Thu. Jun 6, 2019 Interactive Session

Thu. Jun 6, 2019

Room R

[BRin2] Interactive Session 1
10:30 AM - 12:10 PM Room R (Center area of 1F Exhibition hall)

[3Rin2-01] Traffic Risk Estimation from On-vehicle Video
by Region-based Spatio-temporal DNN trained
using Comparative Loss
OKwong Cheong Ng', Yuki Murata', Masayasu

. Dept. of Information Systems Sci.,

Atsumi
Graduate School of Eng., Soka University)
10:30 AM - 12:10 PM

[3Rin2-02] Bi-directional multimodal generetion via
estimating conditional distribution of latent
variables obtained from pre-trained generative
models
OShigeaki Imakiire1, Masanao Ochi1, Junichiro
Mori', Ichiro Sakata' (1. University of Tokyo School
of Engineering Department of Technology
Management for Innovation)
10:30 AM - 12:10 PM

[3Rin2-03] Binarized Variational Information Bottleneck
OMakoto Kawano', Yu Oya?, Satoshi Yagi?, Jin
Nakazawa' (1.Keio University, 2. NTT
Corporation)
10:30 AM - 12:10 PM

[3Rin2-04] Semi-supervised Domain Adaptation using
Prediction Models in Associated Domains
QOYasuhiro Sogawa1, Tomoya Sakai' (1.NEC
Corporation)
10:30 AM - 12:10 PM

[3Rin2-05] A study on measures in multi-armed bandit
problem with hidden state.
OKouhei Kudo', Takashi Takekawa' (1. Kogakuin
University)
10:30 AM - 12:10 PM

[3Rin2-06] An Approach to Unseen Classs Classification
with In-Service Predictors
OTomoya Sakai', Yasuhiro Sogawa' (1. NEC
Corporation)
10:30 AM - 12:10 PM

[3Rin2-07] Multi-armed bandit algorithm applicable to
stationary and non-stationary environment
using self-organizing maps
ONobuhito Manome1'2, Shuji Shinoharaz, Kouta

Suzuki1'2, Kosuke Tomonagam, Shunji Mitsuyoshi2
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(1. SoftBank Robotics Corp., 2. Graduate School of

Engineering, The University of Tokyo)
10:30 AM - 12:10 PM

[3Rin2-08] Learning Interpretable Control Policies with
Decision Trees via the Cross-Entropy Method
OYukiko Tanaka'?, Takuya Hiraoka'?, Yoshimasa
Tsuruoka®® (1. NEC, 2. National Institute of
Advanced Industrial Science and Technology, 3. The
University of Tokyo)
10:30 AM - 12:10 PM

[3Rin2-09] Development of Embedded System for
Recognizing Kuzushiji by Deep Learning
Masahiro Takeuchi1, QOTaichi Hayasaka1, Wataru
Ohno1, Yumie Katoz, Kazuaki YamamotoS, Mamoru
Ishima®, Tetsuya Ishikawa®* (1. National Institute of
Technology, Toyota College, 2. Tsurumi University,
3. National Institute of Japanese Literature, 4. TRC-
ADEAC, Inc.)
10:30 AM - 12:10 PM

[3Rin2-10] Stochastic Regularization for Residual
Networks: Shake-ResDrop and Shake-SENet
QOlunya Shirahama1, Kazuhiko Kawamoto' (1.
Chiba University)
10:30 AM - 12:10 PM

[BRin2-11] Fairness-aware Edit of Thresholds in a Learned
Decision Tree Using a Mixed Integer
Programming Formulation
OKentaro Kanamori1, Hiroki Arimura’ (1. Hokkaido
University)
10:30 AM - 12:10 PM

[3Rin2-12] Predicting Laughters in Comedy Drama with
Subtitles and Facial Expression
OYuta Kayatani', Mayu Otani?, Chenhui Chu®, Yuta
Nakashima3, Haruo Takemura' (1. Graduate School
of Information Science and Technology, Osaka
University, 2. CyberAgent, Inc., 3. Institute for
Datability Science, Osaka University)
10:30 AM - 12:10 PM

[3Rin2-13] Application of Aspect-based Sentiment
Analysis using Self-Attention Mechanism to
Japanese Sentences
ORyuichi Akai', Masayasu Atsumi' (1. Graduate
School of Engineering, Soka University)
10:30 AM - 12:10 PM

[3Rin2-14] Estimating Emotion Intensities in Japanese

Tweets Using Emotion Intensity Lexicon
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OTatsuki Akahori1, Kohiji Dohsaka1, Hidekatsu Ito1,
Masaki Ishii' (1. Akita Prefectural University)
10:30 AM - 12:10 PM

[3Rin2-15] An Investigation of Effective Features for
Toponym Resolution of Words in Newspaper
Articles
ORyo Seki', Takashi Inui’
Tsukuba)
10:30 AM - 12:10 PM

(1. University of

[3Rin2-16] Cluster analysis of Twitter Data, using
Interactive Data visualization Tool
OShinichiro Wada' (1. Graduate School of
Sociology, Rikkyo University.)
10:30 AM - 12:10 PM

[3Rin2-17] Comparative Analysis of the Effect of
Additional Training between Multiple Domains
by Clustering of the Embeddings of Parsing
Errors
OTakuya Hara1, Takuya Matsuzaki1, Hikaru Yokonoz,
Satoshi Sato’ (1. Graduate School of Engineering,
Nagoya University, 2. Fujitsu Laboratories Ltd.)
10:30 AM - 12:10 PM

[BRin2-18] Vending Machine Drink Recognition with Deep
Learning for loT Device.
OKatsuhiro Araya1, Takayuki Osaz, Shigemitsu
Yamaokaz, Kazuhiko Nishiz, Masayuki Nakao? (1.
Arkth Inc., 2. University of Tokyo, School of
Engineering)
10:30 AM - 12:10 PM

[3Rin2-19] Robust Eye Contact Detection for Multi-Party
Conversational Systems
OKenijiro Nogawa1, Shinya Fujiez, Tetsunori
Kobayashi' (1. Waseda University, 2. Chiba
Institute of Technology)
10:30 AM - 12:10 PM

[3Rin2-20] Succesive estimation of the asteroid shape and
probe motion using sequential images
OToma Suzuki1, Takehisa Yairi1, Naoya Takeishi1,
Yuichi Tsuda?, Naoko Ogawa® (1. The University of
Tokyo, 2. Japan Aerospace Exploration Agency)
10:30 AM - 12:10 PM

[3Rin2-21] Image-to-image Translation from Apparel Item
Image Placed Flat to Image Put on Using Deep
Neural Networks
Saki Tsumugiwa', OYoshiaki Kurosawa', Kazuya

1

Mera1, Toshiyuki Takezawa' (1. Hiroshima City
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University)
10:30 AM - 12:10 PM

[3Rin2-22] Noise reduction of live image in scanning
electron microscope
OFuminori Uematsu1, Masahiko Takei1, Mitsuyoshi
Yoshida' (1.JEOL Ltd.)
10:30 AM - 12:10 PM

[3Rin2-23] Truthful Dynamic Pricing Mechanisms for On-
demand Mobility Services
OKeiichiro Hayakawa1, Eiji Hato? (1. Toyota
Central R&D Labs., Inc., 2. The University of Tokyo)
10:30 AM - 12:10 PM

[3Rin2-24] Multi-agent simulation tool incorporation
group evacuation behavior model
ORyusei Ishida1, Masanori Akiyoshi1 (1. Kanagawa
University)
10:30 AM - 12:10 PM

[3Rin2-25] A study of observation fluctuation reduction
method for ear acoustic authentication
OMasaki Yasuhara1, Takayuki Arakawaz, Takafumi
Koshinaka?, Shohei Yano' (1. National Institute of
Technology, Nagaoka College, 2. NEC Corporation)
10:30 AM - 12:10 PM

[3Rin2-26] New similarity scale to recognize bird calls and
abnormal sounds of concrete/machine
OMichihiroJinnai1, Edward James Pedersen® (1.
Nagoya Women's University, 2. Central Queensland
University, Australia)
10:30 AM - 12:10 PM

[3Rin2-27] An Investigation of Controllable Neural
Conversation Model with Dialogue Acts
QOSeiya Kawano1, Koichiro Yoshino1'2, Satoshi
Nakamura' (1. Nara Institute of Science and
Technology, 2. Japan Science and Technology
Agency)
10:30 AM - 12:10 PM

[3Rin2-28] Improvement of Knowledge Graph Completion
Using Label Characters for Questions to
Acquire Knowledge in Dialog Systems
OYuma Fujioka1, Katsuhiko Hayashi1, Mikio
Nakanoz, Kazunori Komatani' (1. The Institute of
Scientific and Industrial Research, Osaka University,
2. Honda Research Institute Japan Co.,Ltd.)
10:30 AM - 12:10 PM

[3Rin2-29] Acquisition and Utilization of Trivia for

Conversational News Contents Delivery
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OHiroaki Takatsu1, Yoichi Matsuyama1, Hiroshi
Hondaz, Shinya Fujie1’3, Tetsunori Kobayashi1 (1.
Waseda University, 2. Honda R&D Co.,Ltd., 3. Chiba
Institute of Technology)
10:30 AM - 12:10 PM

[3Rin2-30] Generative Adversarial Networks toward
Representation Learning for Image Captions
OVYuki Abe1, Takuma Seno1, Shoya Matsumori1,
Michita Imai' (1. Keio University)
10:30 AM - 12:10 PM

[3Rin2-31] Speech extraction from conversation based on
image-to-image translation using deep neural
networks
OKosuke Takaichi1, Yoshio Katagamiz, Yoshiaki
Kurosawa1, Kazuya Mera1, Toshiyuki Takezawa' (1.
Graduate School of Information Sciences Hiroshima
City University, 2. School of Information Sciences
Hiroshima City University)
10:30 AM - 12:10 PM

[3Rin2-32] An anti-noise performance comparison
between acoustic features in detecting voice
pathology using machine learning
OKouta Suzuki'?, Shuji Shinohara?, Nobuhito
Manome'?, Kosuke Tomonaga "%, Shunji Mitsuyoshi?

(1. SoftBank Robotics Corp., 2. Graduate School of

Engineering, The University of Tokyo)
10:30 AM - 12:10 PM

[3Rin2-33] Toward proofreading support using Word2vec
OMasato Maruyama1, Takashi Takekawa' (1.
Kogakuin University)
10:30 AM - 12:10 PM

[3Rin2-34] Construction of Corpus for Text Simplification
by Sentential Alignment based on
Decomposable Attention Model
OKoichi Nagatsuka1, Masayasu Atsumi' (1. Soka
University)
10:30 AM - 12:10 PM

[3Rin2-35] What’ s Here Like ? Analysis of Web Search
Log Based on User’ s Location
OTatsuru Higurashi1, Kouta Tsubouchi' (1. Yahoo
Japan Corporation)
10:30 AM - 12:10 PM

[3Rin2-36] Relevance Analysis among Domestic
Enjoyments based on News Site App Users'
Interest

OKota Kawaguchi2'1, Tatsukuni Inoue1, Seiya
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Osada1, Tatsuo Yamashita' (1. Yahoo! JAPAN, 2.
University of Tsukuba)
10:30 AM - 12:10 PM

[3Rin2-37] Implementation and Evaluation of an
Interpretable Fake News Detector
OKazuya Yamamoto1, Satoshi Oyama1, Masahito
Kurihara' (1. Hokkaido University)
10:30 AM - 12:10 PM

[3Rin2-38] Automatic Evaluation for Cyberbullying
Detection Method based on Statistical Scale
OMasaki Arata1, Fumito Masui1, Michal Edmond
Ptaszynski' (1. Kitami Institute of Technology)
10:30 AM - 12:10 PM

[BRin2-39] Automatic Impression Indexing based on
Appraisal Dictionary from Tweet
ORuna Yamada1, Sho Hashimoto1, Atsuhiro
Yamada1, Noriko Nagata1 (1. Kwansei Gakuin
University)
10:30 AM - 12:10 PM

[3Rin2-40] Catch Me if Yahoo Can: Hotel
Recommendation for Potential Travelers using
Transit App Log
OMikiya Maruyama1, Kotaro Takahama1, Kota
Tsubouchi', Teruhiko Teraoka' (1. Yahoo Japan
Corporation)
10:30 AM - 12:10 PM

[3Rin2-41] Official document simplification using neural
machine translation approach
OTakumi Maruyama1, Kazuhide Yamamoto' (1.
Nagaoka University of Technology)
10:30 AM - 12:10 PM

[3Rin2-42] Neural Error Detection for Weather Forecast
Manuscript by Pseudo Error Corpus
ONaruhisa Shirai’, Masatsugu Hangyo?, Mamoru
Komachi' (1. Tokyo Metropolitan University, 2.
WEATHERNEWS INC.)
10:30 AM - 12:10 PM

[3Rin2-43] Neural Sequence-Labelling Models for ASR
Error Correction
QOTaishi Ikeda1, Hiroshi Fujimoto1, Takeshi
Yoshimura', Yoshinori Isoda' (1. NTT DOCOMO,
INC.)
10:30 AM - 12:10 PM

[3Rin2-44] Construction of a Diagnosis Representation
Model of Person with Dementia Based on

ConceptNet for Deeper Understanding of
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Physical and Mental Conditions
ONaoki Kamiya1, Takumi Yoshizawa1, Shogo
Ishikawa1, Hideki Uen02'4, Mia Kobayashi2'4, Minoru
Maeda3, Chiaki Nishiyama3, Yujun Murakami3,
Shinya Kiriyama1‘4, Yoichi T<';1kebayashi1’4 (1.
Shizuoka University, 2. Chiba University Hospital, 3.
Orange Cross Foundation, 4. The Society of Citizen
Informatics for Human Cognitive Disorder)
10:30 AM - 12:10 PM

[3Rin2-45] Evaluation and Analysis of design for life
environment with a high regard for self-
reliance based on the representation of a self
of people with dementia
OMika Teramen1, Shogo |shikawa1, Shinya
Kiriyama1, Tadasuke Katoz, Takeshi Idez, Yoichi
Takebayashi1’3 (1. Shizuoka University, 2. Aoicare
Co., Ltd, 3. Citizen Informatics for Human Cognitive
Disorder)
10:30 AM - 12:10 PM

[3Rin2-46] Development of Electroencephalogram brain-
machine interface using convolutional neural
network
OMasaki Kato', Sotaro Shimada® (1. Meiji
University Graduate School, 2. Meiji University)
10:30 AM - 12:10 PM

[3Rin2-47] Evaluation of Automatic Monitoring of
Instillation Adherence Using Eye Dropper
Bottle Sensor and Deep Learning in Patients
with Glaucoma
OHitoshi Tabuchi Tabuchi'*?, Kazuaki Nishimura',
Shunsuke Nakakura1, Hiroki Masumoto1, Hirotaka
Tanabe1, Asuka Noguchi1, Ryota Aoki1, Yoshiaki
Kiuchi? (1. Tsukazaki Hospital, 2. Hiroshima
University)
10:30 AM - 12:10 PM

[3Rin2-48] Sleep/wake classification using remote PPG
signals
Yawen Zhang1, OMasanori Tsujikawaz, Yoshifumi
Onishi® (1. HKUST, 2. NEC)
10:30 AM - 12:10 PM

[3Rin2-49] Biomarker discovery from gene expression
data of mixed tumor samples
OKatsuhiko Murakami' (1. Fujitsu Laboratories
Ltd.)
10:30 AM - 12:10 PM
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Interactive Session

[3Rin2] Interactive Session 1
Thu.Jun 6,2019 10:30 AM - 12:10 PM Room R (Center area of 1F Exhibition hall)

[BRin2-01] Traffic Risk Estimation from On-vehicle Video by Region-based Spatio-
temporal DNN trained using Comparative Loss
OKwong Cheong Ng', Yuki Murata', Masayasu Atsumi' (1. Dept. of Information Systems Sci.,
Graduate School of Eng., Soka University)
10:30 AM - 12:10 PM

[3Rin2-02] Bi-directional multimodal generetion via estimating conditional
distribution of latent variables obtained from pre-trained generative
models
OShigeaki Imakiire', Masanao Ochi’', Junichiro Mori', Ichiro Sakata' (1. University of Tokyo
School of Engineering Department of Technology Management for Innovation)
10:30 AM - 12:10 PM

[BRin2-03] Binarized Variational Information Bottleneck
OMakoto Kawano1, Yu Oyaz, Satoshi Yagiz, Jin Nakazawa' (1. Keio University, 2. NTT
Corporation)
10:30 AM - 12:10 PM

[3Rin2-04] Semi-supervised Domain Adaptation using Prediction Models in
Associated Domains
OYasuhiro Sogawa', Tomoya Sakai' (1. NEC Corporation)
10:30 AM - 12:10 PM

[BRin2-05] A study on measures in multi-armed bandit problem with hidden state.
OKouhei Kudo', Takashi Takekawa' (1. Kogakuin University)
10:30 AM - 12:10 PM

[BRin2-06] An Approach to Unseen Classs Classification with In-Service Predictors
OTomoya Sakai', Yasuhiro Sogawa' (1. NEC Corporation)
10:30 AM - 12:10 PM

[BRin2-07] Multi-armed bandit algorithm applicable to stationary and non-
stationary environment using self-organizing maps
ONobuhito Manome1'2, Shuji Shinoharaz, Kouta Suzuki1'2, Kosuke Tomonagam, Shunji
Mitsuyoshi® (1. SoftBank Robotics Corp., 2. Graduate School of Engineering, The University
of Tokyo)
10:30 AM - 12:10 PM

[BRin2-08] Learning Interpretable Control Policies with Decision Trees via the
Cross-Entropy Method

OYukiko Tanaka1'2, Takuya Hiraoka1'2, Yoshimasa Tsuruoka®®

(1. NEC, 2. National Institute of
Advanced Industrial Science and Technology, 3. The University of Tokyo)
10:30 AM -12:10 PM

[BRin2-09] Development of Embedded System for Recognizing Kuzushiji by Deep
Learning
Masahiro Takeuchi1, OTaichi Hayasaka1, Wataru Ohno1, Yumie Katoz, Kazuaki Yamamotos,
Mamoru Ishima®, Tetsuya Ishikawa® (1. National Institute of Technology, Toyota College, 2.
Tsurumi University, 3. National Institute of Japanese Literature, 4. TRC-ADEAC, Inc.)
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10:30 AM - 12:10 PM

[3Rin2-10] Stochastic Regularization for Residual Networks: Shake-ResDrop and
Shake-SENet
OlJunya Shirahama', Kazuhiko Kawamoto' (1. Chiba University)
10:30 AM - 12:10 PM

[BRin2-11] Fairness-aware Edit of Thresholds in a Learned Decision Tree Using a
Mixed Integer Programming Formulation
OKentaro Kanamori', Hiroki Arimura' (1. Hokkaido University)
10:30 AM - 12:10 PM

[BRin2-12] Predicting Laughters in Comedy Drama with Subtitles and Facial
Expression
OYuta Kayatani', Mayu Otani®, Chenhui Chu®, Yuta Nakashima®, Haruo Takemura' (1.
Graduate School of Information Science and Technology, Osaka University, 2. CyberAgent,
Inc., 3. Institute for Datability Science, Osaka University)
10:30 AM - 12:10 PM

[BRin2-13] Application of Aspect-based Sentiment Analysis using Self-Attention
Mechanism to Japanese Sentences
ORyuichi Akai', Masayasu Atsumi' (1. Graduate School of Engineering, Soka University)
10:30 AM - 12:10 PM

[BRin2-14] Estimating Emotion Intensities in Japanese Tweets Using Emotion
Intensity Lexicon
OTatsuki Akahori1, Kohji Dohsaka1, Hidekatsu Ito1, Masaki Ishii' (1. Akita Prefectural
University)
10:30 AM - 12:10 PM

[BRin2-15] An Investigation of Effective Features for Toponym Resolution of Words
in Newspaper Articles
ORyo Seki', Takashi Inui' (1. University of Tsukuba)
10:30 AM - 12:10 PM

[BRin2-16] Cluster analysis of Twitter Data, using Interactive Data visualization Tool
OShinichiro Wada' (1. Graduate School of Sociology, Rikkyo University.)
10:30 AM - 12:10 PM

[BRin2-17] Comparative Analysis of the Effect of Additional Training between
Multiple Domains by Clustering of the Embeddings of Parsing Errors
OTakuya Hara1, Takuya Matsuzaki1, Hikaru Yokonoz, Satoshi Sato' (1. Graduate School of
Engineering, Nagoya University, 2. Fujitsu Laboratories Ltd.)
10:30 AM - 12:10 PM

[BRin2-18] Vending Machine Drink Recognition with Deep Learning for loT Device.
OKatsuhiro Araya', Takayuki Osa?, Shigemitsu Yamaoka?, Kazuhiko Nishi?, Masayuki Nakao?

(1. Arkth Inc., 2. University of Tokyo, School of Engineering)

10:30 AM - 12:10 PM

[BRin2-19] Robust Eye Contact Detection for Multi-Party Conversational Systems
OKenijiro Nogawa1, Shinya Fujiez, Tetsunori Kobayashi1 (1. Waseda University, 2. Chiba
Institute of Technology)
10:30 AM - 12:10 PM
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[BRin2-20] Succesive estimation of the asteroid shape and probe motion using
sequential images
OToma Suzuki', Takehisa Yairi', Naoya Takeishi', Yuichi Tsuda? Naoko Ogawa® (1. The
University of Tokyo, 2. Japan Aerospace Exploration Agency)
10:30 AM -12:10 PM

[BRin2-21] Image-to-image Translation from Apparel Item Image Placed Flat to
Image Put on Using Deep Neural Networks
Saki Tsumugiwa1, OYoshiaki Kurosawa', Kazuya Mera', Toshiyuki Takezawa' (1. Hiroshima
City University)
10:30 AM - 12:10 PM

[BRin2-22] Noise reduction of live image in scanning electron microscope
OFuminori Uematsu', Masahiko Takei', Mitsuyoshi Yoshida' (1.JEOL Ltd.)
10:30 AM - 12:10 PM

[BRin2-23] Truthful Dynamic Pricing Mechanisms for On-demand Mobility Services
OKeiichiro Hayakawa1, Eiji Hato® (1. Toyota Central R&D Labs., Inc., 2. The University of
Tokyo)
10:30 AM -12:10 PM

[BRin2-24] Multi-agent simulation tool incorporation group evacuation behavior
model
ORyusei Ishida', Masanori Akiyoshi' (1. Kanagawa University)
10:30 AM - 12:10 PM

[BRin2-25] A study of observation fluctuation reduction method for ear acoustic
authentication
OMasaki Yasuhara1, Takayuki Arakawa?, Takafumi Koshinakaz, Shohei Yano' (1. National
Institute of Technology, Nagaoka College, 2. NEC Corporation)
10:30 AM -12:10 PM

[BRin2-26] New similarity scale to recognize bird calls and abnormal sounds of
concrete/machine
OMichihiro Jinnai', Edward James Pedersen® (1. Nagoya Women's University, 2. Central
Queensland University, Australia)
10:30 AM - 12:10 PM

[BRin2-27] An Investigation of Controllable Neural Conversation Model with
Dialogue Acts
OSeiya Kawano1, Koichiro Yoshino1'2, Satoshi Nakamura' (1. Nara Institute of Science and
Technology, 2. Japan Science and Technology Agency)
10:30 AM - 12:10 PM

[BRin2-28] Improvement of Knowledge Graph Completion Using Label Characters
for Questions to Acquire Knowledge in Dialog Systems
OYuma Fujioka', Katsuhiko Hayashi', Mikio Nakano?, Kazunori Komatani' (1. The Institute of
Scientific and Industrial Research, Osaka University, 2. Honda Research Institute Japan
Co.,Ltd.)
10:30 AM - 12:10 PM

[BRin2-29] Acquisition and Utilization of Trivia for Conversational News Contents
Delivery
OHiroaki Takatsu’, Yoichi Matsuyama1, Hiroshi Honda?, Shinya Fujie1‘3, Tetsunori Kobayashi1
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(1. Waseda University, 2. Honda R&D Co.,Ltd., 3. Chiba Institute of Technology)

10:30 AM -12:10 PM

[BRin2-30] Generative Adversarial Networks toward Representation Learning for
Image Captions
OYuki Abe', Takuma Seno’, Shoya Matsumori', Michita Imai' (1. Keio University)
10:30 AM - 12:10 PM

[BRin2-31] Speech extraction from conversation based on image-to-image
translation using deep neural networks
OKosuke Takaichi1, Yoshio Katagamiz, Yoshiaki Kurosawa1, Kazuya Mera1, Toshiyuki Takezawa
' (1. Graduate School of Information Sciences Hiroshima City University, 2. School of
Information Sciences Hiroshima City University)
10:30 AM - 12:10 PM

[BRin2-32] An anti-noise performance comparison between acoustic features in
detecting voice pathology using machine learning
OKouta Suzuki1'2, Shuji Shinoharaz, Nobuhito Manomem, Kosuke Tomonagam, Shuniji
Mitsuyoshi2 (1. SoftBank Robotics Corp., 2. Graduate School of Engineering, The University
of Tokyo)
10:30 AM - 12:10 PM

[BRin2-33] Toward proofreading support using Word2vec
OMasato Maruyama', Takashi Takekawa' (1. Kogakuin University)
10:30 AM - 12:10 PM

[BRin2-34] Construction of Corpus for Text Simplification by Sentential Alignment
based on Decomposable Attention Model
OKaoichi Nagatsuka1, Masayasu Atsumi' (1. Soka University)
10:30 AM - 12:10 PM

[3Rin2-35] What’ s Here Like ? Analysis of Web Search Log Based on User’ s
Location
OTatsuru Higurashi', Kouta Tsubouchi' (1. Yahoo Japan Corporation)
10:30 AM -12:10 PM

[BRin2-36] Relevance Analysis among Domestic Enjoyments based on News Site
App Users' Interest
OKota Kawaguchi2'1, Tatsukuni Inoue’, Seiya Osada’, Tatsuo Yamashita' (1. Yahoo! JAPAN,
2. University of Tsukuba)
10:30 AM - 12:10 PM

[BRin2-37] Implementation and Evaluation of an Interpretable Fake News Detector
OKazuya Yamamoto', Satoshi Oyama1, Masahito Kurihara' (1. Hokkaido University)
10:30 AM - 12:10 PM

[BRin2-38] Automatic Evaluation for Cyberbullying Detection Method based on
Statistical Scale
OMasaki Arata', Fumito Masui', Michal Edmond Ptaszynski1 (1. Kitami Institute of
Technology)
10:30 AM - 12:10 PM

[BRin2-39] Automatic Impression Indexing based on Appraisal Dictionary from
Tweet
ORuna Yamada', Sho Hashimoto', Atsuhiro Yamada', Noriko Nagata' (1. Kwansei Gakuin
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University)
10:30 AM - 12:10 PM

[3Rin2-40] Catch Me if Yahoo Can: Hotel Recommendation for Potential Travelers
using Transit App Log
OMikiya Maruyama1, Kotaro Takahama', Kota Tsubouchi', Teruhiko Teraoka' (1. Yahoo
Japan Corporation)
10:30 AM - 12:10 PM

[BRin2-41] Official document simplification using neural machine translation
approach
OTakumi Maruyama1, Kazuhide Yamamoto' (1. Nagaoka University of Technology)
10:30 AM - 12:10 PM

[BRin2-42] Neural Error Detection for Weather Forecast Manuscript by Pseudo Error
Corpus
ONaruhisa Shirai', Masatsugu Hangyoz, Mamoru Komachi' (1. Tokyo Metropolitan
University, 2. WEATHERNEWS INC.)
10:30 AM - 12:10 PM

[BRin2-43] Neural Sequence-Labelling Models for ASR Error Correction
OTaishi Ikeda', Hiroshi Fujimoto', Takeshi Yoshimura', Yoshinori Isoda' (1. NTT DOCOMO,
INC.)
10:30 AM - 12:10 PM

[BRin2-44] Construction of a Diagnosis Representation Model of Person with
Dementia Based on ConceptNet for Deeper Understanding of Physical
and Mental Conditions
ONaoki Kamiya1, Takumi Yoshizawa1, Shogo Ishikawa1, Hideki Uen02'4, Mia Kobayashi2'4,
Minoru Maeda®, Chiaki Nishiyama3, Yujun Murakami®, Shinya Kiriyamam, Yoichi Takebayashi
4 (1. Shizuoka University, 2. Chiba University Hospital, 3. Orange Cross Foundation, 4. The
Society of Citizen Informatics for Human Cognitive Disorder)
10:30 AM - 12:10 PM

[BRin2-45] Evaluation and Analysis of design for life environment with a high regard
for self- reliance based on the representation of a self of people with
dementia
OMika Teramen’, Shogo Ishikawa', Shinya Kiriyama1, Tadasuke Kato?, Takeshi Ide?, Yoichi
Takebayashi1'3 (1. Shizuoka University, 2. Aoicare Co., Ltd, 3. Citizen Informatics for Human
Cognitive Disorder)
10:30 AM - 12:10 PM

[BRin2-46] Development of Electroencephalogram brain-machine interface using
convolutional neural network
OMasaki Kato', Sotaro Shimada® (1. Meiji University Graduate School, 2. Meiji University)
10:30 AM - 12:10 PM

[BRin2-47] Evaluation of Automatic Monitoring of Instillation Adherence Using Eye
Dropper Bottle Sensor and Deep Learning in Patients with Glaucoma
OHitoshi Tabuchi Tabuchi'?, Kazuaki Nishimura1, Shunsuke Nakakura1, Hiroki Masumoto1,
Hirotaka Tanabe1, Asuka Noguchi1, Ryota Aoki1, Yoshiaki Kiuchi® (1. Tsukazaki Hospital, 2.
Hiroshima University)
10:30 AM - 12:10 PM
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[BRin2-48] Sleep/wake classification using remote PPG signals
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Traffic Risk Estimation from On-vehicle Video by Region-based

Spatio-temporal DNN trained using Comparative Loss
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Abstract: We propose a method to estimate the traffic risk during road navigation based on the region-based spatio-

temporal deep neural network (DNN) trained by the comparative loss function. In this method, moving object regions are

extracted using the object detector YOLO and their features are clipped out from the middle layer of the detector. Then, these

feature sequence is used to estimate the traffic risk by the spatio-temporal DNN followed by the risk estimation network.

Experiments were conducted using the KITTI and Dashcam Accident dataset images and we have shown that it is possible to

estimate a dangerous traffic situation using the proposed risk estimation network.

1. Introduction

In the research of advanced driver-assistance systems (ADAS)
and autonomous driving, numerous studies have been conducted
to estimate the risk of traffic situation from images of driver’s
viewpoints [1, 2, 7]. In this paper, we propose a traffic risk
estimation method based on the region-based spatio-temporal
deep neural network (DNN) trained using the comparative loss
function. In this method, first, moving object regions are detected
using the object detector YOLO [4, 5] from each frame of a
video and their features are extracted from a middle layer of the
detector. Then, these object feature sequence is input into the
spatio-temporal pattern encoding network which consists of a
convolutional neural network (CNN) and a long short-term
memory (LSTM) and the risk is estimated by the risk estimation
network trained by the comparative loss function. The accuracy
of the risk estimation is evaluated using a dataset of on-vehicle
cameras.

2. Related Work
2.1 Traffic Risk Estimation

Several studies have been proposed in the research of
estimating upcoming traffic incidents. Chan ez al. [1] proposed a
dynamic-spatial-attention Recurrent Neural Network (RNN) that
could anticipates accidents before they occur. Suzuki e al. [2]
extended the work of Chan by introducing an Adaptive Loss for
Early Anticipation (AdaLEA) method which allows a model to
learn earlier incident anticipation as training progresses. In
addition, a quasi-recurrent neural network (QRNN) is adopted in
the base model to enable stable output from temporal
convolution on sequential data such as videos. However, these
methods are specialized in anticipating traffic accidents, while
our proposed method takes into account learning risk estimation
of any traffic situation including accidents, risky incidents,
congestion and so on through the comparative loss function. On
the other hand, Mark et al. [6] suggested a Deep Predictive
Model that can learn its own, task-specific filters which improves
prediction performance. The model

uses a Bayesian

Contact: Kwong Cheong Ng, e18m5252@soka-u.jp

convolutional long short-term memory (ConvLSTM) method to
process spatio-temporal visual data, proprioceptive data and
steering commands to identify potential impending collisions. In
addition, Ernest Cheung et al [8] proposed another approach
called Trajectory to Driver Behavior Mapping (TDBM) that
accounts the driving behavior of neighboring vehicles to perform
risk assessment.

2.2 Traffic Datasets for Risk Estimation

Several datasets are available for studies of the traffic risk
estimation. In [1], the Dashcam video dataset is proposed to
evaluate the proposed method in which 678 dashcam videos
captured across six cities in Taiwan are used. This dataset is also
used in this paper to estimate risk for traffic accidents. To focus
on near-miss traffic incidents, Suzuki et a/ [7] introduced a Large
Scale Near-Miss Traffic Incident database (NIDB) that
comprises over 6.2K videos and 1.3M frames, many of which are
incident scenes and are classified into seven classes, including
low/high risk for bicycles, pedestrians, and vehicles, as well as a
background class. However, as the NIDB dataset is not open-
source, it is not used in this paper. Mark et al. [6] uses a robotic
simulation platform proposed in [9] to simulate experiment data,
whereby the training dataset is generated using a series of
dynamic street scenes involving two vehicles in a sparsed
simulated environment. Due to the dataset is not generated from
a real environment, the approach is not used in this paper.

3. Risk Estimation Method

3.1 Overview

As shown in Figure 1, the proposed network consists of the
object detector YOLOV2, a moving objects’ spatial pattern
encoding CNN, a moving objects’ spatio-temporal pattern
encoding LSTM, and a risk estimation network. First, moving
object regions are detected using the YOLO object detector from
on-vehicle camera images and their features are extracted from
its middle layer. Then, by inputting the feature sequence of these
moving object regions into the spatio-temporal pattern encoding
network which consists of a CNN and a LSTM, spatio-temporal
feature of moving objects are extracted, and the traffic risk is
estimated based on the risk estimation network. The risk
estimation network is trained by the comparative loss function
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On-vehicle Camera Video
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Figure 1: Overview of proposed network

using a set of pairs of images with different relative risk levels.

3.2 Object Feature Extraction

To estimate the risk level on an on-vehicle camera images, it is
necessary to detect objects which are involved in traffic risk.
Although it is necessary to attend various objects during driving,
the important attention targets are moving objects. Therefore, in
this research, a pre-trained YOLO using the COCO dataset is
further trained using the KITTI dataset [3] and the Dashcam
Accident dataset [1], which are on-vehicle camera datasets, to
detect moving objects. The target objects to be detected are
classified into the following seven categories — car, truck, person,
tram, bicycle, motorbike and bus. These categories were unified
between the two datasets.

After detecting the moving objects, their features are extracted
using the coordinates of them from middle convolutional layers
of the YOLO. The 21% layer is used as the middle layer for
YOLOV2.

3.3 Moving Objects’ Spatio-temporal Feature

The moving objects’ spatio-temporal feature is extracted by
applying the spatio-temporal pattern encoding network to a
composite feature map in which only the convolutional features
of moving object regions are clipped from a feature map of the
middle layer of YOLO (Figure 1). The network consists of the
spatial pattern encoding CNN followed by a spatial pyramid
pooling layer and the spatio-temporal pattern encoding LSTM.
Figure 2 shows the detailed configuration of the network. In the
figure, the (2, 2) of the max pooling layer represents the kernel
size and the stride. The (512, 3, 1, 1) of the convolutional layer
represents the number of output channels, the kernel size, and the
padding width. The (3) in the spatial pyramid pooling layer is the
number of pyramid levels.

3.4 Risk Estimation and Comparative Loss Function

In general, it is difficult to evaluate traffic risk by objective
numerical values. On the other hand, it is easier to evaluate
which is dangerous between a situation where an accident is
likely to occur and a situation where no accident occurs or which
is dangerous between a congested situation and a non-congested
situation. Therefore, we introduce the comparative loss function
that learns a correct risk estimation function through relative

Convolutional feature map with only moving
object regions

|
¥

Max Pooling Layer (2, 2) |

!

| Conveolutional Layer (512, 3, 1, 1) |

l

| Spatial Pyramid Pooling Layer (3) |
[

Spatio-temporal 'J'

pattern encoding | Fully-connected layer |

LSTM !

I—>| LS‘;’M |
v

Moving objects’ spatial-temporal pattern

Spatial pattern
encoding CNN |

Figure 2: Spatio-temporal pattern encoding network of
moving objects

comparison of the risk level between pairs of two spatio-
temporal patterns of moving objects. In training, each estimated
risk is tuned according to a supervised signal that gives which is
more dangerous. Let two camera images be labelled as vy, v,,
their relative risk be labelled as R(vy,v,), and 7,7, be
estimated risks by a sigmoid activation function of the risk
estimation network (a perception) respectively. The R(vy, v;) is
a supervised signal which takes a value of 1 when v, is more
dangerous than v,, -1 when v, is safer than v,, and 0 when
both are comparatively equal. Then, the comparative loss
function is defined by the following equation:

L(Tl, 2, R(vl' VZ)) =
max(r, — 1, +m,0) wRlv,m) =1
m-n R0y, 1) =0 (1)
max(n, —n, +m,0) wRlvy,v,) =—1

Here, m is a parameter that provides a margin of relative
comparison.

In risk estimation, the degree of risk is computed by the risk
estimation network from the moving objects’ spatio-temporal
pattern in each frame interval of a video.

4. Dataset

In experiments, both the KITTI dataset [3] and Dashcam
Accident dataset [1] were used for training the object detection
network YOLO, and the Dashcam Accident dataset was used for
risk estimation experiments. The Dashcam Accident dataset
contains videos with accidents and videos without accidents, and
only videos with accidents were used in experiments. Each video
consists of 100 frames and accidents occur in the last 10 frames.
Therefore, in risk prediction experiments, each video was divided
into a non-accident part of the former 50 frames and an accident
part of the latter 50 frames. The dataset used for the risk
estimation is configured as shown in Table 1.
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Table 1. Configuration of a dataset. Videos with accidents
(positive) samples and videos without accidents (negative)
samples. Numerical values in each cell represent the number of
videos/ the number of frames

Training Test
455/22750  [164/8200
455/22750  [164/8200

positive

negative

5. Experiments

5.1 Outline of Experiments

The evaluation of risk estimation was performed for two
cases: one was performed between videos with accidents and
videos without accidents, and the other was performed between
two videos without accidents. In the former, the comparative loss
function specifies the relative comparison in which videos with
accidents are more dangerous. Here, the relative comparison
margin was set to 0.5. In the latter, the comparative loss function
specifies relative comparison in which videos with more moving
objects are more dangerous. Here in this case, the relative
comparison margin was set to 0.1.

5.2 Results

The detection performance of moving objects using YOLOv2
was evaluated by the mean average precision (mAP) and the
intersection over union (IOU). As a result, the mAP was 0.2902
and IOU was 0.5996. Since the result of detection performance
was not so accurate, we evaluated the risk prediction
performance by extracting moving object features from YOLOV2
using ground truth object region boxes.

Table 2 shows the result of risk estimation between videos
with accidents and videos without accidents.

In table 2, BG_ZERO and BG_GN represent that the region
other than moving objects is filled with zero (for BG_ZERO) and
filled with Gaussian noise (for BG_GN) respectively. In addition,
‘DO’ represents that a dropout is applied to the output of the
fully connected layer in Figure 2.

Table 3 shows the result of risk estimation between two videos
without accidents but with the different numbers of moving
objects.

Table 2. Accuracy of risk estimation between videos with
accidents and videos without accidents

Table 3. Accuracy of risk estimation between videos without
accidents but with the different number of moving objects

Training w/o DO (%) |Test w/o DO (%)

BG_ZERO 93.349 86.957

Training (%) Test (%)

w/ DO | w/o DO | w/ DO | w/o DO
BG_ZERO | 99.771 97.706 69.565 | 62.733
BG_GN 97.706 94.839 70.807 | 72.050

Based on the results of these experiments, we found that the
proposed method achieved a better result when BG_GN was
used. This means that the Gaussian noise is useful to achieve
robust training for risk estimation. In addition, we found that the
proposed method was able to estimate dangerous situation not
only caused by accidents but also triggered by congestion.

6. Conclusion

In this paper, we have proposed a traffic risk estimation DNN
which is trained by the comparative loss function. This network
encodes a spatio-temporal pattern of moving objects based on
YOLO and the spatio temporal network and estimates traffic risk
using the risk estimation network. Then, in the experiments, we
have shown that it is possible to estimate traffic risk by the
proposed network. As a future work, we are going to improve the
accuracy of preliminary risk prediction by extending the risk
estimation network. To improve the efficiency of the feature
extraction, we are going to study the latest object detector
YOLOV3 in hope of replacing YOLOV2 for better performance.
In addition, we hope to study the effect of detecting traffic signs
in traffic risk estimation and add them as a new object detection
category.
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In recent years, research on multimodal generation that mutually converts between different data such as im-
ages and sentences has attracted attention from the viewpoint of applicability to real service such as automatic

annotation of images and subtitles of audio.

Meanwhile, in the field of machine learning research, reusable trained models trained using large-scale data sets
are being opened to the public, and the number is expected to increase in the future.

Therefore, in this research, we aim to realize multimodal generation with small data by utilizing this trained
model. In this paper, we propose a multimodal generation method using a trained generation model in which latent
variables of individual modality can be inferred and a small amount of data set. We realized multimodal generation
by estimating the conditional distribution of latent variables obtained from trained models using small number of

train data.
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Binarized Variational Information Bottleneck
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Deep neural networks are utilized in various applications in real worlds, thanks to their capabilities. One of
the fashions of it is their deployment on edge devices. With edge devices, deep neural networks can be used in
the context of IoT. However, the specification of those edge devices is often poor so that deep neural networks
cannot be deployed. Binary neural networks, whose weights and activations are binarized, is one of the solutions.
There is a well-known issue, the drastic drop in accuracy compared to its full precision networks. We consider that
this is because the binary neural networks can only represent a subset of discrete functions so that they become
sensitive to the input perturbation: the lack of robustness for inputs. In this paper, we propose a regularization
approach that helps to alleviate the over-fitting problem by introducing variational information bottleneck. We
show ablation studies on CIFAR-10 that reduce loss value the though accuracy is maintained on AlexNet-like

networks with different binary activation functions.

1. ELC®»IC

HEEE, TOMEOE X h offie Ry CIGHEI T
5. Rz EGEERO O RREIZFL L, KED GPU/TPU
T~ BUEM OB R FEIZHWS Z 8T, EERE S
A2 Clde<, sl - @ mE L e Brock 18]
MHREL R o T W5, — /T, EEEDOEG A [Kawano 17
D &3z, mMERER S TI3 7% < RaspberryPi3 % NVIDIA
JetsonTX2 72 ¥ T v IV FINA A TDETEIEE L%
HENTWd., Ty VTN ATHREEE 2RI T 88, *
DVEREDIRE D ZITHEEFEHET N2 /NS L THRBENRD 5.

HEFEETNVEEMT DI T, TYITNAADE S
EMEREGT R TH HT RIS T 2 HMfi i T hTnd. K
MRk, Efffio—>ThrETFICIEHT 5. 7L
1, 32 €y b OBKERE/ N TREI N T VWA REY
BETFTNDNRITA—R%E 16 €y b 8 Uy b7 E{RHEKE
ETRHTEHEDTHS. Rz, EANT AR LBEEDFE
51 % 1 vy b TEEE N7 binary neural networks (BNNs)
[Courbariaux 16] ¥ XNOR-Net[Rastegari 16] i&, A€V %
BRTC 1/32 O & EZ D EAHF S 5. & 512, BNNs
¥ FPGA ETOETIZBEWT, TOEMERKEHEINDS.

—7 T, BNNs Zld, BREFE/NIUTBTCEREI NG
BYEET IV EIART, —BEHEEN TR >TUESMEND
3. 2L, FEOWEEHRIZ NS A —ZOERBENPRELT
WBZEBERERE XNTWS [Lin 17, 2% 0, HEAST
A= DA (AL ITERE DO REIZ L B2 REDIETF
ZEERIL, EANRTA—REORMBSEH (+1 - -1 %
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By, BFEELPITLR->TLELSTWVS.

WEB T A FEL LT, BANTA—ZADHIKIE L
T L1 FEAME® L2 EEHMEDEE T 5 5%, BNNs ICBWTHE
AFH1LEULIE -1 ITR>TWEdD, TOMBEEZITEZ
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makora9143@gmail.com
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EMTERN, FITAMETIE, BEMNIZZa—FVEy b
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DRI %2 RAS.
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21 ZHEfb=1—35)L%y kT—%
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HIZHIT 28T, ETADY A ZE/NS LY, Ri-#tH
RHCARBRR TIT D S AL 2 5. EHAD L IHMES «b
I -F (AR

+1
-1

x>0
otherwise

z* = Sign(x) = { (1)
THd. 272U, zlF, EHMEEZRLUTED, Sign (/5%
Z#&LUT\W5. BNNs OJEERER, X (1) iIck-> Tk n
FERNTA—Z WP EHCCEHEIND. FEOEEALE
BIZHSFHEBEA VS, —MHoEFESH»thEns. LarL
WIS, FEMBOARITIFLAYEDLLIATOTHST
&, WAEERHHZABIATHELTLEY, ZENTERL. 20
M % #3572, BNNs Tl¥, Hinton D% (2012) T
F/r X N7z straight through estimator (STE) :
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ZELHHRETH B T LD TN T WS [Courbariaux 16]. %
7=, FraBEE i S 9 7B e UGBl U 72 SignSwish :
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Bz WD Z T, KOFEEPLEL TIThbND Z LHHE
ENTW3 [Darabi 18]. %8, o ¥ 7 €1 NEKERT.
STE (Z& Y BNNs OFEHMPAREIZR L — /T, #
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3)

maXG,qﬁ,pr(z,y)ee(z\z) lOg Qv (’y'Z) -1 IOg

Activation ‘ —logqs(ylz) Accuracy 1

BNN(HT) 1.199 +3.93 x 1073 61.592 + 0.267

BVIB(HT) 1.186 +£9.15 x 103 61.646 +0.178
BNN(SSg=5) 1.302 4+ 5.40 x 1073 61.270 +0.410
BVIB(SSg=5) | 1.290 +10.82 x 1073 61.134 +0.475
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o = softplus(W3h + b3)
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I A DEFEEE, Wa, by & W3, bz ldZ T, EL 5k
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Semi-supervised Domain Adaptation using Prediction Models in Associated Domains
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Semi-supervised domain adaptation which trains a prediction model so that it adapts to novel domains from a
few labeled and relatively large unlabeled observations. In this talk, we consider semi-supervised domain adaptation
and propose a model embedding method. Unlike the conventional semi-supervised domain adaptation, our work
utilizes prediction models in source domains. Moreover, our method can generate a pseudo label to unlabeled data
without any special assumption on data distribution. Through experiments, we confirm the effectiveness of our

proposed model embedding approach.
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A study on measures in multi-armed bandit problem with hidden state
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Abstract: The Bandit problem is a matter of maximizing the current reward by selecting one out of the options and acquiring
the reward, while limiting it to one state. Reinforcement learning is a problem of maximizing rewards earned in the future by

performing various actions from options, in the presence of multiple states. The difference between the two is that state

information is known, and multiple states are taken into account. In this simulation, we consider a model in which the current

state and state transition information is unknown, maintaining one state for a certain period of time and then transitioning to

another state. Regarding this model, we compare the general Bandit problem policy and reinforcement learning policy by

cumulative reward. As a result, the cumulative reward was higher for the reinforcement learning policy than for the Bandit

problem policy.
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An Approach to Unseen Classs Classification with In-Service Predictors
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The goal of zero-shot learning is to recognize a novel class that did not appear in training. In this talk, we
introduce a novel approach to zero-shot learning. Our approach reuses in-service predictors which are often available
in practice. Unlike most of the existing methods, our method does not require to replace in-service predictors with
new predictors specifically designed for zero-shot learning.
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ANTHS B T g

(R 5 RYE,

NESNEZ L E2FEET 5.
S O IS ASH AT RE & W S RE IR EIFEIC B LT LIE
Uidli= a5, BIZIE, F— X0 8t = 28 %
THELETHEMEHINTWE Z RN EZ NS, &
NS DOER T O PR F 2L Ty 3y NEEHO TR
Xz 2071, BT Y AT ADEHE R E %
DAA NN B720, BEIIL VIR A %2E5D-F
WATEBZEAEE LV, AEOEMIE, ZOEMAHDT
W (DS 2FAALANRS YR Y ay NERHEE R
I EThHA.



3Rin2-06

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

3. BEFE
3.1 RHEEFAETIL

WREDL 1, BERZ MLVEEETSZETTHET
b G(xz,a) ZXIET 525 AT PHBEARLE. *
MK UTERZ L, RN MV A EE L -BEEEFIET
Wy (a) 2525, 22T, f 3FHHRLL2T -2
THY, THT~ILE

o= ("
y; = argmax n, (a"’)
teYuYy 7

IZ&bfgons.
3.2 EFILBMAEFTAE

IR E FHIE TV OHEEIEIZ DO WTHAT 5. 74
b F— R EITIZRR A BN R =V 3D D 5B, HVEETA
TOT AT =X A3 U TRBIEE FHIE TV 2 ST 5 2
CIFHEN TRV, 2T, BERIRED T A Aty
LZFHETNVET A NEICEET 5.

9, TANT & &) T AP0 Tlgo B
s = O (a)) £18%. RLwBTATTI, FHEETFHE
?wn%mm)%,%®mbﬁﬁ%¢®%ﬂ%®mﬁnﬁ<t
5E£21ZHIHfTHZ L THS:

¢
sg )~ e (a™).

TDE57% n, (@) F, {(@P,s))E, AT -2 L
THEBOEREY 7 b (BAE) v VERETS B %5
T3 TABIBONG. BoNETHE A, 2HVD
Z&T, FHIZNL g = argmaxy ¢y y, T (@) B35
h3.

4. FHMEEER

41 ANIF—%

ATF— &% 3] KHENER L, REEDOVERE% ML 7.
Fex DEBRTIE, d =10, m = 20, n¥ = 50, ky = 100 &
L7,

HEHAROTHEE LT, VAT sy ZEk (LR) &3 KR—
R MV REEE (SVC) Z2GTHL, FHIZEOEVIC X B
FHEOVEREN DB Uz, BEEIIB TS, BEEET
HE TV OREE I £o-1E B b/ N T3k A R U 72,

BER1 2 5 AR kg # 2L U7z & & DIREEDO S FREE DZAL
X 1IZRT. kg < 50 T, BEEIZ T 2NN
HESEARINL, ks > 50 THIUE, HEREICKE 22101E
Ronigrorz., ERATOFRTZHANS NS FHIETVIZHE
LClE, LR ZFHT 2 G5 EEZD LB WD MR E LSS
ni-.

4.2 NYFI—UT—%

WIT, 4 DDNYF =0T —REAVTREFEO MR
I L. Ry Fv—2F—X & LT, Attribute Pascal
and Yahoo (aPY) [7], Animals with Attributes (AWA) [1],
Caltech-UCSD-Birds 200-2011 (CUB) [8], SUN [9] ZFIH L
7o, EERRIEE L LT, 101 D ResNet [10] 225/ 517
2048 kot ML [6] ZFIH U 7=,

#1127 Top-1 D EKEE 2R 9. REEIYR Y ay b
FEIFHL U 20882 — P oEE LW H b 57, ik
DET Y 3y RGO R O BRI VCHS SRS
"ohz.

0.7/
0.6
05,
%o,
0.3 —— 12%% + LR
0.2 —{- $REE +SVC
50 100 150 200
BEm o 2 28

B 1: BERIZ T A kg 22T BTz & & OFIREE & YR
7 GATEE S [) .

% 1. V4 Top-1 A EEHIHE. WEETHOMIIE, B (6
XD EEHE S L.

ERES aPY AWA SUN CUB

ALE [2] 397 599 581 549
ESZSL [3] 383 582 545 53.9
SynC [4] 239 540 563 55.6
LatEm [5] 352 55.1 553 49.3
BEHE 387 545 554 534

5. BHYIC

AT, EFVEMNEICE S WEYOY ay MEREE
BELUE. £ OfEREE By, RERIGEH O P
TEHUTRAIZ S A% 5D PHINTES., FRRIZX D, BF
Hix¥ay ay MEEICRML U 0MEEE DO REEL v
LD ST, MERIEICPLET 2 ERNMFOND Z L 2GR L /2.

A
BT A Y b & SN RIREA S ACB# L 27
S Xk

[1] Christoph H Lampert, Hannes Nickisch, and Stefan Harmeling.
Learning to detect unseen object classes by between-class at-
tribute transfer. In CVPR, 2009.

[2] Zeynep Akata, Florent Perronnin, Zaid Harchaoui, and Cordelia
Schmid. Label-embedding for attribute-based classification. In
CVPR, 2013.

[3] Bernardino Romera-Paredes and Philip Torr. An embarrass-
ingly simple approach to zero-shot learning. In JCML, 2015.

[4] Soravit Changpinyo, Wei-Lun Chao, Boging Gong, and Fei Sha.
Synthesized classifiers for zero-shot learning. In CVPR, 2016.

[5] Yongqin Xian, Zeynep Akata, Gaurav Sharma, Quynh Nguyen,
Matthias Hein, and Bernt Schiele. Latent embeddings for zero-
shot classification. In CVPR, 2016.

[6] Yonggin Xian, Bernt Schiele, and Zeynep Akata. Zero-shot
learning - the good, the bad and the ugly. In CVPR, 2017.

[7] Ali Farhadi, Ian Endres, Derek Hoiem, and David Forsyth. De-
scribing objects by their attributes. In CVPR, 2009.

[8] P. Welinder, S. Branson, T. Mita, C. Wah, F. Schroff, S. Be-
longie, and P. Perona. Caltech-UCSD Birds 200. Technical
report, California Institute of Technology, 2010.

[9] Genevieve Patterson and James Hays. SUN attribute database:
Discovering, annotating, and recognizing scene attributes. In
CVPR, 2012.

[10] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun.
Deep residual learning for image recognition. In CVPR, 2016.
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Multi-armed bandit algorithm applicable to stationary and non-stationary environment using self-
organizing maps

BE EAT

Nobuhito Manome

IR e
Shuji Shinohara

YT a7 AR S
SoftBank Robotics Corp.

gk BRI

Kouta Suzuki

Wl BT

Kosuke Tomonaga

A

Shunji Mitsuyoshi

RO KRR TR TER

Graduate School of Engineering, The University of Tokyo

A communication robots aiming to satisfy the users facing them needs to take appropriate behavior more rapidly. However,

user requests often change while these robots are determining the most appropriate behavior for these users. Therefore, it is

difficult for robots to derive an appropriate behavior. Such problems are formulated as a multi-armed bandit problem. To solve

this problem, we proposed a multi-armed bandit algorithm capable of adaptation to stationary and non-stationary environments

using self-organizing map. In this study, numerous experiments were conducted considering a stochastic multi-armed bandit

problem in both stationary and non-stationary environments. Consequently, the proposed algorithm demonstrated equivalent

or improved effectiveness in stationary environments with numerous arms and consistently strong capability in non-stationary

environments regardless of the number of arms in contrast with existing UCB1, UCB1-Tuned, and Thompson Sampling

algorithms.

1. [FC&HIC

KET D2 — VA eI AL HNET Haia=r—
armRy ML, BRY  OFFOLDITEIEIRENG, K RLE
DA —PIELTATENV A )T 20BN HL. LnLBLIEITIT,
By REDA— P LT ATEV AR R L TOR P2 — 1
DRDDEDNELL TLEIZEN S 2 oD, DT, alRy
DB 7R A TEY I EEL .

OO, 2T v MEE[Robbins 1952]& LT
ERAbS D, ST oy MBS, B TR
DD R D DERIE TIZHWVTC, BRAVICHIAZ=IRL, 15
DINDLHEN A T RAb S T2 LA B E T 2ETHD. ZDM
T, SRR O @A T IR R GRS m &
TelE 3 2hia B <R H O —RA 72 NTET HET /LT
Y, BALTFE O FAN LB LS ATV D [Sutton 1998].

LN Ty MBS BT HRERZRT LTV LLL T,
e-greedy [Sutton 1998], Softmax policy [Sutton 1998], Upper-
Confidence Bound (UCB) policies [Auer 2002172 E N FAET 5.
INBEOT NAVANT, EWERE FIZBWTUIR WL R
T LinL, FEEFERE FICB W UIRVWWREZ RS20 E
M, BRBREICRHELEZT VIV X ABBRESLTWD
[Kocsis 2006][Garivier 2011]. ZD X EF EREE FIcB W\ T
BT PERRE T 7 LTV, FEEFERE TICB W THE
AR Z T EITRG T, EHH0BEE TIcB W Th A ke
TNAVZXLDOBHFEIIIR S TRV,

4 1%, LLAl Kohonen @ [ CUk kL~ 7" (Self-Organizing
Map: SOM) [Kohonen 19951% H\ =2l N7 ¢ M BED 7=
DOFLNT /LTY R L (SOM-based Algorithm) 24222 L T 5
[ H 2019]. AFTIE, EFRE Y, FEFRE TWEICE
FHRET NAYXLDMRER HDT2DIT, LT v M
JE O T W A3 Z L BEE AT BT R A AR I

R B BEN, Y7 IR T 7 AR S AL/ R
RN LS AW5E R, manome@bioeng.t.u—tokyo.ac.jp

W Z BRI N T oy MBEE X S E LT, iR %
1TV, TR AOPERERMREET .

2. BN\ Ty 7L X L

AT, RETNVTFURLE e-greedy <° Softmax policy &
BUMEBRZ R T ZEMNAHIL TS UCBI [Auer 2002], UCBI-
Tuned [Auer 2002], Thompson Sampling [Thompson 1933]& D
PEREFLIZATS. £2°C, AETIIZO 3 SO ATV N
LIRZET N TVA LI DN T RD,

2.1 UCB1

LT 4 MEIZ BT, BOND WM& e Kb 9572
DITIE, AN R D m O BE A o DHE SR SN =R 23 Ao
LHE(E 3 BRE B FFRFI R O NZU AN EE THS. UCBL I,
ZOOYEFREFGERT D RT U ADMENTIY, MeRA T 4y
MEBEIZ BT DIEAER 2T LAY A LS TN,

ZOTNAYRLNTI, RANSETORIZE 1 B9 OFHRL, <
DEITF(L) TEFRSNDFAMAE AN S Ol j 2 IR L T

j = argmax; ()?i + mﬂ) @)

Ti(n)

ZorE, X FBiOMAE, niZ & TOROERE, T;(n)ix
JBEi DR 155 TH 5.

2.2 UCB1-Tuned

UCBI1-Tuned i%, UCB1 DiZBET /L TH5.

ZOTNFYRXALTHE, UCBI [AEERANCETORIE 1 A3
DIIRL, ZDOHZITH(2) TEHRSIVOEAMME D e 3V i 2
IR L CUL.

logn
Ti(n)

J = argmax; ()?,- +\/ min E, Vi(T; (n))}) @)
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ZOEE, XTI WIHE, nix & TORORR AL, T,(n)ix
Jai OEAREIELTHY, ViIEX(B) TERSNA.

- L
Vi) = (Ao X3) — K3 + [0 @)

ZDLE, X 1 FyRE R TOBEDOHRIM TH 5.

2.3 Thompson Sampling

Thompson Sampling 1%, BDHIM /3T A—4 p; DA SD D e
AN AERRSND LA E L THE 2 D E—BlED—>
ThD. T, KIROEA UCB policies (2 b~ ROFRITEIEL
WCEWAERZ H 52 L35 T A[Kaufmann 2012].

ZOT TR N, FBEZOWT, HOFERIAIHEST
ERENAELE 27V 7L, ZOME D R B O B AR IR
LT,

AU, SO NTA—F @, B —H 3 AT LT
FEEL T, TATVRLEIRITRT .

Algorithm 1: Thompson Sampling
Foreacharmi=1,..,Nsetn; =0,m; = 0.
foreacht = 1,2, ..., do
For each arm i = 1,...,N, sample {; from the Beta(1 +
n;, 1 + m;) distribution.
Play arm i = argmax;e(q,. n fI; and observe reward 7;.
Ifry =1,thenn; =n; + 1, elsem; =m; + 1.
End

24 RETINIVRL

ARETTIL, 1ZUHIT Kohonen D ixh FARHI72 SOM (Z-OW\W T
AT 5. RIZ SOM 2 W= 2 i/ N0 7 ¢ MO T2 D7
LY R NN T 5.

(1) SOM

SOM I, Kohonen (ZEW IS Zl72 L 7= 2175 N L
Za—INFY T =7 THY, FITF —F~ A= T D8 TL
<HWBRLA[LL 2018][Belkhiri 2018]. SOM D7 —F7 7 F ¢ L
FET NIV LOMEL 1 1R

SOM IZANEEFATE D 2 Jg TR S D, SOM O B #IE,
EIRTEOBIR T — &y Mgt A ORI TS M ~F4 95
ZEThD. SOM OFE IR, EFE IRy EISn, 2t
W/ —RBEESND. £, &/ —RITEAEEITNDHEH]
T —HDRTEELERICRKESORI MV EFF> TS, SOM D%
BT NFVRLERIRT .

Step 1. %/ —ROBEALY Ay, (0)% 5% 5. ZLT, FH
m%t = 1&95.

Step 2. BT — 2By b —20DFT —Zxw AN JJ~_IM L&
[BHGE R N

Step 3. ATJ_IILXIZHILTC, bl WEAZRFOBE /
—ReER(DITIVRIET 5.

¢ = argming||x — y, (t — 1)||? 4)
Step 4. % /—RDOFEAZEXGICEVFEH T 5.

Vie(®) = yie(t = 1) + a(Ohe (O -yt =1} (5)

Step 1. Initialize each node’s weight.

Step 2. Choose an input vector from data set.
Step 3. Calculate the Best Matching Unit.
Step 4. Modify the weights of nodes.

[ ]
o © 1R
_——‘4' . .
[ ] Best-Matching Unit
[ ]
L Input vector elejefe
Data set

Self-Organizing Map

1. SOM D7 —X T 7 F ¥ LR T N AYRX LOREE

ZOLE, aldFEE =, hgTEERETHY, zhzh(6) -
@ICdviERSND.

a(®) = ap(1-7) (6)
hew(6) = exp (— 12) )
o(t) = max {Joexp (— %) , amin} (8)

ZOLE, agl X FEBOYIINE, TILFEROM/ NAE —R &k
WOWERL, dyg T ) — Rt ) —RkD—2r1 o R Ik
ThDH. Tz, oI R THY, ool TITEE O Y,
Opmin VT B D e/ IME, T T B OME NAE — R &b
LFEHTHS. TLT, FEEHE =t + 121U T Step 2 12V
UL ke UBirac
(2) SOM-based Algorithm

FERT NIV RN, Bz BN LT e X O 2 il 25t 7
BHSOMED A EFHZ TR MM R A HEE L, BRI 2/
ZBRANIREL T EDTHS. 7TV RLERITRT .

Step 1. i lZx 3 ASOMiEED ¥y AE$ 5. ZORE,
SOM{ D4/ —R D EAOFMHEyYL ()1, 2T 1 Ke~IhL
Tyi(0) = (1)&T 5. LT, Bt = 129°%.

Step 2. T(9) TE HIALDFHME D feh imi\ i &2 3R 5.

j = argmax; 1o S lyi (¢~ D] ©

ZDLE, NUISOMID )/ — R Ths. £T-, Sl R k&7
DM ES DTG A, O H ChEE B id b/ hE i s i
R 5.

Step 3. WijZ BN L 7= X OMM AR T 5. S0 7= i
21 OYEx = (1), Bl 0 D% Ex = (0)E7 5.

Step 4. IR 7= |2 HSOMI IZ DN, xITKRET 25
F =Rz R (1O IVRETS.

; 2
¢ = argming||x —y; (t = 1| (10)

IOLE, Wi/ —RERDERMBEIS TG, DR T/

—RE TP RSNV —REIEIRT 5.

Step 5. SOM/ (DWW T, 4 /—FDOEAE2 AT EH
5.
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3. FEEHERBE TIZH1F% UCBI, UCBI1-Tuned, Thompson Sampling, #2457 /LT YR AD regret O FLIgis 5. 22 BIEICBED
AH 2, 10, 100 DEAITITS regret D 10,000 [ DI EA RS

yi®) =yt - D +a(tha()x-ylt-D} QD

ZOrE, i ORIREIETHY, aBLOhyiT:X(6) — (8)
FOHET D, BIRSNRD-T2HEi( # HICOWTILyi(e) =
yi(t — DETH. LT, Bkt = t + 12 LT Step 2 ISRV ALEE
AR

3. MIEXER

ARTIE, FERIA T oo MUEE G LLT, B FEE
R N EN TS OW T ER AT T-7-.

BRODIRE IS, i Z L IS5 E AL i i 2R P2 DTk
EEND. TUAY— T2 BRI 5 LR P, TR0, fE=R
1— P, CHEN0.04 552 LRTED. ZDLE, iz BEIRT 5E
Bz step EFECY, TLAY—03 1 step TN TEDMIE 1 KD
HTH%. EHERE FICRT 5B MMERPx, 728
[0 KR D —EEALENC > CTIRE LTZ. FT2, EEWERE T
2B T D5 O WmENfE 2 P L, AT &12[0,1] KM O —Hk L
I > TRET DA, 500 step L2 TORO IR E
[0,1] XA D —HRELENZ > THERR L 72

TNTYRAOVERERHINCIE, 2o T o MEREIZIIT 2
REWZRFMIBIECTHD regret MV 7z, regret &1, £2TO
step (2B W THRENAE R B b @ WO BIA R IRU 7256 L FEERIC
BN 72O FHEO ZTHY, ZOMEHR/NENIEE RN
TNAVAREZEZD.

AREFRTIX, 7NAAYZLOMERETHM D721, BOAEL 2,
10, 100 DEFEIZONT, L 10,000 step DI I2L—g
% 10,000 [RIFRITL, 4 step [Z331F 5 regret O - fEEFHIL
To. Fi2, R T VTVALICETSD SOM DA TEIL, £TK
EX10x10, =T ABMDOEH K FEL, ap =01, T=
10,000, 0y = 10, Gy = 5, T = 50&L7%.

4. $#ER

BEOAEL 2, 10, 100 DHFFITHOWT, EFEE FICBT5
regret DFERA X 212, FEEFBREE FIZH1TD regret DFER%E
3T

2IVEHERE FIZBWT, BIDOAK 2 LA >\ T
UCBI1-Tuned & Thompson Sampling @ regret 3 [F UFRJE CThed
INSWMELEZ2 T2, IOARER 10 OEFE 1220 TlE Thompson
Sampling @ regret 23/ NSUMEEZR T2, BEOAREL 100 DY
A2V TIE, Thompson Sampling SHEZET LTV X LD regret
DBFECEE TRb/NSWME e o7z

3 JVIEEFERE TIZBWTE, BoA% 2, 10, 100 T
DT DOWTIRET VIV R LD regret 23, BRENELTD
500 step H AREIRH /IS MEE R ST2.

5 B

KRS, FRET NV LIE RS FICB0V\ T, UCBI,
UCBI1-Tuned, Thompson Sampling &b, BED AL NZL NG
BIZHOWCRIZEL EOMWREEH T D ENFHAIND. F,

-3
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4. FBET VAV XLNZEITD SOM ORIFUERE R, ZEOKITEREN 0.0, 1.0 GLNDFEENZIEN 0.8, 0.2 Oz, F1H50
XUZEREN 0.0, 1.0 BEOIDRERNZEINZEIL 0.2, 0.8 Dz, A OKIZHEN 0.0, 0.5, 1.0 BELNDMEENZIEI 0.2, 0.6,
0.2 Dfa% 1,000 FIEIRL7-% D SOM O AL AR T #7 EOfRIZ/ —ROEAHZHRKT.

FEEFERBE FIZEB VT, UCBI, UCBI-Tuned, Thompson
Sampling &b, BED AL B 0635 12 i i 22 o0 i i
IR TEAZLENHATND.

AFETIE, #2827 LT VR AIZSVT Kohonen @ SOM %%
DFEFHNZ. ZORV Y RET AU MTONWTIRARD.

RETNITVANIEBIT DAY M, SOM OB R, Ui
PRAAE NS DT ETH IROREHR IO i 54 228 1<
HETELEIZHD. Ak SOM ZHWVDERIL, BRI G0F
—ENEE RN EERHRELTWA. 207280, BLRxTE0
T =AD& G 2 EEALT DGR, R R, B RE
fa/hSERNWEREW, — 5T, #E2T7 LIV LOX(11)D
2IHENL DI, BLRES D SOM O/ —R D E A (FOFE
ML 3%2S 9 2) ERERICEL NI IC R NIEHHIEE,
REEAEHT2720, EFRRRETOLRLTIEEHEET
THENIMEREE HE =8B 2 6N5.

Fi, T E A= T OBRIZBIT DA MO TEET S,
SOM 1F7 — X DORHEA R LT DI LB TND. EDTD,
SOM Z b3 HZET, EOMEMNNE DOFLE DEIETHIH
FTHNEVIFEDEHRE DL T IRZDIENTED. SOM
O AMALAE RO —FIZ K 41277 K 41F, #2300, 1.0
2 % 7 D S RENAS 0.0, 0.5, 1.0 @ 3 E% H 19 DiE
1,000 RN 7% D SOM O RIRILFER THD. K 4 (TR T
W0 SOM IZHRWN T, BT, EORBIAE OFEE D
FA THILT 0B R L TH035.

RERTNVIVALMIEBIT DT AV REL T, BOEERTE
77D SOM Z HE L7t nidebienmind b, iz, fE
\ZBITABEOARED 100 DS, SOM O 100 HE T 544
WRHY, AEVDOWMLEBENELIeD. LTzB->T, ST 4
v NEE A~ —MNIEZLT21T 5B 258 SOM DOFH R KD 7
ZRWEBEARET A EEZ N RW. 2120, RFR S
DNTIE, 1 step IZD& 15D SOM D/ —RDELA BHT5
DIHIRDT, SIFEEIIRGR2. T, ROZRF L2567
VST A—ENLNEL IR TH .

6. F&&H

AFETUL, #ERER AT 4y M BEEZ R ELT, EH - HEE
FWEREE T ENE NI OV TEIEEREIT 7. ZORER, #7
BT NIAYXLTEEFET VA2 XA UCB1, UCBI1-Tuned,
Thompson Sampling &, GEH BREE NI W TEO A%
MLV BT HOW TR LOMREZR, JEEFRE FiZku
THEBEO ARSI RVEREE S I D AR LTz,

L1418, SOM D/RTA—HEIE 2 F-BRD 53 SOM Dt
KA R—=2 LU= 7 L2 X ADOBISE (AR Te.

S5 3K
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Learning Interpretable Control Policies with Decision Trees
via the Cross-Entropy Method
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Learning interpretable policies for control problems is important for industrial requirements for safety and main-
tenance. A common approach to acquiring interpretable policies is to learn a decision tree that imitates a black-box
(e.g., neural network-based) policy trained to maximize the expected reward in a given environment. However,
such approximated decision tree policies are suboptimal in the sense that they do not necessarily maximize the
expected reward. In this paper, we propose a method for learning a decision tree policy that directly maximizes the
reward using the cross-entropy method. Our experimental results show that our method can acquire interpretable
decision tree policies that perform better than baseline policies learned by the imitation approach.
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Development of Embedded System for Recognizing Kuzushiji by Deep Learning
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Abstract: Effective utilization of “Pre-modern Japanese book database” constructed by the project supervised by Center for
Collaborative Research on Pre-Modern Texts, National Institute of Japanese Literature, will push forward the development of
the inter-field study. It may become an obstacle for the researchers with a little knowledge of classical literature, however,
because historical Japanese texts have been written by Kuzushiji (Hentaigana and cursive kanji). In this article, we report an
attempt of recognizing Kuzushiji by deep learning. Using Raspberry Pi which is the low-cost small single board computer, we
developed the embedded system with enough recognizing rate and speed. In addition, manifold images of Kuzushiji written
in a text image of the spread can be extracted. Our system will be effective for school children or elderly people not
possessing mobile devices who want to come in touch with Kuzushiji.
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Residual Networks (2394 2 MR IEHI{LDFEE © Shake-ResDrop &
Shake-SENet

Stochastic Regularization for Residual Networks: Shake-ResDrop and Shake-SENet

HE 5t

Junya Shirahama

JiA  —Z

Kazuhiko Kamoto

THERF

Chiba University

Recently, residual networks (ResNets) and their improvements, such as stochastic regularization, have proven
to be able to reduce overfitting during training processes. In this paper, we propose two stochastic models which
combines stochastic regularization and attention mechanism. The two models are based on ShakeDrop, combining
either SENet or Stochastic Depth with ShakeDrop itself. Both of our methods were able to improve existing

ShakeDrop results on CIFAR-100.

1. ELC®HIC

WEFEHEZHO-HGERE A AT TlE, BEAAA=Z1—
FI 3w N7 —2 (CNN) DBEF L 2>TW3. Residual
networks (ResNet) [He et al. 2016] 1%, ¥ a— kA M
fix® € > CNN T, 2015 412 150 @ LA E &0 D K 4 3
JEft % EB U 7. ResNet [FEELICRNELRNZD, B
ETHAESHMEINT WS, Bk TiE, ResNet OAbHEE
NEMEIEDZOICHRPNREMPBEINTND.
Dropout[Srivastava et al 2014] D& S5 IZ=a2—1 Y TlE4<,
ResNet DJE % fERINIZ#E £ § Stochastic Depth (ResDrop)
[Haung et al. 2016] %, AMELZEINA T — X ILEMEEE72S
¥ Shake-Shake [Gastaldi et al. 2017] 72 & DfERIIFEM 1
EINTWD. I 51T, ResDrop DE D IZEZE LT DTIE
7% < Shake-Shake @ & D (ZAMEL & NI R 2 DN A RO DM lER )
1224k X, ShakeDrop[Yamada et al. 2018] £ #2FE I N T
5. ShakeDrop & CIFAR-100 % F\ 7z @455 $6C 24 D
EREE Gk L2, 3512, ResNet 127 7V a3 V%
HA U7 SENet[Hu et al. 2018] LEEINT NS,

ARWFFETIE, ZDO&D8T TV a UEEOHERNERN LD
ETIIVEMAGDE T I @HRERMREAMLZ RS 2.

2. REFE%

BEAF DA R I HI{E £ TdH % ShakeDrop % #{iZ ResDrop
& SENet #flABDE/T —FT7 7 F ¥ 2 RET 5.

2.1 ShakeDrop & ResDrop

ShakeDrop & ResDrop Zfl#A& 1%, ShakeDrop (/&
EERETREEZ IR 2720, 1D &SIZ, residual €Y a—
N, Ya— Ay MER (HF1I20 20T 5720), HIITEL
o e [—1,1] 2% ShakeDrop €Y a2 —J)l, D3 DODH
ENEEAIHND Z 212785, FDFER, ShakeDrop & V)
EFNT VY VTN EOMEEED N TES. X
HIZ, Ya— Ay MNEEPMDD Z L2k, NTA—X
EWOT L TE, #EHRME2EMHRTIZ LTS, £
7z, ResDrop * ShakeDrop & [AFRIZENEL 22 I12DONT,
residual €YV a— VBB NDMEREZES L, KD D2 DOHER

HAESE: JIIAR—EZ, TERFERFG LM, TENMEX
gRAEHT 1-33, kawa@faculty.chiba-u.jp

[ Conv | [ Conv | [ Conv |
| Conv | | Conv | [ Conv |
. [ x0_ ] xa
+ + 4
residual shortcut ShakeDrop
module connection module

1: ShakeDrop & ResDrop filAGHETHNS 3 DOREE

WELRDEIIZT2. ZOMERDEM|IE, FY NT—2»5
BOEEIX2ITRTEIICRD.

2.2 ShakeDrop & SENet

D2 D%MAGDED [EL UTIEHK 3 IZRT LA
Y, ShakeDrop Xt 7-#2(Z SE Block # Avd» (X 3 £),
HCANS N Rd (K3 4).

ShakeDrop DN R 7285413 ShakeDrop DRH#ZEH# T
DT — ALY SENet DT 7 v ¥ a V& AL HED Z
EMTED. ZOMAEDLETIE, K3 EIRTEDIC, &
AIAAREDH I a e [-1,1] ZNT 27O 5 KL S
S8, ¥FREEFLLTELZ IR EEZLND. TLEE T
2GS (residual €Y 2 —)ViZ723) & SENet DARKD 7
TUYaVEEEEARNT N TES 2D, BIZINAZEGE
HREE R ERRAEND.

ShakeDrop DRI X 723534 & ShakeDrop D TD T — &
HLARIZ SENet O T 7V ¥ a V2 A G HEDL e BT
%. ShakeDrop OFLE L FIREIZ, BAAARENSDHITI% SE
Block DEATAT — )V 7§50, FYV2NVDOT TV
TavEEGLTRIIRETO LN TE S, (VAR ED
ZLILEoTF YU ANDT Ty a v ORERiEEE AND Z
LB TEDD, ADETORNMEHNZHIZEAND EHEAH
N3 [Yamada et al. 2018]. F7ZHIIZINA D LGB A 728
& FRRIZ, ELEE N RWE Zid SENet 2 AKDETH 2
LNnd.
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2: 5 ETHBLED 3FHDHNS

3: /£ : ShakeDrop D% 44 : ShakeDrop DHi

3. RREREEER

— R R T — % v b CIFAR-100 % F\VTRERAI %
TH#S 5. CIFAR-100 1% 100 7 5 A4 600 ¥, & 60000
Wiz MHEL-ZT =22y N T, &2 5 A 500 Wz%H
HAT—2&, 100 WEFHiHT—2 &35, EROBEER 112
ALY

R 2ITEMAER %R, K2 &Y, ShakeDrop HllD Tk &
DE, 3 DODREFIETHBNIEIZM < Z>T%. ResDrop
CHAGDOETIE, 7YY Y TIVEEHOMEE MDD Z T
EMREM ETE R EZTWD, X5, NIA—ZHLREDS
FTIEWTE D 20FEIFH OB E MR TES. ShakeDrop
DI SENet % flAAL FIEDEE RO GERRBIR & 2 LT
5. ZOZXIE, FYURNDTTUYaveeEhT—RRE
952 EMMERER EICEMNT 2 Z 2 2R LTS, ShakeDrop
MD%IZ SENet % #lAiAL FI5E, ShakeDrop BHUZ LA TR
HARIIMEL BoTHY, 77 vy 3 v BRI IE
AMEICHLAGDETEAEMTHE L2 RL TS,

4. BHYIC

AT TIE, MR IEA{ETFED ShakeDrop 12, HESRMIE
A{EFHED ResDrop 7 7 V¥ 3 VD SENet % flAs
HDEDZLDOEMMEEMERFIEL KT D Z L I2& Y FEEL
7. SRIIMGEE U 2R EANL AL 7 7Y 3 VBN % [
FRFIZfHAGDES e 2HE LT 5.

A

AKFZEix JSPS RHifE JP16K00231 DBk % ZI1F7-2€ D
TY9.

1 EREE
NYFHA X 128
TRy 78 1800
— Random Erasing
—4&
7 AR [Zoung et al. 2016]
PR 0.2
EN e 0.0001
HiE LR SGD with momentum
KB JUOALY O —E
s = Cosine Learnig Scheduling
243 =
G [Loshchilov et al. 2017]

% 2: CIFAR-100 (25679 % =Bkt 5

Tk | AR (%) | FEE (h)
ShakeDrop 13.16 66.8
ShakeDrop and ResDrop 12.76 63.0
ShakeDrop after SENet 12.42 77.9
ShakeDrop before SENet 12.83 76.8
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Fairness-aware Edit of Thresholds in a Learned Decision Tree

Using a Mixed Integer Programming Formulation

Kentaro Kanamori

Hiroki Arimura

Graduate School of Infomation Science and Technology, Hokkaido University

Fairness in machine learning is an emerging topic in recent years. In this paper, we propose a post-processing
method for editing a given decision tree to be fair according to a specified discrimination criterion by modifying its
branching thresholds in internal nodes. We propose a mixed integer linear programming (MIP) formulation for the
problem, which can deal with several other constraints flexibly and can be solved efficiently by any existing solver.
By experiments, we confirm the effectiveness of our approach by comparing existing post-processing methods.

1. Introduction

Background and Motivation In the application of ma-
chine learning models to the actual decision making, prob-
lems other than their prediction accuracy, such as inter-
pretability [10] and fairness [7], attract increasing attention.
If their prediction results are unexplainable or discrimina-
tive, they are no longer usable in the actual decision making,
even if they achieve high accuracy.

In this paper, we focus on decision tree models [4], and
study a post-processing method [7] for decision trees. More
specifically, we consider a problem of editing a decision tree
by modifying its branching thresholds in internal nodes
so as to satisfy fairness constraints w.r.t. a sensitive at-
tribute such as gender and race, named re-thresholding
problem. We formulate it as a mized integer linear pro-
gramming (MIP) problem, which we can obtain an optimal
solution by powerful off-the-shelf solvers such as CPLEX*!
and Gurobi*2. Our approach has the following advantages:

e Interpretability: Decision tree models are known as
one of the interpretable machine learning models since
their predictions are based on a set of rules that human
can understand easily [10,11].

e Adaptivity: Post-processing methods can deal with
the situation that a sensitive attribute or fairness cri-
terion is given after learning [6,7,9]. In the actual

decision making, they are not always given in advance.

e Flexibility: Our MIP formulation can deal with addi-
tional constraints defined by users without implement-
ing designated algorithms, if these constraints can be
expressed as linear equations or inequalities [2,3,11].

Contribution Our contributions are as follows:

1. We formulate a post-processing problem of editing
a given decision tree so as to satisfy fairness con-
straints by modifying its branching thresholds, named
re-thresholding problem, as an MIP problem.

Contact: kanamori@ist.hokudai.ac.jp
%1 https://www.ibm.com/analytics/cplex-optimizer
*2 http://www.gurobi.com/

2. We formulate an edit distance [12] of a decision tree
to measure dissimilarity between given and modified
decision trees as edit limitation constraints.

3. By experiments on real datasets, we confirm the effec-
tiveness of our proposed method by comparing other
existing post-processing methods.

2. Preliminary

2.1 Notation

For n € N, we denote by [n] = {1,...,n}. For a proposi-
tion 1, I[¢)] denotes the indicator of ¢, i.e., I[¢)] = 1 if ¢ is
true, and I[¢)] = 0 if ¢ is false.

In this paper, we consider a binary classification prob-
lem, and assume its input space is normalized to [0, 1]D
without loss of generality. Let a pair of an input and
an output (z,y) € [0,1]° x {0,1} be an example, and
S = {(z9,y9)}, be a dataset with N examples. For
a prediction model h : [0,1]° — {0,1}, the empirical loss
on S is defined by L(h | S) := & Z;\le I [h(:v(j)) # ym]

In addition, we consider a sensitive attribute z € {0,1},
Let 20 be the sensitive at-
tribute value w.r.t. j-th example (:r(j)7y(j)) € S, and
Z = {z“)};\]:l be the set of its values w.r.t. S.

such as gender and race.

2.2 Decision trees

The decision tree [4] is a prediction model that consists of
a set of prediction rules expressed by the full binary ordered
tree structure. It makes the prediction according to the
label of the leaf node that the input z reaches, and the
corresponding leaf node is determined by traversing the tree
from the root. Each internal node has a pair of parameters
(d,b) € [D] x [0,1], where d is a branching feature and b
is a branching threshold, and the input x = (z1,...,zp) is
directed to one of two child nodes depending on whether
the statement x4 < b is true or not.

Then, the decision tree can be expressed as follows:

K
k=1

ha)=> "l [] Tlza, <bm] [] Ilza, > bml,

mEal(CL> mGaI(CR)
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Figure 1: An illustration of a decision tree. For 2-nd leaf
node, ol = {1,3}, agR') = {2}, and its corresponding re-
gion 12 = (—o0,0.8] x (0.4, 0.7].

where K € N is the total number of leaf nodes, I € {0,1}
is a predictive label of k-th leaf node, (dm,bm) € [D] x [0, 1]
is a branching rule in m-th internal node, and ag“) (a]iR)) -
[K —1] is a set of left(right)-branching internal node indexes
Note
that a decision tree with K leaf nodes has K — 1 internal

on the pass from the root node to k-th leaf node.

nodes since it is expressed as the full binary ordered tree
structure. We denote a region corresponding to k-th leaf
node by 7 C [0,1]”. Then, a set of the regions {ry}r_,
expresses a partition of the input space. Figure 1 illustrates
an example of a decision tree.

We denote a set of all possible decision trees by H. In this
paper, since we consider the problem of modifying branch-
ing thresholds B := (b1,...,bx_1) € [0,1]%~" of a given
decision tree, we denote a decision tree with B by hg € H.

2.3 Discrimination scores

We use two major criteria named demographic par-
ity(DP) [5] and equal opportunity(EO) [8] to evaluate the
discrimination of the model. We denote an empirical prob-
ability on a dataset S and sensitive attribute Z by P.

Definition 1 (DP score) DP score of a model h on a
dataset S w.r.t. a sensitive attribute Z is defined by

bpp(h|S,Z) :=|P(h(z) =1z

Definition 2 (EO score) EO score of a model h on a
dataset S w.r.t. a sensitive attribute Z is defined by
Ss0(h | 8,2) = [P(h(z) = 1|y = 1,2 = 1)
—P(h(@)=1]y=1,2=0)|.

In this paper, we call DP and EO scores discrimination
score together. These values approach 1 as the model h
tends to make the predictions unfairly for z, while they

approach 0 if the model makes the predictions fairly.

2.4 Problem formulation

Here, we define our problem named re-thresholding prob-
lem. We assume that a decision tree hp with branching
thresholds B is already given, and the goal is to reduce
the discrimination score on a given dataset S by modify-
ing branching thresholds in B without changing the given
decision tree significantly.

Problem 1 (Re-thresholding) Given a dataset S, sen-
sitive attribute Z, decision tree hp with branching thresholds
B = (by,...,bx_1), discrimination score disc € {DP,EO},
discrimination threshold t € [0, 1], dissimilarity measure of
decision trees A : H x H — R>o, and parameters A > 0
and Nminsup € [|S|], re-thresholding problem is defined as

follows:
minimize L(he | S)+ X A(hp, he)
oclo,1]K—1
subject to  daisc(ho | S,Z) <t

Vk € [K] : |{($’,y) €S | (S Tk}l 2 Nminsup

Note that we modify only branching thresholds, and do
not modify branching features and predictive labels in leaf
nodes. As a dissimilarity measure of decision trees A in
Problem 1, we propose an edit distance of a decision tree
Agp, which will be defined in the next section.

3. Proposed Method

Our formulation is based on OCT, the MIP framework for
learning optimal classification trees proposed by Bertsimas
and Dunn [3]. In order to adapt it to our editing problem
for decision trees, we formulate an edit distance of decision
trees and fairness constraints.

3.1 Program variables
For m € [K — 1], j € [N], k € [K], we introduce some
variables for formulating Problem 1 as follows:

e 0, € [0,1] is a modified branching threshold in m-th
internal node.

e ¢;jr € {0,1} indicates whether j-th input 29 reaches
k-th leaf node, i.e., ¢ =1 [x(j) S rk].

e ¢, € {0,1} indicates whether some example reaches
k-th leaf node, i.e., ¥ =1 [Hj € [N]:2W ¢ m].

e (eﬁi‘)) € {0,1} indicates whether no example
reaches leaf nodes in the left (right) subtree of m-

th internal node c4’ (i) C [K], ie., €% =
:wk:OD.

I[Vk € cli) s =0] (el =1 [vk el
&m € [0,2] expresses the cost corresponding to edit

operations for m-th internal node.

Djks Yk, egf), esyl}) and &, are auxiliary variables. The total
number of the variables is O(NK).

3.2 Edit distance of decision trees

We define an edit distance of a decision tree based on the
standard tree edit distance [12]. For two ordered trees T
and 77, the tree edit distance between them is defined as
the minimal length of the sequence of editing operations to
transform 7" into 7”. Available edit operations are insertion,
deletion, and relabeling.

In our problem, an explicit edit operation is relabeling
threshold values in internal nodes. We define |b,, — 0] €
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Figure 2: An example of deleting and relabeling operations.
If no example reaches leaf nodes in the right subtree of m-th
internal node (e,(}}) 1), m-th internal node and its right
subtree are deleted from the tree, and the total number
of these edit operations are measured as an edit distance.
) = 0), |bm — Om| occurs as a cost for the

Otherwise (€ém
relabeling operation.

[0,1] as the cost of the relabeling operation for m-th inter-
nal node. However, when a modified branching threshold
exceeds a specific value, no examples in S reaches its child
leaf node, which is denoted by 1, = 0. By deletion of all
leaf nodes with 1, = 0 and their parent internal nodes in
the decision tree hg, we can obtain a unique tree structure
whose prediction results on S are equivalent to heg.

Then, we define our edit distance Agp between hg and hp
by the total number of these delete operations and relabel-
ing costs. For m-th internal node, if no example reaches leaf
eg;)—lore( )—1
the editing cost &, is 2 because m—th internal node and
its subtree are deleted. Note that if es,lf) =1 (655‘) =1),
& = 2 holds for any m/-th internal nodes included in left

nodes in its left or right subtree, i.e.,

(right) subtree of m-th internal node because 5, = 0 for
any k € c(L) (CES,)) <L) (®) — 1 hold, and sum
of these &,/ is equlvalent to the cost of delete operations

and e, 7 = 1lore

for the subtree. It can be expressed as follows:

K-—1
> max{|bm — O, 25, 2600}

m=1

Agp(hp, he) =

Figure 2 shows an example of edit operations in our prob-
lem. By using &m, ¥m, em , and em , it can be expressed
as a linear function and constraints.

3.3 Fairness constraints
We can express both DP and EO scores by using variables
@1 as follows:

6d7,sc hB | S Z

Z lk: Z d(dze(’)

dg.,dlisc) is a constant value determined automatically when

S and Z are given such that

29 1—2()

2 — disc = DP
i AT By
3,k - J) ] 1 J .
Bo) — ((Eoi ) (disc = EO),
|Sy | 1S6 |

where S°F) = {29,949y € §] 29 = 2} and SEO) =
{(@D, ) e S|y =1A29 =2} for z € {0,1}.

3.4 Overall formulation
Now, we can formulate Problem 1 as the following MIP
problem:

minimize

K N K-1
OPINTIETY Y
k: Jj=1 m=1

subject to

Z«m =1,Vj € [N]

Gik < x,Vk € [K],j € [N]
N

Z¢j,k > Nrninsup . 'l/Jk,vk S [K]

=1
2§ <O+ (1= i),
Vk € [K],j € [N],m € al™

o) —em > Om — (14 emax) (1 = @),
Vk € [K],j € [N],m € a™ (6)
— & < by — O, Ym € [K — 1] (7)
b — O < &,V € [K — 1] (8)
€m > 280 Vm € [K — 1] (9)
Em > 2¢8) Ym e [K — 1] (10)
1—e) < > by, Yme [K —1] (11)
ke C(L)
Z Y < ( l—eL))\cm)|Vm€[K—1} (12)
kEcg,lL')
L—e) < Y ¢, Yme [K —1] (13)
k€c.(mR)
3 e < (1 - )P, Vm e [K — 1] (14)
k€c$,}})
Z b Z dyy sk <t (15)
. j=1
o Z lk Z d(dm(‘) (16)

where e, = min{|mfiil (])| | i,j € [N],chjj1 + mfi{i},
emax = max{e,} 51 and ¢ = (1 — y9) + (1 —
I)yY). We can express L(ho | S) and Agp(hs,he) by

S Zj\;l ¢jrdjn and X1 ¢, respectively. Equation
(2) and inequalities (3-6) are the same constraints with
OCT [3]. Inequalities (7-15) and (16,17) are constraints
for expressing our edit distance Agp(hp,he) and fairness
constraint dgisc(ho | S, Z) < t.

4. Experiments

Experimental setup We used the COMPAS dataset [1].
It has N = 6172 examples and the total number of features
is D = 9. Its output label y<j> € {0,1} indicates whether j-

th person recidivates within two years. We use the attribute
” African_American” as its sensitive attribute 29 € {0,1}.
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Table 1: Experimental results averaged over 5 trials. ”"Loss” anf "DP” denote the average empirical loss with its standard

deviation and DP score for training and test datasets. ”time” denotes the average running times.

Training Test

method Loss DP Loss DP time(s]

NB-Modified 0.387 4+ 0.022 | 0.103 | 0.384 £ 0.005 | 0.118 2.028

Relabeling 0.412 £ 0.018 | 0.044 | 0.412 £ 0.028 | 0.063 | 0.704 x10~*

MIP (proposed) | 0.396 £ 0.011 | 0.095 | 0.389 £ 0.012 | 0.112 316.72

We compared our method (MIP) with the existing 16H01743.

two post-processing methods: (1) modifying naive Bayes
(NB-Modified) [6] , and (2) relabeling for decision trees References
(Relabeling) [9]. In our experiments, we randomly split ) . .
the dataset into training (50%) and test (50%) datasets, [ J.' Adebayo. FalrML:.Audltlng black-bo?c pr.edlc—
and report the average statistics over 5 trials. We obtained tive models. https://github.con/adebayoj/fairnl,
initial prediction models and applied each methods by using 2018.
training datasets. Decision trees were learned by CART [4] [2] S. Aghaei, M. J. Azizi, and P. Vayanos. Learning
with the constraint on these height less than 3. We used optimal and fair decision trees for non-discriminative
the threshold value of the fairness constraint ¢ = 0.1 for all decision-making. In Proc. AAAI 2019, Hawaii, 2019
methods, and A = 0.1 and Nyinsup = 100 for Problem 1. All (to appear).
codes were implemented in Python 3.6 with scikit-learn*?
and IBM ILOG CPLEX Optimization Studio v12.8. All ex- [3] D. Bertsimas and J. Dunn. Optimal classification trees.
periments were conducted on 64-bit macOS Sierra 10.12.6 Mach. Learn., pages 1039-1082, 2017.
with Intel Core i5 2.90GHz CPU and 8GB Memory. [4] L. Breiman, J. Friedman, C. J. Stone, and R. A. Ol-
Experimental results Table 1 shows the experimental shen. Classification and regression trees. CRC press,
results for DP scores. The DP scores of naive Bayes and 1984.
decision trees before modification were 0.462 and 0.226, re- [5] T. Calders, F. Kamiran, and M. Pechenizkiy. Build-
spectively. Our method maintained slightly lower loss than ing classifiers with independency constraints. In IEEE
the relabeling method for decision trees on both training ICDM 2009 Workshops, pages 13-18, Dec 2009.
and test datasets, and comparable accuracy with the mod-
ifying naive Bayes method. We note that the average DP [6] T. Calders and S. Verwer. Three naive bayes ap-

score attained by the modifying naive Bayes method ex-
ceeds t = 0.1 since it sometimes failed to obtain a model sat-
isfying the fairness constraint. On the other hands, the run-
ning time of our method was longer than other two meth-
ods. This result implies that we need to improve our for-
mulation, e.g., reducing program variables and constraints.

5. Conclusion and Discussion

We studied a fairness-aware post-processing method for
decision trees, and proposed an MIP formulation of the re-
thresholding problem, which makes a given decision tree fair
by modifying their branching thresholds. Also, we formu-
late an edit distance of a decision tree so as to avoid that a
learned model is changed significantly. By experiments on
real datasets, we confirmed the effectiveness of our methods
by comparing with the existing post-processing methods.

As future work, we will try to extend our framework so
as to modify branching features, and deal with user-defined
constraints more flexibly. It is important that maintaining
user’s prior knowledge contained in the model, e.g., order
of branching features on a pass from its root node to a leaf
node, while improving fairness by editing operations.
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+*3 https://scikit-learn.org/
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Predicting Laughters in Comedy Drama with Subtitles and Facial Expression
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In this paper, we propose a model to predict whether an utterance leads to laughter in a comedy TV show.
And we counts for facial expression that actors/presenters make. The model with subtitles and facial expression
constructed as input was able to obtain accuracy, precision, recall, f-score more than model which input subtitle

only or model which input only facial expression.

1. ELC®»IC

BN, 332 —Ya VIZBWTIRNIZ E R H &
D, FOEWEERITYa -2k, SLEYF—Yaviz
BOWTBHIGEH OO EZRL, ISR I LN TES. T/
ThL, Va—J3EBEORFEIIBVWTEREE®KD I,
ZOYEMERELIENTES. FERIZ, ZThodya—2iz
L BECPEANTRIRIE, BERICEMINTEY, ALiE
ZEEOHTRVEFEHL LI L LTS,

BUIE, BEMIZ X2 0OFRANCAIT 72D ST
B, HIZIE Bertero 5 [1] DiFZEAEEIF 505, Bertero &
1, R0 B FEEEITE ORFELARTOFFE AN & 2o T
L l, BRIIGEEZHRS 22 288235 LSTM #{#
HAUZETILEREE L. 2O Bertero & DFIEITFEHED A%
ABeULTEDL, BHAYORE R EDOHHEBRIZOVWTHE
INTVRWV. LRL, BLEVEGESRITIEICBENT
EARERIIEERTRNDTHDLE 2. HlZIE, 113
BANYIDFHEIRT U EOERBDOEIZ &> TEWEFER
LTW5b., £Z T, ik Bertero & L FERIZ, E0WE FHIT
LZENTEDLETINEZEZLL, Bertero & WEBDFEEE A
FLTVWAZ LI LT, 1 20KEFOAEHAW, 20 LT,
TR TR, HHEBHRTHIRGEOEEORMETH S
Action Unit[2] ZHL, ZNAEVNFHIZEWTEETH S
ZEeERIRT. MR ULT, TEETTRL, HENBRTH DR
BEMABHLELZ LT, mbEWEEE2ELZ LN TE

2. REFE

REFILEE LT, EFTVADANERE - THEL, TO
DDANZHTBETILDOEINTE T, LW - 7= flE%E
z185.
2.1 XBEOERE

AT, £FEIFT 5 Fike UT, OpenFace[3] & H
W3, OpenFace Ti&, H - & - [NREDED/ A=Y DR
i, SHOME, RO E, EORN (Action Unit) &%
BT B Z 2N TES. Action Unit &1, FHMEIHA O iR

S HA BA, KRKKRFE KZER R,

yuta.kayatani@lab.ime.cmc.osaka-u.ac.jp

1: XI5 DH| (The Blg Bang Theory, Season 3, Espode
12 (CBS) &£ v.)

% 1: Action Unit

AU No. NE AU No. N
1 BOAflE £ 2 14 ZLIE%ES
2 JEDMMUE £S5 15 % T 5
4 BE T3 17 I NHA% TS
5 EEREE LTS 20 B b & M A <
6 R A AR 23 ErEHU S
7 A Bk E5 25 HETIFICE2ML
9 BILY72FEES 26 HET BRI
10 EEE LTS 45 i <
12 Eiiz L5

PRIR 2 ZERE L U7z, 44 OBERAOHEZRL, BRI, XKH
%24, Action Unit 1% 6 + 12 £72%. OpenFace TlE 17
FE¥HD Action Unit OiEE (0 - 5) BEfFTE 5. OpenFace
THFH6M 5 Action Unit 1ZFK 1 DD TH 5.

2.2 v hNIO—UER
AHFRIZBIFEZ 2y VT —2FEFNLEH2ITRT. 20D
ANZBITZFHMILTOEY TH 5.

il

o FHL

FEIZBIL TIX, WEENEERBTH S GloVe[d] % i
5. ZOW, FEEZLIZHFEDORT MVIEOSEYE % &
BULZbD0%2MHL, F-ATOHKGET1 DDALT S,
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[ Concat. ]

MaxPooling

_ [1.2,05,04, ..., 0.0]
If you look at Huygens, avL—b

light is a wave | - 7
i
]

MeanPooling

GloVe

11

2: %w hT—ZFEFILH

x 2. FT—RXDONR

TV =R | 159
FEELE 84191
KWDEIE | 43.2%
HFENDEIE | 56.8%

o XKIF

FIEIZBI L Tl OpenFace 2 H\WTH 1T 1172 Action
Unit OREEHREMHEHT 5. ZORF, FERK T RO
D7 LV —L721Tm<, TFEEE TR DR + 3 BN
D7 L —L, [FFEE T RO — 3N T L —24)
EANEUEET AR ENTNMEL . T hiE, K
RHNARAND Y Y Z AT =) V7 %15 Z LT 1IRTEIC
EML 2N Z2EHT 5. ZOK, FehED Action Unit
T, TOFRKGFEDOREMIZBWT OpenFace 1Z & H
HENnbd, EEHEOREEWEGAYD Action Unit 12
BWC, Xy AT—=) I ETS.

3. EB
3.1 ZERERTE
KWIZE T, EVWETHTERAIDT—Z2y h& UTHE
M3 AT+ K< Ths The Big Bang Theory % {Hif L 7z.
T=RIZBIFBEN - FEVDTRY VIS UTIEH
FEDE D o 72 S 1 BN ORI RS 2 S KWk T
72, WA 57z (SRILVE L) UK. £, T—XIT
BIIE80%% hL—=22Z8y b, 10%EN)TFT—avey
), 10%%F ANty e Uz, T—XONREE 2 ITRT.
E, ETNDATA-RFELLT, TRy ZH% 30,
Ny FH A X% 32, Rul{bFiE%E AdaDelta & U7z,

3.2 RERER

DI - RIED A - Fig L FNE %2 [ U 72856 O FERGE R
ERIIIRT. FROH - FHEDAZHOVMERIZERT, F
mEREOWAEAWELGG, -3, +3WEAIZEWTE

# 3 EBRER
Fik Acc  Pre  Rec F
FEED M 63.5 61.6 63.5 615
FIE D A 62.2 559 622 51.3
T+ R (-38) | 657 63.9 657 620
TR+ RIE (+3F) | 66.1 64.5 66.2 63.1

B L, +3 oM RS EVIEREEZERT I LN TE
T, ZOFERMNS, BWFHIO X A2 IZBWTERELITTHL
FEEMAGDOE S Z LIIEEDM LICBWTHSTHE Z &
WHERTE -,

3.3 ER

PR FEEAWEGAIZEWT, 38 - -3 RO Iz
WCHHT 217 5 72h%, +3 BEHSO AT T IV ORSENED -
s, BENWTHID X AZIZBWTIZHEDIR T LB
FENEETHD ZEDRBTES. LrL, Tl WS ER
IZBWT, WD - 7250 HE FEICHHAT 5 2 & i3
PTldenwe Bz oNd, 29, -3 TOEFILTHIEREL
MELTWBRZENS, REOHAGELEIXENTH D, HY)
RETIVEEETDHIL TCEORIBEDN ENRAETNS.

4. #ERESERDHRE

KT, EVWFPHDZDIZFRESL T TRIRELZ BN
TETNDREERT- 12, FERE U TETHERSEY, REZITZ2
FWZETFL L O EE %2 HWZETILOIE S A4 T Ot
FZBWTEWEIEZ B2 22N TELI 2R Uz 5D
M E LT, ARSI TR 53 21 H e L TRIGDO A
EPoTVBH, MIZH FEEEH OB LD R E HH
THZemENEZOLNS.

AW D —EBIERMFE No. 18H03264 12 & 5.

S Xk

[1] Dario Bertero and Pascale Fung. A long short-term
memory framework for predicting humor in dialogues.
In NAACL-HLT, pp. 130-135, 2016.

Paul Ekman. Pictures of facial affect. Consulting Psy-
chologists Press, 1976.

Tadas Baltrusaitis, Peter Robinson, and Louis-Philippe
Morency. Openface: an open source facial behavior
analysis toolkit. In WACYV, pp. 1-10. IEEE, 2016.

Jeffrey Pennington, Richard Socher, and Christopher
Manning. Glove: Global vectors for word representa-
tion. In EMNLP, pp. 1532-1543, 2014.



3Rin2-13

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

H CIEEEREE R L7 T AT A —ZDJ&AE 70T o
H AEE L~

Application of Aspect-based Sentiment Analysis
using Self-Attention Mechanism to Japanese Sentences

R BET B R
Ryuichi Akai Masayasu Atsumi

AR KB T ZE R e AT A TR

Information Systems Science, Graduate School of Engineering, Soka University

Sentiment analysis is a task to estimate emotions from information such as sentences. As SNSs such as LINE and Twitter
which communicate mainly using sentences have developed, technology to estimate emotion from sentence information is
increasingly important. In recent years, a method using aspect information has attracted attention as a sentiment analysis method
using context information. The aspect-based sentiment analysis is realized in three stages. It categorizes sentences at the first
stage, estimates word position which is a concrete description of aspect at the second stage, and outputs the polarity at the last
stage. In this research, a neural network-based method using the self-attention mechanism for performing the aspect-based
sentiment analysis is applied to Japanese sentences to evaluate its performance in comparison with English sentences.

o RIS 2 FADAT —VORELD T LI L MfFsND
1. [XCHIC [Lin 2017]OFEZE AT 228128~ C, 3 B HOMIEDH S
TR AT I LB 72 & DI DIRE 2 i DD L B2 A OREAP ESEHZ L2 RIET
7 CH%. LINE < Twitter [ZfWEIND, FIZEFE -T2

2=l —iarEAT) SNS EIEL TE TSI, EHND R 1 TAXII—2ADEEE ST OAT =V T D F {E
NG A BADEAN N BV A I L TG, T4, SUIRME YR A AZE
FIH LTG0 FiEL LT, 7 ARY MERAEFH L7 FiEN S | 0.73 0.46
1EH STV [Pontiki 2015]. ZIUBAFFETIE, 7 AT h_— AT— 2 0.72 0.19
ADRBAESIHTE 3 DDAT— I3 CEIHENTOD. &) AF—3 3 0.88 0.74

DAT =V TLET ARIIATI)—IZ5FEL, —FHDOAT
— VTR DED LD T AT N E T D RO EOHET
AT, It DAT— CTHatha 135, AF%E Tk, B2

TEEHERE AR L TS T A7 MEHIZ R A AT g 2y | HRYA—TORYBEL. REEEAHUREER
W’Mﬁ::w?/l/*/hv 7 _X—2OFE[Lin 2017]1% A A&
5. ZLT, BARESC~Om M O & 2 555 o
ﬂ‘é@ﬁﬁ@*’e&‘&thfﬁxﬁ‘é.

HFTYFAssE) ( productfisales company#profit X business#cost )

2. BEME [
X1 XOHTII44E

2.1 FARGRR—ZDBRIFRT
T ARG IR — 2D G ST LT A7 ME AR FH L7k

WA O_LTHS. TASTMIRLILDOXOHTAYIS AR ‘ T LA O EER TN < ;r;;.lc;m_o;nr )

725bDTHY, B2, WiLEZOBIEOHEAG DS, = ; — _

TATABAT LIRS AT OGO IZL> TERSIND. “t

[Pomiki 2015 TIL 3 DOAT—VIZHIT TT AT IAS—AD H A ‘ TH L AS AR R LEL

BAE DT EATo TS, FIIC 3@67%&) HELTIRUZT A

NINO T AN E5) i‘ETé(I D). &I, XEH TV .

B AT —HICLTT A b BRI 72 305k T 2 B EE O 2 HFBEMEOW )

EAEMNTH( 2). F&IC, X, 7Y, BEEOMEEZ AT

fEE Lt D EE1F5(X 3). ZOF{EE A AGE[Kubo 2018] AF | FresosmmsmmosLEL: ‘ oo

B 2 F HOATF —VORE MO AT — LT f —

| —

BV EDBIBETHD(F 1). TITARISETIE, A ARTORK
i

ARG AR FE—, AR SRR T2 se L,
T 192-8577 HAEUAL\ FEF i fEART 1-236, Tel: 042-691-
2911 3 @‘ﬁ@ﬂjﬁ
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22 BEIEHE

R LT 2= T a—XE7 L TIMEDNHFIET
b5, — RN a—FTa—FOEREIL, ra—F DR
U % Source, 7 2—# OFRAUE% Target LL TIRAUZE ST
FzEND.

attention(Target, Source)
= Softmax(Target -SourceT) *Source

ZAUL, Target & query & 7721, Source & Key & Value (243
2L, ROISICEKIND.

attention(query, Key, Value)

= Softmax(query - Key”) - Value
ZOEE, FEEE, query ICKLTH key &4 value 23 1 %t 1 %F
IS DT ORI, TROLIELT P/ b value B0
I EE AT 5. H IR, query, key, value 739X T
FLEBRD5EDOEEEfRT.

3. BAREBXDRFESTER

31 EBR#HE

B OB A > o= 2 — TV Ry T — KD TEE
DREE ST O SEATHFSE[Lin 2017)TlE, SCHOBEER DMK AE
BRE1557-012, bidirectional LSTM T AZHL, £ HizE
WIS okENE HEAELT, ZOHFEICER +%(H
CEE) A2 U LVER T 2.

a = softmax(ws, tanh(Ws; HT))

BONDEATIL a lISXORFEDHFERT L —RITHE S
ELRTHLOTHD. ZDIh, TAIMERE 5 2.5 CHRIE
WO TED, XTI EE N H LA,
IR W DB BT ORIR DM E R A A b T D
BEONIVMUNBIELRD, ZOLEHNENLTEENRRD
I, NFNTHTHEEE AL THEEDO S e T 5. i
#IZ, HEOELECTEHEE ST 2RAB O %2
LAbEELOEATIELT, &6 ELE Softmax J& T DR
PZ L OFELTY. 20 H CIEEREZ OIS e
TV A AGESC~EHAL, AAESCORIE S atT-72.

3.2 TRtk
ARIOEBRCHEH T AREDOT —Z v NI KNB 2—X

Z[HEA 2011109 BEEHISE R OEAE 2 7 3= 492 SCTHD.

FEMT =22y heLT392 30, TANHT —#EvhELT100
AR D, £ SCETRERMNTL CTHERICH ML, HEED
HBBEENEIZ BN O BFENDA L T v I A% AT 5. SCERE 3R
TALT I A% | ELT-. F2, BhEREDEFEDA T v
A& 2 &L ZLTC, EOMOBFEITDT DAL T w7 AL 3 0
HELT(F 2). ZOAL T v A% W THEEZ one-hot X7 kL
WZIVRBLT D, ROTATERBTT AT HZNEIL, 0&L T
T FEET o7z,

D72 OFEFEO T — XML IMDB EVVOBLHEL B =
— YA DT =y NEFEHTS. 207 —22y MNIHEFED
HERBEFENEIC AT 07 28 3BT B TND. SLOFIDIC
AT I AL DBMHT B, BB EAL 1000 (7 A0 0 HLEE
DAL T w7 AL 2 BT HITVA(FE 3). £L T, HARGED
T =2y RICINIR T AT ERTT AT D 1, 0 TTL
FHFE T,

L : https://www.imdb.com/interfaces/

#2 BARGET — X2y DAL T I A

AT VI A

0 Padding

1 OB E

2 i & OfEE

3 LABE AT w7 A 2T HER LIS O HEE

%3 IMDB 7 —X By hDAL T w7 A

AT VI A

0 Padding

1 LD Bk

2 HYERBE A 1000 7 A
3 LABE HIBUBEENES 1000 AZLA

33 ERHERLER

HAGELHEFEDERFE RLLT, RIS O LEME LR
(F4). HARGEL RGELFAIRRE DR EZZEMRL TN, REEOT
—X ey MNIFEHET ANHZENE T 25000 LT OHHDT,
WREE HARGEOEITFE T — 22y hDOBEDETHILEE X
Hb.

* 4 BAE T O IEREE

G 91%
HAGE 85%
BEE L DOBE, TR T AT LR T4 T R BRI G EN

DHGENASTNDHEZOHGEIZIEH L CTEML TS, XA
KB EVFE LN AIETHEDN T HEENE I TWAIUT
ME-STLEIZENE D -T2, AARBELDEE, T—2kvh
DBV TN B O /D70 WEFEIZHE B 23O < [ 23
BT,

4. LIV

ARELTIE, TAXRITIAR—ZADBENE W FIEOHOAT —
T2 OIFEON _ EEIINDHIEE BB, B LEEMEEF
Liz=a—T Ry " — 7T )LD HARKFELD v F ANy
Hr~Oii# HIZ DWW TR~V S RITEE DT AT MERIZN
MZENT HILTCWDDIEDND T, Ry T —7ET NV B LT
WL FE— SR L CORIE T2 T, 1| DD a—
7 EOILEICHTL CORAE S HTHITUN .

SE X

[Pontiki 2015] Maria Pontiki et al: Semeval-2015 Task12: Aspect
Based Sentiment Analysis, Semval, 2015.

[Kubo 2018] Kubo T. and Nakayama H.: chABSA: Aspect
Based Sentiment Analysis dataset in Japanese ,
https://github.com/chakki-works/chABS A-dataset, TIS ,2018.

[Lin 2017] Zhouhan Lin, et al: A Structured Self-attentive
Sentence Embedding, ICLR , 2017.

(A 2011] #A 71, et al: A§3C- BUS-FRHIEHRHOE T m =
—/SADEEE, AR R Vol.18, ppl75-201, 2011
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Estimating Emotion Intensities in Japanese Tweets Using Emotion Intensity Lexicon
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This paper presents a method for estimating emotion intensities in Japanese tweets using emotion intensity lexicon. We

intend to utilize this method to create dialogue systems that can regulate user’s emotion. Such dialogue systems can be

expected to be useful for maintaining the good mental condition and interpersonal relationships of the users. We first created

a crowdsourced emotion intensity lexicon for eight categories of emotion (joy, sadness, anger, fear, trust, disgust, anticipation,

surprise), which captures word-emotion intensities using best-worst scaling. To the best of our knowledge, there is no

previous works to construct emotion intensity lexicon in Japanese. Then we carried out an experiment to evaluate the effect

of the emotion intensity lexicon in the estimation of emotion intensities in Japanese tweets. The experimental results show

that the emotion intensity lexicon can improve the accuracy of estimating emotion intensities in tweets.

1. [FL®ICZ

)(TDE/XT-AL i JWVH—&@X—J—EE%LLTL V;]%D?"f‘/jfcﬁ
ERFE DX A e BAT T DX AR MR G AT L&, Mk 7e
Cala=/r—arB8% LT HIEX AT RIS A
7A(52E RITFES AT DELRES)RHY [HEF 2015], I35

xfué/x—rzawlﬁni)ﬁz/u oy ey QAN S EIEROL

WZBRWT, MEESINF T FORNE B EL, 1T O

u)’ﬂ%(ﬁu_ HERF - D LR O REEE IS 35, Filz X, 48
LA TWDNCH L TRD DIEFEETHZ L1280, FHFEOTEL
ij%:fu% P20, TEO ORI E2H > TOA MR L TEESR

WA DIDRIEFE LT HILITEY, HFOTHEO e+ 5.

Zﬁﬁmﬁuﬁ/xTA IBWTH, 2—OIEEEEL, =2 —W

BAF TR T 2N TENUL, 2=V D B2 LERIES
xﬂ\%@ffw)f’éﬁ 7RG TR R T O BRICHEERTED
ZEDHIRREND.

2P OREE T DX AT DA D011
Z—FORIEFRE LT DL ENIETHIENMETHD. [
15 IR OHEE BT T DA JEITREA N2 DD d D, WASSA-
2017 [Mohammad 2017]X> SemEval 2018:Task 1 Affect in
Tweets [Mohammad 2018a] Cl&, 4 Ji&[# (anger, sadness, fear,
joy) ZxtGrl LT, Twitter (2331 BIEFEY A — MO RN IR E %

HEE T DX AT IR ESILVTEY, Hix e PIENREIN WA,

NSO TEREDEIE MEHEE N B TH DN, ZD—
07, VEIEGIT A ARGEY A — hORIE TR E A HEE 55 FIE 1R
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An Investigation of Effective Features for Toponym Resolution of Words in Newspaper Articles
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Graduate School of System and Information Engineering, University of Tsukuba

In this paper, we investigate which features are efficient on toponym resolution of words in newspaper articles.
Speriosu’s TRIPDL algorithm are used in the investigation, and an extension version of TRIPLD is also used to
diminish data sparseness problem. We focus on nouns and four types of named entity classes (ORGANIZATION,
PERSON, LOCATION, and ARTIFACT), which are used in standard named entity recognition task. Through the
experiments, it turns out that using only LOCATION words achieves better performance in terms of both accuracy

and computational complexity.
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TARNT 8| BT R AT SR SRR TR RN SCRBHT A L AR
bt /S i T B P /N = 1 I Y/ S i v N UL P /== 1 R N 0 =9 ==Y L s /N = L
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B A 17 A T e BEREAT RN S5 R R A R R
iR UL S T AR & L kT AR I B VR B BT AR H
PN TSN S e R N
TmE [ 3 | @snmoem TR RGN FRE B T AR R
N E I S e L N
OV [T | e A T T T T T T
e L s
3. O—/%2 S ET, RME RS ag, £RDBEDICR (2) 2HET

AR THHAT 2 I — N AERFEARE X VA Ea -1
2 [5] DFBHFHY ¥ VIV THD. Z0OI—/RAIKEARB
EUTRA B R T3 T V0B, K Cldis 25
72X % City B 7 DAEFHAT D, ZOIT—/SAIIFET
B HHIEL, D F ) BN T N S A OBUT DN 1723, R
BRY)T 373 THD. £/ THEIRMEZ RRTREIHLD
SRR 10 THD. BHREOERIE 4. FTHHT 5.

4. FMRT—IR—2R

KT TR O R Z 2D 2OIEFTT—Z =2 (B
B, 2 DB) 2209 %. {£i7 DB LIdHAH S TOER %
BRET—EAR=ATHY, MR EOFEFFE B LT
TIEARLBG. UL, FEATEHERIF OAHR 212X D )
WHEE 52D THENEHBTUEMEAM DB & EBOERN
BEUTWD LIFR SR, KX TIEMEF DB DBEE &
DTF—REUTEHERBEDORHTLTND [HK L X)VAES
WEIEHR) L 2FH L=, SEEHT2 2057 —203 > 7)Y v
7% 2016 £ TH 5.

AL TIE—D2DHA t 12 L TED & D RIEMHIFLEL
TWSDONEAY 0z, LT —ZICELIEE2EL, #£1
DIERDT— R 21537~ Bz, #ig [VOVTHr] OgE, 2
DT % £ DHIRAA B XL EE I 1 HSFET 2210 Thd
D THEEERMER . —J5, TIRIX ) 1% 2 HSFE T 2 72 DBEE
PEDIEMNBETH D, B8P, (FEHISEREFES? 5 OFER %
GATOD 2 DRI B IX 2. A DB OTY MY
i 152,937 THD. ZOW, EMEH 2 U EI2R D (Bik
PEDHD) TV M) DEEIFEN % THY, ZhH5TY MV
BT D I 4.49 TH B.

5. TRIPDL

KD NR—ATETH S TRIPDL IZDOWTRS, £7
SCl dy, U B 5 DB W w; DRI 0, &Y 5.
X (1) WRDZRATHS.

#(wj, di)
Z #(wlv dk)

w eV
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Oay,, EEBIZFIMT — &0 & FT 2 BAED L RHER 228
FHHT — 2 D BNGEIT, ZOMEFITTIRE K DHEEDE
BHERD 0 LB TUEDIZDAL—I Y T2 ffiL 7z Oq,, %
ERB., ZOAL—Y YT good-turing HEEDH 2 512

x1  http://nlftp.mlit.go.jp/isj/index.html

5. ZAUISCE dy, FIC— 2T B U 72 §EE wy; O ERER
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wi eV

WU HFEDEFREH Oa, 550 D& X IZHIHT 218 0, ) T
H5. TORNK (3) THB. 4B, R (3) THALTVS
Op, IEHHT 2 2 TOXEES D ITH T2 Bk w; OERH
ETHb.

Op,
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wy Edy,
Bk (2) &R (3) BHVTRD 04y, TH2.
(=dk) 0
edkj _ { adkHDj k 1 lf ﬁdkj =0 (4)
(1 — adk)é?dkj,o.w.

BV e HSdD BbND HEE w; DERIER 0., 1IZDVTR
B3, FTUFOR (5) 23H L, IT—2IcBIF2ELHh

Zd 5 PNB HFEDLRIER 0., KD,
> #(wj,d)
0 d€c;
0. = .
T3 > #(widk) (5)
dp€c; w eV
ZOBOMIER (2) 15 (4) LRABKIZITS. ThHR (6)
POR (8) TH2.
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e Oc.
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901' - 1— E 6Cl (7)
wyEC;
(—c4) p = _
061? _ { aciecj 3 if GCU =0 (8)
' (1 - O‘Ci)ecij,o.w.

K (4) &R (8) B XEF L LILHIZH T B HEED L EHER
MWRD SNZDT, WERIZATIE d, WEDHEREIV ¢ &
&H KL HEASE W2 ROZDOAMDH T e &85, OF
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¢ = arg min KL(Oq||0c:)

c;€Cqy,

(9)

Oar;
0cij

arg min Z Oak;log

,eC
Ci€C% y evy,

(10)

{5t ¢ (BT DB OTY MUBAZ T H Y, TORULIERIZ
%, TD0, BT — 2 ORI DT,

6. HERFIE

5. BIZR U7 TRIPDL % 2. TR/ L3I TAL
THEHX 2 FHWTEETDIGAE, 2 1 XEITHIET S 6
MWD H DML 4. FEY, WL OO - FICRE
%. TRIPDL TIN5 Defififr (L)) DHIEREL D
FEETA D D IRY BT 1 DIidd DAY, SEOFHZETIE <
DIND | BAHEFTIR SN T WD DT, ¥ O HaE
ROMEFFZBROAREELRD S, T OBE I OMER ) 4
M, DY EHMOREE RV H R LER>TUED.
INEMRT B 72012, 1T U TEROERZ FE 31
% kEHERD.

TRIPDL TIER (5) DFEHODES, 13XE dip ITHLT1 L
¢ RFHIEDL. TOHNE 1 IV TIER S EBO IV
FODERFIETHS. DFVR (5) 2HIHAD LA (11)
IZ8%. 22T, Widencity() 1E 1V EERZE FI2E
DORNEIET 7, ROV EZRTEBTHD.

TNz K S IZS R OFETIE IV TldA <ATBHX 20
T Widen_city() (21 K7 LRV & 72 KATA L~V O {Efr
BATIND. TOHEIZTDOEFMOIET 2 KA IZES %
LTOREFERMAR I NG, FIZIE THRIRE D <IEHRALR]
EWVSKRFVARVDEFRB AL I N6, THERIRD <IEi )
BT DA (TR IEih), TR S <IEliRA
R, TR S <IETikE ) 2 E) PR TERIND.

2, R (12) KOWTIEEBHA DAMNED ZIFT
Widen _city() ¥ Widen_pref() {Z&H> T\ 4. Widen_pref()
CAFTH AT T2 < AT OHGEN LIRS S (LAl T
ZRTEBCTHD. HIRFETIER 5) 0LV IZR (11)
VIR (12) 2HVD. DF Y, HKER L AL HH AT
LAV E TIEMOMIRE IEIT CEET 2O ERFIETH 5.

> > #(wj,dk)
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S50 #(wi,di)
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ERRGTESE

7.1 EROBE

7.1.1 EEREH

Wiz LB OKATFIETH S POPULATION[4] & ik
{8 [6] & MENTION_COUNTI[6], #Xfifidh ) %38 D 5eqT Fik
T2 TRIPDL, #EERFIEDH KHTH L), JLiEFIEOHRE
JFE L AOUIZ DWW CIERR - SERIEMRZ JIET 2 EBR %211 -

(12)

7.

7-. &72 TRIPDL L fEEEFIETIX, MUTRO X D ICHMEIHES
HEEA BATEETNTNERE T 7. Bz aieTs
ffio 72354, [EAEZRE ORGANIZATION (O) OA%E{Hio 7~
56, [HEAZS PERSON (P) DA 22154, EARE
LOCATION (L) DA% {Fior2354, EAZFRE ARTIFACT
(A) OAEM-I54, EHEKRHR O,PLA(OPLA) DAZE{H->
FIGEIIDVWTEREIT 72, XRSBIEIZBEVWTERRTE X
Tk RBETDI2HENHD. SHEIEI—/NAD 17 HH /-
DOEHYERE L=1,65T D& X, WAXRE ki, 575Xk
Rhy 928 ki =k =% =820 U7 SHOHRETIE
A—NRNAWIZHZRZ—=TY MIALELTEZLND., /-
TRIPDL &A% document geolocation DF{ETH 25, K
fiff5% Tl toponym resolution 24k > 72&, ZDHIDE %1k
UL TIEFRLGRW. TD28, AJID toponym IZxf LT
T ORI 829 T (XIRBIRIED k LR Z#EEGLAXT
5% ## document & U, TRIPDL Tf#\ 7=,

7.1.2 T—%tvh

FHiZ 4T85 O —/SAE 3. IR UL DEMAT S,
T — R ERIZHACEFRT —ZR— AL 4. BIIRLUEZED
#FHT 3. POPULATION (ZHW 2 A1 DB 2B A3 FAT
LTWd A0 T — & le-stat FEFTHR2Z AA] *2 O#FEE
2015 DT —&X Z V5. MENTION_COUNT THW3
S &IAIE DB % /ERCY B B9 & 4 a0 — /N A3 g B
BAD 3= [T 4ED Z V5.

EfET—ZII AT TR U 7. JEREE R X 7 & a—8
AN X7z City & 7 WM& D5 5, FAF DB % 2R
U CTHEBOBAEIEONDEDIZONWT, TOERESURE
Z & CIEfMEm 2 BN L 72, SRS HHEY ¥ VIV DADE
BRCH D78, MHFRY ¥ VI h OB EEDH % City &
T2 I DOWTIEME NG Uz, 72, EEIZFEANIC
— NTH W, TV —=AY DL City X7D>H 5
VALTHIE U2 200 %2 £ 5 — AEEEEITV, EORE
ZANDT ) TF—a VRN -T2 NEMEEL 2. T ORISR
—HUARN->72&271E42 200 Hd 3METHY, ZO7 ) 57—
Vavid—mMEEBETE TV EEZLND.

7.1.3 FHERE
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AT & OEIRU - (ot & B 7 7 1 Vrh el & 2 gL, —
HUTWEIGEIZIERE, T TROVWEEICARLEME UL 0D
{BEREDER D B & City DD HDIEMDEETH 5. i RKIEMH
RENFFIRIT KD EIRU 22l E 3 2 HE I & EfE 7 7
R OEMDE T D HEFIR & 2L, —HLU T\ 5E1
Efff, TOTRWGAIIREME Uzl EOBEMNERD D4
City D> bDEMDEETH .

7.2 ERER

FEROM R %K 2 ITRT. T, FIEfR%ZFGER, Ef#
U, HAZRUD3DITHT 72, BURIREIZIEME AN S
SEFETEIN—HUBRNGEETHY, HALAFEIILST
EULWEZZERZENTI AN 2H 50T, EfiA
U LR I IEESFE L RVWEAETH D, ZNEEHRY
WZEBFERBEZOND. HARL LIMERDPH D IZEED S
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%2 https://www.e-stat.go.jp/regional-statistics/ssdsview
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# 2. ERAEE

Tk | BERIEfER | EfER | EfR [ #ER [ AL [ ERAL
POPULATION 57.0 56.9 985 207 388 152
RS i 63.5 56.2 974 279 327 152
TRIPDL (%) 67.4 67.0 | 1,161 | 124 295 152
TRIPDL(O) 62.1 61.8 | 1,071 | 190 319 152
TRIPDL(P) 60.1 59.8 | 1,035 | 233 312 152
TRIPDL(L) 68.9 68.6 | 1,188 97 295 152
TRIPDL(A) 55.4 55.2 956 205 419 152
TRIPDL(OPLA) 68.0 67.6 | 1,171 | 114 295 152
FLORTFE TR (#45) 59.4 57.2 991 505 84 152
PLIR TR HIXHETR (O) 44.8 43.0 745 735 100 152
FEBRTF I XA (P) 32.5 30.5 528 956 96 152
PRIRTFIE ATEHTR (L) 59.9 58.0 | 1,004 | 492 84 152
PLIR TR HIKETRS (A) 32.6 31.3 542 847 191 152
HEERTF I XA (OPLA) 59.8 57.5 996 500 84 152
FEBRTF 1 AERFIR (%) 61.8 53.7 930 650 0 152
FEBRTF % HGEFFI (O) 43.7 38.3 664 916 0 152
PLIRTFIE A ERF I (P) 30.8 25.6 443 | 1,137 0 152
FEERTF 1 HERFIR (L) 64.0 56.3 975 605 0 152
PR T HREFIL (A) 22.2 17.8 309 1,261 10 152
AR T AEFIR (OPLA) 64.2 56.8 983 597 0 152
MENTION_COUNT 72.1 66.7 | 1,156 | 364 60 152

POPULATION, XHRSWIEICHANEH DY) ZHTH D e MENTION_COUNT & TRIPDL(L) £ D7) IV X1

TRIPDL (#) IXEMERE NI E030nd. DEXLHDLYE LT, EEHEEBRATS

Wiz, AU TRIPDL TEAHMAT 2 REMES HEETNT
NHRDL . LB —-FBIEMENENZ ERDNDE. ZNIEEA SR

FIOHT—F LOCATION ASHEBRI A7 EHEE ICHRN 72 &0
ST LERLUTEY, HE@EY) DFEREZ >/, 22T, 1
TNOEMOBUE, #5:271011, 0:5736, P:7933, L:16302,
A:1593 TH . ZalOBUSMDZMEIZLERTH 2D %< H D
WZE PO 5T LICIEERTRATHRVDIEETOLFZE
FH$ 2 &V EEAEKBE LOCATION OAZ{Hi>-1F 5 &
DINSVEIHETEMENA ETE I 2RLTVWDREEZL
Nnd.

RIZ TRIPDL & ¥EETiE% thik$ % &, TRIPDL 23 —%
TEfRERMNE S, THKHIR, HRER IR & fPH % 50 & IR
NELBSTNE I bhd. RIEMONRE»S, HABRU
DOBIIHEP 2 5T B HIHEF T - THB Y, RS
RBMEBEIIRRINT D Z e nb»d. LrLEne FEFRHZ
IERIZIE D BUEPFUIE R TV 5.

BB FEMRNE»>% TRIPDL(L) & MEN-
TION_COUNT % 4 %. MENTION_COUNT 3% fifi 72
UFEIZE O 6T, #Hid Y FE O TRIPDL & [F UFEE
DIEMRZ7ZLUTEY, ERICHREOVER E Ro72. Zhid
MENTION_COUNT TIEKEDHMZ L T—XEEETES
S REAKII Nz b e EZ 6N,

8. HbHYIC

ARG SCCISHTHRT S OB EHEE D X A 7128 1) 34
DERVEREIZOWT, BRI ICER) R EZEORE 2T
. FEREY, FBARHAOT T LOCATION 2 —FH XA
RKUETHY, 2ELFHLFEUSSWEMTIEHSH, HHEEEH
A% e &) E LOCATION DIFE 5 MEW & D fER N
"Bonk., SBROFEERF L LT, ROEOBETLNSD.

o ERTIEIZE > TCIEMEN T >TL X2 2BNTDHFEKA
DER

J(

S

AIREO—IIIRIHFE (18K11982) D% 52 1) TESE
NELZ.

SE Xk
[1] Stuart  Middleton,Lee =~ Middleton,and  Stefano
Modafferi.Real-time crisis mapping of natural

disasters using social media.2014.

A #BRG =l A—-—7VRgE®RY AT A
GeoNLP.THE JOURNAL OF SURVEY il & pp6-
10,2014.

2l

Lianhua Chi,Kwan Hui Lim,Nebula Alam and Christo-
pher J. Butler.Geolocation Prediction in Twitter Using

3]

Location Indicative Words and Textual Features.The
2nd Workshop on Noisy User-generated Text.2016.

Michael Adrian Speriosu.Methods and Applications
of Text-Driven Toponym Resolution with Indirect
Supervision. THE UNIVERSITY OF TEXAS AT
AUSTIN.2013.

oA 2, F, N b iR IRREA R L N E 31—
ISADREEE. WEHALHE 2P B AR SRR, pp113-
120,2008.

B e, H2 ZH. ROk & B CE & Fl D 2 A 1T
S WIRIALE D [ E . N LHIRES 22,2018,

(6]

(7] % E %I CD-5 F 7 2004 7 — % 4.
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AHETGITATIRT — R T4 2T TA B —ar > — L& - Twitter
T =B DT AL

Cluster analysis of Twitter Data, using Interactive Data visualization Tool.

FAF fi—RR™

WADA, Shinichiro

SEHRFERFBEAE 2 IER
Graduate School of Sociology, Rikkyo University.

Abstract: This study attempts cluster analysis of Twitter data posted on Tokyo Governor's Election held in 2016, using Python (July 13 -

August 1, 2016, 4.8 million tweets, 170 million words) . For cluster analysis, words were vectorized using gensim version word2vec

algorithm which is a library of Python, and attempt to visualize clusters in three dimensions using t-SNE (t-distributed Stochastic

Neighbor Embedding) which is dimensionality reduction algorithm. In particular, in this research, we used the data visualization tool
Embedding Projector for clustering. By using this tool, we attempted to visually identify clusters by moving the three-dimensional
space interactively while visualizing the dynamic learning process in the three-dimensional space. As a result, we could identify
multiple clusters with high accuracy. This made it possible to clarify what in this election Twitter users were interested in.

1. LI

AWFFETIE, 2016 4 7 A TOAU7- BT e (23
9% Twitter 7 —X D55, MR (LZORHI#%—H 2%
) ICERRENTZLOEREINEL, IV IAS W EITIZEI
FoT, BEICHT D, EOIORERNBRENT-DNESHTL
7z

2. T—ARLEINIE(ZDINT

2.1 URELT: Twitter T—2IZDWNT

Twitter 7 — 1%, 2—F—m—7L4k (BECHBHEX) DRI
W IEAFT, 2016457 H 13 H~8 H 1 HORDOLI T O
T —REELEET —AEWNETHIENTEZ. BTV —RIZ
WDEBVTHSD. [/ OR #5H OR FH#l OR HAF OR H
H1 OR 2 KER OR #2195% OR #BAN4iE% OR H14H%E%E OR
MR, TOREE, R1DOLHeT —4% csv 7 7 AT
THIENTET-. RTIFARY A — D HOH, OT 174V F
WY A= EtET.

#1
BMYA—ME EEK
ALL | 4,825,560 199,287
RT 3,588,302 123,192
oT 1,237,258 187,394

728 ALL 7—X (RT 7—%& OT 7 —HX%&ELI=3_TD
F—2) DHFERIE, 177,439,525 #hLinoT-.

ZDEPEL DI, ZOT =20, I 14% NV A
—Mpbileo Tz, FEEE (HEEOFELH) TATh, RT OFEH
B OT b D72 o, [RICY A= E<)Y A —hENT
WAHTZDTHD. Lizhio T, Twitter 7 —F DA, LIZLIET
XA A= T TITDIS, HEEOHBIEEE ML Th, HED
BIRNIN, VYA — SN LERICE FNAHFEDO KT A
N2> CLEIZDOTHS.

ZZC, HEEOMHPUE EROITS) Z51H 95, Python D7
A7V gensim (2 IS TS word2vee &~ T, HEFEDN

M R B TR IR, A
£ 453 — 34— 1

TIALEAT, EQOIORRIEML T HHFERE, DENITAZ NG D
MEFARDHIEIT LT, 7k, BEEI MU LA T HRRICER E LTS
word2vec DA L al OAEIZLL T D@D TH D, sg=1, size=300,
min_count=5, window=10, hs=0, negative=5, iter=10,
sample=0.001 (472 a2 DN TOFEL W BB IZ DWW T,
GitHub TABIXIL TV D Python 747 FV gensim Y —Aa
— R (word2vec.py) IZFEHSILTND).

2.2 T—AMHEINIE (R RERARHT)

TOHNZ, ZNHDT —XETNE I RER RN T DL F N
HD. HAEOIEREZRSIT = VUL T, b AL RO
Mecab T#H5 (Kudo (2013)). /=ity MoUIZLIZE D
NDREEDY, Mecab-ipadic #fECh 2. ZZCTRIEICR DD, &
DF SNS THANT —HIZIE, TNZEIND SNS 7TV b7 4—
LA DAT IR0, S5 v 7 T L IC L M4
FEEREDTEETHIETH D, R OV ZIE, ipadic
V3, AR REEL L DOFEFE A Ty RRRIIIZE A TOD D,
BRI FE R RN TCWDLTHD. ZNEMRIT D0 1A
BFECIE, Sato (2015) 12X~ T, WELARBESMWICEFSN
T TN, ZHLT=w b LD AT 7l B %<& T Mecab-
ipadic-NEologd &% FHu /-,

LV, ipadic #EEDS SNS T —H 3 HTICE > TEM Y72 D
i, KAE—DOBELLTREMLARNIETH D, HmIngo
WA TOZIE, [/ & hES T BEEN N B 172
OWILFER B O T/ | 72D 03533078\, DFED | T/
HIETEE T, RN SHRESNTEEINTLE). SHITHE,
TRLHE) &0 U NS BGEDS, i D1 N Th oo ifi e
SEOTRF 7200, —REGER T D M7 TR
(TARNT V=T RD A S—DREFEFH DB 72D, PR5F
IR B THDHBFELLZ 1200, VbR E NI T e X
H(CNEORAIET R THEINTLED) . 2oV o=l emy
TARY T CRERRMaLRVIZE M, ZNODK4 23, 18
MRS SRS BT 2 AT REMES VLA |, KA 3oy s
TLEIE, ZNENO RO ZEH P FE RERI > TLEI N
5THD. 2k, WS word2vec, t-SNE 728 DT /LT VR LD
FEEE N E<Th, FEERMRELLIZb DI/ s al Rt H< e
S>TLE.
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3. word2vec & Embedding Projector [Z&AAIR1E

20 HHBHDLFEHEDDATDE NI TAZ PR SH DY~
DT, HEEZ LM T HEEE U AMEL T<iLD word2vec
@ Python AZVT N FRATT 5720 TIIEEL V. BT, £ 20
b OHGET X TITHARI HGEV AN DB 8L, BT
Lu.

T, a— R RE AL BT, TOREO R, £
DIHI2 0T AL INEITONDI AR NCHR 5y — el
T, Google #2834 —7"0 Y —ATCIRMFEL CNET 4 —TF T —=
T =BT —THD TensorFlow DT 7 L7 a1 —
/L, TensorBoard O A X > R 7 1 — 2k WebUl TH D
Embedding Projector 528Uz,

word2vec Z{E->T 300 KT THFEZ ML LTza— 2%,
Embedding Projector _E=C, WRIT/EAET LTV XL THD, PCA,
t-SNE % T, 3888 L7 FFEGE & 2 AUZEUELI 72 1000 5505
7eB, ZRonOu— RV ZERE AR EL, T AR E T A
BT FEREGEE LT, BB I RER G R LR o TW T T#F
IR |, T, $7o, 2EMICER SN WA ey
SRGV T 1B RRE L. Ik, TR ), T,
[V r RGV T | E NTEyA—NE, FET,
43,794, 26,955, 78,006 1F1ELT=.

BI10E, TR 22— o N HFEE L CRREL, 2000 [H]7%F

BUTAES, WORLTe, ZOHFELEROITV 1000 55035725
=RITDOa— N ZETHD.
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Embedding Projector Ci&, FEEHHCThH>THAXT77T 47
WZ=WoeZEME A BT A BIZEHES A ENTE, Fo, X
— LA, A= LT IRTHIEILST, EOMVITTAANH
BLoom o0 %, BEEMIZHHCHBI 752803 TE5. 20
VLD RERA) Y RELTET HI LN TEDDIL, M7
RLEBFEO R SELTUZLIREERENS, FEOIT Ty
Ny I AW, 2D — L —ERRE, BERN TS ZETH
5.

4. DHHERERRE

WSODRBGEERREL, FE 2T oS, AR LS
WS CO AR EMERT DN TEZ, ZOREORmSI, £
$1% word2vec, PCA, t-SNE D7 /LT Y X ADREEDESIZEY
HIHENTZHOTHAN, MZ T, NEologd HEFEAS, 1l 21X, 5
M CH A 2 E DA RICBUE4, BURRIES, AU M,
4, HREERE DR OLRTIE N STZ[E A 4% —FET
o TNIEZEPBLT6ENTZL D TOH LI LN 3Tz,

fthiZh, Instagram DT FANT —F &2 X, @ORE T
TABNHDZ L LR C& Tz,

P CIE, Al word2vee ICHEENTWAAE T T ard
HEEZT, ZNENOT —XT, bR EDN O R iR
el DR D72 o T2 e R T AT ENTED, ZHUITDOW
TIE, A#%ME Lz,

SE X

[Smilkov 16] Google Developers (Smilkov, Daniel, Viégas, Fernanda, Wattenberg,

Martin. ) . : A.L Experiments: Visualizing High-Dimensional Space.
https://www.youtube.com/watch?v=wvsE8jm1GzE&feature=youtu.be (2016)

[ARH 17] KEBE#. : V=2 v AT 4T LRE2UANOB E —2016 4 HEHS
HHREREICBUD Twitter 7 —Z Doy Hib—, UL, il
R R, 17 2, pp.83—92  (2017)

[Kudo 13] Kudo Taku. : MeCab:Yet Another Part-of-Speech and Morphological

Analyzer, http:/taku910.github.io/mecab/ (2013)
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Comparative Analysis of the Effect of Additional Training between Multiple Domains by
Clustering of the Embeddings of Parsing Errors
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We propose a method for studying the effect of additional training of Japanese dependency parsers across multiple
domains from a bird’s-eye view. We collected the parsing errors of a parser before and after additional training

using target domain data.

We then conducted cluster analysis of the parsing errors represented as dense real

vectors, which are obtained from the internal states of the parser. Through quantitative and qualitative analysis
of the clusters, we could grasp the types and the numbers of the parsing errors across multiple target domains.
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Vending Machine Drink Recognition with Deep Learning for IoT Device.

BRI Rz L1 ] e 't VaFnEZ" hREZ
Katsuhiro Araya Takayuki Osa Shigemitsu Yamaoka Kazuhiko Nishi Masayuki Nakao
R AL Arkth 2 UK R B L5 R se R

Arkth, Inc.

University of Tokyo, School of Engineering

In recent years, Internet of Things (IoT) with deep learning is used for various purposes. The balance of edge computing, data
traffic, cloud computing and data volume is important for IoT. In this study, we present a framework that automatically
recognizes bottles purchased from a vending machine in camera images with a convolutional neural network (CNN).
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I 57T =2 10T T /A ADEIZIHFIL THNNI BT T /3
AU TT —ZEHERIWTEATWVZD, ZDXHIZ 10T LiE)E
FEOFWHETIL, =Y Al 2L a—TF 4, FyRT—ID
Rk, V7URTOT —XERBENT OmIL, RilFEOT
INAADIFE 72 E E DB NWEIELTEDIITETE T D0
NEIETHS.

IoT SEEFEAHEEELT-2 A7 LD T, AL TILE
RPN TN [ BIIR 52 Tl A ARG LD T
HL T AT LEAESETD.

Bk B B T OME BB O 4TS AT LTI <08
FHIUEZ I Z -0 AR Z T2 T DR BT, EATA
MABEWVERER S D . AWFIECTHEE T 5T AT MMIBEF O
DORNEBIZHNEENNZ HZ LML, M THMHT TEAHT L2 R
ELTRREZED T,

AR TIXFEDOVAT LDOHPTHRIZTYY Al 2B a—T
L DEEI O S ENTAE B L, B TCTIEA Y770 T AR L
ORI 7 % O CHICEE B B GERRIZRR IS LT- I AT DR
AT-B R R O P AR T A2 & A AL L TNV,

2. RVATLOES
AR AT DTN O - PERI AR AR T 5L

i, KBRS A TG L T/ TURNITRIFTD.

FvhT—27121% LoRaWAN ZH| 3 A2 LEfiEEL TV DT
O, WIETHT — 23K ID 4R, MERIT S, KiiRE
FAKIRE 72 B ATy O THEETTH.

Fo, KUATLTIIMAFZ IV T NEA LR ERRIRE
DAVETILarEITHITD, TAARATVARERHADT /NAA

RS RS, B S Arkth, info@arkth.co.jp

EREL, 7TURPOERBIOT — X2 G TE5I0127T5.
L ISR AT DDV AT IER T,

EREANAS

‘ RHBERAHAS }»# Raspberry Pi ‘

1 VAT A ERORERIX
3. BRHEDEH

3.1 TINARIZDNT

1 EOEAA—IEF RO, BOBOGHH, h—r3—
~OT —HHEREIZIE Raspberry Pi 3 Model B+4aF|H L7 &
G BME280 ZFIH L, 1R -1 - RIRD 3 DOBREE
HWETG TED. DATIIWAE ORE LR ORE I
NENREL, BAFRY XA ICHBE TEDHATEF
AL,

3.2 M DERH

ARFFETIE, RBFE 2 A= ik ki HH B & V5.
2—F/LFx v I —7% Single Shot Multibox Detector (SSD) %
FHL[Liu 16], EE%E 07 —20—240 T TensorFlow
ZRIHLIZ. SSD 1F=2—F /LRy NI —Z7DIEIEIZ VGG16
[Simonyan 14)% HW=TFETHY, ANEENN/ NS THEW
KB ORI A THE T D,

3.3 REDFTLE

H B GEREO B H L AT CERIE L 7o A7 SSD 12
Fo TR FRIR T DR, e BORHIRRGR T 27—
NELHELT(H 2).

FZCARFIETIHE, RRFHORNIL 7 E21THEII,
FENC LS TH HLEWEO R AT T 7=

HARRIIZIE 320x240 Omi{§E W84, B L DO fHhr
DI EZ=EANTESLIZEEDOH 7287 vV —ED
LEVWMEZEZ 25O B O A I T Lo Ic LTz, Zhick
DEBakAE R T o, RMAEITO 7L — LA HE CE .

WA ETIG T HHIPAL X 2 [T TRT.

H A\
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34 FET—EDT—AF—FaiT—3av

H 8IS L7 AT DB SN D iR, 72 &
FTCRERH], RS I - THAI D2 12T 5(X 3).
ZIT, FET —AKLCT — LR T o1 T — 2 DY

BTlX /AR, 2 NTANREE, o~ BRI LA STREE,

PERAME /N, SR
HTo0. T—H
F =X a2 RA T
—arEITHz
ETC, RHIE
DT —H
LTHLHLX L
DEAIZ TR R
N7 BB 2R A A
HADHIENTE

X 2 755 DA & 15 B0 RS #6DR
4. EER

4.1 BFRFTHREAATDHRE

ARFEBRIHI T2 B BT, REENORBIROHS R
SMCERE LTz, BRI OB AF
WK 3 Loz, BEVRGEHERTIRIC
U PR RS BliRgi 73 - A RN Gl hali'a
B L7z, A% Raspberry Pi D7
AT a— )V AW

BE RO 7L — AL — NI
ERT 1T T 20FPS R E
LCWBR, THRAADARyZIZX
D FRIZE - THEERIL 7~8FPS &2

o7z,

3 HCRRER T 0 A T D&

4.2 FET—HOWE

19FEFE DR 2% 5z A BIRGEAEO T L Dz 7=
AT, PRS-t mig 2 N ELT-.
WRICEDWEEZEL, BF AT HT2DIBND AV
YR TR LS T — LB L E 2117,
i 4 ] ST — 3R
EHC 100 #9oFE
TGz,
FTD®%RT —HA—
X a AT —gv
FHAWTHE G %
13 A #LAF
26600 K& FE T

4 T — 2

4.3 EERIER
RN G COD R % 19 FEEORERT 212 100 3™k
FEZFIH L. Z2ORERE T ORIZELEDD.

—ZLLTHIELT.

RS TERRGRE PR AR
1900 1651(87%) 137(7%) 112(6%)

B LD T, MRS HEAR R E ORI RO
MEL, — T TEa—b—72 ORI OZFR B ME
Ndolz. TR R R OBEHIAM O EIEAEL T DM
ZVDIZKIL, Ha—t =72 I =Y O EF R E DR
MREWZHEEZHND.

F, B DBEHG A GEEA 7855 DIZ, Raspberry Pi 3B+
T 10 PRREEELT-.

5 #EROEE

FEEOBOAERTIE 85% %X Al a R L=, L)
L, KU AT LOFRNThR 2 70 BRSSP TR O H B TeR I
BELT, Ty¥ Al AL a—T 72X a1To 2L THD.

AEBRCIXIEPTICER E LT B Bk e C R U AHi iRy
LIzT —#BE\W 2, bkx IRBRBRICER B L7 B #Bik5eiC
PBIRAAT T B J0D B OFRIRES H TN DE TSNS,

F7o, BEGEHEOIEHI IR T DL, pai T A
Iy T DANINEZ PG T IV DOE TS EAET DD
BREEDEACTE T TR PG S D ZARMEI T XG5 5B A0 5.
AREBRITIEE FE T A ADFEITMNZ, BT — 2D
FHIZL DOFR Do T b S % OTETHS.

TSN TOBEEHIA— I — T T ~LRR ML DT — 473
DO, 5 % 1L Zero shot Learning X° Few Shot
Learning[Sachin 17]OAEFEHLEEL/2D.

6. £&OH

AT 10T 7 A RIZLARKEIFER D FIEETRZEL, KR
AT oo, ZORER, BREREREE ChIUX LMy o7 N
AATE VB REFEI CTX-. 5%, FICELOBREE0HE
THREEZED HEILTFEE T —FEHED, A= T A—H
DF 2—= T RARFIETHWZLUSNO T —F 4 —X 2 AT
—3ay, Few Shot Learning 72 D58 FIEOWF Je % 5.

Fio, WRETE T LHMGERRITEACBI Y OFBREIC D
WTOIEATRZENR L, BBHTZRHMEL 7= SCkIZH F0 Roi7e
Mot L, 5% D 1oT OIERIZONTHLPLILDORZE
R T AT ENE R TAL T TELTD, a2k
HIIGHTEAFIEEZ BIEL TV K.

HEF
AT R Lz B BURTE M bk s (R O 5 1
EOR X ELL, DERBL BT ET

S5

[Simonyan 14] Karen Simonyan and Andrew Zisserman: Very
deep convolutional networks for large—scale image recognition,

arXiv preprint arXiv:1409.1556, 2014.

[Liu 16] Liu, W., Anguelov, D., Erhan, D., Szegedy, C.,
Reed, S., Fu, C.-Y., and Berg, A. C.: Ssd: Single shot
multibox detector, in European conference on computer vision,

pp. 21-37Springer (2016)
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Robust Eye Contact Detection for Multi-Party Conversational Systems

BB BB

Kenjiro Nogawa

R ITA:

‘Waseda University

FRILE 2

Shinya Fujie

/NFRET I +L

Tetsunori Kobayashi

P ETRERT

Chiba Institute of Technology

Eye contact detection method for multi-party conversational systems is proposed. Detecting eye contact is an
important function for multi-party conversational systems because eye concatact is an essential cue for deciding
whether system should respond to a user utterance or not. Accuracy of a conventional eye contact detector given
a single frame decreases because of various noises (e.g. blink, facial expression change, etc.) occured in real-time
environment. The eye contact detection method that utilizes multiple frames is proposed for solving this problem.
The system extract the feature for detecting eye concact by CNN from the image contains both eyes of a target

user.

Then, the feature is given to LSTM with attention mechanism as an input. The result of the experiment

conducted using the gaze data in multi-party conversation shows effectiveness of the proposed method.

1. ELC®HIC

SZNBEFT VAT IIBVWT =DV AT LT 51E
PR Z MR T 2 FIRIZDWTHRETT 5.
A, AR — R ALY —APRFEORY M EONFEY AT L
PERLTW5S. _mbw/xTAiI 2= —DREE RS
EDTHDHDIZN L, BHRANEEEIISET 5 & 5 s TH)
(R EIN &= ﬁxfowmn#ﬁbMTwé.yAﬁA
FEVATFLIBWT, RIS AT AN I —FDIREEH %

MRS 5 ETEERERE S 25, ZAREREY AT LTI,
A=Y OHKFEN Y AT LA 2 DN, 5 THROV»ZH
WM BRIENDH O, REEV AT LD CINE BT (5

FHeE) LWOMEE LTI ThNT W, InEHGHEE
IZBWT, =DV ATFLADI EEHRLTWSH GEGRIR
EMESIH) LWHERIMEEDON LIZHE T2 Z & awmE
INTWA. Turnhout S IFISEBHHEEITB VT, 2—¥N
VATFLADIZ L EFHL TS (ERENE S H) 2 AF
TT7/T7—Ya vy U TREEELTHWS Z L THENM L
9% it U7z [Van Turnhout 05]. FEERDOREGY AT A% H)
T DI EGREE HERU AR E L 2 5. HRORA
& U TP B 1 — Y OmEmERHw LN T E
[Shriberg 12, Tsai 15, ¥ 13, #2111 16]. Lo L, £ AE
FRZBWVWT, -V O E 2 HMROELE LTHWS Z & ik
A+RThs LG TN TWS [Vrzakova 16]. BLED Z & A
5, ZABEFEY AT LB WTHLUREL BB TRt T 28

MHXEETH 5.
HEUHEDONIIZBENT, 71 3 X7 MR 258
WEFHLNTEL., 74TV R 7 MRETIE, /A4 XDR\\WHE—

DD S ULE S EIRIZAT ST WS90 E D &l
5. Fujie 5I1EEFE0 ARy M TORMHZ BRI S35 O H 4
EANELTBTA AR MaHi#%E PCA X LDA 72 X DX
JCERRTE & Gaussian Mixture Model DA G HEIZ & 0
HL 7= [Fujie 06]. 7z, Smith S1E7 4 2> X7 Mgk & 2

WK BRNIIEE RS, BAREH KT EE TR KIENE
AT LWFGEE, T 162-0042 St #58 16 X FLAE H AT 27,

nogawa@pcl.cs.waseda.ac.jp

(FBAGIE N - #FARF 2019 4 2 HOH )

JDdDFT—Xt v b (Columbia Gaze Data Set) % /ABH
LU PCA & MDA (2 & 2{Ru/EME & IF SVM 12 & 5 Tk % 2
% U7z [Smith 13]. £7, Parekh 5 (3% Convolutional Neural
Network (CNN) ZHWFikzRE L% [Parekh 17]. 7
1 avRx7 MRETI, /A ZADRNE—DERD S A%
KYMRIZIAT SN TWDE D E S D E#IIT S, —1, KRiEVA
T LAOFARHZIE, BILEOEBTEL S 1 X (Bt %k
B, BRI E OFRE) RREEOREA Iz LD /1 X (%
72 &, RIGOEML, #HEIckdT7V) BELBED, B—0D
EiffE AL 9 5 FETITFESIRBEZ R T2 DIFH L.

ZZTAMETIE, ZABKREFEY AT LITE W TELURE
ZEFEEICHMIET 2 Z e 2 HNE U, #EO A iz FHT
% Z LT/ A RT3 U COEBICIESUR B & Mt 3 2 F ik & et
T 5.

ARETIE, 2. TREFIETH 2EGRINE AT LT DM
REMREFEZTAT L. 3. TREFET O T — X DIUE
Fike F— 2 OFMERRS. 4. TRNELEZF—XE2HN
ToERUR BB O EIRAE R 2 W 97 5. ImRIT, 5. CTARMFLE
DEELOEBRS,

ERRINE A ET B FHRINER R

RpeZll e & A S ND G ZRMEL, £ OHEEEDE
JEEERL TV ORELREZRET 52 AT L2 HBEL
7z 7, ABEIN2TAEEGA S L Z R TADH IO
EigEAl T 5. RIZ, B5N7-HILDEE % Convolutional
Neural Network (CNN) IZ AU, ZDHREIZ H % G
% Long-Short Term Memory (LSTM) IZAJ19%. LSTM
DOBAEDRFEMREED S, MEORBIZHN T 2 EEA LA
U, HEPREE EREADQEAMI EHTHONZART PP S
FRREEZ R T 2. VAT LORMKGER 1I1RT. MUT,
BPALEE (B4 1.a) &IEGUREML (B 1.c) DWTHIAT 5.

2.1 FIALIE

F TR A T2 & > T S W= 2 A0
Mz o X BT S, BoniX ) 7 <HigR» S A\YHE
A0S, iz, AWfEED SO M 24T\, fEik
% J6IZ 68 mODBRMEUS OB &2 1T 5. FHMEIR & FHREUS O M

2.

B 7 iR AL
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AptRssi

Bl

.

32x96

c. FHRRERE

64@30x94 128@28x92 128@10x32 256@8x29 128 @6x27 128@2x9 25 128 2 :

LT\ NN

pooling1 conv3 conv4 pooling2 fc1 fc2 fc3 :

10 WGRYE AT & 2 HERNRER AR O > 2 7 AMEEER. AT EGITE U THIALELZ 17\ (a), CNN DA &9 5. CNN

DEFESE (fc2) THAINZE%E LSTM IZAHT 3 (b).

LSTM D HifilfEH o J@EIZ X DI EEAZ R U728, EIE T

HEMILDEBN S E2E2MEEOAT LU, EHRRERIERRZHTIT 2 (o).

HIZ I E S 1 75V TH 5 dlib*t 2R LK. #HES
N7 BRI OMB L L SO D 3 5% ST B A
WUTT 74 v EWMEREHTS. 77« Y EBI N B
5 it H R4 O ERGEE A2 5] 0 K9, Y10 H U 72 i E R R
HUTIZV—=ATr—=fbe v A 75 LA ZFTS. LED
FHEIZ X 050720l B G %2 CNN DA LT 5.

2.2 #AlER

AR U T EEN R o 72 LSTM 2 W5, &3Ed
KU B AR U CEEICERRBEZ R T 2720121, /
A A5 LEEDONANINGEE, AT B REBOFEH
EETICBEDOREZG EME, /A ATRVEDON AN
N-GEE, WEEZEH T2 Wo RUBERRELEEZ SN
%. LSTM IZEH7 — b e ANT = h 2070, AHEIR
RIS U-REBOFEFHF2FH T LI LICELTWD. Z0D7
&, LSTM ZHW2 Z & T/ 1 Rz U CEd iz iEgRiE %
M TrZenTEBREEEZONS. £/, REETITAELB Y
1 Rk, FEI IR T 2RI NRRLS. fle LT, -
ST 100-150 S VRO U, FIEOZELIZERD ik
g 5. £Z T, LSTM IZIEEMEZ Fi7- 8, BIEDIREIC
I U728 K OARIERI H AL 2 RINIZEE S5 Z 2t kb,
kT A RN EPUREE A T 5 Z L 2 IfFT 5.

3. BT —II&E

AR TI, BEADI—YRXA =V 7 F—TIIKRE
N A= AEFEY AT L2 EDTETET, REYE
EAORNERELTCT—RINEEITo 72,

SNk, 25V A5 A2 LT Amazon 380 Amazon
Echo*? %M\ 7z. Amazon Echo ® _E¥IZ /G H A 5 % 3%
BUTRFEHOI—FORRT2iY L7, REESMF IR L
T, MOLFESME & Amazon Echo X &G L AN ST X
NIRRT %ZFITTHEIITHOENUHDIERLZ. RAZE L

*1  http://dlib.net/
%2 https://www.amazon.co.jp/dp/B071ZF5KCM/

T, &FBNERLTERIZIT B2 ET 2 R A7 L AARIZ
FREDMEBERZIETZ R A0 2BEAHELEZ. 1 XA
2120 &, D & 2EIFAY—=HIZHTA2EMEITD &
IIHER BT o7z, REDPMDB &SI, KBERAL T
212 Amazon Echo ~DERH] % SFEZMEF I L TH 5D
UORR U, £z, 77V VT —=XBRRFHIEMLE. 77
) T — RGN o TG AT RSN O U CE R & 17
Y, MIZRZRAIBED &S I8 2T -7, Tnlso
GBE MO LEEBINE L AR Z A2 IZI AT, 772
T — RO DTN O I FES NG & Bin 5 7 DIESURED IR
HISH R SERINU 72, gL D4 13 A% 5 7L — 2]
L, TNENDIN—=TIZDE 2 DDXAZIZWMOHATSE
S5WEEH A2 DT =R ENE L. 1 NDOT J T—XW, &
W UZBIE T — 22 L, SRESMEDRZEY AT L E2FH
LTWANESHhDT ) F—aviaiiot., 7/ F—Yayv
DI, BUTORZEELTI RV ENG L. 2ESNED
VAT LEFEHUTWBIRETEIXZE2 LT, FiIE-E20d
EHEMLTWAGAREIEZEOKME2EO TIEGREE L
7. ZlE, FEAEEHLEFTHRNIZHZEILTWSD
THY, LFESMBFBORTEIZY AT LT SNTNVWE DT
HD. —f, BESMENY AT LEZTHRLUTVWBRETEIE
72E% LT, 2ELEDOHEFTVATLAZTHL TOWRWES
I E DR TEREMAREE U,

DEEGRRT — 2y MR, B—E§E A LT B0
AR E HRT P T 272000 T — Xy M ENEL . HiR
TRty M, ZERGERIR FRE, ERAEELT—X
Y NTHD. DT Xy b EFE—-OBREIZ, RO
WA EHEL, ENREVPTERARERL RS EH 2 EH
UL TWaAHF%, Amazon Echo E¥BIZERE S N 7- 2 G171 A
S CHIEEY 2 L, WEETo72. IATOL Y XE2FEMLUT
WA & A Y — TR E S NS 2 AL TW S &
BB, FOMOEERSRZEIRL T 28H 2 Al e Uz, #i5
EOPAE 1T NeWRIZT =R E2NEL, EHImED 4955 K,
Bl GR DY 9479 B & 72 5 7=,

W7 — &ty b3tz Kodak tE8D 2 S 1 A 5 TH 5 PIX-
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PRO SP360 4K *3 #f\, 7L —AL — b 30fps, fRGIEI
2880 x 2880 T %17 -7

RIERBET—Y 7y MIB T DFRIRER
HEER

RETFHEOEYM2FAET 2720, ATFD 4 fMEOTFIET
g #1717 -7z, #HfifgiE e U T F & AUC (Area Under the
Curve) % W7z,

4.

e CNN: #lf7F—X ¥y 2 HWTHE L7z CNN. #ED
T U — LDOMERIFFIAHU 2.

e CNN Average: fiftT —& v N &HWTHE L7 CNN
ZRHL, @ED 27 L —L0OERO Y E LT 5.

e CNN-LSTM: #ift7— &+ v b2 HWTEE L~ CNN
DEFEEEDORT MLE AT LT 5 LSTM % &E56kR
F—=Xty b EHWTCEETS.

o CNN-Attention LSTM: g7 — & v M & HAWTHEY
L7z CNN O&FEE- DR MLV E AL T HiEEHEE
& LSTM %2 2t T — X2y N2 HWTHEET 5.
BHED TV —L% AN UL ED LSTM OHEEDO RS
MUDSEE w7 V=T EEREAZRET 5.

4.1 EREHE
ADDETOFEIIBVT, FET—L Yy bEHWT CNN
DFYP %oz, 1T ADOFRT —Z 2y bD 14 A%
FH, 1 ADEBGE, 2 A% T A MIHWZ., CNN-LSTM
¥ CNN-Attention LSTM IZ28WT, &5 7L — 75D
BT =22y bD 3 TN—TR%%HE, 1 7V—TH%2RK
FE, 1 V=T 0% TF A MWL, 2FEGART -2y hD
FANT=RFUZEEND AL, HET Xty hOEEF—
R EMGEET — 2123 E EFNTWARW, CNN-LSTM ¥ CNN-
Attention LSTM D2 ERflX CNN OHEAZEE L7-. 7z,
CNN Average D z [ Z2FEHIRT — X £y b OFE T — & & MGk
F—XTH-o&EH AUC DEW 3 ZFRH L7z, CNN-Attention
LSTM @ w I3 &R T — 22y FOWRIETFT—X TE - &b
AUC 2@ 32 2 L7z,

4.2 EERHER

BFEOTFANTF—RXRTOAIT2E 1ITRT. M
WERITD 7202, SEEFICELS> 5 /)4 X Thd, BE, RiF
D24, ERRH O EAE U T\ B HFRISEIC N 5 & FHED
HEERSR Y, BRI, & 1 AFRERKOREEAZ AL
b0 EThEN 2, 3, M 41TRT.

HERY 2 AJ1E T 52 TOTFE (CNN Average, CNN-
LSTM, CNN-Attention LSTM) %%, H—@E#%E Al 5F
i (CNN) OfiE % Eil>TWB Z &hnd, MRz AN e
T5ZDEMENRS NI,

# 1 &b, CNN-LSTM %* CNN Average DA 27 % En]>
TW5. 2 £, CNN-LSTM 7 CNN Average (ZHA~RT
) ARXTHDHBHEDWEENPANSINLGETH D ELHETE
TWAZehbmrd., £72K3 &0, RENEILLTVDE AT
DI RINCIE > CTATI I N2 5ETH CNN-LSTM 85
FLMETETVWE I DRD. BLELD, LSTM (Z k-

*3  https://kodakpixpro.com/AsiaOceania/
jp/cameras/vrcamera/sp3604k/

F 1 RFEHRT -2y MBI AKTFEDOEL WD F1
Z a7 & AUC

Tk Fl1fg AUC

CNN 0.831  0.923

CNN Average 0.847  0.938
CNN-LSTM 0.880 0.958
CNN-Attention LSTM | 0.880 0.960

TREZGERFL, MEOANOEHRERMATAZZIZLD /A
AN AR FERHEENRTR D Z e DR T E /2.

#£ 1 &b, AUC IZBWT CNN-Attention LSTM D&
73 CNN-LSTM D¥sE % L > TWa, M3 &0, 2—FD
FIEDBZL TWBXEIZBEWT, CNN-Attention LSTM 3
CNN-LSTM IZHART S LHEETETWA Z &b h5b, £
7, 4 &, ERENERLTWAKXBEIZBEWT, CNN-
Attention LSTM 2MED FIEIZHARTH FLfHEETETWS
Zebhd, YOWSTOREEEFIHT 322 PRICHES
HEBEEOG MNP R T E 7.

CNN-Attention LSTM & CNN-LSTM D52 H/NE »
JFHRE LT, IREOHEE I BB R B ENHA LSTM O — b
BRI X o TO EAMFTETVWB IR EZONS. 1 2,
3 DIEFEAD WA RE L2 & PR ) 1 ZFEREO
FHOBAEDREBIZH T HEANE . LT, M4 OFEE
ADAHULAERZ BB & ) 1 ZFEEROBAEDIRIEIZT 5 &
AMWMEL 220, WEORBIZHTAEAN EFLTWS, DR
DI EMNS5ELDFEHIZBEWTLSTM O — MR Iz &k 5T
REEDHETE I BB JBEIEMAOMERF T E 20, HMH O LM
EORHBIGE BV THEEMENEIERAT 2 E 25
nas.

5 F&H

AT, ZABEFEY AT LB W THERRE . &5
BT a2 2 HME U, @EOASESEOEREFIHT
B2 0T ) A IR U TR R 2 R B R A MR
L7z, IRETFEOEMEEZMRILT 272012, KiFhO1—Y D
BT — 2 Z2INEL, ELET—X2HWTERZIT- -
FMSEERODAER, MiGsRE AL T 2 FED, HE—mEfiE A
FETBGEICLRTHEED M ELZ., LSTM 2FHLZF
¥ Attention LSTM % R U 7= k1%, #@E OGO
REMEFERO Y 2 1 8 TER—2A5 14 VFEIVBRN
R Eimorz. 72, LSTM I EE L2218, ANICE
U EREOR A G EE RN EI 52212k, BEN
M L9 22 EAMRTE . TR ORE, KFEFIED
574 ATH5, E, RIFGOE(L, FRHOKBHIEL 5
BIZBWT, BEFENRR—ZA T AV FFEITHARTHEMIZ R
RIEZMETE D Z Db ok,
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o @ SEER

AT “r*‘?”“ W ' i = awime [Fujie 06] Fujie, S., Yamahata, T., and Kobayashi, T.:
‘| I H Conversation Robot with the Function of Gaze Recog-
| nition, in 2006 6th IEEE-RAS International Conference

{

’ J on Humanoid Robots, Genova, Italy, December -6, 20006,
B T B pp- 364-369 (2006)

gaze (1) or non-gaze (0)

3 3 [
time (s)

—OERN ——O%iiER [Parekh 17] Parekh, V., Subramanian, R., and Jawa-
har, C. V.: Eye Contact Detection via Deep Neural Net-
P works, in HCI International 2017 - Posters’ Extended
Eg Abstracts - 19th International Conference, HCI Interna-
tional 2017, Vancouwver, BC, Canada, July 9-14, 2017,

o, e ———— Proceedings, Part I, pp. 366-374 (2017)

HERROT L— A & OREROAELE

[Shriberg 12] Shriberg, E., Stolcke, A., Hakkani-Ttir, D. Z.,
2 A—HHWEEE LTV BIEEASE BT 2 & FEORS and Heck, L. P.: Learning When to Listen: Detecting
IRBEM L L JRER AL — AR X & LT\ B 5. System-Addressed Speech in Human-Human-Computer
THIZO, @ BATOEE 32 R T 21 E AR 8L Dialog, in INTERSPEECH 2012, 13th Annual Confer-
Lt 0. ence of the International Speech Communication Asso-

ciation, Portland, Oregon, USA, September 9-13, 2012,
pp- 334-337 (2012)

[Smith 13] Smith, B. A., Yin, Q., Feiner, S. K., and Na-
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Succesive estimation of the asteroid shape and probe motion using sequential images
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In order for a probe to safely land on an asteroid, it is necessary to select the landing point and navigate the probe
based on information of the asteroid shape and the probe motion. The procedures for extracting such information
from images taken by the probe is called global mapping. In the Hayabusa project of JAXA, the global mapping
was conducted with much manual manipulation. As the manual global mapping is too costly, automating the
procedures is strongly desired in the future projects. In this paper, we propose a new approach for the automation
of global mapping by using the technique of image recognition and robotics. Throughout the experiment using the
dataset provided by JAXA, we checked the validity of the method which we proposed.
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Image-to-image Translation from Apparel Item Image Placed Flat to Image Put on
Using Deep Neural Networks
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2R R R e a2
Graduate School of Information Sciences
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This paper deals with image-to-image translation of apparel items. The images are difficult to be translated because the items
are variously set, when they are took photos: being placed flat, being put on the mannequin and so on. We try to investigate
and improve the previous work also known as ‘pix2pix’ based on deep neural networks, especially deep convolutional
generative adversarial network (DCGAN). We propose a new two-stage procedure. Some experimentation revealed that our
proposed method was superior to the previous work, evaluated using structural similarity index. Moreover, we confirmed it
generated item details (zipper, button) and patterns (dot) as the result of visual confirmation. This knowledge is very important
because the fault image of the item without buttons should be completely different from the original item image.
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2.2 pix2pix IZHITHEREIIEB

[Isola 17IFHCANDET AT —ay, SISk 556

A IR AR T LTS, LL, pixel [A-EOX IS

%HIJ%ELT%V), VNI AR DI E Yo 5 I DGRV AN Dy
CycleGAN [Zhu 17] T, EROMBERERINL TWDT2D
WBERT M ENRHLHES 2D,

RGN GRET DT RUAT AT AL, K (@I 7259
REWAEGTe. ZHLT-T AT AOEIENATRETHIUE, 1950
LOTAT LIRS, TAT LAOLERIN T SOOI,
ETNEEZDIZT TRITTEDEOIF R NHD.

PLEOELEDD, pix2pix DNEFTKIG AIREDE D) i
LHIEHEAMEOTEED 1 2&3 5. MERHLETIUTEDK
LI, ZLTCE DI D0MR 5.

WIZ, T8V IIVT AT BB D B E AT
ML TRL.

IZOWTC, BLTIZ

2.3 Pixel Level Domain Transfer

pix2pix DAMIHE WA DI85, [Yoo 16]1%, AHF
GEIRIER, 7NV LT AT NER OB HLA T > TND. 20D
WF9Ed GAN ZHFHL T\a.

B70% 503, U-Net TlZ7e<H#li72 Encoder-Decoder €7 /L
PEHLTCWAZE, G & D I2NZ T, Domain B HDRIDF
VT —ZNAESNTWD A, D2 fmTho. elcb~=koie,
Encoder-Decoder &5 /L 10 U-Net 2MEN 5.

2.4 Detailed Garment Recovery

B2 55 FH BB O 72 Cldze], Shmifb a7 9eh
HO[Yang 16]. 7L T AH—FDTL T a4EbTIENTE L
=P DA A=A FIETHS.

7212, OO FIEORMBEE, BHENDRIREELHD L7
SRR T AT AFEIR AL IR ETHY, IANIDDD I THD.
BNV ATV TEE A 2T AT DINETREND T 7 AN 7oiar
DBEITNT, ZOLIRIANEINT BTN EETHD. L
ST, YT NIREGEBNZ LD TED TN, AP, &
DETHHEEZDLND.

3. REFE

ARBFFEDOTEZNT, pix2pix & H =% L) 5 222 xf
THRRIETHS. LTS, FOFEICONWTHERRS.

SEak i@y, pix2pix D F{EIL, B O 72O T
JEREAL TN EE, ETIRIEO T NI/ NSWNEZITIIH
ThD. —FHT, BENKEL, fEOTHRKREL DL, #
BENHE 72D E 2 HND.

OB EL T, pix2pix DR AL S TWD skip
connection |[ZJRK 3 H5. T7bh, BFEARLLTIELE) X
THHDIZ, KIEOTINRKNT D, DFED, VL OE
TERA RS2 ERFER LR DD THD.

FTCARMRNE, BREARERDREANEHTNEANTHT-
O, 2 BMEOMBAR AL, S22 B Z N2 5 k%2
F95(X3).

X 3 AWFFEDREFIE

AT TAET LT THY, 2 DO pix2pix Z2721F, £
DOIREHT, 1 2D pix2pix DL, HAIDOANT) (A
RKEN) Z G T (concat) , 2 DD pix2pix ~DAF1ET
5. ZHUZED, AV VBB ONERE A L. 6 IRTTOERIZ
KAFEE WAL 2D, Uk, B ~OxtinE  fE T

4. REREERE

ARHEITIE, pix2pix DERIZO A HFIZETHHEEZITV, &
OMRE S E RN T DERIC OV THRET 5.

41 AMAETHERTLIT—4

AR TlIxt@a 2 —b, £z, FESE (X 1(a, b)) 2
DA%k Jk E(IX 1(a, b)A7) ~DOEHIIRET 5. (ZRE L7
Hi, BNREL, BEEICHENEEZ 2D THS. K 1(a)
753’%5?2@j(?—51/‘%, (D) NSNWHANAT — DRI THS.

PURIS, A7l LT —Z D3OV T~ 5.
(1) &%

1 ¥eD AT — N frE, FEEEE URIZIAS, EFnoik

LAELRRIEE M (=Rl %ﬁﬁ)@z*ﬁz?o%ﬁf AW )
%, TNETNEEZHIRLZ. TAT 25035 283 THo7-.

(2) Data Augmentation
FRTAT UL, BRI EAEE 2N
data augmentation #1772, L FDFE 1 D5 NHT7 4 LI 4
AR, ASEERTD. 2B, A7 Va0 MRS,
FOFEFEE 1 BOT AT HZHE 21 BfT-72 1T, &bIC
T K nE{To7z. ZHICED, AV VO mEigs &, 22
(21+1) x 2 (SHi5) (D E L7~ 72 (283x44=12,452 [Hi{4) .

(3) E{%*ﬁ'{fﬁﬁﬂ

FEE LAETLRIBIIH] 2 ITHREZ L TODT20, A XD
AT9. ENEN, %?BT@E’E{TOK?&, SN U A T2 R i
5. ZLTC, HEBEGONAXIZE DY, Mt L-E
&, EEXER AN IMIEKL, HEREE 256 pixel OHE{§ 1577,

4.2 EB1~EBNLGERICET &5~

ARHFFEIL pix2pix DOFIELL T, REHEOLNABHLTWDHE
LA L 723, FRZESZROERY, 774V kO RT2—2 %
fEf9 5. GPU 1% GeforceGTX 1080Ti Zffi L 7-.

FPEARMIIREIZEA T2 RINEDTZ, iz D ©
JESE 5 ICERE (T 74/VR3)L, /\‘ﬁ“wa‘% 10 T 1,000
epoch(ﬂ 200) 40 IEEREIT 72, FEHEED loss DHEBE
2 5 RT. EEBMEZ D L1 OENAKEALIHNTZH
WELZXIZ 2> TN,

# 1 data augmentation |[ZfEH Lz & 47T a v

i FFav
g oMiE | [0.9], [1.05], [1.1]
Bl [3],[5], [7] ()
BRI [0.01 ] (W%rhm x0.015) , [0.03], [0.05], [0.07],
- 0,2,1,3] (BGR—BRG) ,
sz [[1 0,2 ],[1,2, 0,3],12,0,1,3],[2,1,0,3]
(AR [0.95] (on 95, Gx0.95, Rx0.95) ,[0.9]
FrE AR | [0,0.95] (Bx0.95) ,[1,0.95],[2,0.95]
@A | 10,01 (BxO) | [0,0.51,]1, 01, 1, 0.5], [2, 0], [2, 0.5]
HSV 5 L | [-40], [-30], [-20], [-10], [10], [20], [30], [40]
DBH)
[0], [1], [2]
79 0]: 1]: 2]:
Iﬁﬁjﬁ{g E}z]mssian Filter %1] -1,-1] %0] 1,0]
Kernel Size(11x11) [-1,9,-1] [-1,5,-1]
[-1,-1,-1] | [0,-1,0]
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ZZC, [G_GAN VT Akds G AVHIBIEE D 28Rt o]
WZOWCORRE, TG L1 IEME K2 G 234 L7 fake(predict)
L IEf#E(ground truth)ed L1 FEEENCBI T 2H8IE ChD. 4RI
B TIINARIEN L1 2o TWA. E72, TD real | 1X[ A
25, HIBIER D oE ], TD fake] 13 fake (25645, 51
D OHENZDNTEL TN,

losss when learning

400

X5 loss DH® (ﬁﬂﬂﬁ)
G L1, G_ GAN FBIZEBBREINZENDND. FT-, L1 34

ENVTHLELFENR+THLAEMEZRIBEL TS, &
o)f_&;/\@m%di UTOEREED, £2CT/a—ART AR
TIPHZEET 5. FRHBEOT AT 2ETT MIATIL, L
T-HifREZF 5 (K 6~1X] 8).

BIRD MG —F 2T =2 —F (X 6) 7L T AH—h (K
7) T, 7AT DEEBONIMTIEHED R.H415 (ex. 600 epoch) .
7272, BEREBBL ML DI NNCRZD. -, o7
WIREARAT—R (K 8) THLEFRILITETCNWTH, T/AF v —
(Dﬂﬁ& WERREI L QO iGREL TR, Ry b —27 D E 7

FENETE AT ODIATOINT, REIIR-T=D TR,
oib?ﬂéiéﬁﬁc B9 2/ T RA—HEENNELE 2 DD,

4.3 FEER 2 ~/N\SA—ALFE~

HIED AR T T2, ARis G BRSO I— LD
NS5, T 74V 512 D 1024 (2955, 48 2 1%
W95 F2, MR Eo7=o, HEIE D OMREN EA B L
H—FIVDRESE VLT FEBREITI. TAT LEFEET L
WA UTB%, kD 9~IX] 11 127R77.

FEER 1 TIERIIL TR o T2 AT A7 ([ 6) DIEICITHL
L TWA(K 9). £/2K 10 TiX, 7LT A —FD 7L Tkt
ﬁfﬁbﬂ\é —HT, RyMAOBIIZOWTIE AR+ THY,

W 11 b IS, T 47— (RE R0V 3—) 3
EV) epoch THHBLIN TR0,

OFY, MHFEDIZDIIRNTA—=H DT ~EEIZ, —F
WO M ~ETHZEIIEETHA. LnL, ZILTHlN
UVMEERSCT 4 7 — VA TR BL TR IR SO R % .

4.4 EE 3 IREFiE ~2 RFEUNE~DILE ~

3 HilZIR TR R TR O ER AT, BRI
HiTH B LIZH T, 200 epoch DET/ILERAT. 200137 7+
JVRDIETHS.

:03%%“/1/ :J:M%%ﬂf:'z{ﬁ'& %% 6 oti EJ‘ZULLT“,
2 BefEH D AT AEFRENR T (1% 12, %] 13).

10§ _ttmtl 12 Ti, rfﬂiﬁlb\]\yl\*ﬁ%i@fﬂf’éfwél
ENRDNB. F, K1 TR ST T 47 —R, X 13T
IIRBTEONBILEL DD,

1 B4%% UnetGenerator @ ngf % 64 725 128 |[CZH L7-.
2 9% PixelDiscriminator. 7235, 9282 1 & 2 ORICIZ A —F L

100 ‘ SSIMslwhen t§st|ng ‘

0.95 |
0.90 | — Exp3|]
— Exp2
0.85 — Expl[
0.80 |
075 L 1 L L
0 200 400 600 800 1000

X 4 3EERIEZ BRI L L7z SSIM EDHER

45 BE

AN E DFEFEM L7272, LLF @ Structural Similarity
(SSIM) Z VN CRHI 2. 18 3 Hh oD/ INEIB oD 34 - 4y i -
S T, TR IS BUE THY, & BEIX 1| Tha.

s = Bty + Ci) (20, + Cz)/
(u2+ 12+ C)(o2+02+C,)

RS 283 KrEZUTOWT, 50 epoch Z &I EE X-
EAERA DAY SSIM A3k 7= (1% 4) .

FEBR 1 L, FEBR 2 LIEBR 3(IRETIE) LOENEL -
TNWBZENbD. F2FEER 3 BMENLTCWAZELIALTHS.

7272, FEBR 2 EOEITHENRL, pix2pix D/XTA—LEEH
L7 THHOT, R TIEOLIRaANENT e TH &
WOTIEEVO LAY, Lol Bifi Cl 7=k, R
7=HOZEALIZREN (K 10 vs. X 12, X 11 vs. [X] 13). FFIT,
R DT 4T — W RFETERT L, &<BloT A
IZRDZEITIEML TR EI-\V. ZOERT, BELL FIciER
FIENENTCNODES 2D,

5. HHYIC

TRV IVT AT WNEE ORRREZS 1 B 1912, pix2pix & FH
L7z 2 BEBED S H LA R EE LT,

EBROHER, SSIM IZLAEAEIC LA LT, ARIERDMEN
TWDIENRHBINI T2, pix2pix TR T 47—
NWETFBLCER N, EETIETIEFH TEINLTHS.

ASBOBBEELTL, TATLEEHERL LT, 67056
ﬁ%:iiﬁ%né: MBS, £z SSIM i, TA4T—NVDH

AL TN ESboT-, SBARDMED-0, i
@J&htﬁﬁﬁd#é_&zgf%éo.

HEF

ZOWFEO L, ENLHFTEER TS T AR BT IR LA (S T) OB 72 R 8
BRI H— e F T A ) _R—=22(CON T BT T L. RS TSR EWFSE
2 (eI 7E2: H27~29, 30 4EEERHIFE 645 38R ) OB 215 T\ 5.

SE X

[Isola 17] P. Isola, J.-Y. Zhu, T. Zhou, A. A. Efros : Image-to-
Image Translation with Conditional Adversarial Networks, In
IEEE Conference on Computer Vision and Pattern
Recognition, 2017.

[Ronneberger 15] O. Ronneberger, P. Fischer, T. Brox: U-Net:
Convolutional Networks for Biomedical Image Segmentation,

arXiv:1505.04597, 2015.

DY A R BW LB FERBH D, ~—VOWEICL D 4H
FEETS.
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[Yang 16] S. Yang, T. Ambert, Z. Pan, K. Wang, L. Yu, T. Berg, [Zhu 17] J.-Y. Zhu, T. Park, P. Isola, A. A. Efros.: Unpaired
M. C. Lin:Detailed Garment Recovery from a Single-View Image-to-Image  Translation using  Cycle-Consistent
Image, arXiv:1608.01250v4, 2016. Adversarial Networks, In IEEE International Conference on

[Yoo 16] D. Yoo, N. Kim, S. Park, A. S. Paek, I. S. Kweon: Pixel- Computer Vision, 2017.

Level Domain Transfer, arXiv:1603.07442, 2016.

6 EBr1 item002: epoch BAERKEER (EH 5 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

7 FEB1 item215: epoch BAERKER (£5>5 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

8 ZER 1 item200: epoch HAER (Z£5>H 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

9 B 2 item002: epoch HARLES: (Z£5>5 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

X 10 32B% 2 item226: epoch A RKE#: (05 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

X 11 =Bk 2 item200: epoch A KE B (225 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

X 12 328k 3 item226: epoch A REE (205 50, 100, 200, 500, 550, 600, 800 epoch, ground truth)

13 2Bk 3 item200: epoch EARLE B (£S5 50, 100, 200, 500, 550, 600, 800 epoch, ground truth)

_4.
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Noise reduction of live image in scanning electron microscope

fiks SpE

Fuminori Uematsu

B e

Masahiko Takei

HH O OER™

Mitsuyoshi Yoshida

YA ARETHASA

JEOL Ltd.

A real time display called a live image is used to search for a region to be observed, when observing a sample with a

scanning electron microscope (SEM). This live image is usually an image with high noise and poor visibility. This makes it

difficult to find an appropriate observation area. Therefore, in this research, a noise reduction model by deep neural network
was created with the aim of improving the visibility of live images. We incorporated this model into the SEM and succeeded
in obtaining a live image with less noise. This makes it possible to efficiently search for the observation region.

1. BREEIE

A T B SEM) TRUB B 21T, BB
BT\ I E T B 0 2R IR R IC B E B 852
— B E AR ET BB DS, DA B LIEC,

BRI AT =V OB BB RS ROLEREZ1T).

I OEHE NV T N A A TERSNDD T, HEFRL TERR
ENDBETATHBLETS.

FTAT G TITHRBFREL OB LT RIS B EN S
nad&s, NI —AL— AT AONR R THS.
bbb, BAE—AOEBNES, RHEF TS LAY
T-ODBA DI, TOTDMHIE FIZ /AXNRRAELLT
W, e, IREMEREDLDLEVIBHND, TA 7B TIREER Y
L —ADOMREIZID I ARREEZ N T HIEHZ 0. ZOHE
B SATBITIAZDLNEG LR D DN HETHD.

SEM DR — W — 3 B B 2 Bl 8235354 C
HIL, JAZXDENTA T TH->Th, /A ADEIRIER
HORREHER L2 RO L EIT 25, LvL, TD L5724k
HNERBR DR —F— 2> CTREETHY, HEELICEWD
FRERZBELIZY, BRIV Gz R L2032 T REEN
Bb.

TAT D ) A R AR CENE, HEHRELEZ LRI
T LIeATHTENTREL R, mWVE S HIRF TE 5. AT
RTIHXTATRD /A RN T 4 —T T —=2 T EHNDE
EHERTD.

2. REFE

21 ETIERE

JARDLN SEM OB E /A XDV 7e\ BRI A
T BHET N /ARKIRE T /N EIERL, % SEM ITHLAIA
N TITATD ) A REARIEE 5. SEM T/A XD 7\ 5%
BESEDIT, BTE—LOEEEZEL, SHITEHTL—A
OREHENCED /A X REEEFADIUZ R, 23 R mi2 17
TARLEDBESIETHY, ZDOIHTLTHLILALE T + M
LIPS, o TARMFIE TIETA TN ST H MEA~DIE A 23
SHBIET, JARERRET VEAEKRT 5.

FATBIZT A MED I /A R L > TRESNI-IREEL &

MRS AR SUTE, AR RNt R IE T e B
3-1-2, fuematsu@jeol.co.jp

BT, AT B E IARBRELIERIT—BICEELRR .
Z*?D7=% Encoder-Decoder &7 /L% " A CTHRHEIETIA
RMEWE T NVEAERLTh, T4 7 BNBHEESNO D %507
HMEE LT L97, RARGAELNL LTINS, &
CTARMMETII/ARRIRET NV EFEHIELFIELLT,
Conditional GAN ¥ LT-. ZOFETIITA TG E T + ME
T DAL, 74 MRS RSV D> %35
T HMBED —ODET NEMAEIIE DY THEE TS, 37
bbb, AR A S NEHLUIZEGEAAY THDERBIERIC
MREEIOET D, —F, AT 5 25N 7 + MR & TEfE
WZERBILESET5. ZORE, ARLIZ7 + MER AR ChHHE
AP TR NWZERR GBI TETLEIOT, BB/
AT DI E RO E N LW TED.

7L FHCIT pix2pixHD[Wang 171 CIRESN CWDFikL
B AAUTZ. ZAUIE ) SR C R B OO T A3 A R RT RE 7R
Conditional GAN D FVETHY, IRD IR FHEEAL T,

o [EBLSNTAEREE
o VILF R — VTS LT84
o BEOBAEMBOMAEDE

pix2pixHD TixE~r 747V <y T NEEED IS
V7 VIR EE A LR L TOD23, ARBFFEILRIERDET /L% SEM
BIEGD /A ABREITHA L.

(1) EBBOT7—FTIFY

AAFFETIE pix2pixHD &[] Bk (2L AR 5 BE oD A il 23
(Global Generator)& 5 72 fif 4 B DA i ##(Local Enhancer)%-
JEEIZHE A LTz E SR 2 V2. Z2Cld Johnson ©[Johnson
16]%° CycleGAN[Zhu 17]X° pix2pixHD CTHWHNHE LD
B> TRDIDNCRBLT S,

o T4NE—H k TANIARN | @ TXT BHARIE-
InstanceNorm[Ulyanov 16]J&-ReLU J&% c7s1-k EF 815
)

o TANH—H k TANIARN 2 @ 3X3 BFHirL)E-
InstanceNorm J&-ReLU Jg% dk LB 45

o TANE—H k D 3X3 BHiAEE . OF e Residual
7ry /% Rk ERBT S

o TANH—HL k TARNTAR 1/2 O 3 X 3§zl & AiA L JE-
InstanceNorm &-ReLU &% uk £ Hl 45
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HERREs DT —%T 27T+, Global Generator % c7s1-32, d64,
d128, d256, d512, R512, R512, R512, R512, R512, R512, R512,
R512, R512, u256, ul28, u64, u32, c7sl-1 £L, Local Enhancer
% ¢7s1-16, d32, R32, R32, R32, ul6, c¢7sl1-1 LL7-.

(2) FAHBDT—FTIFv
FRBIERICIRB T pix2pixHD E[ERRICHEIE A XD HR2D
BEOMMNEIREFEES L TH W, #BIEROE 1%, Global
Generator D% TiX 2, Local Enhancer & L72 %4
T3 EELT. 22 TROIHCRE TS,

o TANE—H k TARTAR 2 D 4X4 BHiARJE-
InstanceNorm &-LeakyReLU &% Ck ££H 75

W IO BIERD C32-C64-C128-C256 &L, DRI T 4V
2= 1 TARIAR 1 D 4X4 BHIABBEET 2T —FT7
FyLLiz. 72721, C32 @ InstanceNorm J& | TEMEL7-.

2.2 HERT—4

Hf T — 2 XA R BF AR LT 7 BT A MR D~
TRNELRLN, ZREKEICIRG T DICIEERB O SEM
BEDSMELLIRY, B Tidle\W. ZZCTAMFIETIETZ A MED
HEBAFL, FIUTN LW /A R EINTAZEICE- T, 5
RIZA TG EAER L THWZ, AFETHIVUIBEICHT AL T
574 MEEHITT — 2L TR TEAF)A803%5. SEM O
WEFBIBWTHENZR /A X1T, Bitas CEllsh DB+
MWIRT I UGN TNDZEIZH KT B av A X THD.
ZZTCTAMBICZDIH 72 av b AR EATINL CRLLT A7
EAERRUTo. FTBT —Z DAL T 720, 74+ MRITHL
i « B - M < AR\ N T R A E A T > CF — YRR LT-
BB BT A T AR L=

3. EE&

3.1 &

KBETAHWEGOMAGE L, HARET#0 SEM ThD
JSM-7900F D7 #+MELFIL 1280X960 7/ L LT, il
—HELTRITATRET A MROT EH) 2 77 —HERKL,
GeForce GTX 1080(NVIDIA fH#)% 1 BE44# 1L 72 Ubuntu ¥
—N—THE%1T-7=. Global Generator % 40 TRy 75H1L
7-#%, Local Enhancer &5 L T 20 =Ry /328 L=, 71—
LU —271Z1F Microsoft Cognitive Toolkit Z 4 L7z

3.2 Eh

FE AT THER LT /A RRIE T V% ISM-7900F (1 ZHH
DA, A RRIBENT-TA T B o B2 T RA I
B RN MBS BN E R 5728, SEM Ol PC
\Z GeForce GTX 1080 % 1 FEL&dkL, M50 O ZEHug ] A3
100ms LA F&AenloicLz.

R —REF DT A TG (RN, TA 7 R (ZEHI%), 7+ Me%x
VISR FAT B0 /A XBMERIRE I, 7+ MREHIKRLTH
BRI L 7o > TRY, FFRMENR ELTWAZENbN5.
—F T, KFETEIATEETL — LB TEHRL TS
W, H 7L —ILD A RO DI OEAG I EIN S
H.25. ZCE-ST, UTNEA LFR LT L X CRR R A3
o TRZBREDEKEELLGEENH-T-.

4. $ERESERDFRE

AT A—T T — =0 T WAL CERE T MK
BRI DTA TGO /A RKHDN ATRE THH L EfETEL, %)
RALIRI R A~DOFE R CEDFE RN

A AN E O E A BRI LD BT 7228, 5% 139k
BIEANY w770 &% FTZ 0 B 72 0 S O E W B FRL T e
VERHD. £17, vid2vid[Wang 18] TITbHLTWALIIZ, 2
BsE RIS RS TO— B2 -850 LT, REEmMN
B> TRADBRA MR T HIENS B OGRS,

1 SEM FA7&DZEMpG].

TATGAEMLR), TB: 7+ Mg

SE X

[Wang 17] Ting-Chun Wang, Ming-Yu Liu, Jun-Yan Zhu,
Andrew Tao, Jan Kautz and Bryan Catanzaro: High-

Resolution Image Synthesis and Semantic Manipulation with
Conditional GANs, arXiv:1711.11585, 2017.
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[Johnson 16] Justin Johnson, Alexandre Alahi and Li Fei-Fei:
Perceptual losses for real-time style transfer and super-
resolution, arXiv:1603.08155, 2016.

[Zhu 17] Jun-Yan Zhu, Taesung Park, Phillip Isola and Alexei A.
Efros: Unpaired Image-to-Image Translation using Cycle-
Consistent Adversarial Networks, arXiv:1703.10593, 2017.

[Ulyanov 16] Dmitry Ulyanov, Andrea Vedaldi and Victor
Lempitsky: Instance Normalization: The Missing Ingredient
for Fast Stylization, arXiv:1607.08022, 2016.

[Wang 18] Ting-Chun Wang, Ming-Yu Liu, Jun-Yan Zhu,
Guilin Liu, Andrew Tao, Jan Kautz and Bryan Catanzaro:
Video-to-Video Synthesis, arXiv:1808.06601, 2018.
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Truthful Dynamic Pricing Mechanisms for On-demand Mobility Services

I A —Rp

Keiichiro Hayakawa
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Inc.
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The University of Tokyo

Transportation services under which multiple traffic mode services are provided by a service operator through
mobile apps are often called Mobility as a Service (MaaS). Commonly, the mobile app has the function of activity
loggers, which represents the heterogeneity of each user. Thus, the traffic allocations and pricing algorithms that
properly handle this heterogeneity of users is required. In this paper, we present a conceptual framework for the
pricing mechanisms for such dynamic on-demand traffic services.

Specifically, we aim to establish Bayesian-Nash incentive compatible mechanisms, by which the dynamic system
optimal state is achieved by the best response strategy of selfish agents. We introduce two common mechanisms to
our MaaS settings, one which guarantees non-negative ex-post revenue and the other non-negative ex-post utility
of agents. In the numerical study, we show that these two mechanisms have a trade-off between the revenue of the

service operator and the benefit of customers.

1. FL®IC

T, EHOEE-F2Ra LB ZT—tA2 LT
43 5 MaaS(Mobility as a Service) DHL Y FAIZIEH A3
EoTW5. MaaS DE S FHEIIALTr —& A7 7Y 242
L, BEIET 7Y 2@ L CREER (BRI, FHEOHRER
IR T ADOHEYRE) 2 FNTE. —HTTr—&4
TV REEOH DT H KT oA - LTRIEHT N
THY, HEDLIRNEZBR L 72887 288 EIREL T HAFEBL ]
HETHD. N%DEIRIGEF IO NT, AROZGEER%Z
EFRLEDT BTN T ZLDMESLARD S5,

ZD &S BEIZN LT, [Hayakawa 18b] 1%, Activity-
based model [Kitamura 96] Z W TCTHHAEZD MYy 7
Fr—rEFZ, FHEORDORRE &5 B3 2 6
[Higerstrand 70] % & L 72 2@ Y — L AFLEDOH X H %R
LTWa., BEMITE, 2 AN TORMHE Ok EG
& RMA R AR RRIZ D725 T D Z L 2 RET 2 2 E AR
DL TAH =X L%, RC(Resource-Customer)-feasible 7
NIV XL LEHL, TORHTHRUZ, FHLIOHIEHIE2%)
A [Rust 94] Kb T2 7TV X% RC-optimal 7V T
VALEFEHLTWS,

ARFZETIE, BEOF MR TEERZ AR U T, FAE
B LORBHEEH NS D% < DHFFIO N TORGEIRIEDE
5 &5 RahilE 2T 5. BARMIZIE, A—2 > a VR
D THIS NS Dynamic pivot A 71 =X I [Bergemann 10]
&, Online VCG #* 71 =X 1 [Parkes 04] D_DD A =X 1
EEAL, ZTORMEEFHS 5.

2. ATV Y RBELZEY—ERETIL

AW CHET 28 — A2 51T, £9, BROEE
B B, NA, 2oy —ip¥) 2ET 59—V AARL—X&
i, RN LT — 217 7V 28B4t 5. B, %
WY —VE2AZFHT LB, 7—XA4 7 7V O A #imE

G S I EC—ER, SHE AT, BRI R AT TTHGE
41-1, kei-hayakawa@mosk.tytlabs.co.jp

o, BEOFE (IRhr) & ) 2ANT5. 7—2&
A7 7V FIZFEEI N User Agent X, AJiInziE#H e,
H % OB & 13 & Nz FI & ORI O e &% B %
2T, NI TT IO EEERL, ARV —XITREE
T3, ARV—XIE, FTZORAZHEZIT AN NEDEH
WL, ZUANEZL2TOMAFIIHLTNY) Yy 77T V2R
LU, ETHEEIRABCEI DM TS, X512, HhHT
SNZZGEEIFITIE U T, FAE Y — AR R % 3
T5.

AWFZE T, BEAHISE [Hayakawa 18b, FJIl 18] & HERIZ,
Mt € T = {0,1,...,T} 2425, @2y hU—
7%, J—ROELEN v VDOESENSRDFHHY
77 G=(N,E) TEINBEDLTSE. Z0J 57 LTI
[ — MR 2 SRR RME—NIZRESZ Ty Y TRIN
% [Sheffi 85, T—YzY bD#EAE T L, T—Yz Vb
DETINE LTI, [Hayakawa 18b] & FIERDINEER €TV
EHWS., I7bb, T—-Vxr bOXA T, WEMBEEL,
Ri:Six A xT —R&, FITARER M) Y TT 5 VDL
L; #Z#HWT, 6, = {R“Ll} THRINS, ZITC, T—YzV
FDONY Y TTIV 0 € Ly i, WEBIRRTE T = [tP,tF] 2
BIJ2HDRELT 7 aryDERELTRINDEGEDET
%, 72720, R s, IIERRBE— NREEELENCE
BTHo., 77V ava, 3BEHE LFHEEERTH DL T
%, ==Yy M, L P DBEOEEORKLIZ, Y —
PAARL—=RIZHNUTHSD XA TEHEL, ARV —&Z—
. BERLETITBONZRHEIZEDWNT, SLZ L2
Y)Y —ZADH Y BT LRBHEPRET 25D LT 5,

3. AH=X~AL

AL T, BIFEIZR U 728858 Y — 2120 LT, Dynamic
pivot [Bergemann 10] & Online VCG [Parkes 04] ® DD
ANZZAL%EEHAT D, TNSDAH=ZALF, iz, &HZ
DEFHFRL 2RI [Rust 94] 2K LT 2 EHEI D JTA A=
ALEHANDH, BEHIENEZ S, Dynamic pivot A 7=
ALE BRI T =Y > SOERITE R 2SN O/
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EZHYS 9 282 e 9 5. —75. Online VCG 1ZHI LiAA
R CRMRE S N AMIE D IIRHEIC A Y I 282 AL LT
ZOROE D BTITL L TREFNV B S NS HflA L 2> T
Wa,

3.1 WEHLRBEROEIY HT

9, WEEFROE D Y THIEIZOWTEZ S, ZDHIK
X, ZODANZZXNZIETH Y, HEIRH2HHE R
FHZEeMRkODOEND., TDEH DL THIEX, UFOATEX
Nnab.

7T, = argmax E[Zﬁt/_tR(St,ﬂ',t)]. (1)
ﬂ"teA(St) teT

AVY Y OEGEEFIIZ KD, ZORBFOL S ICHE A
5.

m = argmax [R(s¢,n's) + 8- V(T (s¢,7"1))],
7’ cA(St)

(2)

=L, V(s i BTFORTEX SN AMMMEEKTH 5.

T

Z Bt/_tR(St'»ﬂ't')],

t'=t

Vi(s)) =E 3)

BEAASE [Hayakawa 18b, FJ11 18] TR U772 & 512, ZOFHHA
I& ZDD[Minato 93] % FH\CRIRINIZETFTE 5.

3.2 Dynamic pivot mechanism DiR&EFH A
Dynamic pivot mechanism [Bergemann 10] D /%I,
UFoRXTtEZ6N5.

zip = —R_i(a) — 8- E[V_i(s',75_,)|s" = T(s¢, ar)]

+ V—i(sta ﬂ-g,i )7
(4)

ZZC ot IFRTETCmR U2 SRR @ E IR EI D T %, R,
Fr—yzrbhiZBR< LYy NOWMDEEE, V.,
BI—Vzvhi 2R LTV bOMHEEKERT. Z
OREFET DL, [FEL—Y Y MIBRANIA 2RI 2 723k
BRI ELILS ), i ZeERLTVWS.

Z D AN =X L%, Bayesian-Nash incentive compatible %*
D ex-post budget balanced TH 5. FET—Y ¥ FOIF|
MR D VAR Y AW 2 TS5 L WS RED T T, #5l
s AR bE NS, £z, AH=ZXLIZBNTE (X
BT UERVIIANT D) ZEIZLoTADKAPEL RN
Z o, MERMNITHREEI NS, 7272, ko TE, =—
VIV MNIANZZALIIBMNT B TADYAEES (%
$5) "R D 5.

3.3 Online VCG mechanism OR&£FHE
Online VCG mechanism [Parkes 04] Qi Hikid, BT
DATEZLNS.

(t=t)
(otherwise).
(5)
ZoRFTHRDLE, [FET—Y sy ML, ROOHEDRET
iz 5 2 2 kAR 2 HHh 5 72 BT, ERICRA L2 HRITE
UCCKIEHAEPET 2] L WwWH I 2RLTWVA.
Z DA JH =X L%, Bayesian-Nash incentive compatible 7*
D ex-post individual rational TH 5. FL— =¥ hDHF]

. Ri(ait) — V(se,m5) + Voi(se,m5_,)
it —
Ri(ai,t)

(a) AT RFA]

1: Sample network

CHIZRA DV ARY AWIEE FATT 2 L WO IRED T T,
gliRt A B R b E 15 51U, Dynamic pivot mechanism
CRILTHEN, AHWZZALIBNTS (RESI70%2) 7T
A LT 3B) ZEIZEoTEDOMADNE U W & DSHEERIZ R
I TVS.

4. FEEER

4.1 ERREH

SRIOFERTIE, HIENRREZNE T = {0,1,...,8} D8 X
ALATy T, HEEHEHREZA=120U77k. HUFIL, K%
Wry N7 —2BL0T—Y Y MIET AERSMERT
4.1.1 RBRY IT—2

EBTIE, M1IECRTRAY NI —2%2FX/-. ZO%v b
7—21%, N={AB,C,D}D4/—R&, 10 KDY
YIEALTWS, | 1(a) 12V > 7 ikfTREE %2, X 1(b) (2
VYRR ERT. ERIZBPWTIE, /—FAZAETY 7,
J—=RFRD%AT4ATVTLEZX, /—KBBXUO/—FKC
BT ) T e E R I5I12 — K BITAE T B s i
DEERMIL bp = {3,4,5) 2 U7z, 2B, /—F BLUSD
MEFZ A DWW TIRE 2EHFMZ2 RER T, Vn € N\B;b, =T &
L7,
412 I—SxIv M NDEXHHBE

I—YxVvhiecl OFMBEEIZDONTIE, IO & SIT5
EUT.

Vaii € A"t Ri(s¢,ai1) =0 (6)
T (t€by
Vai: € A : Ri(se,aiy) = v ) (7)
0, (otherwise)

DFY, Fx—Yz v bk (BE TEICE W TIN5
T, &/ —Fnec N EOMii%OEERMAICYHE/ — RICH
Uz SITHM o 258550 LTz,
SEOERTIET—Yz b LT, HEMZ—Y Vb
Ic Ll —-Y b Ip %%27}: f:f:b, IcUlp =1
TH5. BH Iy TE2MELABERNT—Y Y FOHMKIL,
T THNEEELEHAICB AR R LI THE. —
BT, WE Yy TR MET i T -y o v M, A
CHMthoM A KWK TBEITAZ 22 HME LT3,
BT, ZNENIZONWT, SHOBUIEERTHRE LT
A—RERT.
EERT YTV EEMI -V ML/ — R A RHHE
LT/ —RNAZREBZREEN) Yy 7275808 T 5. 2,
J — R AZEHT 2B E 0BT 2 E L& ETH 5.
WEMT -V bOEHMIE, /—F BIIMET S k%
il a2 d5. Thbb, 2TOMERNT—-Y Y b
i, Ny IRFy eV ENEEEERE, /—F B O
HDE N by = {3,4,5} ORI 1 ATy T E/ — R
B IZHHES 20BN D 5.
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AT =2y MZOWTI, &/ — RTES®INE LT
DIEMRAAEIZHE > THRE L 7=,

o ~ N (50,50), o ~ N(200,200),

o ~ N(100, 100), o ~ N(50,50) (8)
72720, N(pu,0?) &, ¥ p, DK o? OIEBAMEERL TW
5. ZOWMERIZ LB, WEMT Yz ML, /—FB
B/ =R ClzlET228T, /J—RAX/—FKDIZ
WAETEROBRELEMERD D TES. F72, WfER
T—Yxvhie lo OFEBTHRES T, = (.. tF}
DWTIE, Eﬁ%%ﬁWtBﬁ*ﬁﬁﬁ{QLZ}bﬁb MG
MTHEA 12 DWTI, Vi€ Iestl =tP +6 L& L7

BEET— */I/I\ EEM T -y MZDOWTiE, /—F
AzHBELT/ —RFDIZA»> -y h&, M/ —
DEHBAELT/ —RAIHEHPI TV bOIIEY 2E X
. FNEFNOI—Vxy hOHESGE [P B U 54 T
. =L, IPPUIBA =1p THB. /J—RADPS/—F
DA@MST—YzvbhielpPizontid, &/ —FTE
L%, AT OEBDAAITHE > THRE LT,

" ~ N(200,200), aF =0,

oy =0, o ~ N(500,500)  (9)

¥z, BIZ/—FRD0L/—FAANEANSIT—VIzVhic
IBA 20T, &/ —RTR2HM%E, UTOERSMHIC
o TREL .

o =0,

o ~ N(200,0)

o ~ N(500, 500),

o =0, (10)
Fibh, EElT—Y v MIFRWRZNI BRI RE T 2
ZETRELWMENSS. BRI - b i Ip OIEH
AREIERTE Ty = {tB, .. tEYI2oWTlE, /— R D AR
T—Yx v hie IpP OEBBBIZ P & ko {0, 1,2}
2, £z, V=R AANARIT—Yz v bhic B OFHEH
%ﬁ%u?méﬁﬁﬁ{zs4}cﬁﬁt®ab TEEIHE T R4

tEizonTid, Vielp;tf =tP+4 6 3EL.

%H, SREOERIZBPVWTE, £TOT—Yy MI2W
T, [H—Y > 2 OEFGEANOBEEIXIGEIREFEOMIZ—E LA
EIFLARWEDE L7-.

I—VxzV MNEDOFHERBES : Lk L2g%E T, WiE

BMr—yzY ML, /J—NAPOSHFETELZEEL/ —FNAAN
RoTLBEEIL, ZNEN/ =R A»S5 /=KD ANE1PD
EEHM T -V N BEX/ = RD RS/ =R ANHEPDE
WL -V b EDOMTRBY Y —ADHEVFET 57
b, WY BERNABEE RS, AERTIX, EERE
&, AHIZRUEZZ—V oy bOBEEIIHETIHMEAET V2E
Al e LTALTWAEDE LT, 7272, T —Y v b
O HFEIREL B & ORI B 3 B EIC DWW TE, @izl
5FETRIET S,

4.2 EHRER
AWETRUEZ DDA = AL, Hiz, BREIZERHE
2R ERAMET Z2E D Y TE2ERT S, TOMRIZONVT
1, BEfEFY [Hayakawa 18b, I 18] DD TH 5. Aff5E
TlE, ZODMEA N XL X > TEBT ZPEEDENTE
HUT, #EBzfro7z. EBRTE, @Eflc—yzr oz

0
Al —— Social Welfare
————— Revenue(Online VCG)
Revenue(Dynamic Pivot)

2 - T
o
c
T
2
5 {

0 | o

o I

o o -7

= - T S T T T T

2 4 6 8 10

# Cruising Agents

2: Revenue achieved by two pricing algorithms

2L, WAMI—Y Y NOEE 1 D5 10 £ TE{EEIET-.
LR Z LI ERD S, BRMICE T BEERFEIZE LT 10
[\72 5 100 [FEA4T U 7=,

£9, ZODANZAXLDONEEEK 21259, O
RMEIREL D DEEEZRL, [ROEZ—Y v FOER
MEERIT B - 723556 O I s M E AL 7 TR o N 2 i tt 2%
A% 1.0 2 UCESLI T H 5. KOKERE, WA D
ZALTRONDMERAEZRL TS, — /T, fRkRk
B LOHEMRIE, Dynamic pivot mechamsm B XU Online
VCG mechanism T 6N 2% —E A4 R — XD % R
LTwad. 2RHEOMHOATHE, it ey -2
ARV —=RDPHDEL U TALILENTES. ZOMIZE
% &, Dynamic pivot A =X ALTIE, FIHEHED THIKE
WHHZFHE OMHDEFHENRADE L > TWE. — /T,
Online VCG mechanism (&, FJfH&DFsH bhfﬂ’]d‘&b‘*
M TIZBWT, yF—EAARL—=XDPEEHA L Z>T W
5T LDnnD

FED

vy FEOGEY— A2 BEL, HMEAZFOHED
FEMZTEMLTL Y RWASEAERAL D 2 FEB T 550 1Tk
FOBBDAN = AL ZRE L. 55I%, HESNE LY —
VA7 A T4 %W IS AN =X L [Hayakawa 18a] DT
VA S

S XXk
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Multi-agent simulation tool incorporating group evacuation behavior model

HHHE 2 PR LA

Ryusei Ishida Masanori Akiyoshi

MRNNKRZ LA AT LRI AR

Department of Information Systems Creation, Faculty of Engineering, Kanagawa University

Evacuation simulation by multi agent model is used to make plans for reducing damages at disaster. In this
research, we specially focused on emergent phenomena that aims to provide notices for unexpected evacuation
behaviors by expressing embedded individual behavior rules concerning interactions in groups. To construct such
simulation tool, we introduced three models as follows; 2-dimensional continuous planes as spacial model, evaluation
agents with eyesight and individual behavior rules, and potential models as deciding moving target positions based
on mutual behaviors. In the experimental studies, we set two types of agents, that is, agents with notice of
evacuation exits and agents without it. Simulation results shows significance of agents with notice of evacuation
exits and effects of group sizes as to evacuation behaviors.

Wl R R YR A DB D721, WS I AL —va v
RERESHEDLILNTES. I—Uxubhi

1. EC®»IC ﬁgl—‘;:w EEY
SEERHZITRE P DL 22 T2 BNEETH Y, B
PHWSNS [N 2014]. ##HS IalL—> a3 v TR, T—
Vrvh - R—Z-vIalb—vardiEReE-oTED, <
NFI—Vzy MIfREALV—LAS IO - ZaD)L—F
IZE VHIRENT WD B 72 RATEI R B A D 2 % AlFEH
AFETIE, B MO BEIERIZ X > TAIFE S 2 kR 1 maEE s s
BEMORAELHRE L, &322l —RHIE L > FHL B 1 BT x Yk ORE
o BT EIA DR D E 2 52 S ENMHTE S I 2 L —
VaVETNERETS.

# 1 T —Y v hOEERETEIL -

2. REETN [ EREomE | ST B L — L |
_ H 2R T B MEEE | 1. HOERRLESADS

21 ZREFN 2. HoTWAHOCIRS
B> S 2L —> 3 BEEHET SEMTFVICEA b EOER S BRI | 1 HOZRRLE S

T—=ZETNRENVEMETVRENEZ 6NDH, T — 0. A& EAE

v bOfTEIZERNE, TE1E L D REBUIREIT 572D 21k 3. HE[ & W a6

TLEREH TOZEEE LT WA, 72771, EEY L HEEpH R T INE 4

Wnx, EHLRTH o CTHRE T — = > b & DGR

T 572012 2TED T ) v RIROTIRTHEK L T\ 5

2.2 BHEETTI NI RE R 1 R T, A & IO R & D
WHEET VTR, T—Yy b - R=ZX-EFVIUL BB R MR L, BT — Y MIAH NI A2 0%

T, IVFI—VzV hETNEEALTS, T—-Vz VD WA 2 - L IRCED,

ﬁiﬁﬂ:ti, %gﬂ@fﬁjﬁ%A uﬁkb -../uﬁ%fg??@jﬂ/“}l/ c]:k)ﬂj"? 2.2.2 $1L.\/*E1i’§i])l/_)l/@u2u

FHEITO & Uiz, BRERERICIIHE 2 FE L, BEEYPHI, o R o

O i 5 KO£ 5 R S e . o

ViE, if-then BRI K O RBIT S, 2L T, MEfTHE LT TeVry NOFFL—LEE 1 IT AT

ORES T2 D, BORE LOREIEERTS &5 7% HIOERIS TW AT — Y = > g, 2R 51 515
OEZILT BEDIART w2y VETNENS. HOERIS TS RD, ZOROAAIEHTS. LbL, B

2.2.1 HRFOHF WA OH AR L 2B a10 1, ZOMMIcBHT 5
WHET— 2 x> NS, MR O I &2 GRS 5 72Dz Wo 2 782 & B —)L e Uz, HO2M S0 —Y

FEEETS AVIalb—varyTRELET—Y Yy VRN, EALLTOALEBL—LIZE D FHLTV S L

ARG R, AARIRE, )R 43 1 < THHIEFERS S Z LB, HITERI> T 5l —
63 TH 27-1, 045-481-5661, r201504099sb@jindai.jp Vv bR EORNEmPITHEL S e Lz, B
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EORHEE DITHIZTOEE > TWRNWI 75, TOMDFT
L — VAT Y 72 v R LZHKEKTEHZ e L
7o, HFHEBRT Z N — IV TIHEMZHBNICBIT2 -V
VMR Kk AN ETHBEZ L 2 EHEL, BV EFRASE
5l U7, £HZFHKR UGS, BN 5k —
VIV hDO—AEERL, EFERRATLEILNTERD o7
LEWZIE, TR LMTEIRE L B, b, BEICERKT -
T KFLIL, BREORE T - = v MRETNL 54N E Z
EMIRWIRY, BEATY FTTEIZT v X LNTHEKET, L—
NEEET 3.

2.3 RFVIvILETI

WEEY I 2L —Y 3 YOTEIE TR, BEIa Ry hopEE
Ve T L E LTRT VYUY VETARH S, MOfTHE
TNEULT, BEAETORI )L EEIA~ORII & L HHE)
FiFERN TR & 2 X8 9 % Helbing © @ Social Force
Model 72 & 235 2 5115 [Helbing 1995]. L2 L, HEEMA
F TOR LIZFREYDH 25517, REVORIZ L > TIEH
S b FEETAMENH L. EMETVESRY N E
T, T=YzY MIENIHINE S X5 Z &%, BliRSD
BETABIRIBIZY 7T LOREAZRDEZEIZED
COMEERIRTE 2D, T—Y x> bDOFTEILV—ILHEEHE
7o TUE S AREMA B (IR 2006].

ZTIT, RFVVYLVETFTIVRIY TV 2RETDHI L
72K, B E CREGI 2T 2N TE S, KTV
VY NLVETFNEMAVWS. HESIIRT VY v ILEgGH 5T —
Vv DO HEERET BMHTEY I 2L —Y a vk
ERELTWAD, YIal—vayZiiizs vy Kokl
BRI L > THER SN TE Y, #ITHAIEL—TIEED 8 /5
FUZU»BET 2 Z e RN TERW [HE 1995]. AvIal—
varvETFILCR, BHTEE X EBICH S 2o T
V% ZRGTEGCEI COZEM TR L TWab 72, RTrvyy
NVEBORERK FEIZL > TROSNBZ KT VY v IR ML
&, TV NOBEINRS MLELKT S 2L D
fThmERD 5.

BHEE
A

RS EIAN |

BEE

X2 RFVIvILETIVICEZETHARDER

KTV v VBIBUZIZEA S5 %2512 D.HKim 512k 5T
REINLRT vy VEBEZAWS B 2009][Kim 2006].
FHRT VY vV U, BIRRIZ LD EHSIND.

n

Uslr,y) = Y cocapl -

=1

(4 20i)? 4 (Y + Yoi)?
lo?

oo

::VG’ Loir Yoi Lir ﬁﬁt@%l‘%%%@@@, Co ﬂiﬂ‘f?‘/
¥y VBB OB, 1, 13RT VY v LOIIDORE X 2T
BT A—=RELTHWS., RF Uy LRZ MUIZIE, TA

BEREAZBHWSEZ &> T, Wt —y > b OBE SN
R MIVEETBRINRT MVvEkdD B, el ik dI,
MR E->TEHRZSIND.

d = —gradU,

3. HMRXBEER

3.1 BREROFMH

BRI T 1 DOHIZED S BERFER A &, 2 DDl
FHZERFIZHA D D BERER B 217072, YIalb—varz
72 RN LA N DX 31279 & 5 IZHEE 15m, #4IE 10m D22
R Im OH %2 =D& Uiz, EERIZEERER A, BERER
Bebilio—y x> ME 30 A, 40 A, 50 ADZKMAT
75.

THEERA ZTARTCOMPET -V =Y "MAFOHO%K -
TWAHRETTEH %235, HRERB 3 -2 D
ESREOHOZ->TED, BAEHBEOHOEZA>TW
LARFETITE 2 AT 5. BERERITEFERE Hlzo—Y v
N DYIAALE DS EES 3m BANIZUN E 28T > X L ICEEL
TWA., 72, M —y x>y s OFEMAIL 60, HEFDR
KEF#EE 4m & U, HTAE—FIZ 1.5m/s LT3,

(2)

HRERB

o Qo [ ]
'e®
f’.’.’.P .Q:O.

:

3 vIal—vavEf

3.2 BIRZER A OFER

BERFERA ITB T T — Y v PR L2 Tz oW
TUTDOEIIZRT. -V MI30 ATRIRTOIT—
VY IRASOHSTWAHOANBRHELTWEY, T—Vx
VM40 N, TV oV M50 AT, EROTZ—-V v
FRES OS> TAHHATIEARWHOTHELTWS, Z0f7
I OZ2H->TWAT—V Y bOERBETEFIIL—ILIZE
1} 2 HODHEIZ A - 723855132 O H Oz D 5 L —ILa3FEK
LTWab7=bZeEZohb.
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MIL30 ATIERT VY Y VETVIZBIFARFRART VY v L
DFEEN DL, EOHOADEEIIA S Z L 13MHh > 7225, 4]
IR E A LLIRA I e DA TR BN & BIMA U 7ol — > = > b
WBEOHOZFERLTWS, ZDXS1IZ, T—Vzy MIUZEK
DIRT VY Y IV DORGENER Y, OB %R RS 58158
REWCHERT DI LN TE 5.

3.3 BRZEERR B OfER
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A study of observation fluctuation reduction method for ear acoustic authentication
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Ear acoustic authentication is a type of biometric authentication that uses the acoustic characteristics of the ear

canal.

A special earphone which has a driver and a microphone is used in this system. The measurement data

has error due to the attaching and detaching of earphone each time. In our previous study, we proposed a special
earphone which has a driver and two microphones. And multiple features are concatenated. However, the accuracy

didn ’ t improve. It’

s conceivable that the concatenation method is not good. In this study, we conceive that

multiple features obtained by multiple microphones in one measurement complement observation fluctuation. As
a result, the accuracy was improved. By analyzation of variance, we can say that the features were interpolated,
and the learning data increased by using multiple microphones. We conclude that the method using the earphone

which has multiple microphones is effective.
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New similarity scale to recognize bird calls and abnormal sounds of concrete/machine
Development of pattern matching software using multi-CPU

1 2

Michihiro Jinnai * Edward James Pedersen *

“I Nagoya Women’s University *2 Central Queensland University, Australia

A new similarity scale called the Geometric Distance, that numerically evaluates the degree of likeness between the
standard pattern and the input pattern is proposed. Traditionally, the similarity scales known as the Euclidean distance and
cosine similarity have been widely used to measure likeness. Traditional methods do not perform well in the presence of noise
or pattern distortions. In this paper, a mathematical model for similarity is proposed to overcome these limitations of the
earlier models, and a new algorithm based on a one-to-many point mapping is proposed to realize the mathematical model.
Using the new similarity scale, experiments in bird call recognition were carried out in noisy environments. Furthermore,
experiments in abnormal sound recognition of concrete structure were carried out. In all cases a significant improvement in
recognition accuracy is demonstrated.

of different individuals, even when vocalisations were from

1. Introduction completely unfamiliar individuals. Biology Letters 8: 365-368).

Human beings, dogs, cats, and other such mammals exhibit a L
Chur {° 807 o

“sense of similarity” in their perception of sounds and sighted

0z

objects. To emulate this sense of similarity algorithmically in a

— frequency

BOMHz

“similarity scale” is an important objective for developing
computer intelligence. e

In an acoustic similarity scale, the degree of likeness between
an acoustic standard pattern (control) and an undetermined input
pattern is evaluated as a “distance” between the two patterns. This
process arbitrarily emulates a human perceiving a sound and
comparing that autonomously with ‘templated’ or remembered
sounds. Ostensibly, a software-based similarity scale would return
a short ‘distance’ for two patterns that humans would consider as

4]

similar to, or the same as each other, and a long ‘distance’ for two 2

patterns that humans would consider as dissimilar. E
Euclidean distance and cosine similarity are widely used to : : Lo

measure likeness. Conventional similarity scales compare patterns
using one-to-one mapping. The result of one-to-one mapping is
that the distance metric is highly sensitive to noise, and the
distance metric changes in a staircase pattern when a difference
occurs between peaks of the standard and input patterns. As an
improvement, we have developed a new similarity scale called
“Geometric Distance (GD)” [1]. GD is more accurate than the
conventional similarity scales in noisy environments.

The GD similarity scale and allied detection software have
proven applicable in a broad range of dynamics: from automated
call detection of endangered species [2] from within ‘big’
environmental data sets; to real-time fault detection in concrete

structures and operating machinery [3]. In this paper, we describe
LPC spectrum analysis

input pattern l‘ standard pattern

the underlying mathematical model for similarity; the GD
algorithm; and we introduce automatic recognition software for
bird vocalisations that uses the GD algorithm.

2. The LPC spectrogram of bird sounds

The lower diagram of Fig. 1 shows the waveform of a Noisy
Miner Chur call (Paul G. McDonald; University of New England, pattern matching

Australia 2012, Cooperative bird differentiates between the calls hdes
Geometric Distance

Contact: Michihiro Jinnai, mjinnai@nagoya-wu.ac.jp Fig. 2 Processing procedure in recognition system
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The upper diagram of Fig. 1 shows a spectrogram (time-
the
waveform has been segmented with 18.8msec frame width and

frequency-power) of the exact same signal. In Fig. 1,

0.31msec frame period, and the LPC spectrum has been calculated
for each frame. Next, the spectrogram has been coloured
according to logarithmic power of the LPC spectrum. We have set
the software analysis parameters for this bird vocalisation
recorded at 16kHz sampling frequency, 16bit quantization, to an
LPC order of 12; restricted the spectral frequency range to 0Hz to
8000Hz, with an 11.5Hz frequency resolution; and set a dB
threshold filter of 0dB to -60dB logarithmic power spectrum. To
analyze transient signals such as bird vocalisations, we set a
fractional frame width (with respect to total signal period) as
shown at the bottom of Fig. 1. LPC spectrum analysis is suitable
for spectral modeling of transient signals.

3. Automatic recognition procedure

Fig. 2 shows the software procedural stages for automated
signal detection and recognition. First, the software differentiates
potential signals from background noise (segmentation). Second,
the software extracts the segmented signals and establishes the
segmented signal’s spectral characteristics (time-frequency-
power) using LPC spectral analysis. Third, the software compares
the spectral characteristics of the extracted signal (the input
pattern) with a previously registered standard pattern of the focal
signal (the signal to be automatically detected). Comparison is
effected using the GD similarity scale. To expedite the process,
the software executes parallel processing using multiple CPUs

[4105].

4. Mathematical model for similarity

For a functional similarity scale, we need first to develop a
mathematical model for similarity, that can perform numerical
processing by computation. In the GD process, a mathematical
model incorporating the following two characteristics is used:
< 1> A distance metric which shows good immunity to noise.
< 2> A distance metric which increases monotonically when a
difference increases between peaks of the standard and input
patterns.

Figs. 3 and 4 graphically demonstrate the underlying
computational and algorithmetric processes. The upper diagram of
Fig. 3 shows an example of the “difference” where the standard
pattern has two peaks in the spectrogram, and input patterns 1, 2,
and 3 have a different position on the first peak. Note that both the
standard and input patterns have the same volume. Fig. 4 shows
an example of a “wobble” where the standard pattern has a flat
spectrogram. Input patterns 4 and 5 have a “wobble” on the flat
spectrogram, and input pattern 6 has a single peak. Each pattern
however, is assumed to have variable « in the relationship shown
in Fig. 4. Therefore, the standard and input patterns always have
the same volume.

Bar graphs at the bottom right of Figs. 3 and 4 express the
characteristics < 1 > and <2 > of the mathematical model
diagrammatically.

5. New algorithm for similarity scale

A new algorithm based on one-to-many point mapping is
proposed to realize the mathematical model. In the GD algorithm,
when a “difference” occurs between peaks of the standard and
input patterns with a “wobble” due to noise, the “wobble” is

pattern 1

input
pattern 2

standard
pattern

input
pattern 3

@
=]
=
o
=
2
=]
c
@
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=
©
=
(11}

Geometric distance

input
pattern 4

1+7a/8

pattern 5

.;‘L'fil

standard
pattern

1-a/4
V'"'

'I’ input

pattern 6

Euclidean distance
Geometric distance

Fig. 4 Typical example of “wobble”
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absorbed and the distance metric increases monotonically
according to the increase of the “difference”.

In statistical analysis, a normal distribution is usually used as a
model for a phenomenon. Then, a "kurtosis" and a "skewness" are
used to verify whether the phenomenon obeys the normal
distribution or not. Here, the kurtosis ‘a’ and the skewness ‘b’ are
statistics, and we explain them using Figs. 5 and 6. If a probability
distribution of the phenomenon follows the normal distribution,
then a=3 (Fig. 5(b)). If it has flatness relative to the normal
distribution, then a <3 (Fig. 5(a)). Conversely, if it has peakedness
relative to the normal distribution, then a > 3 (Fig. 5(c)). Also, if
a probability distribution of the phenomenon is symmetrical about
the mean y, then b= 0 (Fig. 6(b)). If the tail on the left side of the

probability distribution is longer than the right side, then 5< 0 (Fig.

6(a)). Conversely, if the tail on the right side of the probability
distribution is longer than the left side, then 5> 0 (Fig. 6(c)).

In this section, we explain the GD algorithm using Figs. 7 and
8. Fig. 7 shows the spectra (frequency-power) extracted from a
Macleay's Fig Parrot (Cyclopsitta diophthalma macleayana)
vocalisation. Fig. 7 shows standard and input patterns that have
been created using the momentary power spectrum (frequency-
power) of standard and input sounds. Figs. 8(a)-(e) respectively
show typical examples of the standard and input patterns. Note
that the power spectrum is generated from the output of a filter
bank with m frequency bands. The i-th power spectrum values
(where, 1 =1, 2, ...
divided by their total energy, so that normalized power spectra s;

, m) of the standard and input sounds are

and x; have been calculated, respectively. At this moment, the
standard and input patterns have the same area size. Moreover,
Figs. 8(a)-(e) respectively show reference patterns that have the
initial shape 7; of a normal distribution.

With the GD algorithm, a difference in shapes between standard
and input patterns is replaced by the shape change of the reference
pattern using the following equation.

rie— 1+ (x; — 57)

(i=123,--,m) (D)

01 Advertising 06 Standard Pattern

0dB

(a) Same shape

-15dB

E /\/\/
4508

SUUDHZ 10000Hz 15000Hz 20000Hz
Peak Frequency 5820Hz

Input Pattern

standard pattern

0dB

14
reference pattern
Kurtosis 4=3

5000Hz 10000Hz 15000Hz 20000Hz Skewness B0
Peak Frequency 6719Hz

Fig. 7 Standard and input patterns

(b) Small difference

Fig. 8 Shape change of reference patterns

Next, we explain Eq. (1) using Figs. 8(a)-(e).

e Fig. 8(a) gives an example of the case where the standard and
input patterns have the same shape. Because values 7; of Eq. (1)
do not change during this time, the reference pattern shown in Fig.
8(a) does not change in the shape from the normal distribution.

e Figs. 8(b)-(d) respectively show examples exhibiting a small,
medium, and large “difference” of peaks between the standard and
input patterns. If Eq. (1) is represented by the shapes, as shown in
Figs. 8(b)-(d), value r; decreases at peak position i of each
standard pattern. At the same time, value 7; increases at peak
position 7 of each input pattern.

e Fig. 8(e) typically shows the standard pattern having a flat shape
and the input pattern where a “wobble” occurs in the flat shape.
Because values r; increase and decrease alternatively in Eq. (1)

(a) Flatness

(b) Normal distribution (c) Peakedness

mmm el =S o=

“

,LL,L

Kurtosis 8 <3

Fig. 5 Shape change and kurtosis value ‘a’

(a) Long tail on left side (b) Symmetry (c) Long tail on right side

".

JLLL

Skewness b <0

Fig. 6 Shape change and skewness value ‘5’

(c) Medium difference (d) Large difference (e) Wobble

Si i power

i
—— frequency
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during this time, the reference pattern shown in Fig. 8(e) has a
small shape change from the normal distribution.

With the GD algorithm, we replace the mean ¢ shown in Figs. 5
and 6 with the centre axis of the normal distribution (reference
pattern) shown in Fig. 8(a). Then, we replace the kurtosis ‘2’ and
the skewness ‘b’ with a kurtosis ‘4’ and a skewness ‘B’ shown in
the following equations.

{Z } -{Z(L.-)‘- }
i=1 i= B

e
]

== o

Where, L; (i =1, 2, ..., m) is a deviation from the centre axis of
the normal distribution as shown in the reference pattern of Fig.
8(a). Then, numerical experiments were carried out to study the
relationships between the kurtosis ‘@’ and the kurtosis ‘4’ or
between the skewness ‘b’ and the skewness ‘B’. As a result of the
experiments, we have confirmed that they have the same
characteristics [1][3].

For the reference pattern whose shape has changed by Eq. (1),
the magnitude of shape change is numerically evaluated as the
variable of kurtosis 4 and skewness B. The kurtosis and the
skewness of the reference pattern can be calculated using Eq. (2).
Figs. 8(a)-(e) show how 4 and B vary with r;.
e In Fig. 8(a), the values 7; do not change. The kurtosis becomes
A =3 and the skewness becomes B = 0.
e In Fig. 8(b), the position i of the decreased 7; and that of the
increased 7; are close. Because the effect of an increase and a
decrease is cancelled out, the kurtosis becomes 4 ~3 and the
skewness becomes B ~ 0.
e In Fig. 8(d), because the shape of the reference pattern is
flattened relative to the normal distribution and the shape of the
reference pattern has a long tail to the right side, the kurtosis
becomes 4 << 3 and the skewness becomes B >> 0.
e In Fig. 8(c), because the shape of the reference pattern is an
intermediate state between (b) and (d), the kurtosis becomes 4 <3
and the skewness becomes B > 0.
e In Fig. 8(e), the reference pattern has a small shape change from
the normal distribution, and the kurtosis becomes 4 =~ 3 and the
skewness becomes B ~ 0.

From Figs. 8(a)-(d), we can understand that the values |4 | and

o AUDIOTRACK_01

16000Hz

01 Advertising 15
16000Hz

Input Pattern
d8
]

14000Hz 14000Hz

12000Hz 12000Hz{

10000Hz 10000Hz{

B000Hz BODOHz |

6000Hz - 6000Hz -

4000Hz 4000Hz <

2000Hz 2000Hz

OHz

Frame Shift 40pt of Frames 129 9

Fig. 9 Result of p

matching for bird call recognition in a noisy environment

-4

| B| respectively increase monotonically according to the increase
of the “difference” between peaks of the standard and input
patterns. Also, from Fig. 8(e), it is clear that 4 =3 and B ~ 0 for
the “wobble”. In this method, when a “difference” occurs between
peaks of the standard and input patterns with a “wobble” due to
noise, the “wobble” is absorbed and the distance metric increases
monotonically purely in accord with the increase of the
“difference”. On this basis, we verify that the GD algorithm
matches the characteristics <1> and <2 > of the mathematical
model. GD is defined using both the kurtosis 4 and the skewness
B [3]. We have both one-dimensional GD and two-dimensional
GD. In addition, we have a fast calculation GD algorithm [1][3].

6. Evaluation experiments

To authenticate the effectiveness of the GD algorithm described
in Section 5, we performed evaluation experiments for the
vocalisations of Macleay’s Fig-Parrot. Fig. 9 shows that, using the
GD algorithm, pattern matching even in a noisy environment is
accurate. The same GD algorithm has been successfully used to
locate cavities in concrete structures by comparing the acoustic
response to controlled surface tapping above integral concrete and
concrete compromised by erosion cavities. Recognition accuracy
comparing taps arising from integral and cavity-compromised
concrete is 17/20 [5]. These applied experiments verify the
effectiveness of the GD algorithm.

7. Conclusions and future work

We have described the GD algorithm and introduced associated
automatic recognition software for bird vocalisations. The
software executes parallel processing using multiple CPUs. In our
future work, we will continue to improve the recognition software.
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An Investigation of Controllable Neural Conversation Model with Dialogue Acts
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Dialogue act is known as an essential component of the dialogue system, which captures the user’s intention
and produces the appropriate response. In this paper, we propose a controllable response generation model given
dialogue acts. Recent neural conversation models are based on the end-to-end approach that learns a mapping
a mapping between dialogue histories and response utterances. However, it was difficult to control the contents
of the response generated by the model. Several models tackled the problem of generating responses under the
specified dialogue acts as a condition; however, these models still have problems on conditioned generations. In this
paper, we introduced an extended framework of the generative adversarial network that optimizes both conditioned
generator and discriminator which explicitly classifies dialogue act classes. Experimental results showed that our
conditional response generation model improved both the response quality and controllability of neural conversation

generation.

1. ELC®»IC

WEE T A EIE, FHEPFEFIIBVTROMMLLSD [EX)
HDEVIEFEEHZ BT HEE) TH Y, TOREKPHEREDFER
& UTHER T AR 7 INEHI NS [Boyer 10, JHF 18]. K&k
TAF, RNEFEETVICBT2EARENO DL LTHHAIN
TETHEDL, FROEE, MBI 2 KR OMEFERZET
WLE 3 ETEMATH S Z EARISNTWS [Yoshino 15]. L
MU, EELELSHWSNT WS =2 —F )LIEEE TV (Neural
Conversation Model; NCM) Tl&, Z95 UG TAICL-
TYAT LR IRIEMES 5 Z L AR TH L. 22T
AWIETI, VAT LIRNED RO FE T AOERE b LT
AN 72BN AR B A O Pl A %2 NCM B AT 5. BARIYIZ
1%, 520N W5iTAIZEDWTINE 2 4K T % Generator
&, Generator DVERK U 72 G EDHRE U 72 MGE T A1 KD W7z
Y7 DTH B % HHT % Discriminator ZHEL, Zh
50D 2 DDET N EREICHNINZHIRG 2. 205 K%
BOVFHADEAIZ LD, NCM WMEEDNEH T 24123\
WY RINEZERT 2 Z LD HREN E D D OFHT & 17 - 7=.

2. FEEMR

K EEAT R DR % FI N THREEEE1T 5 7258 & LT, Wen
X Zhao © DOW%EN D D [Wen 15, Zhao 17]. Wen o I,
VAN VENFFTED KAAL IZBWT, EEONGETA
(e.g. Inform) &ZDZABvy MEM, (e.g. food=Chinese,
name=Seven_Days) %\ THGGAEK (e.g. “Seven Days
serves Chinese.”) %175 =a2— 7 )V SiEE T/ (Semantically
Conditioned LSTM; SC-LSTM) Zf#Z& L CT\5%. SC-LSTM
T, LSTM SFEETMC [FiAAART — b | LIFEND 75—
T4 VIR B AT A Z T, HEOAKRIZ, BT
U255 T A& A8y MEIRD 5 5 O Z 5 2 Ofil#E %
75, LLADS, SC-LSTM RSN/ KA VDR A
R ENRE L TWS 28, B H D FGEOHF AN K72 A —

ARG B, RGBT AERAE, T 630-0101, &R
VAR S L 8916 Fihid 5, kawano.seiya.kjoQis.naist.jp

TYRA VDI R A EANGE Y AT LBV THH L &5
L UGE, Niifthae ATy MEROW 5% 7L —0Hk
U RT3 Z LIFBIER TR,

¥ 72, Zhao 51X NCM 2S#E I —Bib S nz)eE 2KT &
WS I [Li 16a] 12X LT, WETADEREH NS Z LT
&0 ZRD OB G B E1T 5 KgCVAE (Knowledge-
guided Conditional Variational Autoencoder) Z#Z% L T\
5. KgCVAE Tli%, Encoder @ ifER D 5 IGE DX GHIT Ay
ZTHIL, Tz Decoder NDEMEE UTHEHLTWS., 77,
FkEkD T 70 —F & LT, NCM 281} % Decoder (ZJ&IF T~
IWRFEHE T NV GME UTHML, NCM 2B 2058 NEZ
L &S & T2ETLVBREINT WS [Zhou 18, Li 16b].
I 5D NCM &, SCE (Softmax Cross Entropy Loss) (2
£D\\WT Decoder D HGEERA T v TI2H 1 5 HEEFH D
B L2175, LU INSDETIVIENT U ERI NG
EDRE L7 XNTEDWHE) RIEE TH B Z & ZRFEL
. ZOMEIERHC, [JEED T NV THETH S, T,
AT — R i2B T 2 TV OH/HEDMR Y IZEKT S [Zhou 18].

—7/T, NCM (ZHONHER & v b7 —2 (Generative Ad-
versarial Net; GAN) A4 5 Z LT, X0 Ek»DEME
RINEERE TN OMEI G TN TS [Li 17a]. BRI
&, IEFEEE KT D Generator &, 52 O N7z INENF
BT — XD Generator DEH HIZHEKT 2 EH D2 2T S
Discriminator 253 5. 2N 5D 2 DDET IV AR AIZHL
HHNZFHES 5 Z & T, K ERGHEFHEERLES LT
ATHB. ZOE57%, FEHORMAHHAKD NCM & Hui
UCHEBEN DERAEZER L2 ehEInTn5.
AL T S Uz GAN IZEED K EE Ol A%, HE L 725
SRS LWIREEERT A I L2 HNE LTEAT 5.

3. REFZE

AWFETIE, HIfi T~z NCM IZ8B1F 5 GAN IZHD <5
FEEDOMAAZ IR L, INE DN TAE R LTHWS
NCM (FfA & NCM) IZjtHd 5. BAEMIZIE, GX 6Nk
K FATRIZEED W TIRE Z AT 5 Generator (G) &, G WY
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AR U IR DR E U 7 EE T I B D Wl R s D TH B
2% i 9 % Discriminator (D) ZH%EL, ThoH6D 220D
TV E L FICHOS IS 5. AFEIE, G2k 2I6%
Al DT & BB TR DT O, B DX TR
DIERZPRIIZE AL TWS S THEETIE [Li 17a) & Hg
5. AHETIE, ZOXDRINEDONEETAOERERMMHEL 2
GAN OFlADEAIZ L D, NCM MMEEDORFH T A IS
WY R R KT B 2 L DSERED & D DO FHi &

3.1 WETAICLIRMHFE NCM

KEEAT 2512 & B R S INEER T, NEEEE M =
{Mifl, Mifz, ey Mifn} Zﬁﬁ%@iﬁﬁﬁ% d; = HW\WT, ’IJ\L;
%%gﬁ Ri = {w1,11)2, e ,’w[} %iﬁk’é’é Z :VC“, n iiiﬁﬁ
E, JIIKERETH L. AFETIE, &H IR NCM OILR
LT 1DEST, WER7Z Encoder-decoder € 7 V2 £k
< NCM[Tian 17] 26 LT, FiED T 3 — FRRCHRAIZ
WNEETADOEREGZ2ETIVEEEL -,

W% D Encoder-Decoder € 7V TCld, Decoder IZH 1) %%
HEEHMN AT v 7 I28WT, EATORIIRE by EBHED
HEE w, O MVERB o, PASE UTHAINS. — /T,
REFNTIE, EATORIIRTE by IZIMAT, NFETR d O
R MIVEH e & oy OEFERTZ MLy, =edae ZASIE L
THHT 2 LT, fELLNETAIIEDVWZINE %2 NCM
NERT D &2 fFd s L

RNN (Zi&, LSTM % GRU & b U C 3d ¢ Hllfsi v o] i
THhdZEeMPHS5NTWS SRU (Simple Recurrent Unit)
[Lei 17] Z A\ 7z, FEMIZEERTIX, Encoder XU Decoder T
S % SRU D@t 2, WOt 1024, DA
ANRZ NV DIRTEIE 256, WaifT AHOIAA R T MLORILIE
100 £ U7z. %7z, Encoder 2B 2 ANTERE n X 5123
ELT. EFVOHMIL SCE 12X V7w, Bty MzBY
% Perplexity ¥ x® R > 72 € TV % I HHT 5.

S =

72.

w1 w3

R R

-

"IN N

Mi—y _’X:l—‘ di wy di wp di w
L Y )\ 1 It I

Utterance Encoder

Dialogue Encoder Decoder

1: AFET R & 2 5 E NCM D%

3.2 WEITAICLIZFREMEHENERRY hT—72

AWFFE T, BOTAEREE (GAN) OFEE LT SeqGAN
(Sequence Generative Adversarial Net) [Yu 17, Li 17a] D
Ptz R L, SEETAZ & 2 5044 S B LA IGH 9
5. FFHEO X S REECRY T — X OERIZ GAN 2EHAT 5
Y6, Generator O HJJITHEEDHEBED RF 2 HifE L § 572
&, Disciriminator 2* 5 Generator NDOABDEH %175 Z
EHREEL . ZOMBIZHE LT, SeqGAN TlE, #LFE I
£ 37 7a—F % Generator DEFIZHNS Z & T, B

RRIT—ZIZGAN 2 EHTERZ L2 RLTWVWS. BRI
GAN %3%5D Generator, Discriminator D&% R 7.
3.2.1 Generator (G)

Generator T, IBEERIZB I HEEND Jov A%<
VA TPEHIBEL AR, BAT Y TICBI B HELEEDH S
BURIZHE D W TERI N T L o TIRETIND EH RS,
SeqGAN T, Discriminator IZ & o> THE XN/ I0E X DF
WHEIZDOWTDRAITT Q(M, R,d) % Generator DR & LT
FMAEU, Z ORI % K A{bd 2 & 51Z Generator % iR
BFIEIC & W FEHT S [Williams 92]. AWFZEC 81 5 65617
P X B EREERICIBWTIE, TOHMEK J 24
flEXRTEHRTS 2. 22T, 7 ldhE R DEFERTD
5. KW TIE, Biffi TR 72T A & B 5T E NCM
% Generator & U CTHW3.

J(0) = Er~p(rim,a)(Q(M, R, d)|0) (1)
VJ(0) ~ Q(M,R,d)Vlogm(R|M,d) (2)
=Q(M,R,d)V >, logm(we|M,d,wi..—1) (3)

3.2.2 Discriminator
Az T, DATD 2 fi¥EO Discriminator (2 2W T HE!

g =

Z179.

e Implicit-Discriminator; M=E/EE M, IGEFHEE R, XET4A
dEANLLT, 525607 ROVAY (F8T—Xdk0L D)
W (Generator HZRDE D) TH D0 D 2 7 5 A5 EAT
5. Generator IZ &> THEKINZ RVAYTH D LHEEI N
%% Q(M,R,d) L UTHMHT 5. Zhixk, N TAXI%
FEAMZ Discriminator D AJJ & UTHW, AFERHIES
2ZLaiifdoEDTHS.

Explicit-Discriminator; X GHERE M, &84 d (269 5
JINEFEFE R # AJ12 LT, R Generator HEDHDTH D
L EBY), FET-XHEKDEDTH D & EZT DT E D
9 % & 512 Discriminator Zilffd 5. D%, WNiETAOHE
B E N ULEE N+1JTADEY I ARMEITS. T
2T, Q(M,R,d) 1%, Generator |2 &> THEBEI Nz R HFE
BT — RO TR d Thd LHEINDIMRTH L. &
BRSNS BT B DR KL L T\ % 5 % Discriminator %
HIRBNC PR 2 Z 22 kD, a7 2 DR A ST K
MxnsdZ ez ds.

Discriminator IZ 1, 2 1Z/”F & 5 7% Utterance Encoder
& Dialogue Encoder THERN S 115 i # RNN % Discrimi-
nator & UCTHWA. Z7z, Generator DA & FEEIZ, RNN
1Z1% SRU % Discriminator D FIFHD E# b D7z DIZERHT 5.
SRR IZ B WTIE, SRU OEHUE 1, REE DI 1024,
BAGEHL DA AN 7 MILDIRTEIE 256, X GHfT A4 DIAANR 2 K
IVDRIGIE 100, 2FEAEIZS1T 2 REEOYITIE 512 ITHE
U7=. F72, Discriminator DFEH 21} B HELEEUZIX SCE
EHWS.

4. FHHZEER

41 FT—%tvh

RFEIT 2T & 2 504 & NCM OFIFH & 5T 12 1 DailyDi-
alog Corpus|Li 17b] Z W7z, AR —/ 2120, 13,118 X576
IZHB T 2 FEGC, Inform (4,6532 F&&G) , Questions (29,428
¥5E), Directives (17,29 ¥5%), Commisive (9,724 ¥5E) @

1 AMHEE wy LOETE d 1ZHDAARE 2 FHNTHERZ M LE
Bl oz, e NEEHING.

*2  AEFZE T AL D 72 DI XK TH— O 2 S L T\ 5 5
IZEEI N,
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F 1 AFETRIT & DM E NCM D #f
T H Perplexity [ Average [ Greedy [ Extreme [ Distinct-1 | Distinct-2 | Accuracy
S E NCM (greedy) 36.6614 0.7912 5.5075 0.5298 0.0336 0.0160 0.8644
Adversarial-Implicit (greedy) 39.2864 0.7882 5.6239 0.5394 0.0297 0.0069 0.8585
Adversarial-Explicit (greedy) 39.6993 0.7867 5.6661 0.5395 0.0311 0.0010 0.8843
ZftAFE NCM (sampling) 36.6614 0.7917 | 5.1785 0.4905 0.0767 0.2650 0.8176
Adversarial-Implicit (sampling) 39.2864 0.7870 5.2566 0.5035 0.0594 0.2093 0.8062
Adversarial-Explicit (sampling) 39.6993 0.7865 5.2782 | 0.5041 0.0583 0.1186 0.8573
St E NCM (beam) 36.6614 0.7847 5.5680 0.5381 0.0325 0.0006 0.8707
Adversarial-Implicit (beam) 39.2864 0.7793 5.6668 0.5411 0.0267 0.0031 0.8615
Adversarial-Explicit (beam) 39.6993 0.7796 5.7167 | 0.5431 0.0274 0.0017 0.8865

Embedded Dialogue act

<Explicit-Discriminator>

e, — ]
<Implicit-Discriminator>

——@—-EI— Real or Fake

\ ) L ;o L )

I I Y T

Utterance Encoder

Assigned DA
or Fake

1
1

Dialogue Encoder Hidden Layer Softmax Layer

2: Implicit-Discriminator, Explicit-Discriminator OHfZE

A DDONEETHRTHT ) T—YaryInTwb., KRifsET
&, ZOa—X2%FI (11,118 x17%), BAFE (1,000 K&E),
AR T — & (1,000 RFEE) 122 EI U, SEET AT K B S
& NCM DI & G W=, FEFY 1 Xl 2,5000 12 3% E
U, RAGEERHRGE S “UNK? IC@E SR 725 2 Till#iz 17
. NFETAIZE é%ﬁiﬁ’%l‘jﬁ(ﬂﬁgﬁiﬁk% v b — 2 DI
HIZDOWTE, Li 5 OFE [Li 17a] 225 I FOFETLT
9 D-step, G-step (282 AT v 7HIEZTNZEN, 4, 2012

HE L, batch size 1% 32 & U7z, £7z, Disciriminato O ¥ Hr
k 13 SGD (F&# le-3), Generator DHEHIZIE Adam (FE
K le-5) & MW7z *3.

Algorithm 1 ST EHOSHER A v b7 — 2 OFIFE
1: for number of iteration do
for number of D-step do
sample (M, R, d) from training data
generate response R using G on (M, d)
update D using (M, R,d) and (M, R, d)
for number of G-step do
sample (M, R, d) from training data

generate response R using G on (M, d)
compute reward r for (M, R, d) using D
update G on(M, R, d) using r

H
QL P AP RN

4.2 WETHICK B RMM S HBEERDE T
R FEAT RN K B Sl E IR E LR DT DWW T, B
(Relevance), kM (Diversity), #lfi#iff: (Contorollability)

D 3 DDBWR S LTI T Z4T 5.

o [HME (Relevance); I N GERKGEEL L 7 7 LV VY ADIS
BHFRIT BT 2 BB KRB OBEULIZ & 0 3217 5. FHEL
& DOF W 51512 1% Embedding Average, Greedy Matching,
Vector Extreme @ =D O i1 [Liu 16] % AL 7z *4.

*3 800 iteration 1T L 728D E TV % FHi 2 L 7=
x4 25 DFERINT DWW TIREGR [Liu 16] 2 2E N7\, ARFE

o LM (Diversity); MY AT ADHHTLL AT L TY
% Distinct-1 & U Distinct-2 12 & Y #fli %47 5. Distinct-1
(Distinct-2) 1%, F A b F — &Ikt U TERS Wiz GG Faah
BB B 1= — 27 unigram (bigram) O %, LRI N7z
FRTOD unigram (bigram) O TATr —V V7 U-$EETH
% [Li 16a].

Hil#M: (Contorollability); AJJ& UTHA L 7E7 /L, 5
BRI AR E N7z BB ST BT D W GEAT £ DHEERE R D — B

(Accuracy, Precision, Recall, F1) IZEDWTEHGT 5. Ik
EXDMFATRIZDOWTIE, SFRTFIEL 72 858517 20 88 5 12

L BHEERE R (Rt 7 — 22 B 1) B HEERE X, 0.8303) % IE
fiige LCHWS

5. RERER

K 1ITHFEAT AT & B A& NCM O H B 3Tl 5 12
DWTRY. ZIT, &MfE NCM & SCE (2 & Yl
N7ZETIVTH Y, Adversarial-Tmplict €75 )V, Adversarial-
Explicit € 7 VIEZ N1, Implicit-Discriminator, Explicit-
Discriminator 2 L7z GAN IZ X v illfiEh=ET L TH
B, REXDERIZEWTIE, BRI HF BEE ‘EE?R'T%
B (greedy) L ZHNHFIZHEDWTY Y T VI %1754
(sampling), beam search (& — Al 5) 2175 %% (beam) 0)
3D 2L 7.

5.1 EEKKER O

GAN %I A U7z Adversarial-Implicit € 7V Tl, WTh
® decoding FiEZ WG EIZHWVWTH, GAN ZHWVARW
T E NCM &I LT, BEMERE D Vector Extreme f)‘
M ELTWSZ MR TES. — T, M - Hlf
L‘T IXBEDHERTER N o7, £72, sampling ZfHH T Z)

BT, greedy IZNEEERT 2HG L LT, M

iaﬁzf‘é@% 7T, WX 0.0523 KA v~ O T AR
TE7z. L ULAAS, Adversarial-Explicit €7V T,
TND deocding FiEEH WA TH, GAN ZHVWR\WE
fEfFE& NCM & ik U CREEME (Greedy Matching & Vector
Extreme) & filfHMEDS—BE L THHELTWD. K2, MM
BWTIX, greedy IZ0E % LK T 256 1% 0.0199 K1 > b,
sampling Z {9 54 Ti% 0.0396 K1 > b, beam search
AT 2HEA T 0.0157 BT ¥ M OUEDHATE, R
ETNVOEMIEDPRBINEHER L 257,

Adversarial-Explicit € 7V TlE, IEXH Generator 7
BT—20YH5ICHKT 2300 RT3 LR, BR
BN BT ADHEE ZT> T WA, ZHUIR LT, Adversarial-
Implicit € FIVTIE, RS N7z 8B DR FET 7 % PRI

Tl¥, wikiepedia 7— & THlf & 172 fastText (2 & % HGE/ K
B (300 ¥Rot) & Wz,
x5 Explicit-Discriminator £ [FFRD 7 —F 727 F v Z AL 7.
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L TESTHIEED R a7 HEICd2RB S oz #
ZoNb. £7z, GAN 2H ALz 2 DOETI T, GAN
VR WEM(TE NCM & g U T Perplexity Dol H
RTE o7z, GANIZLETFFAMNERETADVBITLDE
Peprlexity %t U 72\ Z L IXSEATIZE [Tevet 18] 125\ T
LIS N TV, T, BOTHIAE R 13 HEE T O fo#
L2 BN LARWEOTH 5.

5.2 BWETAY VEICST D HIEMEOFE

#* 2, #31xTNTN Adversarial-Explicit €7 IVIZHWT,
beam search & sampling %/ U CTIGE LR E1T > 72551
BB, BXFET AR 78O HIEE QRS RIC DO W TR
TWwa. fHNE, GAN ZHWRWERAR & NCM 12515
AATEDENTHD. 2T, TAMEY MZBIFEEX
ST AR 7 OHBEIL, Inform 1 2639, Questions I 1679,
Directives 1% 938, Commisive |& 484 TH 5.

F 20 BNEEAT AR T HIZH T A HIEYE (beam search)
e H Precision [ Recall [ F1

Inform 0.8855 0.9231 | 0.9039 (40.0125)
Questions 0.9699 0.9976 | 0.9836 (40.0060)
Directives 0.9263 0.6695 | 0.7772 (40.0622)
Commisive 0.5976 0.7211 | 0.6536 (4+0.0187)
Macro Avg 0.8448 0.8278 | 0.8296 (40.0249)
Weighted Avg || 0.8926 0.8864 | 0.8854 (4+0.0111)

3 BWTT AR BT A (sampling)

KEEAT AR T H Precision [ Recall [ F1

Inform 0.8766 0.9075 0.8918 (+0.0256)
Questions 0.9086 0.9774 | 0.9418 (4+0.0214)
Directives 0.7963 0.6375 0.7081 (+0.1126)
Commisive 0.6364 0.5930 | 0.6139 (40.0587)
Macro Avg 0.8045 0.7789 | 0.7889 (4+0.0546)
Weighted Avg 0.8526 0.8573 | 0.8530 (4+0.0293)

%2, £3 &b, GAN 2 HVARWVEMATE NCM & gL
T, Adversarial-Explicit € 7V Tl¥, TR TONEEITAX T
TFEDPEELTWD ZEDVHERTE 2. £72, SR TAR
W28 B FIEO~ 7 oYy, MESEYEE EBRICEE L T
52 DR TE 2, FRIZ, sampling 2 L 725&I28 W
TlE, SEEO L VHERIEIHRTES., LrLARDS,
Quenstions X Z1ZBWTIE, BWFETHR 7 DR THRE/NS
REFMEOUGEIZE ¥ E 572, 2L, Questions X 7 DSEERIRT
X 5WI1H O & 5 2 BGEE W 2 d AFRE SR — X 7z XX
WS E2 RO, MM (BRI R—ZF 1 VDRI
M ZFEB L TWD) THD I e WRNLZLHfRINE. —
JiTC, Directives X 712D WTIX, beam search Z{# {3 %
AT 0.0622 KA1 > 1, sampling Z{#fH 3 2355 Tl 0.1126
KAV MO F EOEE R REDRERTE 5. Commisive X 7
IZBWTHHEERIZ, beam search %3 5354 TlX 0.0187
RA > b, sampling 23 2545 Tl 0.0587 K1Y FDF
TEDOUWE DR T E 72,
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WY FEFEUZISNEAERZR L) 1281 2 EMEOKG D
5FETHS.

R
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S Xk

[Boyer 10] Boyer, K. E., Ha, E. Y., Phillips, R., Wallis, M. D.,
Vouk, M. A., and Lester, J. C.: Dialogue act modeling in a
complex task-oriented domain, in Proc. of SIGDIAL, pp. 297—
305Association for Computational Linguistics (2010)

[Lei 17] Lei, T., Zhang, Y., and Artzi, Y.: Training rnns as fast as
cnns, arXiv preprint arXiv:1709.02755 (2017)

[Li 16a] Li, J., Galley, M., Brockett, C., Gao, J., and Dolan, B.: A
Diversity-Promoting Objective Function for Neural Conversation
Models, in Proc. of NAACL-HLT, pp. 110-119 (2016)

[Li 16b] Li, J., Galley, M., Brockett, C., Spithourakis, G. P., Gao, J.,
and Dolan, W. B.: A Persona-Based Neural Conversation Model,
CoRR, Vol. abs/1603.06155, (2016)

[Li 17a] Li, J., Monroe, W., Shi, T., Jean, S., Ritter, A., and Juraf-
sky, D.: Adversarial Learning for Neural Dialogue Generation, in
Proc. of EMNLP, pp. 2157-2169 (2017)

[Li 17b] Li, Y., Su, H., Shen, X., Li, W., Cao, Z., and Niu, S.: Daily-
Dialog: A Manually Labelled Multi-turn Dialogue Dataset, arXiv
preprint arXiv:1710.03957 (2017)

[Liu 16] Liu, C.-W., Lowe, R., Serban, I., Noseworthy, M., Char-
lin, L., and Pineau, J.: How NOT To Evaluate Your Dialogue
System: An Empirical Study of Unsupervised Evaluation Met-
rics for Dialogue Response Generation, in Proc. of EMNLP, pp.
2122-2132 (2016)

[Tevet 18] Tevet, G., Habib, G., Shwartz, V., and Berant, J.:
Evaluating Text GANs as Language Models, arXiv preprint
arXiv:1810.12686 (2018)

[Tian 17] Tian, Z., Yan, R., Mou, L., Song, Y., Feng, Y., and
Zhao, D.: How to make context more useful? an empirical study
on context-aware neural conversational models, in Proc. of ACL,
Vol. 2, pp. 231-236 (2017)

[Wen 15] Wen, T.-H., Gasic, M., Mrksic, N., Su, P.-H., Vandyke, D.,
and Young, S.: Semantically conditioned lstm-based natural lan-
guage generation for spoken dialogue systems, arXiv preprint
arXiw:1508.01745 (2015)

[Williams 92] Williams, R. J.: Simple statistical gradient-following
algorithms for connectionist reinforcement learning, Machine
learning, Vol. 8, No. 3-4, pp. 229-256 (1992)

[Yoshino 15] Yoshino, K. and Kawahara, T.: Conversational sys-
tem for information navigation based on POMDP with user fo-
cus tracking, Computer Speech € Language, Vol. 34, No. 1, pp.
275-291 (2015)

[Yu 17] Yu, L., Zhang, W., Wang, J., and Yu, Y.: SeqGAN: Se-
quence Generative Adversarial Nets with Policy Gradient., in
AAAI pp. 2852-2858 (2017)

[Zhao 17] Zhao, T., Zhao, R., and Eskenazi, M.: Learning Discourse-
level Diversity for Neural Dialog Models using Conditional Varia-
tional Autoencoders, in Proc. of ACL, Vol. 1, pp. 654-664 (2017)

[Zhou 18] Zhou, H., Huang, M., Zhang, T., Zhu, X., and Liu, B.:
Emotional chatting machine: Emotional conversation generation
with internal and external memory, in Thirty-Second AAAI Con-
ference on Artificial Intelligence (2018)

(85 18] Jpat, FW 0, AT A S ECII AR R Yy b — 2 %
FWN 27— REIRIC & 2 0 GEAT A 22 BUE OGS, WRALEL S A8 i i 3 75
= AEELE (SLP), No. 9 (2018-SLP-125), pp. 1-6 (2018)



3Rin2-28

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

KRS AT AT BT B R 0 7 )

7 RV e TR T 7 s ERE D e b

Improvement of Knowledge Graph Completion Using Label Characters
for Questions to Acquire Knowledge in Dialog Systems
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Dialogue systems cannot respond about information that is not explicitly described in their knowledge bases.
Constructing a perfect knowledge base is practically impossible; that is, filling all the values in databases is quite
labor-intensive. We are trying to construct a system that can acquire information that is not explicitly described
in the knowledge base by inferring latent information from knowledge graphs. In particular, we complement the
links in a knowledge graph by using an embedding into latent space. We use partial character sequences of labels
(i.e. entity names) to improve of knowledge graph completion. We also show examples of queries generated using

the latent information in our target knowledge graph.

1. ELC®HIC

T—RR=2A%BMUTCIBEETO XA TORGE AT L
%, T—=ZR= AR TN TWARWERIZOWT L
FLUGETERV. ET 2 INE BB ERIMEHEL 727 —
AN—=ADHELETENIETR WD, AT TS 3 2 L I3 AR aRE
RIGENE .

ZFITRZIE, T—RAR—=AIZHRWIERE H S EETES
WEEY AT L ERET 22 TIOMEDRIEZRAT NS,
ZOLIBRYAT LFA-PICEM U CTEREBEHETS> &
50, ZOBIZHSICHESTWAEMELTLES L a—
FOMFTEMEZHNTLE S L WOHELD 5.

Fxlx, 77 7EERRI DT —RAR—AThHIH#HT 77
IZH BIBAEM 2R AEFI LT, TESFIIMES ZNEDE
MAEMTEZ R TEBNFEIATLOMELZHIELTWS
[ 18], HIF%2 2 7137 — X MOk~ 2BfR % KRBT 2 DIC
FBUAF#ETVTH Y [Angles 08], WHERZ Y AT L%
P—EATHVWSLNT WS, HEFT T 71263 5 AR
MrFEE LT, BEEMANOHOIAADD S [Kadlec 17].
DIAARBEHANS Z & THERZ Z 7DV > 7 DHSENITA S
N, TOMEINY) VI DIEFEICEIE A -FADEM%E
ERT 5.

ARTl, RERVESCRHAET 2R 7 7 #iscORE %M E
IEDB7D, TRVOXFFEAWRGFS T 7 DA ARTFIE
BIRET L. ZZTINVER, JT 77 L0474
VRO, ABZBNT2HTHD. TDT_)VD LTS %G
DXTFINCRURIHT B Z 8T, FLAZT_VE/HOTY
T4 T 1 MBI 2 -, Wil EoWEEMS. 20T
EOREE, EREOXNGEY AT LTOMMEZHKE UTERE
NERT 7 72 HCTHGEEL, O &5 BERMMNMTZ20%
HRT 5.

UK S R TBEL, KBRS EESERVAWISCHT
KB KA TR o B 8-1, Tel:06-6879-8416,
E-mail:fujioka@ei.sanken.osaka-u.ac.jp

2. HFBEBZITONEY AT LORMEA
2.1 TS 7BEDAAEFALNEES

AR T, MEESAT LDV T T 72NNy 7TV RTF—
AR=ZL UTHRH>TWAZ L E2INET . —MICH#T 77
o RUNEAEMZS 7 LTRING, ARZ 57 LDy
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IVUT AT YT D, J#T 77 EoT T 171 DS
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NZNTFE, WwzE, HWESIER, M) L2205+
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WITT GIRN)TINEERLTLELEL LTERES.

X 12 2—H S S 21T 5 W5 AT L ORlA%
R HG#T T 7 B WAESE, bbb N IV EI—-Yh
SHEMET BBl 2 b EEKT S (M10) . s S
T B2V MY FIVOFEE - ICER T 5 Z & THIGRE
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WO LBV ANEERL TS, ARITERTZHE
B A MIZoflDd & Sz, HNGEZREO T2 LSBT
ERENZED LTS, ZOWRE, ko RPEEEICEE T 2
BRIYANEERT S LS, SRahEiEE 5 kDI
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1@), HDAAERPSEMY Z FHD b Y T IV UIFTE
REEET AT EHELUEGE L LTHNET S (M10) .
FEUMERBIZEOZBEMY A N2Y = L, &b EWiE
EDDZTDOMEEN L EWVEM LD M) TVOEH#KE 21—
R UAGEES 2 RAS (M1@) . EEIZLBEMZITT
72K, TEEEOHHES L EWEIZE > TEET 5. 2l
MEEEMI, TRb0LMERRIZAGIRVWEEIZE -
WA TUES Z e 2BE, BHONIZRE->TWA KSR
B Ta—YONEEM W R NESIZTEDHIHNTH
5. VAT LOFEHENE, BRETANRERDEIRLELVE
DEFTBHIELTHD. Hilkr T 7HDIAAIT & DHI5EHEE DI
FIFBERNADE L SIZERET 2720, TV FEH % W
W2 o 7 HDIAA L BHSEHEER B 3 ETRET 5.
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(b#UH, HIEE, ¥R) -00072 Z257dh !
(b A UH, HI2E, IR) 0.0015:- :j
@ RIAFHHE - BEEEMS (6HUH BEE HW) 00124 @ RALH .
S e B2 5 < ELWERERHE 775)’(7.7/2_ o EHIME T
X 1: HERESZ1T D NG5G AT L OHsk A

2.2 M S 71BDHAHE ComplEx

2 ETRAREMHHATIZ, M) IVOEELEZFHEST D08
FERH D, TOFHEIZHGET 7 7 OHOIAAKREZFHT 5.
W 7 7 DIAME, HFT 5 71254 RN 722 R Ar Tk
ELUTHIONT WS, (RIGTHE 2RI AR 5 7 2 HlDIA A
MMexdbZeT, 7797 EORBLEZY Vo OBFREE fim L
WET D, WElBT 771, |E| xR x |E|D3BT YV IL X
CUCRBTBIENTE, X D (i,5,k) BF x5 FEATD

SIzRINS.

L
Tigk =\ 4

ZORBEEMNT, M7 7HDIAATIZNY T (6,4, k)
DEE T T 7 FITIEAET AR P(:Ciyj,k = 1) %, E TR
U7 Aa T ¢ ZHWTUTD X SITERT.

(i,5,k) € G;

otherwise.

P(xi gk =1) = o(é(i, 5, k; ©))

o() ¥ 7EA FEE, 0 F&ETIVIC
E

ComplEx|[Trouillon 16] 13412 5 7HDIAAE TV O —Ff
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ZMNLTHB.

3. INUXFEIEBWERHT S 712HAH

ARFETIE, TUTAT1DEDTNVLFHNENHTZ 7D

HDIAARAFEFIZAN S FIEERRET S, 22fiThRZET IV
By TF 4 TFA4RENREDESIZY 7 L TWAD% GIZHD

RAEEEEET B, TRTOIVF 154 D5 L
PR BT BRI R AR TR T WAL, 22T, M
W T DT YT 4T 4 DT ARISER] B 5 SCEHN R
U, 2GS U IEKRRBROBXFE BT Y 71 71 & UTIER
T 5 LTI NIV FHEMAAL, D7 EBo XFH E2RF>T
VT T 4 BRI & RO AR S DV 2 WO RED B

X 2 THAUH] & [PTFH T2 N =2 TOREBA

LT, ZOEIBRITVT 4T« AL OBEMEDE < 22 0 sk
EOHEIZHETDL 2 2 5.

N SUFLAT DTS U  IEEKEDOEH 5/ X FH THLIIZ
VIFAT A BER U N TVEERTEIEE, N X
FTEMATA2EHRTS. M2IZN=2, T/hbb 2XFT
B %7 72H %2 RS, BREONS K> TWS [HAHRUH]
& OTETH) OEE - RKE 1, 2 XD Eh, #9 3XFs
ThHdIL%mmd subs. ZEBHIMNIT IV ERFOT VT«
T4 WMERENE. TUTEKITOT YT 1 T4 2 5/EKR LT
BT YT 4 T4 12T T prefix N U< iZ suffix N £\ 5
Y —=2a vy Th7IVaEiRdT 2. X2 0FITix, 2 20k
HIAS Tsubs F] EWIEMUT VT 1 51 ZRHL TEN > T
WBZEehbnsb

4. INIIXFHNERW-HNHET S 7BHIAM
IC& B HERE

Z NROVXFEH e N S T 7 AR
EEMEEL, TOMRERHET S.

4.1 fFERT—%
AEBRTHEMT LTI 71%, ik AT LTOEM%
Hie LT, RIFIZBET 2 RERD T — X R— 2% TITER S
N=EHEDTH D, dhbd 5L, RHEEPZOMEBL, RIEERE, Bk,
BRONBGMREPKEIMEINT NS, ZOTF—ZR—=Z1F A
FTERINZEDTH Y, WBHIZLPERV WD, B
EE kG L CHSRABIME NI TWE. ZOF =X R=2A)
STER S N RIS T 7123 L, 21Ffﬁ&tﬂﬁ%ﬁ®w
HMAZFEHA L CTEROILAZTD L WIRED T Tiidn

:@ﬁﬁﬁ57il/7474&ww_mw,uv !
VBRI =14 THY, ZO MY TNEILE 22321 THB. TV
TAT MG INEZTVDEX DL 5.88 (7)), &
HEfR 221 3.18 (XUF) TH 5.

& B ffize Dk



3Rin2-28

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

1 BBOEIZBVT B REEEROFEE T — X OFEHM

Hits@ TN OV To o I U—va kK

RAE 1 3 5 10 MRR

Baseline  0.140  0.205 _ 0.272 _ 0.406 _ 0.215 17857 6898 14
N=1 0.187  0.306 0.394  0.521  0.286 31681 7865 16
N=2 0.237  0.384  0.473  0.580  0.345 45361 12147 18
N=3 0.257 0.436 0.524 0.621  0.377 57893 18534 20
N=4 0.246  0.441  0.523  0.626  0.373 68477 25035 22
N=5 0.241  0.448  0.532  0.627  0.373 76837 30970 24
N=6 0.227  0.452  0.537  0.629  0.368 83271 35791 26
N=7 0.221  0.472 0.550 0.641 0.373 87975 39381 28

#£2Vlb—=varviEdHits@K. N=3 2 U7EE%2R0 TS (FEIRANOEUEIX Baseline TOfER L DEEKRT) .

Hits@
VL—vavg "1 3 5 10 HBRAL
is_a 0.157  (+0.140) 0.284  (4+0.216) 0.331  (+0.240) 0.389 (40.243) 795
R 0.056  (40.047) 0.108  (40.075) 0.158  (+0.107) 0.238  (40.115) 702
popularity 0.119  (40.108) 0.377  (4+0.238) 0.565 (+0.308) 0.736  (40.169) 639
GlIES 0.828 (V¥ —0.108) 0.980 (4+0.010) 0.982  (+0.008) 0.986 (+0.012) 501
meal_type 0.578  (40.516) 0.878  (40.609) 0.916  (+0.477) 0.950  (40.235) 417
kb 0.130  (40.115) 0.367  (4+0.315) 0.536  (+0.382) 0.682  (40.279) 330
i 0.297  (40.246) 0.572  (+0.381) 0.674 (+0.347) 0.801  (+40.220) 236
restaurant 0.385  (40.261) 0.578  (4+0.280) 0.646  (+0.211) 0.714  (40.180) 161
73 0.239  (40.159) 0.487  (40.336) 0.522  (+0.301) 0.611  (40.310) 113
Sir 0.000  (40.000) 0.030  (£0.000)  0.061  (-+0.030)  0.091  (+0.030) 33
typical_side 0.056  (40.056) 0.111  (40.111)  0.222  (+0.167) 0.278  (40.222) 18
RFEHH 0.000  (40.000) 0.000  (#£0.000)  0.063  (+0.063) 0.063  (+0.063) 16
S 0.000  (=40.000) 0.067  (40.067) 0.133  (+0.067) 0.133  (40.067) 15
IRF [ 0.182  (+0.091) 0.364  (+0.273) 0.455 (4+0.273)  0.455  (40.182) 11
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RTINS LS ERTEDONEZTIIRNZDEEEZS
na.
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5. BREIDBEE & EH

5.1 RI790%HELEWE

2.1 Hi TR AR HIFRIER 21T D XFE S AT L OPEAIZ B 1
%, TOVTHNE WA T 7 DA B O RN % MG
T HRAEERIToT-.

HERID S 2 WA, §RhbEIVF U7 ET1ALICIHE
RfIFSNE b ) TUMTF AN TF =X FIZEET 554D A3
7 () OphizdHETS. 20, TAMTF—XHITHE
T2 M) TVIEERDOATH Z728, ZH 1 AICEAAF
o NG E, e RIIERTH et D, 44fHiE
FRRIZ, W22 70H20ET—2%HWT, H tho bV
TVZBUTIEMZFH L, 160 MY TR T AT — X
HENEIDTHEUTEADAIT DA E MR L 7=,

3, 4ZMEND 1 AL7E 572 b Y TIVD AT TIERR L 72
AN T LERT. TOANT I LR, 1A HEI N
MY TURTF AT =RPUFET B0 D TR 2 COF
BEFHULTWS, M3EN—A51 V#E, HM4FN=3
TREUZEETOMBETH L. TANT—RITFELE Y
T, MO XFHDOREFIZ L > THMLTWEZ EARRTE
N5, 7z, LMY vk —2fhEzfbe LizAay
EHEoTWB I eWbhd, 227N 4~73ED M) TV
FTDEFEAZEYV L= avP THIZ) Thb. 44FiTcH ik
R0, Tl ) Ty T 4 7« USROG IR S TW\wWb Y
L—=>arvThh, Ml BE koA T BIEKNEL 2o
meEZONS.

#£31Z, WERE LEWVEOBRERT. TITOHARE
&, 1ALZENAMHY S b ) ILohTTF A N F—& H iz
FEL, LEWMEM EORAaT7 253N/ 00EE5%KT
HEDT, RO 3, 4FEIZIFEHETIERL ZOEBERL TV,
EF—2BUT 464 TH B, Zo@EERIE, (7,5, k) e H
RSS2 (i, 5,7) 2B/ A b & U THIGER % A A 72
12, BB ELVEIGE UTHASZZENWNTES, £20L
EWEMLER DT AN TF =& izd b b SVBUE, 2.1 8T
AR ZZHFHE GO AZBEL TESTESL MY TILDOEE
B A 5D, EERNEWIZE LM, £3Ho b
D INVEBRLNMEE LD LD MY TV ) OFER
MTEL., AUEAROTTEDO M) IVEERL L, HEAEK
2% 0.8 DHE T Baseline 23 L[> TH b, oA RH
ETIEN=3»WEA>TWVWE. BVEALROFRTIDN) T
VAR EZ LWL, TVCFS %2 WK E %)
RIZA ST, BB ME- -EME2 T4 < ORI
595 LD HEIZH U TIREREL % S .

5.2 ERfAI

RETFETERTE 2EMBNIZOWTIRR S, ZEFGIEIX
12 ik Bk TH DD, Wil 7 7 & 0#Es, T RTE¥H
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[NOPI% ¢ 729 L &V E
WEEDS 2 A E || N=3 BL N=3 BL
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0.6 497 472 0.160 —0.710
0.5 550 477 —0.592  —1.066
0.4 619 480 —1.280 —1.451

WIZHWEZ, R=Z2AF4 8 N=3 TCEMLZEED?2
Y BT 5.

B ZIE (ARFT, Bk, HW) 2w HEIZOWT, EiY
2% (HRMT, W, ?2) L UTEMEZDRAaT72HEL
o, R—=ZAFA4 VERETIE 5, —4.00T, N=3&L
EEEIR 16, —1.68 THotz. THRHTF & THW 2
DXFHDREHNC & > THT D Wb TR\, " HF”
ERBICEOMOD T VT 1 T 1+ OWICET 2 % eI JE
LAATHWEINDbDOEEZ NS, £ (HEHRERAA
TR, W, Bz WD FRIZBEL T FRICEN &
2a7EEETEE, R—2A51 VEHETIE 7, —4.13 T,
N =32 U1BEF 114, —1.66 ThHo7z. ZOHlH,
50 % KR ICRE DRI & OBEEDY EAY 5 72 Z & DSEE O
RS,

Bt %

» 7
-

6. F&&H

ARETIE, Ri#7 T 7 OMDIAAREZ AWV AFES AT L
2B 2 HIFHHEAT D 72D DB AE KD P AIZ DN TR R 72
F 727 N FEN R AW RS T 7 MDA A DRHEREE DU
EEARREUMIILZ., VL —> 3 VEBOMSEREE, LW
TIZELTH SR L.

SHOFEIE, T vF v IRHEIC BT BV — L OFlR e Rt
A D S ORI Y A MEB O ALEE, REBIEE O AR
ENREITS5ND.

& Xk

[Angles 08] Angles, R. and Gutierrez, C.: Survey of Graph Database
Models, ACM Comput. Surv., Vol. 40, No. 1, pp. 1:1-1:39 (2008)

[Kadlec 17] Kadlec, R., Bajgar, O., and Kleindienst, J.: Knowledge
Base Completion: Baselines Strike Back, in Proceedings of the
2nd Workshop on Representation Learning for NLP, pp. 69-74
(2017)

[Trouillon 16] Trouillon, T., Welbl, J., Riedel, S., Gaussier, E., and
Bouchard, G.: Complex Embeddings for Simple Link Prediction,
in Proceedings of the 33rd International Conference on Interna-
tional Conference on Machine Learning, pp. 2071-2080 (2016)

(AT 18] M T2, Bk siEs, ohIF BE B ARG MEES AT LSBT BAI

W T T OEDAHEE & N IEEEBRORH, SIG-SLUD, Vol. B5,
No. 02, pp. 88-89 (2018)
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Acquisition and Utilization of Trivia for Conversational News Contents Delivery
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Trivia has characteristics that draw people’s interests and has been used as a strategy for attracting interests
in contents in various conversational applications, such as entertainment and educational sites. In this paper, we
propose a model that distinguishes trivia based on the surface representation of sentences. We incorporated the
trivia presentation function into the spoken dialogue system we are developing and assessed the effect of presenting
trivia in the introduction part of the topics in the news transmission task. As a result of the experiment, we
confirmed that it is effective for enhancing users’ interests in topics and promoting the feeling of rapport with
system although we were not able to find significant improvements in the number of users’ feedback and the

Efficiency of Information Transfer (EolT).

1. [FLC®IC

XDORFRIUIEDNT NIV ET 2T 2 ETNERET
5. &/, ZTa—ARBADIRFEV AT AIENT, FHEDE
ABAITHRIET 2853 T25 2 LDOFREMGEET D.

BRI a—ARFOL S BF L E o BOHRE FEKIZ
BETIRIEVATLAORFKEZIT>TWD [FEid 18, ZIT
[BRA ] LIE, (REFETREBRDFHHEDOFNS, 2—HiZLo>T
REBHRERE, BDEBHRZTZEADILE2EKT 5.
Lx DY AT LADOREIZ, H 5 UOEFE, FIFHHE & ITSEE
DYFVAZHABLTEE, ZOVFIAITH>TRFEEZHED
28T, VALDRVREEZ BT LD X THHEL B2 50H
BIGEZ AR L2 TAILHD. EFHEIIR> CRlHO A
LR BMEREIERT 255 TR L—Y 25D 7 4 — Ky 7
L, KEIEU TRGHEIZER U TR ZIRRd 5.
D& S IZ =P OEIRPHEMIREIZ N U TRR T 51w E X
IO B2 RN O 252 EDO TS ElAZRED. —AT,
FEWERIZESI®R (BolT; Efficiency of Information Transfer)
EERBTDINEA=INODT 1 — RN VIPRBERARTH
5. AR TE 74— RN\ 2IZHFETHHEEALLTA—HFD
AVT UG BHRE Y AT AT B BHEEIZEHT 5.

MY ETIZIRADBEEG SHEEIHY, kLY ay
TYVIINYHEEREFELTHIEMMEE LT, KFEARDOT
VA=FAAYN (TF—h, JA XV a—RY) PHEELYG
BRETHMYETHRAINTE 72 [Brown 84, Palincsar 84,
ProMarketing Wizard 13, Voices Heard Media 13].

ADBEZ G < &5 Z LI UT, EEOMRATIIRRZ
[Eh%& 2 ) RBUTEL 72012, 350 T2 5] 28 AHD
IZRF2 T B ZEN%W A 10]. 22TV 2 7, RITkD
FREANOFBHIN 2 E A DK EZ R U, 3L T EHROB O
B (ZR-) OEIZHFS LTS EEALND.

AIFZETIE, FEEOEBALHTO M) ET OHERmRAI YTV
WA B BIRDFES 21T TR, Y AT AT S HER (5
A=) OHEIZERND S LAET S, Bk H
BINSZ LT, 2—FOT7 14—y IR, HHE
KPR T REE DI EAYRIAD %, R % il U THRGE
5.

MUK e AR RS BN RN RS AT A=
T 162-0042 HCHRHTfiF X ARG HIET 27
E-mail: takatsu@pcl.cs.waseda.ac.jp

~

2. FEEHRE
2.1 NJET7OBEENES

MY ETICE, ANOBEIEZF S EERHY, 7— AR
EDZVRE—=TAAYIEINPHEBABRETHHINT
¥ 72 [Brown 84, Palincsar 84, ProMarketing Wizard 13,
Voices Heard Media 13]. il 1, Brown & Palincsar 5 &,
TSI DIRZIZ BT MY ETIREEDERE IV T VYV I
TR DRENDH D LFaHEL T2 [Brown 84, Palincsar 84].

M ET 2 BB CTEAT L FRIZHTIMER N ET 25
Y AT LADOFGHERIISH U ZERnH 5. e blE, 1—
PEWFECH SAOBEEIAGF L, BEIZ DWW TOMHY % HEE
GOMNGEY AT LR L B4 17]. 72, NVETZ2ED
X% [HDZMRIIOVTOHKRRAFHMTHY, »DOADMGE
FIKESBNAEEZEDX] LEHL, EFEO IDF X 4#RE
FEEEXHDOHFAEDEMER EEZRZ ML L TXDO N ETE
BVEHAER S VX U TERILL > THE T2 FHER2IREL -
[#r44 18]. KHSLIK, WNFEZEY LITD X5 RRFEO LK EH
& LT, Wikipedia D&% TF-IDF, gD, XDOEXIZ
FoTARAATHNITU, BIMED H 2 XD %4757 [KH 09].
Prakash 5%, [EARBEOMIEX Superlative Words 7% & % 3
ML UT Rank SVM 2F# L, NVETLLIDIVFV T %
{172 [Prakash 15]. Tsurel 5%, MV ETEEZ AL AT T
D OSEBIEE DRI 2 S5 E I NS surprise & AT IV IZEEN
% ENR— IO EYIHEE D E I M 5 X D cohesiveness
DFETEHZL, \PD Wikipedia _—IJIZ 5302057 T
Mo MY BT EEFET D FEEREL & [Tsurel 17]. Fatma
5%, (entity, predicate, object) D =DM SR 5T —& % A
JE LT, CNNThIETREDnE#HNTSFEEREREL
7z [Fatma 17). &7, AFTHEILREE LHAGDED Z
ETEVEWVHETNIETZ#ATED 2R,

AWETE, LN ET LIFENTE DL FEE, Y
E7 % [HEYRIIOWTOHRLATH Y, Mkz2TZdE
D] LEHTD. £72, Fatma b R MY T NEN %G
M3 2 A HEMEE UTESMET 05, AIFSETIE, XOH
FERIIZDEDE AT LT, MFH LSTM & self-attention
[Lin 17] 25 R 2 €T Lo Tl 247>, LT, =a—
AMEERAZIZBEWT, N ETORRBI—F DIV T Y
S 2 Bl % 3E51 T 2RI D B L AKE UIMGEET 5.
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2.2 REDVISEFLF-BEEFEDIR—ILIMK

ANHREDA VA2 F 7Y avEMEICL, BEne2 220
FERGRE [ L XY 5 2010, NEFAFRTOBEN) PEE IO
J&EE T R —)V (rapport) ] D3 HHTTERINT WD Z L VEHEE
ThHd&, HR0HEP AN THIBER E DN THEMINT X /2.
Spencer-Oatey 17 R —I)L 2 W5 DOFME SN EHFI TH S
L EFH U7 [Spencer-Oatey 05). F§iZ, ¥ [Zhao 18], 77V
) ¥ [Kang 12], #E [Zhao 14] 72 Y, FHE OB EDRiE
DR AT DZFEFIEMRT DL DR RAA Y TITR—IVDORIEN
WEINTWD., BE, THR—IVOBREEZHRICEEL 22
TV Y MBREINT NS, Pecune b, HHRAEFETD
N=F ¥ )V TYARY MITR—VEEEEZEAL, FKR—ILO
AW EHHROZHERREIZDNTHRE LTS [Pecune 18].

L ZAT, HRIZGERZENEDAT AT THD L IADE
REIE, BRI T2 T, TARRE], T#&b) 2EEARRNEE UT
Rio. —fRINIC, BERERIIVERY FFEOMAIZEATL L
RFE AR, BERICEED NTBFEHKE DL 272017, F
TYIILULT, BEELEY, HEREE LAY, BvNE
WHELZD UTHOLARBEIZASTHL, X7 T IEIAREADEA
WThY, FLUFLEROOHEEREERZ D, A
B TCHEROBER #WFEOBIG I SO &5 BENH
5L INTWD [JLH 10]. 2D &S, #RMIC [GE% N
51 RPAEDLD72OIZ, Y7 TIFFELUFLEROMO T R—
NVOREIZFGE LTI EERALNDS.

UEDZ NS, KFETIEFFETO MY T OFRMAL—
POV AT LI B BEEEIEET DR D B L AE LR
FET 5.

3. NJET7DHEH

MFH LSTM & self-attention [Lin 17] 7225225 E 5V IZ
O TRV ET RGP E#IT 2 FEERET S, ET V0%
xR 1IRT.

3.1 RNJETHERETIL

SRR R DS n FDHFERY (x1, T2, ..., Tr) W ORI N
TWbET5. x; 1di HEHDHEED one-hot X7 MV THS.
9, BREELZMOIAAET dIRTIZEHE L, 155 N0-BEED
HWDIAARIE % NS5 LSTM (A BT 2. 22T, LSTM D
BENEDORTE u T 5.

e, = Wae xs (1)
ﬁi = LSTM (Wah -e; + Whh . ﬁ1‘71) (2)
%i = LSTM (Wah -e; + Whh . %prl) (3)

JEF5E) LSTM i & ¥ 51 LSTM D ) &5d8ifE L, T o
% n BESWMATHELNGTHE H LT 5.

(7%

(hi, ha, ...

h;
H

(4)
(5)
Z DFFH] H 128 U T attention Z FHE T 20, BV UIHWWT

BEEE (r (577 ICEEHTED £ DI r X do IRTEDITH] Wia
EHMNT D (dy 13NAIN=INTF A—=&),

7hn)

A

softmax (ngtanh (WslHT)) (6)

5N 7z attention 1751 A & AJIXOFENE D175 H & #HiF
HHOETXOHDIAARITH S %135, 2D r x 2u IRITLDIT4
S % 2ru IRTEDNT N s [IZEHU, XDOMDIAANRY NV %
#5.

Bidirectional
LSTM

1: MV ET#HENETIV

# 1. NVETTF—&t v hOffE

ik SN Bty bk FAREY b
A 2500 100 126
j=U/1] 2500 100 126

#2: NUETEIERNYETOHI
[NDA =g FErVET

Hah [T FLAHA] T2WIED | RAOIZEDETENL D, WL
B4 U2 BEHEZ 2 8 0m 3 3 ¢ | SNAUIAMDEIZA D

m A
TNEYF iR, HEONON | £/, HEHEEE A —H—I12i&
AE-THD S LB ABEORMAE MRS

IVIALFITEIFEERK | A ATV LEERD T DO

27 0EMEEIELND LHEEAET
S = AH (7)
s = [S{]sE2l---11S[r]] (8)
BRBIZZONRT Mvae Y 7EA R EE B E 52
iz Zz, PIETTHLIMHEREZHETS.
y =0 (Wsys+b) 9)
3.2 FMsEER

Web SN L 72 MY 7 % 1B, Wikipedia 225 7 > & A
W LU CE 22l LTT—2 2y MEERL, VB
T BT TV OVERE & BT 5.

3.2.1 EBRHRE

Web LI L2 NV €T % EHI, Wikipedia 2257 ¥ & A
WL CExxap GENVET) 95, Akl
21ZH7-D, NIETLHLOWXREENLR LS IZAFIZIRD
3ODEMEMELZTXONNE S VA LH Uz, (1) B0
BT, (2) BEEDEHDSUTR, (3) #HEZ A MLVES
FRV, AERLAZRNVET T —Z Yy NO#E R R 1ITRT.
72, MVETELIUENIETOHI%R 2 ITRT.

ETNOLXY NT—UREE LT, HMOIAAREDIRI d %
100, LSTM DEEAEDIXIE u % 100, attention DIRIT d, %
100, attention ¥ r % 5 IZEE L 7=, FllfftL v MIBWTH
JEHS 2 AR O BEEIZREFRRE S (unk) ICE IR, AJIDFEREY
A X% 4790 IZHIBR L 7.
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2 TAMEY MIEFB MV ET LN ETDHDIAA
KB s DA % Z IR Tu REERESGE TRt R U AT iAb U 725 R

3.2.2 ERER

FTAMEY MZBITHMNIETEIEN) ETDOHRAEEE 3
IRT. ZOMEMNS, BEETIVIZE 2T ITRDEEVIEET
KD ETDENZBRITED I Do/,

FTAMEY MZBIFZ MV ETEIERNY ET OMDIAARL
s DA % % IR0 R BERERGE CYRoT i U Al #iAb U 226 5 %
21ZRY. ZOFENS, MIETEIENIETDERRDH D
REHMEZDDPND EDIZEETEI TV Enbho/

3.3 Wikipedia 5D NET7D¥ERE

R S#AE TV % Wikipedia OFLFIZEA L MY T %
AT 5. Z 2T, SUREAFNED B X% [\ 5 72 D12 L
NOZME 729 XU U T &2 17> 72, (1) DB & T
H2, (2) BEOKEDOXTHD, (3)mFEXT ML+ ML %
HLXTH 2. Wikipedia OF) 100 HFiFI#EAL, #1045
XD YT #ERL .

4. METDRFESRTLNDEANNROREE
ZA—ARERBRFEYAT A [EE 18] BT AU ET
ORI OMREMEET D, SHEOE AT TT OGEI B
LEMIETZIEBRTZIET, 2—V0ar 7T VIiwdd
BIEX Y 2T M 2 BEBA W T2 LNET S, IHIT,
ZIUZE ST, 2=V DT7 4 — RNy IHBMU, EHIEED
ORI REMEDN W T2 h, KEREELU THREET 5.

4.1 IRER

T OEEIZDOWTHEEZ 1T .
3 1: B ETR MY 7 ADBIROBEEIZHS TS
K 2: M) ETWRIR—IERICEHEST S
Rt 3: RUETRT 4 — RNy 2BOBINCHEET 2
K34 M) BT ERIESEOM EIZFE T2
K5 MU BT 25k R A e oM IS 93

# 4: HEHTO M) ET RO

Fah R A7 FERENA
Ny Ey %5wz@;%%§$®}77of‘ﬁﬁkﬁéﬁ
DHEDEFHFZZ 72600 &
EER | TNT, TORKFRIZHTEIZa—ARALTE
6 ANORATHMNKREILKEDLDL AW L
F 51 [ETFDEERE N2 O ICED - A—/ =Ty
Ca—X—%HIll8ATIAEST

# 5. 7 v/r—NEH

D ERNA

I1 | ~OFHZONWT, HFELTWD D BIZHEEEA R E > 72

Cl | B EVATAMEFAL Tz KU /-

o 91?6%?%bfvét%,%i0®ﬂ$<@<§hk
WIZENFERBRMND 72

C3 | XFEDM, 79 ANV —YavdiizEork
WEYATAPEHSDES> TV L IEERMIT TS L

ML 7

M2 | WEEY AT ANRI—FIZH U THIEEZ A>TV D L EU 7~

Pl | MEEY AT AN T LY RY =L U /-

P2 | ®EEY AT AZENAEEL /2

P3 | WEEY AT LAREAD ZRE> T NTWD KU

Rl | 2OVAT L EFEHLZN

4.2 HEBREHE
LARD 2 DDA % KT 5.

o 1 R—=ZAF 1Y (EEFHE+EIE )

o M2 Sk 1 + NV Y TR RE

ZME 2 1B IR REEHED M) CTIRROMEEK 4 1T5RT.
BE, M1 TIRBED 21708 EHENSRFENEBES.

=

4.3 FEBREZTE

BEMETEN, RUATLEBOTHHAT 2K FE-S AT
3OoD=a—ANEY Y (F33.7 3¢, FFHEHY A X9 ) I
DVWTAYVAT AL RFEIY, BFRTRIZTY VI —NiliE%
1o/

TUr—REHHZRS5ITRT. ILIEF NEY 2120 T o
WRIZBE S 2 3HMIEE TH 2. R ISHEGEA AT et I B3 2 31
fiEEHTHD. DN T R—IVIZBET 2 3IEE TH 5.

Z R —IVZBI LTI, Tickle-Degnen 523388 U 7z [l (Co-
ordination), HHEEE (Mutual Attentiveness), RY T« 7
(Positivity) ¥\5 3 DOHEFIZMENT V7 — MEHE 2 ER L /-
[Tickle-Degnen 90]. Z 27T, C1,C2,C3 2SF#FM:, M1,M2 »3
MHER, P1L,P2,P3BWRY T 7T 2HEERTH .

BEHMHEEIZDOWT 5 BB CRMIiS Y72 (5ri: 25D, 4
M EHEOMNEEZETOESD, 3 ELLTERY, 244
EHEOMEEZIXTOI-DORWY, 154 25 EDARW),

F7o, WEREICIE, RFRTRBIIZ2—AXHEEGEE, &
XIWIZDWTERETEATRUD o720 D 0% 5 BB CHM X
Tz GRGEATIELWY, 45 EB00E S XIXMEATIEL
W, 3R ELLTE LY, 2485 EBEENEEZIENSR,
1A VSR, RFTIRRTE 4 S EOXOWER L £
FETHRUARN S/ 2 ST OSXDBRARDFAFITII 0 5 1EH
REM R L BHRE ZLIFEL
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4.4 ZEBRER

BEMZDOWTEEEZ L, t MUz & 2 IERE 247>
o, WERE—ADHDDFEY T 1 — RNy 2% 31TRT.
WERE — N 72 ) OFYIERImESN R E X 4 1237, BREHE
B (11) kR HTREN: (RD) IS5 7 v — D
HEMS, M6 IR, IR—IICET 3K FAMITEE O
PR TIRT. BB, C2 & C3IFRFANTHRNZ L 2EM LT
W37, MIZAFHNTH B IFEMEIEL 22 L5126 51l
W EERL T3,

74— RN I8 AERAER R, kR Al aEtE Iz DV T
WBEERENMELNT, K33 &A@t 4, @5 OIEL X 3R
XNBMPoz. —F, BRES R Y 5 R—IVERs R (i,
FFME) IZDOWTIRAERLEMNELN, K1 & 2 DIEL
XDWRI N

BHYIC
MO ETOEPEBANTEETNVEREL, 7% L @OKE
THBTED I e eMA L. AWKTI, XORFRIDA
EABEUTHYET OB ZT> 720, SiFE THRE I
TS LR MIET L LI 2 RBETIREEREMAD LT
X ORDMEREM EVRADD EFEZLNS.

MEEFEBROFR, HRISEEZ HE U223V AT AZEW
T, NVET 2OV U THHTIEAD ZLIZKY, 21—
PO MY 21T 2Bk L AT AT 2 FFED X
NS enbmorz, ThaDS [FEE2HENIEDIRFEAT (T )

5.

EVDH LT Y VIUZEWT, YT ORI A3
EIFEDRINC THLE— R ICEMED HIEL UTEITH
5 Z AR I NI,

UNUARND, AEDOHMTH 272, EOERIEENR (EolT;
Efficiency of Information Transfer) %384 270D 7 1 —
RS 7 DR HERRIZ DWW TR I o 7z,

a—%% TH<SE—R] ICLAD AT, Mok ARt
MEHERNZ T+ — RNy 7 OREIZFHG T 200, REM-
TWARWY. SEOMEFEEROHHERY 7 — R TlE, T
SR ZERMIEEN RO NG 2, FEAEROENRL A
WEUOND, ] (F) PMENRED, VAT AEREICHT
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Generative Adversarial Networks
toward Representation Learning for Image Captions
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Captions generated from a single image are possibly different from each others as for representations (e.g. at-
tention points or sentence expressions). However, a vast amount of image captioning datasets in the world have
few or no annotations of latent variables. Learning latent variables of captions with no supervision is an important
from perspectives of scalability and interpretability of conditional image captioning models. In this research, we
propose a deep generative model to learn and leverage latent variables of image captions. In experiments, we used
the task of image classification with several MNIST images and ground truth labels as down-scaled setting of image
captioning, and we show that our proposed model acquired latent variables which represent sub-groups of labels.

1. ELC®»IC

IS B YRS (Fy Tvay) 2HBTEKRT
52 EFHEGF Yy T a v T EIENS. O DDEBIZ
TE5FY S a v, HHEFOMD P XHERIDE N X
DEBUBODFHET DI LN EZONE. HIOSWEET S L,
Fy7vaviy, HEBIOEGEMN Uy 7Y a v ik
WA B (BEEH) L TERINEEEX LI LM
TE5. BELABORHYERE, I3V T XA MOFEPHT
EWV o EH EOFRMENS, Ty S a5
HEELEEOVE D LTMEMNT SN b.

INETIZ, Wk FyTvay, BIOBELEE W
Bhlid 0 FEIZ LD, BEAROMHEIIGU TERT 55y 7
Va v ORI EZIE S FEMERINTETWS [1]. L
NURMRS, HOdIZFEET 2HGF Y TV avoFr—2ty
ME, BIEEEAT /T —Ya v EhTESTRAITHSZ &
M.

T T=vavoiRWilEET — X0 S EE R E FEIC &
DERT B Z LTI RBUEE L ENn, WEERE TV
EHWETEMERINTETWS [2]. HEEEKRETVEH
Wz F v T a VT B RBAEIL, IBTEABIT K 5%
RIOBREGF v 7> a = TORREDE BI85, 72
EERDOANSF ¥ 7Y a VERERT 253 LHRLT, &
R IBE AR AT T 23y 7 a vETilHTE 5 Z
2ld, EFVOMRMEOB P S EETH 5.

AIGEIE, EiEF v 7Y a VTR AEREEIC T,
BAERET VDT —F 77 F v OEt 2175, REEEET VI
T ¥ A MERE TV LaTextGAN[4] DfEiEE L TRBIE 5.
EifF v 7Y a =y FREG TR - FF A MERE LT
2B Z L&D, conditional GAN[5] 5% |Z LaTextGAN
R CHRMATITT 5. F72, InfoGAN(2] %55 (A HEH
BT AHEE HBE BNz 2 22T, ¥y Fvaviz
WY BWLERET /T — 3y DRWIIRT — & h oS
T5.

v 7Y a v OFBEABOREEC K NIEBRTH 5720, v

HAE GG BUERAG R, BERE A RFVB T R, T 223
8522 Al AR IR M A AL X H 5 3-14-1, E-mail:
abe@ailab.ics.keio.ac.jp

T a v QR A R 7 I E A O 5 R AT X i MR AT
WETH 5. AREETIVOFEIEEGEF ¥y T a=v 7%
EERDT, HDEIRITN U TEBROIEMS ~NLHEAET 5
BoBEMEEZ, REEETVOEMMEZ R IHREEEL LT
.

2. FEEMHR

2.1 Generative Adversarial Networks
Generative Adversarial Networks (GAN) & Goodfellow
et al. [6] IZ&k o TREINZEREELETVOFE T L — L4
7—2TH5b. GANIHNILTE 2201y b7 —27%FHT
L, EAY NI =2 G IAZXER 2z ~ pa(z) BT —R
G(z) IZEHT 5. @x Y N7 —2 DIET— 22T — &
T ~ paata(T) I G IZX o TEBINTZT — X G(2) D% #H
T5. G DOFRFRNIRTI=IvIAT—LILE-

S =

Tir>.

mGinmgx Laaw(G, D) =Egrp,.,. (@ log D(x)]
+ Eznp, (2 [log (1 — D(G(2)))]

2.2 LaTextGAN

LaTextGAN[4] iX GAN % 7 ¥ A MU G U 723 E R
EFNTH5. LaTextGAN % Encoder-Decoder € ¥ 2 — )L
Y CGANEYVa—ND22O00FYa—)VE2HHT 5. Encoder-
Decoder EY a—)UETFAMETHFANERIT B XFERY
NMVOMHEZAEIZFIFH X%, Encoder-Decoder €Y 2 — )b %
A—PFTY A=K [7] THEI N, FHIET XA N OEMRGRE
DE/MEIZE D7D, GAN Y 2 —)LIEEERZ MLDE
BRI E NS, GAN £V 2—)LIdilH D GAN OHHLATH
Brfrbonsd. JET— 22T FA N EREBEHWS O TR
<, Hpi¥EEAD Encoder-Decoder €Y a—Vin6&E 5015
XERTZ MVHBHWL NS, 572 LaTextGAN O H 1,
GAN EYVa— VO )T 5 X&EAR Y ML % Encoder-Decoder
EVA-NIZEDTFAMIESTHILIZLDES.

2.3 conditional GAN
conditional GAN[5] ¥ GAN % Zfl() & ERE T IVICHRIR
LETLVThHD. ZI2TX 2EEOHEOMMEHERE T 5.

(1)
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XEAY b
(€3]

D — Kmniamm

|, XEXS b

BEEH
(f4m)

BELH ws)

M 1: AREETILD GAN £V 2 — )L O

FRERICIIPZIE T TATRURPEXY T 4 DH3 5D
T=RREPFEITONS., FMEMFE G B XU D OMAIZE
MOANE LT X 25252 Tiibhb.

2.4 InfoGAN

InfoGAN([2] I¥ GAN % ERIVEBITISH U @B ERE TV
Thb. BIEEBE ¢~ pe(c) LT 5. pe(c) IEEDON %
HWa. Gid/ A AL 2 LA c 2T — X G(z,¢) ILE
19 %. InfoGAN O HWBEEIZ, X1 TRINDEHED GAN
D HMBEST, BIEARETERRT 53y M7 —2 Q(G(z,¢))
WS RERFE £, 2MA P TREINS.

Laaw(G,D) +A1L1(G,Q) (2)
o) ()

ZIZTAN BNANR=NFRXA=XTHD. FlFE L DR/
fLIZIBEEE ¢ £ T— & G(2,c) DO AMEHREDZE S TR
DIHRCIZE L Wzd, FIHT — X &2 R 5 KB 2 A
e UTERTLIZEVEINS.

2.5 Variational AutoEncoder

Variational AutoEncoder (VAE)[8] l&A— T > a—&®D
HLRET NV THS. VAE DTV I—KFI AN ¢ TREDITS
NIZHEDNG q(z]z) TRIND. T48DE VAE IZAT =z D
K 2 2NHETRHTBETINVTHS. VAE Tl g(z|x) »
HETAE p(2) 1ITEDLK &S BERIDBIMA S50 5. VAE OH
HIBEZIRRN TR NS,

rélyigmgx L(G,D,Q) =

L1 = ~Eenp,(2),cmpe(e)l0g Q(G(z,

Lvap = —Eqq(zja)[log po(@]2)] + D1 (g0 (2]2)[Ip(2)) (4)

ZZTOIEVAE D/XFA—XK, D lEHNNy 2547
T—ERETH S, B 1EIEMEGAESICHIGL, 52 A
HESAAZT BHERNC ST 5.

3. |B’X

ARIBRE T IVIT LaText GAN % 5512, Encoder-Decoder &
Va—)LTD VAE OFf], 8L GAN €Y a— )L DififF v
Ty am v I ROREFFADIETRE I NS,

3.1 Encoder-Decoder Y 2—JL
AREEETNVET FA S EXERY MVOMHELBIZ VAE
EHWS., LALEDS, R4 TERSIELEHFD VAE OHMY
BRI EROA I T HERT EL 720, TFAMDOH
R ZEN K EL RO MAEABITEI B\, 7 2 THIKIRE
0 < Agr <1ZMWVWTVAE OFE %2175, HWEHZERIZ
R

Lyvarg = —Eg,s)5)[log pe(S]s)]

+ AxzDx1(q0(8|S)|p(s)) (5)

i B P
s OR? 780 CR3 /
[9,3,8,0] (8,6,0,0] [5,0,3,1]

[3,3,9,9]

2: GridMNIST O % > 7 )LD —Hi.

Bl
£

[43
umop Yo0|qsay

may() ‘Ne
3ay paiySiom

AN

1e2U0
957 asuap

HA

n1ey(1) ‘Ne

3: 2w MU= 7R OBER. BN &3y FIERE,
1% LeakyReLU % /379

LReLU

ZZTSIETHFADN sENERIMVTHD. HHEDM
qo(8]S) \TIER AT AN & A, FHRINAA p(s) 12 IFEHE
ERDEEZHNS. )\KL:()@&%%—]\I‘/:‘—&\‘@EH/‘J
B e —E L, Mg =1 D& EX 4 TRT VAE O HWEEE

—HT B, NI A TIEFEREGRZE O RU/MEA EER X
nas.

VAE OB U7 XER 7 ML s #FHT 58 GANEY 2—
w@?@#iﬁ?é XEEARY NV s 1T T ABAEHED
JARXEEGE. @Ay NI =2 DDA ) A XEMASBZ
afGAN@ YazEbd 2T [9) LR, FIT—X
DH/AEEETNDAHEDOY R— S OEL Y IG5, £/, &
By N7 —2 GITXT B ERE DR O RN T 5 N5.

3.2 GANEYa—JL

B 1 CAREET VO GAN TV 2 — )VORER %R,
GAN BV a—I)VFERAY N7 =2 G, @ilxy v7—2 D,
EOEERY N =2 Q oI N5. &2 TDxy U —
IR X 2 AR S, GIRESR X CBEER e h o
MXEARZ MV S RAEKT S, DIEBK X TN T HXFEARY b
WWRHRT — & s ERT—& 8 »2HNT 5. Q IXFEA X
EXEERY MV B ATNIZIT GIZANINTZEEER ¢ %
FHIT 5. HRREEUZ IRITRT.

minmax L(G,D,Q) = Laaw(G, D) +X1L1(G,Q)  (6)

Ead'u - ESNQQ(S) [1Og D(S7 X)]
+ECNPC(C) [IOg(l - D(G(C7X)7X))] (7)
L1 = Eenpe(ollle — Q(G(e, X), X)||°] (8)

22T, R8DEIMEIE, Q DHANH I ANMHIZHS &
e L7550 3 DRMEEH—~TH 5. wgwﬂﬁ/a_
VI ERBEBTERMEDToNZTFAMEBE LTHRS Z &1tk
", Gti@@a:ﬂ*&éi@tﬂtiﬁéiﬁi?Z):E%“», ERANS
HffFy S avzERTEETIVE L TEETONS.
F 7z, MEBRERR L1112 &b XXENT MVICRT 5 BEZ
e DHERMEEND.
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residual pass

bypass Ve

N

N

4: ResBlock OffEX. BN ZNy FIE#L, LReLU I
LeakyReLU %/ 9. ResBlock ZfH\WTH A X%E5ITT 5
%% (ResBlock down) 1%, bypass & & U residual pass D
BT =) v IR IAT 5. ResBlock 2 F\WTF ¥ %
N EZAZI B B551%, bypass DEMIZ 1 x 1 DEAAAE
ZEIML, ZOEAAAREE residual pass DEH] D E A
JETF v 2 NVE 2T 5. EHISH U TER ResBlock %
HEHT 2%4G1%, residual pass DEAID BN & (L)RelU %
o R<.

4. EE&

BEA RO FTAM O WML & fli ¥ b D728, MFERBE LT
R D IEfRE T ~OUDEAET 2 RS JEEE 2 W 5. iR T v
TazZ v It B0T, BEABOMEIZGUTHERT 3 Y 7
Ya v ORHMAZIE S Z L, EGEOEMEIIE VT,
EABOMEIZG U ERED TSNV EH T2 eIt d 5.
O & D OIFTELFDAEIZ X U CTHEEO iR % Wz 2 D
BHHGS A Z & T, AR E UTHESINZREZIH S0
T 5.

4.1 T—9%tvhk

BB DIEMR T NOVHBFAES B EGE M- L LT, MNIST
% 7612 GridMNIST % fERk L 7z. GridMNIST o4 > 7 )Lo—
BlZ ™ 21279, GridMNIST & 64x64 O R#@ifgkE 4 DD
EfET RV ER T2 BT NVEEDRT oINS, H
Bl 2x2 O IRIZEE X vz MNIST #E&TH b, FERS
NOVEES OEFRITEGRFIZFAET 2 MNIST OIEf#E T X)L Th
%. MNIST Q87— X &5 A b F—2& %572, GridMNIST
DFFF— X % 10000 #:, T A ST —X% 1000 F:/ER% L 7=

4.2 =%

Encoder-Decoder €V a2 —IIVIZTZ TASGR)VL T F A5
NV E RIS BBERI 1 OMBEZHIZRH SN, VAE %
WTHERRE NS, 25 A5 ~L L 1% 10 Rt ®D Onehot X2 b
WCRBLL, WBERBLL OO 2 ot Lz, VAE DT
VA—XB LTI -XIT 1 BoeEEEEM V. HE
Bk =02, X" FH 1264, TRy ZE100 & L, o
{EFEIZ Adam[10] Z W7z,

GAN €EVa2—)LD G, D, BLXUPQ Dxy b7 —7 KK
ZM3ITRT. &%y MU — 2 OFEMEIZEE X LEMD
Ao h sz TEEVWI ETH—TH Y, Kazemi et
al. [11] DRETDIETNEDEZII L. FHOZENDT
H, 2y NI —7 O EEIZIL, 412”9 ResBlock[12],
Ny FEAME 18], G OIEMHALBEEIE ReLU[14], D B & U
Q DIEMHALEIEIF AM DIEE A1 0.2 @ LeakyReLU[15] % W
oo F2RT7 2EOMBAED S BN RS I E E 2
[16]. T7bDH G IE Eenpo(o)[(D(G(e, X),X) — 1)°] &, D
1 Egmgy(s) [(D(8, X) — 1)%] + Enpo(e)[D(G(e, X), X)?] %
BMET DL ICFE TS, BIEEE ¢ DO pe(e) 1F 31X
TEOREAEE I AT N(0,1) & Uz, AT HREH ORI
Ar=1.0&8U7. NyFH1X64, 157 L—3 3 2400000

LU, BEfbFIEIZ Adam 272, Adam D/8F A =X,
Ir = 0.0002, Bi =05, Bs=0999 &Lt /X A—RDHE
IR 6 ITRTRELEZ 11TV —Ya vyl eifroT-.

4.3 ZERBRAE

VD EDODEAELBOMEIZN LU TEBOEGZ W &0
W ZFHIT 5 Z & T, BIEAME L TEGINZREZIHS
MZT B, TURLITREI N L DDOBIELBOMEITT L
T, AHNEBE LT GridMNIST @5 A b F—2Z& 1000 4T
ZHV, AMERETILVORFRES LOHET 7 L0 H B
& L% G 5 . THEREL, »HAEEHIIFLTHAL
T2 T ROVPEMT RIVESIZEEN2 G2 EME UTEE
IND. DHEREL, WHRDBELSBOMIZI L THI#EY) R
WBHEB/DZ LN TE DN EFHET 24EETH D, BELHE
S ARVPEENIGL TWRWI L2 FHRLZDIZEHTH 5.
H1 5 AL RSN, O & D OWEAOMIZN S 5
15 OV DIMEE % FHRD=DIZEHTH S, HH5_OLO B
SERELE DO HER TR, BHEARE 2T VX LICHRET 5 )
EERWS.

4.4 EBRER

X 5 \ZEBIEREZRT. B0 T 7 TIRRELDBIEERD
EEHAWTWS., DEEEIXIVWTND 8% %2 B TEY, &
EEBE 5 ~RVAREESTE L TV W Ea5bh b, B
ZEEUZGEIZIE T NAOVOHBBEE ICFEY BRSNS, filx
X, BEEZBOME e ZHWZEEIXT L0, 1, 2%2%<H
HHUTWD. BHEEBOME co 2 FIWVZ5EIET NV 3, 8 %
LB L THY, BELBOME c; ZHWZHEIE T~ 1,
TE%HILTWSE, — 5T, BIHELEEE S VX LITHREL
HBEIERTO T NV EMREFEICH L TWS.

DHEREE R LU APORED I NV EL I NTE S
b, BIEEBIZI RVDOY TN —TIZHitT b e Ex 06N
5. WIZIXEBIEERDME ey 135000, 1, 2 2TEEL LY
TION—T%RREL, ANEGTOET 0, 1, 2 2B
W5, BIELEDME e 135NV 3 & 8DH TN —T, IBIE
O c3 1ZT N1 & T TIN—T&, HFOEHIELL
TWAREDEFY TN =TI hPTneEZ5ND.

- -
— -

5. BbHYIC

ARFETIE, EEF Y TV a iy 2RI mIT -
FEERETVDOT —FT 7 F ¥ OME 2T o7z, HfEFy 7
VaZ VI REGTEREDS I T FAMERE LTS Z &
T, KEEETFNVEZPAZD GAN D7 —F 727 F v DAL
T UTHSEL 2. AMERET VO Z R THEIREE U
THGOEREZ R, RERETVDRBELRE LTI TR
TRNVOY T IN—TEEGL, LT D7 T AT )% ER
PHNZBL S EZ D ARETHEH I L 2R LT,

FERfFE L LTI DZBIF o s, BEigFy 7o a=r %
FARMES L ARSHEEZHWMETH DI, Shk- 7z
MR IEARESRTIZ ARV, @iGRFy 7Y a =2y, R
i % D 72 BRI B W TARIREE T L OE AL R
YA IFEREDHEDVOEOTH S, /2, KERETIL
DI DI & O IBHEEBO R E S U7IZH, BIEEED
BTGRP ERILE LD XS ITHETDVT W BRI ARATH
5. HfF v TV a KT ARBUER OBIEOBSN S,
WIEARIIN T 2 & 0RO IEBETH 5. €T IVOMR
MEOBIENS, NZES>THRULYTWT 4 ATV RV TV
BUEREERTEIELEETHS.
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- same
W= different

N same
. different

label

(1)es, acc: 98.9%

label

(2)ea, acc: 98.7%

. same
. different

label

(3)es, acc: 98.0%

5: AJJHI 1000 IS 25 0T LD BB L. IBEAB DM Z EE L 723 DA same, BIELBDMEN T >V X Llsd D
7 different TH 5. X (1)(2)(3) Tl same 1T R2 DL DMEEZFNT WS, acc & same 20§ 2 KIREE T IO HREE
ZRY.
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Speech extraction from conversation based on image-to-image translation using deep neural networks

i A Fb WO B & HE Fat™ P e
Kosuke Takaichi Yoshio Katagami Yoshiaki Kurosawa Kazuya Mera Toshiyuki Takezawa

T RBTSLRFER TR B R
Graduate School of Information Sciences
Hiroshima City University

7 B WS
School of Information Sciences
Hiroshima City University

We aim to separate sound sources by deep neural networks which has been active in recent years. We attempt to extract a certain human

voice from usual conversation using the networks. We focus on image-to-image translation: pix2pix. The algorithm of pix2pix bases on

purely procedure of the image processing. Therefore, we need an additional procedure, that is, we convert voice to spectrogram once. After

that we perform to learn the networks to separate human voice, we especially pay attention to segmentation between the same sex and

opposite sex. Form this point of view, we conducted two experiments using the sounds overlapped both sexes in this paper. Structure-

Similarity (SSIM) index and color map representation were used as evaluation criteria. As a result, we confirmed the good extraction of the

female voice from the one synthesized both sexes. However, we did not extract the female voice from same sex. Although we reached the

conclusion that the separation did not work well, the generated voice seemed to be played naturally. This is not objective judgment. For this

reason, it is our future work.

1. [FC®HIC

INFETICHL BT HEO BT AR S CE T2, Fl 21X, #
BOFREBE D~ A7 TG LT —20h, TNENDOH
REDEETHEEITHDONET T4 N E 5% THS. L
L, FIEDEVITMNE THHERETHERDHY, ZNHNAD
SETETR WG, B RS e, FEe, AR &R
DFFEAT o TCNDIENEL, NHE D[Rl LD 53 i L5230
AN

FIT, BROERVETERALTHHEBEZEZM AL
WAz AMEL, ARSI — ADFFOMEEIT). £
Ty B IET R TARI IS T ALMEEN D4 — B2
T5. —FERBICAE BT AT, FAICB T TR0
BICBET 2D 7132, BRIZBET DM AN ERCEHE
BRIDBTHD. D18, KFTHE, Bk Z2EHRIZ3 6T
X, WENSFE U@ T U2 S+ 520 TESD
pix2pix ZAWVT, FIROMHZTT.

2. BREFE

AT M DR — L &G HEA S BEL WA 036
5[Jansson 17]. HF#E NFDOF R GEECZAOTHIVUE, AR
A LOFRFEOELRVS B CELDOTIIRVINEE ZHND.

%72, RNN (Recurrent Neural Networks) &) -5 CorEfEd
HEFFEBAFEAEL T D [Huang 15]. A2 — AT s T 0
AT 2B T, L, A ENTEHRIZEE 3 5% B3 E
FATELZENFERTHALE %, W4 LI EE 2175,

KRG TIL, TH AT T T AA~ZEHRL, pix2pix & T
EhEE 2T, B AR 5. pix2pix 1 GAN
(Generative Adversarial Network) ZF| i L 7= b {& 25 47 )L =Y
ALO—FETHY, Bz X, ARTEENOIT—FIAEARRL
720, XL FEEE LR LD TES. Generator &
Discriminator @ 2 -DDE T /Lot T 52 & CAEBRS 2 o
TUVKET A THD. K 112 pix2pix ODEHBE 77T, ENAS
ThHY, £ ) (predict) TH5S.

MGG BT RAA, TR TN R AR, A B TR e
X KW, takaichi@ls.info.hiroshima—cu.ac.jp

AREIE, T LML BHOFICHNDEEOBENIE DT
5. N O B LD ITIXHHEIC B R ZENFET S, B
REZIE, BYEE MO TIOF AR W 5 i s, 3
AW E1x, TR AT ERIES ORI RFE O B,
REOHIREL THXBNAEEATH ) (A5 18] THY, [ AR
DR T DR OESICBRB L RRIGT D [ 18], AfTIL,
TOFEERTD. T72bb, BIEO 7 O A i
%9 120Hz THY, METIE 240Hz THHERE SN TOD[
84]. [AKRIZ, B O OREARFE W I F MO MEREHRELT
WAHIZEL B A 68]. FDRFZEICLDE 14 B TILE
12 D7 DR FEAR AN IR ELGEN T TN,

FITARMETIZ, B A7 O FEARE W EOE DD,
BLOFFNNIRERFMOERNDLEREL, FiFEAY
a7 T BANIEREAT, ZOENEFE 5. LT, AR
WCBWTHHIRREREONENDLEE X, FRIGEWERE T
5. BAREWEN R B L OFRONBHIIAES ThoE b
Z. Lol /SN R Lo B IIREE chHEBbis.

K1 pix2pix D AH Sl

3. EEREMER

AFGTHL, ZMEIRTOEFLEB L OGRE B LWL =AY
a7 T KEH R, pix2pix IZLATRRE FE A1 THE 5 (3.1 #i) &
LVETZT OETEREL MR L OA G 2 RARIC AL, RIEY
BEATHFER (3.2 i) 217).

Flo, ANRSNTZEHGII T OB FE DA s T AL
TRffliZ4T5. HeigJ7ikE 1L C SSIM(Structural Similarity)(=X 1)
LNT—~v7 (K 2) ZROMEEZND. SSIM (ZARDBIELED
EETITOE R AR L, HSEWFERILE S 5.
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RO EETE VRN, B TETHARVESIXFRITTH
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[Huang 15]Po-Sen Huang Minje Kim Mark Hasegawa-Johnson
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SPEECH, AND LANGUAGE PROCESSING, VOL. 23, NO.
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[Isola 17]Phillip Isola,Jun-Yan Zhu, Tinghui Zhou,Alexei A. Efros,
Image-to-Image Translation with Conditional Adversarial
Networks, In CVPR 2017.

[Isola 17] Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, Alexei A.
Efros, Unpaired Image-to-Image Translation using Cycle-
Consistent Adversarial Networks, In ICCV 2017.

[Jansson 17]Andreas Jansson, Eric J. Humphrey, Nicola
Montecchio, Rachel Bittner, Aparna Kumar, Tillman Weyde,
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Networks, Proceedings of the 18th International Society for
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An anti-noise performance comparison between acoustic features
in detecting voice pathology using machine learning
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Developing communication robots requires to analyze human voice including various kinds of human biological information because the

nonverbal information plays an important role in smooth communications between humans and robots. To analyze numerous voices
available via the robot by using machine learning, we should take consideration of the existence of noises added to the voices. However,
some acoustic features used for sensing human biological information is not designed for the noises. To validate the variation of the

accuracy of classification when the voices includes the noises, we compare the classifications using voice indexes proposed for voice
pathology estimation and using Mel-Frequency Cepstrum Coefficients(tMFCC) in the classification problem of voice pathology as an early
study. Experimental results show that classification using MFCC can detect voice pathology more precisely despite the noises while other

voice indexes are adversely affected by the noises.

1. [XCHIC

NeDaza=br—ravi HEL-aRy b TH 3
HI12DI21E, ESEERERHAIAZENEE THS. ANDI
FONIEFIIZH R ARG RN G FNTEBY, /K E
M AEREEZ DET IR ABFEET LI ENGDEE
2011] [Tokuno 2015] [Shinohara 2017], 5 i&aI==/— a3
DR EEREEZR-TEELOND. 5T, aIa=F—
TaraRy hOBFEOERIZIE, ADDIEE LT 7 O3
HELD.

AR M DEGEINA S AT 5 FiEEL T, sy
MWZETHID. BT I LD E O R EDRWIUILL T
DBV THD. T HELIWVIREBIZRE T 25 2 HHRE
FEL, TR EhORREIZBITAE R ORFEEE Mt 95 (7
ALEREEFR) . IRIZEICHRRE O & P IZBLND R DR A — %
o5 (FEEME) . ZOI L CIRREZ Sl b o34 —
VEFEST, GO B I LTy T TR
TV, Iebil G 95—kt T 2R EE, Z0FH oIk
RELOYET B (U BEELRY) .

TR SHDBEOE R LT OB BREE )Y 1
550, NOWRIEDRE U TH R DFHRD 2 — 2 B EBH
DLEDRHY, DRI EE LIET AR D, R,
Ry MREEN LTSNS ORE, T 2S5
PR DB A A 3D Z L SR EE 7R 720, JAPRD /A X3 % =
GENDIEEEEBTOMLERDD. FTHEEHWTADRIES
DT AHIEE AL EICRB N T, WOMDE R
FREAE N LU CRIEZ DT DI EMNBRREIN TV, Zhb
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O EORRLI N2, B END /A AR E TIETE
PR E IR 8% 5.2 Dl RetE N 5[ E 5 2017].

— 07, IR EE IR KT ALY, W E A
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SRR EHL TS, 2B, b= g Ebea—YAT
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LT, AVEBE 7 AT IMEE(MFCC) A3 1T 1%, MFCC
FEFRMCLEDLNIHHMETHY, WEROBESN T
TEFEIE L0 K WHIPH TF R ORI E N TWA, fiE- T,
BRI/ ARDE EN TV A THIEM 0 EMT2 52,
BHrEENS.

ARETIE, PR EL T, /A RXNE ENHBRE T CEH
DOREGREEDOA A DT OMEEE X, F AP bEa—1
AT 4o 7\ CHHENDIREEL MFCC (ICX 505 % kL, /A
AOFRS X IFEFUNZ LD BPERE O L T & e L 7.

2. EEMRE

BEROOEEREOF WA ST 5720\, FEOH S
L L TR EE LRSI ADRITH NS E FH RN
WSOMNRRENTWA. Teixeira HIE, T A ERENLE X
% jitter, shimmer, HNR(Harmonic to Noise Ratio )73 5 [ 75
RO NS E TR D R OZEEH LML, vk
FAWTHE S E A FE 9 D2 AR 2L QU D[ Teixeira 2014].
Fio, BROIE, MEEELZROAOERENLE YT /M
LoOBNWZEaHEEX, By T L —r AW CThiEIEEL > E T
5HZ LA HEZR LTV 5[Shinohara 2016].

Mg ESFERICEF AR T 20 TR, TFR
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DO—E oy affi->THEL, ik MEEI X° saarbriicker 232t
T O EE T —H _—Z(SVD) T 93.9%D 5y itk REZ HL 7=
[Alhussein 2018]. W N DIGE L E I/ AADE FAL TR
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Toward proofreading support using Word2vec

AT A

Masato Maruyama

=y
Takashi Takekawa

N TR
Faculty of Informatics, Kogakuin University

Abstract: Word2vec is a method of for learning distributed vector representations that semantic word relationships. In this
paper, we aim for detection words misused from a sentence by distributed vector representations built using Word2vec. As a
result, using linear discriminant analysis improved the detection rate of words misused.
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HARE B THROND RO B WA FH R IC IR T 528
I HARS RO EIC B W CHE R THD. T ORIk
RELT, A EVORIC SR CHBLT D HEE IR U E L
oM HE VO F[NNHDE, HDOFFEEZOFIICH
BTz HEEA - E L AR O BRZ 7 ML TR LI BRI
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R kA ORI I XD I T E D L972, WL ~LD
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Construction of Corpus for Text Simplification by Sentential Alignment based on
Decomposable Attention Model

NN *
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Koichi Nagatsuka
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Masayasu Atsumi
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Graduate School of Engineering, Soka University

Text Simplification is a task to generate a sentence which is easier to understand than original. Text Simplification helps

beginners such as children and foreigners learn languages. Recently, seq2seq models based on large scaled datasets have
achieved state-of-the-art results in many areas including Machine Translation, Summarization, and Question Answering, to
name a few. Although these model can be applied in text simplification as well, it requires a large number of parallel sentence

pairs. Since available sentential corpora for text simplification are inadequate, building new corpus is so critical. In this paper,

we suggest the application of neural textual entailment method to detection of simplified sentence pairs so that we are able to

automatically construct text simplification dataset. In experiment, we evaluated the performance of identification of simplified

sentences by using manually annotated dataset, and our proposed framework outperformed a baseline method.

1. [XC®HIC

TXANEGALENE, DN G2 BT, Figlcl-> Tk
DD T WIS R B BT AUIRO L& fRT . TF Ak
AR, BTSSR RO -0, SME N, HESEAE &
FHRR, V77— DR A % X ET AT EE LI ThH
BHEERD. T, O ERIET S RELO A B9
DHAZNL, B—SRRICB T OB O —FECThH LA/ T T
ENTED. ZOBLEDD, BEWEIER THRIZ IO TN D=2 —
TV seq2seq T NETFIFANEG LA LT FEOBFIEN
1T C&E7=[Nisioi 17].

THLTZET VOFEITIIATICEH IS 1t 1 ISHISL
TOB R NRT L LT — AR ME LSS, LA,
TXANEGAIIZZD IS L TT A A MR LIz —
PRAPHELE SN TR WILIRN DD, TFANEZLDT=DD
PRIV N = RARR R THHEBEELT, 2200ENETHN
5. F9, — O HOHEALLT, HDRE—DIZITHLT, #
BOL )L CTHIEITE S LS NI SGEO SN D ipndnsZ e
NEFTOEND. 2k, RN ESEE WD LBE TR 2 E
RT=—=APMENZDIZ, EGLSNTZLED T N FITAY
(ZNWEVIZHITIER 5. o, /"TLba— R ADRESL )
LWHS—DDJHKEL T, EFLSNTZIA, JudLE 1 % 1
OXIGBARE T IZRE O LIIRORNEVHZERE T HND. T
XANEG AL, JLOXEOBEERE G252 TUETHD
EVOHBLENLER O —FETHY, 1| Lam<T ATl EHT,
TEDLENHEE TRV L OHIBRMAEET-Y, 2 0% 1 SCTHE
BLIENTAHZENGD. LI - T, LGS T 30E=A~ AT 2 L
BT HIENTEIGETYH, XORIGERE RO AZETRE
Sy CIE. ZHUCRIL, AR FEZE CRSBIRICT /T —
TarETHIZEIE, BOEWa—/SZAD =D IR TClEd D
B, IR OAAR R OREE A2 5720, 2— SAFEEDOR ML
T 7 EIRoTUND.

WK KBS —, AUIIR T RFBE LF5eR, B/ £
FHiFANTIT 236, e18m5212@soka—u.jp

ZHLTaH, A THRZE[Xu 151, Je &G D~_T (2
NEEB AL AT LIES) & BEIIZT A A M5 Rk
FENTWD. oL, ZTRETOTIEE, £EORFRORIZ
JESNWTEY, SOOI BT DT 7 L — R0 SR
DEALZHETHZENFELNEWD BB NS TN,

FIT, AW TIE, IVRENZRERREEICER L
Decomposable Attention Model %5407 Of I H
THZEEHEZE TS, Decomposable Attention Model 1 X7 AR
BERBROSTICBNTHEHAIN TODET L THD. TFA
MEERIT, o E 20N, ERLOMTE EM
RO SEONEIDEHE T DX AT ThDH. ZZT, FH5S
NI ST TEDOSTEZATD, DIk Eb ERBBRIZHDLES 25,
Febb, SFEAXAT ORIE, &EBEREEROMBEICE
X HIEINTED. G EBBROHERLIZEBNT, kD
BRI CIIRS, B~ Ty VIR R R AICRIH5H2
ERTEIUL, NTT7L— AP E TG CAT DR 23]
(| RRAARE Loy g

2. RITHR

21 THRAMEZIET—/R

CNETHESNTEETIANES DO DT —2 ok
E1LC, Simple Wikipedia Corpus[Zhu 10]& Newsela Corpus[Xu
151038 5.
(1) Simple Wikipedia Corpus

Simple Wikipedia Corpus /3 #IZBRFE SN T F ANEL (b
DI DRKHMET — X2y THDH. T —XDOHEICIL
Wikipedia (23250 &% DR F 4 KO B B CE XX 72
Simple English Wikipedia DFLH 3 CEH~T ELTEDIL TS,
Simple Wikipedia Corpus %, 7% ANESHLOHFIEITIBTHE
Hip T ~v—I T —H b THILOD, FHLDT-DDH
TREAZL QDT A X NBRT T AT THHIER, HiE S
(LD —FHEN AR L L TNDZ LSRN 5 5L ALEE O
ORI REL TR ST S[Xu 15].
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(2) Newsela Corpus

IO HEETRIZIE-5%, D% Newsela Corpus 23MERKE
#U7=. Newsela Corpus 1%, VREED 2D DB B LT — 2%
INELTRY, 7aO=T X ZIVEHOFEEEL VTR
TTXFAMRESN TNDZENFF M THS. Newsela Corpus
% Simple Wikipedia Corpus (2T, TF ANEGLOE D E
W= RATHHLOD, EBLLOa—/SALEIKEL TN
NDT TAAPIREI TR NEW) B S 3B 5.

22 BEI7TSAAVE

LSRNV DT TA A M e BBV H T2 FES N D0
BRINTWA. Newsela Corpus DYERCE [Xu 1611, ;b
VIR SR ORER FEFH L F95E LU C Jaccard similarity Zf#
FTAZEERRL TCVA. Jaccard similarity 1ZLL FORTE 25
noh.

count(X NY)

Jaceard(X,Y) = X0V

€y

F7o, EHTAT O 1% L BROATIERS, L3N R
N %t 1 ORISR HIZFF{L L7z Vicinity—driven sentence
alignment 2322 XA CVA. Vicinity—driven sentence alignment
IX TR-IDF (ZEEDW=FIETHY, FEEEIZ Newsela Corpus D
HE) 77 A A M SRR 3 5 S 4TS [Scarton
18] LinL7Z2 i, /NI 7L — ARG MEPMHERITHR Z 57 F A
SESALTIE, BRIV BRI E AR R 52812
IXRAD S5,

— 5T, JVREOERBERERGR T DI AT R ANG E
PR D. TXANG BRI T, HOXOTEEE, FE,
HSED 3 SOBRIZTFET 5.

e Bob is in his room, but because of the thunder and
lightning outside, he cannot sleep.

e Bob is awake.

e [t is sunny outside.

B Z1E, FePlDOLETIE, The cannot sleep 735 bob AN
TWAIREERHEGRESNAD T, D HDIbob is awake | &V )L
BIIRAORICEEN, FRBRNROALE 25D, — T, I
%O XDt is sunny outside | E WV NE 1T I ) D LD ['the
thunder and lightning ] VORGSR DD T, FEBEMRIC
BHHEFERTED. RIFFETIL, THFANEGLICT OIS
TXANG ERFEET VAT 5.

3. Decomposable Attention Model(DAM)

Decomposable Attention Model (DAM)[Parikh 17]i%, 75 Ak
B HREE T E T 2=2— IV Ry NI =T A Th%. DAM
I OBESWHEER A DD HFEL XNV DOT T a LT,
A B BRO T AT, ZOET NV TIEES, 77
Tar AR VT 2 DD AT LS [War, Wais - War, | »
SB [ngl, WBJ" W/i’lb] EF' @ﬁgg‘ﬁﬁﬁ@/}:fgﬁﬁeué‘%'%fé
ZTO%, EEEAS THEESIRE R, X OB, 25T 2.

! https://breakingnewsenglish.com/
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K AT O HEEICR T HF AT E SN HEE 0 R B ThH
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B TFIEELTHOTWDA, 4 [OET /LT, ELMo[Peters
181 9 %.

Yki:, 2 O]\ﬁi@ﬁﬂiégﬁﬁﬁ%%fﬁdl, Ej&aj, ﬁk@ﬁaﬁ'ﬁfﬁz\%
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vp,; = G([b;, y]) (5)
Lo

Vo = Va,i (6)
2
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Vp =) Upj @)
=

N, 74— R 74T —R Ry hHIZEY, 2 2O O TR

BRI T LyE T 5.
y = H([vg, vp]) ()]

COFEL, TTrvart 4 —RK 73U —R=a—J )L Ryk
U— 7\, BEESHEBLOSRITE 2 A5 by - Bilizet
TIVEIRSTEY, WEROEHEIRT —F%T 7 F T T D7
INT AR CEEEFTHIEINTEA.
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English' 0 BINEE L T2~ /L TF L ~UL DG LT A M a2 N5,
Breaking News English 1%, easy #1477 Dit S (level 0, 1, 2, 3)
L hard ZA 7 D F(level 4, 5, )OI SN TUVA. S EID
FERCIE, WEES T NVIRBEG AT ThHHLD LS
AT TG D% 50 T 0T ML, §F 100 S5
B L. easy IA T DFLHFNHITL UL 0 & 3 %, hard A1
TOFRFENHITIL L 4 L 6 OXEMHTDH. ZHHDO_TIC
ANFETT /T —varZliitZET, BT ADEGALTT ik
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Wo. FET /VORBIMEIE, [Xu 1520V 0.5 L35,
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ERFERAE 1IRT. #1205, FAEICHVT, DAM 2
NR—=2F7 A REL LR[S TNDIENS)D. FiZ, Recall |2
U, Jaccard Similarity (ZKRERZEZE DT TCNDLIEND,
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1 FEGAL AT R E D SRR R

| |Recall _|Precision |Ffii |

Jaccard 0.36 1.00 0.52
DAM 0.76 0.82 0.79

2 FESNI TG ESTA~T O]

They said our sleeping brain is much more aware of
the outside world than we thought.

FEmbEhi=X

The researchers said our sleeping brain is active.
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— 75T, Precision (23 T, Jaccard Similarity 75 DAM X9
BREARAPEREA TR LIZ. ZHUE, R—RATA L FIER IO T
THBIDHFEOERVN—EOEIA UL EBRIS N WEGA
T TABNISET LA THDbEE DN,

FEPEIZ, Jaccard Similarity T3k HIZ R L7Z23, DAM 12X
STRINTEII LTSI T E2ER 2 1IRT. ZOFITI,
WEAIZEBNT, NTTL—APREETNDLO D, &R BERN
RS IBRHICRIL CD. F2K1UL, HEMOT T va
CYOMBEETRT. 22T, R ST O acitive” A3 IESC
F1 D much more aware” LV )7 L— X 2R KA L CWNAZ EMN
FOYIRVR
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In recent years, with the spread of GPS-enabled mobile phones, a huge amount of users’ historical location data
is able to collect. Many studies on modeling with collected location data have been conducted. In this paper, we
propose a new method to analyze the area characteristics based on user’s web search query logs and location data.
As a result of analyzing by the proposed system with various regions and periods, the feature of the area apper in

users’ search behavior.
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Extraction of Relevance between Regions and Domestic Enjoyments
based on News Site App Users’ Interest
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We proposed a method to discover domestic enjoyments information that are specific and original to individual
domestic area. The proposed method is based on article follow information of news site users and themes given to
articles.We extracted the relationship between regional theme and sightseeing theme using co-occurrence informa-
tion of themes in each article. In addition, We pulled out the relationship between regional theme and sightseeing
theme using themes actively selected by the user for personalization. By filtering with similarities between those
two types of relevance, accuracy improvement was achieved. Moreover, by focusing on sightseeing theme with low
similarity, error candidates for theme linking can be extracted.
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. 2016.
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Implementation and Evaluation of an Interpretable Fake News Detector

A R ANTTR: S Y/ SIEY
Kazuya Yamamoto*! Satoshi Oyama Masahito Kurihara

UG HEIE RS TR
School of Engineering, Hokkaido University

AL HEE R R A B R A e R

Graduate School of Information Science and Technology, Hokkaido University

Interpretability is an important element of fake news detection so that readers can assess the credibility of news
by themselves. We implemented a naive Bayes fake news detection model proposed by Granik and Mesyur and
evaluated it with the LIAR dataset in terms of recall, effect of stop words, and interpretability. The recall was
affected by the imbalanced data and eliminating stop words did not improve the accuracy but slightly deteriorated

it.
considered as clues for fake news.

1. EL®IC

SNS D RKIT & b N2 MFRIZEREFREF L, AFT
L5 PRI D T DAEIHIT L O FIMEEEZ L. —
TZ 5 LZEHROFIIIEERIEICRIIZH DR EENT WS,
EBOERTOLONEZ2a—A2 T oA 7 =a— A LIESR.
TzA 7 =a—ADOHMIZAZIRL 2 & PMHER 2R L
THERZBRELENAZES 2, TREO AR EIK
ORI D W G2 T TH D, BHE, TOTA2
Za—A%FE UThRA RRENREL TS, Zofle L
T, 2016 4F 12 A 4 FIZ T A V) 7 KERGEEE 2 SNS THAR X
N2V v b UAERHOBEESIZET S 7 24 7 =2 — ADHEM
EHEPD LS Lo ER VARSI VIRATE VWS H
PP Z o 72 ¥,

HBZa—ANT A V= a—ATHENAFTHRIT S
IZIEHNEDPEBTH 20HEE LRI NIER SR\ 2O
b, E£7z, AT A TDERMMIC LD KED= 2 —ZANVEA
HENTWSE, TAPZ T2 A 7 =2a— A% T RTAFETHR
HIBZ IR IINETHL. TOLEZI s, 7A470
—a—ZHBRHEOMEIZNT == AEE > T W5,

—HT, 7427 =a—A0HBREEIHEETEZEL
Th, TNEB/EMEHET LI L ICEHERD L. 7217
Za—ADKRHBIZEY BB o720, MHEEAEY (72172
THLIARMESZEICEIBETERVLSTH S, BEIG
UC, &P O 7o A2KETEE 2%, Gtd D
Za—ZAEMHINIFHRGENZ BN I L EEETH S.
FDEOITIE, BEDZZa— AT oA 7 EEHETE D
n, TORKNZFRD Z & alfe7s, MERUIED WA %
HE D,

TJxA 7 =2a—20H#KRHBOAAD DL LT,
[Granik 17] 137 =4 7 =2 — AN AN L A v — 2 & HH
BDRHBEVSIREDILT, AL T 4 IVE—IZHWSNE F
A =T RAZXDHEBREHNT T = A 7 =2 —AD AR %
W74 % DREET T A 7= a— AL TWA, LA,
I TF =2 D> =T =R TUDEBRL WAL, TR
hy 77— RKDOBREZT-> TRV, [EHULTWSETILD
FRBUED B D0 5 THREBOERZ 2 L Thien] &

& SE: ILARIR, yamamoto@complex.ist.hokudai.acjp
*1  https://www.cnn.co.jp/usa/35093206.html

Some high probability words were interpretable as reasons for fake news but longer phrases had better be

Wo FZAEPEIE L T WA,

AWgE D HIRZ [Granik 17] DWW FiEZ2FEREL, T
DEDIZED EDESBEBEVWPELENHRNEZE, Aby T
7 — ROREZITWHEREOELEZRIET S8, 717
Za—ZARHEOER L o L BEEA DT EI L TH 5.

ESpERTEH

[Granik 17] 137 =4 7 Za—ANANRLA v —=V¥, (1)
XER R EE Y, (2) BIERNICEEIR I KRB, (3) BE D
BHAEEAE, (4) NEDER, (5) BRENZBELIEEDMA,
DE D RHBRD D2 L VI REDILT, ANLT 4 VX —IT
AWwohd A =T RS AH#RERWTC 724 7 =a—AD
HERH 247 - 7-.

ZOWMEIZBWTHbNZT =Xy MET VIO 23
HYT A7 =22 —AFBERD5 RIFEUrETN TR,
[Granik 17] £ Z <V Ofi b DA T O FHHRBEL 72 >
ZEERLTWS. F£7/2, Aby 77— ROREZRZITZIEDH
OREEMNH ET B ETFRLTWS, UL, WINOEREH K
HINTHESTRSUTT EIN. F 72, BEEREED S fb:
DEWVWETIVERAWT 7 24 7 22— ADREHEIT>TWAHIZ
Enhb 5T, DEOERE RS ZBEEEZ SR LTV,

ZOMIZH T =4 7 = a— ADHERHDOIELEAIZITD
NTWb, 7z 7 =—a—ZA0HBREOFEL LT, =a—
ARHOXEDADEREMAT 5 EFENT T —F &V —
VXN AT 14 T WEB EDONH &\ o 72N o & R
2%y NT—=0T7Ta—FnbH5b.

R 72 ST ARG GO s OB R BN X — v, &
EM72 N 2 RT3 5ENZ K HVWONS L \Wo 2 E5EN7R
R IFAE S 5 [Feng 13]. SEBINT 70— F 3% 5 L 72 R
EFoa—ADXENPSKRETEILEZHKBE LTV,

V=YY VAT 4 7T TCRESN 2 — AT/ LT, =a—
A HDOSCELUN DR INT 7 =1 7 = 2 — AD HEik
BT 72HlE1F1ES 5. [Tacchini 17] i Facebook D #Fah %
iz ol ] 260 77a2a—FIcE S WTTYTH 1T D
THROWPIIOFELUZ., DL DI XXEUNOFERZ HWTHLE
TRRAWELET DN T 24 7 22— 238 L E XEHLIID
TEBPTIZAD LIRS, 25V =FIRIINETE 50K
MERELTLES LW MESALDH S,
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3. =B

3.1 FERFE

ARFEERTIX [Granik 17] BIRE U2 F 1 — T RA BRI
O 7 24 7= a—AMIESREFELEL THWZ., FEOFHM
IZ DWW Tk [Granik 17] Z &R X v7z .

32 FEHT—%

RTMETHbON T — XX, AFAHARETDH > 72720/
DLOIZEROEM UMD TF =22 W, HLEZTF—X
X LIAR*? TH 5. LIAR Ik [Wang 17] i k> T2 < 617z
TrxA 7= a—ARHEHORYFY—0F =Rty N TH 5.
TAVHDOBIRIZEDDLBFEIAD 7 727 b F v 7 %fT->T
W% 7Y% A b POLITIFACT.COM*® & API THUE X 1
T —RTHLH. EHEECREREDES, V- v A
T4 7 OEFEIR R 1.2 TEAOREBIZH U, 1D, 6 B0 E
7 ~N)b (pants-fire, false, barely-true, half-true, mostly-true,
true), EH, KSH, KSHOWZE, BHOM, FrEBUeE, ¥
SHEOFFIZMNT SNZENTND T NIVO, LI TORS
MEVS TR IR EEINT WS, FERTIE 6 Bt T ~)L
D 5 b pants-fire, false, true D&% fFH L, pants-fire & false
7 ~)l Fake & U THo7z. £72WLK DO0DT — X DIFHRM
RIBLUTW7-DFRIL T2,

3.3 EERER

FA =T R AR AN T 24 7 = a— ARt TF —
RO L ZHEEROZLZMHR L. TOT—Z L5 TR
MZRO BEL D IS U2 T =& & 5 LI b A3
O U7 — 2% T = 2O GEDFE L1225 X 512
Uz, HELEZ2ODF—XIZRUF A —TRA X W=
T4 = a—ADMHEITWENTNOHERZ LKL 72
WMo DHdT—XOFEHKIL0.04, {HDRNTF—XDOHEHR
#13 0.68 TH->7z. ZhIiF [Granik 17] DR %2 L HF4
RTH5.

Python ® NLTK** I = XADA by T —RY A MIEE
NEWEETEENOSRELUEGAELE ANy 77— RE&§FEED
SBRELRD - 72540, HER, AR, FHEEZHIEKL
7els, Ay T I7—ROREIZE->TINSAHEIH
T, GUAEL RSN T 2HA D72, ik, 7=
I a—2ZREIZBWTIZA MY 77— RIZBETRELDT
137K, LUAMHIZAERERE EA TV D AREEDH 5 Z
EERLTWVS.

B AEENZ 9328 MIHOHED > B, HEN= 2 — A5
HPWFEETDILED, 721472 —ATHIMRNPKE
W EA7 30 HEEA K 1 I1I2/RT. T DS b socialists, muslim,
bad (ZDWT, T 5 DHEIHILT 2 HIHET — X D SCEDH
ER2IIRT. RPSDDND LTINS DHEEITCERIZ
BV TRED APz i3 2 B cfibhTtnad. Zo
ZENST oA 7= a—AREOER & 755 72 BERIZIZRE D
APz S 2 HITlbN D HEREENT VWS Z L
M5, 724 7=2a—A5 LI ORI WMEOEEEL, HEE
HAETIRAEZNN T 214 72— AL HETLIHEKNETEHD
PP VIZLVWEDAL W, LA L, 7z& 2 responsible
Id is responsible for £\5 7 L — X T, i & #0495 SOk
THWONERY, JV—XPXREZEETNIE, 7217
Za—RHEDOHERNE R -HMEZERTE22DEH 5.

*2  https://www.cs.ucsb.edu/” william/ data/liar_dataset.zip
*3  https://www.politifact.com
*4 https://www.nltk.org/

face, governments, anything, responsible, began, reps, socialists,
muslim, tell, scheme, cabinet, information, surplus, data, groups,
census, benefit, reason, murphy, outside, loan, balanced,admits,
parks, terry, provision, study, recently, bad, josh

H1 721 7= 2= AR OB & 72 5 1o M

HER HERDHEBLS 2 JI T — X DX FH
Say Oregon Reps. Peter DeFazio and Earl
socialists Blumenauer are socialists who are openly
serving in the U.S. Congress.

. Says large majority of Republicans believe
muslim Obama is a Muslim and not U.S.-born.
bad The Mexican government forces many bad

people into our country.
* 2: FE D BEEA BT B i T — X DX EDHI
4. F&H

AFETI, BITWHETREINZ 7214 7 22— 2AREBDE
R M 24T 5 72, ZAUT K 0 AT DR OMGEE & JefTif
FBTIREHINTVRD 5 T T IVOEERIEIZ O WT o 247
W7 24 72 a—AZEENIHBEIIOVTHIREGEL Z 20
TE 7.

AR B WTIIREFMEZRTERT 2D F 1 — T XA X5
DA% FANTH, RO H 2 €T VB L THERE
PRS2 HERDH L. MEOERK & U CTHEEEL S TR
T 52 e DNEERIGEN S N, T —A R T oY,
R DE D FETRTBRELTEOADPMRRLUP T T4
ERHDLH. SEHAWZT oA a—-AHBREHAOT -2 T
XEENDEDT AV AOBUAIZE T 2 REN L EM TH -
T2, BaR T 24 72— 2R RET 501213k 0 £FES
M7 24 7 22— 2AZETE5T—XBRRBETH 57D F]
MATEER T — X DA SNS 22 K2 FH U 72 T — & DUUENS
MBETHDL, FRIIZIZT 24 7 = 2 — 20K ORI
IR ARE L 2T WAHETHHET 5 A7 22T 5
HEERITNIZNWEFZEZT NS,

S Xk

[Feng 13] Feng, V. W. and Hirst, G.: Detecting deceptive
opinions with profile compatibility, in I[NLP, pp. 338-346
(2013)

[Granik 17] Granik, M. and Mesyura, V.: Fake news detec-
tion using naive Bayes classifier, in IEEE UKRCON, pp.
900-903 (2017)

[Tacchini 17] Tacchini, E., Ballarin, G., Della Vedova, M. L.,
Moret, S., and Alfaro, de L.: Some like it hoax: Automated
fake news detection in social networks, arXiv preprint
arXiv:1704.07506 (2017)

[Wang 17] Wang, W. Y.: ” liar, liar pants on fire”: A new
benchmark dataset for fake news detection, arXiv preprint
arXiv:1705.00648 (2017)
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Automatic Evaluation for Cyberbullying Detection Method based on Statistical Scale
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Various methods have been proposed to detect harmful information automatically as a support of cyberbullying
countermeasures. However, there remain various problems such as detection performance deterioration over time
and detection of information including private information. In this paper, we propose an automatic evaluation
method for harmful expression extraction method using BLEU, an automatic evaluation method typically used
in evaluation of machine translation methods.. In this method, for as a detected as a harmful by the harmful
expression extraction method, the evaluation is performed based on word N-gram Precision using the harmful
entry gold standard dataset. As a result of the evaluation, the proposed allowed assigning a high score to harmful
entries, which confirmed the effectiveness of the method.

1. FC®HIC

A4V R =2y N DY I, Web 8500 SNS %12
AANOFEEHEGRANEREZFAL T2y MU D] H3tE
LML >T WA [1). LHAL TRy b)) oz
ERIRIA N5 Z 2%, BHBERBHEEIZR>TETH
L7084 DFENRH Y, TNSITHLT 720 DHEEEAA
HEMHFEI S CIREINTV S,

FH S [2] 1ITAEES [3] AMHRE L 72 PMI-IR % W 72 A il
PR iR IRE L, &5 3 JIBLE S R LTk (CRM F
) ZEELTWA, HH S IS AW HEE & XN
LAEEMERZES 37T 2L, MHEEELTIY
IZHE D 3HEET OEHDE I LIZE D, 0% EBALKEETEH
EIAAZHETELEREL TS,

UL, BIZEIIS [4] 2 CRM FE2HE U2, HEH
FEFRLTWEZERHRESNTWS., BIISIFFERE U THEYE
FEDFRITEZ 20N E DT > T\ Z & 2238, A
FEDOM AR A Z L X B AR, AR X 24 E
MEHFEOTEHAMERIZ R VB E RIZL 2 ME LTV 5.

72, Zhang 5 [p] BEERBEICEREA V=2 —-J)
2y M7 =22 k2 EEE S AU TFEE FFEO 7 DITHRE
LTW3. ZOFEIEEHRICE SN ERN LA I A
EEHREAVCTCIHTIELTEY, 98.9%DFEE THE Mz HE
MHEFETH - 7=,

RO &S IHEERBEMH T RIS CIBEIN TV S,
HEEE L FEINT VWS, 22T, ARETEREFEIBIT 5
ORI 7=, BEREMETIEO AL RE T
%. EARIIZIZ, Papineni 512 & W HEE I N7z, BEMEIERIC
B2 HEIFHMITATH 5 BLEU[6] % A H&BMH LD
fili~&ISH, HEIFHMZ 175

Mg LR THEKY, T 090-8507 dbiEEib A i AR 165
ZMh, m1852400016@std.kitami-it.ac.jp

2. BEAXHLBEZAH

AREETIE, HWEIER D F BRI T4 BLEU 27EH LA
KRBT D HEIRFHTIZ DWW THIT 5.

2.1 HWENER B #ETEFE BLEU

BLEU /& Papineni &2 & D f8E SN 7-BEERICB 1T 6 8
AL TH 5.

BLEU T, BEMEHF-CE 7o OfERE I & 2 BIERST OB
TWABEAWEBUETER T 20, NEX%E 2 DOEM D N-
gram —EH(E Pn(X 1) &, BMPBERXOEZITGUZXF)L
T AR BP(X 2) ZAWTRINSE N3 ICL D FHET 5. F
7z, BLEU 1% 0~1 O&PIZ2 b, 0 FEMERL, 1135
BHLEEZRLTNWS.

_ HBBRRL DG n — gram HERORKIE

P < = .,
n MT R DEEE n — gram

(1)

1
BP = {e(“/c) (2)

BLEU = BP -exp() % log P,.)
n=1

2.2 BLEU OFZXRFEMHFETME~DIGHA
A TH, BLEU OFHEiORILTH 2 70 OFIERFIZ &
LEUFSCOMELT W B 1T EBEER L OEAR W E WS FE R &
FRRZ, B2 LT3Ry PO UOHEEIAAZ FEETHRELIE
T B4R =2y My O =)L A VU N—PNED - HERX
BERXETEETH L L DEZ S 2RI, RERFIEIC
K B EERBIIMNFEORAMM 217 5. AERIMILFENEGH
I U7 I LT, AR D EETH S LYl E 7
2y b EroHit I EESRL, HROXEFERIXD
fild N-gram —2& Pn(z\4) 2 HH T 5.

 HEIEHRLFELDOHGE n — gram HHOBKE
N KGR DM D HEE n — gram £

(3)

Pn
(4)
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F 72, BEWRHER ORI DA L1382 0, AERXFEDH
fliclk, L THEHEVWLEDLAETHAERLETHLHEEHD
H5. TDDH, HERXEL UTOFMETH B ARIEETFIET
1%, BLEU IZBWVWTFHIi RSO XDEZIZIG L ThIF s d
NPT 1 R BP QWA IETHRT, FERXE ORI %K
9 harmBLEU 227X 5 TR 5N 5.

N
harmBLEU = exp() % log P,) (5)
n=1

3. R’EFE

AREETIX, RIBEFIEOFMOZ YMEIZDOWTHERT 572
b, MEESIERIEARY 1 FED Ry MERD SHIH U
A 2,998 1 (AE 1,509 1F, IEAE 1,489 #F) 1L, K
REFFIZE BT 21T 72, AFIZEHMEORNZ 7T

1. =Xty "ol EOEAAZ T T S

2. WROFAAUNDEEEFEAARTESRLE L, WR
® harmBLEU A 27 %5

3. F—Xtv hhOLEEAAIN L, harmBLEU 237 %
FHL, 237 0EWIEIZERE R S

4. JEALHEZ Z DOIEAL A EDOFEIA AR A E R EIAA, NELA
DB AAZIFFEELREAAL U-BOBEAR, HER
&5

BIEAIZ BT AR, HHEEZK 1IORT. K1 &b, JE
£2A3 1000 AZFEE ORIME & T AR 0.8 ML EE EWEL S
N5, Ik, AEREARMIMRIICATIEEE R EIAA
EODEWVharmBLEU 237 25 T&TE D, AREFEN
AEIAADOTMIZ ~EOBMENED L E2RL TV,

4. ERARER

RIZ, BREFIEANOFHOEMEIZ DN THEEZITD 720
[AlkDTF =Xty bEHWEZEILSBTY V7 — M 2fTFWATIC
L OEELHE SN BEEERMEHURRZ{T>72 CRM Fi&
12 & BEFEEAADHEEROKFIZN L, AREFEE AW
THHi 2175 7=.

CRM THTI, BEAAICHUAEEAVWEERT AT
(SO fif)) ZfIL, —EOBMEZHAWTHEEZITS FETH L7
&, KEBRTIIZREED harmBLEU 2 a7 V2 HH L
7z. BMEIZ X 2@ E%K, HHEL harmBLEU A 3 7S OHE:
BEX2mRT.

2 &0, harmBLEU A2 7 EEIEEIETH 5 SO IHDIK
T, FERRLIET L TCWD Z AL NG, ZHNIEW
B CRM FEI2B1F % SO A E W IEE harmBLEU A3 7
HLEWEAEIZH D Z EERLTWS.

5. faREER

A EEROFEHR, AIRETFIC L 2HE CRM FEO M
REMEEWESICEL, BEZES L TOLIZON TS
KL o TWBZ R Dho7z. Tk, EilSDHE CRM
FEBWT, BUEDEE L WA IREEG R 8 #, BE %%
CLUTWL EEAERD 5 ENEDEHEIBEEL <> T
WL EWHKERE —HLTHE Y, RIEEFEICL 6L ER)
ThdaEEEZRLTWS.

—75, BHEEREL ULBEaIcEH L TAS & SO D B
1500 fEZBEIZ R CRM TEDEGRDEA EF 2 D TV

1 500 1000 1500

BRHiE (ML)
— FHR

2000 2500 2998

— EeR

1: BEMEIZ B 1T @G & FE%R

A, %, harmBLEUZ a 731

o

1 500 1000 1500

[RME (L)
— AR — EHEXK harmBLEU 2 2 734

2000 2500 2998

X 2: FEMEIZB ) 2EEE, HEEL hamBLEU A 37

%7, harmBLEU A2 3 7 EMIRIEIE—EDHAZE > TW\W5E Z
EHHAEN, REEEFIEIIEETH S A GeMEIMERN IR
U T EFE LGl T VRN Z 235 5 7.

6. HbHYIC

S0, BREIEIZ B 5 BEIRHGiFIETH S BLEU 2 AF
FKHEMHETIEA LS U, ZOTEE2 AR 2 Tk % i
U7z, REBEFIEIC L 2 ERIREHAADTHINZ & b, KEEF
EPEEREMETEOFMIZOWT —EDENIMN 2R TE
2. LA L, SEOEBRTIESI, WHILZFE UERO
EEAAZNHALUTHY, N-gram ~BEOHHDRIZBWT,
TAZIZ L DHERREL RO TVWBRIEREZONE 2D
SHBESITRR DT — R E WS ERT 2 0ERDH 5.

ZE Xk

[1] SCERRFEE 0 TR Y bR b o — VB 2 HIEH) - YRR (BEEES
VORMHE 2 58 - BREORY, SGRREA, (2012.9).

WHAAE, BHEXN, TRV Y AF - INY, RNEH, YT 57779, TR
W7 AT 3 BIBLEE BT D S ERIEARY 1 b OAHE AR, B
27 A LRIBEY RS E KRR LE, (2013.6).

FASERER, BEHESCN, WIEEOE, HEMA 7 ERIEARY 1 MzB ) 5 A H M B
ZHIE UM HE € 7OV 257, SRR 17 HAERKRFERH X
#, P2-26(2011.3).

ELgE, BEESCA, FRU VAR - IAY, (AR A ERBHH T B R
FEORBIZMT 5 #5730 A LAEEREE KR, (2016.6).

Xiang Zhang, Jonathan Tong, Nishant Vishwamitra, Elizabeth Whit-
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berbullying Detection with a Pronunciation Based Convolutional Neu-
ral Network”, 15th IEEE International Conference on Machine Lear-
ing and Applications, (2016).
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Automatic Impression Indexing based on Appraisal Dictionary from Tweet
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With the development of social media, interest in text mining has been growing steadily during the past few
years. Although these research studies have been conducted on product development and marketing, no research
has been conducted to explore cultures that create new value not found in existing products. Therefore, we propose
a method of extracting topics related to specific product domains and indexing impressions from tweets containing
a wide range of descriptions of cultures and values. Our method is based on the appraisal dictionary as well as the
structures of impressions for the target domain to become clear. A result of our method has been applied to the
lawn culture. We extracted 13 ground topics and the impressions related to each of them. Moreover one of them
was an unexpected concept. This result indicates the usefulness of the method in exploring a new concept of value

related to a specific field.

1. ELC®»IC

EE, Web LIZABIENT WA KRETFA T —Z05
BREREMET AT ANV THEAMNCER D EE -
TWa. hTh, Twitter ZREFLTBY =Y VAT 4 TD
ERIZEHZN, V=YV ILAT A THSE5ND MY —
YA, W EITntd 5503 S FRH T 2 AT, B
AR~ = 74 Y ZITIER T AENERIZITh N TV 5.
FFIZ Twitter TlX, FEEIDHD—DTh 2 &IE D OHFFEH
EL TN TEY, 75V R ICERREREDREST I
V3 ¥EEAT S SR [Shukri 15] X, S OREEEEZIT T 5 %
&% HEES 20152 [Hridoy 15] REMPFHELTWD. LA LA
BT, LA -V oo — X% KX -8 &E 2475 ET
X, ftkD Twitter T—&X ZHW=0IZE>THSNDS T
PFE ALV W7z 2= OREH-PIE (2B 3 2 R D
AT, TOER L7458 OREX, BRI 5 EIZ 0
5T, BROBFAND 173727 4 — RNy 7377320
BNDH 5.

— /TR L Y a—% W2 45E [ILE 18, Hashimoto 19,
AR 19] I2BWTIE, BERITT 2IFE Z I BB 14
ERZHSPIZT M FENMREINTVS. Th s D%
TR OBRBESR) &, ZIhoMiIn s /o
otz TIE] o, B ORERRMEZRT TS
EAUZBRE#E (K1) MUEInTnws., ZORREFEIC
Al>TREM L Ea—2 oGS OMSEE 2 H S 2T
2 IR OFEAL [111F 18, Hashimoto 19] &, #5440 HIGEE
& aA—FDREIE & OBMRMEZIH S 2T 2 RIBFOFEULEZ 1T >
TW5 A 19]. BRO XS5 mHSEN LI L-T, @
KT B K DR E RS Z e ATE, AT OKIEE
R EHNZ T 4 = RN 2§52 A a[hEE 725, LA U,
L a—IZilild SN TWBHNE, BFEORGICET SH5®
BT H Y, FLFEROERR b LY R EREFEO S 21372
Wiz ffifi A RS Z S IXREETH B, T D7ZOB IR

BLIE TSR STE i NE IR L I N T P S A I 7
T 669- 1337 SR =HTT#E 2 TH 1 &ith
E-mail: nagata@kwansei.ac.jp

LHIG TR, TORGZMS MY bW s, B0
HFHZBELUTCESNDHRLR Y, WRE R A1 NN T 50
JEOVERIR 2 S DIFEUL B E L SN TV 5.

T ZTARME T, LRMiEER 2 SiEEVER D E Fh
% Twitter T— X5 OIFEALOE BB L LT, 45
R XA v OHSRER S 22T %0 A8EELZ217S

Engk

/ izt \

1: JEME DI e i

EEM R

1 FECTRARZ LI ¥ a— 2 WSRO TE
AN S [ 18] % Hashimoto et.al.[Hashimoto 19] (2 & -
TRESNTVS. INSOFHRTIRHV a2 -2 5HRMEEE
ST B Gl 2 i 212h 720, 13U D ICFHAEiRBE T
EEO WG EE (BT 5 Bl & 9 HEE) O E 1T
W, O, IE L ZFHIEEE 1 — Y O & £ G RE &
i DR 2 K EIREEIC AL TV 5.

F-AKEOMHIcBWTIE Ny ZHIETFEDO—~DTH S
HDP-LDA[Teh 06] % \"CTW3. LDA IZ, k¥v 2576
T4 LI VERINHERE LR AHET B FIETH Y, FH
FOHED ThEy 2| GEEX AT IV) 2HEENIZKkD 5
SEETINTHD. X 5IZ HDP-LDA IZ LDA %/ V%5 A
MYy I RA RIZHERU7ZFIETH O, LDA TEMEY 78
EIRET 508D 50, HDP-LDA Tld#Eb) 7z b &y 78
PEEHIND L WSR2 HT 5. Hashimoto et.al. i LDA
OFEZERAL, IREOHRE AT E Uz My Zhlit % 5EH
TEHILTHEOLNZE N Y 7 %GB B O IS % &
FTHIREE LTHF-oTW5.
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3. REFE
3.1 Twitter 7T—49 AW/ IEELDEREE
77O0—F

AFETIE Twitter 7— X 2 AVZHROEEAEITS. 2
Ko7 7v—F & L Tid Hashimoto et.al.[Hashimoto 19] %%
REUEMN LY 2 =128 2R ORELTEICHN Y, 3
FEDIEE - DEEIT - T2181Z, FIRGED &A% W THIG 2
#£35. LHL Twitter 7 — X NDEILDIEREALTEDEH 12
132 DOMEIFAET B, 1 DHDOBEE, FiNRE B X
LRMMEBD D 5P UORETER NI TH D, 2 OHDH
X, Twitter TIE 1 XEIZE T NDHRERD DI N2,
FATRFZEIZ B W TG E THWT WS LDA 1%, @8k
RELAEWZ e THh3.

NS DOMEEMRIRT 5720, KPETIHRFCEN N A1
VNIB BEA B E, &% x5 U7z LDA & 0 fiih
U, FaEEIIn U CHISGED M HERE 2 FIE L THEE L 7%
fih & OBEA T 24T S

AFEORNE LT, NG R A A 2B 2588,
FHMRE DI - 04, FIREOHEE, SREM N AT 2B
5 EhE & Gl & OB ORI, D 4 DOFIHTHR DR
AL EFT S, 7SRRI BT B ARBE 0O R ATREME O )
LD7DIZ, SHHEHEEECRR I N XXEERNRIZITS. £D
7= D EFEDFNIRBIT H 2 ERT 2 0 ER D 5. TZTET
el b D EM L 208 7 T U A POV SN RBLEE & D W G &
75.

3.2 HEET7ILAFILEMRBEZDIER

JeATIESE [IUH 18] T, FEMRH DA 7 TV HRI 5 &
NTWBHARFET 7'V A POV RBIEEE 12 5D W CREAfiE %
AL TWS. 77 LA PVBERIZ B VTRl & B 13 T4
fiil & THEHEI] &5 2FHON T TV AH L L IhTWS
[EEF 11]. PEHZ I TEL W 2 TEEL W] & W o 723l
FUZK G 2 5 O REIE CIEIE 2 RT1T 2% RTRETH D,
el 1E TR S0 R TENW] &0 o 72t RO R
WMERTRETHS. D2EON1IZBWT, WIS E,
ANGHIHZEIREIZALED T 6 Nb L FZ 560, s E 8L
7o MR TR S © I HIREE L RSB AT o TV 5.

AT, 779KV =y vy —VY AL MEREREH
W, Opinion Lexicon[Hu 04] WIZ& £4 2 6,789 &0 3l
FE% TNFEN ) & TARNGEI) oA F TVICHETHI iz D
YEE S ERITS. 29U RY =Y EHWESETIR 1D
H%dH7-0 25 EEDONEEEIT, 22,000 RO EIEHERIZ & -
TEREDH T4%Z 7= 5 5,021 §E2 L. 6127 T v
RY = v PRV TERD > 23 MIEEICBE L TiE, &
SEAMZE DRGSR & HAZE Y 7L 1 WL B RS & DS
WK O E T 2. ZORER, BERDH 93%I2H 725 6,317
FEENH Uz B0 RONFUTNFHEAY 1,276 58, ShaH
4,985 3, EL5ICHYUTIIELLDAB3ETH-7. A
WMETIE, ZODERERETGET TV A VLFHARBEE L U
TEHTD. FRLZEHENOREOHZR 1 ITRT

K 1 WEET T U A YOV G B B N O BTG

] PN AT \ ARFTA |
like love enjoy beautiful good great fresh best
hard clean hot fast
easy warm cold wrong

hate happy cool nice

perfect well enjoy favorite

3.3 Twitter 7 —4% 2 AWHROIEBEZILF.

(1) HRHEF R A VICE T ZEEERE

FUDIZHAFADAZEZNRE U by ZHIHNIZ & 0 gl
R AL B A EE M TS, Ny ZHiHIZiZ HDP-
LDA Z2H\5. AIfiOfRETHERZLSI1Z, —XEDHZDIC
B B HFEDD I (FIRFEE D TR I N A XERY) &5
&, LDA IZETITEEBE LS, &E1Ch U H4 A EE
MWHERTE D L EZEZ 5N -0, EJHTRE L Wk L 7=

My 2O A XERE LT, Ay TT—FR, 21—
Y44, URL, Ny ¥ aRkJ, a7 5 OHIR%E 1T - 72 Al
HBDOT— X065, Fahsi e e S nzyEE2 M Lzs
DEANS. B OHEE IZEERMENTY — )L NLTK %
Wz, ZD&E, 2 BRI W SCETIREE R N Yy
ZHIE D TNz, VA — P OLFED 3T D
B RE Uisd o 7z,

F 72 HDP-LDA 12 & > TH SN 5 T TP ELER
W2 X BIRIFNER B B 728D, F—DNAIN=F A —REETHE
BOET N 2K UBHEBRET NV ERIBENRDH L, TITE
FILDOPALMERE R RS TH 5 Perplexity (ZEEOWT, #
BOETFNDSHE (Perplexity M HEW) DE T IV E M
5. ARWFETIE 10 FOFED 5 5 Perplexity O A3 H (K
WEF VAR L. ULrLEDs, HRUZETFVICEITS
TRTO MY 7 WBFHEORME L 5 R 51ZE OHEME D 5 &
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VD 5 EFITHME L T Sz b ¥y 7 O A% N
DEWIE Yy 272 UTERHALE.
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FIGl DRl 247 5 L CRBERMREEE ML s 5720, il
B D Twitter 7 — X 2> 5 FHliEEDUNE - DEEATS. HEET
TU A POVEHER BRI K - THEHIG & RS W7z BEE % &
GG, SN & DR S N7 BER 2 FIRGE & U CRFilih &2 U -
DI 5.

(3) FIRBDIHEE
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SRR E Uiz by 2 X > TR S - xR E, R
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LB,

BEE, FEE LT LA N Y ZIZBWTEEED
BWWL DO, HIREE R T 2 5 EISGE L D5
RHO YA VHLEIZHEONTERT S, KAFETIENEY



3Rin2-39

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

2B BHEE (%) OEEE L LT term-score & W\ T,
AL 10 BEDOXFAEZD P E Y 2 IZBWTEHEED &4 &
U7z, 391 VHEBE IR RO TR TOLH & HIRGER T
B, TOEIHELEZ2GHE L A4 OF#EE L U THE
I 5.

4. EE

AETIE, EBO Twitter 7— R IZFH U TFEEEHL, F
oA MRS 5

4.1 WRERBRXAA Y
ARWFFETIZZNEE W HB L U, TOERICH L ZEUL
(Exefb) ekt 98] 2 KA A v e § 5. Zxxfbiid, Z4H
DB % KL L 2= 0T 2 R LT Y, &R
JATRELT ROENRSEIC L > TERZ EEZEZSNTW
5. ZOEZXALOHMEEZH ST LI LT, SNHERE
BT 2 DT A DL EADTEHISEI NS,

4.2 T—IHE

ZXALIZE T 5 ¥ — 7 — N#ER (e.g. yard work, cut grass,
lawn care) IZ&oTHEONIZY A= 2T =2 L TH-7~.
AREEBRTIET AV A, 4F VA, WHEA I Z o R E e
U7z, 2o QEIFHARIZHARZOFANSHEL 25ETH S
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E& L. m%u#v4~bﬁ1mgﬁﬁﬁ,%%§%ﬁ®%
R, MHEERU 1,178,039 75, MFEEEUL 37,695 FEL w7z,

4.3 #@BR-ER
ZXALIZEI T B Twitter ¥ — X124 258G R 2 IS D
FREALD 4 DOFIEIT IR L, BETS.
(1) HRYF R A VICE T ZEEEME
BRHEEDEWETILONA N=NNFA—=XF a = 2.0,
B = 0.1, v = 0.01, Perplexity ®fl% 50.731 72 b, 19
@D sy s GEE) BMiEhsz, i hzrEy oo
L, FHEEMEOE P 1I3HD MY 22K 3IZRT. PEY
71X 3DEIBXAEFREZHEMIEL MY 2%, MY
7 5% 11 O &S IZFEDFEENPEFIZRNT WA MYy 70
HHTE2ZENTER. ZOMD MY ZIXZHE - ZA] D IZ[H
HITL MY I EEZONS.

# 2: 2B T B aEER AR

‘ ‘ NS ‘ term-score D&\ 1AL 5 HEE ‘
1 Har people, gun, car, truck, weapon
2 UNER ¢ man, woman, men, car, tire
3 (KE 5718 lawn, program, worker, people, food
4 bligl lawn, people, home, neighbor, business
5 R G - R landscape, architect, designer, space, city
6 A spring, lawn, season, news, summer
7 JEDTF A yard, leaf, grass, neighbor, weed
8 ERC kid, school, car, paper, neighbor
9 KA weather, yard, winter, week, snow
10 L7 plant, garden, lawn, flower, grass
11 | AK=Y - TN7 game, golf, shoe, shirt, yard
12 J=AnY7] yard, dog, home, car, grocery
18 ZONIB lawn, mower, gas, equipment, power
(2) FHEEDINE - 24

FMiRE DI - SEEIERO 2R 2 1ITRT. WEI N
FEMIEE X 2,083 58, S B WM& &9 3HIIGES 717 58, HhaT
fifi % 25 9 FELMFEA 1,366 35 & 7o 7=, il X 2R, W
FKEFE R AL IZB I 2FEEANDOREE - IRE2 XL TVWBEE
fifEchsZerbhrd. HHELZDYA—bTHOONT

f[good] (R\W) &WIHIGGEEE, Ml Ca—Il8WVWTHiE
& HBSHEN S 572 Z e 5, MR 7R IS T%éthx
5. Ifresh] &\ HEED Tgood) IZIRWTHEIBE N W T
s, ZEOHIRPZNDIZLE>TT oSO LIz Vo2
SR N Z LML HETH B, REIETE & FIRGED HBIERE
RS 2 &, BIEFEOANEFMIZ S WEETHEL T
5. ZhiE, Twitter BICIXRBIENZRE 2RI N2 e
ZWE W RIERERLT WD, 7z, (likel % (lovel ¥ D
A D RIE 12 B9 2 pRAfiEE I E TN IR & LT T
B, FEOEMEFHERI N,

# 3: FHlFE DI - SRR (— R
I Rl EIEED

like 68982 good 3169
love 22907 fresh 3019
well 11612 great 1910
nice 8481 right 1837
enjoy 7659 best 1076
fun 7190 bad 1068
hate 6896 free 1005

beautiful 6372 ready 974

happy 5956 hard 851
damn 5309 enough T

(3) ENREDHEE

0.05%LA EDY 1 — MZEENDEREE 1738520 % e L
752X DR, 13 DHRENE S N, £ 4 13K
K% WK T2 FIRGE L FIREOMIRE R L TWa., HEHTA
T LT, HIRE 1 11 O &5 2MREOTTH W EE
RSO K &S RiilihiRn sz, ZAXILES [1ILH 2018] @ &
SV a—NEENRE UETIEH 0 A SR
THY, Twitter T—XORMETHL L EZO5ND. £z, H
Kl 8 X 10, 12, 13 IFWHINER I 2R 2 KT TH
0, MSEEOHEASL UTHIRTRERERIBEONT VWD EHE R
S5ND. X SITHIGN 4 3SR A O AREIZ T 5 IR
LIRIRTE 5.

(4) HRHYFHRAAVICE I ZEBEENRBOBDEZDEH
WG N A A 2B 1) B EEEM T TS 6 hz Kaidic g U
T33AETIRE L TiEZ W TBIHE 2 5 U722k 5,
WCBHED @D - 72T 2 IR L GHED 2 DO fH S H
D BT 0%RS &K 6ITRT

E£5ERDE, EOFANZIIEHEN KD SN TED, Z
MO DG TIXHEYNZ N UTCTEMT 2 L5 IR ERO>Z L0
HHlczs, £/, HIRHEGFEDO L 5 OBSIZBEWT S,
FIGufili 4 L 568 3 OBEMEDR R SNz Z 2o, S0 IHEE
& TH DL VO HANERRD Y, AR - UFEEE V-
FHIRZRZNTWA Z A RIBEI NI,

D& RHMAIFZVE a—F2 T ME L2 LK 57
NTRESNDBZWHRTH S, WIS LTH WS D07
W TZMDIFEMFETHDLE NI A=V %L DODZT]
Vo EHULWMIEIR e &2 b T ICETH B B X
5N5. Zho kD, KFEOFETHERN KA1 Iz81
% BN D723 % W] HEME D B B Al S bic i 2 8-
RAREMETEDZ LRI NE.

5. BhHYIC
AWFFETIX, Twitter RIZIFEL TV ARSI T B 1E
JEWERIR D S, B RS HH, BB R, WO OM

FZELTHES NAMIEE IS 2 RG0S 2 FEz2iE
FUTz. BEFETIE, U7 L1 PLHEEICHEINT
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#* 4: FIRGE 77

Ah NG & U 72 FD Gl HE e A R

[ [ R | S E KT 2 ME A
1 TEE fuck, fake, dumb, shit, stupid
2 B - i good, right, wrong, weird, bad, clearly, positive, ridiculous, strong, terrible
3 e i R enough, pretty, worth, odd, decent, smart, afraid, expensive
4 | BRPE - SRR clean, rich, honest, fine, lazy, poor, cheap, illegal, criminal
5 T important, proper, properly, complimentary
6 AR available, leading
7 M & free, top, proud
8 ek safe, hard, tough, easy, difficult, useful, dangerous
9 seah dead, ideal
10 B - enough, fast, weed, clear, slow
11 e wonderful, lovely, great, best, excellent, awesome, amazing
12 FEWE - TR ready, hot, fresh, warm, cold, bright, delicious, soft
13 HEPENE - HiREE super, lucky, quiet, loud, productive, wild, dark

2 5 FVGUIZ N 3 2 R 0D B B B i

[ FI5hi | BIEEAE\ G |
4 [ANFE - JEFEFE] | 3 [EESTH]
5 [HiE] 6 [F=0]
6 (AT 5 [mE, #E]
7 (] 8 [7#]
8 [Z4ati] 1 [y
10 (B - P3E] 7 [EoFAN]
12 [, REK) 9 [Kfg]

K 6: EhRE T 9 FIGRI oD BE R R
[ | DR m W EI G
3 K& 4£571) 4 (BN - JEIEM]
4 [rBE) 1 [
7 [EOFAN] 6 [HHME]
8 [rft] 5 (1]
10 [#f%) 1 (1]
11 [AFR=Y - TV 7] 2 [RE - 1)
12 [(E\vwi) 4 (AWM - JB5RM:]

WFET TV A POUVFHBR RS ZER U 72 IRIZ R A ITH
1T B EAN G Py ZHiBIC KD HERE L, D%, Bk
U7zl L MEED DR BIZ FIH U 2 Fgdioit, B X U5
B ORI & F L7z
FERTIENEEZ LM U, KTPE2Z0bicET 5
VA —MIEALZ. MEY 2N L o TE S N ENBES
I 51 B6E & FIGl O B & MR U 7 A5 R, 80 ST 12
DIRMDAHEEDOH DHIREERT LN TE, FEOEH
PRI N7z,

SHOMEE UTIE MYy 7ok &R B, iRz
BU-EEEORM R E2ITS 222D, BonbERDE
BetE - BRI EL TV ZEREITon5.

HEE

AHFFED — L ENL AR B FIE AR A AR IR (JST)
DOWFSERREAEE (k& — - X7 -1 /) R=2 3 (COD
TRT 5 L] OXBIZE > Tz, 7z, HLFERFEZMEL
TF—R%& TN 2 &, B35 THER, TRERZ VLS
F U7z (BR) RHEEAHZEFT ST — T8 XY R&D RV X —
DEREALITELS HHLE L BT £

& 3

[Hashimoto 19] Hashimoto, S., Yamada, A., and Nagata,N:
A Quantication Method of Composite Impression of

Products by Externalized Evaluation Words of the Ap-
praisal Dictionary with Review Text Data, Interna-
tional Journal of Affective Engineering, Online ISSN
2187-5413, Advance publication Released January 25
(2019)

(MR 19] FEAH, (WHEEH, BHIT: LEa—F—XEH
- SRR R 13D  JEME O [ Eb R L, A AR
2 E R 5 (2019)

[Hridoy 15] Hridoy, S. A. A., Ekram, M. T., Islam, M. S.,
Ahmed, F., and Rahman, R. M.: Localized twitter
opinion mining using sentiment analysis, Decision An-
alytics, Vol.2, No.1, p.8 (2015)

[Hu 04] Hu, M. and Liu, B.: Mining opinion features in
customer reviews, AAATI 2004, pp.755-760 (2004)

[t 98] b SThE: HAIZ B 1) 2 ZHE AL D R, ZHARYE,
vol.27, No.suppllement1, pp.1-8 (1998)

[ 06] M, 1A BIMET — X ORI, s R
(2006)

(e85 11] B ARR: THARFET 7V PRI R B RS (58
[ERBI) ) ORI DL Z IR 572D DEFEE
JROBF-, SFENM P 17 B4ERRKDRRNE,
pp.115-118 (2011)

[Shukri 15] Shukri, S. E., Yaghi, R. I., Aljarah, 1., and
Alsawalqah, H.: Twitter sentiment analysis: A case
study in the automotive industry, AEECT, 2015 IEEE
Jordan Conference on, pp.1-5 (2015)

[Teh 06] Teh, Y. W., Jordan, M. L., Beal, M. J. and Blei,
D. M.: Hierarchical Dirichlet processes, Journal of the
American Statistical Association, Vol.101, issue 476,
pp-1566-1581 (2006)

[Mikolov 13] Mikolov, T., Chen, K., Corrado, G., and
Dean, J.: Efficient estimation of word representations
in vector space, ICLR Workshop 2013 (2013)

(L 18] IWHEH, A, BHE S La—T—X %2 A0
7oAl R EEEIZ HE D < FIG 0 B EifREAL, HARKME T
25XEE, Vol.17, No.5, pp.567-576 (2018)
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Catch Me if Yahoo Can: Hotel Recommendation for Potential Travelers using Transit App Log

PANTURER=1 A TR HERRRT
Mikiya Maruyama Kotaro Takahama

B 2K

Kota Tsubouchi

5[] FRE

Teruhiko Teraoka

T =Rt

Yahoo Japan Corporation

We suggest new hotel recommendation method that catches user context from transit log and recommends information
before they need. People who are planning to travel or business trip tend to search a route to go to the destination beforehand.
In this case, we use the transit search log to find out the potential travellers and recommend hotels near their destination. As a
result, we confirmed that the method is more effective to reach the potential travellers than existing methods for potential user.

This paper is consideration and summary of the method's verification.

1. IFC®HIZ

ALH =R MRALROE R ZED, [FHFHRBTFITADLD

WZ7p o T if, RGBT AIERE SRS ETICREMEY )
DININDZEDD IR T\, — I HATIL, 1ETARR, BlEHE
7%, SR)E, R E, HA R AN LI THY,
=PI E o TRERFR DD DL D THD. —HOFHAER
O RNWEET, 2—VF DR TX AN FiAES T,
WY 7 WA e Bl U CHERS CEAUERIMEE AR EW, 22T
T4 ITFHMRITIEB L, T20BEAERRRITE 2 THLT,
TEIAMEER DHEFE A1 THZ L &% 2 1=, (AL, BB EER OB
HHETORKITZ—FBICELELTHY, COREOBH)
HREE U C, EDHAITTC, EOLHhE ik A itk
WIEIRO DT EIFEEL,

INBEHLNNIT D0, Y7 —RBENOBRBERT % H)
LSRR E L 7. /L —MREBEO M E B DR )
B EL, — &L Lo BT B TER iR TE I
Y7 — T VRS TR BNV R O1E AR OHEEE A—/L
THEAF L=

FEBAE RAC I AL, BEhEREECRIR B EEBEOBE TE A
DFENRKEL2BIEE, BHRTHRICELER A Loz,

2. EESR
RATO IR & R RRBES oD I WAHE S <, BT
TWRIATS AR Y FOHEFE[E. Palumbo 17152, HATCREY], 023
DBDOTE MR DHEEE[M. A-Ghossein 18]72E DAFIEA G2 A
DI, =R R B O @ FEARFIC, 5k
e LTI IMERR Z HEE T~ D2 LT, HEVRFISN TR,

3. T—Atvk
ARZBRELUZFIETIIUL TOT —2% 5.
o FEHENL—MRFEES
o KT IL~VAHT —H

T RN TIE—F — RV — MR BT DB R R s 5 r
7L TERELTRY, WoLZIZ, EOXH7en—NCRBEd S
T EDENAIENTES, Zoul % AW TE RS E o —
—ZHH 5. LA R T DRTIVORIE DT, RT /L~
ARF — R E NG, BIFEHIEVRT L E L aA R 5780
FE SRR TR BB I s TNV,

4. BEFE

4.1 RHRELDI—F—DHH

RN O/ —MRFZT S O RS 275 1o D FREER BRAS.
ZZHEREA] km BENTA0EE T 5, RIERESEIO
TE L RAK 100km LA LU, ZOREEELL FRBET5F0E, o
A—/VORUE H LD A TR LTz —F —DHLai RN
’pgra—F—REEL T,

42 FEETHA—NIALTUYDER

L7258 o — - — 23— M R IS E L7 555 #hg
N, RT N~ AL T —ZNSL A AR T AR A E IEL,
PLF DX A— N ar T oV T 5.

BRICICETITHOE

IERRALOHOE

EBRFVYYRIWIF YT YAKRTIL - b—b A /’

VRFILR - u“““
410 &

2014F12ARMWY Za—7)L | KRR | HEBRH | h7 1 &F1ZY ﬁ /

TPEREEREEGS D, |BOATDHRORTLRT A EHLOE
To HRNE BRI ABTHI0N,

7 m“l.HEEEJ\ZLf:)‘—JI/:zI/'T“‘/“/

if:VH%VF“féﬂ<?/vti, B HUITHR ES NG T LD
P& 10km LAPNIZAFELEL, BEBEO TV WEE U=, AR L 72 A— /L 1T
:L~—47‘ PI—NEBR LT3 A, UIFE A~ H _Mnénéio
BELT E R B — T — O D A—/LEUE FTOUR

& FRIORT.

L= R%O S RERBHL—Y B A-LEERLEE

=
R /EIE D S LaxvF¥3
BEIEREE HH BT ERE %

2. A—VEME TR
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5. MREEFER

51 A—)LECEHER
3 HREIA—LVOEREEAT 1225, TNENLL T DIk
Rlipotz,
7% 1. A— VB HRER

BAfER  EEHM REHR Uy TR

12/6 | 10 AR 77,065 134(0.17%)  20(14.9%)
12/8 | 10 Hf# 53,235 106(0.20%)  15(14.2%)
/19 | 10 AR 44,112 108(0.24%)  19(17.6%)

LI, A—/LEEME L TS B ANIC FRIICE ST
=P —F A= NVEE IR DOH > T —P — L Ble T 0%+
T AENEAET 10 BMEL7-0T, #hEN 12/6~12/15, 12/8
~12/17, 1/19~1/28 OB, A=A 77 L TFHITES
e — — DO N E T HIEICRERHL T)D. TR OFEIN
DEAENL, 27V 78095 CVR(E A=V ar b —R) e
1/19 (AL T, ®45%E% 200km LA FBET 52 FEDO—Y
—ZEEL7-OTERUEEIIF - TOAR, THI% D CVR &b
g HLm ELTWAZEN R THGLA.

52 FHIE->t-a—HF—DBREL-EH

THNCE o Tma—VF —OBEEEREE ER BT 2FTO
A~ 7 AU 0% KR

0-250 ey 12198 1063 573

100000

250-500 (IelorEYY 20927 1986 855 521 10
75000

500-750116756 11420 303

distance

- 50000
750-1000 4320 24
25000
1000-1250 138

020 20140 40°60 60°80 80-100 100-120 140-160 220-240
None-days_before

3. FfE e —Y—

040

032

0.24

0-2501 0.013 0.0164 0.0941

250-500 0.015 0.0191 0.0504 0.117 [eEFEN

500-750 1 0.0179 0.0263

distance

016
750-100010.0463

-0.08
1000-1250 ¢ 0.725

020 20440 40-60 60-80 80-100 100-120 140-160 220-240
None-days_before

4. BIE LT — =T 2 PRI ——

el A3Me] B AT IAR SR U T2, et 23R EhRREE, HPN OB
DEEREIRL TG, — L 727217 T, BEIIEREE BRI 8)
THHECTOMPRVNEEFHIT DA REMNE FHIENR T
Bns.

6. BEEFELED
6.1 £

REEORE R, BENEEEA OBIEE THICE S TTRENMEA
FAMEAIH T, BT 40-60 H BNV —MAREI T2
Z—F—TIZZE DM AP 2 H TIY, Fe/IMEE B TR
14 f5bDENHD (K 4 IR FHEHET T, iR B EFE
BB H EFTOENPRKEIVIEEFHINTEAD3 U ME
[ BCHN-. K7 ANINCRSE, 10 £% - 1000 {50
ZERHTWAZENHERTES. S ENTRITEEDN D 22020
—HEZIEE 2200, FIEA L CHIRBRORE R A H T<5
OTIF RV ERBDND. S RIOERELEIC, KOFIEMICE
AFERENELL WAL —F — (LT, BB EwRE RS
DBIENTEDIAHITIpo T

W N7~ ULERFL QU —F ~DRF R DS, BEfE
2—FADFHFRIVBZN BN T Z LD/ D7, 4 Bl
T—HERHATHZEIED, MUV F L — AL a A
R R OB FA MR C& . Bl —F o a0t
FEFITENATT ENZ D, A ROFEFREF AL C, EECHmE
HafE b 3528 T, SOICHIMRBEBEIC) —F TE5H L
NTIRBEBEZHND.

— 5T, BRI g — — 2+ 2720 FH L7
WENTIEY BRKETH2—F =03 b £<, 1 »HLUEXD
BFRETHZ—F —DEITZIUTE LT, LDELDOIBTER
TRIATE ERAUTFRE IR 21018, BERENTT T
DT =2 & HNTHRINTIUNENDS. FIZI1E, RITHNE
BN SR T 2D130— N2 7L, B BSHUE D OB
ENEDOTERENSTERREMED E. NS TR R 7 U5
AT 2L CWOBDZERHBIITE UL, V—FEREL T
SEGLBTERZR AT HE AT 22N TELEZ 2 DIA.

Flea—Y—~OT7Ta—F, SEA LI TEE N
7208, THZH A= L HME S TR, D A— L2 U R C
Wi —Y =L T ETDHEZZLND. TRICE T
— P —DEMBEE TS, 40 LI EDOZ—P —5390%
PLEZ ED T ATIATER T VOSBRI RB DO
TLAZDFERRDIE LIV, RN O — — |
IR T D OEAEITIE TR N2, BEREPZEAE A
—VEFIAL TEBLTY—F R TR ATREMEZ RIB L T
5. FRNOBEE, 77U web T/L— Mk SR U T-FE 515
AR E L IARTHENST2RD T O TN, & THZ—F—
WZUTNVEALTIEFRE JRITOND. 5RITIA—NLSNOT T a
—F HIERLT BN LN OF —ZIE B BRETL TO&Z0.
6.2 #Eim

BENEERE, K OB TS EBRICBE T2 ColMIicE
H 322 & CIBERI A TE 2 IR 22 L CE, EMYI7ZRE TR
TEMERMITDHIET, BOHEE TN EOVHIBALT-.

ZOHRELEIC, —E R OE#EE TR, JVBIR7e
TP ~DT T —F R D.

SE Xk

[E.Palumbo 17] E.Palumbo, and G. Rizzo, "Predicting Your Next
Stop-over from Location-based Social Network Data with
Recurrent Neural Networks", pp.1-8, RecTour 2017 (2017).

[M. A-Ghossein 18] M. A-Ghossein, T. Abdessalem, and A. Barre,
"Exploiting Contextual and External Data For Hotel
Recommendation", pp.323-328, UMAP'18 (2018)
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Official document simplification using neural machine translation approach

Furl i <!

Takumi Maruyama

R B BANTRL R R A

A FIoE =1

Kazuhide Yamamoto

R T TS

Electrical, Electronics and Information Engineering, Nagaoka University of Technology

Official documents are documents distributed at public facilities such as city halls, hospitals and schools. These
documents contain a lot of important information for living. However, they are difficult for non-native speakers
because they contain difficult vocabulary and expressions. Therefore, official documents must be simplified. We
try to simplify official document using machine translation approach. We use a parallel corpus of the original and
three kinds of simplified ones including literal translation, free translation and summary. They are rewritten by 40
Japanese teachers. We adapt several methods for low-resource machine translation such as pre-trained embeddings
and sharing encoder, decoder and output embeddings (tied-embeddings). The result shows that Transformer can
simplify official document using pre-trained embeddings and tied-embeddings in spite of low resource. Performance
improvement using several methods of low resource machine translation shows that Transformer can improve
performance more than other methods by extending training data.

1. FL®IC

WAE, 72 SADHEADRHAZHNT NS, T ORULLER
T 2,800 AN IZDIESD, F72, HAIEGHNEAIX 232 A
N2 ThHy, BioMEacH s, ZokS RO~ H
AHBIZBWTIE, HAFECHBRIELEI NS Z 2 0%, iR
RO AN 2 ik, TR TOAEANC L TENEN
DORFETHEREEA D Z L THEH, HFIZIZL K DEFEIE
ET 5720, EEMZIIAARETH S, 2D XS RSFEDHER
WS M Z RS 2 72D DFMIR O —FB & U T, ¥4,
[PILUVWHARRE] WHOEZXAWNEHINTWS, T IT,
X UWHARRE] &k, iAo siiidosz VT,
HAGEIZAENZAEANZE DR DTS LZHAGEDOZ & %
69, F7/z. ERIEGEMIEFRO2ERE TR, HAREDSH
EADS L, HEAZHMRETE L ANOELE L DS, B2 HARGE
ZHFCTE D NDEGDNL N EWESINTE Y FHH 10,
HEE L D AR HARGEDO FBMENIZIZEZD D P TN &R
HohTwa,

AW TIE, ARCEENRE TS, ARCEL X, #i%Ar
Xkt FREO AL CHAINEXETHY, I 5D
XHEHIFEGT 5 LTHEEREHREZZ < EATVWS, LU, H
AFER PR DT B30T, HR R RER > AR SCE I B
TREBEDREAL G A, HEVNNEETH 5720, L1 BE
BXETHD, Fxld, BHREBEEEDQWIEOHARGEEZ F
FEER. R, TR 3BHED [P X U WHAGE cEsfix /-
LEDE A=A U, BWEIERNZR T 7a—FI12 kb, SCHAL
DG L% AM D,

2. BhEMRE

AT AEORMY LT, B5OWEND B, 512K
D& S BREMIHE> T, ARLEOFGLEFT 7 [4 13],

MG S SLLhE, RSB RFR DR R IR L E

B, iR T EERET 1603-1, maruyama@jnlp.org
*1 https://www.jnto.go.jp/jpn/statistics/visitor_trends
*2 https://www.e-stat.go.jp

. EHIR DAl
2. JExAb

—_

3. BRHEM % AW MR A DZE
4. [PIUWVWHARGE] ~DZ

ATV T 1INEATY 73 ETONMIZ L > T, XOREE
AR T UEDOLIZ, HODPREEEL S TEE %2 HW T,
FEEMNI PG E T o TWD, ERYATFLOHE TH
ARFELUTHDELI ] & [RILE] LWHBUNTAFIZED
I U A, AR P S U EESMA L Z 2 izi3RIL
T, HIH U E L — L 2 HEEIG S T\ D720, SUEN
RO XEREZ R CTERVEERSE VI EAREINTY
5, Flo, EHENRBANZWILR %17 o 72158 [Moku 12] T
. AL — L OBEDNS <, R LTOMRRHE D
BoNBEP->-Z ENREINTVWS,

— T, MH S HEHIBREIRR EZ LT EE T3
S UWHAGE] AL 20158217 > T2 [IRH 09], BLEU
2 X ARG TIE, 20 A ¥ b E{RWVEICH £ o 7285 &
oty Filo. FECEFEXH S EERNL L AL TELLE
o7z BaEil, 2 U CTHMRIERIC X 2RISR D 3 22 AF
T, LI RE, 23R - BHERGR D, 328k L. © 3
BRIZFHII L 728 25, S RBE AR e S N7 BIERAE R I
T5%& D, TDIBLDIFEAENRRB LD K S kWA
ThHolzZ e HEINTVWSE, ZOMHEHE LT, fala—%
ADPIPNT & X NRSCERA OFLE R HEIRRTD /) 1 AT
BoTWAIEEREHMLTWS, F/z, BEUNZ KA1 V2
ETDHZ L& oT, MEERENTE 2 AREMEIC DOV TH AR
S5NTWVW5A,

FEMCBHER D 2 15 T 1%, AR BEMRBIER D PERE & 12 2 2 iz
kA5 = 2 — FOUVEEMEIER 2R E T T\ % [Bahdanau 14,
Luong 15, Gehring 17, Vaswani 17|, 4, 7F X hES1L
ZBWTH, =a— VBRI 2 F\\N 2 7 710 — F DI A
FHINTH Y [Maruyama 17, Nisioi 17, Zhang 17, Surya 18,
Zhao 18], BEFOREHHIBMEIRZ XR— 2L LZET VLD



3Rin2-41

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

H, BWVES MR L TWVWE, —a—FIVERE R—
AL UETINTIE, FHIZKEOT —XPBELRDEH, T
FAMEGAD D DRI RI =22 HET L 2 1F
KA TR,

ARWZETIE, =2 — T VBB D € TV RRSLED -5
fLEWS ZEGFENPDENWR AZIZENT, EOFEEME % F
HTE2002HREIT 5,

3. F—¥%tvhk

AFETIE, BESPRAUZEGa— A [£13] LFUL
LD (LT, TAKXEHEEHmZ a— 2] IPER) 2 FHT
Ly ZHE RELWVWHAGE o7ayzs hTHEKEIN:D
DTH Y. 40 O HARGELAIS, HAPHREE. FRED
A TRAA I N D A EE2 X LWHARGE] IcE S
Z72HDTHD, ZTOA—NRALELTH DN E 1,101
XEF LT ZOFGER, MR, BN WD 3 BREOWREE
OHRI—NATH D, TNETNOREROALEN T IEFFED
WY TH D,

o ZFBER: HARGE X DOHHRAFER P 2P I L WRBIZ, &
X T-HD,

KIUTHEEWZ 2L D,
ZH8: THEARR Y XEFEHSM Lz D,

TS N D SEHAE [FE 08] & [HHAFERERAER 2 8k (B
WERIZB 1T 5 N2) LNV DFEEDOAIHIRE TS, a—
NZZBTB PT LW OFRMETHAGEHRMO EBITH 5,
BRIEROH % LATIZR T,

o BX: —a—AFETHEINTE Y T &5z, AN
WZFRL (BK) 1 v IV ORI AEIE N TV ET,

o BFER: —a— AR IZeHD L5z, P THE
VINZUFDOFRAITPLNEENTNET,

o BiR: T, —a—ATHEH Y TIH, G THALS
VNI UM TWNET,

o By X T, R THE S VTN UYRHMITHET.

LEOHITIE, BT LT 3 FEEOBFSCAEIET 55N,
LBAIZE > TR, IR 20Tl < e ehk 2 HlbRd 2
LTS, TDD, B BFHER - il - oz hE
NOXEIFZBTLE —BHULBRW, AI—"2038L X
F. fERER 1ITRT,

# 1. AEF SR a2 DHkEHE

] | By [ @R | ER EE
S 35,861 35,809 32,841 27,588
SR 25.32 28.55 26.20 24.74
FEEREN 14,848 11,337 10,243 9,259

Output
Probabilities

Add & Norm

Multi-Head
Attention

Add & Norm

Masked
Multi-Head
Attention

& J - J
(" Word Embedding ] Word Embedding |

Add & Norm

Multi-Head
Attention

+ +
L Positional Embedding L Positional Embedding )

1 1

Input Output

1: Transformer

4. EBRAE

Slalik, BEMERIERE TV ERIH L. B0 S ZaER - B
DXFALDEWEAA D, Bx I EAW LIS HZ 02— X2
. FET—X 34,000 X, BAFET —X 1,000 X, FHliT — X
861 XD EHIZHNELz, INHDF—XEZHWT, BIRE
T (4180 2L —=v2L, ETLOHIEREZ BLEU,
SARI(4.2 i) 1= & b #ilid 5,

4.1 Transformer

AR TIE, BIERET VL LT, Vaswani 5H2EL T
% Transformer % f\ % [Vaswani 17], €7 VORISR %X 1
12”9, Transformer @ encoder(X 1 M) 1%, multi-head
self-attention & Feed Forward Neural Network THK & 1
5/@% LA LI Z#K e > TWwWa, multi-head self-
attention 1, WITHE > T, HIEDRENIRE e ) 2 SEEN
RIE es) ZERT S,

€,y = Za?:qn’c,l)e(s’,l—l) (1)
aivty = ale ;e -1y, H) (2)

ZZT ol l& LEHE. 8 AT v 7O attention distri-
bution Z&EIKT %, a(-) % multi-head self-attention %9 [
B, H 3~y FEEERT 5, —J. decoder(B 1 4) 13,
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encoder & [AIff7BEREIZIN A, encoder D HJIIZX T % atten-
tion HERENFEIET 5, 1 B¢H D multi-head attention T,
encoder & FRIZIRAUZHE - TRAVIRE d(,,) 23R T 5,

dis,n) (3)

> ol nde

a(d(s’,l)> d(s’,l—l)a H)

enc
Q(st,1)

(4)

2 B¢ H ® multi-head attention Tl&. encoder ®HJJ & FiE
@ multi-head attention (2 & ZFRIVIREER S, IRAUIZ LD, X
Hm’\ﬁ ]\ 2 C(s,l) % :d'%:j_éo

()

Cs.0)

dec2
(s’ 1)€(s”,1—-1)
Sl

a(d(sr 1), €y, H)

(6)

ZDETIVIE, RNERIE P =1logP(0|1,0) % iKkitd 5 &
SIZhb—=vZENG, TIT, ORESX TIRES 0
WETNDNRTA—=REZRERT 5,

IVI—KeTA—KXOHEGEMDIAARETIE, FHFAD
HiZE N2 MV nwic2vec[{& 17](pre-emb.) Z A5, 7z,
IV aA—XOHEFEMDAA L T I — XD AN O HFEH DA
A EILAET B (tied-emb.), ETIVDNA IS—=3F A — K F,
Zhao & DFFEIZMN, Ty I—KeTa—K%& A8, ThT
NOT7TTrya vEO~y N2 5. Fry 77D b% 0.3
IZERE LTV, £/, FHFEMHOIAANEDIRTTIE, nwic2vec
IZHHE, 200REE LTW5,

4.2 FHEAE

TRANEGATIE, — BN, BRERE, 5
D3 DOOBUIDSETIVOHIMEREZFUGT 2, 22T, i
e 1k, HABLUCIELWXEZHATETWE 225
FMERETH D, FERGEE 2. S (BTFIVICXTT B AN
X) L BTN U XDEERN =T 208 D %l 55T
MRETHB, Fiz. EHI LI, BIHHPATIIHR, ¥
OREMBIZR > TWE P2 RTIHMIRETHD, oz
HE)CRMiid % fivke LT, BLEU & SARI[Xu 16] 23\ 5
ns,

BLEU & i, BEEIER O CIA < W S 23l RET
HO., TFAPEGITBNTIE, RIS & Bk IC B L
TIEDQHERH 2 Z LAFSNTWS [Vu 18],

SARI %, LRI N EHLOFHETEIETH O, T
(LTI 2 HEEDEN, Hikk, R0 3 DOHIEICEITS
n-gram @ precision & recall TH 5, ZDOREI, EH1
TAREUWD 2 EWYNTHE U BRI, BWA3T 25 2 5
ALIRoTWD, BEMIZIE, ET DRSO AFET
5%%%£mbﬁﬁ PEMEFET D HEETOT EH
71 () U858, SRR WEGERHIBR U 25670 2ic
F%W\XET%:%z%o —FH. ANMXEZDFEFFHNTBH L%
ETIIH U TERFILT 4 DGR 6N5 L DITBR T
%, FEBRFHEL Y. SARI AAABOT5 X 0¥l & X < H
BHH5ZLE2RELTWS [Xu 16, Vu 18],

enc
Qs

5. EREER
ST & FRERAN DL O & R A D E MO R %

# 212R7, Origin l&. HXE2ZDEFHI LERORET
H5, NTS I&. Nisiol 5D =2 — T )VEMEIRIZ L 5T F 2

NEGILETIVTH D, NA =T A—=R%, HfFHE L[
PRIZEREL T WD, 72720, HEEHDIAAE L, nwjc2vec D

POtBUZ EHE T, 200 RIGITHEL TWD
#* 2. EBRER
Jg_ﬂﬂﬂ IIE!;'.:\ER

BLEU SARI BLEU  SARI
Original 34.24 16.65 28.14 14.17
NTS 36.49 46.47 29.46 41.85
+ pre-emb. 34.60 45.17 28.87 41.31
+ tied-emb. 34.85 44.94 29.69 41.38
Transformer 33.88 45.94 18.61 35.56
+ pre-emb. 34.52 46.01 24.65 39.90
+ tied-emb. 41.89  48.43 29.41 41.63

FEEER L D, NTS, Transformer £% 5%, Original % E
1% BLEU, SARI 28k L CH b, fGE2HESL DD, 5
fECETVBZeDnnd, NTS OFRICEHT 2 &, &3
RADZEH, FIRANDOEHBRE L SOBEITEWTH, ZHFEA
@iﬁu’\“ﬁ FVOER (NTS + pre-emb.) T Y I — X DH

FEDIAA L T A= XD AN OHFEDIAAE DA (NTS
+ tied-emb.) 2477 >T%H. BLEU ® SARI D[ LiZH £
BRI N 30D, — T, Transformer DFERIZE
HI2:, TNODLRPRESHRERLT VWD Z LD
%, BT, HFE ii&b;z\_&)gw L4 (Transformer + tied-emb.)
DOFRIT K E L, BEERIZBWTIE, £ D £ O Transformer
IZHX, BLEU’ESO‘J‘\’f/}‘ SARI % 2.5 "1 > A £ X
HTW3d, EIIBWTIE, BLEU # 11 K1 > b, SARI %
6.1 "1V MEHEIETVWE, 5 DFERIE Transformer
IZBWT, ZPTF—R2HEIE2 2 L T S MEREdGEN
WEETHB I LEZRLTWVD,

xeDH

B2 BEANLEEZ NI 2R ATz, /NXE LT
WAL, FREDO AR CRAA I N XETH D, i
G932 L CHEHEREREZZSHEATVWS, UL, HAGEY
FHEDPFEET BT, HER 2GR A ST B B [
BORUWEEA, BENPHNETH D720, Fo BT H
Th b,

AW TIE, 40 £ D HARFEAI SN E D HAGE
BEEIR, BN, T 3RO TP X UWHAZE) oz
ebDaEI—NAE L, BRI 2T 7o —F12 kb, G
NDEGACEAT T2 ETo. FEPADHEGENT FILOFEH
XLy IA—XOHFEMDIAAL T2 — ﬂ@l&ﬁ®$ﬁ@bﬁ
AEDOLEZITN, ETNVAUTHEET —XORRERD
ATz,

FEgL e LT, Transformer IZZEEFEADHGEN T ML TV
I— X OYFEMHDIAA L T 3 — XD AH S0 HEEH DA A F
OHEZFATEZLICXD, NN PET -2 TH-TH
BUNSEGTED Z 8 2R LTz, FEFEART MVPHEE
HOAAEDOILEFIZ X 2 MREREIL, Transformer (2B WT,
FRT—ZDPFRIZE > TI SR DUENARETH D Z & %2R
LTWb, S8k, 85— ORI 2RISR ZEE &
Wo 72 FEEMG L TWEZ W,
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Neural Error Detection for Weather Forecast Manuscript by Pseudo Error Corpus

PRV

Naruhisa Shirai

TSR U

Tokyo Metropolitan Univercity

AT IE fii *2

Masatsugu Hangyo

INHT

Mamoru Komachi

Aty o —=a2—-X
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In this paper, we propose a neural method for detecting errors in Japanese weather forecast manuscripts. First,
we analyze errors in weather forecasts to understand how native Japanese mistake. According to our analysis, we
found native Japanese tend to cause errors in three types: particle error, conversion error and typo. in this paper,
we focus on particle and conversion errors. However, any corpora written by native Japanese are not large enough
for supervised learning. Therefore we use pseudo error corpus to augment training data. We generate pseudo
particle errors by confusion matrix and we also generate pseudo conversion errors by back transliteration. As a
result, we find pseudo corpus is effective for neural error detection for text written by native Japanese.

1. ELC®HIC

RLAFHERIE W AF TR T WS D, 4D
EEALTVWBIGEDRDH D, TNH DR IINFHT A ENIKIET
LRENRDD. BEINSDEVIIAFTOLEF v 7Y
TABRNIZRIEINTWAD, ZOKEIZIZREZRT A MDD
o TW5.

HAGERIEEN SRR L 2T F A b OHEL Y MH 2475
12, TERANMIBRONRT ) T—=aryINTWDEI—8AN
DT, BiH O FEOFEE LB LIIWNHTH D, £
72, HARGEZEENTZB U 2T F A MILEARTHE D%,
T2 TR MFEFIA TR 2 AlRENED D 0 F R EH DO a— X2 %Y
WZZDE EMHATSE I LAWY TH D L HEZX 5. RNN S5l
ETIVEHAWZEY O AR (9] TIE, RERRIIEFICH
S HAFERFEEE OO MBS LW Z L RE I TV 5.

ZITRZIFETHOMEAZNT 27200 =2 —=a2—
2 DRGTFWFER I — A% Wz, TDa—"AL 24
DORLGFTHERD D 0, Hatni O e & ML OFEREART
127> TWVWA 70, BUIHRIEI—NA L ART I ENTE
5. EBRIZEENTWmENMZOXENZH 1 1TRYT. 20
A= RNAEFANZ O OFER, 10 ORI ITFEL, B
D, RABD3IDIZHHFTEDZ LD D57z

Z DDA ZHEN B 0 B AN AT RE AR AL & BEER Y
IZEHLZENS DM ZITS> Z 2127z, LL, TNSE2H
fiidd D DFEEHNTHRHET 2127/ F—varyEntnd
T = RBDDIN, T THRLIINERET — X TOHGH D F
BIZAMTHEZ LD hoTVBEM I —ISA [4] Ta—X
ABRPFET DI, BEELD ZEK L 7.

BELLER D O EBIE B OB D LA OB Th
TR U, BIEOBREE 0 ZBIL TIE, BIiE I & 12i 0 (tE
M %& 98U, ZOMERIZHE > THAh % /8 D BN 238 0 &
U7z, BZ8HUZBI L TR U7 3 — S AR CHZER; T4
Bk LT\ B EIG RSN, HEEE2 O OHEEIZEHL T
B 2 AR U 2.

KR DENIIUTD 2 DOTH 5.

o KATHERDMO MDD A=A ZS5H LT

A& G FHE F2A, shirai-naruhisa@ed.tmu.ac.jp
x1  https://weathernews.jp

MY BEEN B CER

-+ 30

S RITEESBOR v XY LRVE,
EZNENDIEEDORBBNDTIER T SV,
AELBDARLSTHAVEL RV ET,

b ¥

SAREERDOR vy XY LRVWE,

BREHN DI EASROOTIEEF SV,
HELPDRITHLVEI RV ET,

B BEENRVCES
WA
AR SBWRAREDHEE £,

BLBEDARERH 2D TREDOHEL LA a—T « T=YRREE5TT,

W) DEEAK « EEFEK - THEKFICTERET I,
£33
ABE~5BbWRPRVRE ET,

WL EDARERH DD TREDDESLL A va—h - T—YRRIZH T,

IO - BRFAK - EROKFICTHERET SV,

1: MREERTE D XCEN DOHI. FHEBHIIRE S NI TH 5.

o HLLER D AERIZ & B 3 — S ADIEAE A H AEREEFZ A

HRUZTFFAPDZa—F VBV BREICELUCERT
HBHZeERUE

BENT 3R

HAZERGESEDN LR U Z2T F A MDY TIEDOHZEE L
T, FfNS I n-gram 2 FH\WTERY Z2#H L, 5TIES 2
FIEERE L2 5. £7z, RS IESCEHIN ORI 5L —)IL
EHEERL, V= R—2AT, HREOIFMD 2L
WIET 2 FERBRELZ 8. IN6 2 DDOFHEIEIH L LHL
, HAERESE TR UZTF A M2RHRIILTWT, K
WZFER S OIFFE & 3R D IZE H Uz s TFhx Offfgs & il
T35, —HBLZOMETIEHRD D FEE2H TV,

7, HAEZEEENIRUZTF A MOHT 2 HHETE
DR BIELED SNT WS, SR 5 IXHARGEEEH M B
EREEZ R TWI & 2ERL, ToEZ, BhE2 23V
DHZETF— TN EHVEZLIZE > TEBIET 2 FEERELE
M. 7, SRS I/NEBOMY 7 — 29 S TR % B
U, I=RAEIA L. ZOMRITBIEIZER U7z, #HEl
RO BB U TTRA LIRS B 0Y, Hx OREFIETIIE
TR L, BEARLNRE LTWT, ) ORIDOAT
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STIER LW, £/, 5K 5I1ZETEIC CRF 2 HWT WA
AWF5E Tl Bi-LSTM % W7z RNN % fifi 5 7=,

KA S 1L, FEF¥E SNS TH S Lang-8 2 & HIT 7 % #
HUIa—RN22ERL, TOa—"2%2H, XFEATOE
FE, XE-HERTOBED - DOFHEEERLE (6. 5
PHRE LU 72 FIEE, #EHHUBMEIERE 7V % AW T D 2 E1E
TRLDTHD. RAOPEE 3 — N AEER L 7= cHET
28, Fx OREFETIHBLELY 24K L Ta— S ADHEH
ZRo>TWS. 7z, AL TIE RNN 2 HNTW5.

3. BEBERY 3—/XXDIERK

B2FHWED D FEETHITED VT = NZAEHRT S
72T, BEERY A= NAZMER U 7o BEHEERD 3 —/NANIZ
BENDHELGERD L, BIFER D LA TR 5 IR TR
U7z, SR BIGER D 13 FERIC R T AR O — S A Tifio
T B 2 HITER D AR U 7z, RO B RZ8 H3OR S T iU R
D= RAUTEEND LB OEG TILD R, & A S T
U7z, F72, T o ORI TTOBEE % ARG IT U 71T
HEHL, TORFELELDLOIZEBRT LI L THEKRLE

3.1 KRR FHETRORYERAIHT

MY O E ST B OICARETIEY 2 —=a—X
HORLKTWER I — R AD &2 To72. TOIA—I3 AT
2014 fE ¥ 2015 ED 2 FEN D RLKFWEF D, FHERTD
CHRESDXENVP AN SN T WS, FN 5 DXEN ORBUL
100,931 XfCTH 5.

INSDXERIB I BMEDNEIL, IEEY 7 & DIRIE
72 THL, FRANBPREZ KELEESBIZ L0
HEND. FNSEHRIT B720IT, HENIRDSCER O T
BN COMREIEED 1 DAL 5 AR O s 2l Uz, AiF
WCEHT =R L THW 2014 DT — X 2RI &
N7 EF I 2,575 7T, SOFEIE 7,765 S o7, 7z
KETHWEFNIC 5 XFUATOXAEZTNT WS Al herEIxJE
WM WEE 2, AR R U 72 SRR S T T S
WEEDEDIZEEZN TRV EHE L 7.

ZD%, HAZREEMNT Y 25 A JUMANT.0*? 2T
X% R U, fREERREE % W 7 B E T AR Hi
TT7 794 AV ML, BREDBEEGBIVZORLYDE
EFNDXE AT CTHERL, RBIZRDTHD LB L-HDD
TRIERTROILREF # FUsk LT L7z, ZTOMEFEMED TR EL
I3V TR, BIERRY, ZARD I DIIHFETED I WY
Moz,

3.2 RYUYITHFEI—/1RZADERK
BAIHLARIZUTHY TH D LW Lz BEE iy /57—
varvENEL, ¥EF—22 L Ta—N2A&ER L. #Y
W27 75— a v 5T A8, ROV —IIZEDIET ) 5—
YavEMELE., FROL—IIIEIET ) F—Yaviaft
59 54%X 2 (2R,

B fRERTOHEE L RSO M E B L TINS5
B, TOHRFHIIY X T 2NE

XDORRIL MEFTO AL L TOWIRWEHIZFEE & b
BHERIZIRD & 7 25

RF LA OHEZ YIRS D & XKL T 256 T DHGEIC

MY 2T EfE

*2  http://nlp.ist.i.kyoto-u.ac.jp/index.php? JUMAN

B

AT . DI KD & Mo TEHE R &2 HAIC LT KEIN,
HEE : ZEDITKD B BoTEFIE MK &2 HEIC LTLEIN,
pAY N AA

WMEN BN THLRFIEICRDZZIE N HY FREH X HLRIC,
WER BN THLRFIEICRDZZE N DD FREH X HLRIC,
AT

WEM S DAH O IIH O WEEEN HY 408 ~

WER S0 0 @ HEHIROTREERS DY ETN ~

ik

WEA:SBEEENY FTHBRAL HY 9,
WER S EZE B FTTRBREDL Y T,

X 2: W= IVIZHEDWT R T EMG Ul TR O §EEIZE
VDRI EMNET S, HFESDITREROXHIZHE T 58
FEIZT 94 AV MRS TWBHIEDHTH 5728, EEEOX
TlX2R\W. F7z, WENOXFIZET 5 1 B U THER
DOXHIZBIFBEBDHEEENT 51 AV M EI->TWEI5EE,
I H IR WHGED AZ T LT\ 5.

* 1. FH - B - AT — X OFE

G ik FEAf
AR 90 5 2
BlEER Y 76 5 6
XA R 190 8 20
LD DRI 356 18 28
FRsCE 7,765 X 3,842 3 2,971 X

BT MWERTOSUZH S PMZHEENP AR L TWEEHE, AU
T2 L BONDMEOEBLDREICD 2 7 &

FEIZEY LA WHEEEIM > TWRWEDE LTHMEY X 7%
5 U7z

7z, FEHCIFIEAMOFIETHI VY /F—varIn
TWEFAMTF—XEHER L2, fHEAIZ, 2014 FEDF— X
T3 < 2015 EOTF— R AERNKIZ U2 Z &, LM 1 DA
ESUTOXENTIERL 0L E 5 BLFDXER 2 W2
&, 5 LTS et oy s, FHIPRHIIC X 53¢
HEOWAEDRD 2 72DIZHKH ZLIZ 200 32T VX A
BTV T U2 THD. TOFRME 2,400 XERND S5
6,813 XDT /) TF—a fEDTF—REEB L. X 5ITE
WU7Za—nR"2%2&Hh5 100 53>, &t 1,200 5328
BT —REFHIIT — R RE Lz, 8T — X, BT — X,
AT — 23D OFEMEE O, B ER 1ITRT

3.3 BERYZEUXDERK

ARG CTIEAEER L 72 3 — S ADNRIETH D Z & h o,
INBRRED T — S ZATEFAD BT E B & D BHUAIZER D 21
B U 72, AR TIERAZA L & BRI D % WU HER D % ARk
U, ¥B8F—RZOIF%1T>.

HEEEDTR U 72T F A b O3 0 D4 IE— %Y
ICHEBICH o 72 & 5 R0 DEREI S TIbRS [4]. LaL,
FEFEBRIZE > TARI—NAZB VTR IDOFERZHEVEH
THRWIZ R holz. £IT, A% TIE32ETER L
D—NADF o T BEEN & HIT, —ROAE &2 W THIH T2
TOREBDO L EZHSED Z L THRIZEED 24 U 7.
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orig+pp-+conv B 7S 1.38 50.0
M 0.29 37.5
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2.2 THFRMEREL
A, Web FF A M &R Y UzT ¥ A MNESLTEDEK
eI NT WS [7, 8, 9. 7F X MEBULDOFETIE, A
T DFRFFRN L FERB %2 T AR T 5 IERIRALIT A

TR R R = Y



3Rin2-43

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

THZELEHMNELTWA. RIIZETIX, SEF it iTIEX
A0 %, G osan R ORI D & FEEENADE L WRGLIZE
e 27 A MEFMLOMEE LTEAS.
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BALZAW, AR TIE, AFIZ & BREEMELIT, #EIZ
GRG0 L Z DT IEBRORILDORT F— 2 A3 129 &
FNnbd.

Wz, W& S—+t 7 v v & W TRz A HEEY &



3Rin2-43

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

F 1. AR COERCTHWZ I — S AR

] il
SCE 9,724 4,490
UD€ 4,213 2,068
WIEER (A aais ) 113,993 55,265
BGER (BERIL) 112,699 54,896

EBIRT 2 HIEIZDOWTHHT 5. AWETIE, HEEH W &
BiLSTM 12 £ 2 %M 5 ~VH YV 25l U, SR 0 AR T
INRAEH W 2 RDZMEEE XD, ZOMBEIRXRD LS
IZEANETE B,

W = arg max w - f({)
LEL(W,Y)

ZIT, Le L(W,Y) ¥, AJIHFES W & BILSTM 2 &%
FHSAUFH Y IC DRI NAERET T A (&7 —FiF
HEE) THB. w- f(0) X, BANY ML w EEEAZ ML
f(0) DNREEES. BERINE w - f(0) DIEIZ L7z T
Wans.

FEE, FHT—ZOBEKI L bi-gram EEEH WS, Z
T, BEEIUOHEESNEERT S &SRR, M
fbX= 7 ha BT BEARY ML w OHEEEITS. IF
[T — 2O w- f(£) DS, EMUADOEDELDHREL L
3L W kDB,

HANY MV w OHEENE, FEb =1 7 o sk
DWTHTS. b=k T b v Tld, EfETH 5 HERS
W M5 N N HOXBEZ SN & &, BHIEDNRT A —
Rt IZHISWT—X OB W kD, B LI DRFH
Y B B34 EANTA—Z 't 2 FiRoORZEOE
5.
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U, f(0) RIEMRIIDSBONLEETHY, f(0)IF
NRIA=R w' LORDERIIDPSBONEHEETHS. B L
BIEDNS A — RIZEDWTHH NI BOlfRATEM L — 8T
LHEITIIN T A= RDEF 27D\, BRI, XE LD
UMD TP U ZEANT A —RZ2EHT 5. YLD
RO T VBT XD, HERMAYTIERITS.

sy H P a ks
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*1  http://taku910.github.io/mecab/
%2 https://unidic.ninjal.ac.jp/
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Construction of a Diagnosis Representation Model of Person with Dementia Based on
ConceptNet for Deeper Understanding of Physical and Mental Conditions
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This paper describes construction of a diagnosis representation model of person with dementia based on Con-
ceptNet to understand physical and mental conditions deeper. We constructed diagnosis knowledge of treatable
dementia using ontology, as many of it remain tacit knowledge for familiar persons. The result of analyzing learners’
diagnosis shows that our knowledge structure are useful to evaluate diagnosis by learner and represent diagnosis
skills. Furthermore, the result suggest that practice of learning environment lead to understanding learning process
on the basis of learner’s diagnosis knowledge and improving accumulated knowledge structures.
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Evaluation and Analysis of design for life environment with a high regard for self- reliance
based on the representation of a self of people with dementia
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This paper describes the evaluation of design for life environment with a high regard for self-reliance based on the
representation of a self of people with dementia. We have structured care records in a care home where is pioneering efforts to
support people with dementia, and constructed a model of personality expression. The personality expression tree makes it
possible to see the connection of the life data and to compare and analyze the record of each facility. The result shows that the
tree was possible to objectively evaluate the record of the facility, and learning with tree introduction is effective for reforming
the consciousness of care practitioners toward self-reliance support.
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Development of Electroencephalogram brain-machine interface using convolutional neural network
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Brain-machine interface (BMI) is a system that manipulates machines directly from the brain activity data. Convolutional

Neural Network (CNN) which enables end-to-end learning allows extracting information from brain activity [Antoniades
2016][Bashivan 2016]. In the previous study [Schirrmeister 2017], CNN was used to predict four kinds of motor imagery of
right arm, left arm, foot and rest from electroencephalogram (EEG) data. In this study, we measured EEG when an individual
performed reaching movements with his right arm. We propose a BMI system by using CNN that can classify four directions

of reaching motion of the right arm from EEG data with about 78% accuracy.

1. [IL®IZ

TUAv o= A B—T A Z (BMI) |3 TS B 2 AT
BIET, RS ERE, a8 a— 20 T A5 Th
%. FEZEAZ2 4 (EEG) OB AE AU RZ i IS Il (IMRT)
IZ X2 ClE, & Ha Y a— 2l E o — v D
FAE[Wolpaw 1991]1°Hif D E[Choi 2012]% AIHEIC 5
FRFEDM TN COD. AR TN 2 & T IR B O 5 o 7=
WIZ end-to-end FE M A[HETHDE A= 2—T )L Fv R T
—7 (Convolutional Neural Network : CNN) Z AN =AFZEH3 T
DTV 5[ Antoniades 2016][Bashivan 2016].

SeATAFZE[Schirrmeister 2017]7ClE CNN Z W CTMIE DA
Jg, ZElE, SEOEEEFL L ARD 4 FEEAK 90%DFEETF
MLz, LoL, 22 oEEEE Clriigo7el BRpY 2
BT > TNDDIT TIHARW D, PO FEM/EE) 2 /5T
EXY el NG EvAAN

AWFFETI, FECY—F 7 AT 7RO I 2 5 HHl
L, CNN ZHW\T, Hlio 4 FREEOEE 25T HI L2 A HE
\29% BMI 2% LT-.

2. RERAE

2.1 HERE

24 DREEERATFIZ D B (23 %) WNEBRICBINL 7= 5%
(L, FANCER GBS OB AT, EEICTERSM
DIFEEST.

22 ERRIE

1 DIINZT Y =% (EB-W420, EPSON) |2k~ CEEIZ Y
—ABA%E/ 7 1 (Unity, Unity Technologies) CYERL7=T /34—
T LT BRI ZOT NE—T — LOMIEE T aA AT 17
(T.Flight Stick X, THRUSTMASTER) (2 X0l s, wibrs
T NG =7 =25 G CHEAET H28TC, V—F U ViR EAT
ofc. HERE LI, EARICHEAES, AoOFE 0K
NZLT=.

WG SE RS, BITR AR R AR LA ER, 1)1
JINETHZ AKX A = 1-1-1, E-mail: ce181021@meiji.ac.jp

FEERREE AT A LI Lo TAELAEBRE DO EEOFL
TNE—T — LDOIEBDIRIEIL, NAAE —R A7 (EX-F1,
CASIO) THIELIZEZAK) 200ms TH-o7=.

F7=, EEG OFHHIIT gtec ##D g USBamp # AW T, LLF
DOFMTITo7.

o ML 60ch
(Fp1,Fpz,Fp2,AF7,AF3,AF4,AF8,F7,F5,F3 F1,Fz F2,F4,F
6,F8,FT7,FC5,FC3,FC1,FCzFC2,FC4,FC6,FT8,T7,C5,C3,
C1,Cz,C2,C4,C6,T8,TP7,CP5,CP3,CP1,CPz,CP2,CP4,CP6
,TP8,P7,P5,P3,P1,PzP2,P4,P6,P8,PO7,PO3,POzPO4,POS
,01,02,02)

o [REE : 4ch (FE A DTEE A ERLSY)

o LT ULTEEEEL - 1200 Hz

o HHHIMIE /L7 : 0.5-100 Hz

i
1 EBREFR

2.3 EFIRE

| FIATNAOFNER 2 (R WRE DT RS —T —
LA 12em DR—ARI v ay FICELZEThIAT LD
BRIRE LT, N—ART v ar OEIIEEIEICT, B 12
cm D DH—7yNIR—ZRT v ar O ENGHIE A A
® 20 cm BENTBFTICHIBLES T2, X—47 D 4 @Y OAL
[& (front, back, left, right) (374 A IS E 7=, EhRPIX
LG T o —T — N DR RSV, F e, AT e
SN IITHBRE IR R R L2, EBR T 2 By ar w217
W, Byt ar NIzl 8 2O aviinbotz. EnNENOT
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Ty 7 ClE 150 MIAT VDI UT=. fERE 121X, TXH720T
L, BRI —F o 7 EB AT IO BOR LT, 7B HaiC
171255 (150 M7AT V) DR %1772,
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for 1000mMs . = = = -
base position appear

maintain target for 1000ms motion

target appear
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trial start for 400 to 1000ms ~ == === === =======.
2 1 MAT7 DN
3. fRMT
3.1 AL

B LTI 7 — 22k LT, 1Hz O Ese@mis 7 1 V2 &0
I}, 250Hz £ THE UYL TV T EAToT2. 1 By ar o
AT D RT-100pV ~+100pV DOFEPHZH# 2 HHE 7 — 2 )8
50% LA E & F 45 MR (Subjectl: F6,T8,P08,01,02,02,
Subject2: T8,PO3) ZfFHT DRI LT, X —7 Y RN R RIS
0.5 Rl BHFE A 3.25 B (Subject2 1L 32 ) £TH 1 AT
NEUMI T — 5 %4572, -100pV~+100pV E7-1%-60dB~
40dB D#THEAB 2 DI T — 2 % G T T A T IV EFR O T4,
Jisdite 7 — 2 G EAVDIRFE RSy & B 43 A BV BRL T2 oD 1A
SRR T AT o7,

Subject2 Dfid 7 — 2 X RERERR O R RIZEY, Byiar 1
E205,6,7, 87w IDT —HIZIAARNEL G FI N7
b, FEFTBERIN LT, 2SO T f#AT 7 R THD
EEGLAB (v14.1.2) TfT~7-.

32 ART—EDER

"AT NZ LN EIS VI M T — 22k L, ikt
I UT=FESE O 7L (front, back, left, right) 211572, 1 k747
VG DR T — AR 2 ), AFARIR 0.04 FTHEIT5
ZET 1L NTIAT VBT 44 i (Subject2 1 43 {8) ORI T —#
AERRL, AT —HELT. 1 AT VB0 44 [HE-IT 43
DA TTT —ZBERRENDN, ZNENDT DN TIE
DEITDRONTAT M RSN T~V ERICHLOEF L
e AT —=FOF A X ZMREM AT v 7 ¥ X BT,
Subjectl 1% 500X 53, Subject2 I% 500 X 58 Th 7.

T, W7 — 2B T — 4, MEET — %, TANT —XD
30128 1: 1 THEILE.

3.3 CNN IZ&BEFARDEETIL

SEATAFZE[Schirrmeister 2017]0DF T /L& LI 2545 i
DOEF 7 0% T H720121K 3 DEH72 CNN 2 REFE O
T — AU —27 T TensorFlow % AW TIERL7-.

CNN (E UL, HfgT — 2L THWOILTND A, ARIF5E
TIEAN T —HE LU TRERFIE & Vo, s, Mikzy
= —7 Ly NEWRZR E ORI R EARTIZ L - C, miffe L TF
BHIHZELATRETHDN, FH I EDFHEEN 1| DOEMIC
OISy, A TLED. ZTOTDARMIZETIE, Mk 2k
RYNE B OARAETHE T DL TRHE R T 2D S8 7.

I3 1 X RER FIE A FF 15 5T, TN O E D WAt
BIRIFRIC L > TR ZSNAZERIIC IR A D EE ORI E i
BOEITEET 5L EENTY VD[ Nunez 2006]. BRIASZE R
BI721E b DI O RS E S 2 D128, 5 1 B H CEMI L

(i 7 — 2 AR T BN B RIA AT, BB OF SR
BB RIAT IO T IV ERRE L. F, TRTOE
AT B DL A — 2B TRy P TR A+ 528 Tl
FHEEMHILZ. ZEORKERBOY 7~y 7 AREHKIZL-T
AT =213 A FIEOEE OV EE T,
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2 491
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=
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4. fER

TANT =2 AN LTEEEZOREITHER 4 1R T.
Subjectl & Subject2 D HEIEEITZ AL 77.90%E 56.73% T
ol (Fro AL ~ULE 25%) .

AFEBAERLY, (ERR LT Mk T B4 D 4
TEHEDEBN A TR THI T8%D L) BV VKB T TE AL
D3yhoTz. Subject2 DIYFENREEEDS Subject] [ZEE, 20%FR{K
LTpoTD. ZIUT/ARIZEN BT =2 O3 L E T —
HAE R TERD T2, PALPEREDMEL g TLES T2 EE
ZHiD.

= 1749 136 82 366 £ 453 8 48 59
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3 . 2
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true label true label

(a) Subjectl (b) Subject2

4 TANT —X ANSIREOIRAITH

5. F&H

OYEEREFE DR 78% & e TAFSE[Schirrmeister 2017]0 90%&
FEARYKL e o TODD, AT TiThoni= A, Zeli, 2o
EERNER I ENZ I, MO —RGEBEF, A KO—RIETH BT,
SHTASE T OO — YRS B 7 & MO IR B pEk 2N 720 5. i
HARABFFFE AT 2T A B DY — T2 7B B 1L/ i D — R E E)
O TOIETTHY, FOPOEMFER T 4 FEEOMED) Oy
AR Z DB DSTT20, FEEN TR TLESTZEB XD
N5, £z, 1| FIAT DI TE—F Y NIT NE—T — L%
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Evaluation of Automatic Monitoring of Instillation Adherence Using Eye Dropper Bottle Sensor and
Deep Learning in Patients with Glaucoma
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Purpose: We developed and evaluated an eye dropper bottle sensor system comprising motion sensor with automatic motion
waveform analysis using deep learning (DL) to accurately measure adherence of patients with antiglaucoma ophthalmic
solution therapy. Results: The developed eye bottle sensor detected all 60 instillation events (100%). Mean difference between
patient and eye bottle sensor recorded time was 1 & 1.22 (range; 0-3) min. Additionally, mean instillation movement duration
was 16.1 + 14.4 (range; 4-43) s. Two-way ANOVA revealed a significant difference in instillation movement duration among
patients (P < 0.001) and across days (P < 0.001). Conclusion: The eye dropper bottle sensor system developed by us can be
used for automatic monitoring of instillation adherence in patients with glaucoma.

1. 38

TN BRI 8 T AWBEHERIS L, 4F % Z ORI
Z AT TD, SN BRI R R B O = FEARFUR O JF R0
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A B (conv2d 1~conv2d 5)& . I MEAL IS (ReLU %
F)& pooling i (max pooling2d 1~max pooling2d 4)% @Y, -
81t (Flatten)D LFEZ % T, FDH%IC2HE 4 8 (dense 1. dense
2)k, EDORINT 10%D =45 E LT- Dropout ALFR4- /T
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Learning &7 /L COMHTIRFRAD R H L7, fEAa B a—r—
I< MacBook Pro(Retina,13-inch,Early 2015), M2 E & eGFX
Breakway Box(eGPU Expansion System)[GPU-350W-TB3Z]&
NVIDIA GeForce & L7z,

3. #ER

B 20 4 ORI L OMERNCOWTIEE LITRT, Fo, &
# 20 44D MD fHDOFL) (R 2) D3 AT HRIE-8.5(7.48) 7 2%
JVTCEIRIE-6.9(6.55)T >~ LT -7z, DL mliRHEET L
NERIREHES NI T — 213 60 B Th -7z, K BEITE
B SR T — 2 O sUIRIEZ & B 2 REs IR O 72D
(EEE(R75)1(1.22) 53 (e K 3 53~ J/Ih 0 53) Tl Tz, 4 [ROH:
HARRTHELHE (<5 23 LIN) 12 T A =RIT 100% THY,
FEBED SR A R 72 B B B CE 7, 3 60 fHD AR
B ERE ] O B OB REER 2228 16.1(14.41D)F (K 43
W~k 4 B) Thote, SIRBIERHIL— ol #0555y
Wz TRARI CH B ZERH -7, (ANOVA P<0.0001)

4, B

B2, Fa BB AIREE Y — 2 AT LR RN RE
B 20 4L, 3 BB OAIRIRILE 100% 1EHMEZ B @ik
HT DR LTz, 20T —ZOfFFTREIL 1 2N TH
o7, TT, B PHEICES T, IR A F B E eI
FETEHLNRIIE R D, e ERLEEOTReT T AL
H e RS ICIXFEEAEFIRIN 2K sMUIRE A S I T2 o
12, BIRZ L T D ERET DM B H 06 THD, 5) EHIT
SR T WA B B UG CE2.00%, KRR~ i o FREE
MENZEZRIBRL TS,

A, RIRENMERER V)T 2 O INDERY Z i E Tl
DI LN A A 5 2 LT B L, il AR TF ol
IR RN ER DD AR LIz, S EOF —X T, &
DOI-HP S NRIERT 1Z . 8 A Nol4 D 43 5 Tdh0 ., F/INEfH A No3
D 4R TIH o7, 940 B DZEIL 2 i LA Lo sSHIRSC IEREIZ AR
Wi A2 ENR R 8 AR B EIT O OE R HH L
NPEEIND, BEORE T, MIBFHEOMEN T NeTZ
VARBEOERIZ 2o TWA LRSI TS, AR ED {EREH
EWVIHILWEEED, PR OUER SISO f 70D &R
FEIEZ TN,

AEIOREN 3 HH LW Th D m03 . FEROMRT
BOEBDSMNER R THD, HIFINELRDZET, HRI72 1
HENFELRT LD, BESADV AT LORNE I M7
DAHEMEMNER E TE2, SBIT, A OmMETHE 1 O SR
TORGTTHY, ARG FHE I L TEDRREE S AT A0
IS TEDMITONTHA B OB N LETHD, AREE
2D BIRE OFEMZR TS 4 EHIAT > TR, 7272,
=D MIZ O W TEEER B ICH OO NS KEAEPES
N TODIEIARDER S E O TED S RIC YW TE AR
f1-C 1000 FFEETHD,

HEHFN AN Sl B 72 8 O A S U= [ERE K 80%
RSNz ESN W5, SEilEEILED T —~v Th ol
PRBE R O REIC T LT, BRI R AER A OREIT/NEL
RORTETHD, B — AT DO ERLIE, TREeT
TV AL FIZO2 M0 | OW T ERE ORI 5
FREME A FF o TS,
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4 [AlFk % 1L, Deep learning & AR —2H0 A G E LT
ETL AR A BB A IEME IR TED VAT LA B L
o SHRDHHFE ., METEEAT, EHAEZBRRL THERZL,
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UE—h PPG 15 5 (2L DMHERR ] 5l

Sleep/wake classification using remote PPG signals

9% ! ST G PRI U
Yawen Zhang Masanori Tsujikawa Yoshifumi Onishi

“! Department of Electronic & Computer Engineering, Hong Kong University of Science and Technology

*2 Biometrics Research Laboratories, NEC Corporation

This paper proposes a remote sleep/wake classification method by combining vision-based heart rate (HR) estimation and

convolutional neural network (CNN). Instead of directly inputting the estimated HR to CNN, we input remote PPG

(Photoplethysmogram) signals filtered by a dynamic HR filter, which can overcome two main problems: low temporal

resolution of estimated HR; much noise exists in the estimated remote PPG signals. Evaluation results show that the dynamic

HR filter works more effectively compared to the static one, which helps improve AUC (area under the curve) index of the

classification to 0.70, as good as the performance (0.71) of HR from a wearable sensor.

1. LI

AR AHE B O MEAR 5 B 51 72 & R AR T o E #&AkiE,
P97 DVAZE R, JERH, fhiRd, LR oREE=2U 7
R, ~NIVAT T EDIG A OO IESHTWA. IRGHE
EFEEL L, EWERMY VAR T2 FESH AT EFR A
THFEDNGHLN, FTHEBG LRI L2 ig OB &4 H vy
DFEE, IEEAAR GV TN RS, E @B ICIRK A
JECT&5[Oliveira 2018, Tsujikawa 2018]. LAsL, £ DFEiTE
ZPHCTWODARIL (FIREE) Tl IRV ESTLEY &
WO DY, FEEIZE VDO, HELTWDZHR20
HEBITEZR,

PARR I THIEAR R EE A H B T&ED FikEL T, LERX
(Electrocardiogram : ECG) 5 50t & 204 F IR ik 50 8% 1
( Photoplethysmogram: PPG) {5 54 H W2 FEN & 2
[Aktaruzzaman 2015, Ye 2016, Scherz 2017, Malik 2018]. ECG
55X PPG 18 505, i L= L f1 OB (Interbeat interval:
IBI) D ZFIME S L, IBI Ok Th 5 0H1 2K (Heart
rate: HR) <°, IBI @ If [ 28 ) T 5 041 4 B (Heart rate
variability: HRV) Z0Hr L C, BRHR R EEZ HIB1 35, Lo
Fh X3 BRI IVHIEIS I CTRY, RFE I A BRI,
MR H 1 R A AT AR S S I 72 D728, TR FR AR H X
DB ST [Somers 1993]. F D72, WEAR /5 EEH] 5]
IZB W, DIEDEIE 4389 HR =° HRV |3 8722 A F2A0E
LI TV,

UT4E, HR % HRV 2R H T 5720 Ok & & 0o fF 52 IS
FTHRIEELT, #in @SN Ve—h) Va5
TFIEOMFEN A TdhD. SCHk[Rahman 2015] 1%, Ky 7' o—L
—2 ChHiH L72 HR ERFIREL, (RE A VT, IERZ 2o
TEDLVAT LERELTND. TOVAT ALY, BIEEIC
MEAR, T A H R CEDEHE S TWAD. LL, Al oo g
BPBIRREHETE T B AT LEDEEDT-0OIZIE, VE—hE
Y ELTHATERIATHIENEELY.

FEIE D HR ZHEE 5L, ETE3mAassh
TV 5[Wang 2018, Utkarsh 2018]. ZALi, EHOBEEEIZIED

SHEE FHELB OB S THES<HEE FED “REICKBISND,

JEAG S L, NEC 23 A4 AR 7 A6 27T,

tujikawa@cb.jp.nec.com

HIE DORFIENEA THD. HAT THRZT-EOEE NS PPG
{575 (VE—h PPG 15 75) A LI=1%, @7 —V =254t (Fast
Fourier Transform: FET) 72 & OB W55 M4 VT, HR 24t
TET 5. DR BN TODT=8, /T — R EWE
Bz HR K&+ 5. RSIE, JEIE T O 208 ICA 23
HXO HR Lot A&7, ——M OB 7 HR
(Instantaneous HR: THR) D Z8 L% mkE FE I ZHE 2 D2 E M N 7
FRCHD. T, BOWER AT STl 3R 803, o
FEHDOEEETHELDLRER /AR ND -0 THD.
HR OZELIX HRV OEHIZBWTEETHY, 20 HRV IE
REER R B D BRI D — > ThAb. LIZA-TC, VT
—h B PELTHATERIALC, IR, 259 2B 0
FREEE, VE—hk PPG {5 5705 THR DI, J7abb I i i
B E D HR 5% @R IS 3528 Th 5.

FRROFBEICKT LT, BRI O HR 1 A & TV E—
FPPGAE T L HMEMR,/ RER A B AR R T 5. BHOBEEOE
T, FEDZEAICEVET D RE R /A X THG LT, R A7
D HR HEHAH 572012, KRR E D HR D4y
At RSB GEFF LT 7 ANV 25 DT /AR BRET 5.
JARBREHDOVE—b PPG 15 51%, T8 CORHhHZBET
LI, B IAIH =2 —F )L x> T —2Z (Convolutional
neural network: CNN) [ZE#EA S L, BER R EEZHB]5 5.
QB TIREEATEMICR AL, 35T, MER R FEH 3 o 274l
FBRIZB W THREIEOF AR~ T.

2. BEIRREEHIAIE

2.1 fEEE

1 1Z3CHk[Malik 2018] TIRESIVTOAIEROMER, /H
BB FIEORE R A~ T, A2 ThD ECG B9
5 ECG 3524 C, Mg L= LORkE IBI2H HL, o
HThDHIHR & UL FOXTHE T 5.

IHR(i) = 60/IBI(i) (1)
72721, IHR(i) %% H @ IHR THAZIE bpm(beat per minute),
IBIG) L% H @ IBI CHALIZR ThHH. IHRO) L AR CH
YTV T LTERERIVE B DT80, #li I ALELIZ L& kg <Y
7V 7 LT HR ORFRINE 5 a2, —EORHETX
Yo7~ HR OWFRFIE 5% CNN IZAF1T5. HR 5 5Bl
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iR AR CEDIDNTFE L7e CNN 12X, Bzl AT
37z HR G ISkt U TR /R EE O JIBIRE A 1 )35,

SC Rk [Malik 2018] Tld, — 2D AT —4 X —2x0
DREAMS Subject Database!, @UCDSADBz%)ﬂb\T FEL
7' T A OHBIREEEZFEML 0D, OIZx$2% AUC (Area
under the curve) 723 0.81, @IZ%9"% AUC 73 0.72 THIBI Al HE
WESN TV,

EROMREICB T EEFEM Y LHE L HR
(Wearable HR) %, 7 AZ7>5H H L7~ HR (Camera HR) [J & &
Wz ok, WORENRHD. ERIEEIE, Camera HR O RF[E fi#{%
FEDNMEWZ L TdhD. Camera HR 13X, —EDOHEE R E 41557
&ba W, IBI IVEWIFRIZ T PPG 15 52 85 oL C

Hjéhé. HO—ODOMBEIL, JARITERK T HEERZETH
5. WHEICHLIA 9 DR RIETIE, @V RERIALE O HR 1%
& e PPG 18 BICIRIELTZ /AR 7 4 V2 TEREL, £
& CNNIIZA ST HZ LT ERRO —>ORMEE R T 5.

2.2 *E?R/

B 2 1, 4229 HMER RERHB Ao E T, Eh
1%, CHR[Utkarsh 2018] > Camera HR H£ 1€ ¥ & SC ik [Malik
2018] Tl &N 72 CNN LA B bE-TETHL. £0D
Camera HR #EE{E T M FIEE L CEREE I HR Z2H#HEET
XHLHESN TN, FT7, FERIETIII AT TS LB
%736 PPG 15 5 (Camera PPG) A filiH{9°%. IRIC, Camera PPG

735 Camera HR Z#HEEL, Camera HR OfEIZFE-SWCEIAYIC
it L7274 /1% (Dynamic Camera-HR filter) C Camera PPG |Z
GENDIARERETD. /A XBREH% D Camera PPG #[X 3
2R3 CNN I AJJL, REHR R ERA #5935, LT, Camera
PPG 25 D /A XD FREFNAL CHR[Malik 2018]0> CNN &
DET IAREDENZOWTI AT 5. ZOMIZBELTIE, X
MR[Utkarsh 2018]&[Malik 2018] &2 FRL TAKL .

Dynamic Camera-HR filter |, Camera-PPG (25 F415 /A X

ZERETHILET, HR HRE BT/ R ASAT L ZTHD.

ZiuE Camera HR ZHWTEREISND. —ERFMZEND HR
MWIEBR S LREL, ZD¥E) 2, R EZcET D
&, ut30DHFMHIZ 9.T%DEREEND. BES I O
Dynamic Camera-HR filter D77 b A7 JEPEE D FIRL, (D& E

BEHD(I)%M(I)EJ([)%)EHb\-—C{k@io T

L (I) ﬂ(l) 30(1) H (I) ﬂ(”;sa(n (2)

EWEH 1 ?EEUL_ HR TR U TR R/ SZT L ZD R
& ERRA B _nﬁﬁﬁ“é. O FRE ERZHWT, 2IRDAH
T — ANV RIRAT A NA iR it 5.

Dynamic Camera-HR filter D% A RFET H728, IREEDFE
fETHWSEE F — %> (DREAMS) O HR 58 baEL
T2 B 72 R /R A7 ¢ )L (Static HR filter) & LHE#3-5. Static
HR filter (23 TlE, FFRLs = 0.53Hz, [:fRHs = 1.75Hz T
HD. ENLOMEIFR TR L.

LS - min[Lwake: sleep] HS = maX[HwakerHsleep] (3)
HUwake=30wake Usleep—30sleep

Lwake - 60 leeep 603 (4)
_ HMwaket30wake __ Hsleept30sicep

Hwake - 60 ) Hsleep T (5)

7220, Uwake Elsieep'E, TNENTFE T — 2B W THREER
REFIZ IXHEARIR BB L T~ LA HT SN IEZ] O HR O, [RlBR
(ZO0wake EOsieep [ IFEHERAETHD. TNHEHNWT, HHLRRE
(28155 HR OB D TR Lyare & EPRH  qre, TERRAEIZES

1 http://www.tcts.fpms.ac.be/~devuyst/Databases/DatabaseSubjects

2.

ECG
sensor

ECG
signal

IHR

calculation SLEEP/WAKE

S ot o

ECG: Electrocardiogram, IHR: Instantaneous heart rate, CNN: Convolutional neural network

X1 PR DIENR / FEREH T35 DR A

Remote Dynamic
PPG signal HR filter

estimation

SLEEP/WAKE

PPG: Photoplethysmogram
HR: Heart rate
CNN: Convolutional neural network

2 RS DM / TR ) T D FAL

‘ Input H Convolution Block x 4 H 20-Dense x 2 H Output ‘
(a) Structure of CNN

4—{ (10,16,1)-Convolutional layer H (10,16,2)-Convolutional layer }ﬁ

(b) Structure of Convolution Block

3 (@) PPGIE 5 & A1 T 2860 1 IkoC CNN DIERE. m-
Dense (X m / — FOEFEGHE. O)H—OBIAT 7 v 7 OIS,
(f k, s)-convolution |7 4 VX4 f, I—F NP A Xk, ANTA
R s DEIAKE.

2.0
mpExamples
Lot ] e ——
- LA XY ’_‘_"
‘e b o, .
.;.1.5 . . 84000°898000000008500000088
I
> Qeee, ©99°000000000%00,
Q o 090 0o T
§1.0 090 "2090‘: 0000 0‘“’ .N“o“
g 6000 o°°°°°°° Bandwidth for
L 05 Frreee T ° Static HR filter
8 Dynamic Wearable-HR filter
{ Dynamic Camera-HR filter
0.0 -
530 535 540 545 550 555 560 565 570

1-minute-segment sample number

X4 Static HR filter & Dynamic HR filter ¢ &3 $5 k.
1.0 (a) Weara;ble-PPG signals without filter
AN
I e
0 50 100 150 200 250 300 350 400 450
1.0 (b) Camera-PPG signals without filter
O e
_4:;" 0'00 50 100 150 200 250 300 350 400 450
EL 1.0 (c) Camera-PPG signals with static HR filter
i A
c va Wwww/l -4t
ﬁ 0'00 100 150 200 250 300 350 400 450
g 10 (d) Camera PPG sngnals wnth dynamic Camera-HR filter
g AVH%W\/ HV\] \f“ & M \f\ LVW \\ WW
0'00 100 150 200 250 300 350 400 450
1. (e) Camera PPG signals with dynamic Wearable-HR filter
N st
O'00 50 100 150 200 250 300 350 400 450
Sample number
[X]5 Static HR filter & Dynamic HR filter ? i 3.

T2 TR Lgteep & EMRHgpeep 2 L, I /ML B30 & e K AELT
LY, Static HR filter © FHRLgE FIRH AR L.

4Z Static HR filter & Dynamic HR filter 0 J& i Stk &
Bl d %, Ll 7-%, Dynamic HR filter |3, Wearable HR 7>
%t L7z Dynamic Wearable-HR filter & Dynamic Camera-HR
filter ® _FliZ7~9". —FliD> Dynamic HR filter o J& 5 5wk x

2 https://physionet.org/pn3/ucddb
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B Wearable sensor =&

HR (Reference)

- Camera -

El

E3

PPG with filter

X6 ZOOFHMORMR. ELFFM 1, E2:FFM 2, E3:RFM 3.

Sample images

Camera 1
L Yot

Wearable
sensor Camera 2
Subject
17 MREA 7 — & DIk
#1 RPN U o 7 — 2
# of Recording
Dataset subjects length Contents
DREAMS ~8hours/pe
Subjects 7 healthy P .
Database-+ subjects rson, Wearable sensor:
Train DREAMS 12 19182 1- PPG signals, ECG
Patients patients in. signals.
Database segments
Data ;jr(l)mln/p " | Wearable sensor:
Validate | collected by 2 healthy 1581 1- PPG signals, IBI
subjects .
ourselves min. . .
segments Camera: face videos
1.0 1.0
0.9 / 0.9 e
0.8 . A
g ,/ z 0F o7
& 07 iy é 0.7
2 06 - £ 06
8 - g 7
2 0.5 2 0.5
T 0.4 3 04
§ % o~ /';5,/ {— 4.00Hz (AUC=0.71)
g 0.3 E 0.3 / - — 2.00Hz (AUC=0.63)
= 0.2 / "o y f— 1.00Hz (AUC=0.58)
01 Wearable-HR (AUC=0.71) 01 |— 0.50Hz (AUC=0.51)
Camera-HR (AUC=0.58) = 0.25Hz (AUC=0.57)

0.0
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

.0
0.0 0.1 0.2 0.3 0.4 0.50.6 0.7 0.80.9 1.0

False positive rate (FPR) False positive rate (FPR)

8 ROC 1 —7"; 9
Wearable HR vs Camera HR. Wearable HR [T
(0.25/0.5/1/2/4 Hz)DiE\

Static HR filter &FE#EL TV Y. ARURAE (HEHR,/FERER) 12 J6H 0
T HR OGARNERRDT20, ZOSARISCTEIMIZR T2
ZETREEECEHE A 22D . 2O R AR OSMNAFAET
DIAREERET DD, AP Dynamic HR filter D 5 53
JARDFRFERENEL /2%, 52, Dynamic Wearable-HR filter
D J5 7 Dynamic Camera-HR filter IV J& I 450 18 23 Sk v,
Dynamic Camera-HR filter O J&# #0513 HR OHEERR 2=
GENDDTHD. LnL, £<DH4A 12 Dynamic Camera-HR
filter O J& I #5180 Dynamic Wearable-HR filter D #1ek% 5;
ATEY, JARBRERITS DN, HRIEHRITFAE KK Ligw .
512, K4 O#EFEF =561 O Camera PPG (2L T, (b)/
ARBRET A NVZELOEA, (c) Static HR filter ZHNT 72354,

ROCiJ 7

U http!//www.tcts.fpms.ac.be/~devuyst/Databases/DatabaseSubjects

T % RIS

(d) Dynamic Camera-HR filter ®¥5%, (e) Dynamic Wearable—
HR filter DEEEFIRT S, 728, 2EOD, (QITITEEER
& CH7- PPG {5 %5 (Wearable PPG) Z7~. (b)&(c)bdi%
SDIAZXPEENDA, (d)&(e)i Dynamic HR filter (2XW HR
IEHATEL DD AR RESNL TS,

JAREFER D Camera PPG %#[X| 3 (Z7k79° CNN IZAJJLT
HERR, R 519 5. X 31273 CNN O3S Ek[Malik
2018]DET IARIEIAHED . F DT T /UARIE (XHEAR R LA B
W EE72 HRV Z IS BICHI TE 26 0 Th S, SCHk[Malik
2018]EDFENE, AP AREN—F NP ARE 2 T LT85
DHTHD. U, [A%D HR E#H%EETrL01Z, HR O R
FIE BRI T, PPGEBOH TV 7L — R 2 fFIZEREL
72728 Toh D, HRICEH T D15 HEIXFL Tho720, PPGE+
I AZPE ENRT AT, SCHk[Malik 2018] &[R4 D 5 T
AR, HER 2 H B CEDEESND.

3. HEHR.~REEHI 7T

§{£®ﬁ)‘ﬁ l\i;’c{fﬁﬁwu j—ZDﬁ_ , CNN A@)\jj%f
ﬂ%ﬂﬁ/ﬁ@@#l RIS RAZxT T2 AUC A bl L7z, ,EJZISE'J
i, LT =20 lE41T5Z & T, CHk[Malik 2018] D
Wearable HR % A U786 (BE1E) 12X 95, Camera PPG
%i’lj]bt H (=% /ﬁ)@ﬁxﬁ PEZ R LT, & FHMC otk
FRERIH| iZ}ﬂ]VCTT@DT%é
FEli1: Wearable HR vs Camera HR
=HR ORFEIfFGEDRSHRIE THLHZ L
FEAi2: HR vs PPG {5+
SPPG & T @R R RO HR FRE G2l
SPPG B HMN/AREE I, ZINMEIZ/2HZ L
FEM3: PPG {5 B ~D /A RXBRET 42 D
=Dynamic HR filter {210 /A XFREIATRE/RZ L
=Camera PPG THIEAR, /T EEH B 23 AT s/ Z &
WEREM 1 ~3DOBIRK THD. T, X 6 DIRRFID
LEiglz LY, Camera PPG ($2%815) T, Wearable HR (T£3614)
L [RIERE B CRERR TR BB 3 FTRR e 2 L2 i 975,

3.1 FH@ICAWN T4

£ 1S, BHMICHW 28 7 — 2 EGE T — 2T
7 —41%, ABT —% (DREAMS Subject Database! & DREAMS
Patient Databasez)fJ DIBIRLIZEF 19 £ ThDH. b
Wearable HR & Wearable PPG Difij J7 735 £5. Wearable HR
BHO7=HO ECG 15 5L Wearable PPG DAV F L DY
V7 L—NZE 200Hz Th-o7z. 1557 XEIND 19182 o7 b
IH R (Positive) 23 4239 H-2 7L, IR (Negative) 73 14942
YT THoT-.

RAET —21%, Fox DIREEL. X 7 1RT IO, HaEH
t 9 (Empatica £ E4) & £ F OB &AL D72 D
TOD AT (640 X480 HiFE, 30fps) & A, IUEIXREEE
Eﬁﬂ&@:o@x%w‘/“%éﬁﬁ. TREAT—C, KR X

DA~ — T A EF AU, BEIRAT — PO L LT
nﬁiﬂﬁﬁ/}?%ﬁ%‘: 10 73 [T o7, ZDH%D 40 3 FINEIR AT
—UThD. BB, TR IFEILE RDOIREZ L, MERAT
— VBB %b\TEEU (et A2y tRY = i F A EIE 2 Byt
MEAR D SEHIRFRIT 12.3 47, BEMER 7213 6.6 0 Tho7z. 147K
o 1581 ‘H‘/7/D@9‘ﬁ)ﬁ@§(Posmve) A 898 B IL, [
R (Negative) 2% 683 Y27 /L Ch-7=.

2 http://www.tcts.fpms.ac.be/~devuyst/Databases/DatabasePatients

-3
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3.2 £Lffi1:Wearable HR vs Camera HR

CNN ~D A 1L T, Wearable HR & Camera HR # i
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%%. F7z, Dynamic HR filter |% Static HR filter 0|51 55 FE D
WFEHEINEL, (a)&(b)D i S5 T, Wearable HR ¢ AUC=0.71
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4. FED
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Biomarker discovery from gene expression data of mixed tumor samples

b BT

Katsuhiko Murakami

s s e T
FUJITSU LABORATORIES LTD.

To diagnose the state of tissues from cancer patients, utilization and discovery of biomarker with high discrimination
accuracy is important. It is difficult to determine biomarkers that can cleanly separate cancer and normal tissues when normal
tissues are mixed at the time of collecting a cancer sample. The purpose of the study is to provide method to discover biomarkers
or characteristics of tissues with high accuracy for distinguishing between cancer tissues and non-cancer tissues. By utilizing a

parameter A, which indicates purity and status of each sample, highly accurate biomarker discovery became possible.
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