative analysis of labor requirement among vegetable
cultivation systems based on Agriculture Activity Ontology (AAO). AAO was used to establish correspondences among
terms to describe work in labor force survey as a core vocabulary. Working time aggregated on each AAO - defined activity
enabled to compare the labor requirement among vegetable cultivation systems.
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A Method for Judging the Semantic Similarity between Crops from Farm Management Articles
based on Agricultural Knowledge Graph

N
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Terminology in the agricultural field are difficult to process data automatically since they are often used in
various expressions. It is especially difficult for crops whose names vary depending on the agriculture activity,
edible parts or cultivation method in which various names are used. This study suggests semantic analysis using
agricultural knowledge graph to solve these problems. This study also confirmed that the use of knowledge graph’s
semantic structure not only enabled the extraction of agriculture activity and the crop name clearly, but also

enabled agriculture-specific analysis.
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Analysis of Konbu-Dashi by multi-band optical method from a viewpoint of miscellaneous taste
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Graduate School of Bioresources, Mie University
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Tsuji Culinary Institute

When evaluating Dashi in Japanese cuisine, the chef uses the word umami and miscellaneous taste. Umami has been used

as an important factor. On the other hand, there is no definite definition of miscellaneous taste, and quality evaluation viewed

from miscellaneous taste has hardly been performed. In this research, therefore, the objective was to clarify the characteristics
of the Konbu-Dashi which the chef is conscious of miscellaneous taste. We established a quality evaluation method of
Konbu-Dashi by using Quantitative Descriptive Analysis (QDA) used to express the overall taste perceived by human beings,
and made a comprehensive evaluation. As a result of the multi-spectroscopic analysis, the characteristic of Konbu-Dashi that
felt miscellaneous taste had "little umami, relatively much minerals and saccharides" was confirmed. In addition, in the QDA,

evaluation terms were created by using 32 kinds of Konbu-dashi to capture the characteristics of both delicious and not
delicious Konbu-dashi. From the results using the QDA, 1) focusing on fragrance and flavor as an approach to harshness, 2)
the necessity to consider the influence of minerals such as potassium, etc. were derived. From now on, it is necessary to

develop machine learning and analysis using Al.
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The individual identification of cattle using LP-residual signal extracted from cattle sound
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In order to reduce the time and effort of the individual identification, a method for easily identifying individuals of animals

using ICT is required. Our research have focused on animal call as one of the features useful for individual identification.

Although there is research on individual identification using linear prediction coefficients extracted from animal’s voice in

previous research, the correct rate is not sufficient. Therefore, it is necessary to perform individual identification using

various acoustic features useful for individual identification as well as the linear prediction coefficients. In this research, we

extract various kinds of acoustic features suitable for individual identification of cattle, and identify individuals using these

acoustic features of cattle sound.
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TWHEEZBND. 22T, FHafrtEC B2 R e L TR
JEE SR FO, R0 T 5% 2= (LA, FR 221 ) © MFCC(Mel-
Frequency Cepstrum Coefficients)33 U8 AMFCC Z 4D X F
PO T 5. Fo, FEOESCEFRFORTIERICHE A
PERBNDEZ ZBNDT-8, FiEFFEICEDAERELT, &
FIEO MFCC & AMFCC #filitHiL7z. AT, FEE Rk
JAWBTND RMS energy (/XU —) DZEAVIE R TR 22 TE O
RMS energy (22 ThERL. —F, NERILIIIZFOEE
B SRR ARDEM AR > COBRIEEMEN S D720, 40
MR 75 %/m/&/o/ DX BN H7 1), HHRMEIC MFCC & AMFCC %
Kbz,

23 MHERLER

EOUSE I E AL E BN FHEEPME R e o> T
LNEHERT DI, L EILEE (Tukey-Kramer %) % HW
TOMTE Tl AREZEORBOOLN R EOR A2 FR 212,
/B f/\ERTT Do MR RE R 3 1T, B ORKREEIX
MFCC @ 1 R~6 Ik, BmixkEEIE MFCC @ 7 R~12 &L
TW5, F72, AEZEOHERSNIZZOMOFFREICBEL T
IR O BIR THIE T 5.

T FEERED RMS energy O KB/ MEIZITH B 22T
FROBIZRI-T2N, RMS energy OB RS A B2
SHL7z. RMS energy O E{RZE AR OIS E T IC Lo TE LR
BNLT W, [AERERENZEEZ DD, Eio, FEENK
£ MFCC & AMFCC \ZH BENEUIZZEND, Iy
DRFEN LD AIRENEDS RIB X, FRZEM T OMEARTRB I F
HTHDHIEN o7 HEFRIEED MECC IZHH B 720358
DO, FOFEORSCRAR, F& 7 BIEIAE AR M A
BnsalgetEb mEie.

# 3 10, m/E/o/\ZkET B4 8T TIE MFCC O @ iIREICH E
FEMFRDHILTUND. MECC D& AT O &R 2k g
EIZHOWONL BT BFE R THY, ZZITHEAENELTNDIE
ME, A RIOULERTIEAFORIEDE D MFCC O &k Iz Hl
NIZAIREMER B D.

3. IREFDEEMRHEZRAV-EKHER

3.1 HEAlAE

AL T 2.3 DGR THONER ST A B ZDRDD
7= 93 WL DR EZ O TR ZAT 572, VR
BILHN AT =V TN D728, R U HE( L AL
HAAT 7. FRNS TN LTI OB B LD TR Era
Z0FC, #PBINZIE SVM (Support Vector Machine) OFRHE 4 —
FOVEBH LUz, G5 151X 10-fold cross validation Téhb. +
7o, HHRODT=0D SEATHITE L RERICHIE TR S D 2% A2
WRBNEAT o, FERAER 4 1T F, ORI A ik
PRI 572 F 512 Confusion Matrix 717

3.2 HAlER

TERTIETITN 96.8%E V) EREERE REE T LT
7o, Fio, HATHFIROFERITH 67.3% Tho7e. ZOFERLD,
AW OFEGE TARIIHER OB EVHH 30%E 3k B %4 1M E
SHBHIENTEIZ, BB TRIREIE MFCC CRILESIZIE
TEHRD—D>THDHN, ABFFETIE MFCC 72X OFEIF M-
T, AR E OFRIC LA FHE R AV Tna.
ZOZEND, FOBEERBNIE A E GRS CRE R
HBHAWAIENE R CTHAZEN aooTz. FrC e Z /R

K2 AEEDDOON-FHHE

pfE
TR TR Ek IR
I D MFCC 5.74E-3%*
I D AMFCC 6.22E-3%* 6.70E-4**
FRFEPH D MFCC 1.42E-2%
FEFEW D AMFCC 2.60E-3%* 1.03E-2*
RMS energy(=1%72) 2.38E-12%*

#p<0.05, **p<0.01
=3 BER/M/EO/INTEOHER

Lok iDLERE e fm/ /o/
MFCC(= % %) 2.63E-2* 8.35E-3%*
AMFCC(F %) 1.26E-3%* 3.30E-7%*

#p<0.05, **p<0.01

=4 EARBNORER
Correct rate
RREFIE 96.8%
SEATHFZE 67.3%

% 5 Confusion Matrix
TE

1| F2 | B3| B4 BS5 |6
411135 |0 1 0 0 0
42 11 43 1 0 0 0
=" |43 ]2 1 43 0 0 0
B |44 |3 0 0 21 0 0
510 0 0 0 1 1
6 |2 0 0 0 0 3

FRFAEWIED MFCC <o3U — N EoEEsRBN A A ThH s
TR LT

4. BBhHYIC

AL CTIIFOIREFENLERF THEZORBD LN H
B RO A O TR B 21T o 7. kB ORE R, 12T
EIE 96.8%E W) E VGBI R AGLZ N TEIZ, Ei, ATk
FEDBICF IR D A% AW T=HA L0, BEIESK 30%
M EL7-Z 2R L. ZHUCKRY, & OFEIEHRIIT
HEIEHT T m i Rb AW AZ LA A Th
LZENHBINEIRST.

FEREO G R BE A 5 2 5 & 2 H TR C ORI 23 22T
Biz8, RHIRICEVIEFE T — 252 ETHEEHIT, LB
T ERG L2 O EIRGRB 235 1% O E TH 5.

SE XAk

[aH 00] AHEET, RS : & 751235 B A O (K55
BIFLONRRERRR, T aEE, 55 62 & 1 5, p.50-
58, 2000.

[HLFE 01] AL ERS, A HFE T 3 B a— X LA 4 5 75 DR
fife, PB4 63 5%, 1 5, p.4-9, 2001.
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Suppression of false alarm using crowdsourcing in beef cattle delivery detection system
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Intelligent Framework Lab

In order for cattle farmers to detect calving sign beforehand and assist it to reduce risks of fatal accidents, recent
work proposed a pattern recognition approach based on video information from cameras. To reduce false alarms
given by the pattern recognizer, crowdsourcing can be used for double-checking the result of the automatic event
detection. However, calving sign detection from videos is not a common task for crowd workers, where most of
them are not experts of cattle farming; it is therefore not clear about how microtasks can be designed for the
workers and thus their answers contribute to better prediction accuracy. In the present study, a calving detection
system of beef cattle is designed aiming for real-world deployment. Exposure of the amnion and allanto from the
buttocks of cattle is considered as a sign of calving and identified by the crowdworkers in microtasks designed.
As a result of simulation evaluation of detecting two birth prognostic events, precision obtained when using only
the pattern recognizer were 0.049 and 0.22, whereas in the case of using crowdsourcing it improved to 0.91 and
0.83, respectively. This result demonstrated that verification of the pattern recognition result by crowdworkers

successfully reduced detection errors.

1. FL®IC

Zliﬁﬂ:jbfi INR— /uuuﬁkgﬁ<\177r7]\\\/ //7 £57

R v 7 DA% R W72 ALE D DR AT % 3%
Gt EEL, MARERZY TIVRA LTI ST R —H—I1ZR
AEXE D Z T, AEHOMGIHAE f%é#ﬁﬁ%ﬁot

WIEOBHERRIZE > T, DUERFEREDFD R D 13K E 40 E
HIZZm>TWB. B, SO 4O CHRIIIER IZE W
72& [Mee 13], BFRIZRE D OhTHGEOFIKPHAIZE D
2402 bE BO, SIS HEW, RIS TH %%ﬁ
5. TZT, BERFKVPHETHRL TWb PP %E,
2 — /Wﬁ&m%ﬁmfﬁX7%@#b§ﬁf@mb,ﬁ%?
BYAT LERETENL, BROANEZKEBEETESH
feMED % % [Saint-Dizier 15, A 18].

W1z & 2 RO S IRETY 2 7 M2 B W TR o Bk

LIRSS h by, ShRIZT2Z ek o6Nns. 2D~
T, ABLEHEKRHIE N L — NAT7OBBRICHD, JAHELEM
A& TREHBENL LB, Tz, X — VR OM
e+ TG, AL 3Rl bV — N4 7 OBIRIE
K0S, 2FD, FABRT—RPEZ o TVWRVWI AT
LEAIZ B WTIERE L OM4EE /NS T 2708 H O
MHERDIZHET I B 2BV, FEHE U TERIINT 54
WOBLERN L LA WEELRH . Tk &, BRI
WEFRIZE S TREBRANVAILRDIEEZOND,

Fk U % B/NRIC U7 b 3l 2 il 4 2 B2 LT, 7
T RV = VTR NR— VRO OWGEEZ AW B ik
PREINTWVS [Saito 16]. R LA E/NS T2 L1
AP E NN R — VRN A Ry N ERAILZ &, 250
RY =Y v I OEEE (57 R —h—) T AFIC LB &

RS Rt FURE ORI AR SR, R
X HFRHAT 27,  okimoto@pcl.cs.waseda.ac.jp

Frv 2 B KEHT S, EF oy 7 OFRRPATH S &
NTIGEIF N R — VFRERITER D & AR I N, ERIXITHON
a<a&.b®a§,77vﬁv—9yﬁuxéﬁ@m®m%
BEBT L2012, 257 R —H—DRIEIMEETESZ
EWRIRE RS, L L, REBXIUCZOSom G, £<
DY T KT =7 —IZ3BIGAR N2, D% Hilrd 218
e UTHEOHMETIZARNWY 57 KT —71— T MWl aE
BREDEEY, DRI AT LA ZERFTEILERD S.
AWMETIX, NR—=Vliidse 799 KNy =V 7tk 3
TR VT DOHAMAE FRIZ WA ORI Y AT L
BHE - FEL, RAEREZY TIVRA LTI ITI R —H—
ICHGEXE 2 Z & T, BEEBEROMEINTTEETH 5 D HREL %17 -
7o SMWRBAME O BENE, JRIE - EREMEEN MO e
5. ZDEE, BHEIIBREINEZAATNOEONLWEGE A
HELT, Za—J)bxy MU =22 DHRAERIZE D
PRIE - 2l E M U, ISR OMGEEZ 2 50 R —h —I2ik
T 5. vIal—vavERE LT, EHQMHRRZ8E L
T2V AT L OISR 21372612, MGE ¢5E%a7«wé
/7 LTk 254 z@ﬂ%%%%®iiLﬂTé
Hé%%%@ﬁ%%%@ﬂ%%%@@%ﬁ@ﬁé%tﬁﬁ%t
& DT U 7.
AFEOERIZRDEY TH S, £, 2. T, MBI L2501
MEIY AT L OWEZERRS. RIZ, 3. T, YVATLDEZE
Va—ZOWTHIAT S, 4. T, WEELEYATLAZHV

TH o EFHRIZOWTHAR, 757 RY =Y U2k > TR
HEIHTE 29 REET 5. WEIZ, 5. TARO T 2o %2
R3.

2. DGR AT LADHE

ARETIE, AHFETHEST 2, REORBMAIY AT L OB
HEHZOWTIHRRB,
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Farm Calving Detection System
;'. Application Calving
=5 : Module Detector :
Carggra H :

Crowdsoucing
Module

o
............................

amazon mechanicalturk

Crowdworkers

B 1 BRIZ & B DWMRETY AT LD, 77 r—Ya
VEYa—)b (Application Module) , 73 #kAl#s (Calving
Detector) , 777 RV =27 €Y a—)b (Crowdsourcing
Module) @ 3 DDEEHN 5745,

ZDOYAT L, AEORE - EROFEL (K2) 20745
OWUEIP ST 2 Z 8T, HEBAIZITS. AT LIE, o
Mg, 2S5 RY =Y v FEYa—)L, 7TV r—Yay
EV2A-NDIDDEY a2 okD (M) . D
1, Wik SHEEOMHEEEMRE L, TORE TR - EBORE
HRELCWAIEREHN DTS, 7V r—YavEYa—
VL, W%, DR, 259 RY -V U SEVa—)LE
D E B, £, TV —YarvEYVa—ILIE, R
JBi - EIEDOBH DMERIZDOWTOBIE py, 255, WK
s U R 032 ORRME py, AL 58, Y AT A
EUTHGRTREE - EBOBHAFEL TWB LHWT 5. 7
SRV =V TRV a0V, VAT LADRRE - EIROFEH
PIFEE L TV D Z W U 2B DWT, ZOMEREEANEL
WP Z97 KD — 0 —IZHRGE 2 KEET 5.

NGOREL 2N TE5-D, 7FVr—YavyEVa—
VDEED, RIE - EEOHEEOMEROBE py, 1FMELHET
5. ZOFER, DHIRHIEC X BRI - EREOFE & AR X
%<5, 22T, RIE- FEOBBIERE I I RY -V
TEVa—NVEBETCIZ IR —HA—IZIOBFILTHE 55 Z
LT, BRI EITIET . 20, DML 7S RY =Y
VIEMHATEILIZED, HHMORELEEIIA RS,
A FRp 12 A L T 4 5

3. DWRHT AT LDEKET
ARETIE, PFEODBREIY AT ADKEY 2 —ILIZDWNWT
HHT 5.

3.1 RIS

REITIE, AOWRNS AT ATHGEOMILE LTHNS
WA DRI - EEOBHIZDOWTHI L =05, JRIE - L%
BT 5 0B EEORERIZ DO W TR S,
3.1.1 DGEFICH T BRE - FEOBEH

WA ORI - L0 B OmG§F % X 2 1[TRT. FEEIXS
W 3 BRI S 7 REREIRTIC BT 5. £z, RIBUZ DG 2 KR

(a) FHARTE (b) FRIEDFE (c) FRRDFEH
B 2: JRERE - SEBEOEEREL JRIE - & B 1KERR DS
R, FOMEENSEET 5. REEER 1T wthE, FE

Aoz L Tna.

cow image result

input image

state
Yes: 0.82
No: 0.28

O]
58

©

>

cow detection state detector

K 3: =a—F)bxy N7 =212 kBN MMMEORESK. 3
ORISR U, RITIRIE - EEPZH L TW 2058003 5.

05 5 RERTICFEH T % [Saint-Dizier 15]. Wi &%, /K
MR RZ L TE D, REFRESIZL, FEEA- W%
LTWa.
3.1.2 Za—3J)lxv M7—7ICk BRI

PRIBE - SRR & B 0 iilanid, B o 4 2t 3 50
e, MU ADRIE - FIRE T H U0 2 05003 2585 b
545 (M3). FHEEOMmIZE, =a—-Sxy b =2 %
FAN 72 R R A R MR 7 L ) X YOLOV2 [Redmon 17]
VS, PRI - FIEOEHOFANIE, BHAA=2—FN
2w 7 —72 (Convolutional Neural Networks, CNN) %
W5,

3.2 U959 RY—YUITEYVa -

IR =V TEY a—)UiE, JRE- FEEZZTRLTY
5 W I N2 OEBIEEEZITEY, ZOIELEE T Y
R —Hh—i2 &> THELT 5.

29 RY =2 I DT Ty N7 F— Al Amazon Me-
chanical Turk ZH\W5%. X AZHEEIZIL, RIE - FEREH
U T W AHIE S N B EER — IR ang. 777K
T —H =2, EEOmigD S, JRIE - EMEOFEH UL
BrEENT L EO5RkDE5NS.

279 KT —H—DEEDEFEEEZMMAET 2720, —HE
IZHRE N D WM, EMRT NV S - Hgd &
FNTWS. EfET N EFEDE(GE T T K7 —h—hE
A6, TOWE /RS NZEEE, FEHTE AW LTT
RTEE L T2, BRI LA RAEN —EREE 725,
P E L > THRAERER T 5.

3.3 77U r—yavEYVa—I
TV —YavEYa—)UE, KEVa—LEEDRITS
BEEHO. BRIIZIE, DIROMEEELTS
e WIGDHATMhOEDA VA —%v FENLUZEBGED
5.

o ISR ANIGE D 1 X T itk 1T

o NIGMHIZGED S, OGRS, FIRI L DRI -
JEDFEH DR % ZITHLS.

¥
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anical Turk Deveboper Sandbox. This siteis for best 2nd devalemant orly, Leam mare

jou are usrg the Hech

——

D W2 TG O 0w Wil Dathonon (HIT Dotaks) Dw oocaptnes HIT

Choose the images of cows with balloon!

Thiss HIT will be automatically submitted after answering up to 10 question(s).

1/10

Pleasa salact and submit cow images with balloon.

B4 750 R7—=A—I12 X5 RIE - FEOFTH OBEER X 7. HBER S Nl o, JREE - FEAEH LU Tv iz
BINT 5. HOoPUOEMT RVPNEINLERLIRIN, TNODEGOREEZF =y 7L, V—A—DEEMELHERT 5.

e VIYRY =V U TEY AL, RIE - EREHE L
T B LT L 7z - E R RIS &

e VI RY =V VUITEVa— s, JRIE - EENEL
LT3 & U 72 A RIS O GRS SR & 32 1S .

175, TV =S a vEYa—)VIE, SRS S 2
0o 72 A EIR D RIS - LIS FE I U T WA HERDS, S5 UD
TEDTHLEUE po M ETHST85E, 77D RV =YV rE
Va— VIIHGEEERHET 5. ik U7Z@ D, 2o Rk L %/
LT B0, B py BESHEELTEBL.

4. =B

MR OB Z, BEWEY TAVRALIITT R T —F—
IMGEEE 2 2 THETEDLLRRE D, VAT LEER
HoPLOIR) VI UETF—22y b2 AN LT, Sk
MY AFLEBEEE, 250 RV =y 2HWgGEEH
WRWHAIZDOWT, JRIE - FFEOZT DO, EEEALITOwE A
REHERZHELZ.

MARERZ ) TVERA LTS R —h—IZHREES®5 2
& T, FEBEMOMBIATEETH B0 REE 2175 -0, Ho5HU
OIR) VI UITF—XEey b2 AN LT, ¥YIalb—va
VEERE UT, BB O HENZIE, JRIE - EIEOS 2 W,

FEF R B I 2 A U 72 ¥ AT L DRRAGE R 215721212,
AR & B IEHER T LRS- ETEBMT 254 AR E T
D F FiWHIT 25E12 81 2 Bl i72 53 W B e AN BE 2 T {5
BN O AR L FHEHRIZ & 0T L 72,

4.1 FERT—%

TR L, BREBEOWNFOEEREFR TR /- REHFE
DLz WS, BUgOIERIE 2016 4E 11 A2 5B L, B
EBHERE L TIFHNT WS, AT THEL MG, 1782
21 MOEBE LT, DB AT LB BET5 25
R —nN— Lotk h, F#EIHhs (K5).

4.1.1 DHEREZOIET—5EY b

DGHRAIZE DI T — Z1Z1%, 2017 48 3-8 HIZINEk L 7=
Be& Nz 0 5 BERTRTDY S 205 £ TR S 6 FMEIC 1
W DRTZNS QMR SR E 0 U, FREE- FEOE
Hizowery /35—y av iz, 75— 32l Amazon
Mechanical Turk % Wz, KEEHRI L1122 ADT —H—0D[H|

5: YNk X 37 ARG,

#£ 1: VAT LRI T — X O

Sl
A1 | 125 16829
AW 2 | 941 26446

BrBD, MHEORESH - LEZEDE TV E L THWS.
PRIGE - 2EREASEE L U TV B EFIEGORE L, #HLThian
ERIEEORENEX, TNTh 3806 HTHD. 1EHIE EABIDE
M—HT DL, FVERLTVR=Y T T %2iTo7.
4.1.2 YRATFLRIERT—%

I RY =& BEAERM EEBROFM T — X2
1, 2017 4F 9-12 TSR L 2=l & 7=, & 2 oo
V=UMNEENTEY, k6 KIS N EEE TOTA
TOMBEE AW, BEER1IORT.

4.2 EERERE

AHITIE, FEBRIZBITD, AR AT LAOEEY 2 —)L
B AR EERRS.
4.2.1 DRI

H % BT 5 YOLOv2 OEAIZIE, MS COCO [Lin 14] T
FEUEMEOET IV E MW, JRIE - EEE2RE T35 CNN
%, BAHIAAEIE ResNet50 [He 16] & [ARR, Z AT < 4k
A% 1024unit © 1 FOREDE O %AW, HHEIE, K
JE - CEEABH L TWB 0 E S h 0 Ml 217 5. EirsE
1¥ ImageNet[Deng 09] TEEFADEAZHMIEE L, ik
Uil TF — R 2HWC 774 v Fa—=v s Uik

TV = a vEY a— AR, MO TR DM
i Dth 121X 05 Z2HWA.
422 U959 RY—=YVITEVI-I

799 RT—J—IZlE, —HEHEIZ 10 KOEGZ IR L 7.
ZDS5b 2MUE, WEMRIFHOEM 1, Al 1kor ) 5—
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® 2 VAT LEBRESELBEOmEGRAOEEE & ER

ISRV —=vvs | EEER HER
31 U 0.046 1.0
HY 0.91 1.0
1 2 U 0.22 0.90
HY 0.83  0.70

Va VEABBRTH S, 1 EBIZOE 3 ADDT —H—DHK
& %2ED, LRRETT-.

4.3 ERER

DI AT L%, 2 OHHET — 22y N THES &7
LED, HEFHEMNOMEEREFEHELK 2ITRT

WERE, 7739 RV =Yk s 2iTbRd o7
Ba, ThTFh0.049, 022 THo7z. —HT, 77KV —
UK BWEE R T o A, TNEN 091,083 TH Y,
IR =K BRBERIC L 5T, TNEN 0.86, 0.61
WE L7z, 72, HERE, 799KV =YX A RGLEE
oG58 1kFN0EN 1.0, 090 T, 77U K=V
L BRI EIT - 72356 FNFN 1.0, 0.70 725 7=.

UL, BBIZ X2 00R S AT LI2B\WT, JREE - ¢
BT & D OERE I, 7257 Y =2 22k B0
MAgEoOHhERIAET 52T, RELE2DRL (HHEHEZE
<) oD, iRzl GliGgREzE<) TE DI LD
RT&ET-.

759 RY =T ERAWGEWGS, HERNRLZ DS
V. HEEREAEL 4D EOBMEERE L2 Z & h, HED—D
THd. MAT, FOHEVEETH D, FU &S LHEERAHE
HRLTWAEZEBHBE LTERALONS., —DHEEDER & L
THEZ THRIBUZZGE, kL TWAR U & S Rz 3
TEME UTHBER, 2 E-oTHERENPRELTWE EEX
55, L, 757 RY =Y TR NGRS R E
W RAIER % BIRER 2175 2 & T, SETE S AMREMED
H5.

7z, D 2I2BWT, 25U RY =Y IOREEIZLD,
RN 020 BLTWE, 257 KT —h—7n, JRE - ¢
JEAFEH LTV 2%, HMEZTERL TWARWEHEL
TVWADRATH S, Thild, EHHFIOZEEPHAZFL <
THILIZEY, BAZOWHEIZE->T, AETEEHLEZXDS
nb.

5. faam

AR T, NZ2—ViBifidie 799 KV =V v k3
IR ¥ T O A% FIRHZ A 72 2R O R ET S AT 2
A EEL, BAKERZ) TIVRA LTI IR —Hh—
IZHRFESE 5 Z 2T, BEROMBINFHETH 2 M IREF %17 -
7o SURBAEG O HANTIE, JREK - £ & 03 2 Mo H %
AWz, 2ol E, £HIREINZAATNOHRLN D HE
EANEUTC, —a—=9N0% vy N7 —=212HD < SN
KO IREE R BIB L, MBEROMEEE 2 5 KT — A —
IHRIES 5. I alb—Ya VERE LT, AR Z A
E UV AT LAORARER 25721212, MEEIZ KB EMER T X
N7 ETERAIT 256 S MAKER 2 20 F FEAT 255
1281 B A 750 50 I B AR B AT BE 7% R BN D 5 3R &
BIRIZE DG L 7z, EBROMER, N2 — VD ADEH
DHMEEN 0.049 £ 022 THH7ZDIIHRL, 75T RY—Y

VI EAWIZEAIE 091 £ 08312 ELT. ZOFERD S8
R— VB RE 7SI R —H—ICHEEX ¥ 5 Z L T, @)
IR EIRITE S Z e BR U

S, 270 RY =Y U TELNIMEEERE W, 2
GRS 2 BIRERTH 2 12k 5, DBRMEDEERD
Wy, 750 RT—H—IIWNTERATHFHOEEICL B,
AL R IR BN B 1) 2 BB RO WE I DWW TR %
179.

6. HEF

AEREITOCHZD, FOE=R) v TEmi% L TL
EE o HNBOGRE, L CHBRERETHW Y 7 -3 —X
YR — PRk, B SEERN X —RRICEE L B
ESE

& Xk
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VAN NS S E VYN A ViR e ANt St e V2L S
“Nudge” Agent: Proposal of an Agent that Guides People to Well-being

INEF PTHE

Tetsuo Ono

RHEE R KB R e

Faculty of Information Science and Technology, Hokkaido University

“Nudge” advocated in behavioral economics is known as a strategy that guides people to health and well-being with “a

little modest way.” Thaler is known as the Nobel Prize in Economics winner in 2017 with this achievement. Now that

redesign (reconstruction) of social system is required due to the rapid development of information technology such as Al and

10T, in this research we regard “nudge” as “mental navigation” through implementing as a “Nudge Agent” by using the basic

technology of Human-Agent Interaction (HAI) which we have been carrying out. Specifically, by using HAI-based

technology, we construct a “Nudge Agent” that can manipulate the cognitive environment (selection architecture) that directs

human decision-making and conduct field experiments at actual home and commercial facilities. Then, we will examine

whether this agent can “guide” people’s decision to health and happiness to some extent.

1. [XC&HIZ

ITEIREERICB O TIRBEN DT vY” (nudge) (XM1F
EAE RSB BNIESRON R ITIE] TA & R
~EEHRME [Thaler 08] &L THIGA, Thaler |34 5%MF5ED
FEICED 2017 R0 — LR FEEAEZE L.

AL R0 10T 2L DIEREMMOEFR R RERICLY, & 2T
LDOVTH AL (FHER) PROOLNTCODETE, ABFZE T
“TFoEILOFEF —Tar LT, e B2
ETH 20 FHICHOZV I FEZED TE7 Human-Agent
Interaction (HAI) OREMBEINZHNDLZLT T2 —V =
URELTHEETHIEIZED, A2 &2 RUVTHEY ~EEIZEN
AIREZR, LV EIA L Z T ar OV TRET 5.

BARRIZIE, HAL BRI Wb 2 8ok, Aoz Rk
ExEFRDTHRINEREE (BIRT —%727F %) ZHAErRE
TPV ML, BEEOFECHEM AR E
TOIA—NRFEREZLEBLT, 20—V MR AL DOER
R ENER B ZENATRENEINER
FETB.

AT, 2 BIlCB T T oy 72—V = hORRIZE S
T FAZDONWTIE D, ZOWFREEED HH 2T, FERERZ M
EELT, 3 BB TRMIRAN =X LD LEDET IV
{BIZDWTIR . S5IZ, AR EL T, 4 HiZBW\WT
“Fo¥ P =V U MOEIEFIETONTIR AL, LU EDELE
ZEEZ, 5 HITIIAN DS % ORBLEIZHONTERS.

2. AROER

TTERREHIIRB T D27k, HEOBRIERHLIEA,
ENVHEEREETIIELLDONIZESTORA () 2VE
FOME, FRZTANDLDAD = AN NTHE R EZ Y THIEITLY,
BIROKHEFR LR OL “ZNER ZXELIOEVILOTH
% [Thaler 08]. 7=, 21E, W7 =T V7 THIX L OEEEICK
W E R DS RO WA DO T IZELE 528 T,
DIBIHEFNZLIWVE Y a2 L <WMHE 720, FFHOBREO
PHHEIZHONEDREDOF =y 7% ANDHIET, FEa~DI

WEAGSE /NEPETAE, ABUE K KRR A AR e, AL
WETALXAL 14 479 9 T H, tono@ist.hokudai.ac.jp

AFZRIBIZIERLT LB L T 5 [Hagman 15].

TP TV hORERBICE ST RIIU T O 3 SICE
EDLIENTESL. B 1 IREOT —FOLENEIZET DM
BThD. BITE, Al IZBT A RIFMERZ D, tharbol
FELRED. LoL, BEFETO Al HEiffiaKREDOT —2%2 4
TLL, T—ADNRTNIEFEETET, 72D NES7=<Hr
LWER AT TER, T — I NE ] TEHER LY
R, BIED FIEERRIIIE AT & THEN, 7 — 25155
7D T FESWELHSL SV TN A B BRE
R~ O IXEEL.

B2 13V AT AME, LD MBI THD. FTEIRE T,
AHOBEEREOBBRICEAL, ABHOfTiZ#ET528
THEIEMICHSBRRBFITHEZRE XL ELTWE. T2z
WX, “FoP7EROICRI R LA S UNEL, IFFEH
HTIXENLERAL TS, L1, FD L5 ARIOITENIC
—EOEAIMEE ML, Zhe—{bL, A7 AEL TR A X
ALVIHWFZEEHNT D22, ZDT=8, “F o DO—EHY %N R
ERGETBDHERSTD, TS T A MBI fX 1235
RERPLTNDBEORELHD.

%312, AL HIRZ2 LI FHIBI B E D DLV E57z, &
FXFMEBNRTET DRI F COREERESDEEBE L KD
R SR T D S ET2 /o732 TZeu [JIST CRDS 17].
“Fo =T MBI A A D LT, ZoMELIF
FROFFRIZBEIDTNEB X TN,

3. BHMLEAN=ZXLDBRBALFDETIVIE

WERD“ T P ITEELIZHIE TR, RBRENIZBWTE
MR T A AT LA OB ONFECHEREEZHZEITE
DEAREREL, FOSIMRICIITERSBMEF ORIZCK
JEDENET DD NS -T-. OF, BIRE O H 2k
L7, BRI OWNE Ok & B B EZ 7 S0 57
HHIEREE (38R 7 —F 7 7 F ) [Thaler 08] ZE X HZ &40,
ZIUCK U CTRIRE N E D IS 7 %3 A0 & FH D500
T ThHoiz.

S0FETHRL, EEOH SN 2T 72 ar T, 5725
R DIGE DRI AI 7 LR L DM S RE
AW 20 7 F AR ERREICREREEL 52 THhD
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[fEH 16]. DY, FERDITENRE FIZBITD Ty IZ T
LI T, BRSO ORLE R E O TERNZ2 | RINT —F 7
IF ¥ DIEEBL, B 7T O TR - Z2 [ H )
WAL T BT8R BT —F T/ F ¥ a4li> T2 o iz,
ARFIETIIILIC 4 B TR RBINNT, FHFrD Al Hiftiz vy
EEFHER L O B (2 0 A DB EZFHEl- i 22 &
W2k, AR T EE AT TR - 22 R 1122 L35
(7R IR T — 7 7 F v 1B T 58 B EmBRO S & &
BLT, “Fo”OBMAD =R LOMH %A B3, 3512,
ZOMFRRFE LN ETOMETHLINI AR S T2 AT ADOR

RENCIESE, FHEDRE LICRE TR T o2 OF FALEAT),

device

1 ==V MDTBE LD Ty "D FEL

4. “FUTI—UrUrORE

AL TIE, A2 ETo A — A7~ B E LR
TPV bORESEERET D, Ty —
xR, NeDAUES 2 TBNT, [HHRAY, FER .22
IR 72 BN (B2 13RI T — X7 7T v) 2ELSEDHILET

PR A B AT DB E AT, AOFEREZ “Thi/el

AT LTHD.

o TV ORIETIE, BRI TAREY X A
BEICERL, 2hb% HAL FBEIIE VW CHEETS. 22
THIR T NI ARG BRSO Ik TSI S HL T R B
THY, FERSNAIEF (R 22 5R) 2SIl E 23T 4
DB B L G250 Db D THD. 2L 20E, B pE b
A ZRIEHEIZHDREN B HRHE, @i A Rl 5
FbiEdh B B EKUABATHY, HOWAFEHO MR I
FFRETHD. VR LMEELIL, 2 DL EORNS|ZARS
9(entrainment) Z&IZKVAIFE T 2E THY, ZOMIEL W
TEDHD NOHIREHECIER AT 52 L2 TE5[0no
16].

BRMZRERERNT, “Fo =T N ORI T
HHAEITHX 1). 22T HAL oS, T8
(agent migration) HEZ ILREL L7 ITACO T A7 AL/ 06]
DOEMiEFAND. ITACO AT LTI, —F ORAFCHI T
WKL L) BB E DT —Y = M BREENICh DS FE
FRATATIZBE ) THZEI2ED, = —FIZH LT, SURIZ
IRU =T AR ZATHZ LN TED. ZOTBE  OF| M, B
BEWNICHD AT 4T O REMeF A b —Pio 35— &
D& D(consistent) X1 | THD.

WE, RO a) —BEHIRE 21 Thd 2 —1
EFRETDH. oYz MNIa— VP OREEZFEEFERTHY, B
BENICHISEIERAT 4T 1oT HEICTRBE  LARND,
GOV ERMET AN TED. 22T, 1 IR T 89T,

TVl MIZ—FOT=TTT L PC NBLANT DA==
—HRRTDHETLUYNMIBEL, RAURr)—A=a2— DR E
LT VAL EERTLHIEILVE R T AN, 2—F D
BREREICBENZ, BMEROIBIEARY — A= 2 — D@ IR
IR SHITBIORTIE, ==V =R aRy M T H) )
L, 3EREB OB L BIRVR L) AU, Tl
HEOMREE VT, 22— P OMREE) 2Eha)— oA
MO EDPDIR AT — DR B ~FFEL, BRI ENERR
TAHINRT. oD F o DRI ST kIE HAL ([T 5
FBox OFATHRDOH RICFESH D THS.

AR TRETHF "2 — 2 NORA ML, 22—
T OEEREOFAMEIZRD TOBLENIZETHS. JIEE
DOEHITIE, HEIRHFED T e ) — OB BRIZIZ R AT
FEL TN THD. 2F0, RIFFETEITLF o713
BRI NS DEBIREA~LFHE T DD CTiin, EEk
EDHMMEILREDIZ, TD%OEBIEEHMLL L
JORT =V U RBIOBREAREZEIL TWHDTHS.

KO RIL, “F v = ML TORE A
R EST, BEFORFIES T D, xaRfFIEERAR R O fiE
) X BHARSFEM (B WREAEDO N AT A R) I[CHkT 54
E2D. R, REOFESCHEEMB L TOT 41— RIZEB
W, T8 BT —X 7 7 F Y IZIEBL, 2RO RZHG
MLIDEVIIRAIITH LA A THD.

“Nudge” Agent

/ World State User State \

l Perception
Planning

Information

Nudge’s
Repertory

Behavior
Generator

oo X3 23...

K2 “rod”?o—x DOV AT AOWE

2T ==V VN AT MO EA RS 22T,
1 LIRERIZ, JRRIRIE D= ) —BHUH R Z = 1T Tnd
a—HEEELCRIZIT).
(D Nudge’s Repertory £ =2 —/ W SURISIGE L= “F P

Dt
LITRLTZEDZ, ) —EBEHIRE = Cnda—3

1, A=a—OREST VA OEFERBLOER (EE) ©
BBV =T OB BREIII0E0T, BEROIBIZ
AR —A=a—DORIREET. ZhHD“FT v DFEBLL,
User Information & Nudge’ s Repertory % H\>C Planning €3/
2— )L CENMEDFHE A3/ X4, Behavior Generator THREEDT
NAREC T2 =Y = bOIRD TR PR TESND.

E{RRYIZIE, Nudge s Repertory ([ZIZIEHARIRE T L2 5
L, BUEO SR Tl A Al Rg7e o ORI LB 5. &
Iz, —F O (User Information)t, BViA £41, Planning
EVa— NI W TR T — Y = MOIRDFE VR ES L
5. ZDOHRHEE\ D Behavior Generator (ZLVFEBLIND. ZD
FHITIE, ) —ZHIRLRTUINT RN ), =—Y =

.
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I3FT LoD A=2—IZ BB L, 2V MTANORELE T
FOTFPA L BEETHZLICIVE ) — A= 2 — DRI %
129,
QLDIHIRT NARL ==V U OB F] fE

P =V NIAT— NI T ey s F
— L OFENEFANDIELIZIY, EOXHT NSAA~EHEE) )
FRELR DI FHT 5. 2T, Fex OB L CTE7z HAL &
R ERIRIEHIEICIVEIE R fEE /2D, BRI, fE

RIFFANZ =V = O T E) | Se2 R E T DM E DB DTN,

FRROETIZLD, T abar o B DR E LAY A AT Ry
"D — a5 A LM TATREL TR o T- T O AR U AT LN FEHRL ]
feLipolz. DY, R —V = MAATADRA N, =—
TV NRAT AT ~DIBEN HEBLT, TOAT 4T DB
EHMTIERAL, ho—EMER- T, o B —FICH
TEICIRIL TEAZLTHD. ZORESNIZ“ToP"NADER
PENCE DI B 5.2 H)NTHONWTT4— VR ERE LR
L CHBMIZL TV,

5. SEDRE
AR TIE, HAI BB HETERA W2 EI2ED, NoE Bk E
ZH DT HRMBBREE (BIRT —XT27F v) 2 BRIETTRER
o=V MR L TCE. ZOEZHTICEST- R
ZIRVIRY DD, RAFFED5 D RLEIZONTE X THIZ.
IITE, TR, Tala=b—rar o), EROE
JRE 1D 3 SOBELEERETT).

51 MNRHA]

YA 2V OB T LIRS ) (Unwelt) Li%, XTO
ILENE IR O MR HREL > THEETEY, 20
FRELTHUTEIL TWDEVI B X HFTHD [/ AF =L 05] .
SFY, BIFE NN —2 ] (ton) EFEST 4VH %W TEREE
EIEWR I RRBITEIL TWHEBZZHIELTED. 59T
Ha, PR ZE -2 VAR LT o< n b~
Z=b, Box AR R TOA T ES7<Bies. &Iz, [T
AN TH-TH, ZDOLEDRIOICNR, ABLAIZRIRAE, AN
DBRERLELFIZ L > TH R LM FUTR D THAS.

ZOXH B R HAUET DL, BRZIITEBIREE S
M-S HRAMMBREE (BIRT —FT77F %) ICh K& EES
H25ZEZD. KFEOLEYOME T A NZ 0385 B R L
BEEREORG, BLOTRER MOME/ERZEx5ZL
IERERIRROFSET —~ Th 5.

- 9y

52 OA2a=4—13avn g
MR OIS B RN MBI NaIa=r—aro
135 ) D XS 72 EH N Lo TR S VAR FAE A 22 TR
TeBEREEHIZ, THENRIGHEL THEE THA.
/N7 14] 13, HALWFRDSEE NS, aia=br—varbihss
HZE ORI R EH T, JLRIESZEM U AT AEHERL T

W5, EDIZ, ZOVAT LAAI KT BRR O AR 22 I,

NEDAL BTG I 2ANRBT DR b R HI 2D T
ZRIL, FEAEADII2=r = a BT RIS
I BETREICT DY, NeaRy oAl (27—l
TOREN R T AERERHLEL TS,

BRMIZIE, & 3 TiE, oy NI 2 ADOXEEOTEMEEZ
R Nl el R S Y W (SN R b o A D R 1 B
WETDITEN R LD ENTED., e, 4 fETIE, FEER%E
TR TVDANDHNBINTEDE BN RS NS, &
HIT, TOHEMZERNTOREREIFTHILNTE, £

DZEMNMNBITZDRERICT 7B AT HIENTERW (X 4
F) . ZOIIRZEMIEIS TNtz =r—a OO LI
HERET 2.

[EEF 12] 13, 23a=4—3ar O REERE O BE I ZE D
SEING, [a3a=b—1a O LU TOISF i (SF-brane)
EREL TS, 20O SF LT, BIEASZ(solipsism) 735
fRIENTI 2= — g ko THID TE W E AR TE 519
W2 DE L, ZOLEEEIINEIN DAL HT 2 — 2D E % el
L, LRIDBFELTHERET 2Lk~ T 5.

" Robei#aveids
the social space

B 3 Lkt 22 Ma AV ioeRy ho SCIREIS 7R IR D 3

B 4 ot 22 o0 FEE(E) L BN D2 —F D HA~D I
et ()

53 EFNOERIRE

A Tk~ zaa = —oa 0“1, BA D AR
F 7RG A HIC LY, EHOBEREICHIEATE50T
IZ72V0NEE TN,

MM ERCESEIER AR OMEB S IRIEL THAR
W COEEEBIIIEFIZHLWBETHY[IST CRDS 17],
BULE, HMEFFE ORI E MW =A 27 TEFEIT RO T
7R, Ak, BB MR AL W TECH DL B, T E Y
VIR IFIEDTRRITIR T ER VD TIIRVINEEZ TN D,

DL PRI G IR EEL VIRV T, 232
== ar O OMEIREOT F Y —IZEDRILT v
T 7 u—F IR D 1 SO HFEERT O TRV )G
EZTND.

322 —arO“E O AERIED AT =X AT,
[Spencer-Brown 72] (Z&DB X B3R E 525D Tl e
BZ TS, B, ORI DR iy R EE T —
A E FERE R L COBICEE RSV s 58, B
B2 E BNL CREEZ DL EY, B T EAR 25l 35280
TREAR D TIFARV NS E XD, ET-, W TEAR | AR “IE” [
D ARBEDOAN = A LEEZHLEE, RBE 52 5L0DTHD
EEZD.

6. HHYIC

AFETIE, ITHRFEFICBVWTIREBEESNTWHE S I %
HAI e Va2 licdn o’ ==V = hELTH
L, Nx B ERECEE TN e BN AT RER, B
LWL 2T a ORSLAEIRZRE LT, SHICARIRE
2, Al R° 10T 728 DIERFEITFO R RIRIZIY, fEET AT
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U MAT AR AN & O BREEFFRECER AL T e
B EMATEEME I DWW THIEEL TV T ETHD.
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3:40 PM - 4:20 PM (Tue. Jun 4, 2019 3:20 PM - 5:00 PM Room G)
[1G3-0S-13a-02] (Invited talk) Cognitive science of choice and

manipulation
The rocky road of nudge to well-being
OAyumi Yamada' (1. The University of Shiga Prefecture)
Keywords: nudge, behavioral economics, well-being, choice behavior, manipulation

Advances in behavioral economics and psychology have revealed the mechanism of human decision-making,
and driven increasingly widespread practices of nudging people toward better choices. This lecture will span
a range of theories, issues, and approaches that represent the frontier of nudge research. The lecture offers a
general introduction of the idea of nudging, and touches on potential pitfalls as well as benefits that might
result from nudging. It also provides a discussion of how the idea of nudging could be developed as tools for
improved social interacting.

©The Japanese Society for Artificial Intelligence
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How do we harness others’ opinions?: An investigation on product types

R A

Itsuki Fujisaki

R R R ZEBER G SUERTIER

Graduate School of Arts and Sciences, The University of Tokyo #1

ZNEE I

Hidehito Honda

fEH

Kazuhiro Ueda

2L R D AR

Department of Psychology, Yasuda Women's University #2

With the rising of information technology, we can conveniently harness many others' opinions. However, it remains unclear

how we utilize them. Online review sites, such as Amazon.com, display a lot of products. Especially, it is well-known that

products could have two types of consumption mode: hedonic or utilitarian. In this paper, we examined how these product

types affected people's behavior on others' opinions. Concerning others' opinions, we focused on a rating distribution. In our

experiment, participants conducted a binary product choice task. The task composed of single product name and two rating

distributions which had similar average of ratings but different variance of ratings (high / low). The results showed that product

types affected people's choices on rating distributions. For hedonic products, participants tended to prefer high-variance rating

distribution more often than for utilitarian products. We discussed how the results emerged and illustrated how our findings

could 'nudge' people.

1. AobaE o ay

WA, T WREIRORIAICLY, R GIEh AOE LA K&,
INOTFIRICATCTEDINNI -T2, UL, ENLTIEADR, £
D NDOE RAEEDIHNNTIEHL THBIT OV TEBALMNC
T2 o TRV RN, T CIZHEATAFSE [ Fujisaki et al., 2018] T
1%, Amazon IZREINDLAT 4L 7 AR, Bt
DI=DIZIEAT 20 (B 47 /M) 12 Eo T, BROIEHOH:
ST HZEEHBENZL TS, LLEFDFEERTIL, 74
T E— D (Fa—b— A= —) IZRESNTEY, LML
RS FF ORI BIL T BEE N T veh o T,

ZOR, HEELEFEOS I T, BEMOMEIZE > T&
TR —2AOVHEE (B 2 AT o — W], DUT, IS RED), &
RO (Bl R A2 —BedE], DIT, ERHMEERTD)
WV, 2RO EETZREO DT I DMESNIDIEN LI
TV %[e.g., Hirschman and Holbrook, 1982]. HFIZ5G1THFZE[Sen
and Lerman, 2007]ClE, BEnlCx 55 €L E 2—I2o0
T, BRI CIILE 2V — 2 O JRR 2 e | S, ERMETE
P BARIZRK 2GR D HNAZEEZBH LML TS, Ll
[Sen and Lerman, 2007] Ci¥, L E 22— 372721 DIZRESILT
Wz

T TABE T, ZEOFHIIZOWT, P OMEE R %
DX TG 2 D BEFT 5. BARMIZIE, Amazon &
NREZETH BRI TWD, #Efi531i ([e.g., Fujisaki et al.,
2018]) Zxt G & Uiz, B/ A0 ICIE, T2& 2 B O B 7350
<&, FHMALEE LT B/ S (BLF, IR 8 R b
HHIUL, FEMB NGB KEN(LLT, @80 bob
HYHI5 (X)) . 2T, ZOEGTEAFF DI ORFHmIC L
C, [Sen and Lerman, 2007]%0 7% 5612 LN ORER % 32 T

. BB T, B S B ODIEEHE DR A AL 2T —IZ
B3hbd. ZOR, TOEIHMESBHEIN DB LY, EHY
BOBREPEILD. LKL ERE T, ZOREBE
i EEICROOND. ZORER, ZOESHEEBHR &S, &
S EROBIREIMEL 2B,

UGS L TERIRT RS, R PR B A SUEAFZE R, D H
HX B 3-8-1, E-mail: bpmx3ngj@gmail.com

ITEVFERRCIE, i 2 2L LT, SR RRL250
AL 53 AT DD H— 5 2 JRINSE 2 08 i B PGRE A FE ML, Z o
R RRELTZ.

2. ITBHXRER
21 BmE

43 4 DR KRB AE DN IR SN LT (Fefin : M =19.79,
Sd =1.88; PEBl: etk =194, Btk =244).

2.2 Rl

97, F-M A & JC TR 48 [Fujisaki et al., 2018](ZH#EHLL T
VERCLUT-. & 243 AT 1%, Amazon OH D & [RIFRIZEEME A HE
THRIN, FHEOEII AN —DORESTRENS. S 10 BB
WCRRE LT (IR, 10 28 i) 2L T, — @ik, H—
DRSS BB DR 0 AT DT % 20 {EIERKL7=. REAMD
SEYETE, Amazon DIEAZZEIZ, Wb 10 BePErh 7L AL |2
WELT. 728, ZORMIIO SR, & 53 #LDIED DMK HE
FOHEIZ 0.5 @, EOBORIREL TUE, 1250 &7,
DEEDARFEAM, (FEA L7 OFEAM ) HDAERLSND, 52

Fol@RIv AILEFIFEGEC, E550RERELDEVELDEELTIE2L,
L 2= 1 AR~ 1 OV BT Y,
BEOARCHIHTE. LEL—BEHSHULTVFEY,

By L HEREOT7TY
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BEDOLAT 4 TP ARTHLL A BD J-shaped[e.g., Hu et al.,
20091 EIEN DL DOERA L. £, FHl A OfLE 2 —
L TlE4, 20, 40, 100 DAREMEAZEREL, ~THOMRLE 2—
BITFTELT.

WIZ, BRd D04 % S T8 Lu etal., 2016IZYEHLL T
PERR LTz, 92D A7V — (i : B (2 C, A 1o
Bl : a3 A7 =), ERMEEL1S (B FFa A2 —), At 18
DR L4 EF) T Tz

2.3 FE

ABINE B TR R IGREE T O (M 1) . PC LIz
Shh EREM Ay A DT B R L, B e W A RS B
JEIEA 90 A T25720, 18 (H DG a4 35[0 3D BoRrES Tz,
2B, KT CRRINDFHM AT DT, BE 4 O oA,
BERIEDERIFIBIMEZ LT~ A LT,

Fiz, EANZ 200 pF STl 7= 07 E A 5D, RIS
WO THD | ERET DI HR LT,

3. HER

ﬂs;'ﬁ%:l WORULTZ. ) 210, S OAME (RIS 525
HZB T AE SR ORIEL, ZMEZ L7 ayhLizb0
THD. %ﬁ@ﬁ*% IAEY, B CEMAMELLE &R
BPCRPERBICE NI ENHLINI e o7 (¢ = 3.80, df = 42, p
<.001). F7z, hFEFEEL T itlﬁzf“@%@ﬁiﬁ%; iz
(Cohen's d = 0.58[Cohen, 1988]). 7233, /0 HLDIEIE D -
¥fEig, @‘%{ﬂﬁ'%ﬁﬁ’lﬁ&’&L:?L'\’/XI//\}I/%?J:IEIO“CPL
(&I = 0.60; FEAME = 0.51). Ziu, @O D7)
%, RSl mi<E befj_&bf%é&%x%ﬂé.

Fio, LB a— 8O, JATHFE[Fujisaki et al., 2018]&
FERICBIE SN e o Te. BRI, Ve 2 — B BE SR,
BINEZETH LERELTZ GLMM (378 R O Ime4 &4
ﬂ%) XD ERMREEIT 12825, BiE - EREOWTH

IZBWTHERIRO TR T dES Ve~ 7 GG v 2(df =
3)=3.44, p=033; FAME: 2 2(df=3)=3.12,p=0.37).

4. le.\I:l n_j.

AT O BIEEBEC, FA-DId M A OE B2 K&,
MOTFHRIZATTEAHINT o2, AFETIE, L AT 47
T ANMCIT B A7 & A, R OMEE R EI LT A
DERDOIEROUNNZE 2 DB MG LTz, EDORER, 7

D EORHE A2 OW T, BIE N —ADOTHE 2SR T,

FEHAR—2ZDHEHE AR T M IS BTN T <DL
BINTAeoTz. ZHU, R O R 53 AT 23R D B DAREF A
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o
~
o

o
w
o

SHRRE
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o
)
o

0.00 EARIE =R

X 2. EBALE

WZBEILC, LR ORI AT =X LM\ T2 ThHEE %
HD. ET, JEN AN —ZADH B ARG T, AKFHT O R
RNV E 2V —ZmESniz. ORGSR, ZOMKGH EHES
NDIELFET2D, R B OBHREEN EL< o7, ZAUTKI LI
PETIE, ZORE D BIRISRO b, fER, £ OEFHEN
G CE T, S0 OIEIEI R AR e o7,

SEATAIFSE[ Analytis et al., 2018]23 i L CUWLDEIT, AL
NDOBERAEDIDNTIEHT 20543228 7T, %@Eﬁ%&
IR T RENITDOVWTRIBE G2 DT LN TED. AWFEDH
ROBHEALEH LT, LAT A2 7 HAMIBNT, EE
(FEH) RN—=2ADWHE ARG TIE, & (K 53 BoOFHL 53 76
ZRFOLDEESLINTHERE T RETHD, LWV ZENFTH
Z"Lé @ij /\z))ﬂﬁ}\@‘aﬁ%tj*ﬁsz‘é@ﬁ %, iy
%D»uiﬁ'é%@%ﬂ,ﬁﬁ SIRFTTHILEEL T, Ax 2LV HE
IHB LT | CEDLAREME DS,

SE Xk

[Analytis et al., 2018] Analytis, P. P., Barkoczi, D., & Herzog, S.
M.: Social learning strategies for matters of taste. Nature
Human Behaviour, 2, 415-424, 2018.

[Cohen, 1988] Cohen, J. Statistical Power Analysis for the
Behavioral Sciences, 2nd Edn. Mahwah, NJ: Lawrence
Erlbaum Associate, 1988.

[Fujisaki et al., 2018] RIS « AT 54— - fill FH— 18 T/ HdR) o
i‘ﬁﬂb? KUTTR DI ﬁ&%%ﬁ@ﬂ%?ﬁﬁﬂﬂﬂ"?ﬁ“\@ﬂﬁ

\ZH-2 058, AAMS DR 59 BIRSF K in UE,
89, 2018.

[Hirschman and Holbrook, 1982] Hirschman, E. C., & Holbrook,
M. B.: Hedonic

Consumption: Emerging Concepts, Methods, and

Propositions. Journal of Marketing, 46, 92—101, 1982.

[Hu et al., 2009] Hu, N., Zhang, J., & Pavlou, P. A.: Overcoming
the J-shaped distribution of product reviews. Communications
of the ACM, 52, 144-147, 2009.

[Lu et al., 2016] Lu, J., Liu, Z., & Fang, Z.: Hedonic products for
you, utilitarian products for me. Judgment & Decision Making,
11, 2016.

[Sen and Lerman, 2007] Sen, S., & Lerman, D.: Why are you
telling me this? An examination into negative consumer
reviews on the web. Journal of interactive marketing, 21, 76-
94,2007.
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Nudge with a forward posture
~manipulation of a decision-making environment will enhance willingness to change one’s attitude~

B K AH FH
Masaru Shirasuna Hidehito Honda

ORRR

The University of Tokyo

R &

Kazuhiro Ueda

R e SN

Yasuda Women'’s University

Based on previous nudging and embodied cognition approaches, we proposed a new type of nudge: manipulating people’s
body posture by changing a decision-making environment could lead decisions in a certain direction. In this paper, our purposes
were to investigate whether a forward posture really affect decision making, and if yes, what types of decisions could be likely
to be influenced. Through two behavioral experiments, we found that participants’ forward posture could enhance their deci-
sions, especially willingness to change their own attitude. Our findings will provide an opportunity to consider the design of
the real-world environment and artifacts for leading people to their predictable decisions.

1. [FCHIZ: B ISEB L=

IR, NHOITEICEIRE R e 0 MBS FELLT,
[F>(nudge) | OWFFEAE H 4L TV B[ Thaler 08]. —fi%)7e
FoPOFiEELTE, HEIROHEE (choice architecture) | % 82
EFT22ET, BEREEE(LSELLDLINTET.

AHFIETIE, BERERREABIET 28I
VOTTu—FEEELZ. BRI, BREEICE> TARO
”ZIS%“J?AL: SR HTET, BEEREOENERT T T u—F Th

L. AR FEOS U, DRPRIEE Bk iE L D BiE IO
TRE, #HimSh TR, FrE O & AR E DO IR B A
TEVHIL D BE WS T B (R PEGE 41 (embodied cognition) ] O AFFEE
% <{F1E9 D[Ackerman 10, Bargh 12, Strack 88]. SHIZHTAE,
FEBEO KT T TORES H (BRI, HRATIRGE A0SR
AT 7 AR T DI T, TRIEES) o R e,
PERINTZT T AR T HHLE LD, SRV RIES LT
é[Honda 16]. —f%iZiE, TBLERZIRLU7-(ODAIREE) )N D, AifE

(7o To(F AR EE) | VOB IRES AT AS. L LEIR
MRS DM A Ex D8, TRTME(E ARRE) DS, BLEEGD
HRRRB) AR L2 LV OO BRI ES LS. T2 5, AifE
EVHIRBZAEV T 2L C, FEEDEELVERRELEED

AHLIR.

REE BRI EL 2B SITIZ7EL LT, [AR 18] T
JEETE A HIT T JE‘/‘?’J‘%?(EMFH% FEMIEL R IR 2 AT
B FZERD, JEHEIZITDE ) OB LHAET T ICE LT
W2 AD TR, ?&ﬁ TEPIVTWE ALY, RUT 4775
ﬁ%ﬁ%ﬁbﬁfﬁaﬁ%ﬂbﬂ\f:. LRLZOWFIETIE, IRD 2 5.

BOTHERH-TEBEZLNS. & 1 ORI, [E1) 18]

EE’%%&%L’CI] eI, RFETT iﬁuﬁﬁiﬁfzﬁ“ﬁv\blﬁf
DR T2 AT fé’(&ib'é SEBRIT, BTG F- (2 - T SR

SIMENEA, Eﬁ@ﬁmﬁs%auﬁ BT bl Tt
otz FDID, i 120 Tk, IKR8E 45 I ET&E T
WRhoTo B 2 HiA. 05 2 oMY, TSR

BUBEEOEST =2 N8 Tha. IEiRb, &
I DRI A TV O ICRITE S 22 > 7= 7T E

WSS K, BFIXK PR PR E S 7E R, T 153-
8902 H R # H B X B #3811
m.shirasunal 392@gmail.com

PERBHY, FEERBRBE (R 1) ASRHEARZZED L T E 5
[COWTIEIIMNERNWZDTH D, BRENMABEERIETE T
T2IE I EREET D700, R IGH 12 2| LA
ERTHREIELEZBND.

TZCABIE TIE, ZINE D HESEICAHEERE 72515705
SRR AR EL, [REEBAGRE \Z3 1T D m O 1+ 7 43 A 2 )
ETHIETINTIBFEMIIZE), E5FT 2 >OME A2 TGS
L. #DHZT, F%ﬁﬁx%ﬁiﬁﬁéhtﬁﬁfﬁﬁi@ﬁ FEEDRE
FIREEET ], F2OREIIEDIH7E Bk ENMES
NDDON D 2 %‘r*ﬁuﬁa‘é_&%a MILZ, 1TE R 2 I L 7=

2. %Eﬁ 1

WZEVEL N TR N B IR E I 5 2 BB DN,
[EIEJ 18]@%%fﬂfﬁ%{@rﬁ%ﬁ/ﬂﬁumbt. BARAITIE
FERBINFE L0 f FENCHTBA A 72 B LD 72 IR ER B A 5% 0
L7292 C, (K8, TEREBRAAIRE ) W2 3510 5 8 i 0D B0 JEA >
DIEFRLI. TDOHIZT, ZOER 1 ITHTZIZSILIZSINE O

B &, [ER 18] NEF REEE | IZED Y To-2 3 OF
B LT,
21 A&

(1) =EERsmE

REEEN6 £ NFBRICB LT, 95 84413 THY, Mage
= 19.6, SDage = 1.75 Th-7=. AWFEDER A K-S\
SN L Ch o7,

B 1. FEEROHEED 10 EORHER 7B I OEE O E
0 EOBERTFR). Wihbarzagkattal
(https://www.kokuyo-furniture.co.jp/manabi/product/campus up/)
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# 1: ZR 1 THWCREOBEL, 20K

FE | RET—~ S IR (BHERE O f5 5R)
1 e te i Em B2 | Rt 28E) &, [0 Mtz L=< 2v— | Kot 28RN
i 5§ 100 FEF IR L=V ThIET 5 =1
2 A MY | MEGHEE CHEINTAT B 7TV T O & G, K0 T ED
i ZORHBO OO EHE [01—1 771 CREES S
3 HROBTEM | Ho#monnBFEMIT EEROAHER | VeFh, TOEG | L0 [k OkE
5 ZAE [ZDWT 10 IEFICKK—50 £H 5 TH2R0—100 FEFITEM] | 27T
TEET S
4 Joct TR RE (5000 A% H2 EAFICE D HET D5 EVHRIT, BT | EVENGHTLZ
10 3 Y ONEAEE Z T AND DED, TRENEET 5 (H, TS
FHF) = (2500, 2500), (2750, 2250), ---, (4000, 1000 H)

R 1~3 TlE, ZI031% visual analog scale (VAS)Z VW CHIZZ L 7=,

(2) ERRESIVEE

SN OIREE LR FZICHMBIC 5728, L FD X575
BRERBE AR E LT, SINE L, VEHASATITIC 10 B TR 1
(142, LR TREAG -1 PRI E S 7= Fi T D RiTIZHLOD
JEI2>5 30em BEL 7= &2 AT, SHIZ, iPad LD 15cm B
L7zEZAIT, TNENEE. ZINE L, fiBX 0 iPad %
EBRPIZENSIRNIDNCT DI EEHUR LT, e, eI
SN DL DO E ZIZEOEDNT TODNETEDND DT, #H
FOEERIZITHER O — e —2 8072, R, 10 7
TR, FEEDE S5 AR S — R — SRR S U
(3) ERZFELLIUFHE

[ 18] &Rk D E B EHE 4 AW BRI
ERIOMGEAEE 1R T . 21, iPad iRIZ T, FREIC
B L7z, BTOBME L 15 5 LANICEIE 2/ T L.

22 #HREBIUEE

WIDIZ, FEBRERBIN LS INE ORIEERSZE HE Tz
MEIMEMER LT, BRI, v —h e —Z5eEshie
ENSAGICIESE, FREB AR I8 2 e O HLO AR A S
BT TR L, & DR ORI T BV TN 0%
R LTz, v — M — 0 B OFIFAIE, 517 M3 1(ED)
M5 30(8)ETI, EAFHNNE)NS 24(45)ETITho7-.
(A 181DBME DWW, BB AR ORI BT 5
FOHEEDO T REZF L5, 13.95 Tholm. FZ TR
WFSECIE, ZOfE%, FERO TR | BE N4 )7 14501 ) B M
JEREL L=, EBR1OBINEZ 164055, v —her P —DF —
I D-T2 2 4 % B 14 212D T, PETH O B JEE %
BHLIZEZA, TXTOSIED, LU 13.95 X0 AT
\ZHEOEDTTOEWM = 9.71). ZOIZENE, 4 R0 FEEREET
&Y, ZINE ORMEERSEZ Y S =EE 2 bhs.

e T, BB OE N LD B E R ORI A L L 722,

FEER 1 OBIE 16 400N T-T — 2% [RIERE) SEEL,
Felst 2 LT, [ARY 18NN CHBH RERE | 972 b b ELE
T D% 5 (1A% 7 T D B R DS, FEUEIEAE CHhD 13.95 &
DREVIITEWCWZBINE 16 40T —X &A=, Kif%E
DEER 1 TlE, 20 16 AZ=TWFIE EERLZ. MERELT,
PR (IR R AR 2R W T, BIMERE S F A

VARRETCIE, 2o TRiHERR (X 1 78) [ITxL, B OB E A
0 FEDEH Of (55 2 THEA)ZEHERT-(X 1 H) &%
LTS, WO barakk AE&tt il cdhy, (A 18]T
AWSi=b Dl —Tho.

OMCAE BB LB, BB 703 ik, $& 5 B3
T2 (X 2. B 1: W=83.5,p=.096,d=0.29; FimH 2: W=
121, p=.801,d = 0.04; 3R 3: W= 147, p = 485,d =0.12; iL/E
4: W=94.5p=.753,d=0.06). BIMEHEEEHHEE DR CTRIZIC
FENLHENTZZEND, BHEEVIRES, BRI E D72
LT RELE 2 AT ENRESLS.

T, BfEAENT, BARRICE DX s B e I ss 5
ZHDEAI. A EMERN RS lgeste (B B2 5 i
W, oo 3 FREELER LT, tADT=OIf 0 EITEHET 5,
FThbbLI AFOEREZEZIHETDIEEEKMLCONDE
EZ BN, T TROERR 2 TIE, B E B e i E A
R FEiL, 20 mAERGEL.

3. XRE&2

FEBR 1 OFEREMEA T, F2BR 2 T, AEESESTAE O
MBEAAEZIHET DR ZR T EINIT OV THREEL7Z.
BRI, T N OHEE 2 & ORLESZ I ANDD | B WRGEd
% advice-taking #RH[Yaniv 00128k LU, RIMEARZRBIONE
RSO CHIZAE IR LT.
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2: SR 1 OFER. ESANER (28 1 03NE), A
PBEHE (A 181ICkiT 2@ IR DEZEEDS
Eiik g

PARMIETIE, T —ZICER DR ERE TEIRN-oT27280, 2
RER D IEIZIZ T R T/ RTAN IR ED —FETHH [~
VoA vbh=—0 U W & LT,
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3.1 A&

(1) ERSMELELUCEH

REFE V0L NFERRICB LT, 95 4413 ETHY, Mage
=20.7, SDage =2.16 Th-o7z. FHr 1 LIRILE, AFsLoFEERA
IR S OZBINF T Ch o7z, oL T, EBR 1 0
FKERERE (iPad ZALOEAS 15em, AIER T Z2HLOHS
30cm, EIEIEET)ZTRIME S, (AR 18]I T AT
B D IFEBRER BE(iPad ZHLOTEAD 10em, 185 k-2 AL IE)
© 10cm, EALENBET)E B L & L7z, BEHTL, 54
TODBNMENT L Z DZE S THNT-.

(2) EREFEE FHEHBIURER

MM NDOHEEZEDREEZ T ANDD R DFREEL T,
[Gino 08133 U Yaniv 00]? advice-taking Az LREL 723
Rz, BRENE, TR Eo kRS, WIEMEICRI -7
MIEREE T D AMERE CTh o7, ZME X, BoRdshi
HISR (B 7 AU BB T DUCHR I E S OF 2K ), THER- T
B S DFRE DNTHOWT, TZDH RN Z -7 JHJE AR )
BEON95% DR TIEZA NG ENHEEIHFA(TIRE LR
ZEIET DIk, &L, HRORESR 5 BllsEOH
KOS 43D, 3 9RITH-o7-.

COFEBRBEIT, 2 0D T7 = — R DER S, 1 T —
AL FEBRFHEICEmSN, BIET 9 SO HRFEOHBE
BLOHEFAIZOWT, (MRS 8 & THEETo72(Z0
LEDEEE I WOHEEE | LR T D). 8 2 7= — XL FHEHR
KEICFEMSN, ZMEITE | 72— RLRICHEBEICRZ L.
7212 DlE, ZMEITIT M N OHEE R | 28 2/ RSN TRY,
SINFNXZOMEESRUBRNOLFE, HEEEZITIZENTET(Z
DLEDEIEAT2 BB OHEEME | LERFLT D). eds, 2ol A
OHEEME 1, FEEIITERE I ARSI iLECh o724,
PEELT, AMERED A, BE LB M A OHEEMEE L=
FANBEEFETEO A, LORYIOHEEMEIZEBL LT )
EMT SN

32 HRBLUEBE

WIDIZ, FERBREENDBINE DIEBA I ETE TN ED
MPUITONT, B 1 LRIBEO PRI C LR L7z, SRS A
BElC B, RERE, @5 BT DRI 5 10 0O B D EEE D
SEEEITENEN 8.88, 15.9 THY, BIERED T NVE B ICHT)T
ANELEENTHE (W=0,p<.01,d=0.84). ZOILH5, 5
BlOFBREREE, RBE2EIET 592 THAITHEEL T\ e
EMEZ LN

BEWT, B R D M N DOHEEE ) A5 1T ANNDFE E AR
FEL7z. HIEFERELLC, [Yaniv 00]12J% Weight of Own Esti-
mate (WOE)Z A L7=. WOE | Z[| fli AOHEEE — 2 [ H D
HEEAE | =+ | NOHEEME — W) OHEEE || CERSH, T
WOHEEAE LA N DOHEEAE A2 5 ) 73012 [5] A OHEE A
[ N DOHEE B I ET A OHEE (B I FIIAL 3% ) & & 15
FHEL72D0. WOE DENKEWEE, [B & ORAIOHEEIZ[E
L TWBRRE DN @O ZEEERL, AOHEEENHEIN
U N OHEE S 1T A2V ) E1E WOE = 1, S821fth
NOHEEEICEDETHA1E WOE = 0 L7025, BRI O
HWFHEZOWT, 200 WOE OSEREA L7222 A, AifERE

S T — AL 2 72— XD T, EBRBINE 1T EER
FREHICH AL TV, ZRBOFREEED T, T _XTORI
F, 30 4y LINICIZ R A& T LTV,

Y = A OV, BEYER A = 50 OTEBL A ITHEDEL

WOED 7R
3:;‘ \._.\I P—/
EDSG
gﬂ.m
Forward Normal
Condition
WOEZ FfIT ZEBET IV
hSrE [l P AR (Stepwise) T O AR K
il 0702  <.001 | 0.707

FREET (A 0.178 <01 | 0.180

HYOTfS  -0003  <.001 | -0.003

HE&ofidt:  0.001 146 0.001

AOERES  -0012 270 T IR )

A O 0.003 <05 | 0.002

X 3: EBR2DER. LS T 7T, ENFMER, A
PEEHORIBMEOSmERT.

DI A BRI -T=(K 3 b5 W =709, p < .01,d =0.30). =
DZEND, BHERED T DM OHEE I Z 2 AT EN
ML, HFFEN T2V 2D,

LS USEATIF4E[ Yaniv 97123\ C, —fRAIRRGREIC X975
HEEDOBRIZIE, TIEMES (accuracy) | & [ #1%: (informativeness) |
HEBERER THLIIEDNEmSIL WD, A EIOFRETIE, 1E
e, THRF D Z - 72 P AE okt 9- D e s B L
DRRFE(REWVIZE, EMESIZZLUV)THY, TEHRMEETNIES
DNEFENDEEIFPH O RKES(REVIEE, FFHMEICZ LW
Thd. £Z°C, [Yaniv 00]&[FERDENFET L), WOE & T
WL, BARAIZIE, EBZ 5% WOE &L, T 2880 I 58k
BREE(AMEEIZITE ) DIED, THHE OIEMS(| B4 — &4
OHEEM ), B OIEHRMEC| )0 FIRE — R ER
), M ADIEMES(| 1EZ — i NOHEEM )], BLOh
ANDIEBEC| A D NIRE — A ERRE )28 AL,
FERELT, 2B 4 SDOMSIEFFAEL THE, [F5ER
B ORI FIZ WOE 2 THIL72. 512, [Yaniv 00]& [FIER
D stepwise |ZLDEERINAEHELIZFER, [HEHOEMS],
[BHOERME], TMAOERME NN T, [ RS bk
RENTo. ET22OBEO I F S 11281 2 IEREREE O Bl
REUTIEDE(0.180)2 R L THRY, WHRED T MNE H & DR
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IHETOF VBT, BIROEERLE R E RO [Yap 13] A. J. Yap, A. S. Wazlawek, B. J. Lucas, A. J. C. Cuddy,
ERAETHZLT, REOBERREEZRTLOTH- T and D. R. Carney, “The Ergonomics of Dishonesty: The Ef-
[Johnson 03]. =IO E RMERIAFIETIX, REMRRIZ, FE fect on Incidental Posture on Stealing, Cheating, and Traffic
i DJE 153 40) 76 N O NETRREE T HIL 720 [D’Mello 07], Violations,” Psychol. Sci., vol. 24, no. 11, pp. 2281-2289,
FEHFUCB W THIRB B E D T A% ERIT L2 RIEBL 2013.

7=0[Yap 13132608 AHND. LInLAWIZED LI, Blid
BYEL CIRBE A 2 D2 L TRE DB BIEEIETEV), Wb
XBRBIC DB B ) WAL T vy DT T a—F I,
Fex DEBROLFEAELIR. ARBFSEIE, LELWE R E 2L
TIoD, BESLCN IYMOT AL 2B 2 HBIELR BT EN
WS D7259.

5 BiE

RBFRIE, FARE byt Atk L O SRR LT
Wi, E1e, AU — MRS D 4 R (15 3
2RI, BB 0T AREDEICENTERAT A%
TEWV-, ZZICE AT,

SE XAk

[Ackerman 10] J. M. Ackerman, C. C. Nocera, and J. A. Bargh,
“Incidental haptic sensations influence social judgments and
decisions.,” Science, vol. 328, no. 5986, pp. 1712-5, 2010.

[Bargh 12]J. A. Bargh and I. Shalev, “The substitutability of phys-
ical and social warmth in daily life.,” Emotion, vol. 12, no. 1,
pp. 154-162, 2012.

[D’Mello 07] S. D’Mello, P. Chipman, and A. Graesser, ‘“Posture
as a Predictor of Learner’s Affective Engagement,” in Pro-
ceedings of the 29th Annual Conference of the Cognitive Sci-
ence Society, 2007, pp. 905-910.

[Gino 08] F. Gino, “Do we listen to advice just because we paid
for it? The impact of advice cost on its use,” Organ. Behav.
Hum. Decis. Process., vol. 107, no. 2, pp. 234-245, 2008.

[Honda 16] H. Honda, R. Hisamatsu, Y. Ohmoto, and K.
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The problem that autonomous agents and humans cooperate to solve one task is one big theme in the field of
Human Agent Interaction. We are interested in cooperative agents that improve human plans naturally not just
assisting human plans. As a situation where such an agent is useful, there is situation where a person and an agent
have only part of information to achieve tasks. We developed a framework of agents that cooperates on the premise
that humans and agents implicitly communicate information through actions with each other in this situation. We
formulated the target situation as a Human-Agent Team problem and developed an agent planning method for this
problem. This method is composed of two parts, the model that human’s predict other purpose and the planning
algorithms under the models, which are realized by improving existing methods called CIRL and Bayesian Inverse
Planning, respectively. We evaluate our method through participant experiments that humans achieve simple tasks
with autonomous agents and confirmed that our method has good performance of collaborative work.
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To determine the display timing of driving assistant using Nudge
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In this aging society, to improve convenience of electric wheelchairs is an issue. Especially how to adapt automatic
operating systems, which has developed in recent years, to electric wheelchairs is important. In this paper, we
propose Mizusaki system, a screen agent that informs drivers gain changes in an electric wheelchair with automatic
gain adjustment system. Mizusaki system, based on the Nudge effect, aims to improve operability and safety not
with directly teaching how to drive, but with presenting surrounding environment and internal information. Since
Mizusaki system uses a screen effect that is easily recognized even in peripheral vision such as vection and color, it
can attract the attention of the driver even while driving, and expect that it will not request gazing at unnecessary
time. In designing Mizusaki system, in order to investigate the optimum presentation timing, we conducted an
evaluation experiment of the system by changing the presentation timing. As a result of the experiment, we found
that when presenting at an earlier timing, drivers give better impressions.

1. ELC®»IC

BT OBMEE BT 2 ER L ET -V v ML, &
HREFOBREIM VRO SNT VWS, T—Y ¥ hFHEZHED
L L B IC B D & I IR R 5EAS LT
Bl - RO LB N TES. Fi, EEHIEP
BEEMRA L WV o IEIE LY AT L L MARDED LT
HHEE & VAT LADOEEERZFGDO D L VoI L EWEETH S.

MR YT —Y o v OREEIZE L TIE, BRICHIER e X h
T\W5. Tanaka 5 13 O FEAMAMEEIEFRE S & @\ R
BH & U, FHIAMER RS B SR (285 15 & 1E 8
REBFHEEE2LMALTVEDITR U, FHIiAE WIEEAIZETE
W% % <i7oTWas Z &R U7 [HF il 15]. =T—Yx ¥
MZBWTH, HlgEIZ T e 2 BlRfTE 2 RET 2 [
DN [Sunstein 14] (IZHED W E 2T S T & THERH D
iz SO oNBDTIHRWNEBbs.

F v VRO [V F ¥ — K M 09] TIE, ADBRITEI~
NAT 2L REDITRNTHFA VAN I N TS, (RERD
PO DRI &0 o 75 TH & HNT, ADBFANA T A D
B o Fy VROBFMEEMBHL TND.

—J5C, AR &3 2 H i BRI DI T B D 1
& 575 0 MG 2R < BT 5T CH 5. MiiETIR
ETREO TR DI TADNREY Y ZEMEL TH O, ERHTT
W ESRFATEID TONT WS, T -V Y ML 5
IR FEZ DB, ADTFROMIIZNALF Yy Va2 b2
L5IENEETH D LHEZD. FHIAR T, BEMICH kT
DIAET A > % B0 UGS % HRF [Furuya et al. | (2
WXL -V VN 2EATEILE2EATED, HGTO
HE AT A VB Ko THEL 280035 5 A Filll & Hif
TOBMET A VDAL ORI F v VB ER VDI e TE
5LEZTNS.

ARCIE, BEIERICEEAANT—Y v b ERERL, K

MUK e BN, BEREARY P MR LR 5
HZEE, MAR)IRBIETHEEBILK HE 3-14-1 26-203,
enami@ailab.ics.keio.ac.jp

I & BT & 72 JHR DL & BERE & 2 MG R % (=
#ET 5 Mizusaki Y AT LAZRET 5. Mizusaki ¥ AT LT
i, BENEEFS WO EIETIE Y AT AL llAGbES Ik
EREL, HERAGNPRINIBICHENELMT 5L e
WEEZNT Z2RERHLO0] LWSHBE X T Ly Mk
WZERREINFD =Yz v M DHEEEFIEET 5. Mizusaki &
AT DFEEBRE & U CHAMZ Android X 7Ly b &
LTHED, R A VT A2 B e Ui\, £72, &
FEIZ & BT 2 MDA iz & 2EMET 5 /-0, B
DHBEREPE A2 WERBIZB W THEZR S Z e’
Hks. BE PP OZ T ELHEEIZE W THRBAL X T W
Zems, TV rbE IRZYvay) & g ZFHL
TEEERITW, P TR A & B2 HAIN S & 512
RoTW5h.

>y VMR ERMMEUZEEX T -V v FORMANTICE
W, —DDEBERERD MEFEROBHIRAIVT | ThHb.
YR T -V M R oDOBARA IV T2 T LT
BHRFFDOEIET A NI T 2 AND TR EEBIET 5T RN
BonsdeHEzond, @iEFzo—Y oy 2o RIEOZ1L
EHEINEZONDZ T, BIEELZ{LIZHUTAL—X
WHIET 2 Z 2N TEL. RMOELDFl & LT, B0
T DZAL, BRI DAL 7R EDEIF S5 E. BRIV
THETESL, HEWVIERTESL Z L IZEIRED A L — Xkt
IELET Z I 2IIZm 5. nER S, BT E S EAILERE T
Lo THIGT 272D+ 4wl & I RN Z L IZER D R
T E L WANLEI D S AL £ TOERFERE 2 BiRREIC
M3 Z eIl ) REREEAZ2ENTCLES 2O THD. AT
1% Mizusaki ¥ AT L ZMERKT DI12H 720, @K % 90 % B &
HEIEH OHIRIZ DWW TR U, Bl R i 2 R 5.

2. Mizusaki ¥ A7 A

Mizusaki & A7 A&, BEE) s 1 & OB HR T OHT 512
WO eNnz27 vy NTHEfES 5. £ 72 Mizusaki ¥ AT
Ld [Furuya et al. | IZRESNEEMET 1 VIO AT L L
HEEL TEESE S 2 L 2Hifte LTWS. Mizusaki ¥ A7



1G4-0S-13b-02

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

ORI, 71 VI AT M K o TET BT A v EE
{LRTICHEEF BT A 2 e TH L. WAL B TEDT A1
YOLAR)V] o [ BT B O 2 DO S RERRE
N5, Zhick v, EBiFEOT A VIREY AT AADEIG T A
bE T, ElEZA ETEZ2HME T 5. Mizusaki Y A5
L OB % X 1 12R T,

X 1: Mizusaki > A 5 2 0D i [ i sk 44l

Wl &M 54 7Y x 2 b, BEDEE B RO & > 2R
+3.

1. ¥¥ 77 %—
2. Ry vayv
3. REHL

4. Tt

N7y ayROEEOE 171 B2 28] oy,
FY I R=JROMEH UL [BEFEDT A DL RV %
BHIT A 7-dI2fibg. TNTNOFEME L NIZE#HKT 5.

21 Fv3045—

W RIZEFEET S, AJED 3D EF V2T, £EFLICIE
Unity ® Humanoid avatar 2VEAINTED, T=A—T 3
VHNEF T E A, ZIRGTIERE A FRE L TIEMRES ® 5 Z L A3A]
BETHE. RRENTWVWD T T IVIEFIRELH (20 B % [ &
HEEIZE R > TES T A=Y a VHAEAEINTWS. %k
2 EABERE DRI IS ER LT D S5, TabbF v 77 X —
IZE o THAZMK Z LT, #EF BRI &3 B L HI
585,

2.2 Ry 3v

XY IR —DF, EoTWBIRIZHZEHNIIRRS N
BALSIRDN =T 4 ZVOEEEIRT. XY a VIR HEE
EEZDBIETTA YO ERIT A, S5t B LT
MEERD. RV avONHHEEE T e S EEZ &
T, EIRE DNLE - I8k % BRI T 5 Z & 2 HIRT.

2.3 REHL

XY I R—DEFIIMERLERRT S, HHERRINT
WB DI TR L, BAERED R KR DO AFRT S, IREHL
WAL FE DO WS T & 228, ARz Wit alay s
FARPRELTE D A TRV TT I v IhTWnb
L INDHAREDOREE#SERAT 5.

24 EBHE
E EAOMEENMIEEZET, 71 O EENTS.
BT -k RO 3 EEHVTWADY, 21U [Sakurai et al. 02]

IZE o TRONMERZSEI, HHI LT Wiz # R 7.

3. FHMZEER

AR Tl Mizusaki ¥ AT L DEHIEEREIZ B 1T 5 HodE R g R
RA IV T HGDIZDITERBREIT o7, Mizusaki ¥ A5 L%
BREA IV RBZTCELU-ER T2 ICED ERT
HE50, RERIEREAA I VI RFHARD.

3.1 ERRIE

AR CTHRET 5 Mizusaki ¥ AT Lk, 7 >~ HEHEEEEE
N E BB R (71 VIR T) ICHET S 2 & Rz
LTW5, ZD7d, KETRT 1 vHBERIcBEL T it
2R B,

A VIR L, FOABE, F 72 @R O RRE, H
ZWEN SRRV, EEEIZE o TRETHEIELY T
WA T TR DR UICHHEE T B ERE R 5 U /- T
HfsFE2ET. 71 VIEEER B W T, BEIGEEE ORF
DV AL AT Y ZITTTbNG. Ty el YVat AT 14y
TDATEIZH LU TENL SWE—R—2FDTHDET
bHb. VaA AT 4y I ERFALZIET - EDOBEIERTO
W, 7 A T B, [Furuya et al. | TRV —¥—L v
VI7A Vv R—a—F =DV aA AT 1y ZEIEDMEH S
TAVEFELTNS— 4T, ARTIEEBRNDOFEZ R/NR
IZHDLERL, HoPLOI YV I UETXA Yy TADS
HMEFSHARELTWS. M2 IZAEBRCHERALETS A vy
TERT. RTRINFHPEALT A > 0.7, T TR N HiPH
NTrA V1.5, 855 THRVEHFENTY A 1.0 TH 5.

B2 Ay T

3.2 EBRREH
AEERIE 20~24 IO B WMESMAE 10 %44, LESNE 2 £
12, Mizusaki ¥ AT L% B LU 7-BHFHH T TENI -2 %



1G4-0S-13b-02

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

EOoTHESLIEWVWIHLDTHS. I—ALITIZTHEY, V7Y
T, BEY . Wo 27 VR RIS ERBEMLEL, FF 10
mDr A > DOERHE, TS Mizusaki ¥ AT L O@HID
HKET 5. RMEONERIE, TR E2HEL T T > HEEI
DTVWTARKEZ T WS, 4 Ffh13,

o R -3.0 B
o PRI 1.5 B
o f/RINH 0.0 B

o PRI +1.5 B

Thb. BRERIE TEEIZT A OBDFAET B E D
#| TRUTWS. TRbLIRN-3 I 1 V22T 3
3 FRTIZ Mizusaki Y AT A TOWMEZITS Z & 2KT. EER
SN Z L IZ B O R T2 ML, 514 [ a— A% EFTL
THEoo7 FERBR LIRS TV — b2, SNEBY
2T MR U THWZEIR 2R,

3.3 R

K327 r—MEROT I T E2#HES

TR T2 B A2 K U 72 ) THRF 2 NS fIn 2] RS
FTRTOEMIZBEWT 3.0 W RE LWVHIRE 5 Z +1.5 0
BEEBVWAIRESZTWS., [HEFFICZMNEERNZ) 1I2H
WTH H1.5MBRBEVCHIRE G2 TED 0.0 ,-3.08-1.5
BN T WG, [FEIERERRTE XA I V7Y
THhotz] LWSHERIZR LTI +1.5/e-3.00 +150
0.0 BOMIZIZERERAENRH 7. [FERMEETES] &0
SEMIZH LU TIR,+1.5 B E-3.0 BOMTHERENRH - 7=

3.4 ER

2HREEL T, IRT AR & D BIFNIEE W Y, iz
FIZRVWHS RS ZTWS Z e bh oz, K27 1 V&L
U722 175 +1.5 B2 0.0 Bz L Tix, T TItES
WrA VDB EH>TLE>TW2d, T—Y v MR
REHZLTWRW] 2T5aAY NP EESFESNZ. 7F1 Y
OEACANERIZ T 72 APBVHIRZ 5223 < Rz
A UNEAT B EVENCEMTE S 5%, LY IUDEL Fill
AR VY VT RITD VAT ANRDSENT WD,
SRIOFEERTIE -3.0 B & b BTICEEI 21T 5 HE O EBRILIT
blahotz. UL, SRIOFEROFER,-3.0 BB Uhmd
BN TWAIRREFZ EREIN 70, Rl iR E2E5
72D IE-3.0 B E D ETNZEEA L CTHHFARBIBEDH B, 727201,
& VT OIRIEM 2 EB T 5720121F, L W ELHBEOE VIR
TP BETH D,
—ESMEPSIE Ry a v e ERAOERIEFY I 2
R—rMEHLDIRREBENRELR L7720, BZTERVWOT
IF 0D E WS ERBHEIN, SRIOERTIE, X7V =
VolEE, ¥y I8 — MEHL L Vo2 TOEERIHR %
FFIZIRR L. L L, R ay - R L, v 5
IR —EMEHVIIMEPIKRELERE. RV a v PBER
&, BRI & 0 HRE I W TH B LT WS
EMD o T WS [Sakurai et al. 02][fEH 79]. XL T, ¥+
527 2 —DIRBELNPNE H L & W o 72 DIFJEIEITIZ B W
THRAGRHMUPTVWEIEE X T, S 2 55 720
IZIEHLPEORREREL 5. Xyvay - HRAHFEU
HEFIZB W CEIEHFOF R A E S AZEEZRZL, F Y7 78—
WEH UIRIERZ I EET 282 REZLTWD. £z,
XY I R— - REHUIERTIERTHE (71 v 2E(

IELHEH] EWIDIEE, FAUBREBLTEENnwS 2, KO
BT D74 O L LAREIRFCIEZ 2 B EMEIEH F 0 .
ZTDH, Ro7vay - HreFr I 7R — - IREHL O
REAA I VAT 2D TIZ AR L MY U THBT 2 BEH
horelEbnsg.

4. BHYIC

ARGT, 7 A ISR S EEN R IR L, 71 v
WEALT B 4E & I 2 EH IR 28 S8 5 Mizusaki ¥ AT L%
ET 5. Mizusaki Y AT LDFHHDO—EE LT, VAT LD
FRAA IV IR BMIEL2ERETo72. fERE LT, FEE
2T U REET B 3BT 1.5 REOHEFIZE VT, R4
A I VZIEFRITF TR W EEIRE IR OISR E 5 2 5 aREE
HMRIB X N7z, Mizusaki i3, B EL—Y =¥ M6 OIFR
BRZA I VDT, HFFOIRBIZN T 5 A0 Tl 2 &1
U, NOEETEN 22 X2 EMMOF vy VRE 525 2
LIRTET-.

S Xk

[Furuya et al. ] Seigo Furuya, and Michita Imai. Hfg+-0
7= DAE N QAR & B RIC D wizary bo—)b
A VRS AT L.

[Sakurai et al. 02] Masato Sakurai, Takayuki Koseki, Hiro-
fumi Hayashi, and Miyoshi Ayama. Color appearance in
peripheral vision: Effects of test stimulus and surround
luminance. Journal of the Illuminating Engineering In-
stitute of Japan, pp. 9-18, 2002.

Sunstein 14| Cass R. Sunstein. Nudging: A very short
gmg y
guide. J. Consumer Pol’y, p. 583, 2014.

(VFv¥—F M09 VF¥—RNeAF— F¥AHF 271 —
V. OEE fTEIREY:. HEE BP 4, 7 2000.

[H A 15]) Hrpasl, SKRINBE, 5 EES, TS ES, ILRER
W1, ERE IR, HARE, ZEE, SRS SN T AN
XL -V v ORE - HEREBIZ L EEAHEDOS
Wi—. HRRIBEER 7 7 V122 7794 VAT L YVR
UL SO, Vol. 31, pp. 375-378, 2015.

[fEH 79] fEHEE. EBEITIZ ST 20 & A O BEE
7. The Institute of Image Information and Television
Engineers, pp. 479-484, 1979.



1G4-0S-13b-02

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

¥ fif f&

#£1. 77— bOEH—E

Q1 Hife 7 OB & 2 P ICE U -

Q2 Hkd & RN U 72

Q3 i T2 0ME & N 72

Q4 HiF B Z R L7

Q5 HRETFAEADICEDETWE KU
Q6 ZOHRFESBEDAHELZW
Q7 | FYIHRERRT S XA IV ITHEYTH- -
Q8 FYREHETES

Q9 FEIEBILUADFRFTS

Q10 FEESBLRALZWY

Q11 F IR D

Q12 TN & > CREEINTET
Q13 FEEARTIE D5 -

Q14 FEIFHE T Ao 7

Q15 FEDEZTNWZ &IET IR TcE 72

Q Q2 Q3 Q4

|m-3.0s m-1.5s m0.0s m15s |

Qs Q6 Q7 Qs Q¥ Q0 Q11 Q12

3: Mizusaki ¥ AT LREHZRD T v 7 — MER




1G4-0S-13b-03

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

AN &L= = v b EDHFEEICE T S
Y 2 A5 REE TR D34

Adaptive Trust Calibration for Human-AI Collaboration
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Poor trust calibration in human-AT collaboration often degrades the total system performance in terms of safety
and efficiency. Existing studies have primarily examined the importance of system transparency in maintaining
proper trust calibration, with little emphasis on how to detect over-trust and under-trust nor how to recover from
them. With the goal of addressing these research gaps, we propose a novel method of adaptive trust calibration,
which consists of a framework for detecting the status of calibration and cognitive cues called “trust calibration
cues”. Our framework and four types of trust calibration cues were evaluated in an online experiment with a drone
simulator. The result showed that presenting the simple cues at the time of over-trust could significantly promote

the trust calibration.
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Data-driven Infrastructure for Evidence-based Education and Learning

Hiroaki Ogata®! Rwitajit Majumdar™! Gokhan Akgpinar”!> Brendan Flanagan™!

*I Kyoto University, Japan 2 Hacettepe University, Turkey

Current eLearning infrastructures often include a Learning Management System (LMS), various ubiquitous and classroom
learning tools, Learning Record Stores (LRS) and Learning Analytics Dashboards (LAD). Applying Learning Analytics (LA)
methods to process data collected within such infrastructure can support various stakeholders. Learners can reflect on learning
experiences, teachers can refine their instructional practices, and researchers can study the dynamics of the teaching-learning
process with it. While LA platforms gather and analyze the data, there is a lack of specific design framework to capture the
technology-enhanced teaching-learning practices. We proposed the Learning Evidence Analytics Framework (LEAF) and in
this paper focus on the computational support for evidence extraction and analysis in a data-driven educational scenario.

1. Introduction

The concept of Evidence-Based Practices has its root in
medicine and coined by doctors at McMaster University in
Hamilton, Ontario in early 1990s (Kvernbekk T., 2017).
According to Kvernbekk, EBP involves the use of the best
available evidence to bring about desirable outcomes, or
conversely, to prevent undesirable outcomes. Davies, P. (1999)
reviews the concept of evidence-based practices in education. He
proposes that evidence in the context of education needs to be
established where its lacking and can be used in the following four
ways:

1. Pose an answerable question about education;

2. Know where and how to find evidence systematically and
comprehensively using the electronic (computer-based) and non-
electronic (print) media;

3. Retrieve and read such evidence competently and undertake
critical appraisal and analysis of that evidence according to agreed
professional and scientific standards;

4. Organize and grade the power of this evidence and determine
its relevance to their educational needs and environments.

While literature takes wvarious theoretical perspective on
Evidence-based education (Davies, P. 1999), Research-based
education (Hargreaves, 1996), Literature-based education
(Hammersley, 1997), Context-sensitive practice (Greenhalgh and
Worrall, 1997) they mostly debate about rigorous studies to
establish causalities similar to medical practices. What is missing
is any research agenda of how technology can support the process
and relevant discussions regarding issues in the current age of
data-driven education. This position paper focuses on the notion
of evidence-based education in the age of e-learning. Technology
now supports logging of teaching-learning (TL) interactions and
Learning Analytics has matured tremendously over the period to
provide robust methods to analyze and predict learning behaviors
and outcomes in different TL contexts. Hence there is relevance in
rethinking about the question Davies (1999) asked regarding
“What is evidence?” and how the four objectives can be supported
by technology. This would push the boundaries of learning
analytics and move towards an evidence-based education system

Contact: Hiroaki Ogata, Kyoto University, Kyoto,
ogata.hiroaki.3e@kyoto-u.ac.jp

that can assist the various stakeholders in the teaching-learning
scenarios.

In the Learning Analytics community, SOLAR, the term
evidence has recently come up in the context of a workshop in
LAK 18 regarding evidence-based institutional LA policy (Tsai
Y.S., GaSevi¢ D., Scheffel, M., 2018, sheilaproject.eu) and in
LAK 17 by work presented by Ferguson & Clow (2017) where
they introduce Learning Analytics Community Exchange (LACE)
project's Evidence Hub. The Evidence Hub
(http://evidence.laceproject.eu/) followed the evidence-based
medicine paradigm to synthesize published LA literature and
meta-analyze four propositions about learning analytics: whether
they support learning, support teaching, are deployed widely, and
are used ethically. But neither of the works look at technological
affordances required to extract evidence of learning from logged
data and make it available for the practitioners to adopt in their
own context. We proposed a technological design framework,
LEAF for evidence-based education and learning in this data
driven age to find evidence of learning from the logged data of
teaching-learning interactions. Figure 1 gives an overview (Ogata
et.al. 2018; Majumdar R., 2018a).

2. Learning Evidence Analytics Framework

Learning Evidence

Analytics Framework

e EVIDENCE PLANE

o ANALYTICS PLANE

© DATAPLANE

Figure 1. Extraction of evidence from teaching-learning data

Our Learning Evidence Analytics Framework (LEAF), is a
technological design framework to support evidence-based
education by integrating with existing learning analytics
infrastructure. Figure 2 gives an overview of the components of
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LEAF. We follow the DAPER (Data-Analysis-Planning-
Execution monitoring-Reflection) model of data driven activities
(Majumdar et.al 2018b) to guide the activity flow within the
described framework.

Evidence Portal

LMS/ SIS LA Dashboard

it O

Intelligent tutors L
MOOC platforms
Other leaming tools

Leaming Behavior sensors

Evidence
input & search
Evidence
engine

Context

setting

Monitor
logs

Visualize data and models for
analysis and monitoring

Indicators

Problem Solution

Learning
Logs

Result & Reflection
Evidence Model

Teaching-learning
cases

Figure 2. Components of Learning Evidence Analytics
Framework (LEAF)

The data plane gathers data streams from various sources of
teaching learning tools. For example, in our BookRoll system we
can get learners reading activity data, their assignment score data
from different learning management systems such as Moodle or
Sakai, their health and physical activity data from GOAL system.
Such a pool of learning behavior sensors, would also enable
various connected services to create richer teaching-learning
ecosystems. Data is stored in the Learning Record Store (LRS).

The power of such a data-driven ecosystem would be harnessed
at the analytics plane by creating models and services for smartly
supporting the stakeholders. For example, the data synchronized
in our system can be used to create a context model for the learner.
Based on that, analysis of the health and learning balance of the
individual is possible. The objective of such measurement is
focused to support learners to be aware of their status rather than
to be directed by the technology. Similarly, in the case of the
by
possibilities for automatically detected low engaged students.

teachers, analytics can assist suggesting intervention
Learning Analytics Dashboards plays an important role there to
present the analysis to the end users.

We seek to extract an evidence plane capturing effectiveness of
the decisions taken by the users assisted by analytics models. Such
a plane could be created by capturing meta-knowledge of results
of applying models along with the broader perspective of having
the context of the collected data. This evidence plane aims to keep
the human agency in loop by capturing the user’s reflection of the
process. It captures the context, problems, indicators of the
problem, the solution selected by the user, and collates its results.
Based on the available infrastructure and information we aim to
automatically extract some of these data. Else the user provides it

through an evidence input portal.

3. Conclusion

Some of the research issues and challenges are enlisted for
further investigation:

» How to extract evidences from data?

* How to design data format of evidences?

* How to evaluate evidences (rate them, evaluate similarities,
meta-analysis, etc)?

* How to support search or context-aware recommendation of
evidences?

» How to support teachers and students to apply evidences in
their context?

While their exists endeavors to synthesize evidence from
literature, LEAF aims to extend that and extract evidences from
log data, considering contextual teaching-learning practices and
harnessing the power of learning analytics methods and
infrastructures. Our research agenda would give a fresh
perspective on Davies’ four use of evidence in education in this
technology enhanced data-driven age.
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An Analysis of Learning Processes using Scrapbox and Learning Outcomes
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In order to improve students’ learning activities, it is important for teachers to understand how they learn both
inside/outside classes and to support them in line with each student’s actual learning process. In this research, we
analyzed recorded data on an online note system, Scrapbox, to clarify students’ learning processes and outcomes.
The data were created by students as the performance of tasks on Scrapbox and collected as its log files. As a
result, we could quantify and visualize some students’ knowledge network building on online notes. In addition, it
was implied that a deep learning with consciousness of the association among different knowledge had a possibility
to enhance student " s self-evaluation of his/her understanding.
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Diagnosing and Promoting Self-Directed Investigative Learning on the Web
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In Web-based investigative learning, learners are expected to construct wider and deeper knowledge with navigating Web
resources/pages. On the other hand, learners need to create a learning scenario with decomposing into related ones as sub-

questions in order to elaborate the initial question. In our previous work, we have built a model of Web-based investigative

learning and developed the system named iLSB, which scaffolds the investigation for learners. However, learners often

investigate unrelated questions even if they use iLSB. This suggests the necessity of diagnosing learner-created scenario to

present the results as feedback. On the other hand, it prevents learners from self-directed investigation. Toward this issue, we

aim to diagnose learner-created scenario without prevention of self-directed investigation with LOD and to present the
diagnosed results on the scenario. This paper also reports a case study. The results suggest that feedback of appropriateness of
question decomposition can promote reflection and contribute to creating more appropriate scenario.
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A Lecture Substitution Robot for Diagnosing and Reconstructing Presentation Behavior
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In lecture with presentation slides such as e-Learning lecture, it is important for lecturers to control their non-verbal behavior

involving gaze, gesture, and paralanguage. However, it is not so easy even for skilled lecturers to properly use non-verbal

behavior in their lecture to facilitate learners’ understanding. This paper proposes robot lecture, in which a robot substitutes

for a human lecturer, and reconstructs his/her non-verbal behavior to enhance his/her lecture. Towards such reconstruction,

we have designed a model of presentation behavior. This paper also reports a case study with the system, whose purpose was

to ascertain the benefits of robot lecture. The results suggest that the robot lecture involving reconstruction promotes
participants’ understanding of the lecture slides. This also indicates the validity of the presentation behavior model. In
addition, gaze, face direction, and pointing gesture for keeping and controlling learners’ attention in the robot lectures could

be more acceptable and understandable.
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