
©The Japanese Society for Artificial Intelligence 

 Thu. Jun 6, 2019 Interactive Session  JSAI2019

Thu. Jun 6, 2019

Room R

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

Traffic Risk Estimation from On-vehicle Video

by Region-based Spatio-temporal DNN trained

using Comparative Loss

〇Kwong Cheong Ng1, Yuki Murata1, Masayasu

Atsumi1 （1. Dept. of Information Systems Sci.,

Graduate School of Eng., Soka University）

10:30 AM - 12:10 PM

[3Rin2-01]

Bi-directional multimodal generetion via

estimating conditional distribution of latent

variables obtained from pre-trained generative

models

〇Shigeaki Imakiire1, Masanao Ochi1, Junichiro

Mori1, Ichiro Sakata1 （1. University of Tokyo School

of Engineering Department of Technology

Management for Innovation）

10:30 AM - 12:10 PM

[3Rin2-02]

Binarized Variational Information Bottleneck

〇Makoto Kawano1, Yu Oya2, Satoshi Yagi2, Jin

Nakazawa1 （1. Keio University, 2. NTT

Corporation）

10:30 AM - 12:10 PM

[3Rin2-03]

Semi-supervised Domain Adaptation using

Prediction Models in Associated Domains

〇Yasuhiro Sogawa1, Tomoya Sakai1 （1. NEC

Corporation）

10:30 AM - 12:10 PM

[3Rin2-04]

A study on measures in multi-armed bandit

problem with hidden state.

〇Kouhei Kudo1, Takashi Takekawa1 （1. Kogakuin

University）

10:30 AM - 12:10 PM

[3Rin2-05]

An Approach to Unseen Classs Classification

with In-Service Predictors

〇Tomoya Sakai1, Yasuhiro Sogawa1 （1. NEC

Corporation）

10:30 AM - 12:10 PM

[3Rin2-06]

Multi-armed bandit algorithm applicable to

stationary and non-stationary environment

using self-organizing maps

〇Nobuhito Manome1,2, Shuji Shinohara2, Kouta

Suzuki1,2, Kosuke Tomonaga1,2, Shunji Mitsuyoshi2

[3Rin2-07]

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

Engineering, The University of Tokyo）

10:30 AM - 12:10 PM

Learning Interpretable Control Policies with

Decision Trees via the Cross-Entropy Method

〇Yukiko Tanaka1,2, Takuya Hiraoka1,2, Yoshimasa

Tsuruoka2,3 （1. NEC, 2. National Institute of

Advanced Industrial Science and Technology, 3. The

University of Tokyo）

10:30 AM - 12:10 PM

[3Rin2-08]

Development of Embedded System for

Recognizing Kuzushiji by Deep Learning

Masahiro Takeuchi1, 〇Taichi Hayasaka1, Wataru

Ohno1, Yumie Kato2, Kazuaki Yamamoto3, Mamoru

Ishima4, Tetsuya Ishikawa4 （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

[3Rin2-09]

Stochastic Regularization for Residual

Networks: Shake-ResDrop and Shake-SENet

〇Junya Shirahama1, Kazuhiko Kawamoto1 （1.

Chiba University）

10:30 AM - 12:10 PM

[3Rin2-10]

Fairness-aware Edit of Thresholds in a Learned

Decision Tree Using a Mixed Integer

Programming Formulation

〇Kentaro Kanamori1, Hiroki Arimura1 （1. Hokkaido

University）

10:30 AM - 12:10 PM

[3Rin2-11]

Predicting Laughters in Comedy Drama with

Subtitles and Facial Expression

〇Yuta Kayatani1, Mayu Otani2, Chenhui Chu3, Yuta

Nakashima3, Haruo Takemura1 （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

[3Rin2-12]

Application of Aspect-based Sentiment

Analysis using Self-Attention Mechanism to

Japanese Sentences

〇Ryuichi Akai1, Masayasu Atsumi1 （1. Graduate

School of Engineering, Soka University）

10:30 AM - 12:10 PM

[3Rin2-13]

Estimating Emotion Intensities in Japanese

Tweets Using Emotion Intensity Lexicon

[3Rin2-14]
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〇Tatsuki Akahori1, Kohji Dohsaka1, Hidekatsu Ito1,

Masaki Ishii1 （1. Akita Prefectural University）

10:30 AM - 12:10 PM

An Investigation of Effective Features for

Toponym Resolution of Words in Newspaper

Articles

〇Ryo Seki1, Takashi Inui1 （1. University of

Tsukuba）

10:30 AM - 12:10 PM

[3Rin2-15]

Cluster analysis of Twitter Data, using

Interactive Data visualization Tool

〇Shinichiro Wada1 （1. Graduate School of

Sociology, Rikkyo University.）

10:30 AM - 12:10 PM

[3Rin2-16]

Comparative Analysis of the Effect of

Additional Training between Multiple Domains

by Clustering of the Embeddings of Parsing

Errors

〇Takuya Hara1, Takuya Matsuzaki1, Hikaru Yokono2,

Satoshi Sato1 （1. Graduate School of Engineering,

Nagoya University, 2. Fujitsu Laboratories Ltd.）

10:30 AM - 12:10 PM

[3Rin2-17]

Vending Machine Drink Recognition with Deep

Learning for IoT Device.

〇Katsuhiro Araya1, Takayuki Osa2, Shigemitsu

Yamaoka2, Kazuhiko Nishi2, Masayuki Nakao2 （1.

Arkth Inc., 2. University of Tokyo, School of

Engineering）

10:30 AM - 12:10 PM

[3Rin2-18]

Robust Eye Contact Detection for Multi-Party

Conversational Systems

〇Kenjiro Nogawa1, Shinya Fujie2, Tetsunori

Kobayashi1 （1. Waseda University, 2. Chiba

Institute of Technology）

10:30 AM - 12:10 PM

[3Rin2-19]

Succesive estimation of the asteroid shape and

probe motion using sequential images

〇Toma Suzuki1, Takehisa Yairi1, Naoya Takeishi1,

Yuichi Tsuda2, Naoko Ogawa2 （1. The University of

Tokyo, 2. Japan Aerospace Exploration Agency）

10:30 AM - 12:10 PM

[3Rin2-20]

Image-to-image Translation from Apparel Item

Image Placed Flat to Image Put on Using Deep

Neural Networks

Saki Tsumugiwa1, 〇Yoshiaki Kurosawa1, Kazuya

Mera1, Toshiyuki Takezawa1 （1. Hiroshima City

[3Rin2-21]

University）

10:30 AM - 12:10 PM

Noise reduction of live image in scanning

electron microscope

〇Fuminori Uematsu1, Masahiko Takei1, Mitsuyoshi

Yoshida1 （1. JEOL Ltd.）

10:30 AM - 12:10 PM

[3Rin2-22]

Truthful Dynamic Pricing Mechanisms for On-

demand Mobility Services

〇Keiichiro Hayakawa1, Eiji Hato2 （1. Toyota

Central R&D Labs., Inc., 2. The University of Tokyo）

10:30 AM - 12:10 PM

[3Rin2-23]

Multi-agent simulation tool incorporation

group evacuation behavior model

〇Ryusei Ishida1, Masanori Akiyoshi1 （1. Kanagawa

University）

10:30 AM - 12:10 PM

[3Rin2-24]

A study of observation fluctuation reduction

method for ear acoustic authentication

〇Masaki Yasuhara1, Takayuki Arakawa2, Takafumi

Koshinaka2, Shohei Yano1 （1. National Institute of

Technology, Nagaoka College, 2. NEC Corporation）

10:30 AM - 12:10 PM

[3Rin2-25]

New similarity scale to recognize bird calls and

abnormal sounds of concrete/machine

〇Michihiro Jinnai1, Edward James Pedersen2 （1.

Nagoya Women's University, 2. Central Queensland

University, Australia）

10:30 AM - 12:10 PM

[3Rin2-26]

An Investigation of Controllable Neural

Conversation Model with Dialogue Acts

〇Seiya Kawano1, Koichiro Yoshino1,2, Satoshi

Nakamura1 （1. Nara Institute of Science and

Technology, 2. Japan Science and Technology

Agency）

10:30 AM - 12:10 PM

[3Rin2-27]

Improvement of Knowledge Graph Completion

Using Label Characters for Questions to

Acquire Knowledge in Dialog Systems

〇Yuma Fujioka1, Katsuhiko Hayashi1, Mikio

Nakano2, Kazunori Komatani1 （1. The Institute of

Scientific and Industrial Research, Osaka University,

2. Honda Research Institute Japan Co.,Ltd.）

10:30 AM - 12:10 PM

[3Rin2-28]

Acquisition and Utilization of Trivia for

Conversational News Contents Delivery

[3Rin2-29]
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〇Hiroaki Takatsu1, Yoichi Matsuyama1, Hiroshi

Honda2, 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

Generative Adversarial Networks toward

Representation Learning for Image Captions

〇Yuki Abe1, Takuma Seno1, Shoya Matsumori1,

Michita Imai1 （1. Keio University）

10:30 AM - 12:10 PM

[3Rin2-30]

Speech extraction from conversation based on

image-to-image translation using deep neural

networks

〇Kosuke Takaichi1, Yoshio Katagami2, Yoshiaki

Kurosawa1, Kazuya Mera1, Toshiyuki Takezawa1 （1.

Graduate School of Information Sciences Hiroshima

City University, 2. School of Information Sciences

Hiroshima City University）

10:30 AM - 12:10 PM

[3Rin2-31]

An anti-noise performance comparison

between acoustic features in detecting voice

pathology using machine learning

〇Kouta Suzuki1,2, Shuji Shinohara2, Nobuhito

Manome1,2, Kosuke Tomonaga1,2, Shunji Mitsuyoshi2

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

Engineering, The University of Tokyo）

10:30 AM - 12:10 PM

[3Rin2-32]

Toward proofreading support using Word2vec

〇Masato Maruyama1, Takashi Takekawa1 （1.

Kogakuin University）

10:30 AM - 12:10 PM

[3Rin2-33]

Construction of Corpus for Text Simplification

by Sentential Alignment based on

Decomposable Attention Model

〇Koichi Nagatsuka1, Masayasu Atsumi1 （1. Soka

University）

10:30 AM - 12:10 PM

[3Rin2-34]

What’ s Here Like ? Analysis of Web Search

Log Based on User’ s Location

〇Tatsuru Higurashi1, Kouta Tsubouchi1 （1. Yahoo

Japan Corporation）

10:30 AM - 12:10 PM

[3Rin2-35]

Relevance Analysis among Domestic

Enjoyments based on News Site App Users'

Interest

〇Kota Kawaguchi2,1, Tatsukuni Inoue1, Seiya

[3Rin2-36]

Osada1, Tatsuo Yamashita1 （1. Yahoo! JAPAN, 2.

University of Tsukuba）

10:30 AM - 12:10 PM

Implementation and Evaluation of an

Interpretable Fake News Detector

〇Kazuya Yamamoto1, Satoshi Oyama1, Masahito

Kurihara1 （1. Hokkaido University）

10:30 AM - 12:10 PM

[3Rin2-37]

Automatic Evaluation for Cyberbullying

Detection Method based on Statistical Scale

〇Masaki Arata1, Fumito Masui1, Michal Edmond

Ptaszynski1 （1. Kitami Institute of Technology）

10:30 AM - 12:10 PM

[3Rin2-38]

Automatic Impression Indexing based on

Appraisal Dictionary from Tweet

〇Runa Yamada1, Sho Hashimoto1, Atsuhiro

Yamada1, Noriko Nagata1 （1. Kwansei Gakuin

University）

10:30 AM - 12:10 PM

[3Rin2-39]

Catch Me if Yahoo Can: Hotel

Recommendation for Potential Travelers using

Transit App Log

〇Mikiya Maruyama1, Kotaro Takahama1, Kota

Tsubouchi1, Teruhiko Teraoka1 （1. Yahoo Japan

Corporation）

10:30 AM - 12:10 PM

[3Rin2-40]

Official document simplification using neural

machine translation approach

〇Takumi Maruyama1, Kazuhide Yamamoto1 （1.

Nagaoka University of Technology）

10:30 AM - 12:10 PM

[3Rin2-41]

Neural Error Detection for Weather Forecast

Manuscript by Pseudo Error Corpus

〇Naruhisa Shirai1, Masatsugu Hangyo2, Mamoru

Komachi1 （1. Tokyo Metropolitan University, 2.

WEATHERNEWS INC.）

10:30 AM - 12:10 PM

[3Rin2-42]

Neural Sequence-Labelling Models for ASR

Error Correction

〇Taishi Ikeda1, Hiroshi Fujimoto1, Takeshi

Yoshimura1, Yoshinori Isoda1 （1. NTT DOCOMO,

INC.）

10:30 AM - 12:10 PM

[3Rin2-43]

Construction of a Diagnosis Representation

Model of Person with Dementia Based on

ConceptNet for Deeper Understanding of

[3Rin2-44]
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Physical and Mental Conditions

〇Naoki Kamiya1, Takumi Yoshizawa1, Shogo

Ishikawa1, Hideki Ueno2,4, Mia Kobayashi2,4, Minoru

Maeda3, Chiaki Nishiyama3, Yujun Murakami3,

Shinya Kiriyama1,4, Yoichi Takebayashi1,4 （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

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

〇Mika Teramen1, Shogo Ishikawa1, Shinya

Kiriyama1, Tadasuke Kato2, Takeshi Ide2, Yoichi

Takebayashi1,3 （1. Shizuoka University, 2. Aoicare

Co., Ltd, 3. Citizen Informatics for Human Cognitive

Disorder）

10:30 AM - 12:10 PM

[3Rin2-45]

Development of Electroencephalogram brain-

machine interface using convolutional neural

network

〇Masaki Kato1, Sotaro Shimada2 （1. Meiji

University Graduate School, 2. Meiji University）

10:30 AM - 12:10 PM

[3Rin2-46]

Evaluation of Automatic Monitoring of

Instillation Adherence Using Eye Dropper

Bottle Sensor and Deep Learning in Patients

with Glaucoma

〇Hitoshi Tabuchi Tabuchi1,2, Kazuaki Nishimura1,

Shunsuke Nakakura1, Hiroki Masumoto1, Hirotaka

Tanabe1, Asuka Noguchi1, Ryota Aoki1, Yoshiaki

Kiuchi2 （1. Tsukazaki Hospital, 2. Hiroshima

University）

10:30 AM - 12:10 PM

[3Rin2-47]

Sleep/wake classification using remote PPG

signals

Yawen Zhang1, 〇Masanori Tsujikawa2, Yoshifumi

Onishi2 （1. HKUST, 2. NEC）

10:30 AM - 12:10 PM

[3Rin2-48]

Biomarker discovery from gene expression

data of mixed tumor samples

〇Katsuhiko Murakami1 （1. Fujitsu Laboratories

Ltd.）

10:30 AM - 12:10 PM

[3Rin2-49]
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Interactive Session

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

 
Traffic Risk Estimation from On-vehicle Video by Region-based Spatio-
temporal DNN trained using Comparative Loss 
〇Kwong Cheong Ng1, Yuki Murata1, Masayasu Atsumi1 （1. Dept. of Information Systems Sci.,

Graduate School of Eng., Soka University） 

10:30 AM - 12:10 PM   

Bi-directional multimodal generetion via estimating conditional
distribution of latent variables obtained from pre-trained generative
models 
〇Shigeaki Imakiire1, Masanao Ochi1, Junichiro Mori1, Ichiro Sakata1 （1. University of Tokyo

School of Engineering Department of Technology Management for Innovation） 

10:30 AM - 12:10 PM   

Binarized Variational Information Bottleneck 
〇Makoto Kawano1, Yu Oya2, Satoshi Yagi2, Jin Nakazawa1 （1. Keio University, 2. NTT

Corporation） 

10:30 AM - 12:10 PM   

Semi-supervised Domain Adaptation using Prediction Models in
Associated Domains 
〇Yasuhiro Sogawa1, Tomoya Sakai1 （1. NEC Corporation） 

10:30 AM - 12:10 PM   

A study on measures in multi-armed bandit problem with hidden state. 
〇Kouhei Kudo1, Takashi Takekawa1 （1. Kogakuin University） 

10:30 AM - 12:10 PM   

An Approach to Unseen Classs Classification with In-Service Predictors 
〇Tomoya Sakai1, Yasuhiro Sogawa1 （1. NEC Corporation） 

10:30 AM - 12:10 PM   

Multi-armed bandit algorithm applicable to stationary and non-
stationary environment using self-organizing maps 
〇Nobuhito Manome1,2, Shuji Shinohara2, Kouta Suzuki1,2, Kosuke Tomonaga1,2, Shunji

Mitsuyoshi2 （1. SoftBank Robotics Corp., 2. Graduate School of Engineering, The University

of Tokyo） 

10:30 AM - 12:10 PM   

Learning Interpretable Control Policies with Decision Trees via the
Cross-Entropy Method 
〇Yukiko Tanaka1,2, Takuya Hiraoka1,2, Yoshimasa Tsuruoka2,3 （1. NEC, 2. National Institute of

Advanced Industrial Science and Technology, 3. The University of Tokyo） 

10:30 AM - 12:10 PM   

Development of Embedded System for Recognizing Kuzushiji by Deep
Learning 
Masahiro Takeuchi1, 〇Taichi Hayasaka1, Wataru Ohno1, Yumie Kato2, Kazuaki Yamamoto3,

Mamoru Ishima4, Tetsuya Ishikawa4 （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   

Stochastic Regularization for Residual Networks: Shake-ResDrop and
Shake-SENet 
〇Junya Shirahama1, Kazuhiko Kawamoto1 （1. Chiba University） 

10:30 AM - 12:10 PM   

Fairness-aware Edit of Thresholds in a Learned Decision Tree Using a
Mixed Integer Programming Formulation 
〇Kentaro Kanamori1, Hiroki Arimura1 （1. Hokkaido University） 

10:30 AM - 12:10 PM   

Predicting Laughters in Comedy Drama with Subtitles and Facial
Expression 
〇Yuta Kayatani1, Mayu Otani2, Chenhui Chu3, Yuta Nakashima3, Haruo Takemura1 （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   

Application of Aspect-based Sentiment Analysis using Self-Attention
Mechanism to Japanese Sentences 
〇Ryuichi Akai1, Masayasu Atsumi1 （1. Graduate School of Engineering, Soka University） 

10:30 AM - 12:10 PM   

Estimating Emotion Intensities in Japanese Tweets Using Emotion
Intensity Lexicon 
〇Tatsuki Akahori1, Kohji Dohsaka1, Hidekatsu Ito1, Masaki Ishii1 （1. Akita Prefectural

University） 

10:30 AM - 12:10 PM   

An Investigation of Effective Features for Toponym Resolution of Words
in Newspaper Articles 
〇Ryo Seki1, Takashi Inui1 （1. University of Tsukuba） 

10:30 AM - 12:10 PM   

Cluster analysis of Twitter Data, using Interactive Data visualization Tool 
〇Shinichiro Wada1 （1. Graduate School of Sociology, Rikkyo University.） 

10:30 AM - 12:10 PM   

Comparative Analysis of the Effect of Additional Training between
Multiple Domains by Clustering of the Embeddings of Parsing Errors 
〇Takuya Hara1, Takuya Matsuzaki1, Hikaru Yokono2, Satoshi Sato1 （1. Graduate School of

Engineering, Nagoya University, 2. Fujitsu Laboratories Ltd.） 

10:30 AM - 12:10 PM   

Vending Machine Drink Recognition with Deep Learning for IoT Device. 
〇Katsuhiro Araya1, Takayuki Osa2, Shigemitsu Yamaoka2, Kazuhiko Nishi2, Masayuki Nakao2

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

10:30 AM - 12:10 PM   

Robust Eye Contact Detection for Multi-Party Conversational Systems 
〇Kenjiro Nogawa1, Shinya Fujie2, Tetsunori Kobayashi1 （1. Waseda University, 2. Chiba

Institute of Technology） 

10:30 AM - 12:10 PM   
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Succesive estimation of the asteroid shape and probe motion using
sequential images 
〇Toma Suzuki1, Takehisa Yairi1, Naoya Takeishi1, Yuichi Tsuda2, Naoko Ogawa2 （1. The

University of Tokyo, 2. Japan Aerospace Exploration Agency） 

10:30 AM - 12:10 PM   

Image-to-image Translation from Apparel Item Image Placed Flat to
Image Put on Using Deep Neural Networks 
Saki Tsumugiwa1, 〇Yoshiaki Kurosawa1, Kazuya Mera1, Toshiyuki Takezawa1 （1. Hiroshima

City University） 

10:30 AM - 12:10 PM   

Noise reduction of live image in scanning electron microscope 
〇Fuminori Uematsu1, Masahiko Takei1, Mitsuyoshi Yoshida1 （1. JEOL Ltd.） 

10:30 AM - 12:10 PM   

Truthful Dynamic Pricing Mechanisms for On-demand Mobility Services 
〇Keiichiro Hayakawa1, Eiji Hato2 （1. Toyota Central R&D Labs., Inc., 2. The University of

Tokyo） 

10:30 AM - 12:10 PM   

Multi-agent simulation tool incorporation group evacuation behavior
model 
〇Ryusei Ishida1, Masanori Akiyoshi1 （1. Kanagawa University） 

10:30 AM - 12:10 PM   

A study of observation fluctuation reduction method for ear acoustic
authentication 
〇Masaki Yasuhara1, Takayuki Arakawa2, Takafumi Koshinaka2, Shohei Yano1 （1. National

Institute of Technology, Nagaoka College, 2. NEC Corporation） 

10:30 AM - 12:10 PM   

New similarity scale to recognize bird calls and abnormal sounds of
concrete/machine 
〇Michihiro Jinnai1, Edward James Pedersen2 （1. Nagoya Women's University, 2. Central

Queensland University, Australia） 

10:30 AM - 12:10 PM   

An Investigation of Controllable Neural Conversation Model with
Dialogue Acts 
〇Seiya Kawano1, Koichiro Yoshino1,2, Satoshi Nakamura1 （1. Nara Institute of Science and

Technology, 2. Japan Science and Technology Agency） 

10:30 AM - 12:10 PM   

Improvement of Knowledge Graph Completion Using Label Characters
for Questions to Acquire Knowledge in Dialog Systems 
〇Yuma Fujioka1, Katsuhiko Hayashi1, Mikio Nakano2, Kazunori Komatani1 （1. The Institute of

Scientific and Industrial Research, Osaka University, 2. Honda Research Institute Japan

Co.,Ltd.） 

10:30 AM - 12:10 PM   

Acquisition and Utilization of Trivia for Conversational News Contents
Delivery 
〇Hiroaki Takatsu1, Yoichi Matsuyama1, Hiroshi Honda2, 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   

Generative Adversarial Networks toward Representation Learning for
Image Captions 
〇Yuki Abe1, Takuma Seno1, Shoya Matsumori1, Michita Imai1 （1. Keio University） 

10:30 AM - 12:10 PM   

Speech extraction from conversation based on image-to-image
translation using deep neural networks 
〇Kosuke Takaichi1, Yoshio Katagami2, Yoshiaki Kurosawa1, Kazuya Mera1, Toshiyuki Takezawa
1 （1. Graduate School of Information Sciences Hiroshima City University, 2. School of

Information Sciences Hiroshima City University） 

10:30 AM - 12:10 PM   

An anti-noise performance comparison between acoustic features in
detecting voice pathology using machine learning 
〇Kouta Suzuki1,2, Shuji Shinohara2, Nobuhito Manome1,2, Kosuke Tomonaga1,2, Shunji

Mitsuyoshi2 （1. SoftBank Robotics Corp., 2. Graduate School of Engineering, The University

of Tokyo） 

10:30 AM - 12:10 PM   

Toward proofreading support using Word2vec 
〇Masato Maruyama1, Takashi Takekawa1 （1. Kogakuin University） 

10:30 AM - 12:10 PM   

Construction of Corpus for Text Simplification by Sentential Alignment
based on Decomposable Attention Model 
〇Koichi Nagatsuka1, Masayasu Atsumi1 （1. Soka University） 

10:30 AM - 12:10 PM   

What’ s Here Like ? Analysis of Web Search Log Based on User’ s
Location 
〇Tatsuru Higurashi1, Kouta Tsubouchi1 （1. Yahoo Japan Corporation） 

10:30 AM - 12:10 PM   

Relevance Analysis among Domestic Enjoyments based on News Site
App Users' Interest 
〇Kota Kawaguchi2,1, Tatsukuni Inoue1, Seiya Osada1, Tatsuo Yamashita1 （1. Yahoo! JAPAN,

2. University of Tsukuba） 

10:30 AM - 12:10 PM   

Implementation and Evaluation of an Interpretable Fake News Detector 
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Traffic Risk Estimation from On-vehicle Video by Region-based  

Spatio-temporal DNN trained using Comparative Loss 

Kwong Cheong Ng        Yuki Murata        Masayasu Atsumi 

Dept. of Information Systems Sci., Graduate School of Eng., Soka University 

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 et al. [1] proposed a 
dynamic-spatial-attention Recurrent Neural Network (RNN) that 
could anticipates accidents before they occur. Suzuki et 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 

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 al [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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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 21st 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  

 

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 , 
their relative risk be labelled as , and  be 
estimated risks by a sigmoid activation function of the risk 
estimation network (a perception) respectively. The  is 
a supervised signal which takes a value of 1 when  is more 
dangerous than , -1 when is safer than , and 0 when 
both are comparatively equal. Then, the comparative loss 
function is defined by the following equation:  

 
 

Here,  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 
positive 455/22750 164/8200 
negative 455/22750 164/8200 

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 

 

 
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 

 
 

 

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 

 
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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Bi-directional multimodal generetion via estimating conditional distribution of latent variables
obtained from pre-trained generative models

Shigeaki Imakiire Masanao Ochi Junichiro Mori Ichiro Sakata

University of Tokyo School of Engineering Department of Technology Management for Innovation

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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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.
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log eθ(z|x) = logN (
z;μ, σ2I

)
where μ = W2h+ b2

σ = softplus(W3h+ b3)

h = NN(x)
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[Darabi 18]
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Semi-supervised Domain Adaptation using Prediction Models in Associated Domains

Yasuhiro Sogawa Tomoya Sakai

NEC
NEC Corporation

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.

1.

[3, 5, 6]

[4]

2.
2.1

d x ∈ R
d

y ∈ R T

T ′

t′ ∈ {T+1, T+2, . . . , T+T ′}
Nt′ {(x(t′)

i , y
(t′)
i ))|i = 1, · · · , Nt′}

N ′
t′

{xj |j = 1, · · · , N ′}
T

T ′

: NEC 1753

044-431-7659 y-sogawa@ah.jp.nec.com

{ft′}T+T ′
t′=T+1

2.2

T

{ht(x)|t = 1, · · · , T}
T t

ht : Rd → R
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{(x(t′)

i , y
(t′)
i ))|i = 1, · · · , Nt′} {xj |j = 1, · · · , N ′}

{ft′}T+T ′
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3.1
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p xi p at ∈

R
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L(Z,Z ′,A) := LU(Z,A) +

T+T ′∑
t′=T+1

L
(t′)
L (Z ′,A)

LU(Z,A) =
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T∑
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�
(
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T∑
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�
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(t′)
i ), g(z

(t′)
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)
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, Z := (z1, . . . , zN′) Z ′ := (ZT+1, . . . ,ZT+T ′),
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z a

t′

ât′ = argmin
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Nt′∑
i=1

(
y
(t′)
i − g(ẑ

(t′)
i ,at′)

)2

g

g(z,a) = z�a (1)

[7]

3.2

ft′

ft′ ft′
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�
(
y
(t′)
i , ft′(x

(t′)
i )

)
.

[2]
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R(t′)(ft′) := (1− γ)R
(t′)
L (ft′) + γRU(ft′)

RU(ft′) :=

N′∑
j=1

(
g(ẑj , ât′)− ft′(xj)

)2

g(ẑj , ât′)

γ

1: 100 Linear

T T

Stack Linear
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4.
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10 N(010,Σ),
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(Stack)

minw

∑Nt′
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∑T
t=1 wtht(xi))

2
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t=1 wtht(xi)

p = 5 γ = 0.1 (1)
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1 1000
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A study on measures in multi-armed bandit problem with hidden state 

 *1 *1 
 Kouhei Kudo Takasi Takekawa 

*1  
Faculty of Informatics Kogakuin University 

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

Tomoya Sakai Yasuhiro Sogawa

NEC
NEC Data Science Research Laboratories

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.

1.

[1]

[1]

[2–6]

2.

2.1
d x ∈ R

d

y ∈ Y t

f (t) : Rd → R x′

ŷ = argmaxt′∈Y f (t′)(x′)

YS = {1, . . . , kS} YU = {kS + 1, . . . , kS + kU}
kS kU

YS ∪ YU = Y YS ∩ YU = ∅

: {t-sakai,y-sogawa}@ah.jp.nec.com

2.2
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Multi-armed bandit algorithm applicable to stationary and non-stationary environment using self-
organizing maps 

 *1*2 *2 *1*2 *1*2 *2 
 Nobuhito Manome Shuji Shinohara Kouta Suzuki Kosuke Tomonaga Shunji Mitsuyoshi 

 *1  *2  
 SoftBank Robotics Corp. 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. 
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Algorithm 1: Thompson Sampling 
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foreach  do 
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 distribution. 

Play arm  and observe reward . 
If , then , else . 

End 
 

2.4  
Kohonen SOM

SOM
 

(1) SOM 
SOM Kohonen

[Li 2018][Belkhiri 2018] SOM
1  

SOM 2 SOM

SOM

SOM
 

 
Step 1. 

 
Step 2. 

 
Step 3. 

 

Step 4.  

 

Step 2
 

(2) SOM-based Algorithm 

 
 

Step 1. 
1
 

Step 2.  

 
Step 3. 
1 0  
Step 4. 

 

 
Step 5. 

 

 
 
 
 
 
 
 
 
 
 
 
 

 
1 SOM

 

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

3Rin2-07



 

- 3 - 

Step 2
 

3.  

 

step 1 step 1

500 step
 

regret regret
step

  

2
10 100 10,000 step

10,000 step regret
SOM

 

4.  
2, 10, 100

regret 2 regret
3  

2 2
UCB1-Tuned Thompson Sampling regret

10 Thompson 
Sampling regret 100

Thompson Sampling regret
  

3 2 10 100
regret

500 step  

5.  
UCB1

UCB1-Tuned Thompson Sampling

 
 
 
 
 
 
 
 
 
 
 
 

 
2 UCB1 UCB1-Tuned Thompson Sampling regret
2 10 100 regret 10,000

 
 
 
 
 
 
 
 
 
 
 
 
 

3 UCB1 UCB1-Tuned Thompson Sampling regret
2 10 100 regret 10,000

 

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

3Rin2-07



 

- 4 - 

UCB1 UCB1-Tuned Thompson 
Sampling

 
Kohonen SOM

 
SOM

SOM

2 SOM

 

SOM
SOM

SOM
4 4 0.0 1.0

2 0.0 0.5 1.0 3
1,000 SOM 4

SOM
 

SOM
 100 SOM 100

SOM

1 step 1 SOM

  

6.  

UCB1 UCB1-Tuned
Thompson Sampling

 

 SOM SOM
 

 
[Auer 2002] P. Auer, N. Cesa-Bianchi, and P. Fischer, “Finite-

time analysis of the multiarmed bandit problem,” Machine 
Learning, vol. 47, no. 2-3, pp. 235–256, 2002. 

[Belkhiri 2018] L. Belkhiri, L. Mouni, A. Tiri, T. S. Narany, and 
R. Nouibet, “Spatial analysis of groundwater quality using 
self-organizing maps,” Groundwater for Sustainable 
Development, vol. 7, pp. 121-132, 2018. 

[Garivier 2011] A. Garivier, and E. Moulines, “On 
UpperConfidence Bound Policies for Non-stationary Bandit 
Problems,” Algorithmic Learning Theory, pp. 174-188, 2011. 

[Kaufmann 2012] E. Kaufmann, N. Korda, and R. Munos, 
“Thompson Sampling: An Asymptotically Optimal Finite-
Time Analysis,” Algorithmic Learning Theory, pp. 199-213, 
2012. 

[Kocsis 2006] L. Kocsis, and C. Szepesvári, “Discounted UCB,” 
In: 2nd PASCAL Challenges Workshop, 2006. 

[Kohonen 1995] T. Kohonen, “Self-organizing Maps,” Springer, 
1995. 

[Li 2018] T. Li, G. Sun, C. Yang, K. Liang, S. Ma, and L. Huang, 
“Using self-organizing map for coastal water quality 
classification: Towards a better understanding of patterns and 
processes,” Science of The Total Environment, vol. 628-629, 
no. 1, pp. 1446-1459, 2018. 

[Robbins 1952] H. Robbins, “Some aspects of the sequential 
design of experiments,” Bulletin of the American 
Mathematical Society, vol. 58, no. 5, pp. 527–535, 1952. 

[Sutton 1998] R. S. Sutton, and A. G. Barto, “Introduction to 
Reinforcement Learning,” MIT Press, 1998. 

[Thompson 1933] W. R. Thompson, “On the Likelihood that One 
Unknown Probability Exceeds Another in View of the 
Evidence of Two Samples,” Biometrika, vol. 25, pp. 285-294, 
1933. 

[  2019]  
SOM in 

Proceedings of the 81st National Convention of IPSJ, 2019. 

 
 
 
 
 
 
 
 
 
 

 
4 SOM 0.0 1.0 0.8 0.2

0.0 1.0 0.2 0.8 0.0 0.5 1.0 0.2 0.6
0.2 1,000 SOM

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

3Rin2-07



Cross-Entropy
Learning Interpretable Control Policies with Decision Trees

via the Cross-Entropy Method

∗1∗2
Yukiko TANAKA

∗1∗2
Takuya HIRAOKA

∗2∗3
Yoshimasa TSURUOKA

∗1NEC
NEC Security Research Laboratories

∗2
National Institute of Advanced Industrial Science and Technology, Artificial Intelligence Research Center

∗3
The University of Tokyo

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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(Markov Decision

Processes; MDPs) MDPs

st ∈ S

at ∈ A S A

st+1

rt+1 ∈ R π

st+1 at+1

T R(π∗) = Eπ∗
[∑T

t=1 rt
]

π∗

feature φ(s) s F[
φ(1)(s), ..., φ(F )(s)

]

2.2 Cross-Entropy
CEM

θ ∈ R
d π

πθ θ∗ = arg max
θ

R(πθ)

θ∗ CEM

CEM 1) 2)

3)

θ∗ 1 b

θ1, ...,θb

μ Σ

N(μ,Σ) σ(i,i) Σ i

2 θ1, ...,θb

R(πθ1), ..., R(πθb)

m

θ1, ...,θb

M 3

M

μ =
1

m

∑
θ′∈M

θ′. (1)

Σ i ∗1

σ(i,i) =
1

m

∑

θ
′∈M

(θ(i)
′ − μ(i))2 + ε, (2)

θ(i)
′

θ
′

i μ(i) μ i

ε

CEM

θ∗

3.

CEM

3.1

2

∗1 3 Σ (2)

2:

n

l D ∗2

2 θφ θv θu

θφ

φ(s) θφ (2D −1)×F

:

θφ =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

θ
(1,1)
φ · · · θ

(1,f)
φ · · · θ

(1,F )
φ

...
. . .

...
. . .

...

θ
(n,1)
φ · · · θ

(n,f)
φ · · · θ

(n,F )
φ

...
. . .

...
. . .

...

θ
(2D−1,1)
φ · · · θ

(2D−1,f)
φ · · · θ

(2D−1,F )
φ

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦
, (3)

θ
(n,f)
φ n

φ(s) f n

η(n) θφ : θφ

n (

{θ(n,1)
φ , · · · θ(n,F )

φ } ) {θ(n,1)
φ , · · · θ(n,F )

φ }
feature η(n)

{θ(n,1)
φ , · · · θ(n,F )

φ } θ
(n,f ′)
φ

η(n) η(n) := φ(f ′)

θv

θv (2D − 1) :

θv =
[
θ
(1)
v , · · · , θ(n)

v , · · · , θ(2D−1)
v

]
, (4)

θ
(n)
v n v(n)

v(n) v(n) = (v
(n)
max − v

(n)
min)g(θ

(n)
v ) + v

(n)
min

v
(n)
max v

(n)
min v(n)

g

sigmoid

θu

θu

θu 2D × |A|

∗2 (2D −1) 2D
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:

θu =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

θ
(1,1)
u · · · θ

(1,k)
u · · · θ

(1,|A|)
u

...
. . .

...
. . .

...

θ
(l,1)
u · · · θ

(l,k)
u · · · θ

(l,|A|)
u

...
. . .

...
. . .

...

θ
(2D,1)
u · · · θ

(2D,k)
u · · · θ

(2D,|A|)
u

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦
, (5)

θ
(l,k)
u l k

a(k) ∈ A

{θ(l,1)u , · · · θ(l,|A|)
u }

l u(l)

θu 2D

:

θu =
[
θ
(1)
u , · · · , θ(l)u , · · · , θ(2D)

u

]
, (6)

θ
(l)
u l u(l) ∈ R

u(l) u(l) = αh(θ
(l)
u )

h

tanh α u(l)

3.2
( θφ θv

θu)

Algorithm 1 θφ θv θu

θ CEM

Algorithm 1 Cross-Entropy

Require: initial mean vector μ0, initial diagonal covari-

ance matrixΣ0, number of elitem, constant exploration

noise ε

1: μ ← μ0

2: Σ ← Σ0

3: for each update do

4: Generate b parameter samples θ1,θ2, ...,θb from

N(μ,Σ)

5: Evaluate each parameter samples using

R(πθ1), ..., R(πθb)

6: Select m parameter samples with the highest evalua-

tions.

7: Update μ by Equation (1)

8: Update all diagonal elements in Σ by Equation (2)

9: end for

4.

4.1
2

1

CartPole:

OpenAI Gym [Brockman 16]

CartPole-v0 4

2 ( )

Pendulum:

OpenAI Gym Pendulum-

v0 3 1

( )

1:
F

CartPole 4 |A| = 2

Pendulum 3 a ∈ R

2:
D

CartPole 2 13.2 200.0

(NN: 200.0) 3 24.4 200.0

4 10.55 200.0

Pendulum 2 −1091.4 −848.96

(NN: −342.5) 3 −1331.1 −290.98

4 −1219.94 −542.57

CartPole Pendulum

4.2

[Sammut 92, Verma 18, Liu 18]

(

) PPO [Schulman 17]

20

( )

64 2 PPO

106

Algorithm 1

b = 20 m = 4 ε = 0.0001

5.

2 20

5

( )

5

( )

2

20

2 D

2 NN

PPO

2

3

Pendulum

3

(

)

4 CartPole

4 2

3
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3: Pendulum Cross-Entropy

D = 3.

4: CartPole Cross-Entropy

D = 2.

cart v < 4.589

push left

5 5

3

Pendulum CartPole

3 5

6.

CEM

2

5:
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Development of Embedded System for Recognizing Kuzushiji by Deep Learning 

*1 *1 *1 *2 *3 *4 *4 
Masahiro Takeuchi, Taichi Hayasaka, Wataru Ohone, Yumie Kato, Kazuaki Yamamoto, Mamoru Ishima, and Tetsuya Ishikawa 

*1 *2 *3 *4 TRC-ADEAC  
National Institute of Technology, Toyota College, Tsurumi University, National Institute of Japanese Literature, and TRC-ADEAC, Inc. 

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 Shake-ResDrop
Shake-SENet

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

Junya Shirahama Kazuhiko Kamoto

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.

CNN Residual

networks ResNet [He et al. 2016]

CNN 2015 150

ResNet

ResNet

Dropout[Srivastava et al 2014]

ResNet Stochastic Depth ResDrop

[Haung et al. 2016]

Shake-Shake [Gastaldi et al. 2017]

ResDrop

Shake-Shake

ShakeDrop[Yamada et al. 2018]

ShakeDrop CIFAR-100

ResNet

SENet[Hu et al. 2018]

2.

ShakeDrop ResDrop

SENet

2.1 ShakeDrop ResDrop
ShakeDrop ResDrop ShakeDrop

1 residual

( 0 )

α ∈ [−1, 1] ShakeDrop

ShakeDrop

ResDrop ShakeDrop

residual

:

1-33 kawa@faculty.chiba-u.jp

1: ShakeDrop ResDrop

2

2.2 ShakeDrop SENet
2 3

ShakeDrop SE Block 3

3

ShakeDrop ShakeDrop

SENet

3

α ∈ [−1, 1]

residual SENet

.

ShakeDrop ShakeDrop

SENet

ShakeDrop SE

Block

[Yamada et al. 2018]

SENet

1
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2: 5 3

3: ShakeDrop ShakeDrop

3.

CIFAR-100

CIFAR-100 100 600 60000

500
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ShakeDrop

SENet ShakeDrop

4.

ShakeDrop

ResDrop SENet
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[Zoung et al. 2016]
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SGD with momentum

Cosine Learnig Scheduling

[Loshchilov et al. 2017]

2: CIFAR-100

(%) (h)

ShakeDrop 13.16 66.8

ShakeDrop and ResDrop 12.76 63.0

ShakeDrop after SENet 12.42 77.9
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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 mixed integer linear pro-

gramming (MIP) problem, which we can obtain an optimal

solution by powerful off-the-shelf solvers such as CPLEX∗1

and Gurobi∗2. Our approach has the following advantages:

• 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].

• 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.

• 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 ψ, I [ψ] denotes the indicator of ψ, i.e., I [ψ] = 1 if ψ is

true, and I [ψ] = 0 if ψ 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 (x, y) ∈ [0, 1]D × {0, 1} be an example, and

S = {(x(j), y(j))}Nj=1 be a dataset with N examples. For

a prediction model h : [0, 1]D → {0, 1}, the empirical loss

on S is defined by L(h | S) := 1
N

∑N
j=1 I

[
h(x(j)) �= y(j)

]
.

In addition, we consider a sensitive attribute z ∈ {0, 1},
such as gender and race. Let z(j) be the sensitive at-

tribute value w.r.t. j-th example (x(j), y(j)) ∈ S, and

Z = {z(j)}Nj=1 be the set of its values w.r.t. S.

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 x 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] × [0, 1], where d is a branching feature and b

is a branching threshold, and the input x = (x1, . . . , xD) is

directed to one of two child nodes depending on whether

the statement xd ≤ b is true or not.

Then, the decision tree can be expressed as follows:

h(x) =

K∑
k=1

lk
∏

m∈a
(L)
k

I [xdm ≤ bm]
∏

m∈a
(R)
k

I [xdm > bm] ,

1
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x2 ≤ 0.7 x2 > 0.7

x2 > 0.4x2 ≤ 0.4

x1 ≤ 0.8 x1 > 0.8

l2

l1

l4

l3

1

2

3
x1

x2

0.7

0.4

0.8

r2

r1

r3

r4

Figure 1: An illustration of a decision tree. For 2-nd leaf

node, a
(L)
2 = {1, 3} a

(R)
2 = {2}, and its corresponding re-

gion r2 = (−∞, 0.8]× (0.4, 0.7].

where K ∈ N is the total number of leaf nodes, lk ∈ {0, 1}
is a predictive label of k-th leaf node, (dm, bm) ∈ [D]× [0, 1]

is a branching rule in m-th internal node, and a
(L)
k (a

(R)
k ) ⊆

[K−1] is a set of left(right)-branching internal node indexes

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

that a decision tree with K leaf nodes has K − 1 internal

nodes since it is expressed as the full binary ordered tree

structure. We denote a region corresponding to k-th leaf

node by rk ⊆ [0, 1]D. Then, a set of the regions {rk}Kk=1

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, . . . , bK−1) ∈ [0, 1]K−1 of a given

decision tree, we denote a decision tree with B by hB ∈ 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 P̂ .

Definition 1 (DP score) DP score of a model h on a

dataset S w.r.t. a sensitive attribute Z is defined by

δDP(h | S,Z) := |P̂ (h(x) = 1 | z = 1)

− P̂ (h(x) = 1 | z = 0)|.

Definition 2 (EO score) EO score of a model h on a

dataset S w.r.t. a sensitive attribute Z is defined by

δEO(h | S,Z) := |P̂ (h(x) = 1 | y = 1, z = 1)

− P̂ (h(x) = 1 | y = 1, z = 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 hB 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 hB with branching thresholds

B = (b1, . . . , bK−1), discrimination score disc ∈ {DP,EO},
discrimination threshold t ∈ [0, 1], dissimilarity measure of

decision trees Δ : H × H → R≥0, and parameters λ ≥ 0

and Nminsup ∈ [|S|], re-thresholding problem is defined as

follows:

minimize
θ∈[0,1]K−1

L(hθ | S) + λ ·Δ(hB , hθ)

subject to δdisc(hθ | S,Z) ≤ t

∀k ∈ [K] : |{(x, y) ∈ S | x ∈ rk}| ≥ 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 Δ in

Problem 1, we propose an edit distance of a decision tree

ΔED, 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:

• θm ∈ [0, 1] is a modified branching threshold in m-th

internal node.

• φj,k ∈ {0, 1} indicates whether j-th input x(j) reaches

k-th leaf node, i.e., φj,k = I

[
x(j) ∈ rk

]
.

• ψk ∈ {0, 1} indicates whether some example reaches

k-th leaf node, i.e., ψk = I

[
∃j ∈ [N ] : x(j) ∈ rk

]
.

• ε
(L)
m (ε

(R)
m ) ∈ {0, 1} indicates whether no example

reaches leaf nodes in the left (right) subtree of m-

th internal node c
(L)
m (c

(R)
m ) ⊆ [K], i.e., ε

(L)
m =

I

[
∀k ∈ c

(L)
m : ψk = 0

] (
ε
(R)
m = I

[
∀k ∈ c

(R)
m : ψk = 0

])
.

• ξm ∈ [0, 2] expresses the cost corresponding to edit

operations for m-th internal node.

φj,k, ψk, ε
(L)
m , ε

(R)
m and ξm 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 T ′, the tree edit distance between them is defined as

the minimal length of the sequence of editing operations to

transform T into T ′. Available edit operations are insertion,

deletion, and relabeling.

In our problem, an explicit edit operation is relabeling

threshold values in internal nodes. We define |bm − θm| ∈

2
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bm

c(R)
m

θmϵ(R)
m = 0

ϵ(R)
m = 1

Figure 2: An example of deleting and relabeling operations.

If no example reaches leaf nodes in the right subtree of m-th

internal node (ε
(R)
m = 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.

Otherwise (ε
(R)
m = 0), |bm − θm| occurs as a cost for the

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 ψk = 0. By deletion of all

leaf nodes with ψk = 0 and their parent internal nodes in

the decision tree hθ, we can obtain a unique tree structure

whose prediction results on S are equivalent to hθ.

Then, we define our edit distance ΔED between hθ and hB

by the total number of these delete operations and relabel-

ing costs. For m-th internal node, if no example reaches leaf

nodes in its left or right subtree, i.e., ε
(L)
m = 1 or ε

(R)
m = 1,

the editing cost ξm is 2 because m-th internal node and

its subtree are deleted. Note that if ε
(L)
m = 1 (ε

(R)
m = 1),

ξm′ = 2 holds for any m′-th internal nodes included in left

(right) subtree of m-th internal node because ψk = 0 for

any k ∈ c
(L)

m′ (c
(R)

m′ ) and ε
(L)

m′ = 1 or ε
(R)

m′ = 1 hold, and sum

of these ξm′ is equivalent to the cost of delete operations

for the subtree. It can be expressed as follows:

ΔED(hB , hθ) =

K−1∑
m=1

max{|bm − θm|, 2ε(L)
m , 2ε(R)

m }.

Figure 2 shows an example of edit operations in our prob-

lem. By using ξm, ψm, ε
(L)
m , and ε

(R)
m , 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

φj,k as follows:

δdisc(hθ | S,Z) =

K∑
k=1

lk

N∑
j=1

d
(disc)
j,k φj,k.

d
(disc)
j,k is a constant value determined automatically when

S and Z are given such that

d
(disc)
j,k =

⎧⎪⎨
⎪⎩

z(j)

|S(DP)
1 |

− 1−z(j)

|S(DP)
0 |

(disc = DP),

y(j)z(j)

|S(EO)
1 |

− y(j)(1−z(j))

|S(EO)
0 |

(disc = EO),

where S
(DP)
z := {(x(j), y(j)) ∈ S | z(j) = z} and S

(EO)
z :=

{(x(j), y(j)) ∈ S | y(j) = 1 ∧ z(j) = z} for z ∈ {0, 1}.

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

problem:

minimize
1

N

K∑
k=1

N∑
j=1

cj,kφj,k + λ

K−1∑
m=1

ξm (1)

subject to
K∑

k=1

φj,k = 1, ∀j ∈ [N ] (2)

φj,k ≤ ψk, ∀k ∈ [K], j ∈ [N ] (3)

N∑
j=1

φj,k ≥ Nminsup · ψk, ∀k ∈ [K] (4)

x
(j)
dm

≤ θm + (1− φj,k),

∀k ∈ [K], j ∈ [N ],m ∈ a
(L)
k (5)

x
(j)
dm

− em ≥ θm − (1 + emax)(1− φj,k),

∀k ∈ [K], j ∈ [N ],m ∈ a
(R)
k (6)

− ξm ≤ bm − θm, ∀m ∈ [K − 1] (7)

bm − θm ≤ ξm, ∀m ∈ [K − 1] (8)

ξm ≥ 2ε(L)
m , ∀m ∈ [K − 1] (9)

ξm ≥ 2ε(R)
m , ∀m ∈ [K − 1] (10)

1− ε(L)
m ≤

∑

k∈c
(L)
m

ψk, ∀m ∈ [K − 1] (11)

∑

k∈c
(L)
m

ψk ≤ (1− ε(L)
m )|c(L)

m |, ∀m ∈ [K − 1] (12)

1− ε(R)
m ≤

∑

k∈c
(R)
m

ψk, ∀m ∈ [K − 1] (13)

∑

k∈c
(R)
m

ψk ≤ (1− ε(R)
m )|c(R)

m |, ∀m ∈ [K − 1] (14)

K∑
k=1

lk

N∑
j=1

d
(disc)
j,k φj,k ≤ t (15)

−
K∑

k=1

lk

N∑
j=1

d
(disc)
j,k φj,k ≤ t (16)

where em = min{|x(i)
dm

− x
(j)
dm

| | i, j ∈ [N ], x
(i)
dm

�= x
(j)
dm

},
emax = max{em}K−1

m=1, and cj,k := lk(1 − y(j)) + (1 −
lk)y

(j). We can express L(hθ | S) and ΔED(hB , hθ) by∑K
k=1

∑N
j=1 cj,kφj,k and

∑K−1
m=1 ξm, 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 ΔED(hB , hθ) and fairness

constraint δdisc(hθ | S,Z) ≤ t.

4. Experiments

Experimental setup We used theCOMPAS 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 z(j) ∈ {0, 1}.

3
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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 ± 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 ×10−4

MIP (proposed) 0.396 ± 0.011 0.095 0.389 ± 0.012 0.112 316.72

We compared our method (MIP) with the existing

two post-processing methods: (1) modifying naive Bayes

(NB-Modified) [6] , and (2) relabeling for decision trees

(Relabeling) [9]. In our experiments, we randomly split

the dataset into training (50%) and test (50%) datasets,

and report the average statistics over 5 trials. We obtained

initial prediction models and applied each methods by using

training datasets. Decision trees were learned by CART [4]

with the constraint on these height less than 3. We used

the threshold value of the fairness constraint t = 0.1 for all

methods, and λ = 0.1 and Nminsup = 100 for Problem 1. All

codes were implemented in Python 3.6 with scikit-learn∗3

and IBM ILOG CPLEX Optimization Studio v12.8. All ex-

periments were conducted on 64-bit macOS Sierra 10.12.6

with Intel Core i5 2.90GHz CPU and 8GB Memory.

Experimental results Table 1 shows the experimental

results for DP scores. The DP scores of naive Bayes and

decision trees before modification were 0.462 and 0.226, re-

spectively. Our method maintained slightly lower loss than

the relabeling method for decision trees on both training

and test datasets, and comparable accuracy with the mod-

ifying naive Bayes method. We note that the average DP

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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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.
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Bertero
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Action Unit[2]
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2.1
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Action Unit
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Application of Aspect-based Sentiment Analysis  
using Self-Attention Mechanism to Japanese Sentences 

 *1 *1 
 Ryuichi Akai Masayasu Atsumi 

*1  
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. 
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d) Random 27% 48% 26% 34% 

     
a) First 37% 56% 54% 48% 
b) Last 44% 56% 50% 50% 
c) Average 44% 57% 54% 52% 
d) Random 30% 47% 29% 35% 

5. 

4.  

6.  

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

3Rin2-14



 

7.  

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

3Rin2-14



An Investigation of Effective Features for Toponym Resolution of Words in Newspaper Articles

∗1
Ryo Seki

∗1
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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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Cluster analysis of Twitter Data, using Interactive Data visualization Tool. 

 *1  
 WADA, Shinichiro 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. 
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係り受け誤り埋め込み表現のクラスタリングによる
複数のドメイン間での追加訓練の効果の比較分析

Comparative Analysis of the Effect of Additional Training between Multiple Domains by
Clustering of the Embeddings of Parsing Errors

原 拓也 ∗1
Takuya Hara

松崎 拓也 ∗1
Takuya Matsuzaki

横野 光 ∗2
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Satoshi Sato

∗1名古屋大学工学研究科
Graduate School of Engineering, Nagoya University

∗2（株）富士通研究所
Fujitsu Laboratories Ltd.

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.

1. はじめに
機械学習における課題の一つにドメイン適応問題がある。多

くの場合、訓練に用いたデータのドメイン（以下、訓練ドメイ
ン）と、適用の対象となるデータのドメイン（以下、評価ドメ
イン）が異なるとタスクの精度が低下する。精度の低下の原因
は訓練ドメインと評価ドメインに含まれている文の構造や単
語、あるいは正解の分布が異なっているからである。この精度
の低下を防ぐという課題をドメイン適応問題という。
本研究では、ドメイン適応問題の対象となるタスクとして

係り受け解析を取り上げる。係り受け解析とは文を構成してい
る文節同士の係り受け関係（修飾・被修飾）を解析するタスク
である。係り受け解析の例を図 1に示す。図の中の四角が文節
を表しており、矢印が係り受け関係を表している。それぞれの
矢印は係り文節（修飾文節）から受け文節（被修飾文節）へと
伸びている。
ドメイン適応問題は、評価ドメインデータを用いて追加訓

練を行うことである程度解決できることが多い。評価ドメイン
データの量は多くの場合限られており、それらを効率的に用い
るための方法に関する研究は、多数存在する。例えば Daumé

IIIとMarcu [Daumé III 06]は、追加訓練を行う際の評価ドメ
インデータへの適切な重み付け方法を提案した。また Daumé

III [Daumé III 07]はドメイン固有の情報とドメインに依存し
ない情報を分けて訓練を行えるように素性を設計した。他に
も、効率的な学習を行うために、次にアノテーションすべき
データを逐次的に見つける方法（アクティブラーニング）に関
する研究も多数ある。
上で述べた研究では、適用する評価ドメインそれぞれに対

し、追加訓練用データを用意する必要がある。しかし、評価ド
メインのデータを多数のドメインについて用意することはコ
ストの点から現実的でない。一方、追加訓練がなぜ有効なのか
は、追加訓練によって解消された誤りや、解消されなかった誤
りを一つ一つ見ていてもよくわからないことが多い。これに対
し、追加訓練の効果を俯瞰的に分析することで、より少ないア
ノテーションで、効果的に適応を行うための知見が得られると
期待できる。そこで、本研究では係り受け解析器のドメイン適
応を対象に、追加訓練の効果を俯瞰的に分析するための手法と
して、係り受け誤りのクラスタリングを提案する。

連絡先: hara.takuya@h.mbox.nagoya-u.ac.jp

図 1: 係り受け解析の例

クラスタリングを行うためには係り受け誤りの間の類似性
を数量的に捉える必要がある。そのため、本研究では係り受け
解析器の内部状態を用いて係り受け誤りを埋め込み表現（密ベ
クトル表現）に変換する。
本論文では特に、複数の評価ドメインの間での追加訓練の

効果の違いについて分析する。この分析は、評価ドメインデー
タを用いた追加訓練の前後における係り受け誤りを埋め込み
表現に変換し、それらに対しクラスタリングを行い、得られた
結果を複数ドメイン間で比較することで行われる。本論文では
訓練ドメインとして新聞記事、評価ドメインとして中学校理科
教科書及び特許文書を用いてクラスタリングを行った。クラス
タに含まれる誤りの数の分布や、クラスタごとの誤りの性質を
調べることで、ドメインごとの特徴を比較・分析することがで
きた。
以下、２節で提案手法について説明する。３節では実際の

データを用いた分析を行う。

2. 係り受け誤りのクラスタリング
2.1 係り受け解析器
本研究では、LSTMに基づく係り受け解析器の誤りを分析

する。また、誤りの埋め込み表現を得るために、この解析器の
内部状態を用いる。本研究で用いる解析器は松野ら [松野 18]

のものをベースにした。松野らのモデルは大きく分けて、(i)

単語層 LSTMによる単語表現の獲得、(ii)文節層 LSTMによ
る文節表現の獲得、(iii)多層パーセプトロンによる次元圧縮、
(iv)Biaffine変換による係り受け関係スコアの計算の 4段階に
分けられる。本研究では (i)及び (ii)はそのままで、(iii)及び
(iv)の代わりに多層パーセプトロンによる係り受け関係スコア
の計算を行う。
具体的には以下のモデルを用いる。最初に文の各単語の品

詞（4レベル）・活用形・活用タイプ・基本形をそれぞれ埋め込
み層に通し、それらを結合させることで単語分散表現とする。
文の各単語の単語分散表現をまとめて系列にしたものを xword
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として単語層 LSTMに入力する。この時 (i)の操作は以下の
式のように行われる。

(←−y word
i ,−→y word

i ) = BiLSTMword(xword
i ) (1)

t番目の文節が i番目から j 番目の単語で構成されている時、
文節層 LSTMへの入力 xchunk は以下のように計算される。

←−x chunk
t =←−y word

i −←−y word
j+1 (2)

−→x chunk
t = −→y word

i−1 −−→y word
j (3)

xchunk
t =←−x chunk

t ⊕−→x chunk
t (4)

t番目の文節に対応した文節表現を ychunk
t とする。このとき

(ii)の操作は以下の式のように計算される。

(←−y chunk
t ,−→y chunk

t ) = BiLSTMchunk(xchunk
t ) (5)

ychunk
t =←−y chunk

t ⊕−→y chunk
t (6)

t番目の文節が u番目の文節に係る際（t < u）の係り受け関
係スコア st,u は、以下のように定義される。

st,u = MLP(ychunk
t ⊕ ychunk

u ⊕ d(t, u)) (7)

d(t, u) = [u− t = 1]⊕ [u− t ≤ 5] (8)

ただし [·]は内部の条件が真ならば要素が 1のベクトルを、偽
ならば要素が 0のベクトルを表す。
この係り受け関係スコアモデルを用いて内元ら [内元 99]の

アルゴリズムで訓練・解析を行う。内元らのアルゴリズムで
は、後方の文節から順に係り先を決定する。その際、ある係り
文節に対し、候補となる受け文節の集合の中から１つの文節を
選択する必要がある。訓練時は、係り文節と正しい受け文節の
ペアの係り受け関係スコアが、係り文節とその他の受け文節の
候補のペアの係り受け関係スコアよりも高くなるように訓練
する。具体的には、ある係り文節 tに対し、正しい受け文節を
u、候補文節集合を Ct とするとき、損失関数を以下のように
定義する。

loss = −
∑

u′∈Ct

log
exp(st,u)

exp(st,u) + exp(st,u′)
(9)

解析時は、それぞれの係り文節に対する受け文節候補集合のう
ち、係り受け関係スコアが最も高くなるものを選択する。

2.2 係り受け誤りの収集法
本研究では評価ドメインデータによる追加訓練を行う前後

で、解析結果の誤り方がどのように変化するかを観察する。こ
の目的のため、以下のように訓練データ及び解析対象のデータ
が異なる 3タイプの誤り例を収集した。
(1)訓練ドメイン誤りの収集　最初に、訓練ドメインのデータ
の半分を用いてベースモデルを作る。訓練ドメインのデータの
残り半分をベースモデルで解析した時の誤りを収集する。
(2)追加訓練前の評価ドメイン誤りの収集　評価ドメインデー
タの全てをベースモデルで解析した時の誤りを収集する。
(3)追加訓練後の評価ドメイン誤りの収集　評価ドメインデー
タに対し 4分割交差検証を行う。ただし、ベースモデルの多層
パーセプトロン（式 (7)）の部分のみを、ベースモデルのパラ
メータ値を初期値として、評価ドメインデータを用いて訓練す
る（その結果を以降では追加訓練済みモデルと呼ぶ）。その結
果得られた誤りを収集する。

追加訓練において多層パーセプトロンのみを訓練すること
で、すべてのモデルについて文節の埋め込み表現は共通とな
る。これにより係り受け誤りの埋め込み結果（2.3.1項）を比
較することができる。なお、本研究では追加訓練済みモデルで
訓練ドメインデータを解析した際の誤りは用いない。理由は本
研究の目的が追加訓練による評価ドメイン誤りの変化の観察で
あり、訓練ドメイン誤りの変化には興味がないためである。

2.3 係り受け誤りの分析
係り受け誤りを俯瞰的に観察するための手法としてクラス

タリングを行いたい。クラスタリングを行うためには、誤りの
間に距離を定義する必要がある。そこで最初に係り受け誤りを
埋め込み表現（ベクトル）に変換し、ユークリッド距離を誤り
間の距離とする。
2.3.1 係り受け誤り埋め込み表現
係り受け誤り埋め込み表現（以降、係り受け誤り表現）は係

り受け誤りの 3要素である係り文節・正しい受け文節・誤った
受け文節とそれらの間の距離素性を埋め込んだものである。

2.1項で述べた係り受け解析器には、中間層として文節表現
（(6)式の ychunk

t ）がある。文節表現は文節及び周辺文脈から、
係り受け解析に必要な情報を抽出したものだと考えることがで
きる。そこで係り文節・正しい受け文節・誤った受け文節に対
応する文節表現を結合し、さらに距離素性を結合したものは係
り受け誤り全体の特徴を表現するものと考えることができる。
係り文節を t, 正しい受け文節を u, 誤った受け文節を ũ とし
て、係り受け誤り表現 et,u,ũ は以下のように作成する。

et,u,ũ ={
ychunk
t ⊕ ychunk

u ⊕ ychunk
ũ ⊕ d(t, u)⊕ d(t, ũ) (u < ũ)

ychunk
t ⊕ ychunk

ũ ⊕ ychunk
u ⊕ d(t, ũ)⊕ d(t, u) (u > ũ)

上式は、二つの受け文節候補 uと ũのうち、正解がどちらで
あるかとは無関係に、文中での出現順に従って埋め込み表現を
構成することを表す。これにより、係り受けアノテーションさ
れていないデータについても、例えば係り受け関係スコア１位
と２位のペアを用いて、同様に埋め込み表現を作成できる。
2.3.2 クラスタリング
本研究では、係り受け誤り表現を以下の手順で分析する。
1. 訓練ドメイン誤りの埋め込み表現を k-means法でクラス
タリングする。

2. 評価ドメイン誤りそれぞれの埋め込み表現 e について、
1. で得られたクラスタのうち、e からクラスタ重心まで
の距離が最も近いものに eを割り当てる。

この手順は数の多い訓練ドメイン誤りを類型ごとにグループ化
した後、評価ドメイン誤りのそれぞれを、近い類型をもつクラ
スタへと分類することを意図している。

3. 実験
この節では最初に実験に用いたデータの統計について述べ、

次に係り受け誤りの収集に関する詳細を述べる。最後にクラス
タリングの結果とその分析について述べる。

3.1 利用データ
訓練ドメインデータとして新聞記事（京都大学テキストコー

パス [黒橋 97]）を用いた。また、評価ドメインデータとして
理科教科書及び特許文書を用いた。理科教科書データは東京
書籍「新編新しい科学（中学 1年生、中学 2年生）」のテキス
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表 1: データの統計
データ 文数 文節数 文節数／文
新聞記事 38,400 372,130 9.7

理科教科書 2,460 22,923 9.3

特許文書 953 11,157 11.7

表 2: 係り受け誤りの収集結果
対象 モデル 誤り文節数 精度

新聞記事 ベースモデル 13,878 91.39

理科教科書 ベースモデル 2,429 88.13

教科書訓練済みモデル 1,671 91.83

特許文書 ベースモデル 1,465 85.64

特許訓練済みモデル 1,143 88.80

ト、特許文書は高分子化合物に関する特許の実施例の箇所にそ
れぞれ係り受け情報を付与したものである。それぞれのデータ
の統計値を表 1に示す。表に示すように、本論文における実験
では、理科教科書及び特許文書の量は新聞記事の 10分の 1未
満と少量である。

3.2 係り受け誤りの収集
2.1項で述べた係り受け解析器の訓練は以下のように行った。

新聞記事の全体の 50％をベースモデルの訓練データ、残りの
50％を開発データ兼評価データとして用いた。学習データの
中で出現数が 1回だった単語は UNKトークンに置き換えた。
単語の品詞（４レベル）、活用形、活用タイプはそれぞれ 20次
元に、単語の基本形は 200次元に埋め込んだ。単語層・文節層
LSTMは隠れ層 1層（300次元）のものを用いた。多層パー
セプトロンは隠れ層 1 層（300 次元）のものを用いた。訓練
アルゴリズムは学習係数 0.01の AdaGrad で、ミニバッチサ
イズは 32文、重み減衰係数は 0.00001、勾配の大きさは 5に
制限して訓練を行った。またエポック数は最大 32エポックだ
が、開発データに対する損失が最も少ないものを最終結果とし
た。実装には Chainer [Tokui 15]を用いた。追加訓練は理科
教科書・特許文書それぞれについて 4 分割交差検証の要領で
行った。∗1

次に 2.2項で述べた方法で係り受け誤りを収集した。その結
果を表 2 に示す。ベースモデルによる新聞記事に対する解析
精度は、松野ら [松野 18]と同程度であった。適応先ドメイン
データによる追加訓練を行うことで精度が向上していることが
わかる。ベースモデルによる解析精度が理科教科書と特許文書
で 2.5ポイントほどの差があるので、特許文書は理科教科書よ
り解析が難しい（新聞記事との違いが大きい）と考えられる。

3.3 クラスタリング結果と分析
2.3項で述べた方法で新聞記事、理科教科書、特許文書それ

ぞれの係り受け誤りを埋め込み表現に変換した。またクラスタ
数を 30としてクラスタリングを行った。さらに追加訓練前後
における誤りの傾向の変化を調べるため、各クラスタに含まれ
ていた追加訓練前の誤りの数・追加訓練後の誤りの数・追加訓
練によって解消できた誤りの数を調べた。その結果を図 2（理
科教科書）、図 3（特許文書）に示す。グラフの縦軸は各クラ
スタに含まれる新聞記事誤りの数に対する評価ドメインデー
タ誤りの比（百分率）を表している。つまり、この比が相対的

∗1 新聞記事・理科教科書は文単位で分割し、訓練に用いたが、特許
文書は文書単位で分割した。その理由は特許文書には同じ文書内で
は似た文が連続するという特徴があり、それらが訓練データと評価
データに分かれると、汎化性能を正しく評価できないからである。

表 3: 評価データにおける「…/係り文節/…/名詞＋と/用言」
という文型を含む文の数（出現数）と正しい係り先

データ 出現数 正しい係り文節
名詞＋と 用言

新聞記事 594 378 216

理科教科書 274 36 238

特許文書 12 5 7

に高い値になるクラスタは、評価ドメインに特有の誤りの類型
に対応すると考えられる。グラフから、ほぼ全てのクラスタに
おいて、追加訓練によって誤りの数が減少していることがわか
る。またクラスタ間で誤りの分布は一様ではなく偏っており、
ドメインごとに固有の分布になっていることもわかる。本論文
では、クラスタ内の誤りの傾向が分かりやすかったクラスタ
13とクラスタ 24についてその特徴を述べる。以降では係り受
け誤りの例を表す時、係り文節を下線、正しい受け文節を©
のついた波線、誤った受け文節を ×のついた波線で表す。ま
た誤り例の通し番号の最初の文字が「N」ならば新聞記事を、
「T」ならば理科教科書を、「P」ならば特許文書を表す。
クラスタ 13　クラスタ 13 に属する典型的な新聞記事誤りと
理科教科書誤りを以下に示す。

N-13：
立証負担が/軽く、/証拠も/そろえやすい/ことから/東京
地検は/「製造の/企て」に/

������������
© 絞り込んだと/

�����
× 聞く。

T-13：
ド ル ト ン は ，/１ ９ 世 紀 の/初めごろ，/物 質 は/そ
れ 以 上/分 割 す る/こ と の/で き な い/小 さ な/粒子
で/

�����������
× できていると/

��������
© 考えた。

クラスタ 13に属する誤りは、正しい受け文節と誤った受け文
節のいずれか一方が引用を表す助詞「と」を含み、他方が直後
の動詞であるパターンが多かった。理科教科書ではその中でも
誤った受け文節が助詞「と」を含んでおり、正しい受け文節が
その直後であるパターンの方が多かった。評価データにおけ
る、この文型の出現数を表 3 に示す。表から、新聞記事では
「名詞＋と」の文節にかかる割合がその直後の文節に係る割合
の２倍程度だが、理科教科書では用言文節にはるかに大きく
偏っていることがわかる。これは理科教科書では説明文（「…
を/…と/いう」）が非常に多いからである（238個中 213個）。
ここから、図 2に見られるようにクラスタ 13に属する多数の
理科教科書誤りのうち、多くが追加訓練で解消されたのは、頻
出する説明文の構文を学習したからだと考えられる。またクラ
スタ 13に属する特許文書誤りの数が少なかったのは、この文
型の出現回数の少なさが原因であることがわかる。
クラスタ 24　クラスタ 24に属する典型的な新聞記事誤り、理
科教科書誤り及び特許文書誤りを以下に示す。

N-24：
ところが/阪神大震災では/一番/重要な/情報収集が
/遅れ、/自衛隊の/初動問題に/

���������������
× 代表されるように/首相

官邸だけでなく/政府全体の/対応が/後手に/
��������
© 回った。

T-24：
図１のように，/光源から/出た/光は/四方八方に/広がり，/
私たちの/目に/直接/

�������
× 届くか，/何かに/当たって/はね返

って/私たちの/目に/
������
© 届く。

P-24：
次いで、/圧力を/常圧から/１３．３ｋＰａに/し、/加熱槽
温度を/１９０℃まで/１時間で/

�������������
© 上昇させながら、/ 発

生する/フェノールを/反応容器外へ/
����������
× 抜き出した。
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図 2: 追加訓練による、各クラスタに含まれる理科教科書誤りの割合の変化

図 3: 追加訓練による、各クラスタに含まれる特許文書誤りの割合の変化

表 4: クラスタ 24に属する係り受け誤りにおける誤った係り
先の位置の分布

データ ベースモデル 追加訓練済み
前 後 前 後

新聞記事 280 398 — —

理科教科書 83 2 5 37

特許文書 13 59 12 7

クラスタ 24に属する誤りは係り文節と正しい受け文節、誤っ
た受け文節がすべて用言文節（節の末尾）であるパターンが多
かった。3つの節 A, B, Cがこの順番で並んでいる時、意味的
な構造は ((A B) C)と (A (B C))の 2パターン存在する ∗2。
この２つの構造のうち、どちらが正しいか判定するためには、
本来は節間の関係性を認識する必要があり、難しい判断を必要
とする場合も多いと考えられる。しかし、図 2と図 3から、追
加訓練によって、いずれのドメインでも比較的多くの誤りが解
消されていることがわかる。その理由は、ドメインごとに出現
しやすい構造に偏りがあるからだと考えられる。実際にそれ
ぞれのドメインでクラスタ 24に属する誤りについて、正しい
受け文節と誤った受け文節のどちらが前方にあるかを調べた。
結果を表 4に示す。理科教科書データの解析では、追加訓練前
のモデルは正しい受け文節よりも前方に存在する文節を選択す
る傾向があったが、追加訓練によりその傾向が改善されたこと
がわかる。また特許文書は理科教科書と対照的な結果である。
ここから、理科教科書は T-24 のような (A (B C)) という形
の階層的な並列関係を取る場合が多く、節 Aはより遠くの文
節 Cに係ることが多いと考えられる。一方、特許文書は P-24

のような手続きを表す文を多数含み、3つ以上の節が単純に並
列された構文が多いと考えられる。

4. おわりに
本研究では係り受け解析器の内部状態を用いて係り受け誤り

を埋め込み、クラスタリングすることで、追加訓練の効果を、

∗2 T-24 では「図１のように，…広がり，」、「私たちの目に直接届く
か，」、「何かに…目に届く。」という 3 つの節に分けられるが、最初
の節は後ろの２つの両方に意味的に係るので、(A (B C))のパター
ン。P-24は節が順番に接続しているので、((A B) C)のパターン。

複数のドメインに渡って俯瞰的に分析した。結果として追加訓
練によって解消される誤りのタイプをいくつか特定でき、さら
に、解析が難しい文の特徴のドメインごとの差を比較すること
ができた。今後の課題としては、解消されない誤りのタイプと
その原因の特定、重心から誤りへの距離と誤りの性質の関係の
調査、ドメイン適応技術への応用などがあげられる。

謝辞
本研究では、JSPS科研費 16H01819で開発された教科書ア

ノテーションデータの提供を受けた。ここに記して謝意を表す
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Robust Eye Contact Detection for Multi-Party Conversational Systems
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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.
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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 

*1 *2 *2 *2 
Saki Tsumugiwa       Yoshiaki Kurosawa        Kazuya Mera     Toshiyuki Takezawa 

*1   *2   
School of Information Sciences                                           Graduate School of Information Sciences 

Hiroshima City University                                                        Hiroshima City University 

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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Noise reduction of live image in scanning electron microscope

*1 *1 *1

Fuminori Uematsu Masahiko Takei Mitsuyoshi Yoshida

*1

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.
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Truthful Dynamic Pricing Mechanisms for On-demand Mobility Services

∗1
Keiichiro Hayakawa

∗2
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∗2
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.
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Multi-agent simulation tool incorporating group evacuation behavior model

Ryusei Ishida Masanori Akiyoshi

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.
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耳音響認証における観測ゆらぎ軽減手法の一検討
A study of observation fluctuation reduction method for ear acoustic authentication
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Takafumi Koshinaka

矢野　昌平 ∗1

Shohei Yano

∗1長岡工業高等専門学校
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∗2日本電気株式会社
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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.

1. はじめに

指紋や顔による生体認証は普及が進んでいる．多くの場合，
認証はサービス開始時に行われる．そのため途中でユーザが入
替わる「なりすまし検知」が困難である．我々は，新たな生体
情報として耳穴（外耳道）に着目し，耳音響認証を提案した．
耳音響認証はマイクロホン内蔵イヤホンにより外耳道の音響伝
達特性を取得し，特徴量として用いる．イヤホンの装着具合等
により特徴量に差異を生じる．これを観測ゆらぎと呼ぶ．我々
は過去に，2つのマイクロホンを 90 deg に配置したイヤホン
を作成し，角度の異なるマイクロホンからの特徴量を利用する
ことで，特徴量の角度データを補間し，観測ゆらぎ等に対して
強靭な認証になると考え検討を行った．しかし，画期的な精度
向上は得られなかった．特徴量の扱い方と角度の補間に問題が
あると考えられる．本研究では，さらに角度データを補間する
ため，90 deg ずつに 4つのマイクロホンを内蔵したイヤホン
を作成し，各マイクロホンからの特徴量の取り扱い方法と補間
方法とを検討することで，観測ゆらぎ軽減により精度向上の可
能性を実験的に検討する．また，観測ゆらぎの要因について，
特徴量の分散の観点から考察を行う．

2. 実験方法

耳音響特性は図 1(a)に示す測定システムを用いて，MLSイ
ンパルス応答測定法により測定する．実験は 10∼40歳代の男女
38人に対し，左耳測定，4 ch，10回/人，毎回着脱をして測定
を行う．90 degずつにマイクロホンを配置できるように図 1(b)

のように設計し，3Dプリンタで筐体を出力する．測定した耳
音響特性に対し，最小位相系を用いてインパルス応答が先頭に
なるように処理する．このとき，信号長は 16384次元 (0.3715

秒) を先頭から 256 次元で切り出す次元削減処理をしたもの
を特徴量として用いる．特徴量に対して，SVM(linear karnel，
C = 100，γ = 0.001)を用いて識別精度を算出する．識別性能
指標として等誤り率（equal error rate : EER）を用いる．EER
は，誤って他人を本人と識別した確率（fail acceptance rate

連絡先: 長岡高専電気電子システム工学科音響工学研究室
E-mail: syano@nagaoka-ct.ac.jp

: FAR）と誤って本人を他人と識別した確率 (fail recognition

rate : FRR) とが等しくなる値であり低いほど良い性能であ
ることを示す.
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(a) ブロック図 (b) イヤホン分解図

図 1: 耳音響特性の測定システム

本研究では，4 ch分の特徴量の取り扱いとして次の 4手法
を用いる. 手法 1⃝として各 chを個別に用いる手法. 手法 2⃝と
して 4 ch 分の特徴量を時間軸で連結し用いる手法. さらに，
本報告において提案する手法 3⃝および手法 4⃝で EERを算出し
比較検討する. 手法 1⃝においては，図 2のようにデータセット
を分けて EERを算出する．図 2では，Sub0を本人，Sub1を
学習しない他人，その他を学習する他人として分ける場合を示
している. 各ユーザ 10個の耳音響特性のうち，本人データと
して 5個を学習，残り 5個をテストとして用いる．手法 2⃝で
は 4ch 分の特徴量を時間軸で連結させたものを特徴量を用い
る. 手法 3⃝では図 3のようにデータセットを分け， 4 ch分の
特徴量を同一のラベルとして取扱う．図 3 において，テスト
のデータ数は 4 ch分を同一ラベルとして取扱うため Sub0で
20個，Sub1で 40個の合計 60個となる. 手法 1⃝とデータ数を
合わせるため，Sub0より 5個，Sub1より 5個を無作為に抽
出し EER を算出する．Sub0∼Sub37 を変更した全組合せで
EERを算出しその平均 EERを導出する．手法 4⃝では，ch間
のデータを足し合わせ 2で割る補間処理により補間データを作
成する. 補間処理は 45 deg 毎に設置された 8個のマイクロホ
ンからの耳音響特性を得ることを模擬している. 補間処理で得
られたデータは学習に用い，テストデータには用いない. 他手

1
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法と同様に EERを算出し平均 EERを導出する. 手法 1⃝∼ 4⃝
において学習データとテストデータとには重複はない. それ以
外の特徴量は提案手法 1⃝と同様に学習させ，テストデータに
は本人 5個，他人 5個で無作為に抽出を行ったものを用いる．
さらに手法 1⃝， 3⃝， 4⃝において，特徴量の周波数振幅特性

から，周波数に対するクラス内分散 VW とクラス間分散 VB を
導出し，耳道音響特性に含まれる観測ゆらぎの要因について検
討を行った．
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図 2: 手法 1⃝の学習データとテストデータの分割
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図 3: 提案手法 3⃝の学習データとテストデータの分割

3. 実験結果

図 4に，手法 1⃝∼ 4⃝の平均 EERを示す. 本報告での提案手
法である手法 3⃝， 4⃝が，他手法の EERより 2∼3%ほど低下し
精度が向上している．また，両耳の特徴量を用いた際に識別精
度向上に有効であった手法 2⃝よりも，精度が向上している. こ
れより提案した手法 3⃝， 4⃝は有効であると考えられる. 図 5，
6に手法 1⃝， 3⃝， 4⃝の各 ch特徴量のクラス内分散，クラス間
分散と周波数との関係を示す. 図 5，6において，手法 4⃝は手
法 3⃝の特徴量の線形的な拡張であり同じ分散を示す. クラス間
分散は複数のチャンネルを同一ラベルとして扱っても各チャン
ネルと同じ分散を示している．クラス内分散は提案手法のとき
に大きくなっており，各チャンネルで得られる特徴量に差異が
あることがわかった．この結果より，マイクロホンの角度を変
えたことで得られる特徴量が変化することが明らかになった．
クラス内分散が手法 3⃝， 4⃝では悪くなっていることから，この
手法では SVMへの学習の質が悪くなっているといえる．しか
し，識別精度は向上している．これは，角度データが多くなっ
たことで観測ゆらぎを補間したことによるものと，各チャンネ
ルで特徴量を扱うよりも手法 3⃝， 4⃝の方が学習データが多いこ
とによるものと 2つが考えられる．提案した手法 3⃝と手法 4⃝
を比較すると，手法 4⃝の方が精度が向上しているが，0.2%ほ
どである．このことから，角度データが多くなったことで観測
ゆらぎを補間できることが示唆される．また，今回の実験で手
法 3⃝， 4⃝の精度が向上したのは，学習データ数が多くなった
ことに大きく寄与していると考えられる．また，図 5より，マ
イクロホンの違いによる周波数特性の違いは低周波に現れるこ
とがわかった．

4. まとめ

耳音響認証における測定時の観測ゆらぎの軽減手法を検討
した．90 deg ずつに配置したマイクロホンを 4つ内蔵したイ
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図 4: 特徴量の扱い方と精度の関係

図 5: 周波数軸上の特徴量のクラス内分散

図 6: 周波数軸上の特徴量のクラス間分散

ヤホンを用いることで，異なる特徴量を得られることがわかっ
た．異なる特徴量を同一に学習させると，精度が悪くなりそ
うだが，今回の実験では精度は良くなった．角度データが多く
なったことで観測ゆらぎを補間したことによるものと，各チャ
ンネルで特徴量を扱う手法 1⃝よりも提案した手法 3⃝， 4⃝の方
が学習データが多いことによるものとが考えられる．複数のマ
イクロホンを内蔵したイヤホンを用いる手法は有効であること
がわかった．加えて，既成品のイヤホンにマイクを 1つ取り付
けた場合の EERは 2%なので，イヤホンの設計が重要である
ことがわかった．4 chイヤホンを作成した小林毅範氏に感謝
する．本研究は JSPS科研費 JP16K00182の助成を受けたも
のです.
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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

Michihiro Jinnai *1                                                                Edward James Pedersen *2

*1 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.

1. Introduction 
Human beings, dogs, cats, and other such mammals exhibit a 

“sense of similarity” in their perception of sounds and sighted 
objects. To emulate this sense of similarity algorithmically in a 
“similarity scale” is an important objective for developing 
computer intelligence.

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 
similar to, or the same as each other, and a long ‘distance’ for two 
patterns that humans would consider as dissimilar.

Euclidean distance and cosine similarity are widely used to 
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 
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, 
Australia 2012, Cooperative bird differentiates between the calls 

of different individuals, even when vocalisations were from 
completely unfamiliar individuals. Biology Letters 8: 365-368). 

Contact: Michihiro Jinnai, mjinnai@nagoya-wu.ac.jp

Fig. 1 Spectrogram of bird vocalisation

Fig. 2  Processing procedure in recognition system
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The upper diagram of Fig. 1 shows a spectrogram (time-
frequency-power) of the exact same signal. In Fig. 1, the 
waveform has been segmented with 18.8msec frame width and 
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 
[4][5].

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 

Fig. 3  Typical example of “difference”

Fig. 4  Typical example of “wobble”
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Fig. 8  Shape change of reference patterns

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 , then b = 0 (Fig. 6(b)). If the tail on the left side of the
probability distribution is longer than the right side, then b < 0 (Fig. 
6(a)). Conversely, if the tail on the right side of the probability 
distribution is longer than the left side, then b > 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, i = 1, 2, … , m) of the standard and input sounds are 
divided by their total energy, so that normalized power spectra si
and x i 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 ri 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.

(1)

Next, we explain Eq. (1) using Figs. 8(a)-(e).
Fig. 8(a) gives an example of the case where the standard and 

input patterns have the same shape. Because values ri 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.

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 i decreases at peak position i of each 
standard pattern. At the same time, value r i increases at peak 
position i of each input pattern.

and the input pattern where a “wobble” occurs in the flat shape. 
Because values r i increase and decrease alternatively in Eq. (1) 

Fig. 5 Shape change and kurtosis value ‘a’

Fig. 6 Shape change and skewness value ‘b’

Fig. 7 Standard and input patterns
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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 ‘a’ and 
the skewness ‘b’ with a kurtosis ‘A’ and a skewness ‘B’ shown in 
the following equations.

(2)

Where, L i (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 ‘a’ and the kurtosis ‘A’ 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 A and skewness B. The kurtosis and the 
skewness of the reference pattern can be calculated using Eq. (2). 
Figs. 8(a)-(e) show how A and B vary with ri.

In Fig. 8(a), the values ri do not change. The kurtosis becomes 
A = 3 and the skewness becomes B = 0.

In Fig. 8(b), the position i of the decreased r i and that of the 
increased r i are close. Because the effect of an increase and a 
decrease is cancelled out, the kurtosis becomes A 3 and the 
skewness becomes B

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 A << 3 and the skewness becomes B >> 0.

In Fig. 8(c), because the shape of the reference pattern is an 
intermediate state between (b) and (d), the kurtosis becomes A < 3 
and the skewness becomes B > 0.

the normal distribution, and the kurtosis becomes A 3 and the 
skewness becomes B

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

|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 A 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 A 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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Fig. 9  Result of pattern matching for bird call recognition in a noisy environment
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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.
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Zhao NCM

[Li 16a]

KgCVAE (Knowledge-

guided Conditional Variational Autoencoder)

KgCVAE Encoder

Decoder

NCM Decoder

NCM

[Zhou 18, Li 16b]

NCM SCE (Softmax Cross Entropy Loss)

Decoder

[Zhou 18]

NCM (Generative Ad-

versarial Net; GAN)

[Li 17a]

Generator

Generator

Discriminator 2

NCM

GAN

3.

NCM GAN

NCM ( NCM)

Generator (G) G

1
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Discriminator (D) 2

G

D

[Li 17a]

GAN NCM

3.1 NCM
M =

{Mi−1,Mi−2, . . . ,Mi−n} di
Ri = {w1, w2, · · · , wI} n

J NCM

1 Encoder-decoder

NCM[Tian 17]

Encoder-Decoder Decoder

t ht−1

wt xt

ht−1 di
e xt vt = e⊕ xt

NCM
∗1

RNN LSTM GRU

SRU (Simple Recurrent Unit)

[Lei 17] Encoder Decoder

SRU 2 1024

256

100 Encoder n 5

SCE

Perplexity

1: NCM

3.2
(GAN) SeqGAN

(Sequence Generative Adversarial Net) [Yu 17, Li 17a]

GAN

Generator

Disciriminator Generator

SeqGAN

Generator

∗1 wt d
xt, e

GAN

GAN Generator, Discriminator

3.2.1 Generator (G)

Generator

SeqGAN Discriminator

Q(M,R, d) Generator

Generator

[Williams 92]

J
∗2 π R

NCM

Generator

J(θ) = ER∼p(R|M,d)(Q(M,R, d)|θ) (1)

∇J(θ) ≈ Q(M,R, d)∇ log π(R|M,d) (2)

= Q(M,R, d)∇∑
t log π(wt|M,d,w1:t−1) (3)

3.2.2 Discriminator

2 Discriminator

• Implicit-Discriminator; M R

d R ( )

(Generator ) 2

Generator R

Q(M,R, d)

Discriminator

• Explicit-Discriminator; M d
R R Generator

Discriminator
N N +1

Q(M,R, d) Generator R

d
Discriminator

Discriminator 2 Utterance Encoder

Dialogue Encoder RNN Discrimi-

nator Generator RNN

SRU Discriminator

SRU 1 1024

256

100 512

Discriminator SCE

4.

4.1
NCM DailyDi-

alog Corpus[Li 17b] 13,118

Inform (4,6532 ) Questions (29,428

) Directives (17,29 ) Commisive (9,724 )

∗2

2
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1: NCM
Perplexity Average Greedy Extreme Distinct-1 Distinct-2 Accuracy

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

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

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

2: Implicit-Discriminator Explicit-Discriminator

4

(11,118 ) (1,000 )

(1,000 )

NCM 2,5000

“UNK”

Li [Li 17a]

D-step G-step 4 20

batch size 32 Disciriminato

SGD ( 1e-3) Generator Adam (

1e-5) ∗3

Algorithm 1
1: for number of iteration do
2: for number of D-step do
3: sample (M,R, d) from training data

4: generate response R̂ using G on (M,d)

5: update D using (M, R̂, d) and (M,R, d)

6: for number of G-step do
7: sample (M,R, d) from training data

8: generate response R̂ using G on (M,d)

9: compute reward r for (M, R̂, d) using D

10: update G on(M, R̂, d) using r

4.2

(Relevance) (Diversity) (Contorollability)

3

• (Relevance);

Embedding Average Greedy Matching

Vector Extreme [Liu 16] ∗4

∗3 800 iteration
∗4 [Liu 16]

• (Diversity);

Distinct-1 Distinct-2 Distinct-1
(Distinct-2)

unigram (bigram)

unigram (bigram)

[Li 16a]

• (Contorollability);

(Accuracy Precision Recall F1)
∗5

( 0.8303)

5.

1 NCM

NCM SCE

Adversarial-Implict Adversarial-

Explicit Implicit-Discriminator Explicit-

Discriminator GAN

(greedy)

(sampling) beam search ( 5) (beam)

3

5.1
GAN Adversarial-Implicit

decoding GAN

NCM Vector Extreme

sampling

greedy

0.0523

Adversarial-Explicit

deocding GAN

NCM (Greedy Matching & Vector

Extreme)

greedy 0.0199

sampling 0.0396 beam search

0.0157

Adversarial-Explicit Generator

Adversarial-

Implicit

wikiepedia fastText
(300 )

∗5 Explicit-Discriminator

3
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GAN 2 GAN

NCM Perplexity

GAN

Peprlexity [Tevet 18]

5.2
2 3 Adversarial-Explicit

beam search sampling

GAN NCM

Inform 2639 Questions 1679

Directives 938 Commisive 484

2: (beam search)
Precision Recall F1

Inform 0.8855 0.9231 0.9039 (+0.0125)
Questions 0.9699 0.9976 0.9836 (+0.0060)
Directives 0.9263 0.6695 0.7772 (+0.0622)

Commisive 0.5976 0.7211 0.6536 (+0.0187)

Macro Avg 0.8448 0.8278 0.8296 (+0.0249)
Weighted Avg 0.8926 0.8864 0.8854 (+0.0111)

3: (sampling)
Precision Recall F1

Inform 0.8766 0.9075 0.8918 (+0.0256)
Questions 0.9086 0.9774 0.9418 (+0.0214)
Directives 0.7963 0.6375 0.7081 (+0.1126)

Commisive 0.6364 0.5930 0.6139 (+0.0587)

Macro Avg 0.8045 0.7789 0.7889 (+0.0546)
Weighted Avg 0.8526 0.8573 0.8530 (+0.0293)

2 3 GAN NCM

Adversarial-Explicit

F

F

sampling

Quenstions

F Questions

5W1H

(

)

Directives beam search

0.0622 sampling 0.1126

F Commisive

beam search 0.0187

sampling 0.0587 F

6.

Generator

(

)

JST (JPMJPR165B) JST CREST

(JPMJCR1513)

[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
arXiv: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)
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Improvement of Knowledge Graph Completion Using Label Characters
for Questions to Acquire Knowledge in Dialog Systems

∗1
Yuma Fujioka

∗1
Katsuhiko Hayashi

∗2
Mikio Nakano

∗1
Kazunori Komatani

∗1
The Institute of Scientific and Industrial Research, Osaka University

∗2( )
Honda Research Institute Japan Co., Ltd.

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.

[ 18]

[Angles 08]

[Kadlec 17]

:

8-1 Tel:06-6879-8416

E-mail:fujioka@ei.sanken.osaka-u.ac.jp

2.

2.1

E R ei ek ∈ E wj ∈ R
(i, j, k) i j k

2

G
1

.

1 1© .

( )

.

.

.

1 2©
1 3©

1 4© .

3

1
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1:

2.2 ComplEx
2

|E| × |R| × |E| 3 X
X (i, j, k) xi,j,k

xi,j,k =

{
1, (i, j, k) ∈ G;
−1, otherwise.

(i, j, k)

P (xi,j,k = 1)

φ

P (xi,j,k = 1) = σ(φ(i, j, k; Θ))

σ( ) Θ

ComplEx[Trouillon 16]

ComplEx

. ComplEx φComp

C
n n- ei ek ∈ C

D wj ∈ C
D

D

Re(x) x

φComp(i j k; Θ) = Re(< wj , ei, ek >)

v l vl
< a b c >:=

∑
k akbkck v v

3.

2.2

2: N = 2

N

N

2 N = 2 2

1 2

subs

prefix N suffix N

2 2

subs

4.

4.1

2.1

|E| = 7289

|R| = 14 22321

5.88

3.18

2
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1:

Hits@
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

2: Hits@K N = 3 Baseline

Hits@
1 3 5 10

is a 0.157 (+0.140) 0.284 (+0.216) 0.331 (+0.240) 0.389 (+0.243) 795
0.056 (+0.047) 0.108 (+0.075) 0.158 (+0.107) 0.238 (+0.115) 702

popularity 0.119 (+0.108) 0.377 (+0.238) 0.565 (+0.308) 0.736 (+0.169) 639
0.828 ( −0.108) 0.980 (+0.010) 0.982 (+0.008) 0.986 (+0.012) 501

meal type 0.578 (+0.516) 0.878 (+0.609) 0.916 (+0.477) 0.950 (+0.235) 417
0.130 (+0.115) 0.367 (+0.315) 0.536 (+0.382) 0.682 (+0.279) 330
0.297 (+0.246) 0.572 (+0.381) 0.674 (+0.347) 0.801 (+0.220) 236

restaurant 0.385 (+0.261) 0.578 (+0.280) 0.646 (+0.211) 0.714 (+0.180) 161
0.239 (+0.159) 0.487 (+0.336) 0.522 (+0.301) 0.611 (+0.310) 113
0.000 (±0.000) 0.030 (±0.000) 0.061 (+0.030) 0.091 (+0.030) 33

typical side 0.056 (+0.056) 0.111 (+0.111) 0.222 (+0.167) 0.278 (+0.222) 18
0.000 (±0.000) 0.000 (±0.000) 0.063 (+0.063) 0.063 (+0.063) 16
0.000 (±0.000) 0.067 (+0.067) 0.133 (+0.067) 0.133 (+0.067) 15
0.182 (+0.091) 0.364 (+0.273) 0.455 (+0.273) 0.455 (+0.182) 11

4.2
4.1 5

4 G′ 1

H′ 5

H′

Hits@K MRR Hits@K

(i′, j′, k′) ∈ H′ k′

φComp(i
′, j′, k′; Θ)

K MRR

φComp(i
′, j′, k′; Θ)

N = 1 2 ... 7

Hits@K MRR

1 4464

ComplEx

200

[Trouillon 16]

Adagrad 1000

5

4.3
1 5 N

Hits@3 5 10 N

Hits@1 N = 3

N = 4 5 ...

MRR N = 3

(

is a )

2987 1

( )

8 1

4.4

4.2 Hits@K

2 1 Hits@1

N = 3 2

Hits@3 5 10

. is a

. 100

Hits@3 5 10

Hits@1

.

1 1 1

3
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3: Baseline

5.

5.1
2.1

1

1

4.4

H′

1

3 4 1

1

3 4 N = 3

−2

4 7

4.4

3

1 H′

3 4

4464 (i′, j′, k′) ∈ H′

(i′, j′, ?)

2.1

3

0.8 Baseline

N = 3

5.2

4.2

4: N = 3

3: BL Baseline

H′

x N=3 BL N=3 BL
0.8 453 468 2.034 0.210
0.7 472 469 0.906 −0.333
0.6 497 472 0.160 −0.710
0.5 550 477 −0.592 −1.066
0.4 619 480 −1.280 −1.451

N = 3 2

5 −4.00 N = 3

1 −1.68

(

)

7 −4.13

N = 3 1 −1.66 ”

”

6.

[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)

[ 18] , , ,

, SIG-SLUD, Vol. B5,
No. 02, pp. 88–89 (2018)

4

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

3Rin2-28



Acquisition and Utilization of Trivia for Conversational News Contents Delivery

∗1

Hiroaki Takatsu

∗1

Yoichi Matsuyama

∗2

Hiroshi Honda

∗1∗3

Shinya Fujie

∗1

Tetsunori Kobayashi

∗1

Waseda University

∗2

Honda R&D Co.,Ltd.

∗3

Chiba Institute of Technology

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 (EoIT).

1.

[ 18]

EoIT; Efficiency of Information Transfer

[Brown 84, Palincsar 84,

ProMarketing Wizard 13, Voices Heard Media 13]

[ 10]

:

162-0042 27

E-mail: takatsu@pcl.cs.waseda.ac.jp

2.

2.1

[Brown 84, Palincsar 84, ProMarketing Wizard 13,

Voices Heard Media 13] Brown Palincsar

[Brown 84, Palincsar 84]

[ 17]

IDF

[ 18]

Wikipedia TF-IDF

[ 09]

Prakash Superlative Words

Rank SVM

[Prakash 15] Tsurel

surprise

cohesiveness

Wikipedia

[Tsurel 17] Fatma

(entity, predicate, object)

CNN

[Fatma 17]

Fatma

2

LSTM self-attention

[Lin 17]

1
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2.2

rapport

Spencer-Oatey

[Spencer-Oatey 05] [Zhao 18]

[Kang 12] [Zhao 14]

Pecune

[Pecune 18]

[ 10]

3.

LSTM self-attention [Lin 17]

1

3.1

n (x1,x2, ...,xn)

xi i one-hot

d

LSTM LSTM

u

ei = Wxe · xi (1)
−→
h i = LSTM

(−→
W eh · ei +

−→
Whh ·

−→
h i−1

)
(2)

←−
h i = LSTM

(←−
W eh · ei +

←−
Whh ·

←−
h i+1

)
(3)

LSTM LSTM
n H

hi =
[−→
h i||

←−
h i

]
(4)

H = (h1,h2, ...,hn) (5)

H attention
r r× da Ws2

da

A = softmax
(
Ws2tanh

(
Ws1H

T
))

(6)

attention A H
S r × 2u

S 2ru s

1:

1:

2500 100 126

2500 100 126

2:

S = AH (7)

s = [S[1]||S[2]|| · · · ||S[r]] (8)

y = σ (Wsys+ b) (9)

3.2

Web Wikipedia

3.2.1

Web Wikipedia

3 (1)

(2) (3)

1

2

d

100 LSTM u 100 attention da

100 attention r 5

2 〈unk〉

4790

2
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3: %

Accuracy

97.2 97.6 96.8

2:

s

3.2.2

3

97%

s

2

3.3 Wikipedia

Wikipedia

(1)

(2) (3)

Wikipedia 100 10

4.

[ 18]

4.1

• 1:

• 2:

• 3:

• 4:

• 5:

4:

· · · · · · · · ·

5:

ID

I1

C1

C2

C3

M1

M2

P1

P2

P3

R1

4.2

2

• 1:

• 2: 1

2 4

1 2

4.3

8

3 33.7 9

5 I1

R1

Tickle-Degnen Co-

ordination Mutual Attentiveness

Positivity 3

[Tickle-Degnen 90] C1,C2,C3 M1,M2

P1,P2,P3

5 5 4

3 2

1

5

5 4

3 2

1 4

2

3
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3: 4:

5: † : p < 0.1 6:

7: ∗ : p < 0.05, ∗∗ : p < 0.01

4.4

t

3

4

I1 R1

5 6

7 C2 C3

6

3 4 5

1 2

5.

97%

EoIT;

Efficiency of Information Transfer
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[Fatma 17] Fatma, N., Chinnakotla, M.K., and Shrivastava, M.: The un-

usual suspects: Deep learning based mining of interesting entity trivia
from knowledge graphs, in Proceedings of the Thirty-First AAAI Con-
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[ 10] : , , ISBN 978-4-08-771365-7 (2010)
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Generative Adversarial Networks
toward Representation Learning for Image Captions

Yuki Abe Takuma Seno Shoya Matsumori Michita Imai

Department of Science and Engineering, Keio University

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.
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[2]

[3]

LaTextGAN[4]

conditional GAN[5] LaTextGAN

InfoGAN[2]
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1: GAN

G D

X

2.4 InfoGAN
InfoGAN[2] GAN

c ∼ pc(c) pc(c)

G z c G(z, c)

InfoGAN 1 GAN

Q(G(z, c))

LI

min
G,Q

max
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λI LI
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2.5 Variational AutoEncoder
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θ VAE DKL
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4: ResBlock BN LReLU

LeakyReLU ResBlock

(ResBlock down) bypass residual pass

ResBlock
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ResBlock
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Speech extraction from conversation based on image-to-image translation using deep neural networks 

*1 *2 *1 *1 *1 
Kosuke Takaichi Yoshio Katagami Yoshiaki Kurosawa Kazuya Mera Toshiyuki Takezawa  

*1                                  *2  
           Graduate School of Information Sciences                                                         School of Information Sciences  

Hiroshima City University                                               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. 
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An anti-noise performance comparison between acoustic features 
in detecting voice pathology using machine learning 

*1*2 *2 *1*2 *1*2 *2 
 Kouta Suzuki Shuji Shinohara Nobuhito Manome Kosuke Tomonaga Shunji Mitsuyoshi 

 *1      *2  
 SoftBank Robotics Corp.                        Graduate School of Engineering, The University of Tokyo 
 

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(MFCC) 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. 
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Construction of Corpus for Text Simplification by Sentential Alignment based on  
Decomposable Attention Model 

 *1 *1 
 Koichi Nagatsuka  Masayasu Atsumi 

*1  
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.  
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3. Decomposable Attention Model(DAM) 
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What’s Here Like ? Analysis of Web Search Log Based on User’s Location

∗1
Tatsuru Higurashi

∗1
Kouta Tsubouchi

∗1
Yahoo Japan Corporation

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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pi ni Yahoo!

, Q . pi ni

, 1, 0

Q one-hot v ∈ {0, 1}Q
.
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pi ∈ Upos} ,

Uneg v
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Dpos Dneg ,LIBLIN-

EAR∗1 .

,Q

. C

, C

.
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,
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.

4.

,

.

, Yahoo!

JAPAN ∗2 Andorid iOS

,
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.

, .

, .

∗1 https://www.csie.ntu.edu.tw/ cjlin/liblinear/
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t1 − t0 > S , . S
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, ti = t0 + S ∗ i

xi,yi, ai .

xi = x0 + (x1 − x0) ∗ ti − t0
t1 − t0

(2)

yi = y0 + (y1 − y0) ∗ ti − t0
t1 − t0

(3)

ai = a0 + (a1 − a0) ∗ ti − t0
t1 − t0

(4)

,

Yahoo! JAPAN ID Yahoo!
∗3 .

5.
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. ,
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, . 3

, .

5.1 ( )
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3 7 ,

, 7 .

∗3 https://search.yahoo.co.jp/
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∗7 https://www.njpw.co.jp/tornament/163210

,

.

,

.

, 4

.

, .

,

. ,

,

.

6.

, Yahoo! JAPAN

,

,

.

,

. ,

.

,

,

.

,

.

.

[Fan 14] Fan, Z., Song, X., and Shibasaki, R.: CitySpec-

trum: A non-negative tensor factorization approach,

UbiComp (2014)

[Nishi 14] Nishi, K., Tsubouchi, K., and Shimosaka, M.:

Extracting Land-use Patterns Using Location Data from

Smartphones, URB-IOT (2014)

[Okawa 17] Okawa, M., Kim, H., and Toda, H.: Online

Traffic Flow Prediction Using Convolved Bilinear Pois-

son Regression, MDM (2017)

[Shimosaka 15] Shimosaka, M., Maeda, K., Tsukiji, T., and

Tsubouchi, K.: Forecasting Urban Dynamics with Mobil-

ity Logs by Bilinear Poisson Regression, UbiComp (2015)

[Wanaka 16] Wanaka, S. and Tsubouchi, K.: Location His-

tory Knows What You Like: Estimation of User Prefer-

ence from Daily Location Movement, Urb-IoT (2016)

[Yabe 17] Yabe, T., Tsubouchi, K., and Sekimoto, Y.:

CityFlowFragility: Measuring the Fragility of People

Flow in Cities to Disasters Using GPS Data Collected

from Smartphones, Ubicomp (2017)
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0.67 1.596 0.157
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Extraction of Relevance between Regions and Domestic Enjoyments
based on News Site App Users’ Interest

∗1∗2
Kota Kawaguchi

∗2
Tatsukuni Inoue

∗2
Seiya Osada

∗2
Tatsuo Yamashita

∗1
Graduate School of Systems and Information Engineering, University of Tsukuba

∗2
Yahoo Japan Corporation

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.

1.

2018 3119

[1]

[2] [3]

Yahoo! [4] Yahoo!

2. Yahoo!
Yahoo!
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[4]

Yahoo!

1
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1:

2:

3.4

2

1.

2.

1 3.3 ,

2

4.

4.1

47 52

99 52

145 160

1

4.2

Simpson

( 2) X Y Simpson

[6]

Simpson(X,Y ) =
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X = Y =

|X|
|Y |

|X ∩ Y |

X = Y = |X|
|Y |

|X ∩ Y |

5.
2018 11 8
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Recall = 1 Precision
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[2] , , , .

. 8 DEIM
, 2016.
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Implementation and Evaluation of an Interpretable Fake News Detector

∗1
Kazuya Yamamoto∗1

∗2
Satoshi Oyama

∗2
Masahito Kurihara

∗1
School of Engineering, Hokkaido University

∗2
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. Some high probability words were interpretable as reasons for fake news but longer phrases had better be
considered as clues for fake news.

1.
SNS

2016 12 4 SNS

∗1

.

[Granik 17]
,

74 .

: yamamoto@complex.ist.hokudai.ac.jp
∗1 https://www.cnn.co.jp/usa/35093206.html

[Granik 17]

2.
[Granik 17]

,

.

5
[Granik 17]

,

WEB
.

[Feng 13].
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3.
3.1

[Granik 17]

[Granik 17]

3.2

LIAR∗2 LIAR [Wang 17]

POLITIFACT.COM∗3 API

1.2 ID 6
(pants-fire, false, barely-true, half-true, mostly-true,

true)

6
pants-fire, false, true pants-fire false

Fake

3.3

2

0.04
0.68 [Granik 17]

Python NLTK∗4

F

9328

30 1 socialists muslim
bad

2

responsible
is responsible for

∗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

1:

socialists
Say Oregon Reps. Peter DeFazio and Earl
Blumenauer are socialists who are openly
serving in the U.S. Congress.

muslim
Says large majority of Republicans believe
Obama is a Muslim and not U.S.-born.

bad
The Mexican government forces many bad
people into our country.

2:

4.

SNS

[Feng 13] Feng, V. W. and Hirst, G.: Detecting deceptive
opinions with profile compatibility, in IJNLP, 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

∗1
Masaki Arata

∗2
Fumito Masui

∗3
Michal Ptaszynski

∗1
Kitami Institute of Technology Department of Computer Science

∗2∗3
Kitami Institute of Technology School of Regional Innovation and Social Design Engineering

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.

Web SNS

[1]

[2] [3] PMI-IR

, (CRM
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3

3 90%

[4] CRM

Zhang [5]
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m1852400016@std.kitami-it.ac.jp
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BLEU

2.1 BLEU
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2 N-
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BLEU 0 1 0 1

Pn =
n− gram
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N∑

n=1

1

N
logPn) (3)

2.2 BLEU
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ral Network” 15th IEEE International Conference on Machine Lear-
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Twitter

Automatic Impression Indexing based on Appraisal Dictionary from Tweet

Runa Yamada Sho Hashimoto Atsuhiro Yamada Noriko Nagata

Kwansei Gakuin University

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.
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4: 77
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Catch Me if Yahoo Can: Hotel Recommendation for Potential Travelers using Transit App Log 

 *1  *1  *1  *1 
Mikiya Maruyama Kotaro Takahama Kota Tsubouchi Teruhiko Teraoka 

*1  
  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. 
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[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)  
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"Exploiting Contextual and External Data For Hotel 
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Official document simplification using neural machine translation approach

∗1
Takumi Maruyama

∗1
Kazuhide Yamamoto

∗1
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.

2,800 ∗1 232
∗2

[ 10]

3

2.

[ 13]

:

1603-1 maruyama@jnlp.org
∗1 https://www.jnto.go.jp/jpn/statistics/visitor_trends

∗2 https://www.e-stat.go.jp

1.

2.

3.

4.

1 3

[Moku 12]

[ 09] BLEU

20

3

1: 2: 3: 3

7.5%

[Bahdanau 14,

Luong 15, Gehring 17, Vaswani 17]

[Maruyama 17, Nisioi 17, Zhang 17, Surya 18,

Zhao 18]
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3.

[ 13]

( )

40

1,101

3

• :

• :

• :

[ 08] 2 (

N2)

• :

( )

• :

• :

• : .

3

1

1:

35,861 35,809 32,841 27,588

25.32 28.55 26.20 24.74

14,848 11,337 10,243 9,259

1: Transformer

4.

34,000 1,000

861

(4.1 ) BLEU,

SARI(4.2 )

4.1 Transformer
Vaswani

Transformer [Vaswani 17] 1

Transformer encoder( 1 ) multi-head

self-attention Feed Forward Neural Network

L multi-head self-

attention e(s′,l)
e(s,l)

e(s,l) =
∑

s′
αenc
(s′,l)e(s′,l−1) (1)

αenc
(s′,l) = a(e(s′,l), e(s′,l−1), H) (2)

αenc
(s′,l) l s’ attention distri-

bution a( ) multi-head self-attention

H decoder( 1 )

2
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encoder encoder atten-

tion 1 multi-head attention

encoder d(s,l)

d(s,l) =
∑

s′
αdec
(s′,l)d(s′,l−1) (3)

αenc
(s′,l) = a(d(s′,l), d(s′,l−1), H) (4)

2 multi-head attention encoder

multi-head attention

c(s,l)

c(s,l) =
∑

s′
αdec2
(s′,l)e(s′,l−1) (5)

αenc
(s′,l) = a(d(s′,l), e(s′,l), H) (6)

P = logP (O|I, θ)
O I θ

nwjc2vec[ 17](pre-emb.)

(tied-emb.)

Zhao 4

5 0.3

nwjc2vec

200

4.2

3

(

)

BLEU SARI[Xu 16]

BLEU

[Vu 18]

SARI

3

n-gram precision recall

( )

SARI

[Xu 16, Vu 18]

5.

2 Origin

NTS Nisioi

nwjc2vec

200

2:

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

NTS, Transformer Original

BLEU, SARI

NTS

(NTS + pre-emb.)

(NTS

+ tied-emb.) BLEU SARI

Transformer

(Transformer + tied-emb.)

Transformer

BLEU 8.0 SARI 2.5

BLEU 11 SARI

6.1 Transformer

6.

40

3

Transformer

Transformer

3
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Neural Error Detection for Weather Forecast Manuscript by Pseudo Error Corpus

∗1
Naruhisa Shirai

∗2
Masatsugu Hangyo

∗1
Mamoru Komachi

∗1
Tokyo Metropolitan Univercity

∗2
WEATHERNEWS INC.

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.

RNN

[9]

∗1 2

1

[4]

•
: shirai-naruhisa@ed.tmu.ac.jp

∗1 https://weathernews.jp

1:

•

2.

n-gram

[5]

[8] 2

[4]

1
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CRF

Bi-LSTM RNN

SNS Lang-8

- [6]

RNN

3.

3.1

2014 2015 2

100,931

1 5

2014

2,575 7,765

5

JUMAN7.0∗2

3

3.2
3.1

2

∗2 http://nlp.ist.i.kyoto-u.ac.jp/index.php?JUMAN

2:

1:

90 5 2

76 5 6

190 8 20

356 18 28

7,765 3,842 2,971

2014

2015 1

5 0 5

200

2,400

6,813

100 1,200

1

3.3

[4]

3.2

2
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3:

4:

1

KyTea [2]

Google API ∗3

3

2 1

3.2

w wi = {w1, w2, ...wL}

4

1

1

4.

4.1
Bi-LSTM [1]

S = (w1, w2, · · · , wn) wt

et ∈ R
de×1 n de

LSTM−→
ht ∈ R

dh×1 ←−
ht ∈ R

dh×1

dh
−→
ht

←−
ht

h
(lstm)
t ∈ R

2dh×1 h
(lstm)
t

pt ∈ R
t×1 t

∗3 https://www.google.com/inputtools/try/

2: orig 3.2

pp

conv

orig 7,765

orig+pp 115,744

orig+conv 115,744

orig+pp+conv 225,305

2

pt = softmax(Whh
(lstm)
t + bh) (1)

Wh ∈ R
v×dh bh ∈ R

v×1

v

loss

loss = −
∑

ytlogpt (2)

yt

4.2
[7]

300

PyTorch 1.0

0.5

1

1024 200 −0.1
0.1 64

ADADELTA [3]

3.2

2

4.3
3

3.2

4 orig+conv

orig+pp

3
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3: pp*

@

orig 0.00 0.00

0.00 0.00

orig+pp* 0.00 00.0

0.00 00.0

orig+pp 0.21 20.0

0.26 25.0

orig+conv 1.75 20.0

0.00 0.00

orig+pp*+conv 0.16 20.0

0.00 0.00

orig+pp+conv 1.38 50.0

0.29 37.5

orig+pp@50.0%+conv@50% 1.03 70.0

0.71 50.0

5.

2

2

3

6.

4:

orig+conv orig+pp

0.01% 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00

0.1% 3.30 30.0 0.00 0.00

0.00 0.00 0.00 0.00

1.0% 0.79 20.0 13.3 20.0

0.00 0.00 16.6 12.5

10.0% 0.90 30.0 8.33 10.0

0.31 12.5 7.14 12.5

20.0% 0.71 30.0 3.03 30.0

0.52 25.0 3.09 37.5

30.0% 0.69 30.0 0.77 40.0

0.49 25.0 1.13 62.5

40.0% 0.74 30.0 1.26 50.0

0.51 25.0 1.47 62.5

50.0% 1.50 30.0 1.24 50.0

1.03 25.0 1.52 62.5

Bi-LSTM

[1] Alex Graves and Jürgen Schmidhuber. Framewise phoneme
classification with bidirectional LSTM and other neural net-
work architectures. Neural networks, Vol. 18, pp. 602–10, 07
2005.

[2] Graham Neubig and Shinsuke Mori. Word-based partial an-
notation for efficient corpus construction. LREC, pp. 2723–
2727, 2010.

[3] Matthew D. Zeiler. ADADELTA: an adaptive learning rate
method. CoRR, Vol. abs/1212.5701, , 2012.

[4] , , , .

. , Vol. 19,
No. 5, pp. 381–400, 2012.

[5] . n-gram

. , Vol. 40, No. 6, pp. 2690–2698, 1999.

[6] , , , .

SNS .
, Vol. 28, No. 5, pp. 420–432, 2013.

[7] , , , , .

. 233
, Vol. 2017-NL-233, pp. 1–5, 2017.

[8] , , .

. 181
, Vol. 2007, No. 94, pp. 107–112, 2007.

[9] . RNNLM

. , 2018.
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Neural Sequence-Labelling Models for ASR Error Correction

Taishi Ikeda Hiroshi Fujimoto Takeshi Yoshimura Yoshinori Isoda

NTT
NTT DOCOMO, INC.

Bidirectional
LSTM

1.

Switchboard

[1]

Sano

[2]

31.7%

57.2%

Yoshikawa [3]

API

[4]

1-best

Contact: taishi.ikeda.fz@nttdocomo.com

Bidirectional LSTM BiLSTM

0.28 0.52

2.

2.1
Byambakhishig [5]

1-best

Ghannay [6]

2.2
Web

[7, 8, 9].
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Encoder-Deocder

Encoder-Deocder

[9, 10, 11]

Kaji [7] Saito [8]

.

3.

1 1

1

BiLSTM

1

3.1

2

0

1 .

.

. 2

BiLSTM W =

w1, w2, · · · , wn P = p1, p2, · · · , pn Y =

y1, y2, · · · , yn n

W P BiLSTM

i xi ∈ R
dword+dpos dword

wi ∈ R
dword

dpos

pi ∈ R
dpos Skip-

gram

BiLSTM xi

dhidden hi ∈ R
dhidden

h = BiLSTM(x)

x = x1,x2, · · · ,xn h =

h1,h2, · · · ,hn BiLSTM

1:

2:

hi

zi ∈ R
|T |

zi = Softmax(Wouthi + bout)

|T | Wout ∈ R
d|T |×hidden

bout ∈ R|T |

Adam

(β1 = 0.9, β2 = 0.999) .

3.2

W BiLSTM Ŷ

BiLSTM

1

129

2
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1:

9,724 4,490

4,213 2,068

113,993 55,265

112,699 54,896

W

BiLSTM Ŷ

Ŵ

Ŵ = arg max
�∈L(W,Ŷ)

w · f(�)

� ∈ L(W, Ŷ ) W BiLSTM

Ŷ

w · f(�) w

f(�) w · f(�)

bi-gram

w

w · f(�)
Ŵ

w

W N

wi Ŵ

wi+1

wi+1 = wi + f(�̂)− f(�)

f(�̂) f(�)

wi

.

4.

4.1

API

1-best

1

Character Error Rate CER Word

2:
F1

0.95 0.98 0.96 50,220

0.51 0.19 0.28 1,691

0.61 0.43 0.50 3,354

3:
CER WER

10.10 11.59 0 (0-0)

10.01 11.22 +10 (74-64)

9.954 11.43 +34 (125-91)

+ 9.819 11.07 +64 (188-124)

8.068 8.517 +298 (298-0)
9.302 10.91 +181 (181-0)

+ 7.248 7.820 +511 (511-0)

Error Rate WER CER

WER

CER WER

CER =
+ + ×100

WER =
+ + ×100

3

MeCab∗1

Unidic∗2 BiLSTM

5%

dword = 100 dpos = 32 dhidden = 100

WER

BiLSTM

|T | = 3

4.2

2

.

0.19

0.43

3

.

.

∗1 http://taku910.github.io/mecab/
∗2 https://unidic.ninjal.ac.jp/
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.

+

CER WER

+

CER WER CER 0.28

WER 0.52

.

3 BiLSTM

CER WER

CER

2.03 WER 3.07

CER 0.79 WER 0.67

5.

BiLSTM

.
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ConceptNet

Construction of a Diagnosis Representation Model of Person with Dementia Based on
ConceptNet for Deeper Understanding of Physical and Mental Conditions

∗1
Naoki Kamiya

∗1
Takumi Yoshizawa

∗1
Shogo Ishikawa

∗2,4
Hideki Ueno

∗2,4
Mia Kobayashi

∗3
Minoru Maeda

∗3
Chiaki Nishiyama

∗3
Yujun Murakami

∗1,4
Shinya Kiriyama

∗1,4
Yoichi Takebayashi

∗1
Shizuoka University

∗2
Chiba University Hospital

∗3
Orange Cross Foundation

∗4
The Society of Citizen Informatics for Human Cognitive Disorder

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.

1.

70

2.

2.1

( 1)

3 5

: 3-5-1

1:

B1 B12

2016

[ 2018]

2.2

[ 2015][Hsieh2015]

1

1
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3.

3.1

2

3.2

ConceptNet[Liu2004]

ConceptNet

(Concept)

(Relation) IsA PartOf Mo-

tivatedByGoal 36

3 2

1 2

2 3

3:
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[ 2018]

, 2018

32 ,3Pin1-45(2018).

[ 2015]

CHARM Pad

, , 30(1),
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Based Integration of Residential Care of the Elderly
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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 

*1 *1 *1 *2 *2 *1 3 
Mika Teramen  Shogo Ishikawa  Shinya Kiriyama  Tadasuke Kato  Takeshi Ide  Yoichi Takebayashi 

*1            *2  *3  
      Shizuoka University                       Aoicare Co., Ltd.                         Citizen Informatics for Human Cognitive Disorder 

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 

 *1 *2 
 Masaki Kato  Sotaro Shimada 

 *1  *2  
 Meiji University Graduate School Meiji University 

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. 
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Evaluation of Automatic Monitoring of Instillation Adherence Using Eye Dropper Bottle Sensor and 
Deep Learning in Patients with Glaucoma 

 *1*2    *1   *1   *1       *  
 Hitoshi Tabuchi     Kazuaki Nishimura Shunsuke Nakakura    Hiroki Masumoto       Hirotaka Tanabe 

    *1  *1  *2 
       Asuka Noguchi         Ryota Aoki  Yoshiaki Kiuchi 

 *1  *2  
 Tsukazaki Hosipital   Hiroshima University  

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. 
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PPG  
Sleep/wake classification using remote PPG signals 

    *1  *2  *2 
Yawen Zhang Masanori Tsujikawa Yoshifumi Onishi 

*1 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. 
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Biomarker discovery from gene expression data of mixed tumor samples 

*1 
Katsuhiko Murakami 

*1  
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 λ, which indicates purity and status of each sample, highly accurate biomarker discovery became possible. 
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