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[3D3-0S-4a] B - AIF - ARAAI7—F7T7F v (1)

FR B (BEERAF) . )IN FF (LBEKXRZFE) . EH B
(PERRZE) . KB FE (EEXZF)

1:50 PM - 3:10 PM Room D (301B Medium meeting room)

[3D3-0S-4a-01] Story Association Mediated by Individual
and General Concepts
OTaisuke Akimoto' (1. Kyushu Institute of
Technology)
1:50 PM - 2:10 PM

[3D3-0S-4a-02] How "intelligence" is called as
"intelligence"?
OMasayuki Yoshinobu' (1. Freelance)
2:10 PM - 2:30 PM

[3D3-0S-4a-03] Double Articulation Analyzer with
Prosody for Unsupervised Word
Discovery
OYasuaki Okuda’, Ryo Ozaki', Tadahiro
Taniguchi' (1. Ritsumeikan University)
2:30 PM - 2:50 PM

[3D3-0S-4a-04] Generating Collective Behavior of a
Robotic Swarm in a Two-landmark
Navigation Task with Deep
Neuroevolution
ODaichi Morimoto', Motoaki Hiraga',
Kazuhiro Ohkura1, Yoshiyuki Matsumura® (1.
Hiroshima University, 2. Shinsyu University)

2:50PM - 3:10 PM
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[3D4-0S-4b] B# - BIF - RAAI7—FT7F v (2)

FR B (BESRKRZE) . )N FF (LBEKXRZF) . 2H —B
(FEKRE) . KB ME (EEKF)

3:50 PM - 5:10 PM Room D (301B Medium meeting room)

[3D4-0S-4b-01] Introducing a Call Stack into the RGoal
Hierarchical Reinforcement Learning
Architecture
OYuuiji Ichisugi1, Naoto Takahashi1, Hidemoto
Nakada1, Takashi Sano® (1. National Institute
of Advanced Industrial Science and
Technology (AIST), 2. Department of
Computer and Information Science, Faculty of
Science and Technology, Seikei University)

3:50 PM - 4:10 PM
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[3D4-0S-4b-02] Avoiding catastrophic forgetting in echo
state networks by minimizing the
connection cost
OVYuiji Kawai1, Yuho Ozasa1, Jihoon Park1,
Minoru Asada' (1. Osaka University)

4:10 PM - 4:30 PM

[3D05-06-3] Special program

4:30 PM - 5:10 PM
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[3E3-0S-12a] Ef& & Al (MIRU20197 L Ex—) (1)
RE — (KBRAZ) . )& F (uMKRZE) . EER 255 (NI
RF)

1:50 PM - 3:10 PM Room E (30TA Medium meeting room)

[3E3-0S-12a-01] Convolutional Neural Network for Image
Recognition and Visual Explanation
OTakayoshi Yamashita' (1. Chubu
University)
1:50 PM - 2:30 PM

[BE3-0S-12a-02] Adaptive selection of auxiliary tasks in
UNREAL
OHidenori Itaya1, Tsubasa Hirakawa1,
Yamashita Takayoshi1, Fujiyoshi Hironobu'

(1. Chubu University)

2:30 PM - 2:50 PM

[BE3-0S-12a-03] ShakeDrop Regularization for ResNet
Family
OYoshihiro Yamada1, Masakazu Iwamura1,
Koichi Kise' (1. Osaka Prefecture
University)
2:50 PM - 3:10 PM
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[3E4-0S-12b] Ef& & Al ( MIRU20197° L
Eax-) (2)
RE — (KRXZ) . )G FE (uKE) . @E Fh (LI
KEF)
3:50 PM - 5:10 PM Room E (301A Medium meeting room)

[BE4-0OS-12b-01] Neural 3D Mesh Renderer
OHiroharu Kato1, Yoshitaka Ushiku1, Tatsuya
Harada' (1. The University of Tokyo)
3:50 PM - 4:10 PM

[3E4-0OS-12b-02] Between-class Learning for Image
Classification

OVYuji Tokozume', Yoshitaka Ushiku',
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Tatsuya Harada'? (1.The University of
Tokyo, 2. RIKEN)
4:10 PM - 4:30 PM

[BE4-0OS-12b-03] A Generative Framework for Creative
Data Based on the Generative
Adversarial Networks
ORiku Fujimoto1, Takato Horii1, Tatsuya
Aoki', Takayuki Nagai'? (1. The University
of Electro-Commnications, 2. Osaka
University)
4:30 PM - 4:50 PM

[3E4-0OS-12b-04] Modeling of prejudice eyes by designers
ORyuichi Ishikawa1, Kou Izumi1, Hidekazu
Hayashi', Hiroyuki Fukuda® (1.
DentsuDigital,Inc, 2. Dentsu,Inc)

4:50 PM - 5:10 PM
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[3F3-0S-14a] NRHIEE & ARLIERY — L(1)
fRE @AY (BEMIKZE) . AL X (RRI=XE) . FH
B (BEKXFE) . A HRL (WLWEXFE)

1:50 PM - 3:30 PM Room F (302B Medium meeting room)

[BF3-0S-14a-01] Analyzing Gestures in Real-World
Werewolf Game
OShutarou Takayama1, Hirotaka Osawa' (1.
University of Tsukuba)
1:50 PM - 2:10 PM

[3F3-0S-14a-02] “ Goodness” analysis of a Werewolf
Game’ s player based on a biological
signal
OHirotaka Yamamoto®, Nagisa Munekata'
(1. Kyoto Sangyo University)
2:10 PM - 2:30 PM

[3F3-0S-14a-03] Simulation of Strategic Evolution in 5-
player Werewolf
OAtsushi Takeda', Fujio Toriumi' (1. The
University of Tokyo)
2:30 PM - 2:50 PM

[3F3-0S-14a-04] Simulation Analysis based on Behavioral
Experiment of Cooperative Pattern Task
ONorifumi Watanabe', Kota Itoda® (1.
Musashino University, 2. Keio University)
2:50PM - 3:10 PM

[3F3-0S-14a-05] Analyis of Strategies in Werewolf Game
by 3 Players Considering Voting
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Behaviour of Other Players
OHinako Tamai' (1. Nara Women's
University)

3:10 PM - 3:30 PM
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[3F4-0S-14b] NRFIREE R ELIFHRY — L(2)

fRE @AY (GEMIKZE) . L XK (RRI=XE) . FH
B (FBEARE) . A RE (LX)

3:50 PM - 5:30 PM Room F (302B Medium meeting room)

[3F4-0S-14b-01] Development and evaluation of the
game agent to change confidence of
estimating in Cooperative game Hanabi
OEisuke Sato', Hirotaka Osawa' (1.
University of Tsukuba)

3:50 PM - 4:10 PM

[3F4-0S-14b-02] Role estimation in Werewolf games
using a selective desensitization neural
network
Masahiro Saito?, Seiryu Mishina', OKen
Yamane' (1. Teikyo University, 2. Fujisoft
Incorporated)

4:10 PM - 4:30 PM

[3F4-0S-14b-03] Artificial Intelligence for Deducing Roles
of Players in the Werewolf Game using
Information about Conversations among
Players
OMunemichi Fukuda’, Hajime Anada' (1.
Tokyo City University)

4:30 PM - 4:50 PM

[3F4-0S-14b-04] Extraction of Interpretable Rules for
Role and Team Estimation in Al Wolf
Yuki Omura’, Wataru Sakamoto', OT
omonobu Ozaki' (1. Nihon University)
4:50 PM - 5:10 PM

[3F06-09-5] Discussion / Conclusion

5:10 PM - 5:30 PM

Organized Session | Organized Session | [0S] OS-18

[3G3-0S-18a] ”IF & Al(1)

HKkH i (ERBEXRZE) . BHEY (BREEXRE) . R
1T (KBRKZ)

1:50 PM - 3:30 PM Room G (302A Medium meeting room)

[3G3-0S-18a-01] (Invited talk) Predictive coding of

interoception and affective emergence
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OHideki Ohira' (1. Nagoya University)
1:50 PM - 2:30 PM

[3G3-0S-18a-02] Action Selection based on Somatic
Marker Hypothsis
OChie Hieida', Takato Horii', Takayuki
Nagai'? (1. The University of Electro-
Communications, 2. Osaka University)
2:30 PM - 2:50 PM

[3G3-0S-18a-03] Active perception based on free-energy
minimization on restricted Boltzmann
machines
OTakato Horii', Takayuki Nagai'? (1. The
University of Electro-Communications, 2.
Osaka University)
2:50PM - 3:10 PM

[3G3-0S-18a-04] Extraction of Neuroscientific Findings
by Visualization of Deep Neural
Network
OKazuki Sakuma1, Junya Morita1, Taiki
Nomuraz, Takatsugu Hirayama3, Yu
Enokibori®, Kenji Mase® (1. Faculty of
Informatics, Shizuoka University, 2. Graduate
School of Information Science, Nagoya
University, 3. Graduate School of Informatics,
Nagoya University)
3:10 PM - 3:30 PM
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[3G4-0S-18b] B&iF & Al(2)

HkH &4 (EKBEXF) . BH B} (BREEXRE) . RHF
4T (KBRKZ)

3:50 PM - 5:30 PM Room G (302A Medium meeting room)

[3G4-0S-18b-01] Automatic Detection of Insincere
Utterances with LSTM
OKazuya Mio', Aya Ishino?, Kazuya Mera',
Toshiyuki Takezawa' (1. Graduate School
of Information Sciences, Hiroshima City
University, 2. Faculty of Media Business,
Hiroshima University of Economics)
3:50 PM - 4:10 PM

[3G4-0S-18b-02] A Study on Concept Acquisition Method
for User Preference in Dialogue for
Empathy
OTakahisa Uchida'?, Takashi Minato?,
Yutaka Nakamura1, Yuichiro Yoshikawa1,

Hiroshi Ishiguro1’2 (1. Osaka University, 2.
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Advanced Telecommunications Research
Institute International)
4:10 PM - 4:30 PM

[3G4-0S-18b-03] A personalized model to estimate
emotion of individual based on
observed facial expression and
generation of robot behavior
OKazumi Kumagai', lkuo Mizuuchi' (1.
Tokyo University of Agriculture and
Technology)
4:30 PM - 4:50 PM

[3G4-0S-18b-04] Human inference system derived from
emotion as a value calculation system
hypothesis
OMasahiro Miyata', Takashi Mory® (1.
Graduate School of Engineering, Tamagawa
University, 2. College of Engineering,
Tamagawa University)
4:50 PM - 5:10 PM

[3G4-0S-18b-05] Agents which generate and estimate
emotions based on logical model
OMai Tsukamoto' (1. Nara Women's
University)

5:10 PM - 5:30 PM

Organized Session | Organized Session | [0S] 0OS-22

[3L3-0S-22a] BlfE#E & ATHIBEL Rl 2 BIEDERFE(T)
L8 RE (BRERMBAEXRE) . & EBH (KRFILKZE) . @k
MNWE (BRI YIA9—X4 Ry )

1:50 PM - 3:30 PM Room L (203+204 Small meeting rooms)

[3L3-0S-22a-01] (Invited talk) The Future of Animation
Industry Drawn by Creators and Artificial
Intelligence
OTaichi Hatanaka' (1. Creators in Pack
Inc.)
1:50 PM - 2:10 PM

[3L3-0S-22a-02] A Proposal of a Mathematical Story
Generation Method Based on Hero’ s
Journey
Onoguchi katsuhiro' (1. comic artist)
2:10 PM - 2:30 PM

[BL3-0S-22a-03] Narrative Structure Analysis Punchlines
of SF Genre within the Flash Fiction of
Shinichi Hoshi

OShuuhei Toyosawa', Hajime Murai' (1.
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Future University Hakodate)
2:30 PM - 2:50 PM

[3L3-0S-22a-04] Story Creation System based on
Sentence Similarity for Supporting
Contents Creation
OHaruka Takahashi', Miki Ueno’, Hitoshi
Isahara’ (1. Toyohashi University of
Technology)
2:50PM - 3:10 PM

[BL3-0S-22a-05] Classification method for four-scene
comics based on Creative Viewpoint
ONaoki Mori' (1. Osaka Prefecture

University)

3:10 PM - 3:30 PM

Organized Session | Organized Session | [OS] OS-22

[3L4-0S-22b] gl{EE & ATHIEEL R 5 BIEDRFK(2)
L8 KRB (BERMAEXRE) . & EH (KRFILKFE)

3:50 PM - 5:30 PM Room L (203+204 Small meeting rooms)

[3L4-0S-22b-01] Autonomous Collection and Feedback
of Dialogue Profile for Dialogue
Contents Circulation
Masaki Mori', OAkinobu Lee' (1. Nagoya
Institute of Technology, Japan)
3:50 PM - 4:10 PM

[3L4-0S-22b-02] A Discussion about Jazz Improvisation
System based on Studies with First-
Person's View
ODaichi Ando' (1. Tokyo Metropolitan
University)
4:10 PM - 4:30 PM

[3L4-0S-22b-03] Of application of artificial intelligence to
fashion design
OYoko Fujishima'®, Osamu Sakura®® (1.
Graduate School of Interdisciplinary
Information Studies, The University of Tokyo,
2. Interfaculty Initiative in Information
Studies, The University of Tokyo, 3. RIKEN-
AIP)
4:30 PM - 4:50 PM

[3L4-0S-22b-04] Tone Pasting Using cGANs with Tone
Feature Loss
OKoki Tsubota', Kiyoharu Aizawa' (1. The
University of Tokyo)
4:50 PM - 5:10 PM

[3L4-0S-22b-05] Creative Future will be Created by
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Contents Creators and Artifical
Intelligence

OMiki Ueno' (1. Toyohashi University of
Technology)

5:10 PM - 5:30 PM

Organized Session | Organized Session | [OS] OS-20

[3P3-0S-20] M b BEF=EEBEm 2L - #AlT 5
i B (RREAXE/SBRMAEXRE) . #A % — RRER
RFE) . ABBEEHR (BNMELKXRE) . HO = (BHEBIXEKXZ)
1:50 PM - 3:30 PM Room P (Front-left room of 1F Exhibition hall)

[3P3-0S-20-01] Describing Brain Activity Evoked by
Speech Stimuli
ORino Urushihara1, Ichiro Kobayashi1, Hiroto
Yamaguchi®®, Tomoya Nakai®>, Shinji
Nishimoto®® (1. Ochanomizu University, 2.
National Institute of Information and
Communications Technology, 3. Osaka
University)
1:50 PM - 2:10 PM

[3P3-0S-20-02] Development of Syllable Labelling Tool
for Electroencephalogram Data
OMingchuan Fu', Ryo Taguchi', Kentaro
Fukaiz, Kouichi Katsuradaz, Tsuneo Nitta>*

(1. Nagoya Institute of Technology, 2. Tokyo

University of Science, 3. Waseda University, 4.
Toyohashi University of Technology)
2:10 PM - 2:30 PM

[3P3-0S-20-03] Word Recognition from speech-imagery
EEG
OSatoka Hirata1, Yurie Iribe1, Kentaro Fukaiz,
Kouichi Katsurada?, Tsuneo Nitta®* (1. Aichi
Prefectural Univ., 2. Tokyo Univ. of Science, 3.
Waseda Univ., 4. Toyohashi Univ. of Tech.)
2:30 PM - 2:50 PM

[3P3-0S-20-04] Syllable recognition in speech-imagery
EEG
OKentaro Fukai', Hidefumi Ohmura’, Kouichi
Katsurada', Tsuneo Nitta>® (1. Tokyo
University of Science, 2. Waseda University, 3.
Toyohashi University of Technology)
2:50PM - 3:10 PM

[3P3-0S-20-05] BCI Studies on Extraction of Spoken
Language representation from Speech

Imagery EEG
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OTsuneo Nitta1, KENTAROU FUKAI?, KOUICHI
KATSURADA?, YURIE IRIBE®, RYOU TAGUCHI",
SHUNJI SUGIMOTO®, JUNSEI HORIKAWA® (1.
Waseda University, 2. Tokyo Science
University, 3. Aichi Prefectural University, 4.
Nagoya Institute of Technology, 5. Toyohashi
University of Technology)

3:10 PM - 3:30 PM
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[3D3-0S-4a] B - AU - AR A7 —F 77 F v (1)
FRB (BES2KRE) | )IN FF (LEEXE) . #EH —B (hHKFE) . K8 MiE (E&5KFE)
Thu.Jun 6,2019 1:50 PM - 3:1T0 PM Room D (301B Medium meeting room)

[3D3-0S-4a-01] Story Association Mediated by Individual and General Concepts
OTaisuke Akimoto' (1. Kyushu Institute of Technology)
1:50 PM - 2:10 PM

[3D3-0S-4a-02] How "intelligence" is called as "intelligence"?
OMasayuki Yoshinobu' (1. Freelance)
2:10 PM - 2:30 PM

[3D3-0S-4a-03] Double Articulation Analyzer with Prosody for Unsupervised Word
Discovery
OYasuaki Okuda’, Ryo Ozaki', Tadahiro Taniguchi1 (1. Ritsumeikan University)
2:30 PM - 2:50 PM

[3D3-0S-4a-04] Generating Collective Behavior of a Robotic Swarm in a Two-
landmark Navigation Task with Deep Neuroevolution
ODaichi Morimoto', Motoaki Hiraga', Kazuhiro Ohkura', Yoshiyuki Matsumura® (1.
Hiroshima University, 2. Shinsyu University)
2:50 PM - 3:10 PM

©The Japanese Society for Artificial Intelligence
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Story Association Mediated by Individual and General Concepts

Kot AT

AKIMOTO Taisuke

JUNTZERZR GG T2 5Ebe

Graduate School of Computer Science and Systems Engineering, Kyushu Institute of Technology

Abstract: From a cognitive system perspective, story association (association among stories) can be positioned as a common
process underlying various cognitive activities including remembering and reusing of stories, construction of a subjective world,
etc. In this paper, the author presents a basic computational theory of story association especially focusing on the role of entities,
times, and places. In particular, an identical entity, time, or place appearing in multiple stories is positioned as an individual
concept, a general level representational unit in a cognitive system. A simple implementation of story association model based

on the proposed theory is also presented.
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How “Intelligence” is called as “Intelligence”?

HIEEZ
Masayuki Yoshinobu

This paper discusses basic issues of the structure of human intelligence. As an attempt to understand it, we set up a question “How
intelligence is called as intelligence?” in stead of a question “What is intelligence?”” which asks its definition. To answer this, we break it
down to several sub-problems as its structure, physical background and formation processes. Overviewing them, we propose a hypothesis
that there is a structure in which a human as a certain area on highly complicated layers in a complex system regards the other area as

intelligence.
1. [FC®HIZ
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K2:332=45— 3> OEE ([Constantin 1910]% JTIZRE)
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Double Articulation Analyzer with Prosody for Unsupervised Word Discovery

B A&z Rl AT A ER!
Okuda Yasuaki Ozaki Ryo Taniguchi Tadahiro
VAN EPNES

Ritsumeikan University

Human infants discover words and phonemes using statistical information and prosody. For unsupervised word
discovery, Taniguchi et al proposed the Nonparametric Bayesian Double Articulation Analyzer (NPB-DAA) which
was able to segment speech data into word sequences. However, NPB-DAA uses only statistical information such as
the mel-frequency cepstrum coefficients. In this paper, we extend NPB-DAA method using prosody, i.e., Prosodic
DAA, for unsupervised word discovery. We use the second order differential of the fundamental frequency and the
duration of silent as the prosody. We show in an experiment that Prosodic DAA outperforms NPB-DAA.

1. FL®IC
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YRR ORI BT 5 Z & &R

2. TR

N DOFERHESBIRIZ B WT, Hilh 87 HORIXEHE %2 H
FEZLIINHEIT B Z LN TE S [Saffran 96]. F7z, VEILEE
FEROBRIZ, ERZPNEETHEZ 0V T+ 2HWTEA
EHFEZLIIHEILTWS ZEDHISNT WS [Jusczyk 92].
DT ehs, PIRIZEFETONME, HHF L HFEOLEN®
7Y T4 2HWTHEERE L TVWHEEZ LN,

ABOGE, —EAHEEZROINRIIT —XDERET VL
ZDNT A= ROHEFRTIEZMAGDE T, NPB-DAA 2%
U7z [Taniguchi 16a]. NPB-DAA (3 " EHHiRgIE 2 K DR
BT — R D FiETH 5. " HEHIREIE, BITIIERE R
FlRWERE, BROMAEDEICL o THEIKRERDHEIC L
2 _HONHIKETH S, SATIFRICE VT, BHS RS DA
DEFFGET — X6 DHGESE % FEB L 72 [Taniguchi 16a).
72, BARHEE %L Deep Sparse Autoencoder (DSAE) %
WG, &0 E@RORHERICA#Y 2 2 & THEEEIRE N I
9% Z &%mU7z [Taniguchi 16b]. ZHLIETHEZEATZSE

G B A8, iR L LR, W A
AT BPEEER 1-1-1, okuda.yasuaki@em.ci.ristumei.ac.jp

|

‘ T Chunk

Time series data

. (Prosody feature)
Generation

[

BA | cB BCA |

Words ‘
(Latent words)

(Latent letters)

Prosodic
DAA

Inference

Generation

Segment

Time series data
(Speech feature)

10 AWFSEOMER. —EoHifgrac ey 71 25 H
U7z EERE 2 AR, 22T, Chunk IZHEEDHESE,
Segment 1 H R DMHIEEZ ZTNENKT.

HHEFRET — R0 5 DHEESEZ AT S 72 DI BRI 2
7z [Tada 17]. RIE S 1% NPB-DAA (ZVv 27 v 75 —7 )b
EEATLHIETHERAL— X% 3NS5 2 ITHIEL, F
RREZ 90%HI L 72 [Ozaki 18].

NPB-DAA Tl, —DODHEEILE—D left-to-right DFEH
¥ I %)L I 7ET )V (Hidden semi-Markov Model: HSMM)
[Johnson 13] IS & LTHEDL, TuYF1IZ L2 HFH K
DEAGITEIR 2 HEEE UL TRMI N5, Lfriisecld, &%
HEEL LT, 7Y T4 28FR0WHEBETH 2 AVEK
B TA N T LREC (Mel-Frequency Cepstrum Coefficients:
MFCC) 2 HH\WTH Y, TuY T+ ICL2ERELOLELEE
L TWARW, 20780, HEIPEERERER TS La3nT
WETBY T AL KBHENEERIIL TR, 22T, A
W2 TIE NPB-DAA (270 Y 7 1 % W7z BiEE /) El & M AL
LZEEHMNET S, AFEOMERZK 1I12xRT.
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Language model
(Word bigram)

Latent words

j=1,.,0
Word model L
(Letter bigram) '~ "

Latent letters

Acoustic model

j=1,.,0

—
(o

Observation Dy

2: HDP-HLM @25 7 4 1)V 7 )V [Taniguchi 16a]. Z
DETIVE, ZEHDHMEZ R ORRIT - X OERET LT
bhb.

3. NPB-DAA

3.1 BET1Y I LBREENEZEETI

BERET « ) 2 VERRREMNSEEE 7V (Hierarchical Dirich-
let Process Hidden Language Model: HDP-HLM) & —.
ENMMEE R ORI T —XOERETLVTHD, Zh
WHEET 1V 2 LiERERENE I <)L a 7 EF )L (Hierarchi-
cal Dirichlet Process Hidden semi-Markov Model: HDP-
HSMM) [Johnson 13] % ~HEAHIEDOEXBINTE D LS
HERL726DTHB. X 22 HDP-HLM O 25 7 1 IVET
V&R, TOM, EREREZ £IZD\WTIE [Taniguchi 16a)
EHIRI N,

3.2 BEHEEOHVTIVVY

HDP-HLM D&/t #3E 2, 1& HDP-HSMM D #Eii T T
FAW % backward filtering forward sampling @ Fii & % JLEE
LTy 7Y v rainsd. HDP-HLM OBEYEE 2, = 1 D
backward message [ FOATHRKD 2 Z LAk s. 22T,
Fy, 3B EREOERPE I hERL, F =1 THNIEEA
t4+ 1 THEDY D EDD LT 5. B,(i) RBEHRGE 2, =i
MIRZ L+ 1128 WT, BADBERTTCERT 2 REEKRT.
By (i) W t 4 1 20 S WEEHFED 20) = @ LRD LR RS,

Bi(i) = p(yt+1:T|Zs(t) =i, F=1)
= Z By (p(zs(t41) = Jlze = 1) (1)
J
B/ (i) = P(Yer1:1| 25041y = 4, Fr = 1)
T—t
= Z Bita(i)p(Dig1 = d|25(t+1) =1)
d=1
~p(yt+1;t+d|zs(t+1> =4, D11 = d) (2)
Br(i) = 1 (3)

WHEHEE 2,(0) = | OWMERFI wi & wi = (- ,l0,) &
l%< t, p(yt+1;t+d\zs(t+1) = ’i,DtJrl = d) &;UJT@EW)J: 5

wEtETE S, 22C, REDD T L, L TEEZDOHMN J &
RBEIBEHRBR ML r DESEERT.

S ] ptrelie)

reR(Li>d) k=1

P(Yit1:t44t, d)

Tk

. H p(yH_m_;,_E:,—:ll Tt |lk)

m=1

{re{LQ,.}LﬂEjrk_d}(@
k=1

A 4 FHREEEE WV CHIRINEET 2 2 A TES.
I IZBWTIBEEROERDVHAEL, T OB S EIEAER
RO kE BHDEETH HHfER% forward message & EF L,
RO THIFIIZRD D ZENTE 5.

(4)

RrLid)

t—k+1 d’

ak) = > ara(k—p(dl) [ [ pye-rriall)
d'=1 t/'=1

(6)

ap(0) = 1 (7)

DA EIZ& D, HDP-HLM 2B W THRA t 1281 5. Bi(4),
B (i) B3R E D70, PATFORITHNETEREE 25441) £ XD
AT Dypr) 2V TV I TESD. 22T, DI =
Yoo Dy THB.

p(zs = ilyr.r, 2s-1 = J, Fpgum = 1) =

p(il§) Bpgum (I)p(ypsum|i)  (8)
p(Ds = dlyrr, 25 = i, Fpgm = 1) =
‘ Bogum (i)
P(ypgum 4 1:p3um yald, i, Fpgam = 1)p(d) —=——= (9)

B eum (1)
1:s

4. Prosodic DAA

ARTIE, TV T 1 & UTHAREEER Fo O ks KK
K HEOMGRD 2 2% V5. EFKEOMETIE, 5
BB LA R O % 5 hY— B R e U T 2 K[ 2 flEE KT & U,
ZOfFERE HW .

Iz, 7aY 5+ % HDP-HLM (AR L HiEE R RS,
ARETIE, TRV TEENENEM g ERIU 7L — L8R
b, BEEOBRERT A VI T —XR B8 F, o EmIh
BEDEFELT VD, F7z, Fo O RN 2 RTEIE y°
LU, BERMEZRIBMZ ' &35, TuVT1 %258
£ HDP-HLM O 2757 4 HVETFNVEM 3125 T. £/, £
BOEFR LI RO X 5124 5. Z 2T GEM X Stick-Breaking
Process %3 L, DP & Dirichlet Process %% 3. LM,WM
BENEFNSEETIVEHEET N ERL WS, £/, gWM
X HEEE T IVIZB 1) B Dirichlet Process DEJEHIE %2 FE L,
aWM r AWM 3 Z N Fh Dirichlet Process, Stick-Breaking
Process DNAN—=X5 A =R TH 5. T LT a"™M IZBEH
F i D OMOREANDOESHEREZ R LTS, Bk g5 I35
ZEEFILIZHB T B Dirichlet Process DIEHEZ KL, oM
&AM 3N F N Dirichlet Process, Stick-Breaking Process
DNANR=NF A= THD. ZUTr™MIFBERGE 25
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| Prosody
Hoy

q=0,1
u=0,1

Language model
(Word bigram)

oM

Latent words
(Super state sequence)

j=1,..,0
Word model S
(Letter bigram) '~ "

Latent letters

Acoustic model

j=1,..,0

o
iigi®

Observation

3: 7UY T4 2&GT HDP-HLM O 275 7 4 AVET V.
TEHEE 2, 105 2, ORFER DI WWERS 5. D™ o H
B ERT F BEREI N, F o Y, BEKENG.

RORIENDERIRZ R LTS, 72, Yir lEyis, yik
DEEGEEL, p(Vy) (t=1:T)Fpy°, ') TH5.
B GEM(y"") (10)
oM~ DP(™M, ™M) (i=1,..) (11)
oM~ DP( @M, BYM) (1=1,..) (13)
wig o~ men . (i=1,...) (k=1,...,L;) (14)
(0j,w;) ~ Hx G (j=1,...) (15)
bqu ~ Hy*" (¢=0,1) (u=0,1) (16)
Zs o~ Wl“sl\fl (s=1,...,9) )
lsk = Ww,, (=1,...,98) (k=1,...,L:)
(18)
Dy ~ glw,,) (s=1,...,8) (k=1,...,L.,)
(19)
o = la (E=to, ... t2) (20)
toe = ZDS/+ZDSM+1
s'<s k' <k
2 = ta+Ds—1 (21)
sL,
DM = > D, (22)
t=s1
ye ~ h(0,) (t=1,....T) (23)
1 ’
F = {‘f N G AP R
y® ~ h(éro) (25)
yfil ~ hS“((ZSFtl) (26)

7z, TRYVT AL XD HENEHEED, BERE 2, =10

backward message ZLA FDOATRD SN 5.

Be(4)

Br (i)

VB HGE Zs(t) = @ DIBFIEE RS w; % Wi

P(Yeur, Yeyrr|zsy =4, Fr = 1)

D B G)P(zs4) = dlze = 1) (27)
j

P(Yer1r, Yey1.7|2s(041) = 1, Fr = 1)

T—t

> Bira@)p(Deg1 = dlzsir) = 1)

d=1

P(Yig1:t4d, Yir1erdli, d) (28)

1 (29)
N

B &, p(Yesriitrd, Yierad|2sr1) =4, Digr = d) 1ZEAFD
RD LS IZEIETE 5.

L;
P(Ytt1:t+ds Yet1itdli, d) = Z Hp(rk”k)

Tk

rer(Lid) k=1

. H p(yt+m+zz,*:11 4t |lk)p(Yt+m+E’;7;1 o ‘lk) (30)

m=1

RED = fre{1,2,..}7|>

L;

d} (31)

k=1

forward message %, A FOXTHIFMNIZRKDSZ Z LN TE 3.

t—k+1
ak) = Y aa(k—1)pd]|lk)
d’'=1
&
: H p(yt—t’+17 Yt—t'+1|lk) (32)
t/'=1
Ozo(O) = 1 (33)

BLEIZ& D, HDP-HLM 2B WTHREH t 1281 5. Bi(i),
B (i) WREB7D, UTFORITHNFIERGE 2,441) £ FOD
MBI Dypyry 2Y 7TV VI TES. 2T, DY =
Yoo Dy THB.

p(zs = ilyrr, Yir, 25-1 = J, Fpsum = 1) =

p(ilj) Bpsum (1)p(ypsum, Ypsum|i) - (34)
p(Ds = dlyr.r, YT, 25 = i, Fpsum = 1) =
P(ypgum1:p50m +d; Ypgum 4 1pgutalds & Fpgum = 1)
Bpsum a(d)
p(d)—— =~ (35)
/BD?:,;](z)

MEiz&b, 70y 51 2BE L - EOHREE DS OmfE
MOHBAHDOY VT v REEHL .

5. 2B

5.1 =EREH

AREERTIE, REFEFARTETED & OFERERVAETDH
LT 272012, 70V T4 2 ELHERKTT XLy
k& HWT, NPB-DAA &, #&%ETFIE (BAK: Prosodic DAA
LIRS . ) OEHE, ROHFESEREZ KT 5.
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5.2 EERFRE

ARFERTIE, HARBARIKHET -2y b2HAVWS. 22
Tk, HAFBTEZHHE X EHERVAEGHEEHRTSH. 20D
TRy bE, HAFEARREE CHRI N 70 Xk 1 ET
DHEMEDFEHIZHKFHE L CTH SV L EFT — X2y M TH
5. AEBRTHWARHEIX, 71— AIF% 25[msec], 7L —
LY 7 M E% 10[msec] & U TE#EI N7z 12 IRotD MFCC,
MFCC O— sy, KO ZIRMH O ZF NN ORHEE % Ay
5. 72, TNZN DSAE T 8 ¥kJt, 51iRJt, 3 IRJt & B
I U720 D &S Uz, &FF 9 ot O EE %2 W5,
Fo OHEREIZITENNEEEZ FIWT Fo 2 %52 UCHfEET 5F
% T® % Robust Epoch And Pitch EstimatoR*! % i\ 5.

5.3 RBREMG

FEESAM L U T, HDP-HLM OFENEFEE T IV DA /8—
NI A=2I%, o™ =10.0 & 4" =10.0 £ L, weak-limit
AU B B HEE EREE 35 e U7z, FRRIZ, BNHEGE
EFNLTHE, oM =10.0 £ AWM =10.0 £ L, weak-limit
SERIZ BT 2R ERBE 30 & Uiz, e oA,
ap = 200, Bo = 10 DXRT YV Vi3 f%EMKEL, MFCC OH
HAANFFHE I po = 0, To ITHALATSH, ko = 0,01,
vo = (dimension + 2) DERHEY 1+ ¥ v — M FHEERFOL L
BHAI AN EME L. E512, IBREFETIE, TuaV g
DN EFDMI, FL=0DLE ug =0, S [ZH
Rif74l, ko = 100, vg = (dimension 4+ 2), F; = 1 D& &
po =1, o WZHAATH, ko = 2, vo = (dimension + 2) ®
ER Y v — N RFEDOEER T AN EAE L.
FEEIHZBNT, 1007 FL—Yarvr 1T, Ih%
20 iAFT4T 5.
5.4 ZERER

AREBOFERL LT, HRT—ROET7 L —LIZEMT )L
EAGL, 27ARY) VIEREMITS. 272K oK
TEDE RN L LT, &dfToionizmiy v 7Y v
THRERM S, TRLOCHGEOFHET > N5 (Adjusted Rand
Index: ARI) 253 5. ARIIZZ 5 AKX ¥ 7 FERMNIEM
TRV —HTEHLELERD, JVRLDOLEHEIZ0ELS.

# 1, RO 412 Prosodic DAA, XU NPB-DAA ®ZFh
TNOFRLTHEFED ARI OV %E,RT. £1 L0, 2200
FHOK %2 A B &, Prosodic DAA 73% % ARI, #3E ARI
HIZKFEIZEWMEZHBLTWAS Z b5, £72, Prosodic
DAA &, NPB-DAA MTtMREE‘T-o722 25, HHE ARI
& HEE ARI HIT BN KYEE 1% THEENRD Sz,

-
—
-

—

6. £&&b

ARTIE, NPB-DAA (&2 70V T 1 25 BUILEHES
H 2T FEERRE L, BT, TaY T 2Lz
ARGEEARICEED O BRI Z TV, EFIEVBGFEFILL
HWIRL T, BWEE CHERESGNARTHILI L ERLT.

* 1. BRSO HGED E DR L.

[ F& | ERARI | HEFEARI
Prosodic DAA [ 0.37040.022 [ 0.671+0.054
NPB-DAA 0.26140.014 [ 0.497+0.072

x1 REAPER: Robust Epoch And Pitch EstimatoR
https://github.com/google/REAPER

Letter ARI Word ARI

0.8

Prosodic DAA NPB-DAA Prosodic DAA NPB-DAA

4: HFR B OHGED B OKEE L.

SHBOMEE LT, 7aY 51 2L TRy, HAGE
IRFEFED S DFEHBEREITO N EZ SN,

S Xk

[Saffran 96] Saffran, Jenny R., Aslin, Richard N. and New-
Statistical Learning by 8-Month-Old
Infants, American Association for the Advancement of
Science, Vol.274, No.5294, pp.19261928, 1996

port, ElissaL.:

[Jusczyk 92] Jusczyk, Peter W and Hirsh-Pasek, Kathy
and Nelson, Deborah G Kemler and Kennedy, Lori J
and Woodward, Amanda and Piwoz, Julie.:Perception
of acoustic correlates of major phrasal units by young
infants, Cognitive psychology, Vol.24, Num.2, pp.252-
293, 1992

[Taniguchi 16a] Taniguchi, Tadahiro and Nagasaka, Shogo
and Nakashima, Ryo.: Nonparametric Bayesian Dou-
ble Articulation Analyzer for Direct Language Acqui-
sition From Continuous Speech Signals, IEEE Trans.
Cognitive and Developmental Systems, Vol.8, Num.3,
pp-171185, 2016

[Taniguchi 16b] Taniguchi, Tadahiro and Nakashima, Ryo
and Liu, Hailong and Nagasaka, Shogo.: Double ar-
ticulation analyzer with deep sparse autoencoder for
unsupervised word discovery from speech signals, Ad-
vanced Robotics, Vol.30, Num.11-12, pp.770783, 2016

[Tada 17] Tada, Yuki and Hagiwara, Yoshinobu and
Taniguchi, Tadahiro.: Comparative Study of Feature
Extraction Methods for Direct Word Discovery with
NPB-DAA from Natural Speech Signals, Joint IEEE
International Conference on Development and Learn-
ing and Epigenetic Robotics, 2017

[Ozaki 18] Ryo Ozaki and Tadahiro Taniguchi.: Acceler-
ated Nonparametric Bayesian Double Articulation An-
alyzer for Unsupervised Word Discovery, The 8th Joint
IEEE International Conference on Development and
Learning and on Epigenetic Robotics, 2018

[Johnson 13] Johnson, Matthew J. and Willsky, Alan S.:
Bayesian Nonparametric Hidden Semi-Markov Mod-
els, Journal of Machine Learning Research, Vol.14,
pp-673701, Feb.2013
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Deep Neuroevolution IZ XA B HRT 4w 7 AT — LD
“HRBEFEEZ A2 ICB T A ENITEIDERK

Generating Collective Behavior of a Robotic Swarm
in a Two-landmark Navigation Task with Deep Neuroevolution

A KE 1 P JrE !
Daichi MORIMOTO Motoaki HIRAGA
NP

PSR IIE

Kazuhiro OHKURA

Hiroshima University

Tt 3z +?

Yoshiyuki MATSUMURA

TIPS
Shinsyu University

Deep reinforcement learning has provided outstanding results in various applications. Deep neural networks are
usually trained by gradient-based methods. However, when deep reinforcement learning is applied to a robotic
swarm, that is composed of many robots, it is difficult to design reward functions that lead to a desired collective
behavior. In this paper, we applied deep neuroevolution, which is a technique to optimize deep neural networks
with artificial evolution, to design controllers of a robotic swarm. Deep neuroevolution is expected to evolve deep
neural networks to different reward/fitness landscapes because it optimizes with population-based and gradient-
free methods. This paper shows that the controllers designed with deep neuroevolution give robustness to different
reward settings compared to deep reinforcement learning.

1. ELC®HIC

Swarm Robotics(SR) IZZ DRy M54 58HIZ, 1
Ry MHH D WFO Ry b B O RN RHEFERI & 5
TR EDOHENTEIO A % HIF SIS Td 5 [Sahin 2004).
SR TIRMNEMLT 20Ky M OBBDENT 212/, &%
FHEDEERY N OIFEIEE R LTRSS Z%ET 5 Z LA
Hrinsd, Dk, SR CEMLFEECENMORT 1 2 2%
HESRHEHEM T 2 A2 R I N T WS [Brambilla 13].

L E DN TIREE, EE=a—7 )%y b7 —72 (Deep
Neural Network,DNN) % #lA & 0¥ 72 g @b #E (Deep
Reinforcement Learning,DRL) A3k4 72 [MEIC#EH S, B
U7 72 pAE % Fldk L T\ % [Mnih 15, Lillicrap 15]. —f%fJiz
DRL IZ#13% DNN O¥#FZ1d, BEADE N E 7= B
KO AEE FIERH NS ND. ZD72, ZifMED HRIBEE
28T B R H 75 B WM E TG T S DAL W, Lz
75T, DRLZURT v 7 AT —LIZHEMT 2854, M
Z) LS5 - OIHY iR E S E L 2 5.

A TlE Deep Neuroevolution(DNE) (Z X 2B RT v 7
27 — L OHIfHEEHEN %247 5. DNE IX DNN Z i LRHRcEd
SEHFIETHS. DNE IFMEEEEN—ADHRIZ L > T DNN
EYPIEL720, WEEDOZICH LU THEETH S Z LA
Hitss s, ARTIEER D WM T, DRL X0 DNE
IZ&koTuRT 4y 7 27— LD TH D DNN 235U,
DRL & DNE OB IC 3 2ftE, B8X0uR7T 1y
AT — LDOFENTE DK 21T 5.

2.

Deep Neuroevolution(DNE) (&i#A/LFH#IZ & > T DNN %
FEHIELFETHS. NI DRL IZE1F5 DNN O%H
13, BHADANE A7 B UIRE DA TR TIT NS,
T D= %MD HINBEEIZ 51T 5 JR AT 572 2 hIEE 12
SIET 2 DHHE L. LT DNE TIHEARBEAR — 2 DHEERD
72 IS OFBIZE U Tl DNN OZEHHIHF S N5,

Deep Neuroevolution

AR BRAKRE, KB K%, morimoto@ohk.hiroshima-
u.ac.jp

1: SEERERBE

DNE D ZJef7#F5E & U T [Salimans 17, Such 17] 2% 5.
Saliman S IZ=ZEDOEAAAE L O EMEEEN» 505
DNN % Natural Evolution Strategy % W CH#HE X7z
[Salimans 17]. %7z Such 5 &R DK % £ D DNN % 28
X & AWTERERD A% AW S Genetic Algorithm 12 & -
THEIET72 [Such 17]. T 5 DIEITHZEIE Atari 2600 72 &
® DRL OREIZEHINTE D, AFROURT1v 7 A7 —
LDESBERODT—Y ¥ b 2S5 HEIITEN T LTV
AN

3. ETE#ER
3.1 Z—HEFEEYRY
ERIZIZZEBAEZ A2 WS, ZOX A7 OHKIX

ZODXR—=7w b THOEETH L. FEREEIAM 1
AT BEOMmIIEGE ST v DI VY Ry —2%2ET 5.
7V R =27 DOHubD 5485 6.5m QAL X =27y bV 7
THob. aRy MIHEE T 2=y b ) 7IZHER, H
EE S —HFDX—=7ry hTUTIZEET S, Ry MIKT
Y'Y — REAAR B O hdu s g HRicidE S 5.

3.2 HORv bk
M 2(a) ICHEBIZHWABEORY bERT. BRy bOE
BlE Im THOEAD - DDHfL E—XIZ & > TERHIT 5.
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m

[LEDs| [RGB camera|
= - v I
p

IR sensor

(a) BEImARY b (b) AT (c) By ¥i&E

2: @Ry hDFKE

convolution Iayer x4 dense layer x 2
(tanh) (relu, identify)

256

a
Hon ] F"’A 14 64 / \\‘(.'* 1
1z _.
"“ "“° V(.“\“".‘ :©=
X\
image |nputs }‘r.‘ : )
Sa
IR sensors
other sensor inputs (Q- va?ues)

B 3: uRy b okl

BEBEEEIX 1 m/s THD. KERTIZORY ST
Fefgil, i, AR, AREO 4 EHE 5. aRy b
B rH e LTHAT LA HER YL Y 8 EEZEHRL TS,
71 A F 13 128 x 128 pixels ® RGB HEiff % £ T 5. X 2(b) IZ
1A TS5 D EEGOHIE RS, BEEE DI A
DYk E TOHRERHET 5. KXY ORIEHF %X 2(c)
Y. BRy O ERICHERE 7z LED 3G OARLTL,
HEO TV Ny —2 2 BT 5E13RE, 7 Vv OLAIREHR
RIS 5.

3.3 SR

oRy bOFIEEE UTH 312739 DNN 2 W5, fHilfHzs
WIATIE, AEOBAAKE, SfEEE, HhE»57%5. i
THHRANDAINE I A Tk, Rt o SER, BES Y Ny —
JERTHY, TNTIEE 4 XA LAT Y TETOHERN
ANEND. BAARIMFHTE 71V RIEY 11 X% 4 x 4,
F ¥ 2V EZTNTNDOREDATNHIEEE72H D% 64 FiE
5. A1 RIZ22L, INS T4 VRIZHETIRE
X4 BOEAAABTILEL T 5. F &8 AAAEDER
1Z Batch Normalization J& %A 5.

3.4 EER#ZTE

Z ZTIE DRL & DNE (2 81F 3 @D EERZEIZDOWTHIR
R%. EEROBAEAREIZ 500 & U, 1 H#HAR1F 1000 X1 LA
Ty Fed 5, KM 24 L, DRL TIZIN 5 &7
IZ%EXE, DNE TIRHEAT LV T) A& > THEEHI 5.
F7zuRy MIET2HIEILLTOLDEH V5.

Tdip =5 X (die—1 — diyt)

Te,i,t = 5

(1)

Teyijt = -5

ZIZTilEnRy hOFE, t IZZALATY TERT. rai.
FaRy SARHES Y Ry =2 108D WIS U TE 2 5
N5, di ERALATY THIZBIT50Ry i DELE T
VRN =2 OELEOHHERT. rei EX—T Y FT VT
ANDFERFIZEZOND. Td,it bl Te,it FHES v R~ —72
ﬁﬁx%m%ofht%é®&ﬁméﬂé.itrm¢ME%
YYD TR Y hRBEE DEflERIILZBICEZ 50
5. IS DHMEMAGDOEEZZ OO T CERETS.
—OHDRMTIE raie, Teitr Teir DI K > THIH 2 Pk
D, 1 XA LATY TIZBIT MM R IZUAFTORTEH A

5, Ihe THMEGE (1)) £95.

R, = Z(Td,i,t + Teyit + Teyivt)

i

(2)

ZOHDEMETIE re iy DAMT Lo THIMAIET . 1 XA L
ATy FIZBT WM R, UL FORTEA SN, Zhi [

iR E (1)) &9 5.

= Zre,i,t (3)
F2ERY NDOERA LAT Y TIZEF 517HE e-greedy 7%
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Introducing a Call Stack into the RGoal Hierarchical Reinforcement Learning Architecture

G BRI BB (e

Yuuji Ichisugi Naoto Takahashi Hidemoto Nakada Takashi Sano

HEERTANRR AW N TAREM St v X —

National Institute of Advanced Industrial Science and Technology (AIST), AIRC

2R R BT SRR AR

Department of Computer and Information Science, Faculty of Science and Technology, Seikei University

Humans can set suitable subgoals in order to achieve some purposes, and furthermore, can set sub-subgoals
recursively if needed. It seems that the depth of the recursion is unlimited. Inspired by this behavior, we had
designed a hierarchical reinforcement learning architecture, the RGoal architecture. In this paper, we introduce
a call stack into the RGoal architecture to increase reusability of subgoals. We evaluate its performance using a
maze with multi-task setting. The result shows that the convergence speed improves as the maximum stack size
increases.
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procedure EPISODE(S, G, think-flag)

s+ S;9+ G
stack < empty
Choose a from s, g using policy derived from Q
while s # G do
# Take action.
if a = RET then
s' « s;g’ « stack.pop();r < 0
else if a is C,, then
stack.push(g)
s« s;9 < m;r « R
else
if think-flag then
s < g;9 < g7+ Q(s,9,0)
else
Take action a, observe r, s’
9 g
# Choose action.
if s = ¢’ then
a' + RET
else
Choose a’ from s', ¢’
using policy derived from @Q

# Update.

if s = g or (think-flag and a is not Cy,) then

# Do nothing.
else

Q(s,9,a) < Q(s,9,a)

Fa(r+Q(s',g',a") = Q(s, g,a) + Vy(g'))
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Avoiding catastrophic forgetting in echo state networks by minimizing the connection cost
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Catastrophic forgetting is one of big issues in multi-task learning with neural networks. We propose that min-

imization of the connection cost mitigates catastrophic forgetting in echo state networks.

The optimization of

connections in reservoirs can yield neural modules (local sub-networks) that differentiate information flow depend-
ing on tasks. The task-specific neural activities help to consolidate knowledges of the tasks. We showed that this
constraint creates neural modules consisting of negative connections and can improved the performance of multi-
task learning. Furthermore, we analyzed the transfer entropy of inter- and intra-modules to show task-specific

functional differentiation of the modules.

X L&®IC

EhEIXUOE LB, # U WEREERRRL e R AT A~
HIRFIIEIG U, FEZBUTHE LTS, © hoMitry
N7 =2 3B bHRER2 AT HEY 2 — UG (B9 % v b
T—2) RBL, TOEYa—HBBKIZEYI D EBbH B iz
o T, ZFMARMFEEINEHINTVEEEZLNTWVWS
[Meunier 09]. D & 57t b DR THEILHRFEHDA 7=
ZLOMRIE, NAKRAT=a—5 )3y T —2 DT
PWTHHLERAD.

BRI EZ 5NET =R BT 1 VT LA,
ANLZa=5 2y b7 =2 5EIZEWTH kA (con-
tinual learning) & U CiEEH 2 HH T WS [Parisi 18]. U
U, AR OfkfEFEIZIX, RS HE (catastrophic
forgetting) DOMEAH 5 [McCloskey 89]. ZHuiE, FHL W&
ATDFBIZE 5T, MEIZFEH U R AT OERN EEFEE X
N, BERORA I DFEEZWMITERVEVWSHETH .

Z DWIRSEIDERED 72012, Za—F V3w NI —2IZ%F
Va—)UiE I AND Z EBREINT WS [Bongard 11,
Ellefsen 15]. 2t 5 OFFZEICHIEST 2T 1 771, HHDE
Va—NUMENTNELRLZ XA T 5 &5 IZEHT S
ZET, RAVNEHDO EHEEZ RS L THD. /2, xv b
7 — 27 DFEE A MDIRMEIZ & 5T, EY 2 — Uik D: A
EInd ZePHEIN TV [Clune 13]. BRI, BicH
F2EEE T A ML, WIREP Y F T AREICHY T 5. 2z
&0 Bl ofiarion, BN TESRRy hU—22 LT
DEYVa—IIRENE. 2O &%EFHLT, Ellefsen et al.
(2015) 1¥, 74— K747 —FHO=a—F )iy k-2
OFEA AN ZBENT LT ALk >TRMET B Z &
ZEoT, AV MNT—2ZIZEVa—)b (RAZIZX D EEBM
FRE) DN, R A7 O EDAREIC IR D 2 & %
AUz, LU, ZOEFVET74—FR747—FMTHDY,
HARTFROBNDOAZ R ->TWE. EERORBIZEWTIX, Y
ALV MEEIZ EBEINREHRORNDOHT, EY a—LDY)
DEZDREINTWEBLEEZONS. £, ORI AILE
Va2 — )V DR % ERIZEHMET L TWVhAR .

1.

RS AR, KK, T 565-0871
KBFWRH T 2-1, kawai@ams.eng.osaka-u.ac.jp

T IZTAWISEE, VALY h=a—IVxy T —=2D—
MTHdLTI—AT—F 2y b7 =72 (echo state network:
ESN) (2B I A MMEEBEAT 2 ETIVEREL, THH
BE DRI R A 71281 Bk 7 ORI S H % [F3#E T &
528 %RY. — RN ESN X5 VX LEEDY FN=F v
N7 —=ZIZAAMEZ 50, VFEN=25HIADKEEAD
APEREIZ Lo TEBIEINS. RETIVTIE, VFNN=Fv b
7 — 7 OfES%E, FEERERK LRSS I A MyMEE BRI
BE UFBER 7 LT AL & > THalfb 5. DR,
VHEN=NIZE Y 2= H 8N, XAZIZHEUTEYa—ILA
EEY a— VHDOERDOENLLLTEZ LT, HIEADYE
BB BRI NI NG Z & WG, £z,
RNz P N—) — ROy baE—255E L,
RAD L DIFROTNEMNT 52 2T, Y a—ILOWKHE
MMEEHSIZT 5.

2. EFIHE

2.1 IJ—XRF—bRv NT7—JDHHEEE

X1 ICREETFTVOMEL/RT. UBETRKE®EDLZD, A
W= IETHBGEEITDOWTEIAT A, HHtizsnWT
N OV HFN= ) — RHAS u(t) £ R2Z ML Wi, TEANM
onTZITWS. 2L T, VHFN—) — RNORE x(t) =
(z1(t), -, an®)T BRRIZ XV EHEI NS,

x(t+1)

= f(Winu(t +1) + Wx(t) + Way(t)) (1)
ZZT, WIENxNDOYA XD FNN—EHATH], Wi, 1
AHERNZ MV, W, 1 ZHTT y(t) D7 4 — RNy ZBHAN

MV THY, TNSDOEAIFEHEZBLUTALETHS. 450

E@ﬁf LT, MR IRy MEHWEZ, Wik
175 Wo Z2IRNTIERtd 2 & THoN5.
Wy
W = 2
P(Wo) @

22T, p(Wo) IZ Wy DEIFEDHIEDHRKME (A2 |k
VR THY, o FIEREHRTH 5. Ellefsen et al. (2015)
DETNTHE, RAZIZEoTAN/ — FBRL > TV
AETNTE, ZAIPRES>THRL /) — FIZANNEZ S
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M 1: REETNVOMEN. —ERHERD & & A7 DD X A
ZIZY 0 EBELLIRMICBIISTa—AF— b2y T =2 D
i e OREZ RS, #6632 oMb izEMeE B
KRB L & BN EELICE D, VPNN—2y NI —21ZE
Va—)VEREN, ZATOYDEZIZELTEDEY 2 —
VOIEFET O DD Z T, BRORXATDEEIAFEIC
B5.

N5, HARXAZHOFEZERPG A oNRTH, ZATH
DOAHIOMEDE NS, VI N—DIEF XA F I 7 ANE
Ed2Z RIS,

RZ e 1280 T, i yt) 2ZIRATEDES.

y(t) = Wour (8)x(t) 3)

Z 2T, Wour(t) BHENEANRY MLTH S, —fRIZIE, ZD
HANEAZFIEEIFD Ny FEEIZE O RD LA, FEIZ, K
2T B BN —IRE DM E I L DR B

Rt iz B2 MHEMIRRC L D EHI NS,

Wout(t+1) = Wou(t) + AW (¥) (4)
AW() = RO)x(be(t) (5)
ZZT, i e(t) IZ ESN DT y(t) EEHIEF ya(t) D2
e(t) =y(t) —yal(t) (6)
Ths. R(t) RIRRTEASNS.
1 . RE—Dx(®)x"(®R(t—1)
RO = IRV -—= SRt -1x @ |

ZIZT, pldREBREE JIENBNRNTA—-RTHD. R(t) D
I R(0) = (1/0)I TEHZ 5h, TIEENTHI, § 13IEH
WWNSWEHTH 5.

2.2 EEHTIILITYILICEZ)YN—FEHDOREL
—f%D ESN TlX, Wy 27 VX LIZIRET BH, KETFIL
TlE, Wo Offl % DBEHZEZEET LT HEET VT ALIZE
D LT 5. TOHMBEEIIX, FEMEREORAME GEED
B/ME) TRl BEIAMNORMEEED D, AR
FEEFTE20IZ, VIEAN—J — REZFEHEFRICEET 5.
oD/ — REDOEEIANEZDOROI—2 ) v NiEg e &
ADOFEIHEDOTATERL, 2EROKEIANE, B®TD/ =R
OMAGDLRIZDOVWTORE I A ORI TEETS. ZDH
HIBEEIZ & b, ZEHEISE VRS 2 F8D ESN &Ik T 3 <
BB, MEOBERIES THRENZEY 2 — W8T 5
ZeNHAfEEIND. S, ZHMOBMEHT VI XL LT

REM 7, BB — M EEN T LT XL (non-dominated
sorting genetic algorithm II: NSGA-II) [Deb 02] ZH\ 5.
HURIEGHEAL & ikt 2 E O DN & BN IZ3d T

1. PR LT, RuasWfiEA%zE> ESN 2 X fEfE
Y 5.

2. BRD R AN 0 BD RN TOMEFEIZLYD, &
ESN 2% Wou 2 HHT 5.

3. 2. TOEEDOR/MbEAES I A N DR/NMEE BB
95 NSGA-IT 12k D, Wo DE7Z 2D ESN A5
M.

4. ROMARIZB D, 2. £ 3. 2 Y [0 KT,

3. =&

3.1 EEBRHRE
Slal, VHN—J — RN % 36 IZHEL, 6 x 6 OFHiE
T EICHELZ. Wi, Wa, Wou OFEWMME, XU,
Wo OREAYIIMEIL [-1,1] O I L. W 2857
DDNTA =R 1T 1.0 IZE&ELT-.
UTOMEDELSD ~DODX AT %H\\Wx.

o EHBEORMTH : EHBEAS L U (u(t) = sin (2)),
1 BB O A 2 BEEE LT 5 (ya(t) = ult +1)).

e 3VY NN UTFAF VI 0N 1 DTV ELAIITHL
T, HELEED®EE DD ASTBWT, 1 AHEEE
HIEHEIEE1X 0, TEMEDNIE 1 2 5.

ELODRATEAMNIE—RITTHS. 16 ATy T LI
RAZ % ANNEEZ, 480 AT v 7 & THRIRBUN_HIEIZ X Bk
FEE Tz, BIRBUNFEDOSHERE 1 1% 070121, H
WIS 51X 0.1 1B L=,

NSGA-II i2BW\WT, —HARDMEEE X % 500, HmAHAAE
Y % 1000 2% @ L7z, F£72, RXRIE80%& L, 80%DHER
TN 1 EROERERPEE S LS5 L7 FHM%
BEZ 161 AT v T 5 480 AT v T £ TO Y LA TE
%L, Z0OH/IMbE NSGA-II D—>DHKEE L U -, fa
JIA NORIMEZE HINBEBIZED 2 Z L OB EZHSRIZT S
=iz, EER/MEOAE HINBEB L 3 5 gt 2 3% 1) 7=

VHER—2y FT—ZIZETa—LDRIFEL, FOEY a—
WIRR AT U TR DBEREEZ AL T VWD Z L2 HL M
T 5701, EARELED ) FNRN—2y b T — 27 DFEDE
Y a— )W MIEEI O MR ORN AL 2. 2y N —2
WEDEY 2 —WEDFAMNIZIE, Newman DEY 25 ) T+
[Newman 06] % fH\\7z. ZHIEEY 2 —IVN/ — N OF;E
DEEDS, FEENT VX LTI NEETOREDEE % I
Ufichd. ZOMPHRERESRLIEY2a— N/ —K
ANDEY a—)VOED Y TEEAT 5. MRIEB OB ROTEN
DR L, BET > bo Y — [Schreiber 00] % H\W7z. %5
Fl, &5 /— KD 1KLSOFEEH S, 1 KZBOH O/ — K
DIFFANDOBEH T ha ¥ —%kd7z. FEED 10,000 7 —
2RIz LT, 2@TO/ —FHEOB#HTY hun¥—%23HL,
EVa—LEOEEBHTY hoY— £V a— I LNDFEER
Blry bob—%2Rd7z. X512, ZAZMMI & IZEEBH)
IOV —%EHETEI LT, XRAZIKFNRERORN %
" #b L 7=,
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FEERT. HOLKROMBTNTN, HELELS I A DR
b, LEDADER/MEDGMATORETH S, ZOX» S, K
HAXANEHMERICED S Z 2T, FEERENAAELTWS
Zewbnd. M3 ITkEAIA N E BRI ANEZGET
D (a) PHAHACE (b) AR D FEHFROF %2 73, FIH
DIVRLFZY N T =0T, A DL T IZHE
BEBOBELTWEZeAbhd. — /T, R TIE, &
AT WY B o> TEHRELVERE T, BRI H% [ L T
W5,

B 41z, 100 EHRTEDEY 25 T 1 DMOHER Z KT,
EDfEELADKAEIZLD XY NI =2 %213 TC, ThThD
EVaT VTR UE. K4 FOER2 S, FEI AR
ZHABEBIZEDEHZ LT, ADMEXY NT—2JDEY 2T
VT4 DU -2 05, DA% HNERE U
BTH-O-TEEY2TV T 1 DENNTRD SNE D, FEEHIA
Ne&OBAEDED XD IFRELIEF Y. —FH, K4 DIE
OfEED Ry v T =27 () TRELLDHAETH->TH,
EVaATVTFADWIMNIELAERL, TVRLEEDEY 2
ST LA%ETHDIEDNbND.

FEOEY 2TV T 1 O NS, REIEROEEDES
2V R T =T DFENFNIZBWT, 3DODEVa—LAH5I
Ebhot. FNSEEVA—ILA B CLLY, 2227
CDEYa—IVEIEEY 2 IVADEEBH T hur—%2
5129 (2L, ADKERY NT—2DET a—)LEIED
BEORY P —=2DFY 2 —IEMIGLAW) . EiKETHIO
L EITIE, BEITY buC—0ER KISV, L,
BDEIVa—LC o6 ANOBEHTY bo—»2R"AEL, E
DEVa—I)l BADOBETY MO -l RE NI &N
bbb, — AT, XN)T4Fy 7D EITX, ADEY 2 —
NV CHOBEHTY hav¥—2 k&L, £/, EOEYa—)b
AYXBTOBETZY hOE—=2kEW. ZD&5I1Z, ZA2
WG U TRZZEHROWNDBFEEL, EV a2 - VT IR
TESRAIE R TN T WD A REME R S 7z,
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TVa5 ) T4 DS, IE (HEENE) OfaIREYa—
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THhHIZe%FHHALEZ (M4). ThThhoxry hT7 =270l
7o ERMENT S, £, BEEOXY b —213BEZ 5L T
VELZRY NI =2 ThHY, BHERRIET) % LT A 5ED
HBLEZOLND. TURLEED) FN—DIFE NS IRRX
A FIVARELILIZE 5T, ESN I3kE4 2225 #HED
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DIEBHBHHN SN T WD Z EDHE SN TWS [Fox 05]. K
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DOIERGRTZ TR L, FRCTEIGHI D A 51 = X 1 OEFRIZ
DI B LRI NG, KETFILDOMD X X7 ADHER*,
HFIEDEY 25— % v bT— 27 DERED X 574 5 F1# & A R1L
MWEBOFETH 5.
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AW5ElE, JST, CREST, JPMJCRI17A4 OXE% 27
EDTH5.
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Convolutional Neural Network {
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Convolutional Neural Network for Image Recognition and Visual Explanation
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Takayoshi Yamashita

A

Chubu university

Deep learning technologies in the field of computer vision are gradually introducing into our daily life.

These

technologies have been achieved by introducing the methods that improve recognition performance, such as deeper

models, a method of stability training of the deeper model.

Moreover, to achieve the productization, the visual

explanation that explains the decision making of deep learning to a user has been proposed. In this paper, we
present a trend of deep learning technologies, which have been used on image recognition methods such as image

classification, object detection, and visual explanation.

1. ELC®»IC

HRAUZAFAE S DR 1 7 T ALES % 8% 2 migER
il F ik, Advanced Driver Assistance System (ADAS) %
Bl AT L, SNSRAXY—=R T4 VDT TV r—vaviE
TIRIELIGHENTWS, ADAS CTIEHEI 7L —F U AT A
FOAGTHECHBEEZRH T 2B THWS N, SNS»7 7
V= a VEO LYy — 0 B CIEBEO TR & i 0 5 H#E
EUTHBTRET ST 7V r—y a vEASHEh TS

Z D& D73, RN SEIZHLY )\Z/L!BZ/L% Ao XA
72END—DL LT, EEEEOFREIZ X FEMEGEDL M L
7= Z RS EB/LTVWS. ﬁfg%wugﬁﬁj\ﬁvk T2 HEYET
l%, Deep Convolutional Neural Network (CNN) [Alex 12]
B R—=2UZ U FEN NI AW ST WS, ONN &, 5
D — )V CTHEFEI N D B AAAE % FRICHEE SNz =2—
TNy NT—=0THO, FEIZLOA—FVEEHRTHI L
CTHGRFRIC AR SRR %2 5T 5. CNN PHEEHETH
WIEBER L 728, Wik y Ty 02T AV T —
a VEOA RBBRBA A I NGHINE LD T 5T,
Zhix, CNN OETIVOFRIERPENE T NV ELEL TEET
ELFEPRL CESIN/ZZ EAKRERE#E Eofb\é

— /T, CNN IZ X2 Mg EDA TR, Hinktic
% CNN DYWLz = — ﬂ’\fﬁié&ﬁ%k%éﬂfh\é
CNN %A U728 EAETRRIC L b a—F A2 L 5D
L5272 E, A—YAREIOLI RITEIEZLI LZOH
BT ORENRD L. TORD, Zhs ORI E R
T2 FiEIX ONN % HW 72 85 % pd b 9 2 BRI B B Hdl
L7025, CNN OB % fi#fr 4 2 WX B I 0 fl £
THBY, a7 7u—FRREINTWS. FHZ, B
387 Cld CNN DGR IERL L 728808 %2 v v T CRBIL 72
Attention map &\ 5 Z & T, HIWARILZ RT3 5 HEH
FHPHW SN S, HREINEIHIE, CONN 2 EGFET 5 BRI
EHR U2 LT 2 Z 2R TE B0, BERENIZ CNN
OYIWIRIL A F 2 Z LD TE S,

ARTIE, EEZHEI T THWYS5ND CNN OFEOEAIC
DWTHRS. £, HEHESBIZBSWTHWSIS CNN DE

WAL g W FBEE, P ORE, EHMEREHHFE
AR T 1200, 0568-51-1111, 0568-51-1111,

takayoshi@isc.chubu.ac.jp

TINZDWTHRARZ5, WRRHOET VIZDOWTIERS., £
LT, CNN OZEFEHI W S N B IERILRHEE IEIZOWT
WARD. FfBIZ, CNN OHIWHRIL % ik 3 2 SR 3EHH O
THBNZ DN TR S,

2. EEDEICHITE CNNDOETIL

VIAHER v 7 A v F—vay, BUERBETHVW S
%5 CNN R—ZDEFI)VIE, BHESHECRESINZET IV
ER—ZIZ Ay b7 =7 ZHELTOBHH %\ [Ren 15,
Liu 16, Badrinarayanan 15, He 17]. E&738HIZE 175 CNN
DYIRDMREMNZLET IV E LT, AlexNet [Alex 12] A%
H%5. AlexNet 1¥, KEBRALEGRBI > XT3 T
» % ImageNet Large Scale Visual Recognition Chal-
lenge (ILSVRC) [Russakovsky 15] Th v F& %572 E T
TH5. AlexNet OWEEL, 5 HDOEAAAEE 2 EHDORAE
HEPSEEI N CNN TH D, Local Response Normal-
ization (LRN) X Dropout, Rectified Linear Units (ReLU)
FORBEDT—RTHEVWRXY NIV =T 2P TL2720DDT 2
ZYIPEAINTVS. AlexNet DIREHE, LOHEVRY b
T — 2 %Y 52 LT, SREEREGAEEENT ST S
u—FHBMoNz, Eoatxy hT -7, %%&ﬁ@ﬂc‘:@%ﬁ&
R & FRICEETE 5720, X0 EWEE TR HE
H5. B IH 07 Tu— %@ﬁ%%a%fwabf
VGGNet [Karen 15] X GoogLeNet [Szegedy 15] 23211 5 1
%. VGGNet |3 KT 19 D CNN Z§5 L, GoogLeNet
I Inception module ZE AT 5 Z & T 22 JdD CNN %
LTW5%. Z®D1&, Batch Nornalization [Sergey 15] % He O
IE#UE [He 15] %, WAy NV =2 OFHE2LEI R D720
DT Tu—FHRREI N

2016 F1Z1%, He 575° Residual Learning %3 A L 7z ResNet
ZRFEL, 100 @A LD CNN 245 L 72 [He 16]. ResNet I3
BN % BT BN S AEEE D ANTH Y, Resid-
ual Learning % H{ D A#17z Residual unit ZfEE L TW5
Residual Learning OEAIZ XD, KEOECTHEI N
VAT =0 RLELTCHFEHTESL L1240, CNN R—2
DOHEEDFDOREE N X 512 E L7z, ResNet BRI N7z
%1%, ResNet 2 RX—Z2IZ U724 RETIVBIREINTW
% [Zagoruyko 16, Huang 17, Xie 17].
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L: ikt o R &2 E TV

IS OEGSHETE TV O, WiikiREPEERN, &
TAVT—=2a il RERPEEGATWS. Uikt
TAVTF—=va v THOWONE XY NY— 2 IZEBRSFED Y
N —ZETINER-AHET 5720, B FEOMERRE
AWM DOFRFR X A2 OMREE [ ETE 5. TD728, ks
HDETFIVIMOEEERFE X 2 7 DB S, BB
BIZBELTWS,

3. WA

CNN N — 2 QEG T FIEDOFR I, CNN Z2X—2 &
Uik e RESFHERB LTV, Bk, X 22(b)
D &S IZHEHOYMRDALE & 2D H T TV % H#HeE 3 5 Hiffi
TH5. CNN X—Z2 DYk HEIX, R-CNN [Girshick 14]
& Fast R-CNN [Girshick 15] & X — 22k & ZF T TV 5.
R-CNN R—ZDFETIE, VRO EMEESZ AL, L
T EMitEEE CNN THTF TV BEENTD YT v IRy 7
ADEBIEZLTS, 2 BEEOMEMEEZEHALTHWS. LrL,
R-CNN & Fast R-CNN FE 5 a2 F23& <, VTR A L
YRR DN TH S, U T IV R A L TYRRE D ] BE7R
FiEE LT, Faster R-CNN [Ren 15] 23% 5. Faster R-CNN
1%, Region Proposal Network (RPN) %X 1(a) @ & 523
ALTHY, YikEiisgoktt e, A7) e v
T4V IRY 7 ADEIEE 1 DD %y b7 —2 T End-to-End
IZHETE 5. Faster RRCNN X, 1 VAR VAR T AV T —
arAbHINTWS. Faster R-CNN 21 VARV At
T AT —avAEH U7z Mask R-CNN [He 17] I,
UM O Y 27 2 577 v F %2835 2 LT,
SR VARV AR T AT a v EERLTWS, £
72, R-CNN @ X 5 72 2 Bt O tikii&E % V3712, X 1(b)
D&Y NT— 7 DKL S EEMIEA T 2 ) TE
% Single Shot Multi-box Detector (SSD) [Liu 16] {2 =
NTW5B. SSD i3, MMKRGEMFIROMH 2 nE & Linizd
Faster R-CNN & b @dic¥fkziti cE 5.

4. CNN ORttgEz=m L& 3 FiE

RKEDTFT =R E2HNTHENLRY NI =2 2 RZE L THEET S
72D, BRA T 7=y IDEAINT VWS, 2y NT—2D

(a) Batch Normalization

(b) Group Normalization

2: Batch Normalization DF/&2DFik (3K [Yuxin 18]
» S5 H)

FRNIZIERL, BTk EEAT ST, FHOPKE
b, FERICE T2 AROHMEL I LN TE 5.

4.1 IERH1E

CNN {34 — RV & AJ g & 72 (3R~ v 70 R aelgin
5N Z KD D728, ANMEIZ ) A ZADFE L2586
BREDOIESDEREL, WA TSI EIRKNE 5.
FD728, —MRNZIEE ARG RKEE E OIGEE % EHAE
U, W F2MH T 5. AlexNet TiZ LRN 2SHW ST W
7208, MORFED F v b7 — 2126 U TR E DI E L7222 -
720, Batch Normalization [Sergey 15] Mg I N/~ Z & T,
BRI —REIZ AW S TV,

Batch Normalization 1%, FEDF v > 2% I =Ny F
AT CIEHMEL, FEE 0 Lot 1127 5. 2(a) D &
SILI=NY FHRATRHEDF ¥ v 2V EERLTEZ T
WEILZ R Y 7 P KIEIZEB T 2D 2w TWnws. L,
Batch Normalization [N LA &Y 7 N 2H#E8 T 57-017,
SNV FOYA X% 16 BALEIZT 2 0ERH 5. I =Ny FD
P REKREWVIZEFREIA NPT 5728, WikGREED
A ) EAERZET VT2 R TE RN, 2
D% fF$ % T3k & LT, Group Normalization 23 5.
Group Normalization 1%, X 2(b) D & 5 IZHEMDF ¥ > %)L
DHAHWTIERIT S, ZHiz &b, Group Normalization 1%
DED I =Ny FH A X THERFKD Batch Normalization &
FAEDREZRD I ENTED.

4.2 ZFEAE

R A B N % (stochastic gradient descent; SGD) 12
K02y VT =0 2FEHT DG, FEE g 2FEHOBMTE
{b X% Learning rate schedule 23 —f{ICEA I N TN 5.
2y T =27 DFHIIBITEFEKIE, NTA-XOFHYEE
Hils 28 TH 5. FEHEEREIHELZGEIXFEDIN
WBRRL 250, APHHBRLPT V. — 5T, FEHEREN
SEBE U 7258 13 holfift 2 A L X3 0Dy, EEOIURANE <
5. ZOREERILT B0, FHOMETEYRELE
TH5I LT, b EERLP T < LTWA. Learning rate
schedule 1%, —fIZIEFE L %2 E I E S Learning rate
drop 23— f¥IIZ V535, SGD T Learning rate drop %
AWa5a, 188 UEHEBITEL 2B E R HET
5. PEHERREOEHE T RIS 2T, Blixhd¥y
HAEELD Pz TE, Ri#REMWETES.

— /T, FHRERNTBERAIVI2FHTIRET SO
TIR%L, YHOBBCHEIZIRET 2 HAELREINT
W5 [Zeiler 12, Tieleman 12]. Adaptive Gradient (Ada-
Grad) [Duchi 11] {&, #Y b7 =2 DENT A =R ITH L
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4: ABN 2343 L 7= Attention map D

TYHELEXEL, HETHELRDZ S FETES. Ada-
Grad ZRX—2 & U722 E L, S KIREIND [Zeiler 12,
Kingma 14].

5. HREHIEH

HREFE BT 5 WG T, HEERF TG L 72
W&~y T TRELL - Attention map % & HIWrARIL % fiitdr 3
2 BRI DA D ML E LT\ B [Zeiler 14, Zhou 16,
Ramprasaath 17]. Attention map OEFIZIE, A% AW
7z Bottom-up O FiEE 2y b7 — 27 DIaHE% W5 Top-
down OFED 2 fiEA H 5. Bottom-up DFEDHIE LT,
Guided Backpropagation & Gradient-weighted Class Acti-
vation Mapping (Grad-CAM) [Daniel 17] »34 4. Guided
Backpropagation ¥ Grad-CAM 1%, W{EEDRED 27 T A1
BB EHEOAR DA NS Z & T, Attention map % #4549
5. Guided Backpropagation & Grad-CAM (ZFFED 27 T A
1281 5 Attention map 22TV ML —= V7 ET I
SHEMATE 5728, CNN O Fike UT/A —BEIIZAW
S5NTW5S. Grad-CAM &, WEDZ 7 ADHNED =Y
S AEFRESE, FME~xy T2 #ET 5. £ LT, JEE
B2 B 1) 2 REDBEAAAEDRE Y v 7IZH LT, GAP
s, GAPIZ K DR U RN T MVIZEA L UTHH
L, BfR—ZDE#H <y I L CTEAMIEMZRD S, Z
DEAEFTRD 7R~ v 712 RelU 2fid 2 & T, F

5: Breakout |23 1) % Attention map D4l

EDY T AN T HHHEEEERTHILNTES.
HEWNEIFIZ B 1) % Top-down OFEE, Fv N7 =20
H U728l FlVW 5 Z & T Attention map 2 #5TZ 5.

Top-down @ TFiEl% Attention map ##E T 57212 % v b
U= 2R L TCHEYE T IHEDNH LD, ELEFEOER

THKY T AILENT 2B ZETE 5. Top-down DFi%
DIREMN 72 FIETH S CAM [Zhou 16] 1F, BAAAEDINE
e elEFOmaEARZAVSZ LT, &7 T7AILBIT5
Attention map ##3TE 5. CAM 3 &kiEE %2 B AIAAE
AN Z B DI NE 2728, ERDFHIZE N TIEMERE
ERNZRESRI LY.

Z DREZ P L 72 Top-down 7 /% & LT, Attention
Branch Network (ABN) [Fukui 18] 73% %. ABN I, 3
D & 51T Feature extractor & Attention branch, Perception
branch @ 3 DDE Y 2 — LD SR I N TS, Feature ex-
tractor 1&, ANHEE» SR~y T2t 5EY 2 —-LTH
%. Attention branch I, BEAAAEE R— AR NZT
7 YFTHY, Attention map % )19 5. Feature extractor
&, ANHG» SR~y T2 ERT5EYa—-VTHS. i
HLU 72850~ v 71& Attention branch N A1 & 41, Attention
map )19 5. ABN %, HEIEHZ XL L LUBITER
i, YVF R FEEDRRZ IRIRRE R A 06, K4 D
& 512 Attention map Z##B{TE 5. 72, ABNZT—V=x
v N OHIETHW SN EEELFEEANE NI TES. ABN &
TR A IGH U 7B 515 L 72 Attention map %, 5
IS 5 OHll, Atari 77— AL D—DTH 5 Breakout #
HEREFETHIELTWAHITH S, M5 DFEE» S, R—
NEBQET, 70y 7 ORTR—ILVBHIELED T — LA
a7 2 EHTHERDOY —IZBEWT, Attention map AR
KEIBLTWA Z EWbhrd,

6. HHYIC
ARTIE, HEFERICB TS EFAZEOHMIZOVWTEL
&b, %E L/f’ E"fg%mu\nfﬁwu \Lﬂ'é‘(%)%?ﬁé@%)ﬁc:; D, @1‘%

DEZE I LD & L YARRHEFEOMEREZ KiFIZ A ESE7. &
7z, MEREM B2 T <, SRR O R R 0 S S TR
Yz R g 2L BRI M ENT NS
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Deep reinforcement learning has a difficulty to solve a complex problem because such problem consists of a larger
state space. To solve this problem, Unsupervised Reinforcement learning and Auxiliary Learning (UNREAL) has
been proposed, which uses several auxiliary tasks during training. However, all auxiliary tasks might not perform
well on each problem. Although we need to carefully design these tasks for solving this problem, it requires
significant cost. In this paper, we propose an additional auxiliary task, called auxiliary selection. The proposed
method can adaptively select auxiliary tasks that contributes the performance improvement. Experimental results
with DeepMind Lab demonstrate that the proposed method can select appropriate auxiliary tasks with respect to

each game tasks and efficiently train a network.

1. FL®IC

HALEE L, Bk Iz ke T 572012, i
BIRENEFHTLMETHS. £z, Bl FEHDLS
12, EOLSBTEEERT VIR OMIEEHZ 51T, Y0fT
B2 BT NIE L 0 ROERISEOCA K 22 o g iEe
o T\W5.

bR, Blid 0 FEO LS ICHEIEE2HET 50
EPRVEREDN S, aRy Ml [Gu 17] [Rajeswaran 17]
X — LB [Justesen 17] [Firoiu 17] 72 & D4 I R A 212
JSHENTWS. = LAKBEIZDWTIE, Silver & [Silver 16]
Dav¥a—RETT ST L AlphaGo P37 1 [ E £z
BERIL, FEHICIEH SN, £z, Atari2600 D7 — L B
IZHWT, BEmLEEFED—D>TH S Deep Q-Network
(DQN) [Mnih 15] &BFEN D FiEEE SN, AMZ2#ERET
AT EEMLUZ. DQN IF Q ¥# [Watkins 92] & Deep
Convolutional Neural Network (DCNN) % fllA & HE 72Tk
ThH, HfEEATLTS Atari2600 D7 — LD & 5 ITRE
O WHEEHRS 2L 2ARIZLTWS. 20O DQN Bk,
L EFERIIEE Y 2 AG e R R L ER
oz,

LB T ¥EET— 2L, TV MR ERL
WET B, 207, FETHET 5T — X &G 57T
MEHETZ WS ELEH S, 22T, ZOMEERBIT D720
{Z Asynchronous Advantage Actor-Critic (A3C) [Mnih 16]
PRI NTNS. A3CIE, FETHW S RERO A K 2 51125
TaZ e TEEbL, /NT XA —X O % IERIANIZIT 5 Fik
Th5. 77, A3CER—AL L, HliZe L FEOH R A2 %
A AV RAY AMiFZFE T D UNspervised REinfrocsment
learning and Auxiliary Learning (UNREAL) [Jaderberg 16]
PHRESINTWS. UNREAL i, HBOHMIIX A2 28 AT
5Z0I2&0oT, FT—LRAZIZBWTAC LV EWATT

TGS
Mgy JEBL - itaya@mprg.cs.chubu.ac.jp
SEJIT 3 ¢ hirakawa@mprg.cs.chubu.ac.jp
I B
e BhE

: yamashita@cs.chubu.ac.jp
: hf@cs.chubu.ac.jp

ZEMLTWS. UL, UNERAL THWS N2 TOHE)
RAZNE, HOPBBEBIZEVWTATLLENTHS LIFES
N F Tz, IR AT EHND I ETAA VYR AT DFE%E
i 5 L WS EREFEET S, D78, WBIR A7 IFBREC
Jo U CHEYNCERENT 2 BED D 508, WAl & A 2 DG
XZ KT 2 ET 5.

Z ZTARWIZETIE, UNREAL O#BIZ A7 IZEHL,
B2 A0 2 BBIZAEDEBEIGINITEIRT 2 X 22 Auxiliaty
Selection #E AT 52 & T, LilOMEZMRT 5. FKEi
fliBh 2 A 7 OEINIZIE, Auxiliaty Selection 12 & D HF1 X1
R A A DEME, B2 27 & OBRKEBORMZ
% Z & THEBIT 5. DeepMind Lab [Beattie 16] @ 3 DD
7= L%MAWT, UNREAL B X UOEHBIR A2 DAL E Y
AAT UM BH I LT, KRFEOEMMEEZRT. £/, &fl

Bix 20 OFRREKEFEST S 2L T, foEzmihz 22 %%
RNTETWEHERT 5.
2. BEER

AL VRAD ERP R AT 2 WHNFEHIEDLI L TAA Y
R ALY DEFREEALE XD FIRIIBRZIREI N T WA, Liebel 5
[Liebel 18] 1%, HEHEOMELY —ZEWT, ¥V T 1y
Y ITA VTV a v EEEMEEAN VAT L, RHER
BEHEE DRHBI X A 27 ZWHNZFETT DI L TAA VY RAT DI
Er EZEBLTW5. Jaderberg & [Jaderberg 16] I, #
EibEE BT, R—=ATH5 A3C [Mnih 16] (ZMA T,
Bl U OB R A0 2 A VR AT LN ETT BT
EBEEBELTWS., ZOFER, 3O0RLLMHIR A7 %M
W35 Z & T, DeepMind Lab O EBEKME X A 71285 WT,
WRAIT EHEFL TS, 1 DHODHiBIZ A2 Pixel Control
IR OEENRKE S BT 2THEEETERAITHS.
2 DH DI Z X2 Value Function Replay |di# % D 5k %
Ty 7L, AREBEREE V (s) 2#F8T 5220 TH 5. 3
DHDHiBI & A2 Reward Prediction (3R % 515 U 72 REER
EEELTEEHL, £ROWMEZ FHITLZ2X2 A7 THS.

LA U, EEHOFETIE, A VR AZITHEL TWRWE
RAZ B HNIZIGE, A YR AT DFER BT 25
PEIET D, TD72, MIX A7 DEAZIEAA VR AT
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Last reward

Environment

— — I —
> > Z‘ - n(als)
I =
S— 18 15 9] =V
L LI o >
Skewed |+ | > § Q™
1 . [
| sampling 0 a ':';?
; ] ®)
Replay — 3 5
Buffer [ |_E| |_E| ) _[: T[AS(a|S) <(§
@] @] L
SN

—: Value Function Replay
—: A3C,LSTM

: Pixel Control
— : Auxiliary Selection

— : Reward Prediction

B 1: BETIEDOR Y b7 — 7Rk

WU 2 AT BEATHHENHD. I T, WEEEEC
BWT, LloMEEzRT 2FENCL DM REINLTY
%. Teh & [Teh 17] 1%, ATk b XA ZRENCILET 247H)
ERALTELESRL, FHOT2EMT 52T, ¥8%
WESEDFEERE L. ZOFHER, HET 2 HEIEL
AZIZBWTHEM R GER»P Sl v & S 328 AT 25
LT, BEipRAIETOEMENE ZEEEERL TN 5.
— 15, BEFETIE, AV RAZO¥EEGM MBI 2 22
EHIGHIZERINT 528 T, A VRAZO¥E 2 IT5Z &
7L, FEHOMEMNETD

Riedmiller & [Riedmiller 18] I%, £ OHBI& A2 D%
fERTIIE, A YRR EMRRTEB0%E T 5 Scheduled
Auxiliary Control (SAC-X) 2% L TW5. ZOTEIE, &
HiBh & 227 2B L NV D R A2 & LTHEHL, ThENDHK
IZo 72 i REET 5. 2 LT, SACIZK D HWS %
REZZeT, Ry b7 —LD &S 2BMABTH 2%
fRLCTWB, —J, WETRICBI MR A3 %20
Fe L\Wz®, UNREAL (2817 % Value Function Replay
REWFERARETH B, £/, AMVRAITHS A3C D
BUZH LT, SIS R A2 & BINT 2728, Hilhx A2
EBRBICAELAINT RV TETH S.

3. REFE

UNREAL O#iBi 2 2 7 1%, BEEIZ X > TEEN R 57
O, A VAR DFEEEYTE WS HENRHD. D7
b, BEIZAEDEMBIZ A7 OERPRD SN, AHIET
%, BEICADETHWDHiBIZ A7 2 B)5HIT#IRT 5 2
2 Auxiliary Selection Z %7 5.

3.1 Auxiliary Selection

X 12 Auxiliary Selection Z&E A U7z UNREAL ® 4 v k
7 — 27 W& 3. UNREAL @ 3 DOHfii & 2 7 1%, Pixel
Control (PC), Value Function Replay (VR), Reward Pre-
diction (RP) THh%. Auxiliary Selection IZ1%, Replay Buffer
WIZIIN S iz AL, IRIBAGIEBIEL Vas(s) & /iR Tas
BT S, AR s BEMBIZ AT 2NN E S pERT
lTH5. MR AT 2EA%R Cpc = {0,1}, Cvr =
{0,1}, Crp = {0,1} 95, &, mas = (Crc, Cvr,Crp)

L7254, Auxiliary Selection D %y 7 —27 1%, BAIAAE
2 aftaE 1 EroflkIng. £/, MOMMPhxAs &
AR D, ASCORy by =2 3 EET, M Lzxy
=2 UTHEEEITS. 2D LI, BEICEbE TR
RA D ZMIGHNEIRT 5 2 & T, WX A2 2%HT 8D
WA EXS.

3.2 BKEH
REFHEDOBEELIE Loroposea 1, KD UNREAL DL
MR L ICEFL, RN(1) DESICEERT S.

Lproposed = Lazc + CvrLvr + Cpc Z Lg) + Crp Lrp
REFIETIE, Auxiliary Selection 7 5153 % Cyr, Cpc,
Crp E&MMIZ A7 DEIIBOREZIS Z & T, IxidZAl
R A DB%EFN % LT 5.

F7z, REFHEOEEBE Lyropopea 1213, Auxiliary Se-
lection 7 5 #7595 Cyr,Cpc,Crp ZHWT WS, ZD
72 %, Auxiliary Selection D& Z M DHiB X X 7 L [FH
%6:7 Lproposed LZ%O‘L\’Cﬁ 5 a y %‘%ﬁﬁb & A 9 @%!7}
Cvr,Cprc,Crp MWD EDIFEINE WS END
5. UL72H-T, Auxiliary Selection DF# TlE, Lproposed
LIFH72 5 Auxiliary Selection OELEARZE&H L, A3C &
BB R AT D3y N7 =2 LML L THEEEITS.

Auxiliary Selection 085 BIEUIRABMI(ERI %L & iR DA
KB TRT Z eV TE L. REMEREDIEELE Las, &
X (2), HROBEIEE Lag, 2K (3) IR, 22T, 07 &
BEIHEIORY T =T DNFT A=K THbD. %7z, H(mas) &
JE P 72 BRI R U e W & 512, BEREZRET 27200
yha¥—TdHH, IRy ba ¥ —DIERMLIED R X % fHlH
FTENRITA—RTHS.

Laso = (r +vVas(se+1,07) — Vas(s:,6))° (2)
Lasp = —log(mas(als))A(s,a) — BH(mas) (3)
Auxiliary Selection O#HKBIHUE, X (2) DIRREAM1E B %L

DL L X (3) DI ROEEBEBDOIZ L > THIND.
R (4) 12 Auxiliary Selection DIHKBEE Las ZmRT.

(1)

Las = Lase + Lasy (4)



3E3-0S-12a-02

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

140 nav_maze static 01

seekavoid arena 01

It_horseshoe color

120

100

80|

score
—

-y

score

60/

i

40

N

A

he g

L

201 5| 10| f A 'A_A."N
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global step a0’ global step a0’ global step a0°
\ UNREAL PC — VR — RP — proposed‘

2: DeepMind Lab I8 2 A5 v DO

(¢) lt-horseshoe_color

3: DeepMind Lab D% — L [

4. FHEEER
4.1 ERBRER

RE T, EEEEEE LT, DeepMind Lab [Beattie 16]
ZH\W5. DeepMind Lab &, — AFELSMMA&D 3D 7 —
LEEETH D, K& 2T nav_maze static. 01 (maze),
seekavoid_arena_01 (seekavoid), lt_horseshoe_color (horse-
shoe) D 3 DDT — LWFIET 5.

maze (F— AMEUSORBIRRE T —LTH B, EHiIZHBY
YOGS D41, TUCEET S L4100 DAIT 2
BB eNagETH D, KENICERTEZAAT 25D
TF—LThHd. T—Vxy NHPED S 2170, EHsBHE,
GHREBE), fi~ED, BANED, EIETRE), AI2FT
BHIDGE 6 D TH 5.

seekavoid lZ A T —VNDOREDWIRE D DT —LTH 5.
Dy IRHRTHE4], VEVEERTOL-1DORTT R
BU, BHEINICERTEZAaT £, THIZOVTE, &
HEBE, LGHABE, fINED, BANED, EITHTBE,
BB EIOF 6 DTH 5.

horseshoe |~ AMRE S 2 —FT 4 V77X —LTHD. A

F=YPIZAR—VT 5L —F—THRLAETE+1 DA
A7 EE/THIENARETH D, RN THESLEZATT %
WO ATENIDWTIE, ENABE), HEABE, si~ED,
‘AL, EIOPTRE), FIOETBE, WROF T7TOT
H5.

4.2 ZEHRHE

FI D DeepMind Lab @ 3 2D —LIZHEWT, AT v 7
MOAAT 2T 2 Z & TREFEOEMMEEZHERT 5. I
BFEE LT, SRBIZ A2 % fAW#4 (UNREAL), Pixel
Control ® A D %A (PC), Value Function Replay @A D
%% (VR), Reward Prediction D AD54 (RP), $#2FEFE
(proposed) @ 5D THEFZITH. FEHREOENA =R
A —RIFEFEET, maze B LU seekavoid Tl 50,000,000 A
7w 7, horseshoe Tl 100,000,000 25 v £ T¥EH%2175.
7z, 1 Y — NNTORMI R 2 7 OER 2 TS 5
Z LT, BB Z AT OZBIRPEFTE T WD RS
5. worker 1% 8 T 5.

4.3 EERER
4.3.1 nav_maze_static_01

nav_maze_static 01 128 J B AT v THEDO AT %X 2
JEWZRT. maze IZB\WTIE, UNREAL & Pixel Control 3
110 OFEWAa T 2 HEELTWD. F£72, Value Function
Replay & Reward Prediction Ti% 0 (28 <, &£ A7 &2
BTETVRVWI LRGN D, Tk, BEOHOMENKE
2469 21781 % Pixel Control (Z & > CTHET 2 Z L AYHHET
HY, ZOFED maze DRIEKMEIZENTH LB EEZS
05, L72h - T, maze TlE UNREAL %* Pixel Control %*
BB 2 A7 DB TH D L2 5.

REFIEIE, UNREAL & Pixel Control & [AIBkD A7 %
BRTEHLZEan5. Th6 2 DDRNS, maze 125
W, REFRIIEMEAMIZ A7 LFARICEWA T T 2 #5
LTW5a Z DR TE 5.

4.3.2 seekavoid_arena_01

seekavoid_arena_01 128D ATy TEEBOA AT %X 2 |
2R T, seekavoid IZHB W T, UNREAL & kgL, Value
Function Replay #° UNREAL %##J 10 A2 7 EE>T\W5
Z e nDb. 72, maze THER Pixel Control &) 14
ThHH, HVAIATEERLTETVARY., ZHE, 7F—LAH
HOMEZENKE K BT IR T — L2 MG L ITELTE S
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#£1: 1 TEY—RIZBIT BB X 2 27 OFIR[E

i\ wighx 2o PC VR RP
435.4 487.8 369.0

faze (48.3%) | (54.1%) | (41.0%)
ccokavoid 0.3 300.0 0.0
(0.1%) | (100.0%) | (0.0%)

Horseshoe 8545.1 14.1 8998.2
(94.9%) | (0.1%) | (99.9%)

9, WD ESGTE LS —LTH DA, Pixel Control &
Reward Prediction 2% TldieweE 2 6515, Lzdi-
T, seekavoid Tl Value Function Replay A3 72 4B X A
JDEINTHDEESAD.

EFLIE, Value Function Replay & [ABRD A 37 % 1S
TEBLZeDGh5E. TNo 2 DDKEENS, seekavoid IZH
WC, BEFIRIIBERA R A7 LRRCE WA 3T &G
LTWS I EWERTES.

4.3.3 lt_horseshoe_color

lt_horseshoe_color IZBF B ATy THED AT 2K 2 £
127”9, horseshoe IZB\WT, UNREAL %4 75 TlRH A3 7
ME L, BB R A7 DA TIE Pixel Control 23544 50 TEWA
AT EEHRLTVWS, ZhUE, WEETTENEEZEE KELE
L 21TENZH 75 4, ElBIR AT DATI Pixel Control
PREANTHo/22FZ65NB. L7zh > T, horseshoe T
& UNREAL Dl 72 ffifhi 8 A2 DEIRTH DL EX 5.

RETFIEIX, UNREAL LEBEDO R a7 2B TERZ 20
DB, THs 2 DDFERMN S, horseshoe IZBWT, #EF
RIXRE R R A7 LABRICE WA I T 2 /L TWE Ik
MHERTE 5.

4.3.4 BIRINMWEIY XU DRI

BT —LD1TEY — RIZBI 2412 227 ORI E &
LITRY. 22T, BIREEE 150 =Y — RO OER
mETHL, FHlNE1 TV — NNTERT2E52KT. 1
TV — ROMAT v 7%, maze TlE 900, seekavoid Tl
300, horseshoe Tl 9,000 T®H 5. seekavoid Tl 7Bl
KX A2 Td 5 Value Function Replay, horseshoe Tl Pixel
Control & Reward Prediction % %€ U C#R L, maze Tl
L TORMB R A7 BPRFIERE N TS, maze IZBWVWT,
UNREAL & [FRRIZRTOMBI R A D %38 IR 5728, Bz
fliBh® 22 TdH % UNREAL L HIEDOA T 2E/LI-H
AN, UL7zh->T, UNREAL (2 Auxiliary Selection %
BATEHZeT, BBEICADLEMIIZR A & INTE, K
MR 2 HELTWHEEZD.

5. BHYIC

AHFETI, FEIZHW DRI X X 7 % @G I #EIRS 2
KX A2 Auxiliary Selection Z#E U7z, EEFETIE, &4l
& 27 O & Auxiliary Selection (2 & 0 13 58
ADOEERIMD Z 2T, BB 5Bl & A2 DER
EEHHUZ., Zhick b, BREIZEDEMIIR 22 235G
BRI, MR AT ZAWZEEIZBWT, RIS
ZEMWNHEETH B. DeepMind Lab % HW72FERIZL D, &
RIZHFETEEI %2R UL SHBOFEL LTI, b

B Z el 2 A7 2 A UG E I8 2 IRETEOH
MVEDFE L ENFEIT 5N B,

S Xk
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ShakeDrop Regularization for ResNet Family

HIHH R

Yoshihiro Yamada

PEINIE.

Masakazu Iwamura

B I

Koichi Kise

RPN RVINES

Osaka Prefecture University

Overfitting is a crucial problem in deep neural networks, even in the latest network architectures. In this paper,
so as to relieve the overfitting effect of ResNet and its improvements (i.e., PyramidNet and ResNeXt), we propose
a new regularization method, named ShakeDrop regularization. ShakeDrop is inspired by Shake-Shake, which is an
effective regularization method but can be applied to only ResNeXt. ShakeDrop is even more effective than Shake-
Shake and can be successfully applied to not only ResNeXt but also ResNet, and PyramidNet. The important
key to realize ShakeDrop is stability of training. Since effective regularization often causes unstable training, we

introduce a stabilizer of training which is an unusual usage of an existing regularizer.

Experiments reveals that

ShakeDrop achieves comparable or superior generalization performance to conventional methods.

1. ELC®»IC

ResNet [He 16] & 100 J& % # X % % J8 D Convolutional
Neural Network (CNN) 2B U, YD — AR
PG % 32 U 72. ResNet O % %" Residual Block
&, AJ1 2 ITxT B0 Gz) BEAAAMEL F(-) % FAWT
TR TIN5,

G(z) =z + F(z) (1)
ResNet PAF%, Residual Block 2 (1) LM UK TERI N
% Wide ResNet [Zagoruyko 16] ¥ PyramdNet [Han 17],
G(z) = x+Fi(x)+ Fao(z)+... TEIN S ResNeXt [Xie 17]
(X 1(a )) EWV S TIREFENMRE I, IR T YK —fi%
%'ﬁgmu\n jéﬁ% %%F;%%ﬁyz L/fl.

E ]\ T — 7 RED TRVEG— T, ERBBOTRIZ
& o TEEEHRGE & [M)_L X 7= F1ED° Shake-Shake [Gastaldi 17]
(K 1(b)) T®%. CNN i forward path & backward path
MO 5 HOFEMEIZ L > T, EAZEHT . @HFIIE
FULWHENITEDS KD ICHEAZEH T2 L Z A%, Shake-
Shake I forward path & backward path T$7: % HLE %
175 RN ERME] 1285 T, BRATEHEZILT. 2
%ﬁ%%?z%f%otﬁ Shake-Shake I¥Z D T.RIZ& 5T
LD — AT B 2R AL 2T L. Ll
Shake-Shake (& R651dua1 Block 7% G(x) = x + Fi(z) + F2(z)
TRIND D ResNeXt ZHife L LTWa 720, X (1) D
JETRI N5 ResNet FIZEAH R\,

AfETi, & (1) TRENDB ResNet FITHTE 5, Shake-
Shake tﬂ%@ﬁ@i"E’J&EEUm?E%ﬁ%?é. 7=72L, B
Shake-Shake |25 1F 2 #Hj2 X (1) ICKRBIADZIF T, il
WEENZ Ko THEEAVPARLEITR S, £ T, FHOLELD
7-®1Z, Stochastic Depth (ResDrop) [Huang 16] THEZ 1
7 IEAMEFEZ AR Ok & 1ZR W TEAT 5. REFE
WFEE 2 EURNLEREE L @EOY Y 2 RN 025
TS e

(HH Ef§: yamada@m.cs.osakafu-u.ac.jp

AR #—: masa@Qcs.osakafu-u.ac.jp
B I —: kise@cs.osakafu-u.ac.jp

Z&oT, MWEFOREEEZ L DD, XELLFEE
%fﬁ@'é. Z D, Residual Block @ F(x) ICEDHRE%E S
FUDMNMEBNZA S Z 2T, MERPIEL D RHkE %M |
IETWS.

2. REFZE

2.1 Shake-Shake D% & Single-branch Shake
$EfTF% Shake-Shake DFERI R TEAMLIFA T O TR X
ns.

x4+ aFi(z) + (1 — a)F2(z), in train-fwd
G(z) =Sz + BFi(z) + (1 — B)Fo(x), in train-bwd (2)
z 4+ 0.5F 1 (z) + 0.5F>(x), in test.
7272U, FEWED forward path, FHERED backward path, 7

A NRED forward path #H5H % £ Z 1 train-fwd, train-bwd,
test LR LTWVWDB. a, BlEENZEHh a € [0,1], B €]0,1]
DRI THSD. TAMHIE o KT 1 — o OHIFHE 0.5
ZHWS.

X (2) DT I NFETHEZSNTWVWARNWA, [DeVries 17
OHIFIZEED L, MO LS IfiRcE s, £9, X (2) 25,
Shake-Shake @ foraward path Tl Fi(x) & Fa(x) DN A
ZROTWAB. [DeVries 17] TlE, 2 D20DF — X DREERED
INEFEID Z LT, HmT —RZPERTED Z DRI N
TW5. T74bbH, data augmentation TH5. L7zh->T,
Shake-Shake @ forward path Tl%, LI o 2FHEDWT, #H
T RITEENRNT — X TER I N T WS & E X
5N%. —J}, backward path (ZDWTIX, [Gastaldi 17] T
KRNI I NTE D, g2l a L#iNdFE, ELEADNE
PFrEINBZNZEDWRINT VWS, T4DH, Shake-Shake 1,
forward path CTIXRFEEZER]CHi7z T — X &£ L, backward
path TIXEAEFZEILLTWVWE LEZLSNS.

ZOMRIZEDE, X (1) DL THRI NS ResNet FIZ5#H
"REZRIEA L & UTIRR %% Z, Single-branch Shake & £
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Conv Conv Conv Conv Conv Conv
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Train
(Backward)

Train
(Forward)

(a) ResNeXt [Xie 17]

Train
(Backward)

Train
(Forward)

(c) PyramidNet + “Single-branch Shake.”

Conv Conv Conv Conv Conv Conv

| Conv | | Conv | | Conv | Conv |

Train
(Backward)

A 2 k 2
|Conv| |Conv|

Train
(Forward)

[xa-p]

(b) Shake-Shake (ResNeXt + Shake-Shake) [Gastaldi 17]

Train
(Backward)

Train
(Forward)

(d) PyramidNet + ShakeDrop

B 1: 2y b7 — 2GR

75 (K 1(c)) .

x + aF(x), in train-fwd
G(z) = { =+ BF(z), in train-bwd (3)
x + 0.5F(z), in test.

7272U a, B & Shake-Shake 28 ->T, ZNZTN a € [0,1],
Be0,1] D—REIKTHS. 7 A METIE o ORIFHE 0.5 %
W3, 7238, [DeVries 17] Tl&, 22D T — X DFHHRE D
W RDARTIRL, /A RAENMASZ & THZRT — X% ER
TE5Z2%mRLTHED, data augmentation DEL LD 5 1,
IATHLAICEAS, UL, HIT o, 8 2HHT 2213 CH
FENRE VRN DB AERCHER I 0 . 20k
&, Single-branch Shake TII¥#E DZENBEIZIRS.

2.2 ShakeDrop

Single-branch Shake D& EM G IE, FH 2L EIH
BTROBENZREL TS, £Z T, ResDrop ZiliH & 1%
B BHMNTHWS Z &2 $2%E T 5. Ak ResDrop 1, #HW
ResNet OFHRHIZABL AL T 2 EZ R TR, TR
IGEAR OB AL TEEHEZMO BT WS FETHS.
Thbb, FEHFICAP»TOREEEZXR TSI LITLD, 4
BiH Az SFETH S, L, ZDOFiLIX Single-branch
Shake (ZZDE FFAHL THFHDOLZEAITIEZDRA SN
LEZOLND. fil#f7 5, Single-branch Shake O [ L& H3
HENZ LTS, EAOHEHFIZE L WEEIINZ ST
DHTHD. TITAMIETI, FYRIZ D% LT 2
Kb iz, ZOEHZITIEL K EAVREHFINR VR Y b T —
JEBEEMWMA L, ZTkD, 2y bT—I 2K UTIKIEL
WEAEFPTONDEEDOD, —ETIKIEL < RWEADEH
TN, TNSDONT VALY, xy NT =T DFEEBLE
U3 o WEEID D 5 Z LM TE LS. ZOTRZNA
THE % 2E L2 Fik% ShakeDrop LIERZ 2IZT 5.

L TIE ShakeDrop (21X, MR p =1 — ﬁ D)X —
4D AEELE b € B(p) @ & BEIEEEAT 3. Zhix

1  PyramidNet-110 o = 270 IZ Single-branch Shake % #f L 7z
5itr, CIFAR-100 DT 5 —%H 77.99%72 5 7z.

=K}

ResDrop TRE I N/-FHLENFIETH S Linear Decay
Rule 12Dl TH 5. 72720, LE 1k, AI»PSEAT
L v | & H @ Residual Block # %7, ##%F ik ShakeDrop
(K 1(d)) BIRATHERZ6ND.

in train-fwd

in train-bwd

x4+ (b +a—ba)F(z),
z+ (b + B8 = bif)F(x),
x4+ E(b + a—ba)F(z),

G(x) (4)

in test.

72720 o, BldENEN a € [-1,1], B €[0,1] D—FkiLET
b5, £z, E()I3HFHETH S, o, B, b 1F/3T7 XA —XEH
DEEIZRES 1, “AEELE b EHIEHIZH NSNS, b=1D&
X a, BRIIBMHEIN, R (D) ILRE. =00, HiaE
LBRAMZFIFENTN G(x) = x+aF (z), G(z) =2+ BF()
b, X (2) LHEMROERZECER RS, TAMRFIZIE
RIAE D (b + a — ba) DIAFHEEFIFHT 5.

FAFEERDAER, 2R TFIE ShakeDrop & it D5 % Jii 7=
THY T —7HEETHNITHEET 2 Z 223 h o 72,

1. JIEDERTIZ Batch Normalization (BN) 2MF(E9 5.
2. B DEAIZ ReLU AFEL 720,

ZD2O0D%METHDDELIX, EraseReLU & U THE
LEIN32Y NI —IHETH Y, IR BEEO T ) v
VOREED T T —R%E FHBEN-ETH D Z 2REIN
TW5% [Dong 17].

3. =E

3.1 ShakeDrop ICHBIFTE a & fDHE

a B BIZDWTREAAERN T A — XIS T 5E
BiEREZR L ICRT. ZOMENS, a & g OMlladby
DR EMRTES. Bla = 0, 8 = 0) ® PyramidDrop
(PyramidNet {Z ResDrop Z M) ZR\W\WT, A(a=1, 8=
1) @ PyramidNet DL 7 —# % REl>7DlE, N (a=[-1,1],
B=0)20 (a=[-1,1], B=[0,1]) ZFE>. h5D
FT, O BBRBENTW, ZOMBIZEDE, DIKEOER
TIE O ZHW .
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% 1: CIFAR-100 (28 285D o & 3 ORFTD Pyra-
midNet+ShakeDrop @ Top-1 error 2D 4 [[5E¥ (%). 7272
U, Case A B XU Case B IZZNE 1 PyramidNet [Han 17],
PyramidDrop [Yamada 16] & IFFIEI 2 BEFEFIRICF% YT 5.

Case ‘ e ‘ B H Error (%)
A (BHETFIE) 1 1 18.01
B (MEFFIL) 0 0 17.74
C 1 0 20.87
D 1 0,1] 18.80
E 1 | [-L1] |[ 2169
F 0 1 99.00
G 0 0,1] 99.00
H 0 | L1 || 99.00
I [0, 1] 1 38.48
J [0, 1] 0 10.68
K 0,1 | [0,1] 18.27
L 0,1 | 1,1 |[ 2061
M L1 | 1 18.68
N 1,1 | o 17.28
0 1,1 | [0,1] 16.22
P 1,1 | [-1,1] 18.26

3.2 MEROERAMEFEE DLLBER

FEZETFE ShakeDrop DA %2 HERT 272012, —WIA
AT — 2+ v b CIFAR-100 [Krizhevsky 09] % f\C 3%
BE{To 7.

Residual Block 7°:X (1) & G(z) = x + Fi(z) + Fa(x) TK
INdry by —2%2HEL, FAMEZ U (Vanilla), ResDrop,
Shake-Shake, ShakeDrop (J&EFE) OFHIEE % LU 7-.
G(z) =z + Fi(z) + Fo(z) TRIND 2y N7 =T TlE, HE
KRR TEUEOEAFEE LT, FAMEEY 2 —)L% add €
Va— VORI EBIZAND 2 RR—UBEZSND. KFET
IFBRIZAND H D% Type-A, FIIZANSHD% Type-B &
IEFRL, ZNENCDVWTHRIEZITS. 7272 UEMRIZEIT S
—HDOAXY "N —=21F, FVYFLOLDOTIFRIBRETE
ShakeDrop A% Al e 22 f5i& (EraseReLU) (ZZH U 7=,

CIFAR-100 #5522 2 12”8 7. $BEFE ShakeDrop &
PyramidNet IZfR 5 3% 2 hO&METHRbd L S BEEEZRL
THY, EhEHLE UTKEEL T\, 72, BEFE
Shake-Shake & @ HEIZ B W THRETFE ShakeDrop 13N 7=
FEHAZRLTWS, Type-A & Type-B IZ2WTI%, Type-B
DFDMEN T FRFHNE & % 3E KT DM AMHERR S vz,

3.3 fhFEE DL

BT & DFED IR TIE, 1800 epoch M Cosine Learning
Scheduling [Gastaldi 17] & Random Erasing [Zhong 17] %
EA U7z PyramidNet-272 (o = 200) C, 25Tk ShakeDrop
7% CIFAR-10/100 (2B 2 =7 —% 2.31% & 12.19% % THh
ThaEk L, EAMEEL (Vanilla; ZOMOSEMEIEELT) O
7 —% 3.42% & 16.66% % KIgIZ Kl - 7z,

4. F&Bb

— AR B W T, FEKTFE Shake-Shake 12 2 Hr
72 7RI IERI{E T & U T ShakeDrop 2422 L, ResNet &
CZOIREFIETOEMEZRFEL 2. CIFAR-100 % A\ 7z
SEBRIZ & o T, 2R FIE ShakeDrop 12 & 2 3850k E D GE % Hife

RBUTz. RIS TRE L ZFEHDOZED /%I, ShakeDrop
WEM U7 EEI AT H AR ATREMEDS S b, HERIERIET
HEESHBIFRT D L TOIMBEANIC AN 55 LFEZATWS.

AWF5Ei%, JST CREST #JPMJCRI16E1, JSPS R #
#25240028 & #17H01803 #ihic X 5.

S Xk

[DeVries 17] DeVries, T. and Taylor, G. W.: Dataset Aug-
mentation in Feature Space, in Proc. ICLR Workshop
(2017)

[Dong 17] Dong, X., Kang, G., Zhan, K., and Yang, Y.:
EraseReLLU: A Simple Way to Ease the Training of Deep
Convolution Neural Networks, arXiv preprint 1709.0763/4
(2017)

[Gastaldi 17] Gastaldi, X.: Shake-Shake regularization,
arXiv preprint arXiv:1705.07485v2 (2017)

[Han 17] Han, D., Kim, J., and Kim, J.: Deep Pyramidal
Residual Networks, in Proc. CVPR (2017)

[He 16] He, K., Zhang, X., Ren, S., and Sun, J.: Deep
Residual Learning for Image Recognition, in Proc. CVPR
(2016)

[Huang 16] Huang, G., Sun, Y., Liu, Z., Sedra, D., and
Weinberger, K.: Deep Networks with Stochastic Depth,
arXiv preprint arXiv:1603.09382v3 (2016)

[Krizhevsky 09] Krizhevsky, A.: Learning multiple layers
of features from tiny images, Technical report, Univ. of
Toronto (2009)

[Xie 17] Xie, S., Girshick, R., Doll4r, P., Tu, Z., and He, K.:
Aggregated Residual Transformations for Deep Neural
Networks, in Proc. CVPR (2017)

[Yamada 16] Yamada, Y., Iwamura, M., and Kise, K.:
Deep Pyramidal Residual Networks with Separated
Stochastic Depth, arXiv preprint arXiv:1612.01230
(2016)

[Zagoruyko 16] Zagoruyko, S. and Komodakis, N.: Wide
Residual Networks, in Proc. BMVC (2016)

[Zhong 17] Zhong, Z., Zheng, L., Kang, G., Li, S., and
Yang, Y.: Random Erasing Data Augmentation, arXiv
preprint arXiv:1708.04896 (2017)
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# 2: CIFAR-100 iZ81) % Top-1 error £ (%). Kl 2 WEDIX 1 BOFERTH Y, T 1Z4 BOFERDOFHTHS. * 1% [Han 17]

DIERTH 5.
(a) Residual Block 7 G(z) = z + F(z) TEIN 554 (ResNet, ResNeXt, PyramidNet)
Methods ‘ Regularization H Error (%)
: F
ResNet-110 Vanilla +25.38
C BN-ReLU-C BN-add ResDrop 22.86
<tonv-BR-RelL-Lonv-BR-add> ShakeDrop F21.81
ResNet-164 Bottleneck Vanilla 21.96
Conv-BN-ReLU-Conv-BN-ReLU-Conv-BN-add ResDrop 20.35
<Conv-BN-ReLU-Conv-BN-ReLU-Conv-BN-add > ShakeDrop 19.58
ResNeXt-29 8-64d Vanilla 20.25
Conv-BN-ReLU-Conv-BN-ReLU-Conv-BN-add ResDrop 20.28
<Conv- -RelLU-Conv- -ReLLU-Conv- -add> ShakeDrop 18.66
: F
PyramidNet-110 o270 Vanilla +18'01
BN-Conv-BN-ReLU-Conv-BN-add ResDrop 17.74
<BR-Conv-BA-Relb-Conv-BR-add> ShakeDrop F15.78
: *
PyramidNet-272 Bottleneck «200 Vanilla 16.35
BN-Conv-BN-ReLU-Conv-BN-ReLU-Conv-BN-add ResDrop 1594
<BN-Conv-BN-ReLLU-Conv-BN-ReLU-Conv-BN-add> ShakeDrop 14.96

(b) Residual Block 7% G(z) = x + Fi(z) + Fo(x) TRINZ5E  (ResNeXt)

Methods ‘ Regularization H Error (%)
Vanilla 21.75
ResDrop Type-A 20.44
ResNeXt-164 2-1-40d Bottleneck ResDrop Type-B 20.21
<Conv-BN-ReLU-Conv-BN-ReL.U-Conv-BN-add > Shake-Shake 22.51

ShakeDrop Type-A 19.19
ShakeDrop Type-B 18.66

Vanilla 99.00

ResDrop Type-A 20.13

ResNeXt-29 2-4-64d Bottleneck ResDrop Type-B 19.01
<Conv-BN-ReLU-Conv-BN-ReLU-Conv-BN-add> Shake-Shake 18.82

ShakeDrop Type-A 18.49
ShakeDrop Type-B 17.80
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Neural 3D Mesh Renderer

PN

Hiroharu Kato

EREURY

N FEE 2

Yoshitaka Ushiku

The University of Tokyo

We introduce our paper “Neural 3D Mesh Render” presented at CVPR and MIRU last year.

’EEEI ;"%m *1%2

Tatsuya Harada

H L2 AWTFE T

RIKEN

In this work,

we proposed a novel renderer that takes a 3D mesh, light, and camera setting and outputs an image. Because
“back-propagation” is defined in our renderer, it can be used as a layer of deep neural networks. By using it, we can
pass the gradient of a loss into a 3D space through renderer and optimize components there. In experiments, we
demonstrated the effectiveness of our renderer by applying it to view-based training of single-view 3D reconstruction,
2D-t0-3D style transfer, and 3D DeepDream. We also introduce some papers that use our renderer for other

problems.

1. ELC&IC

AFRRIEIFER L [Kato 18] DN TH 5.

2 QLR ZITID, ZOEE%D 3 Dot B
FHEE (Bi(k) $5C8i%, av¥a—2E8Yavicklrs
REMNEEDC LD TH B, WilfA T 3 Kok x e
T 2R ATEEOEENREITH 2, — iR, R— X7
W EDZ L DR AZITONWT ERHEMICEIGRD 3 Jockd
DOHEENRE I NS,

WAETE, WEPEICE > T T o4 ek —50EE
2RI BT Ta—FNESHVENTWS. TTTheExd,
{57252 HLD 2 SIS YAD 3 JoteT NI 1T % H
KER S, 2 JOTHHGEDHZ MO CIliT s e 2E%2%. H
PIBEE LT THIE T2 30T ET VA, 2 JUTIC FHRE &
NizE &I, ELWHBEHEICXIICRZSH0] L) HHER
w3, Z0X5%5 507514 %K 1 (L) 1aRd. 2oss
AT IA Ve—5MEEET 5013, 2 oG L TEs
ENZENEBOAED, 3 XTETIVE 2 e\ EET S L
VRS —EEUT 3 oA HRIVAE RN RS 0.
Fiz, K1 (F)WORY [320tETI)IVE, 2 QUCHif§ ETE#
INFARZA VO ZTED S X S5 It d 5] LS
AT T4 VDT EARROUIID K IE L 7325,

T D M2 RITEGNDIES | A RAT T &, R
7V EREHENG 3D £HITDOW T THNTE 2 [Yan 16).
UL, R7IVGE TV 3 RTICHR L&D TH D,
A VEHEMRGIED 3 FICHHAIL TRELEDZE NS
D 5. AWZETLE, 3ot E UTTHREmOEGH S
KB A w2z, WEEEICHPAD B L VRS — i
RT B, WHOLVEXT—IZF, FErv)ictizy
VT2 T ARTAXEMINZHECHBNT, E7)LE
T [HSSEBRE T3 % LB a L b EhRN RV E NS
MRS B T2, RWFETIRT AR T A AR Al 7
FBTBTLICE>TENEMNET 3.

REFEDEIE
LY AS—iF, 3D BT, WU, 5 A S EE R
D, WilgEHIIT S, OO ZEIDS 2R 51
RIEEMBRBN, TARTA ZRR L A L DU
MERCEREND I, WRERHICE X 5 BRI,

%5 {kato,ushiku,harada}@mi.t.u-tokyo.ac.jp

2.

Neural
Renderer

p

Silhouette

Mesh

Generator
\a\

Image

P
\
7 i

3D Mesh Ground-truth

Loss
Backprop

Neural
Renderer

3D Mesh Image New Mesh

Loss
Backprop

1: Pipelines for single-image 3D mesh reconstruction
(upper) and 2D-to-3D style transfer (lower).

B2 (a) DX, 1KORYIVDADSKD S — 2725
ZAB. TARZRTARTE, E7IVNRY IV EERD L ZE,
7RO R) 0mTHELNS. K2 (b) ZE7BIL
P; Ot I; R IVOTEHEOMERE 2, ORERLTVS.
TR 2 WAEIENIK &, RUIUH P ICliZE Lz L EICZD
RV IO ED%. K2 (c) & TOMBOMIMERERL,
CHXFIFRICE R TH DDA EIEN S £ HREL R
V. T TANIETE, SERERHICOAX 2 (b) Tlda<IX 2
(d) DX EREFEDERNLLTWD EHEL, TOEEELRE
5. THUCK > TUEEHC AR EBoIcEd st
WOERESEDLDZES ] LI NEHERLRA ST ENTE,
LY RG—BEEIM T4V D—5EE P E DL 5 5.

3. B

3.1 B—Ef{§ 3 RTHEK
M3BBXUCX1LWE K1 (L) RS TIA 0BT
KT AR AT 2 HEBROKRTH . 7—2 kv b
ShapeNet Z{fiH Uzo A ¥ 2 DERIE, FOERELZEKD
FRZBEI T Y5 Lic k> TERETS. YN 3 IOtk
MIZATVBT NS, 200t LTy M 2HIET 5
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(a) Example of mesh & pixels

K

(b) Standard rasterization

Forward pass of
proposed method

(c) Derivative of (b)
No gradient flow

X
(d) Modification of (b)
Blurred image

Xi
(e) Derivative of (d) I
Backward pass of
proposed method

Xo X1 Xi

2: Hlustration of our method. v; = {x;,y;} is one vertex
of the face. I is the color of pixel P;. The current position
of x; is xg. 1 is the location of z; where an edge of the face
collides with the center of P; when z; moves to the right.
I; becomes I;; when x; = 1.

Retrieval [Yan 16]
0.4766

Voxel [Yan 16]
0.5736

Mesh (ours)
0.6016

# 1: Reconstruction accuracy measured by voxel IoU.
Higher is better.
the voxel-based approach [Yan 16] in 10 out of 13 categories
in ShapeNet.

HIBIE DRI L > 2T — 7258 U CEYNC =R AR
EIMNTNBE T b, T, MROFETHRLNS A Y
T a3/ A AR RN D &S BV A AEL, &
Te TR DE =S ERE S R 7 L2 VW 28672 L %.

3.2 2RTEGKDS 3 RITETIVNDR R A IVERFS

X4, B1(F) ORA TS5 ZHNT 2 KoTDOHGRD
ABRA )N 3 DOCETINANEHERT 5 EROERTHD. A
2 A JVOFLEDOFHRICIE [Gatys 16] &AWV z.

B HiE, TYFOT I AF v EIRIC A XA )VEIGO VL
BLTWBZ LR, 710—Ky hOSEOELHIMEN S X XA
JVEHRD K 5 ICEAR AN E 2L LT3 T LA FiHIN
. ThE, BELIELVYRS—EHWE T TAZAIICH
T3 2 JOTHEIROZEHIA 5 3 KOTEHFDOZE M & 5EY)
IKMLAD BT &R TS,

4. F&&

A TR R IHRAL LD TEZ Ay aDL Y
HT—TeR L, HH§ 3 JUTHEMRE, EigNS 30T
ETIWAND AR A JERES T Z DR WGEE LTz,

RELL VXTI —OISH AR ARG TR LIz DIC
HMESZV. BICHBEAN S DT 7 AF v €D 3 KLt
TIVOFHERK [Kanazawa 18] > 3 KITH MR Z#%H U 7z Eif%
D% [Yao 18] M ENELICHENTED, SHREMLTRZA
INEIEMS> T L T EMARFENS. AWt DY —Aa— R
WBAYITAVTRIL TV *L.

Our mesh-based approach outperforms

*1 https://github.com/hiroharu-kato/neural_renderer

S

————
=
=

3: 3D mesh reconstruction from a single image. Results
are rendered from three viewpoints. First column: input
images. Second column: mesh reconstruction (proposed

method). Third column: voxel reconstruction [Yan 16].

4: 2D-t0-3D style transfer. The two left images represent
initial state of a 3D model and style respectively. The style
images are Thomson No. 5 (Yellow Sunset) (D. Coupland,
2011) and Portrait of Pablo Picasso (J. Gris, 1912).

253

[Gatys 16] Gatys, L. A., Ecker, A. S., and Bethge, M.: Im-
age style transfer using convolutional neural networks, in
CVPR (2016)

[Kanazawa 18] Kanazawa, A., Tulsiani, S., Efros, A. A.,
and Malik, J.: Learning Category-Specific Mesh Recon-
struction from Image Collections, in ECCV (2018)

[Kato 18] Kato, H., Ushiku, Y., and Harada, T.: Neural 3d
mesh renderer, in CVPR (2018)

[Yan 16] Yan, X., Yang, J., Yumer, E., Guo, Y., and
Lee, H.: Perspective transformer nets: Learning single-
view 3d object reconstruction without 3d supervision, in
NIPS (2016)

[Yao 18] Yao, S., Hsu, T. M., Zhu, J.-Y., Wu, J., Tor-
ralba, A., Freeman, B., and Tenenbaum, J.: 3D-aware
scene manipulation via inverse graphics, in NIPS (2018)
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Between-class Learning for Image Classification

WICAER] L AR fEE s I Eth <12
Yuji Tokozume Yoshitaka Ushiku Tatsuya Harada
TR LA TE T
The University of Tokyo RIKEN

We introduce our paper “Between-class Learning for Image Classification” presented at CVPR and MIRU last
year. In this paper, we propose a novel learning method for image classification called between-class learning (BC
learning). We generate between-class images by mixing two images belonging to different classes with a random
ratio. We then input the mixed image to the model and train the model to output the mixing ratio. BC learning
has the ability to impose constraints on the shape of the feature distributions, and thus the generalization ability
is improved. As a result, we achieved 19.4% and 2.26% top-1 errors on ImageNet-1K and CIFAR-10, respectively.

1. BFU®HIC

RF£TIE, CVPR 2018 THE L 7 X [Tokozume 18a]
IZoWT, JaBkir & LT ICLR 2018 TH#£ L i
[Tokozume 18b] DNE & Ab¥E THMNT 5.

FRMHR ORI B WT, FEEEEE VTR EOE
BT LT3, YR, BIBOHER AR 7 — & 22
5 R HERTRE A R~ DB % 2 T 5. RS kE
BT =856 R 2 R0 HRI 2 Rt 2 359 5 L,
FIE I B 2 HERHETH 5.

Z TARIIETIE, RS NZEET— 5 6 N 2 R
MzEEHTES, WH=2—7 0V %y b7 —27 OH L it
YHRFERRET S, HIL A EEFRCE, 2y 7 —
7 &P IENLE DIER OB M 2 5 A kw2 L, R
SN T =y BRI Z 5 2k, AN 2R %
FEHTELZLE, D3OBKRDLND,

22T, MBI EEER LI DL ) B DES I,
¥, 27 7 RIHD Fisher’s criterion [Fisher 36] 23K & W22
[N TdH 5. Fisher’s criterion &%, 7 7 ANDEIC
R$ 277 AMHHOLDZ ETHY, 20D7 FANEDR
BRI TH 2052 R TIEETH B, T, K7 7 ADEMHEY
RRHECERNSENN T h 2. WY A 7 TR Y 7 ARSI
T BEDH 510, FHERICEWTE 2 7 AR
AT ZEDEFE L, AFETIEING 2 D25 7Z
ROt L 33,

PERDHEIMFEE T, FEHT—F Ly P2 oH—DFH
F=FBERL, MET37 7211, 2Ry 0z2HAT
259122 —F Ry b= RFE LTV, ZDLIH %
FEFECIE, BRI B W T 7 I ADIE TR TH
USRI G 2 6 N7\ DT, Feefh I 2 2 SRR
iV, ARWFE Tl C ORIEZ T 2B FIE 2 RET 5.

2. Between-class Learning

2.1 BEEHR

AWETIE, =2 — 70 %y b7 =27 O L WA
HF: L LT, between-class learning (BC learning) % #2%
9 %. BC learning Tl, U TFTOFIHTETINZFET S,

o MBI AIRT B 2O0DF —¥ ZEINT 3,
o TNLHE T VI LALILETHEEL, TETIICANT S,
o MK EZLNTEIIICETLEZEET S,

A A
rA+(1-r)B @ rA+(1-r)B OQ
B
B
O o

Fisher’s criterion A&ELY
->BC learning D&%k /M

Fisher’s criterion /M&ULY

->BC learning D&%k K
1: BC learning IZ X % Fisher’s criterion DMK,

A C
C
0100 o
4
rA+(1-r)B O
B@ B rA+(1-r)B
REFR C REFHR
£ HELNSHD

FITR HEELEL
->BClearning D% X ->BC learning M8k /I
2: BC learning I X %47 7 A DEAHEA1L.

BC learning (3, fEROYAEEMNGHE L2525\, £, 7—
DG K> THE T = DR — VB2 5720, S
NFEET =8 RN 2 ETE S, 51, AN
R 2 FEHTE 2R H 5. 2 OB E M TIORT,
#R 1. Fisher’s criterion DEX 1(f) DkIic, K
BEERICB LT 7 7 2 A, B [H® Fisher’s criterion 3/ & \»
BitmEZB. V7 AN BILET ST —8% b5 HETHR
LCET AT LRI, Z DR (Bkth) 1227 7 A
A, BOWTNrOREENMERE T I L PllEN 5,
ZOLE, BT 2T Y OfMlABDEICE TR, ARLE
T=FDBTNPDT 7 AT INTLEF L, TETBE
B AT 2 2 LN TE R\, 2D, BC learning %
ol ORPRE B, —T5, K1 () D& 9 IC Fisher’s
criterion 23K & WiEy, FHEDFEE L 72\ 2729, BC learning
IR BZHEEIVNS O, AEIFEIIVNS (R 2T ISES 72,
BC learning I &k > T 1 () D & 9 % Fisher’s criterion %%
K EWRHAZEMBEE I NS,
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# 1: CIFAR-10, CIFAR-100 I B} % FERfS .
A (%)
TN EETF CIFAR-10 CIFAR-100
Standard 6.07 £ 0.04 26.68 4+ 0.09
11 J§ CNN BC (ours) 5.40 + 0.07 24.28 £ 0.11
BC+ (ours) 5.22-+0.04 23.68-+0.10
Standard 4.24 £+ 0.06 20.18 4+ 0.07
ResNet-29 BC (ours) 3.75 £+ 0.04 19.56 £+ 0.10
BC+ (ours) 3.55 +0.03 19.41 4+ 0.07
Standard 3.54 £+ 0.04 16.99 + 0.06
ResNeXt-29  BC (ours) 2.79+0.06 1821 +0.12
BC+ (ours) 2.81 + 0.06 17.93 £ 0.09
Standard 3.61 £0.10 17.28 £0.12
DenseNet BC (ours) 2.68 + 0.03 16.36 £+ 0.10
BC+ (ours) 2.57 +£0.06 16.23 + 0.07
Standard 2.86 15.85
Shake-Shake  BC (ours) 2.38 +0.04 15.90 + 0.06
BC+ (ours) 2.26 + 0.01 16.00 £ 0.10

SR 2. FYZAOEHEBLE X2 (/) O X ) ICREEERIC
BOLTH7 7 AMEDBD 254, 772 A, BOABYMDY
T A CIZHEHINDr —ADFET 5729, BC learning DIH
RKHBRE W, —T, M2 (H) DXIICE7 7 ZITHHE»E -
B, 79 AA BOAEYD Y 7 A Cltaishisnio
BC learning D#HEAVNZ v, K- TC, BC learning IZ &> T
2 () D& ) %K 7 ADMAHB 2 R E S b,
2.2 REZFHAINDERA !

T T =2 HLEzAR LT ELE LTULD LD %0, BC
learning G2 TH 5 LEZ 6D, HEIRI N/ 2 DD¥H
T—=FEZNZENx1,%x2 &EL, ZN5D one-hot 7NV % Z
NENt1, t2 ET 2, F7, GHLEr 2894 UQO, 1)
DPOERT 5, TV DOEITHIC rty +(1—7)t2 ET 5,
=77, T DOHEMIL, FRIC rxi+(1—1r)x2 ET2DD8
%%@Tf)éﬁ‘, X1, X2 %ﬂ%n@jl::lﬂ&l/’\ﬂ/ Gl, G2 (dBA)
DEZZBRE LU TOEEAZRET 3.

p—X1+(1—p)xQ here p = ! (1)
VERG—pE T T
2.3 ERERIANDEA

ﬁf%%%“ﬁh“% ERERICK T B8, iR — mﬂma

y WSR2 CThH 5 LEZEZ SN DT, B L FBRIC
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A Generative Framework for Creative Data Based on the Generative Adversarial Networks
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In this research, we propose a framework to generate creative data simulating the creation process. This frame-
work generates new and valuable high dimensional data. The characteristics of this framework are two points, a
mixed generator and self-generated data learning. The mixed generator makes it possible to generate new data by
loss function of regularization by Feature matching and entropy. In self-generated data learning, expressive ability
to generate higher value data is acquired by using highly valued generation data as learning data.The framework
for generating new and valuable data by combining these two methods is called ”Deep Creative Model(DCM)”.
In the experiments, MNIST was used as learning data, learning a framework to set alphabet images as valuable
images. As learning progresses, it was possible to gradually generate images close to the shape of the alphabet,

and it was confirmed that it is possible to generate creative data with DCM.
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Abstract: Research based on human aesthetic sense has been done many times, but that is the theme of this research. In this

study, we conducted an experiment to model the aesthetic sense of designers using convolution neural network (CNN) and

gradient boost decision tree (GBDT). Moreover, in the proposed method, accuracy was improved by adding colors and
character data extracted from other than CNN as new features. The effectiveness of the proposed method was verified by

multiple patterns and confirmed.
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Analyzing Gestures in Real-World Werewolf Game
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Shutarou Takayama
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Hirotaka Osawa
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Collage of Engineering Systems, School of Science and Engineering, University of Tsukuba

PHIRE v AT LEHGR

Faculty of Engineering, Information and Systems, University of Tsukuba

Nowadays, werewolf game has been studied in the context of communication games and incomplete information games.
Werewolf game is expected to be used as a training method of communication because it has communication elements such as
persuasion both in verbal and non-verbal aspects. However, there is little quantitative analysis for non-verbal communication
factors in werewolf game which contribute for persuasion. The authors expect that it is necessary to investigate the influence
of non-verbal information for clarify the mechanism of communication in werewolf game. In this study, the author gathered
several human gestures and investigated the influence on the result of the game. The several parameters are arms degree, hands
movement distance etc. The results suggest several persuasive non-verbal gestures in werewolf game. For example, arms degree
shows how much influence on discussion in the game. It is suggested that initiative of betrayer or seer influences the result of

werewolf game.
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“Goodness” analysis of a Werewolf Game’s player based on a biological signal

A 7

Hirotaka Yamamoto

L DR

Nagisa Munekata

AR EESE R

Kyoto Sangyo Univercity

We attempted to analyse ”goodness” of a game player by measuring a biological signal of each player during

a five-player werewolf game.

simultaneous increase of electro dermal activities of multi players at these periods.

First, we focused on some periods as important game events since we observed

Second, we compared electro

dermal activities between high winning players and others at the important events. As a result, an unique tendency
was confirmed in only electro dermal activities of the good players. This result would be expected to contribute

toward designing of strategy in Werewolf Al

1. ELC®»IC

MNRETF =L, VA YELONEFZE->T, BLTWAH
HEBAIZENTW T azr—va v —aThHE. T
LA Y IEH S ORIUAANDIERIE 8 7220, EFEaA
REEEZHT-OOME—DTFARND 5. RoNIHRD G
THESBGOMEE ROUHMAL, HPEERE, HHz5EH
TN —LADEMKTH 5. IR — LA, WE T
ST =L RN TH B P, HARTIEE L 5 Web ETBBS
MNREMEN 2RO NIRT — LADFEET 5. 20134EHH
Mo T LEBHTHEANI & D NIRRT — L0 7 L1 WURDNGE
N0, BEY A STl e T & B RS — AR
EEINS, NRT—L2EHE L TCRYE, TU0X—FA4 AV b
EULT MEE2 A1) $BAIfTbITWA[].

20154 B S ANEL LT TIEAgE oYz 2 M IE TA
Ml EHRRII 2= —2arvER0Rr s ANJREZ LA TE
Hr—yzy hORNE] 2HEX LTED, EHIZZo—Yo v
MR N THIRE, HARSEELE, Human-AgentInteraction
A BB ELE INTWS, ARAIED —> D7
Tu—FrUT, ANEOREE TV A Y OEREEEE D247
5L\ ik AB A D B (2. EEEBEOMITIE, FKiFoPER
SRELE, HEREREHWTIThRTWS, AW, ARD
B0 DIRNKEEISTE B EMRBEICERL, B ED,
BEDBVEDLY OFERZ\) 5 NEELKEEH 2 HWT, AR
= ADPGEE TV A ¥ OREBRBEONN 2 RAS.

2. BEhEMRE

2.1 REBXEE

FEERIEENE, FMHERT2ERNICE SR ZEDTH
5. NOFEDREX, BREPEHL ZONNEEIZ k> TH
TEELS., ZNSOHKTIE, BRTERWVIZEWMEDS DR
5, FENME->TUEIIELKEBOLDETHATHS. K
BRGEIFEC I OEMALEE L, TOEMCMIILE
HRERL TWBBOFRETIC & > TEL 2 HESOETEDOZL
NOHETE S, MEBLKIEIMIITERONTE A RR DD
N O REERRIEE FHi S 2 ke LTHOWSNTWS[3, 4], %

Mg e MRS W, REERKRFENWE T

munekata@cc.kyoto-su.ac.jp

DHIT, Afif5ETIESCL(Skin Conductance Level) % i\ 7z,
AHFETHWBSCLIZ, ERALH THEINLESTHY,
-V ORI LZ P LEREOFHT & LTV 256, o
KEBXIEH L VAN TH S LREINTNS[5].

2.2 KREBXEEE ANRYT —LADBEE
FEREFETT I B DS B AR LT 2178, B db R S
CEBIZEET L Wb T Y, BRROTFEORKITIIEER
ZLomh LR 2 205 B H 3[6]. NRT— LTI
TV A YD E AT B EERIGEIZ pﬁbt%ﬁ,ﬁ%—
HREIETH 2 TFEFRITLD 5bh, AWML KEREKEEO
ANRpbDrEZDL. NRTVAYHEETHS L EZLIGH %
R ELIGENC & > THPIS 2 Z e BAARRIC 2 0UE, NIRRT L
AY¥D TR | DEZDPWIEOBE, ZHIZED Wz AJRAT
EEEIZB T2 EAT TR EDV e b b EZOHNS.

2.3 KEESKFEEAVEZARTLAVYOLH
WTRESE, NRTZ—L TV YOREREEZ L2 LT,
FEELESZAWEZAMOII a=r—> 3 iz BiT 55T
BACERMNT U7z, T LA ¥ ORI HE O REDISCLIZ
BEDADEVWD ZENRBINTWS, 72, AIRMEE
(EAR NROMFR) I, B ABE (R AR HWHTOMRIR) & 0 £
SCLEHMEDN ENZ EDHS TR 572, T DFRERIZDONT,
NIRBHE T BRI B D%l D 72 & DR B DTS 3K
557 E, Ktk AR OB WIRIER S — Azl LT
I EDNERD—DTH B L REINTWA[T.

A S IZNIED T — LT, HDED XS BFEENTL A Y
B ELZ, T—LZ2EPLTVWEDONREFARLDIZ, 1
MG D ¥ —H & L TSCR(Skin Conductance Response)%
B, 77— DEM%E AT RS OMEE M L. 77—
LEDSCRD EARA SN T LA ¥ OFsaE2 i U755,
MNRET VA YTV 1 Yicktbh iz, x> VA7 %
WS, BPOHMD I & L0, HEEMSTE5LS
BKmEETICEEE RS T O LT ERHEETHEALH L L
HEHIU 7=, 72, AT LA Y OEZER L SCROFEEHD X
AIVINS, HATLAYIIMETL 1 Y ADENZ, AR
LA VIZASANDEEWVZHN L ZNENAFIEZEL, KSAR
IHER G ZTND Z DIl NS



3F3-0S-14a-02

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

3.1 ANRT—LDIL—)b

NBT = L35 VR LZEBPREZ 65, EoFIz)
BRI 2 F ORI S FIET 5. SEIIESATIIEY — A%
115 7-D%MIF4>TH 5.

o HWl(THE )
o MR: DT VLA VEKRETS

3.

DT LA Y D& E A D

o JEA(EYIDH) : WAL LTHZ SN, NRICIHT Bk
ATH5

o MTA k7 BE 1 IE R 2

ZTNENDOEIEOHNFUT L WEILA, ANRLA, FEALA, KA
2NET 5.
F=LFEZT VA YISO —

AT AR—(ATF : GM)A

AT B, NIRRT — LIIhkA RGBT FAET 508, AT
PAFDADIZHEL, @b - a7 S

1. Mz TR

2. WO7 x— R (K HOBEIZR)

3. REEUSMIZEE S B)

4. #%

3. DERFFIZBVWTAEPEEK S 7256, 2. 264 %2

S1EME VKT, WAMETH DA, HOETOBSHIZMEIEA
ROWFTH Y, NEDBERZAM IR ANDEE NRELT TS
5. FENINROBFHPBFHEMNTHB.

3.2 ERRBME

WERE 125 ANIRZI5RIT L1 &8, TNFhDSCL%E
HE U7z, EBRIZSIU -8 1Z6Th 0, Z OERE X
WP SEANRE TLALTHEY, ELEAR T LAY &
UTCHEBMNITEZ ENTES. WERELD T 554 % %
U—ZRTT =B IMUTH 5 o7z, ZEREIX15E DR
10552 LE10ENERITICSMU . Mk Tr — L%
T2 IT L 2EFHORELEZR™ L, 5iliTZ L1280 D
REEZ %) 7=,

B L7238 0, AR ZEAHFOSEW T —LATHSZ &
Mo, fHeD7 LA YDSCLIZFIZ ERE FREEEDIRELTW
BEEZONBD, HEO T LAY DSCLO MK LA A
SN E, FOREIZT — LD E il T ATE LA Ry
"EET R EZSS. TIT, 27 VA1YDSCLTF—XIZ
HOE, F—LFOEELZAXRY NEHEL, By TUa
Yo Ign] 7L YETOSCLOIRS #WE KT 522 2
L7z, Z2ZTWH [5RW] LA ik, 100515 0ORTD S
L, BRPENT LAY L, BROBWEZ [ 7o
YU,

3.3 AR THEALAESCLEHAY R T A

SCL D FHI%E i 1% Affectivatt D Q Sensorz Z#1ZFH L 7=
HEOEMHUZ. #HillY A5 A 1FPython3.5% W THEEL,
Raspberry Pi 3 ModelB L CE//FS &7z, ¥ AT A liA/D%ﬁf&
WEELT, 4> 7Y > S EBI20H2TSCLA IR L 72]7).
7z, Raspberry Pi 3 ModelB E TRl IEH IZfTbNT W5 0)
MEMERT 572012 Python3.6% I\ T, PC&Raspberry Pi

3 ModelBOE(E AR IZFr > 72, EERTIX, L1 ¥yovx
x%v#@%éﬁm%%ié & DI K S5 IZFHIIREE & il i

FR) — Rz 7L A YO RIZERE Lz, 7 — A@@
ﬁ%iv%%wzﬁ%ﬁﬁiétwk,§7v4%®mﬁ
NENYA 7 EREL, EIRHTES & 9*5(A®t77r77x
FJEHWTEF L.

SRERIER

4.1 SCLIC& %M RV M

BED TV A Y OSCLO R 72 LA A S 7 S %
HU, 20U 7a b aLvpthizitikor-. mméMﬁ4&
YINREZKET VA Y OREE R IR (ST BT 7. bm
TAERAZRUIRT. TOARY MHBERKTIC Eﬂ‘é’éwn
%7u4vn;of%9®ﬁ%%ﬁ%é:t%%ﬁb,me
I R REERE -3 FRE & LB D) /=,

4.

F 1 I NI N EZDE

Rz | &

CO 9

BEL 5

Bk - w3

HEl 17
2IRTOPWHRERD S, FHTHEF CHEBO 7L 1 Y DSCL
DOEMIN A ERERA LN, I =K1 XV b (£

DWTLARNTHBT 5.

X nzr Xy b [COJ 1%, AEOEBEZMDO L1 Y
VAERBREDHI VT MEAT : CO)ZEERL, ThiT
AT S ARy MDA SNz, COl, DTV T¥H
FODIF 23528 LTHBEh, BEE L IRERD 7L A
YA SO AL EWEERZIRR (EBEED) T5
FTHECOLTEHE L. 2D, COREWCHWFERIZET S
REEL D, ZORFEOH RXv<) & UT, TABEZ L —,
AEITIEH B GEADHEGEMEDLRHZ) |, BIEBIZANE T
(BE42), mlhroR (NROEE) > TE->THAT) &
EDEWERIZHEDC HEDAEIT S NS,

HHENZA RV N TR I, LA v ADREW (ftt
LAY ROoDEWN) IZHTRFEICEIWZIRYNTHD,
AL Nz, ZORFHEOH] (Fxx~v~) LT, [wnwik
WZENE. WR, Fa AE2ELNRWT (T VA YRR
ZURDS), I[CEMNREPSR~] BERED T V1Y, kK
EDEBIZOVWTERLZEDREITSND.

TNz A Ry b TRE - B AUl 1, GMO DX A
AREINE L] TTIE, BELTLEIW. Vo —D—

T(ENENIMLT L A Y EIEET)] REDBESPREETS
BHWET SN, FE3REFA S Tz,

HWHENZ1TEFFFOA XY DS 5, 15ERDT — L D]
E®71 —XZiFbinz. AT, To1208r, WHDOEE

IZBWTIThNZA Ry N TH o778, D&, WIHDOEEIC
HHLU, 7VAYDIRZEVEZDHTHI L & LT,

4.2 BRICLD TRV TLIYORE
NIRRT =20 THX | IZDOWTERDHL <, BITRIcs
VT%% MEINTWARW, 22T, A TIR15EORST
BIAPERE2RIL, MNTLAIYeHEWT LAV EREET S
U7z, BT VA YOBREUTR (F£2) 1TRT.



3F3-0S-14a-02

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

2 BT LAY ORISR L AT EIE
Jv4¥ [ A [ B | C [ DJ]E]F . BUTLAY
i ES 70 % | 67 % | 40% | 70% | 40% | 40%
AATEL 10 15 15 10 10 15

5.006-05

oo, MTEEN L K BROEWT L1 YBE W] 7
LAY, FEENL K BEROENT LA YCeFE v 7

LAY LT B, RI5EITH 5 AR OBSKIX 339K A% [ U I
@67%"6% - 7‘: . 9§L\ 70 l/ ,r JV a ;‘j‘sb \ 70 1/ ,r _\7 0)%@%1":)% L/ —8—Game6 AT =—@=Game7 f{A —@=mGame8 A =@=Game9 i\ i —@=Gamel10 FEA
7oA R3ITRT.

X 1: FilfTORFEF O T LA ¥

# 3 BT VA Y ORRIE L AT

JVA4¥YB | SL1¥C | LA YF
IJ—“l 2 Em 5 2 2 BUILAY
INPN 4 5 7 ot
NIR 1 4 3
EA 5 4 3

FKIDFERN S, BHNTLAY (B) £5WTL 1Y (CF)

LT, BHEICEUAEBUTKE LR ZA SN T, o

ik, /4 ZAOEAN (BWiZiL2, BMBEANDG) A [ S P S Y
SNTZEDIEENSIRINL T (BT —20A%EMHL T S e e
72) . A1EORER» S, i1 Ry MTHEFRD S 512 o ) )
EiD — LI H D RHCHR S N, R TEE L2 7 2 HATORFHOH VT LAY
LAY, VT LAYIZonT, ¥Y—AHHDOEHIZERL,
B SCLONHFERP S 7L A YOIRSHWEHET 3.

WETIX, W7V A YOHHDERFHEIZE T BSCLOKRIT—

RDIRDFENZDOWTHHT L 7=, BNTLAY

4.3 *}] =) @’%E%O)SCLO)?}E ) g (A 7.0000E-05
HETEELZBRWILAY (B) £980WTL1¥ (F) I I
DWW, KikfTOEHE (K4 M) DSCL% 307512 EH1E % I

KO FEREML, 2TRT. £F— X IFEFI0RITH Lo

(R F— R OHEHN) . B1, 208885, BAADT— o \\\_/
RATH->TH, TNFNORFEDSCLIZIESDENH B Z L 3.0000£.05

MERETE 5. F—LRERFRHIFLATED, RikFIC —
BOWTHKRREBIZAEBAEZAONEVWEEZSNEH, & A
B r — LRI Ko TRERFEEZTIIZLEZONS. K

12, & REIARIEN AR T 570, M1208R0 % 30 R T LA Y OSCL (2#AT)
M3, 412”3, M3, ADFERMS, M T LAY (B) 132

DIRE D SO DIZHIT T, BRZIZSCLAFAT 5L \\Wo Tz

—EDMEANRH SN, FWT LAY (F) OSCLIFHSRFI A

BALIRA S NIRRT BRI Nz, O —FHOFFNT LA BSWTLIY

Y (C) ZBVWTHFAKDHR LMo, ZOMRESEZR, 50000005

RETEREZIT.

8.0000E-05

5. BE e ———
FEFER DS, BEL BT LAY (B) DSCLOHE S &
Wi, RiEOHE D THMIIZE WEZ R LZZ 206, fEn
TUA Y IIEEFKIAEE CRE OMNREENA SN &
EEWT S, ZORITITFhNIEZARY ML, FIZCOTH -
7z, AT, CORBEHED 7L A ¥DSCLO RN Z EE IR
HLEAONEHEIHTHY, NETF =B W THRE EERAT R
NeEZZZENTES, ZTIT, COIZBIFZBNTL 1Y

4: 2EEIE - 59V T LA YSCL (2347)



3F3-0S-14a-02

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

LEWT LA YOSECER LA L 2. BARRIZIE, COR
DTVAYD BFOEMK D20, HWAiELTHEL ZH
W7D &S %X (FEFAED /BFRL), TOBDSCL
D2 N (SCLEF /SCLZA M) & DBEIZ DWTHRAT.
Z DGR % RUTRT.

% 4: CORFDETOHMEESCLD F5H & D EHE

HEFHED HEFEML HEFEHD

SCL. L5 SCL.L5 SCLZ A
NI LAY 4 3 0
W T LAY 5 1 1

SEOERTIZETORITTCONTLNTHE Y, CORFIZ
RFERTRSTETVAYIE, TV A XITEITTIEEL L
S5HEWERAZIRRT AL Vo zifindiA s Nz, ZD XS
BREETFRSTGAITIE, Vo AFYREELRE T LA VIZL
HHHRNRITEID MR T E B, —F, ZTFrITbRdr>7-5E
i, 7LV A Y ORkT (FEP/EL) &7272B5T 2T
AHNTz. £I3IDEERENS, RO T LA YV IZCOMRHZ HH A%
FRTRSIGEDARR ST, BRETROREPSIGHRIZE
WTHSCLO ERRASNTZ. —HDFPNT LA ¥ Tlx, BF
AT o TG BIZSCLD LA DA SN, BFE2ITORDr->
7-5E20%, SCLO ERARHE D ASNED) -7, DFD,
WL A YR TLI Y &b e, CORIZfThbNSG I 2=
=33 vizont, HHOSNOAIZEDL ST, MRSz
HHALTWEEEZSNE. ERRIZCOTH, DTV A1 vn
EDOTLAYIZHL, E¥OXIBHEEREZRLTVSDN,
EIADETEIZOWT RS 5 Z L BZFDHRO T — LAREIZEW
TRERKEZE D7D, MNT LAY TIDL D BBERDA
LN IIFYUTHIEEISNS.

6. BHHYIC

AFgETIX, EEDO TV A Y DSCLO R Z LR 5 HE
BEWTHDHEBEZONDEARY FEMHL, NI LAY EgHn
TUA Y DOHHDEERDSCLORS T\ S % 08 L 7.
ZORE, MONTLA YIEWThor—24, #Ecs s
HAHI, FWT U A VIMERLAS NN T & AR T E 72,
COIZ X ASCLOIEA NI DWTHHT L2FEE, w7 LA
YIZCORIZfITbNAaAI 2= — a VEBIBRIZIEHRL T
W3 ZEWRBI N, BATITD MRS — L OHI%IE, 6 AL
ETibhd MR =L TIRES WSS H DD, COOE
FMEIEDSIWEHE XD, £z, KRBT\ T LA
TEF VT LA YOBEIZIIRZREBOR MDD % & b
5. TUAYHEMEMD Z & TTF—XIZ) A XDBEADAS
N2 s, TUAYRBIIMNTE /) 1 ZDBEAZG
FHllS AT L DB BB L 72D,

7. HEE
AW ISPSEHME 16H02928 DB % 3Z 1) 726 D TT

SE Xk

1] B Rk, Bk KEE, K R, fRos @, %M #
B, IFEF JG(E  JIRAIGE 2 E 9 RS - HETAAL
Kigg, ALK (2016)

(2] Bk B, WS W, BTG, N SRR, MR EA
WE = Al 2> Pa—XDREDEW-FHEDRD—
FMEIZLDEE, YF—L70ar533I0 79— ay
720125, 2012 %, 6 5, pp.9 - 16(2012)

A L, BEE O AKES. DD E o NT AT 4 — KNy
2B B EHZEEDOTRREE LTO SCL OGS, /N
F 74— RNy 2152, 13%, pp.18-21(1986)

MER =5, HE % NA A 74— RNy 28 LT
DOREaV R Ry AEA L REBMIEEOLE, N1
74— KNy ZHigE, 21%, pp.29-36(1994)

W R, I R, RSSO SE  S, R
SRR (1969)

A FEORER, = P, REERRMED - ORE LA
-, BVEZERERZE AN ESR, ASGRSE 61(2), pp.55-
88(2011)

HFVE %2, AU FIR, ARHE HE, W05 W, RER K,
INEF S IE - NIRRT LA Y O R ERIGE Ol A
bR FIHUZY VA A =R OEBIA[NIT T, HHRLEY
K AVRT Y ay, pp.88s-888(2018)

JEHE] R, WG W, M Mz, MR NRT—LE
57V A Y —DREBRD DN, LR — A
TEWEMSE2, 2016-G1-36(19), pp.1-7 (2016)



3F3-0S-14a-03

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

5 NNIRICEBITABISEL DT 2L —2 g0

Simulation of Strategic Evolution in 5-player Werewolf

vz XY SN NS N
Atsushi Takeda Fujio Toriumi
TN
The University of Tokyo

In recent years, the game “Werewolf” has been drawing attention in the field of Artificial Intelligence. In this paper, we
propose a method to simulate the evolution of strategy in order to investigate whether a strategy that always dominates other
strategies is discovered in the 5-player werewolf regulation in future Al Wolf Competition. As a result of the simulation, we
found that we can not reach a strategy that always has a dominant advantage, and eventually the strategy will continue to change

periodically.
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Simulation Analysis based on Behavioral Experiment of Cooperative Pattern Task

i3S apva FHRHEZFK 2
Norifumi Watanabe Kota Itoda
HHEEF R EEREY

Musashino University Keio University

We have a behavior experiment using pattern task abstracting cooperative behaviors that require intention
estimation and action switching to specific goals. And we have analyzed strategies to adjust cooperative intention
estimations. In this research, we constructed an agent model that have three strategies of "random selection”, ”self-
priority selection”, and ”other agent’s target pattern estimation”. And the decision making process was verified

by simulation.
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Analyis of Strategies in Werewolf Game by 3 Players
Considering Voting Behaviour of Other Players

KM H¥T

Hinako Tamai

RELF KRR NESAEHTZERE ML RTIARRRE SRR A T
Department of Computer Science and Clothing Environment,
Graduate School of Humanities and Sciences, Nara Women’s University

In this research, based on the Utterance model in Werewolf Game by 3 Players of the previous research, we
examined the strategy of reasonable voting behavior when anticipating the voting behavior of others. As a result,
we found that a strategy which is quite different from the voting behavior which is considered reasonable when
not considering the voting behavior of others is obtained. In addition, we found that the same strategy appears at
regular intervals when the estimation of the voting behavior of others is repeated.
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Development and evaluation of the game agent to change
confidence of estimating in Cooperative game Hanabi

PRk F
Eisuke Sato

PAER

Hirotaka Osawa

R TN
University of Tsukuba

Abstract: Al agent for cooperation with human need to follow human thought. There are some research
using cooperating game ‘Hanabi’ from various aspects such as self-estimation, psychology, and
communication theory. In this research, we developed an agent’s strategy for following human thought for
guessing human understanding of Al’s strategy to utilize the length of thinking time of the human player
and changing the estimation reliability. As a result, we found that this agent estimated more frequently to
the good player of Hanabi than the conventional agent and there is a positive correlation between some
evaluation to this agent and score. However, the agent that change estimation reliability depending on
opponent’s thinking time didn’t affect human’s impression compared to the conventional agent and there
was no significant difference in the score and the success rate of the estimation by changing the reliability

of the estimation according to the thinking time.

1. B

BAE, ANBEB T 22— F OB DO 57—
DOIFZEREHENTND, T 0T TLTH —2%m T AT D558
WZRWT, ARNICH DI 2 BIEL Lz — U = MO
HARLCTHRESNTEY, 20 BEITERS>oH5, FD
— T, AMEWM LT oA KT D —Y = M
FIEREER L ThD, Z0JH7m— e b3 AIZE ST E
AL — U e U N B DE I ARANZATE O E X
R A THESI DI A OB 2 b CARISEWTEN A
ELRTNIERBIRNWEZATHD, Lo T, ZDIHee—T
FOBEZII AN LHEED ABSLEDOES B LA B OEFED
ANHESLSOEHICE#RT2EE 200,
W7 —25 T AT5 AL BT D —>E LT A
—R /4" — 2 THanabi) & WO T2 E RTINS, ZO7 — LD
KRERFFHERIL, RO FALDO H% LHZENTETH SO TFAL
IEhNbRNZ el FHFA~ONREEEA N — 2 N2 I THI R
ENTWAEILETHD, Fox 1T Hanabi 2BV THE OIS EST
A 12—k T, B OREEHER 22— = MB
HLUT[1], F72, Eger I EO Fikbaia=r—T a8
D, AN =Y = MO LT B X 2 Ff > T TE L
TWALKU -, AT F D —2 = FORE & B L
IR SV ZEE R LTZ[2],

7272 ZNHDBEFEOBFFECIE AR O BRI L) 1 8%
Hanabi 27V A5 — = FOFRIGIZB W TR S T
AN

AHFFEClE Hanabi (2B WTC, D70 A7 LAY —D
PR S 2 RO E T D5 — Y = MO RIS A it 5,

L s i K2 hailabsec@iit.tsukuba.ac.jp

TP MR — BB T AT A A OIS AT
DEEZICEDETZLDOTHA-D ., ANMET VAT AEAIIE
FIFE DL ATE OB KA FLfE L CTNAZEN RIS
7o TND, TR =Y 2 hOFTE) D B X 2 E AL TR
WE BEVOITEIRY EAE DT, BUEO KB
Lo PR =V 2 FOMEAZBAEL T D513 HEE OfF
FEEZ L CHEE A BRI AL CTITEN T2 & THY,
(TR — Y = FOIE 2 H EVBEL TR Vb E = —
Pl NIHEE OB HERE 2 T Che et e BHR L TTEd5
RETHD, D7 MFOHEMEOHEE T — = A
IR A D DI T- > TRERMETHD,

AW TIET = 2 NOEERE IR 27 A v — DO EfiRE %
T A —PTENVEIRINT D E TITO DD DB 352
LER I, Fm L ERRICAMIC IO —2 = R Hanabi 27
LASHBZ LS THEE DR FEE 2 A T L2 WIEA 1T~
THABIOAROZ == MO 25N E O LH 1228
A YRy i kN B

2. Hanabi ®EEHZE

VAN AV e p Teten e g Nl 3 a2 Y b e
LTI ELZE D D722 0D 4TI /17— R % — 2 Hanabi
W B LTEWFIE R S <D BTN,

4 1T Hanabi ([ZBWTIE OIS LI TENZ S 22— T,
By OWRIEZHER T2 — = MBS L, Z ORI A F
L TCHEERE MO INIESNTATE TH— V= M &N
BEMEONLI LR Iab— a2 IWRLIE[], £,
Eger DITLBLIED FiEbaia = —Ta Bimnn, AfAx
— VU ML T E R 2 Ffo TITEIL T A LR U 72 HE,



3F4-0S-14b-01

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

ANBIZZFOE—Y 2 bR % @ FHI U A Fa< EvnH 2
L, =—U b AT Hanabi 27 L AXEAHZEICIDRL
72[2] 7272 2B OBEFO MR TIE A MO BB K &)
K543 Hanabi 27 L AT 52— = OERIGIZ BV TR E
naTunian, BERERIZIAM 7 LAY =07 — AR OF T
X ABMREDIIEL L CEHE LD ThHD, TD-H, Tk
FIRAFT2ZE2UICIE AR E B TEDLT—V = hOBRFE LN
HECHDHEE Z DD,

F72. Christopher HIFMEFHEH 7 — 2% IG5 H L7Z Hanabi (2
BT DEMIZDOWTE L FRiCHEIEZ LT T 528128
75% L EORER TR @G REENAZEERLTZ[3], LA LD
AUTHRNCHIS A A T A2 2L L TR, F-FOHNEAE
HEMECHHLIENB NMEWH LT LA 2ERIEE L Cldil
LCUWRUN,

ARFIETIE, FRIOEME O ILGZ2ITHO T — LA O T
DEEHZ AN T —Y = ORI I35 NE 7 LAY
—OIRFREE AL E ORISR U CHEE DI A AT
THE—V U MEBRL, EBICAET VAT DHIEICEED
A AT,

3. Hanabi ®J)L—)L

AWFgECHWAA — A THanabi | OV — L& LL FICRT,

Hanabi [Z# /1D 51— R A — L THY | i 2~5 N T,
ABIORFIETIX 2 NTTLATBREOH%EH, Hanabi (X 50
oH—RE 8 MOIERI—22 2 ANWTITH S —LTHD 50
MOH—RIIFZENE NGO TRRESNTEY, AlXH,
R T L RED 5L BT 1~5 0 5 HEETHDH, H—FiE
Bt 10 T DIFELZOTONGRIT 128 3 #, 2~4 28 2
K. s B 1 CTha,

ZDF— BDFAE B NI OO —RE 1~5 T
FOFRNEICH R THNETRTOEBET 5 FTH—REWREHT
EThHD, 7 — LBIRRE, LA —lZiZEN TR S O —R
NFILEL TSNS, ZOK, B3O FFLOERIZALZEN
TET A FOFALOERO LB FTRE TH D, 52D D 40
BUIEME L TILALEL T, &7 LAY —IXA S DF—
WAL, W—RDBEZE H—F DT L ADZ2>DONNT 1
IN—DODITENZ IR TITHZENTED,

BRI, HE LAY —DFALO D —R DK THLL
T EEHFICBADIENTED, ZORE, FHRN—270% 1
B9 D, FWRb—70 0 1 DBRWEA BRI AT 8T
T, o WA HZ ALY T5b DT bve<#
ZIRT U772, I FO TR 1,78 2, A 1, H
2, %k 1 CHHEEITHREEHZDHGA. 1 FHE 2 HEHDO—
RWRIRTHDIENIINCHZHZ LTI, L —2DBD
TERERZDHZLITTEAR,

H—ROBEZETIT, By O TALOI LY EINEE X T 1 MK
ERECHIENTED, D%, ARG —RE 1 Bt
FT 5, FEZORHERN—2 W T UL FRbiEERh—2
MBI 5, BEEELT- I —RILE 7 LAY — A&, 20
= DI D T LN TEARL 2D,

H—ROT AT, B DOFALOAN 1 Batb ko272
ZEERBDIENTED, T AL —ROMERER O [FADTE
KOETLY 1 KENGA ., TV AT BhERY, 2D —R)
RETH D554 T 5RO KT RO TE T 1 45, 7
VAR5 6 . 20— RIZREIESNS, LA T
BRI ETHL T L AL —RIEl 7 LA v —IZRaBENn
TTLAY—IET VL ALIZ— R DRI —R%E 1 Kkl
BNz 5,

P BNORET SRR

cT—RDT LA 3 BRI LSS

SUFLAY 0 Ki2 72> TBA T LA —0MTEhE — [0 24T
STGE

T RTCOODIEKE 5 ETHRMESETHE

D 3 DThHD, BRI OIEKDOEDEFINZEOEER R,
B alE 25 TH A,

4, T—oxbOTIILT) X L

ARFFETITH T LAY — 0 JRE R A BRI ORI U
ARG B EHEE T — Ve bR LA — 0 BB
RIS OISEIZH VA LOVA CHEE=— = b 2 A
FHELT-,

4.1 ERDECH T
BEKCOD 1 L HE TE BRI MRS B LT 7 /LT YR A THY
[4]. LT OB TITEIAA T,

(1) BOHETEIFEROHAI<EIH—FDOTLA
BRI, NS T VAW HED — R THHIEND DD

H—RETVLAT 5, BIzIX, 7 — LB EHOREORE, 1 ©

F—RII D DD T T VA RRED —RIZ725,

(2) FULAARED—FDIEHIZ T
FENT LA —REROZ NN, DI —R Ol
WA TIZE S TREMRGB A HRIERE1T), b ab ik
WARTE IR G BADERET L WTRIRT D,
(3) HCHTEIERIKILAaEEI—FDOTLA
HEOBR DI 2L —arZHANTHCOFILOHEEZ
179, ZORFEZLNAFALOREMEDEAEHA 2, ZOHIC
B —ROERZEZHBET/—H, 1 HZ W HBHKOME
DRICZ VBB OMEIC K LT a (EL EDeE Zoh—RiZ
1 HLWHIBOEICE LN EHEE T 5, ZOMENT LA W HE
H—ROEIZE LG AT VAT 5,
(4) EETHEI—FOHFERIZE
FAFMRFEFATRED — RAEFE D 2L 00 13 %
ZHZEIZ LS THFELAD DL B A REA ThoHEWETES
BE . TOERERTT D,
(5) FLAEAEEL—FDTLA
H 53 O FFLOE R EMEE OB AT GE/R I —RID 7 LA W]
FED—REETAZERDIEE A, T —RET L AT 5,
(6) EETREH—FDOEE
H 45 O FALOE LA OB FTHEZ2 1 — RSB BEFE AT HE
TR BT DI LD G EDh—NEBEHET 5,
(7) SVELEE
B OFFLOF T, HOERBEO DRI —REFEIET D, &
HIEMBO DN —RPEBGEIET %6, TOFNbT
S NTHEHET 5,

42 BERFEICKLTHEDEEEZZLZASECHTE
B RE
AW TR LTz A O E IS IR D O T LT VX AT
BINL, HET LAY —O BB RMIZIN U THEE OfFHE)E %
EHEFHI50L, TV T AY—D8 T — BT 5
TERRPUZ DDA ERTO 5 X — ek D, TI0h
JLB R[] 00 X AR 22 A8 & L | D LB R 3 22

2.



3F4-0S-14b-01

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

+1 AR B SEDH FIIREBL Q0L EERL, BE
IR A3 28) — | BEUE(RZE DL R 27O FIEEIR L CUWLB L E
295, £, AT S X DEERF ORI TR X
DIEHERZED K ELRY, B ChHHETE R TEHRFE 32
I TLEFEHIZEN DD, DT T LAY —i8 4.13
FLLT ORBRERITE 72356 TR ZI2)0 )b e T
BN CHDHEEFRT D, ZOMITINENLIRTRSEAE 12 NEx)
4L L CfT 7= Hanabi OEBRICEBIT D% 7 LAY —D )R
B -1 EEREO T ELST-HDTHDH[4], ZOfEIT,
KT AT =R L= LI S A BE O ¥ ThHT-9 |
1B D L O JE B W R 0 -5 ROAE AR 7212030 o 9 Bk
THHEHIWT CEHBEEL TR Y THHEE 2 LD,

ZZCHBER OB MBICH L CLL T OGER AL TS, TR
BRoof B 2N HD R Y M REN T,

REL QOO T LAY —IZ B HOITENCBE N2
BIRLCWBEE, 7L A Y —I1Z B S OITENCBIERH D,

FIFEMMTEIOBRPUCB N TREB AT HEE FAFT LAY
—IIRPUCAEDRF TR, T72bb = — Y= U ORI
DHEVPFECEX T RNEE 2 HND, ZORHIT—Y x hR
HEEZATHE, B KB HEE IR T BN @< blE 2
DD, 28 b=—V O H EHEEIIH TR A D2
L—yay EOMFERICIIATEI AR Z 2 & AiHEE -
TEY, ZOEOIITHEFERT—Y = PO 2 & 5 B
fEL CWAZEN R RIZINDTHD, DT, ZDOT—V =
UNIT 3.1 OB ACHEEIZE ST VAR —ROT AT
IRLTZENCHEE TE ZBNARH NI — R OENBKIZE N
H—ROMED a {FLLERDHEEIZHED LD T IV TY R ATZN,
MENEZZ 2 B TITo72 AT D a DfEEKELT DD
LIV HEE DI HEE R NI A,

— TR ORI BT AFIT AL x FHTF
LAY =3B PRUCHEEFF > TWAEEZ LD F DR IIE
K& 2 DITpiTbid, 1 DiEe—Y = FORKIE 2 TE LB
ECETCVAEET. H) 1 DIF=—V = FOFRIE 27~ Tig
WL TERY, ZOMSTEIRIZIES W TITEIZ D TV DA
ThD, HiHEDOEE . Al ITHEE DOFEEE L BT ARETEN, #%
FOBBREFHEDEHEEL NI EETHD, LD, 20D
2 OORIE BT DI DIHHFT LAY —D I —R T AD
FEREFIA Lz, BRIIE, T LA — 2 Bk E 2 i
T ST A HEE O EE B 523, FHFRRIRTHo
H—ROTVARR U EEIHEEDEEEE F 5891
L7z,

5. FHiE

AR AL IO 7 — BIZB W TH R0 B SR O R A
DIERE DL TRV ST — VxR A
DY = LD EZDHBL, ANHOT == NIRLT
UNGIE S Rl Ly

51 42571 —X

A& Al D7 — 2% EBLT DT DIINEG A BAFE LA
VT =A% N [4], AR LIDRT,
B 2 N2 B OFAL, WL LI FOFILBR RS
D, P RITBTEOBHE AR L, PITOEIILENBIEEIC
AL DKL AE R —2 > DR, TV A DI E 4, 155%
R, E BT VAT, TUAICKIET D, BEES AT
2ol X THI AT BRIC 72 o T I — R FRREN S,

‘= |8 |8 ‘A DEZHEEE
X A R Him R 4“3
G 5] G 5 | 5 SI]
< G_ e s e y
1] §2R4 4]
1151 ]2 B
1]2]3 J445]
(112214
POoO°
- ﬂﬂ=mﬂ
MHE
‘ i 1]
M AN B BN 5H=Bml
: l| i/ 8 Al il 1121214
€] 3 G 3] G ]
Wi s W._ ~ = i

1 Hanabi DA # 7 =—A

5.2 FHMEAE
REBRTIIHFOT— 2 Mk BEIS A2 57-0
2, 7 — LDFLERE FEBR B INE DR DR L I8 % D
FIGEH 7> r— AT o7z, LLFICT o — O E RN
Raerd,
(1) MFITOVTOHOHZE

Ql. ERERFS>TWHEREL -7

Q2. 7 —ATIEIL Tz

Q3. FHFEOATEND B N5 7> T

Q4. HHFDATENC — EMEZ R 77
(2) F—ALIZDOVTOHE

Q5. 7 — IRV T Do T

Q6. 77— L DOFE R R LT DD

Q7. A HI Rk A

KT —hOFEM DL

Ql. BEAFF S TWALRKU -/

Q2. F— ATV

0 2 SOEHIF T HEERICBOWTHEEENENZLOT
0%, Fi-.

Q7. fHTFDATENDFE K DN 53D~ T2h

Q8. FHFDITENC — EMEZ U7

LV 2 OOEEIZAMN 2 HEOT—Y = D #EEFEER
HZRERR L QD HIr 9~ 57200 (B B2l 2 B =4~ L HE
WLz, Ko T ARERTIEIND 4 BIC7 — 2B 3 2- /M 2
Mz 7= 6 Mz ELTHW,
Q7 ®HHFIRZ RS T N CTO-MIE T EBR R ICZ) E
DIRNE 1, EHEHE T ELTE TEMEDY I — R ECEIE T
B E -,

5.3 REFIR

FBRITIE 20 RS 20 20 ABBINLT=, 20014 13 Hanabi
DN—VEA BT 2 — R TDOWTHIALRZTT-1% . 7/ — L% 4
[[fT>7=, PO H CHEE = —V = bEeDF — AL T A &
1), FHF O BB RN IS U7 B OAFFEE OB b AN 2 7= 5T
LWHBHEE ==V 2 heD7 — (LU T B &) 2 £k
=2 AT TV, 20k, IBEEEZT 1 EF D7 —24
7otz £oT 1 ADEBRSMEFIZ O, A K. B &0
B FNDOEITEFNEN 2 DITD, EBRICHWSILLIE 4
PR EL, 1 AOFEBRSINED 4 FEO (LALTF —L%1TH
oLz, =D T HICT o — ATV A HE 2
—EA T o TEBEK T L,



3F4-0S-14b-01

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

6. #ER

AREBRTIE A Sfhé B &hoznEncF —2% 40 [819
DfTolz, ToTRMEIIC A &tk B &k T —Xikeheh
40 [ETFIET 5,

T =V hOBMEZFHEL CTOAA~DAIFIED = — =
YNNG Z D BE R ARDIOCT — 2L, AEEIO
Al OFEIE T3 DIMREE DFRIEES L TR RZ VT, 18 5B
FOLOEENEEEAEL TODS —A(LLT A(h), B(h)& 7 5)E
EFL T, A E&MUEB FUENTICBWTHHELZ, ZORMIE
VRN F2BR 45 AT IS Hanabi O R 17.5 Snbik
ELT, R, ASRMEOT —21% 21 fH, B &0 T —#1%
24 fJIZ 7272,

AMFIFZBWTH—ROHEEIX 1 7 —A TV 5.38 [
(SD2.79)fT 4, DAL I #1728 (SD.196) Th o7z,
Bh)&FIZEWTH—FOHEEIT 1 7 —LTFH 7.58 [H]
(SD4.39) T, D RLEN =R IT ). 744 (SD.208) Th -7z, t
I EDOFER, 2 SR CHEE R BU A B 2203 LB T2 (p<.05),

T ORERER 3ITRT, £ 3 I, T —MERIC
12 SRR B ZEN R b o7z,

E£ 1. T — OSSR

A(h) G B(h) &%) pfE
Ql 5.14 (SD 1.93) 5.41 (SD 1.41) 604
Q2 5.38 (SD 1.05) 5.08 (SD 1.44) 439
Q3 5.66 (SD 0.94) 5.83 (SD 1.37) 641
Q4 5.19 (SD 1.10) 5.08 (SD 1.68) 803
Q5 5.52 (SD 1.40) 4.82 (SD 1.75) 516
Q6 5.00 (SD 1.23) 4.79 (SD 1.55) 627

T =N ORHI AR RO BIZ T TR E T OR 412
R, F 4 X0 AFEHIZEWTIE Q2 DR SICIED
RN BT, F2, B(hGFAIFZHE W TIT Q2,Q3,Q4,

Q5,Q6 DFM L5 SIS TEDAR DD -7, (r>.4)

2. MBI

A(h)FHBIFR I B(h)FHBIfR %L
Q1 349 0.154
Q2 .508% 0.546*
Q3 249 0.498%*
Q4 -.050 0.435%
Q5 208 0.556*
Q6 .198 0.506*
*r>4

7. BER

AREBROESEHEE ORIIRITIT Ath),B(h)2 SHEMICA
BEEITRON) ST, ZOZENE, RHFZR TR L, BE
IR A BRIE OFEEE IZ B ANz — Y = o MIAEIC B TT
R RIFSIRNENR D,

HEEDRIE B WL Bh)&REDS AR THE
\Z@Eh o7, ZAUE, ==Y = ORI A PR L - R BN
VRRIR AR TIPS 3 E < AR EL CTHEE DI HEE D |
Mo —=DINEL 2o T2NETHDHEE ZBND, FIHEED
RINRITZE DS TUVRNZEMND, HEE AP L2 &Ik
STHEEDBENEAL T DI LT oTe bz b,

MG B N TT U —MEROH B ZII DN Tz,
ZDTENS, AMFIETHHIE L7 B & I R 2 BRI O FR L 12 IRY

ANz =V 2 NI ASOHIGIC R B % 5.2 50903
INBIRINSTZ,

I BN T =Y 2 MR — AIDENLTWA LKL S
T AY —ILESERERDMHEA R DD EN 2D, ZhiE, =—
U = ACENTWDERE DX, AT LAY —1T
TV eIV AL THHTEICE TV DD THEEE DI
%, F2, BERMHFIZBWTOHR, ==V hOITEIOE X %
P-4, =— V= hofTEhc B AR UG A
— AT NEEU 725G FERITE R L TV D e
BlCbEERERAER N HHENZ D, ZHIE, ZHHDIER
DOFAH S E D, A7V A —do— Y= hOBIE 2 1EL
SHRLTHRY, ZOfERELTREDOITEIN SR, =V x
VROHEEDGHEEE N EARY, KW ) TEBH I/ o7 BT
BHHEZZ LD,

8. tEim

ABFZEClX. #7177 —2 Hanabi (28U C, A8 TF0 EZ M)
NOEMETFOITENRIND B (50O F #EAEREL, BIE I 1HHE
EDOEHEEALEE LML THW - — Y 2 MBS L
T, RS B EHEE I & 7215 M 0 25k, BEOARIC
H. 2 AHG0E A LTz,

FEREL T, M T O BB ORI U THEE O §HE
BEZDHT—V M kRO — 2 R TE S
He T DR RICH LT A DN - T2 03, HEE ORI
MTH7-D5EREL TROLLDHEEE RIS EDLZEN D -
Too T2, 7 —bORER I T O BB OEEIZGT
THEEDEHE LR A2 HT—V 2 MWL, =—Y = b
(S e R T A 1 TR AN RS e BN DALY N A R Y VY
DI EN -T2,

A% OFLRELE LU C BB 4 20 3 U BRI 0O FE A (S HH A
ANTET =D hOBIRENE 2 5ND, AB O BB IR
T AR A IVEMEICL T AR OASRD B E SRS DL T,
EEREMORBEOERZROLHT 2 TP OICEH 528
\ZEDZOREREDZERD IS ILD,

B

AWFSET ISPS B JP26118006, JP18KT0029 DRk A%
Frbo T,

SE Xk

[1] Osawa, H. (2015). “Solving Hanabi :
Opponent’s Actions in Cooperative Game with Incomplete

Estimating Hands by

Information.” AAAI Workshop, Computer Poker and Imperfect
Information, (pp. 37-43).

[2] Eger, M., Martens, C., & Cérdoba, M. A. (2017). “An intentional Al
for Hanabi” IEEE Conference on Computational Intelligence and
Games (CIG) (pp. 68-75).

[3] Christopher Cox, Jessica De Silva, Philip Deorsey, Franklin H. J.
Kenter, Troy Retter & Josh Tobin (2015) “How to Make the Perfect
Fireworks Display: Two Strategies for Hanabi 7 Mathematics
Magazine (pp. 323-336)

[4] Jnpe #nth, RS 0 i E BLSOHEE R IV e m— U = U Nl
DIf] b/ —R%—2 Hanabi & Al L%tk H7257 A TAEES
S AEREm S, # 32 [IAF K2 4)2-01

[5] Bartneck, C., Kuli¢, D., Croft, E., & Zoghbi, S. (2009). Measurement
Instruments for the Anthropomorphism, Animacy, Likeability,
Perceived Intelligence, and Perceived Safety of Robots. International
Journal of Social Robotics, 1(1), (pp.71-81)



3F4-0S-14b-02

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

ERWARL= 2 — T V2 v F 2w
MNRT — DT EBT % &I E

Role estimation in Werewolf games using a selective desensitization neural network
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Estimating a player’s role is important to win Werewolf games. As described in this paper, we propose a role
estimation method incorporating a selective desensitization neural network. We evaluated its accuracy using a
model constructed for 15-person games. Experimentally obtained results show that the model estimated six roles

with 69% accuracy.
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&, ARPFFETH BN LR (12)~(21) BE&ITch 5
Ebhodz, RIZ, SDNN OF§RE2£ 2 1R T, &k, a—
Ry = DER L ST v LBEEPASTVBE D, T
LY —FEEZTI0MFERL, HEPRLROER (best)
L LR (worst) Z7R LT3, 10 [HIOEERTEE IR
68.6%THH, KL LTSVM X WD UKER E»o, —
77T, MNMEOHEE TIZ SVM & O EDMEH - 72,

B S E BT 2 L B R W o il A3t L
W, SVM IZOWTIE, 7Yy Ry —=FIckoT8o 2= #
RBxEITH LEBIC, BT —FTcruanNY F—rarzfr
Kot ZOFER, 100 7 —LDF —F IR L CHEEICH 7
RE Ehdpotz, —J5T, SDNN IZOWTIE, 4L B8y —
Vil A THWEARNI A=Y ZDFEHHLT (X7
A =S EREfTDRNT), 2 RHPERECHh - 7%,

51T, T =8 B2 VBEICOWTOMREZ TN S
720, 107 =207 —=FTH¥ELT, WD 1075 —2D7—
FCTT AN RITlEo %, ZOREHE, SVM DRFEEDY 49.8%72 -
72DIZH LT, SDNN OREEIZ 1 %S (2) LR
T 62.6%THo7, ZOfERD S, SDNN D7 2 il
T TOMREILFEHTEL I Lbh o T,

# 1: SVM i 7 HEERS R
SVM (RBF, v = 0.5, cost = 32)

K : 66.6%
Tk | EAE FHIHER
A | 69.5% 86.7%
SN 9.5% 3.0%
SR | 82.1% 48.5%
HORl | 70.2% 50.0%
EAN | 76.1% 77.3%
MNE | 85.9% 41.9%

# 2: SDNN % v 7= HEEf5 AL

best worst

K 69.4% FHE 1 67.6%
B | WA | BB | dEaE | BB
A | 66.5% | 98.1% | 66.1% | 96.6%
SN 0.0% | 0.0% | 0.0% | 0.0%
TEUEET | 97.8% | 68.2% | 88.2% | 68.2%
HWHE | 79.0% | 45.5% | 73.1% | 28.8%
AN | 74.0% | 86.4% | 61.0% | 92.4%
AN | 82.2% | 18.7% | 82.9% | 17.2%

4. F&E®

SDNN % TS 217 ) B ERREL, ¥ —27—%
o THRERZMRIEL 72, Z DR, SVM IZHART, SDNN
DHETHIENE NI EZR LT, Fh, RNIA—FHFERRE%
GO BRI oW TS SDNN 33N TH D, Ll
T —2 b EOLHER2R L. ZOME»S, SDNN 2/
WTHOWBFEFORWEIREEREHETE L LEL6N S,

SHOPGE L LT, NMROHEEREZ M | X% % /7% % T
L, ¥8EARy b= OfMEw 29N T2 L Lbic, #E
ERERICHE DO TCITE 2 RET 2 HikE T 5.

EE B

(RN 17) RINEE, Eihse, G, g 2 e ik
HEE 21T NRARE D —2 = > + DPigE, 75 22 [A17 — A
TR T I —=0 3y ay Tk, pp.50-55, (2017).

(BRI 16] MRJRIET, Bk, MEOEN:, AR, Al
KU, 2, WIEL, frEpssth, < RAEAXICE
FAFEAHTE SVM 2 v NBEEER/T) 2 —Y =
v F oG 7 30 M A TAREASEEIR S, JSAI2016
2F4-1, pp.1-4 (2016).

[FrfR 10] BTz, Lk, HIHSCE, AR/ S @RI EAL
Za—7 N3y bR E OfifEREG M, 55
il D, Vo0.J93-D, No.6, pp.837-847 (2010).

[ANH] MRAMRE 702 = 7 b, http://aiwolf.org/, #7277
£ A 12019 4F 1 H 24 H.

[LIBSVM] LIBSVM, https://www.csie.ntu.edu.tw/ cjlin/
libsvm/, ef&7 72 & 1 2019 4 1 H 24 H.
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Artificial Intelligence for Deducing Roles of Players in the Werewolf Game
using Information about Conversations among Players

R RE

Fukuda Munemichi

X
Hajime Anada

RS R R A A B AR

Graduate School of Integrative Science and Engineering, Tokyo City University #1

Recently, the Artificial Intelligence based Werewolf Project has been attracting attention. Because,
it is important for human-like artificial intelligence research to construct an artificial intelligence for
the Werewolf Game which requires abilities to bamboozle and detect a lie. Therefore we construct an
artificial intelligence for deducing roles of players in the Werewolf Game using information about

conversations among players.

1. [FC®HIC

WA, N THGEIC R AR HECH A2 8 07 — 2D K3
SN TS, 2D 1 DICAIRY —LEITH NRERER A 113
BD. NIRRT — L TR0 TR Z S<BENR, THFHMDOED
Z RO HRE NI NEREND. ZHHDRE A A L4528 T,
N TR LY & 7 fIEr 3 vl REL 720, ARNCEO<EE XD
N5, 2O, NRAERESNEHIN TS,

KINBEDWFFER2]TIE 5 ANIRTHEDTZDIZ, F7 1 ATD
TAEREE T H=2— TN F o T = (NN)EAEEE LT, Ll
FZOFET WVTIINROWERE LA W] L CELRHNHLHEE Z
LD, filil7en, NN AT TDREEL T, EOT LAV E%t
BUIL TR ELIEDITAVTOVDER, BEDOMGELDT LAY
DR EFANTORW D, BRI OR A28 &,
HEE NN /2> TNBEEZ BNDTZD THD.

ZZCAMIFE T, B A3 LB R E AT LA AR
L7=x5:, CO Lizt&kEc DI ORGE B 42— %, 2T
SERIE WA B I A HEE 217D,

2. IR

21 ARKRZ=DL—)L

NS — B IAT PR SR 250N T, ENENOEE
THHEBIY —LThh. FHE L, NREETTF =205
A BT, BT D) ZENBERI S THY, REEE, A
MO NEOELL FIZT D2 EMN RIS THD.

MNERETIIANRS —2% 5 A 15 NTITW, KIFET
1T 5 ANREEOES. 5 ANROBEIEE T LAY ITBM
N, G, AR, S0, FECNM, ), BE R, D)8
PEFFO. TV A Y OB, WE o7 A
N THS.

ATBEE (T CTRBEAABOR A 2 A, Sl 1 AThD. K
MNITRE D ZHR =720, HHlZ 1 B 1 ADT LAY DA
NRLZELLT, HU)STED. ARMUE TR 1 PSR ITIR,
EUHE 1 ATRHEBEIIAMTOHS. MREIT1TH 1 AOT LAY
Z7— BANBRANTEA(LLT, BRE). FEU)0 IR A

G A R B, AR TR, T 158-8557
RS AR X B 1-28-1

ST R T 2R R T D,

NIBZF—BIE, B DT A ADFET D, BT 7L AY
A CRFEL, MRICB 2R 3%, AR s (X REHTIE O %
SELTTLAYERRL, #E0RWEBICELIALIET .
FEBE IR PR ONE & Rk E, WIS AIRE RO EHE9 5.
BHREITSB THRELITYD, REEOTLAYINBHREIN
D BITERA 1 AZ W, MRS 1 AZEERETS, F72 R
= DT — DBRIGETIS R A —FE 5 W EITV, F— A% B
h9 5.

T AYREOEERIZ—HITHD. BSILERLT1H
(2 10 A ETHRIEETHY, BEZLRWIELRETHD. £EN
| BT OERLERESTHIEE | TUUREL, ZhEBEETY
VRIS, FEETDNERIL T R A SR E TS,

FKESITHONAER ST OREEE 1 1R

# 1 E OB

W Bk

ESTIMATE PR PIZR7ZERES
COMINGOUT PR PIZR THHEESTDH
DIVINATION P P&

DIVINED P S PO EHWFERILS THD
VOTE P PIZHEES LT ETHD
AGREE T TINS5
DISAGREE T TR 5
REQUEST (P)T (P)IZ T ZLTAKL
SKIP IRA

OVER A HITHIBESTR

ZIC, PIET LAY, RIER, SIERERE, TIESEERL T
5.

PLFD 3 DONEND»OSFME T EEFENETL, B
BRI RATT 5.
® = COVVLAYHIIE S OVER 275,
® ETDTLAVYHNRIEE SKIP 2577 RN 3 [EhE ki 5.
® 20 TR T D.
22 KNsOEBHEETIL

MNIRYZ — BTN THREEED BI2IE, LAY OREE
R WFE R OE RN SHEDS NIRDE R E LHEE T 5 F 0N E
FThDH. KNNOLOWETIE, LTOFE 2 I[TRTT LAV Oks
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DB T LAY ORMZEHEESD NN 2L TWD. 20

% 3% H AL CORPL, e Ao

NN TIX7LAYOETEDF N, HEf, MR, BYVEThHLHHE FE SRR
FEENTNHATS. R H 3 BUEM H B2
F 2.7V AY X D% BHEETET LAY | BREETE S LAY A HEL
REH FE EEAD b oE Toxt 5
#2iE B % BIfEMT A B> KTLAYD CO LItk | 714D CO Lichke+o
i D #K 5 Hili COMINGOUT(LA T CO)%E k&2 F e H H, #— L Ba i
L7z 7L A D%k HEERTRENOM T LA | HEES RENOMT LA~
WEWER | XD ARHES = 5E YAOHEERS DT, #Z ESTIMATE L7=
NIRHIES 73K 7
[OESEND) (5HE COZLIZT LAY D) HEERGENOMT LA | HEMRENPOMT L AT~
el X Mg B Al CO &2 L7270 Y ~OFEIEE J&Z VOTE L7zh
A URE R (5Hli CO ZLI=TLATDIH)X N L HEEBEDMT LAY | HEESRENOMT L AT,
To NTRPHIE DF & NI E O3 P EWENWERES & = DIVINATION L7=7»
HISHE | X 3RS VOTE DS ORI HEEXNREDMT LAY | HESREPOMT LA~ &
TLAYE, X B To7BeE O RN H e ol ERERE V) JEE DIVINED L7cs»
oY EIE" HEEXBEDMT LAY | HEESRENOMT L AT,
A 4E X OIRED AT, BILESIZ, DR EIZFETH %2 AGREE L7z
BN OWVT HEERGRE DM T LAY | HEERE D HMT VAT ~,
HEMER | X Bo7rAv Y T U TR S Th DIESINTHTT D %= DISAGREE L7=7/»
D%k HEHEE LT, 21T Y OBRSTES T VLAY DOHEE G | th TV A YD DHEERRE ~E
AGREE % L7-% FADWER S DOENET, %S ESTIMATE L7
BEMER | X BRIOT LAY Y I L UREE Th 7>
D%k HEHEELT, 21T Y ORSTES ML A NEHEE G | 7L A S HEE x5 ~,
DISAGREE #L7-% H ORI S %5 VOTE L7z
. o M7 LAY BHEE G | 7 VAT DHEE XS ~,
23 BEFAOHER BN S % Z DIVINATION L77>
NN (CATTET LAY ORMEL THWEREZH VTS TV AT RHEE N RE | M7V AT DDHEE RS ~, &
B, ZHUTHWEROBOHLTHY, EOT LAY &L o7 ey it =1 I )3 S DIVINED L7z
DOTHNTW W, SLIZHEENE RO ET ENE RO TV ATRHEE T RE | 7L AP OHEE X G H ~,
%, EOTLAYEFRIZLTHRE LIZNTHNTHER, 20 DR EIZFETH %5 AGREE L7=7»
FEDOXMBEDT LAY DRHEE ANTWRNZ LR, HEERE 7 LAY DRHEE R SRE | L A I DHEE x5 8 ~,

WELIDWEBELRER THLEEZHND.

3. REFE

AHFFETIE, 5 ANBTHE 27O, #i B $k b Bk =
THESVAYPERELIZ R, CO LIz Rte T Do fE B
B —H, BTCOERFEEHRE NN AN LT T
IWERERTD.

ASIOREIL 6 FEIEH 5.
® %ifh H 4K
® B ETH S LAY INEELI- %4
® XL AYD CO LIz &TkEZ DREORRIM H 4, #— 4%
® HETEGEDLMD T L AT ~DRENE
® DT L AVILLHEERNGHE ~DFESHNE
® MDOTLAYRLORESHNE
ZOETNEAGUSNOHEERNGEDOT LAY 1 N 1 NIZE
W, BTV A OERRENETE T 5.

RERTFILEOAEL T OR 3ITRT.

4. X

RETFIELBAF FEOBRIAEEE T VORI, HERET
L, YEREDFHMZ T 5. GAT2017 NIRHRER S DR T —4
ER, 72O EFET =5, bR ET AN =4
L7z

il R LB EROFEMITIE R IR B,

DIRSIT KT D

% = DISAGREE L7279

M7 v A mbRlo M~
LAY ~OHEETR S

M7 LAY BRI OM T A~
EO®NET, 5 ESTIMATE L
72

7" LAY BRI O~
LAY ~OREFR S

7L A BRI O 7L Ay
~, 3= VOTE L7=7)»

v A pllofth 7
AV EENZWERS

M7 Aol LAY
~~, %= DIVINATION L7=7»

7L A BB 71
A& ol BeRs

7L A BRI O 7L Ay
~, EH5\ )%= DIVINED L7=
7j)

M7 v A Bloth 7
AYDORSFICFETD

M7 A BRI LAY
~, 7= AGREE L=/

7L A BB 7L
AYDOFHEIIHRTTD

7L A BRI O 7L Ay
~, %= DISAGREE L7=7/»

S5 X

(1]
(2]

NARFNGEZ = =7 | htp://aiwolf.org/
KNEEE, E e, MR TRIE 78 & I TR

ExZITO NIRRT — = FOBH % ” The22nd Game
Programming Workshop 2017
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Extraction of Interpretable Rules for Role and Team Estimation in AT Wolf

INK] KA

Yuki Omura

AR it

Wataru Sakamoto

JElf A

Tomonobu Ozaki

HAKRY: XCHEY

College of Humanities and Sciences, Nihon University

The Werewolf game is a conversation-based multi-player incomplete information game. In the development of
high performance AI agents for playing the werewolf games, it is important to explicitly understand the grounds
and reasons for their judges and behaviors. In this paper, we report the initial results on the explicit rules extraction
for the role and team estimations from agent logs, by employing an algorithm for constructing an interpretable

model from tree emsambles.

1. EC®»IC

REEERT =L D—DTHENRET— LTI, £V
YOENENEMAE RS, NABE & JORME PN T —
LELTS. F=LRkaiHEduzirbh, 7V A1 Y &2
DOWEE DL, TV A Y OuEE B, 7L v EBEL
fEEZHEAT 50, FHICEHERGTHPRIGIEE, Zho6
BRI DO DOERMMPEE L 725,

MNERIBE [1, 2], TbbANRE SV AT 5ATHEETZ -V
v MZBT AW, T E ThE% R AT DY & ZRRRISE D R
BENTWa., BT L1 Y O»EHEEIcBE L Tix, Bikz
EATHHEARNBEND D TH L @SN, KHWIH
ZEMMTHONT NS, FIZ ISR (3] T, Rk R % Hiw
FRMEOMATEREL TWD. 723k [4] T, &1
T4 U2 VELSE (LDA) ZHWT My 20270, b
Yy 7 T OEEES & VTR A HEE T 2 FIE2IEL T
W5, SRR [5] 1, B R A B R R e U CE Rk
U, DEEREFRO—>TH D word2vec ZFH VT T LA YD
HE5%RT MALT B Z LTI ZHEEL TN 5. F 7230k
[6] Tl, LDA & Word2Vec ZfH3 % Z & 12 & 2 &€
FEADHBLZRELTWS. FEHOFEDED, KRIHE
DL AZEWT, MBS FIEO R A RA SN T
W3 [7,8,9,10].

WFEOWETE - m b E ORI LR, SMdHEE
THMAME DL IE, HEERKEDOWN Lz FE/-5HMWE LT
5. L2L, &0 @EEclIBKICITEITS T —Y oy b EFEE
T5720121%, HBHEETVE —~DDEYa—-)LE L TT—
Vv hHUZHIAIAA, FDOMOEERE L HFEES 5 Z A
RAR D, TOEDIZIE, SWHEERERZELAADI L,
e DRPPEREZPRIEL, T—Y x> bOMEEIZH L TH
BEWIZT7 4 =R 2 RITFA5ZEDRLEELVWEEILND.

INoDZ L EHRIZ, RigxXTlk, % MEHEET
VORI E BRI L U7 RIHEE I Ot 217 5. BRI
2, 4 BUORKRBERSIBEOR T -2 2R e L,
PERBLOT VAL T A VA ML BHEETIVOREEE L
inTrees[11] 1 & 2 fATHEE T DI 217\, ZH 5 D
A, #%75.

GRS IR KU, HACKS: SCRZEE KRR T 156-8550
BT A X A% E7K 3-25-40, tozaki@chs.nihon-u.ac.jp

2. FT—4tv b

AT, 24 BURRRER 2Pk O T 77— % *t (15
ANTF—=RDAK) AU, £/, 4 HHPIRRHCE - e
EHETHI 2 EEL, 4 HAMBRNTEEE >TWS T
LAY (Z—=YzVv M) IZRT23HERTREFTCOR S F—
RERMMAT 5.

AL T, B - FUE e M 2 S EO P A TE R
{635, Thbd, EXr—ALIBIE3K8T -V b2 —D2D
Bl AL, 77 AEBEEE IR, WA, GO, Ei
B, RN, FEAN) E7z MR (AR, AR, BiHEARE (3
HHBTHEETD) & —Yz v bOTEe$5. BHIAZE
i, YHET—Y v bORKFRRIRE W - FRERER, fho—
Vv hADOER, -y NS0, HiHEDEL
EOBIENS, GEHT 90 FE % HEfH L 72,

ETIVHEE R OGRS 2 HH8ER 1 I1I2RT. Ak
MNRT = LTlE, #1024 TEBERDENNS 7 FTANT VR
MREHNE D, SRIOFERTIX, &7 7 AET 5 HHEIE
WZRBEDIZRI VST U T RFoTWS,

3. HEEETIVEEERER

HEETNVOMEIZIE, REFLTEEINTVDE I VXA
T4 VA NEPREREH W, 72 inTrees™® ZHW, UK
L7 F VAPPSO =Vl &2 7572, 2T inTrees|[11]
g, VV—EFAT YU INOHEREEEL, RRES %
EFNEHIETA2FETH S, BAEMITIE, PERFOEDS
HEADNA (R 2FNEFN—2DIL—IL A, &IL—)
DML BT LTV ZLZE B —IERZ@EL, V) —
ETNT VYV UTNDRSHEED AN EMET 5.

1 HYK
&%%i\@ﬁ%ﬁ
Rk 15,058 22,647
T A MMIEEE 4,589 5,661

*1 http://aiwolf.org/4th-aiwolf-contest

*2 https://cran.r-project.org/web/packages/inTrees/index.html
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* 2 FEAER - HECRTE

el E 2 A o FURNT AV AD PREAR inTrees
BHEE @EER FE | HEE #EA¥ FME || @8R #e¥ FME
AR 0.993 0.996 0.995 0.677 0.165 0.265 0.969 0.173 0.293
EHe 0.996 0.993 0.994 0.191 0.161 0.175 0.000 0.000 0.000
ISUN 0.992 0.996 0.994 0.045 0.231 0.076 0.087 0.302 0.135
A 0.999 0.995 0.997 0.000 0.000  0.000 0.000 0.000 0.000
NIR 0.990 0.982 0.986 0.090 0.162 0.116 0.038 0.272 0.066
EN 0.987 0.995 0.991 0.000 0.000 0.000 0.000 0.000 0.000
T A B 5\ 0.201 0.226 0.213 0.735 0.187 0.298 0.971 0.175 0.297
EHe 0.248 0.246 0.247 0.337 0.238 0.279 0.000 0.000 0.000
BN 0.407 0.260 0.317 0.089 0.358 0.142 0.090 0.308 0.140
ISPN 0.203 0.243 0.221 0.000 0.000  0.000 0.000 0.000 0.000
NIR 0.145 0.193 0.166 0.102 0.250  0.145 0.029 0.176 0.049
EAN 0.233 0.245 0.239 0.000 0.000 0.000 0.000 0.000 0.000

Bek e e 2 2 2

A A 0.811 0.709 0.757 0.905 0.608 0.727 0.921 0.599 0.726
NIR 0.667 0.779 0.719 0.417 0.814  0.551 0.382 0.829 0.523
Va3 N 0.786 0.700 0.740 0.912 0.607  0.729 0.928 0.599 0.728
NIR 0.663 0.756 0.707 0.409 0.823 0.547 0.379 0.840 0.522

EX

mm || Ak | o] miger |

N1: SHBEETOEULEICO% < 2
N2: 2B BETO#FEEEH < 18
N3: 2HB £ TOELEICO% < 3
N4: %1 B DFRIEAHCO%< 1

&

3.1 HERE

RK2IWWTVRELT A VA MBLXOIRER, inTrees 12 &k 5%
THEE, Pl HEE ORE 2R 7. BRI L Tk, 3l
EHIZATEI VXL TH VA NDEEPFERIZE N &Y
D%, TO—HT, TAMNIKLTIEBHT UL +0ukbE
PESNTWVWD EIXEZRWV. TEIEKRE, TAMTF—XIZ
BB EHWE - BEEEOTHKEEN T VX L7 4 L A MZILE
T25—/T, A EANCHT 2 PR — L BERINTE S
9, BRI L > TIIRERIEY BHERTE S, inTrees b HE
KREFBRTH D, WL OROEIITHT 2L — B EHINT
B5T, HOAIDAOEIIH L TIRIFEAETFHRTETY
MWFER Y o 7z,

A DHEE I LTI, IR TOTETAMEEICHT S F
B2 70%%MATHD, BVWEETOTHINRTETVWEZ L
WHERTE S, 72, WEARE inTrees DYEREIXIZIZRI U TH
D, PEARIZAMFE T DMK & NIRME 26T 2 FE
A%, inTrees [FAMIFHE KT 5 FHHR & NRFEEIZHT 5

| AR

| xm] || [ Ara) [ Am]

NT: RIS 5UERCOZL TLVEL

N2: 2B BIZE#EARCOZL

N3: %1 B D G EASD AR ¥ E Bl %=1
N4: 3B B D EWVEIASDANIRFIEBI#< 1

L fFon gk « @it (%), BiEfsE (5)

HBEED, TNETMS K D EPITEN TV SRR R 57,

3.2 BohiETIL

M 1o nziERz R 7. Sde, MEteitic, 3
WA PRERIMESNTVWB Z BN 5. BERERFTD
R —FEIZ 4 TH Y, ZTHIZHHIZ 4 DDA T
B - PR ZHEEL TWAZ EITHNT 3. &R DRNE NS
MCHRZIET 2 Z L IIBRBTIEH DM, HEMENI LD
HY, EFNEUTOFELEITITKRE REEMDLPIES.

# 312 inTrees IZX 0 FoNIL—IL (PREY AN) 2R
T R U@, inTrees 1T VXL 74 VA NZIEEND
V=V RGBT ZZ L TREY A MEERT S [11]. fE-T
BV —FIRERIZE VI DD SEEAT L 820ZFYS L, FEHR
ELTHEBRO&EZELE DR 5. SHOFERTIE, (F74
VRV —LERE) BEHEETIZ S DOV —), BiEET
X4 DD =BT NTNME SNz, F2EI—IVIFER
DEMTHERINTED, REACLBMERL 0 ITEMTET
RIEREGATVWD Z PR TE 2, 12720, REARDLE
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# 3: inTrees IZ & 20 —)1
B L — L

AN 2 HENZH WA ARTPHIE U7z B1% < 1
&2HBEWIZT VA YHERLUEWE > 0.5
&3HHETOT LA YOMRFKTE > 4.5

TR 2 HHO 7 LA Y ORFEEB > 17.5
&2HHO T VA Y HRHEE S NME > 0.5
&2HHE3SHEHD LA YORETHDA > 3.5

HWWAl 3 HEIZEBLEWE > 0.5
&3HHDT LA Y DORBFEEE > 3.5

A 1THHOT LA YORKETE < 0.5
& 3 HHEIZER T nZE > 0.5

A 3HHEIZEELNZEE > 2.5

YN T 7 AIb

e B ) 5 L —

ARl 2HHO T LA Y ORFEEE > 2.5
& 3 HEIZH WA CO ULIEF < 0.5
& 3HBEWERLZRE > 0.5
NE 1 HBEIZEHWAIA S ARHE %2 Z 1T 725 < 0.5
& 1 HEIZH WA CO LZIEE > 0.5
MNE - 2 HEIZE WA S AT %2 72\ < 0.5
& 3 HEIZ H\WHIAIRHIE 2 521 2[5 > 0.5
A 1 HBEIIZHWE CO ULZIEE < 0.5
&2HBICHRERSh O BRELEZEH L
& 3 HHEIZEAT CO L7zER < 0.5
A F7xLb

C kR, HEETERWERIRAEEL, XMEEHD? 5L —ILD
ZUVEITIIR E BB AR D RER L 7R o 7z,

4. FELHESERDFEE

AT, HEHEE & FEHEE DM X A7 IZHE L, RE
K& inTrees % U 7R ATREE TV O 2175 72, FilllkE
B33 U+ TIERr o720, PEAREHWZEER AT
T EDEEEL, inTrees WA Z 2T, KO #EHTIX
B 2 INEE IR R OMRRATRE LV — L ORIIE T A B 2 &
MPHER T & 7=,

SBOEMEE LT, il U7V —)L 2B USRI A
A - RO PR AN D IF oD, iz, BB R
BETUHEET L ITY XL (BFIZ I defragTree[12] 72 &) @
WHR, MHUZL— NV Z2HIZLZD—Y sy D ORER YD
HIFsnsg.

SE Xk

() B Rk, H b kb, A M, RS IS, MEE %
Wi, FPER A TRAIRED, FRJEHU, 2016,

[2] ¥ry A5, Kl A& T, FRE L2 pH PR, Eiw ik,
Bl A2k (), MRFAgE ey 2 b () TR
HRETHER ALl 7us 53070, 14 F R, 2017.

3] K A, SOW, ARG B, e & BRI &
BNIRT — L ORI D AA, AN TRIGEFREE 31 4
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Action Selection based on Somatic Marker Hypothsis
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Takayuki Nagai
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Emotions are very important for human intelligence; however the mechanism of emotions is not yet fully clarified.
The important aspect of embodiment in emotion has been claimed by Damasio’s somatic marker hypothesis, which
proposed that emotions evaluate external stimuli efficiently through the body. As a first step toward understanding
the mechanism of emotion, we try to verify the somatic-marker hypothesis using a computer simulation. Specifically,
we introduce a module that learns actions using body signals, and verify whether the agent can learn to obtain
higher reward using the body signals. As the result, the simulation reveals that the model with body signals can
select actions with higher reward compared to models without signals from the body.

1. ELC®HIC

BRI WTEERERZ L Wb, EEDOERY
BOFRKBIZHED, ATYNIIAZESHERRNE2HET DX D10k
L2 0bnsED0, BHEFIAIMZIZAETSZLOTE RN
EDTHDEWIEZZSTDNE . L LAaDS, EiEsMost
FORE, L TWEEDE LT 54513, BlEsHERET
KINTE LMD D B D TIZRNES S .

BT L T T 0EEREE» S, BRIZHE REIZ
B3 2B IMToNTE . TOhOEEREHE LT, V<
TAV T = IRV EDPFET B, VYIT AV -
S — A=K, MRERFE D Damasio 2%, 1EEhE Bk
TFI, TORMEKIEL L, MBORIZ L > TH S X
NBEERY T FNPEEREEHRILL TS L UG TH
% [Damasio 96].

AWIETIE, BIERA D= XLRIHADREPD & LT, B
FBEEHN, VYT Av Y v—H— K@i EHLE U EED
MAWRY AT LEREL, YT 4y 7 - X —I—REDKR
FERAITS 2k U7z, BARNAMGEE R, BEREORR/L
LB WO Em WMTEREIRB T2 5 £ 512k 5 2
CUIRL, BREEEEH, TR TSRy b —
TEWEL, BRIV TFARHBEIIZkoT, HMDOEWET
OB IR ITONE 0 ZMREEL 7-.

AEDOEEL, BIEOHEWR AT LE2MEL, TD
RABNEERT LI X > TREA D= X L% Hig T
T7u—F (BRNT 7a—F) 2135 mXH b, Bl IEEH
R TIE, Yz —AX - 507300 L U REOMH
PREINTEH D [James 84], MRRIETIE, HMEAL DK
1G22 = % 47 L C W5 [Koelsch 15]. 215 D% T,
— I DETFNRZUAIIE > =R L o THE D, BlEOHK
B RA N = XDV TIEH 2RI S DT> TV
W B R YT B TR, O A RIS DI EE
TH BN, MAWEY AT LOHTHO THNLEREEH S &
EroNnd, TDd, BEOHENRY AT LEMEL, %
DIRDEENEHET D Z LIZ & > TREIE A 1 = X LR %2 HiE
TT7 7 —FEREEINIRETH S.

G SE: HOKHE B, EXEERY, RGUEHRAm 16 - T
1-5-1, 042-443-5238, hchie@apple.ee.uec.ac.jp

2. EEBRJ7O0M3)L

IRFMREED =0, FTIIADIEE D IGEER LY v
TN RAD %5t Uiz, RIFETIE, WX AT Z2EMIZL
7= (B1) . RAZZI3KERS, N7y, BB EFEEL, Th
FNHHRKIG FHROE)E RFF, A E), A, S
BO(aR) 28U, TRXLF—DHENZKOBIITRRENS.
N EIOKBRAIIZ A o T2 KIS AR D L Z8FE LT L £ 5. 3
[[1Z 1 [, FEHDTRATL B & WS IR T, FE1& L TKE
a2, NTYDOEEMNAEDEEIRTEIENTES.
JEiR & KEAL T D Z s HkRNIE, JERR D Sk EER TS Z
EMTE, NTYDKBR L. NV DOEENZS L AFE
EWOST ZENTED, KEAUIKZBIRTEIZIINTY DK
EROSTIL LD, ZOXI RN N THEDRKFDOKDOES
RO IS ITEH 2 E TS, ZOPRTIIHEAFARAXT A
DEZFMETHD. TOBIZHIRIE & RTT OGRS Bk
ST FOVBITEREERDRAT 20 VWD T Z2RGET 52
LB, BRI FNERNTEEY 2 - EAETIE,
Somatic Marker Module (SMM) &PFER, X A7 N FEMIE
IELARIZRT.

WIHAE X KRR AY 0, 237 A% 80.

fE DFFH 1T KRR AHY 0-10, /N7 HY 0-100.

IKERAL &L N DIKDIEEZ 80 ITAED Z & AN HAE.
HOF8E28INT 5 &, KEkiE-10.

{HUAKSEFAY 10 12 WSR2 e T E 2.
AR O ENTEB L, NTY430.

RN D B T LTRSS, KkAL-2, NTY-2,
{HUZE RN Z B1TE) 28N T 2 L N7 OIKDFEFEDR.

3. REBFEBICLEE

LI Ay N =2 %M 21TRT. AWIETIE, @b
TOEERNZ AT L, Deep Deterministic Policy Gradient
(DDPQ) [Lillicrap 15] 2T, FEEYa— L2 FEL
7=, F7-, KRINERZFZ D L D12 5728, convolutional
LSTM (long short-term memory) [Xingjian 15] % H\\"C,
ORI ZE FRTEH3y NI =T ZBIULZ. RRAZIZEW
TEA—N—ARY I THDBLEZZONDD, I HITHEHMER
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RAD%ITD B2 HFITVN, AFEEERLUEZ. SRy
7' F V% HH19 5 Somatic Marker Module (2B L TldL—v
N—ATIER L 7=.

3.1 Somatic Marker Module (SMM)

SMM D EARRY 7o B EN AN R & A TEIC &K > TE{E L 7=
BEOHKRY 7 IV %22, GRKIGEFI ERI L, TEE
Va—IZEKRS TFNEANTEI L THS. SRR EZ
U BARS)GE % 5] S8 Z 1L, AR D B & EI2ik, kb
IZ10 HETAZ 2 & U7z, KEIZKZ HZET 512137
MOV NS DKEBEIEEZ 5. TOEEEZ L
%, IRDEY 2 —)VIZKERLE NTY OfiE AJ1T 5.

3.2 Convolutional LSTM

Convolutional LSTM I, Xingjian &2 &> CHREI N7z
BOF% 2 5 Convolutional Neural Network & E#fiRi%
YEREED Z LD TE D LSTM & 2MlAasbE7/-HiETH S
[Xingjian 15]. FARMIZIE, LSTM OEADIFERHEAAMAT
HY, BREZIIAEY IV C,, AT =iy, BHTZ—1 fi,
HhH7r—1b o, THS. ARTIE 2 ED Convolutional LSTM
EHWTED, 74 AIE5x5x5ThYH, #HEXFH F
MAICL S TEEI NS, FEET Adam (o =0.001, 3 =
0.9, 82 = 0.999,e = 1078) TH 5. AJIIHMRMERE G & &
7 F 0 (65 x 65 x 5i%o6) T, HIIEFNEGE TS
RS 7V (65 x 65 x 5IRIE) THD. FiRkS 7 FIVIFfE%E
JV =27 —)VEi{LL T AT LT WS,

3.3 Deep deterministic policy gradient

Deep deterministic policy gradient (DDPG) 1%, Lillicrap
SPREL B TE 2 WA EIETH D, ERotoH
fEEEMTRY ¥ —%2FH T E 2 EEMEBCENEZ VT
FNT7V—, FTERY)Y—D actor-critic 7IVITV AL TH 5
[Lillicrap 15]. AJJIAMERRIEE G & LSTM 12 & & T HllHi#,
HIRS 7V GRS 7L OWIME (65 x 65 x 12 1K)
T, HJIEATE (1 08) TH L. R 300 IRoGD AH T
THRENTHS. HIIERATZAZS AW EZE AWV,
TReD LD IZHEHT 5.

R(t) C = llm@ll - [|la’®]|l, 1)
R(t) X ¢ (2B 1 2HBNME, a(t) IZFRE L I2B1F5 SMM D
dih, ThbbShyIFVERT. UKL, o' (t) 1 a(t)
AT EIE O ZAL (BIZIEER D S KDE Stz ) ZMkL
EHDLES. mt) Xt TOHREORE MDY 75T

SRR SRS

N 5

@ o] 55 (o, ]

an 17 Emic s> TRk L) I
SSM E
BRI BRI

s

BRI SNETRIEL
I TRl
____________ LSTM_
Policy Q-function
Network Network

o
=] N\

DDPG

M 2: FEHELEAY hT—2

BY, AETIIYEDE a(0) 235, C IXHHMEDHHIE
2T BERTHY, R(t) I 0-100 Offiz & 5. {HL, |la'1)]
HODLE, Rt)H 0 &L, a(t) DEZYMAHEICET.
2B E#13 Adam (actor network: o = 1074, 81 = 0.9, B2 =
0.999,¢ = 1078, critic network: a = 1073, 8; = 0.9, 82
0.999, 1078) -TH Y, WHTHIL Ornstein-
Uhlenbeck process, I =/%v F(£200, YV LA Ny 77D
B4 X500 T, HLOWT—=XBADLEHEWT — R IIEES
N5, F£7-, KL TlE batch normalization Z{#H U 7-.

4. @R -ER

SMM D& % %% SMM %2 U, ZiUZx LT SMM &
LSTM 2372\ % DDPG & (K 2 D@D Tx v b
7 — 7 BEIINTWBSEM), SMM 237 \WEfE% DDPG-LSTM
ZfE (K2 OQDWARETHR Y N7 =D TWBEM) &
BER, RIBUZERIZ 0 TAHILT WS, FEEOHE Ok
F2M 3I1TRT. FHIEFNTN 20000epochs 772, 7'
TIERX 9 < 5728012 50epochs Z & DFHfEE Ty b L
TW5, D757 &0, 2TOLRETEHEMIZEL ZoTW»
LW, BT 7 F Ve 0 DEBERE D EVEMIAESN TV
Zehbnd. BREORMOEEWE & 5, SMM &4
88.9, DDPG £&f4:4383.1, DDPG-LSTM 4443 83.2 £ 72>
TED, BRI T FUHODREHEHRE V. L, ORI
WXEERFOTED ) A AHEENT WS, FHEFEAET IV
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¥ 3: FEEFOMMOHERS
w%: p<0.01 + p<01 V"Gﬁ)é.ﬁ%@ﬁ%% SMM Zeff: & D]?PG-LSTI\/{;&M:"C“@??
%% FUZE VA 722Y, DDPG &M TRATENSERE WA R 5 72,
100 o Zhl, DDPG &M TIEMMEED XA I v 7 THRE0TH
r————— TEY, REBICITEIT A2 WS T L TERWED, alt
95 T b BIZEVWAH Ao EZOND. FHIEY 2 — U
90 . BB, AWML = ORBEEMDETE B0, 17
+ NV T -y arvREENS. LrLAaRS, #Elzaak
85 I E BiEbh5m\Wid, FMKZRITHCELE e kb, &
20 i ke 7 F i3 &, T OO BRI & DETITE % IR
THZENAREE B,
75 ¥72, SMM 0 b BEOWMIT4 1L 93.7 T, DDPG %
70 DI F-Y91% 86, DDPG-LSTM £&/F O WM F-¥41% 93.1 T
SMM DDPG DDPG-LSTM Ho7-. SMM &Aft& DDPG-LSTM &40 MA H % » Zh

4: FRPERE T IV T ORI O i

12X L, £NZH 20episode By U 7-fER 2 FIL 25D %
Hig U 7-.

R Z N 4R T. EHEEIR SMM &8 94.1, DDPG &
D3 84, LSTM S8 84.7 £ 725 7=, R 7 x0— =ik TE
Mr 17 - 72488, SMM %&ff & DDPG %, DDPG-LSTM
FMOMTEEENRONE (p=294% 1078216 x 1077,
ARy 7zu—=3&b p<0.01/3). DDPG %ff:& DDPG-
LSTM &Iz EMEfTH -7 (p=0.027, Ry 7za—
ZHEED p<01/3). £oT, BRIV T FNH Y OBEHE
iz &< $2THERIRTELZ 230 h 5. %7z, DDPG
¢ DDPG-LSTM OidEEMEfTHZDT, FHEY 22—
VDI INZ B 5 Lz B2 o5,

LSTM ® Loss D27 Z 713X 5 Db TH 5. 77 7IxR»
3K § 572812 100epochs Z & DVEHEE Ty N LTW5,
WHPREIZHAREEDHADA L TE D, ZEMfrbnT\Wb I &
Whrd, BEINREAE3.24 £ 1.32 272, DDPG-LSTM
SMDFHIWNE LD, I, BRI FLOTHlZIT>T
WRWzDTHEEHEZLHND.

WIZ LSTM IZ & B FHIO—Hl % 6 1273, #§ED FHlIT
3, BEICEHEOHEREATETWSIhITTIRaVnE D0, FEL
MEDEIZ > TNV D, EREMOEIZ > TWd Y, %
DOFHMTETWBZ bbb, KEOFHITIE, FEFEIZ
EWVETIZZRWE DD, AN S 7Bz UIEAEIS 2 A
WD TBENPENS LNV TOFHNIZTET WS,

77, BIRKEDONRX =22 EHEL, 8 UEROTE)
LU, a BRSJEA DS & 72 & E D AKEALIZ 10 HET S
BT, b RHIEGRICE D S $HICKERRIZ 10 HET 5882 —

S5HRVDIE, bHDOYF I ADRGERKIGE —EIZL272D1Z,
RS 7 IV UTHHRTHTE DR Bbhs. L
PURD S, FOfTE % # IR UITEI T E TV 5 mEZ ik s 2
&, SMM 441 6 [0 T DDPG-LSTM /1% 11 1 & 72 5.
DFD, BRI TFANRHBIIZLY, HFHTIKOEE K
DR KD EVERIZES Z LA TET WS, SMM 4K
T 5L, a3 22 e NTETWDDOA 2 [H, b A
675, DFD, aEOAVFHHTEKOEE DI TE
THY, HIRKISD/SZ— 2 DMTENXT U CTHIEZ 20, 178
PRI ETVD I bh s, i, FEREFRIZEWT
BURKIGITEETH D, ZOHNEZED LS IZHET DN
L 225, NZBWTIE, E/NRBERKIENRH B LH R
SNTHY, TOEHENTY < OHEARRENY [Ekman 71] OF
ZZERSTWBREEZ LGNS, 12770, FENRETDOHAT
EEHHD DD WEEL H Y, BRNZGARKIEEEET 5 E
TVa—VERETHAD.

5. F&H

AR T, G2 7= X LEE~NORERD L LT, V=
TAY Y - R—H— R DOWMGEEZ T > 7. Fike UT, @y
TOFTH#RZAE U, Deep Deterministic Policy Gradient
(DDPG) zZHAWTITEI 2z b FE T 2EY 2 — IV E2FEKL,
convolutional LSTM (long short-term memory) T{ERL 72
FHIEY 2 —VROEEKRY 7 F )V % H )19 % Somatic Marker
Module (SMM) OFHHEIZ &> T, FEBRDE D X 5 ITE%
TEDEMGEL 7z, FEBEAE TV CTIE U 72 B OWRE D
IR U728, SRS 7L H D O SMM Fff03 5 WA
EWTEIZ R TETWS Z b hodz. 72, FERKIED
N =V DEAIZ K BMEETIE, FERKIED/ SR — 2 HTEI
X UTHIZ 2, TEZEAEIET0E I erbhroTz.
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Active perception based on free-energy minimization on restricted Boltzmann machines
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A robot, which would like to respond quickly in the world, should select more informative signals to estimate
the cause of its sensation (e.g., a state of the environment, a category of a handling object, an emotional state of

interaction partner, etc.).

This paper proposes an active perception framework that selects the robot’s action to

perceive critical sensory signals based on a free-energy minimization in an energy-based model. We employed a
restricted Boltzmann machine as a fundamental component for an estimation network of the cause of sensations.
Our framework demonstrated better performance for the attention control in emotional human-robot interaction

than other methods.

1. FCsIC

LRI RICH SNBHFMHTIEF T 20Ky Mok o> T
BRIESO H B OIRREZ FERK T 5 T DICHHEN OIS Hz Lg%
CENWEETHS. Nakamura & Nagai [Nakamura 17] I3,
S, BN, AR, BEEORFEHRARICHE VT, Ry b+
MEZ BRI R7Z T 5 & THIRYMADBRMEZ s
LZFHEEREL TS, F7z Horii 5 [Horii 18] &, HE, 1l
H, MEOKEMICHEEL, Tho DR RZME T2 C
& TRE R T 25 EMET IV ZREL TS, TOX
IR DR M RE - WIS 5 C & TYIRD 17 TV %
BAE LWV TMESBERES T2 eNTES. ZTLTID&X
3 IEBESHE D SEURS A S OIREZHEE T 52 & T, i
OHEAFRAMNAREL 2%,

BESHSGEZIES Lica Ry ME, —EBORENERD 5 TE M
REWETHT DT EMTES. L L, AREEROBETEH
IS 5 T & TS ENTER I, —ORE GRS
TG 2 LI L. FIZIERNERRR Y FR MV RZ T
ICENMIITHEMNED, BRESEORNNKERFZFE LT
RSB ATV S DS TV 202l % 7edicid, BN
DIEEIEWRODETH B T L IFEBICTOT . TDXH%x
S CHERIE R (2 2 TRYIMAD 717 3 At DIENIKEE)
DOHEE ISR e 5 - W9 % C L 2 REF A1
LIS, Taniguchi 5 [Taniguchi 18] i&, TR FD7HD
REBIAVEIRE & UC, BUEHEE L TV AEREH E THIE N2 R
BRI R & ORIRIEZ R IHEERBEZADEL, TOME
TR & 75 5 I B R 2 FEZRRE L TV 5.

— 5T, IFEOMRERIAZEIC BN T, ADREBIEIR Gt
) T A AR E UTOHMBT 3 )VF )5 [Friston
10) MEHENTWS. TG ADNATIEN2IEEES
ZTHT 2NEBETIVZREEK L, ZOTHl& KBEDOESH O
AP I MET B K OISR ITEIZEITT 5 L WVWS 6D T
H%. AWFETIE T OAMBT RV F—FEHICEE DWW 7 REBNIN
HIRODDRERET IVE FEZIRET 5. BEAMICITE
JEFEETIVD 1 DTH% Restricted Boltzmann Machine
(RBM) [Hinton 10] ZH\W\ e ZEHEERRGE T IMICBNT,

g SE: HEHRE S, EAGRE RS, WA [ 1-5-1,
takatoQuec.ac.jp

X 1: RBM IZ X3 ZEEHREETETIV

BHIEE H S BERME 72/t U ORBINTS Sz THlL, 2o
THHIAVF=DPRENSD (DX O RE FHRRZENNE
V) BARERZERT 5. ARTRIERT eEMETiLL
Taniguchi 5 [Taniguchi 18] OFiE%E, ARy O
O3 2= —v g VG RGE UG B TRkl U 7oA 51
IEDWTRY.

2. REFE

RBM [Hinton 10] IC X2 ZEEMEET IV ERET S H
T3V F— /MU D < BEBI AR RIS DWW TEHIN S
5. K11 RBM ZHW2RBEMEET N ZERT. 2T
o' € {0,1} 1& n FHDOBEFEREK m,, D i FEHOWE/ —
K%, h; € {0,1} 1d j BHORENE / — RFERT. £ w,
& by &Rk — ROMGINETH . COETIVE, #H
KHC my £ TOTRTOEHEHZ AJ1L LTRITHD,
AJVEREBEIVE h 27 U THMRE NI B ROREZ RN
bT 22T, HEERMpv={v™, - 0"V} ZHEET 5.
F 72BN Ko TRRAEISM S ORI (B2 XYtk A 7
JUREN AT IV RE) MEREND LR ENS.
RN K o THEE TN B JELHER p(v) 3R TERIEN 5.

p(v) = 3" p(v, h)
h

= exp (ch + Z log(1 + exp(b; + Wj'v))) 1)

— exp(—F(v))/Z
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Algorithm 1 Active perception based on free-energy min-
imization on RBM
add perceived modality m,, to set M,
for n=0to N do
if m,, € M, then

v =™
else
v =0
end if
h ~ p(hlv™t - Jo™", , 0N

forn=1to N do
if m,, ¢/ M, then )
v~ p(v™ |h)
E, + F(v™)
end if
end for
end for
n = argmin F,
M, < M, Um,

F(v) i RBM OHHIXLVF—TH%. LILEKD, H5IEH
v DAHIIIVF—DNENT &I, v OFEERER p(v) D
WZ & EXINT %.

RIZ B B EHHBIER v = {0, 0™, -+, 0} DD AR
HIEHRZ THIT 2T e R2EZ S, ZNFNORBIIER o™
IR BIIGER o D EHEEE NIz h ZN U CHBR TE ST
5, ROXSICFHENS.

b~ p(hlo)
o™ p(v™ )

(2)

T T, EFEZETIE NTARBIIEHR & S BT HRD» 5

AR END HRTRIVF—DRE/NE 25 EDZROHIHEE

WMELUTHEIRT S, 97%bB RBM B 52HHT 2 )VF—

B/ IMEICED < BEFHNAIE L, BIEOENIER SHEEE NS

SREHISN LTS B L L TlE M 2 B O TG #7253 R
I35k bixD. Algorithml ICHREFEDOMZRT.

3. B

RETHEOAMEZFHIT 5701, AN&rRy FoEa
R 2= — g VIR RGE UTHRIEHEE O 72 D O ReBI A1
FpR T ol FERTRIADNHZEREEII 22— 3
VT =X TH% IEMOCAP 7—% %t I [Busso 08] b %K
%, &, FOBZICHTsREzMmtiL, ThEThz2EHE
HADN#RE LT 1 OZEEHRAET V2B L. P8
DFEMZRZEMHICEE LTl [Horii 16] ZBEI Nz, /25
[ DOZEERTIEFHIE & LT, o BiEER & 9T OBHE R
M HHEE ENTBRNEDFNIERD KL XA N—T 2 VA%
A LTz,

21— DR Rz S B E LTA LT
IKRE (baseline) & TN ZNIL%2REFNMVHIH T CTEIRL 72
1 DRGSR He (D U 7 KRB D FTME 2/~ d. RedhiAl
W2FATT % & TIREEHEE ORS M L TWa T Emgh
5. FrEAMml (Ramdom) & Taniguchi 5 [Taniguchi
18] DFiE (IG.max) &I LT, $EEFE (FE.min) A
WIEREZ R C EMEREE Tz,

120
I *: P<0.001

100

80 T = T
60 |
40 | “‘
20 —1_

Baseline

I

_“

Random

KL divergence

FE.min 1G.max

2: FREFNIVINHE FIEIC K 2 G IRAEHEE IS0 2 R iE

4. HbHYIC

NDBIEHRNBDOHARFIIZ L EZ 5NTVWABHHIZ IV
F—FIICEDWIRFINIH 2R R L. Z2LT, A
cuRy FOREII 2= —> 3 U 2BE LREEINAIR
DIBRC BN TIHRFEZ e KMLd % Taniguchi 5 [Taniguchi
18] DFE L HIHEE KL Z LR U, ERTED o Ithez 3
£ N R o N DY

SREBREERFELMGETFEOMBIEZIONCTE L L E
I, RBM DAADZ I NVF—ETIADEMZED 5. Et,
TRy~ OREFIVAIRIC K KL L OB R I £ A TR R
FINJLHRT 5.

AWZEE JST CREST(JPMJCR15E3, JPMJCR16E2) O
YRR T Fo. FTWIFENEICE U Callam L 72 TS Ham S 7R
MEHESIL AN RICEH T 5.

253
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Extraction of Neuroscientific Findings by Visualization of Deep Neural Network
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Recently, research using deep learning has been conducted in various fields. Additionally, research on visualization
methods learned by deep learning has also been actively conducted. Furthermore, the relationship between the
human subjective state and electroencephalogram (EEG) has been clarified in the psychophysiological field. In
this research, we apply the visualization method developed in the image field to the analysis of EEG. Using
this method, we examine whether we can abstract physiologically reasonable structure of brain activity from the
network visualizing EEG signals.The result of our experiment indicated the two important brain structures showing
consistency with the previous neuroscience studies. We consider that our proposed method has some utilities as a

tool to progress scientific understanding of human mind.

1. HRE=R

DI 6, RRIFICE D 2 W58 I3 A B0 4 B Ol (EEG:
Electroencephalogram) 7% £ DH&KEFF 2 HWTITHONTE
7. BEG NGB OSSR A2 T 26820 THL L
HEZONTERD, EEG 3D R 5 LHIRE DN HAY
HEHINEZEDTHY, /1 XLL L ERHPNEETH D L X
NTEZ., ZHITH LU, EHOHZ T EEG % BB I8 K
SIZHEEL, BRRAEORE ML THWS Z T, St
K0 EBINIRTE & OMHBELMRE & T &7 [Sarlo 05]. ZD &
572 EEG % Wz EO s B W TIE, Pl U 72 a7 HiRe
ko T, /A4 ARERHEREOMRIP LI N TE

— /T, #E=2—7)%xv b7 —2 (DNN: Deep Neural
Network) I, @FEEDETIVEIERT 5 Z LATE MY
DOFEE UTEAZWIZEI TbN T WA, DNN X AR IE
CAEINTE 22 7L, Rz R~ A7y Sz EE e
THEEWVIFENDL. UL, BHEDETIVEERTE
ELTEZFDEFVLRHILTED & 5 1T 27> T w5
DNONESIEN, TITETINRED LS IR L TWb D
MEEET 5728, DNN ORI Okk 7Rk AR % nl ik
T BTN T E 72 [Ramprasaath 16, Schirrmeister 17].
U U Z D & S iigeldiEE O AR 39 2 R 2 Ay
BT 2HDTH Y, HEIHELETIVEREDENT 2H D
THEINEMWRTH-0DEDTH 5. DNN ITIHEE AR
HHEERED B 2 I E b 5T, Z I o gucxtd 287275
REHELZLEFFEINTHR.

AHEDOEHMIZ, DNN 2 HWTEEH LEET LN SEOH
LHIR E, AEBLOBIZEDE T OMET D 515 5 - @i & EEG
DEROHIR % s 5 Z © T, DNN 225 Z D& WA
BRLILNTELIDEMRGFNTLILTHL. ZOHMNEEK
THZ LT, MRREIIPWT, D F— X OREOHPINT
FIEMEOE VAR ABLY — VAN Z N TEEEER 5.

USSR/ i N R R R S RS S
e SR AR T P XK 3 TH 5 — 1, 053-478-1452,
sakuma.kazuki.15@shizuoka.ac.jp

2. BEER

ZIZTRAMFED R =7y b Lip b (EEG L&) &,
T4 (DNN) (2B 2 BT HRIC DV TR 5.

2.1 EEG & E8RpREE ORK

EEG I3 4E BN 0 40 15 C TGS & AR o F @R EE
OEBRMEZIAET 67-DITFHINTE 2. TOHT, #HER
FHOXRBIHVIRE L O 6 K, 0, o, B, ~ K
2 EDRFEBEEEIEN OEICEENRH D Z L RESINTE
7o BIZIE, ERiSio 0 e o EAPRRIG &, FHRTsEE
DO PEE a EHAREELBEELTNWE I Db >TS
[Davidson 03, Sarlo 05].

MR E DA T H, EUIE & IS B o BE % R I iR
T HRAVITONT WS, ZOHT, BiiESED L /MU HTEERT
% (DLPFC) IZ&EXZAIEEICESE L TE D, £z, BiEz
Wl 22 R>LFEZ 5N TS, Beauregard 5 1%, #
B2 UL b LT AN REE 2 A, Bl
AU AR ENE ZIH S5 £ 5123 % & DLPFC O
BN LT 5 Z & &S U7 [Beauregard 01).

2.2 DNN zZAWEHRR

e, JEEBMFEEOFIEIZMHEY, EEG ORI DNN %
H\W B 5057 T4, Schirrmeister 5 1K T.0 EEG
PNoATF, EF, B, ZHED 4 DOMENZERLU 2 EZBIPIR
TED#HIZ CNN (Convolutional Neural Network) % i@ L,
CNN ERMLD EEG 25 RS S & A e Th 5
Z & %R U7z [Schirrmeister 17].

EiloMsEiE, EEG f##iic DNN 2 f\W2 7 7a—FOHH
MERIELTWEH, FHUZETANED K 512U TGS
DNR—2%BHT2ONEHHT 2 LHhREETHE. 2D
Mz LT, %38 U7z DNN O b &2 17 5 ifgednifrbh T
% [Ramprasaath 16]. Ramprasaath & i3 CNN O #{kiz
Gradient-weighted Class Activation Mapping (Grad-CAM)
%Zi#fH U7z [Ramprasaath 16]. 1% 513 & S5IZFEHR 8L E1T
572812, Grad-CAM & Guided Backpropagation(Guided
BP) %4l b7 Guided Grad-CAM(GGC) 25 L7=. L
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Width : 384(128Hz*3sec) Depth: 1

Mouanbaf x puuvyd : 1ySiapy

&.\c‘ Freqgency Conv

= QO " Spacial Conv
*

+ Time Conv 1

Time Conv 3

=  Time Conv2 , i Ti""f.P“U‘ FC1 FC2
<

i R e
S 16x1x38 32X1x9 32X1x3 3
= X384 16X 1 X 125 9% 96

= 84

S

S

= Depth: 1

1X N, » Ny X 384
1: Input data and Model

#% 1: Parameters of CNN
Structure
Depth X Height(Nf * N¢) X Width(Times)
Kernel:i16 X Ny x 1, Stride:Ny X 1, pad=0, clu
Kernel:16 X N X 1, Stride:N. X 1, pad=0, elu

Type

Tnput

Frequency Conv

Spacial Conv
Batch Norm 1
Dropout 1
Time Conv 1
Time Conv 2
Time Conv 3
Time Pool
Batch Norm 2

Dimensions:16

Wight Decay:0.5

Kernel:16 X 1 X 12, Stride:1 X 3, pad=0, elu
Kernel:16 X 1 x 12, Stride:1 X 3, pad=0, elu
Kernel:32 x 1 x 12, Stride:1 X 3, pad=0, elu
Kernel:1 X 3,Stride:1 X 3, pad=0, Max
Dimensions:32

Wight Decay:0.5

96, elu, Dropout:0.5

Classes, Softmax

Dropout 2
FC 1
FC 2

NURD S, EEG I X2 EIER#EIc s o2 @HT 5
Wb TV,

3. REFZE
AIREFHETIZ, CNN & GGC ZHWTIMEE 04t %
TV, ARAIE S AEBULEZOR  O M 247 5.

3.1 #FJ7z4X
3.1.1 ANHEH

R CIE, EEG OF — Xt v MW U TERESD % W
£ 572017 [1-50Hz] D FIR 7 1 VX %2EHT 5. iz, 4
NAERRZE & LT [-500uV,500uV] OHiFA% B A 5B EED
F—RERINT D, BBIZ, Tz —T Ly bEBIZL D, 0
(4-7THz), o ¥ (8-13Hz), B i (14-30Hz) KT v ¥ (31-50Hz)
& U CEREBUEIRS 2 BT 5.

M E & T DR BRI & 2 YR O MG IZ A
U, ZOELTIE, ABIALE O FFEEEERR S O—EDF5 A
hEERT (M1 0LEEzE3R) .

3.1.2 EFIL

2B CNN OEFILVOMELZM 1 O FEizRd. &
Mg T, JEmEe g, i, RMEoNE Mz L zaak
AAETTD X 57 Kernel 2351 L, IR, diar, Rk
ERT 37IANHFE R TV, TDMDETILOREEIZ
BB NTRA—=R%EKL1IZRT.

3.2 HEEBOIRLELEEN T —X
EEG & GGC ZHAW7zhfiE o ik & £ OB 2 % X 2
IZRT. A7z —XR=ZEBEIZohrhTnb,

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

H1 1..Input
ii Rawdata 1 SN fectinie Aps FClayer Y !

Averaging

1) reeooo......_2.Visualization

! Grad-CAM | Importance weight i

H ! Rel :

I | «[Heoe 60 i

- ‘: 5 | |

S : !

.EI TE-m-0L
Guided Grad-CAM'L_

Guided Backpropagation” =~~~ """ Tt T TR

2: Guided Grad-CAM Procedure

3.2.1 AJ

HEREAETIVZ, IEULL DEEITS Z
155 (2WITOHEER) 2 ANT 5.
3.2.2 AHL

HhEIZBIT5, AIfbLzWI I ADfHZ 1 & L/ST A —
X % FHr 312 Backpropergation 217 5. Guided BP (%, A
LOHERTSZBDOANBEOAEDETH SH. Grad-CAM
& CNN WOEAEATE DIERTDEAAAEA T U 7R~ v
TEHWTHNT S, &R~y TOHEOVEEE, SR
< 7D weight Z #MF &b 725 DIZ ReLU BB Z#T$ 5.
fER% U 7z Guided BP & Grad-CAM DA GGC £ 72 5.
3.2.3 £#

75 AW, fER U7z GGC 2 ¥ L 7zl Ekd 5. Z
T LD, AR DERRITDZEZIE\NE 7 T ADREN
Migfbah s, Mgfb I nz PG E s 5 2 2T, ik
BRI RII BT A HAOME 2 A 5.

EDTE7 EEG D

4. FHMEER

AERRIE, RETIEE W TR B3 2 R 2
e TE 205 ERATHZL2HMNELTWVWS.

41 T—%Ev b

EEG EIEIZBET 5T —&X 2y bOEKIZH=D, 32 AD
WeBRE T HE ARG & Gk U 72 B E A SR U 724810, &I (AR
e HEEE) LREO EBNREE 2 ThE 7. BEHEIWEBEIC
FRINTWAB, ffBMEGTH 5 EMOTIV EPOC % H
WT 14 Fvy 2L (M1 0kELEHSIE) 32 7)) v 7k
128 Hz T EEG Dit#x%z 17 - 7=.

B, MEfRIizERALRERINTHSS 4 BERE
N, TDHBERE X SAM (Self Assessment Maskin) (27
TEBPPREDFN % 17 > 72 [Bradley 94]. Z OFIEDOKER,
BHEZMSET 20T ITIET 5 4,536 D EEG 7 — X255
N7z (A 17).

4.2 EEREH

DNN OFEIZANWS T =Xty ML, BEIREROERITOMH
S5 3WED EEG 77— X &AL, Rifii TR U 72 AL %
AUz, ZOfEHR, R 1IRINE /T A — XL Width=384
(128Hz x 3sec), Height=>56 (4 BRI x 14 Fv %
V) &, ZnoIiTH UL TERL, /1 AME, KU Time
Cropping % Data Augumentation & UCTEHL, 7tDF#E
T — R %& 45 512K U U7z [Schirrmeister 17]. 21505 —
Z2DHL, AT -2 LT 4/5 (FHFT—2EL LT 3/4,
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MEET—2 LT 1/4), BLUTAMTF—2ELT1/5%H
WT b BB EMRGEEZ 1T - 72,

5. R

5.1 FBIIERE

ZEUETIVOMMNEE X5 DD fold DT 46.31% T
Hotz. &3 7T ANFEHEDF ¥ VAL —NTH 5 33.33% %
EE>TWBZ 225, BEEG OREREREBUR S 5 5 - Az
b2 LBINPIREZ FETEETH D Z D00 5 72,

5.2 GGC z#AW=dgfiit

520D fold CBWTHRHEDKEETH -7z GGC IZ & > TH
Sz — vy FERIITRT. IN05OEGIE, R EHE,
TROZNTND T RUDE Iz EEG IZ2WT, GGC
Lo THMEMSIMLLEZSDTHS. M3 &b, BhoGs
B L Z RS (EPERICHEY T2 F v 200 EE) ,
MOGEITIEE &2 P (PEKICHYT 2 F v > 3 OVHE
&) BEWHEIZR>TWA.
M3Db—hvy FIZOWT, WEHOMEEFE $§528
T, B ETOEEME %KY topomap[Gramfort 14] % {F
U7z (KM4) . MIZREND LD, AFRICBWTHEE X
N7z DNN 13H e R e SO D NNz L, A6
TEZBZWMAITEHLTWE Z 2 Abh 5.

channel x frequency

ime (128Hz x 3sec) i
(A) positive (B) neutral (C) negative

3: Average of GGC

(A)positive

(B)neutral (C)negative

4: Topomap of GGC (a band)

5.3 Raw 7—% OARILER

LREORER L, DNN 23R & A% K519 2 Wi O R e
UT, TEAEERROES ] 2 FE U2 %2R, ZOREN,
DNN 2 & 2B DOFERTH B Z & 2 MERT 5720, RAW 7—
2 %M 3 LRROEAT EALL G (K5), BLUTZD
topomap (X 6) Z/ERL7z. T &b, B FEHmEgRIZ
BWTIE, e RE KT 2 HMBSREI R I NN 29
WRI N5,

5.4 fREZENICEENSESOHY (BAMEDOLLER)
FREED B TIE, AIEEED —#TdH 5 DLPFC IZ Ak
B 2T 2R DD Z BN T WS, FRITHL
THRENE O AR B b 2 B AR AL IZE S A Tv. A
EEIZBWTHHEGZ RS NAPREEZTANT VD & EITE,
DLPFC 7% & O ik 22 5 ANE ML U T W 2 aTREMEA S 5.

channel x frequency

CoOOLOOO0DLL0 OO0 OO0 O
MEONNEBRIERAR TPONRSNIRRARR TUINARIIRNRRR
time (128Hz x 3sec) time (128Hz x 3sec) time (128Hz x 3sec)
(A) positive (B) neutral (C) negative

5: Average of RAW data

AN

(A)positive (B)neutral (C)negative

6: Average topomap of RAW data (« band)

ZIT, % fold IZB T BMANRD GGC F L TRATED
BEIT->72. ZONHTIE, GGC DFfATEZ, GGC 4o
BY N BEEEIZ L >TY — b UESNIZ LU TE S5 ([
ERROMEE L LTEHT S, D index 123 L THREZ IS
ZETHRES ST L, TSR L TREO T EIT - 72, 5
Buzigond 77 7ol 7125, M7 I WTEHERI
RPHE, RR IO GGC OIEMAE & IR ESf G 5.

B 8 134 fold (2B 1T 2 kBrE Sk S AR Z N
FTNOREDFEYETH 5. fold02 & fold0s DRI IZ PR
MCRATEDEIZERENAS N (fold0l: ¢ (32) = —2.03,
p = 0.06, fold02: t (32) = —3.97, p < 0.01, fold03: ¢ (32)
= —1.55, p = 0.13, fold04: ¢ (32) = —2.83, p = 0.01, fold05:
t (32) = —4.57, p < 0.01). .

log(rank}
o] 2 4 8
05
04 0.00
£ o Avg negative coef
g 03 8 —0.02 Avg positive coef
# =
0.2 5 —0.0a
c
0.1 2 oo06{ I I I I T
] P
10° 10* 10? 10° o I [
rank 10— : : : .
GGC negative(Logarithmic axis) fold01 fold02 fold03 fold04 fold05
GGC positive{Logarithmic axis)
—— Linear regression negative -
—— Linear regression positive 8: The average of the
localities of each fold
T Rank regression

obtained from a participant

5.5 {SREMEDWREE

BITEF CORERIE, RETIEIC I D MRAIEN 2R Z O
HOHBETH B Z L 2 REBTS. L, SHOERIZEITS
EFILOHIEE XS VDD TIE AL, BoNMENAYIZ
PRI 2ok G & K L T2 DD EERES. 72720, ik
LRE LW SRR ORE D S RN IR TH . Tk
O, AT TIEAERO —EM %2 FHid 2 Z & TETME % MEE
T5.

% fold IZHB1F BHAMD GGC DHFNEZ HERE L7z, 2
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DOWGEEZETT D728, 22D GGCIZ Lo THEKINZ2DDR
I MVERIRT 5351 VEMNEE, 2 000Ny ¥ affHlfio
FREfE % 55 5 perceptual hash D 2 FREADFELIE %2 A U 7=
[Zauner 10].

K9 & 10k 2 O00HMEDORRERLTWS., 174
DT EHNE, % fold (fold01 ... fold05) (T L CTHfGFS N7z
PERRD GCCIZHIEL, 17D IVITHHBIEDE Y 725> T
W5, Ak LT, RCEFE LTIV Ehe
GGC ORMIZFEWEMEN A S, RIETHE SNz GGC OFf
Uz fold FIZE W —BMAH 2 Z L ARINT WS,

9:  Cosine similarity 10: Difference in
between Guided hash value of Guided
Grad-CAM in each Grad-CAM in each fold
fold

6. EE

RAHD RERREE T2 DNN 2/ERL, ¥H L7
ETFNADNED &S BRI 21T > TV DO 217 5 7=,
GGC DPEHEHWEZ 2T, ¥BLIET VNN EEG OLEL
ZERAWT, RARRD 7 I AN ET>TNWD I EDBbhoT:.
IR ERHOMESH TR ONTVWARHIRL E —T 5. 20
Zens, WMETFEHEEAWSZ L TEHEFEA DNN 25 E&IFIZ
B 2 RN 2 G g 2 i U, 240 s WAIRE2E5 2k
MTERLEEFEZONS.

UL, LGP 58 O/ TIXIRERE O & I /ERTEE
i, AHRBIED & AR T2 ShTwaicd
Mb 59, GGC DEHIZHEWTRFDOEHIZHEELTWS.
ZE DNN 28 EEG @ & D4 FEMEAL U TV WD DT iE
HUTZ FARFZIT>TWENHTHDLEZOND (X 4c
LI 6c BIE). AREBRTHWZ DNN OB % 46.31% T
HoE< v, T, ke BE & WSRO O L W
W4 EPE->TWDHZ L, DNN MWEHT A ERIHREZY &
BEARVWEDTH-ILDERTHLZEEZSND.

GGC Iz BT 2EHEFOFBAMEIZ DWW TOREEE T, &
T O fold TARRFDFFFIEARIE & © K E <, FRIZ fold02 &
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LSTM % H =AU TARWIEEE D B Bhks H
Automatic Detection of Insincere Utterances with LSTM

R Fnsk FEE SN | HE o™ i Fp

Kazuya MIO Aya ISHINO Kazuya MERA Toshiyuki TAKEZAWA
* SV N S e N 3 * N N — SR
BUNCITNINE N 2 TR Y 2 Ehr e 2 R RFAT AT BV RAF
Graduate School of Information Sciences, Hiroshima City University Faculty of Media Business, Hiroshima University of Economics

We propose a method of automatic detection of insincere utterances from voice and facial expression. Proposed method
utilizes Long short-term memory (LSTM) to consider time series variation of the voice and the facial expression instead of
support vector machine (SVM). The experimental results indicated that proposed method could improve recall (0.73) and F-
measure (0.65) from SVM baseline.
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SVM Tk (Mg Fik) 0.57 0.58 0.57 0.54 0.53 0.53
LSTM Fik ($REFIE) 0.59 0.70 0.64 0.52 0.38 0.44
BIiLSTM Fi& (f2 £ F1%) 0.59 0.73 0.65 0.43 0.43 0.43
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A Study on Concept Acquisition Method for User Preference in Dialogue for Empathy
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Takahisa Uchida

RS IR OB [E RSN I ST

Advanced Telecommunications Research Institute International
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Takashi Minato
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Yutaka Nakamura

5 ) — ER *2

Yuichiro Yoshikawa

A7 F
Hiroshi Ishiguro

RPN TN e R

Graduate School of Engineering Science, Osaka University

The purpose of this research is to promote users’ motivation to talk with robots. In order to improve the users’
motivation in dialogue, it is necessary not only to generate empathic utterances of the robots but to show that the
robots understand about target items. In this paper, we explore the method to acquire the concept of the users’
preferences (likes and dislikes). In the proposed method, data on preference and similarity for items are prepared
for each attribute of preference. In addition, we also organize the rules for estimating preferences and similarity
with fewer observed data. As future work, it is necessary to verify whether or not the dialog robots with the
proposed method can improve the users’ satisfaction for the robots’ empathic utterances and the users’ dialogue
motivation.
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A personalized model to estimate emotion of individual based on observed facial expression and
generation of robot behavior

oL

REAYAI9E !

azumi Kumagai

TR TR

Tokyo University of Agriculture and Technology

IKPIHBR !

Tkuo Mizuuchi

We aim to construct a system which allows robot to learn/generate a behavior favorable to an individual through
interaction. The core idea is estimating emotion based on facial expression observed during a robot behavior to
self-evaluate how the behavior is favorable to the individual. Based on the self-evaluated data gathered in the past
interaction experiences, when the robot does some behaviors, our method is expected to help the robot to predict
emotion of the individual gradually and properly. In this paper, we show the user studies to evaluate the proposed
method. The study resulted that a robot changed its behavior to get better reaction. As future works, we discuss
how robot should use observed data or knowledge to personalize robots behavior.
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Human inference system derived from emotion as a value calculation system hypothesis

i~ Hek
EH OEET
Masahiro Miyata
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Graduate School of Engineering, Tamagawa University College of Engineering, Tamagawa University
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Takashi Omori
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There were many modeling studies about the emotion. But most of them were phenomenological and don’t approach to the
brain and/or cognitive mechanism. In this study, we consider a possibility of its computational modeling based on an idea that
an emotion in wider sense is a value calculation system for an action decision. However, conventional inference methods could
not explain human intuitive inference and logical inference. In previous study, we propose an integrated model in which the
intuitive inference is represented as a search process of in a continuous and distributed associative memory, and is switched to
a symbolic inference mode that biases an associative gain when it found values during the intuitive inference search. In this
study, we show a merit of emotion based action decision that combines inference, reinforcement learning and reflex.

1. [XC®HIC

IO N THREADEATOFERILH R ELL, 5% ERRS
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Jvay AlOFEBIZITRINEIRNEE 2D,

F7o, NIMEE R ICBE IC L > THEBREEZTY. K
BRI AT DIETREL L CRAEIARZ LB D, UL, JFIC
FAEBREEFAT-HO B 2 DAETEDO S OBEIZBNT, &
B2 5 & [ O BB E OfE R 2 TIX0ME 0D
[Tars— 2017]. ZOIDNHEZLHE, BEREITK T LRUE
ORENIMEF R EFEEEE 25N 5. LI, AfeClaiiFe
FINIZDONEDOBEHEECONW TR BT 528, RN E
BRI W TIZEARICIEE —~ThreE L TEmR T HER
2017].

ek, BUFICRIL TXZLDET A AMRE S TE 72 [Ekman
1997][Russell 1980]. LML, D ELITHRLL THlIESNS
A AR LT L THY, BB D AT =X 1, S
HIZE DR AR ERIZIE DS O Tld7Z2  [Chernavskaya
2015] [Samsonovich 2013].

FF L, ANOBMERBIENSITEIR EICEHETOL
AOIBFE IR CEMEM 7T B R A EE U727 H 1992]. =
TR MIZADBIELIL, ASDOENILTODIRRE (A E A
VIRV ERREICELETOFHERBETHHEL TS, Lol
ZZTHIEE O BARR e UERR R OV CHEIR R T,

—J7C[Koelsch 2015]i%, ABDILZFDIEIE ET7 224
AT R RIMAED 4 DOIRIT/HREL, ZHba 8RO
PEAZKHEAHT D2 ETENENOEENZ SOV THLHZ R AT

S1-

WD, ZORFGETCH, EENCRFEMEDS S £k, IRE
ATTEIE N Z DHEREA R DL L TWD. R TIIZ NS DEKIEIC
BT 5ET NV OBFRICHLMEIEL ZE LG H e A =X
L, SHIZZEDOEFNIE DI EDOTHAI ). AR TIEZh
FTIS, BIELTEM N TEN D8, R E IO AR
Y AT LAOEHFERO—D>THOLEREL, ZDOFHHET L
(b el et AR L C& /= [Miyata 2017]. ZZTIL, fERIRE
SN TCEITEOMARDLEICKY, FHTEHEE L Q.

L, RERITHOAILTETZ AD T VRV B 7R LER A Tree 1ETR
THEETHUROHEH TFIEIL, NORMPALEEZEE+50E
T DD, NIRRT Z NN O 1000 EHH5E
SNDIEAMALOFE K OB IV T L TD. ZDMLEN
ELEEAIT Tree ¥EFRD IR AR IVER LA L TWVDNEE
ZHEEEMTHD. ZORBIZH U TR TIEINETIS, i
M EREN S AL/ B AR ST T A2 WAZLET, Mk EhN T
X7 R, fRERIDN O B HN KRS T 5 R HEFR 2 FH B AR
EIZRY, Eke9D SR O DB HE R A B C AR o
ET IV ENENEB CTEDILARLTEL[EH 2018].
AR A IS LD AT IE 1970 RN SNTWVER
[Nakano 1972], HiT TILiE H S TWRV. LA UK AEIRIE
KIFFEARGE RSB B 2 O, #HEmEOBIR TORIEC G
OFEIRFHAEL LS.

AW TE 2 D5 O&%ENL, TRIREBZEMIZE TS,
I 2 e KA 3% B R GE D728 O AT ~B 3 9~ A R B 22
PORBDIER ThHEEZD. THEZHE, MERIVLIIE
SHUTEIAL L, IR T & DT TIRAEZE I R I
I BIZE T DR O~ — T — & AF 1T T T /LT R AL i
BRCEB[Sutton 1990]. Tz (LD THEDIATIL TS
LEZLNTODEHTENE, A OARFIGRR T REZ 8T 51T
BE LT DB ZDEMEF ARG ENTWDHES 2 LS. 2
DINTHE ZTZBE, WERM RSN TE IS B R E T L=
YR LHIE D e RALE WD B CTHEE O i 2R > T 5.

FITAFETITET, AR TEZTOAMEE S 2T
IMEFROBENZ O WTH T 5. 2Dk, RGO RGEE S
ZTEBRCFT — LD R IO W TR S b CaT- i Fiks
D, BLUOHERT AT 2RO LNDHERE, IO
BICEDZDEBIIEICOWTHHT 5. 2L TRk, #Hm,
AL BL OGBS D2 IC LB R ES A
F IO HONTEHERT .



3G4-0S-18b-04

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

jm————— {ﬁ%iMT%ﬁLTU6ﬁ%F ----- -
\ R HRRLEY 27 X |
I (RNTE, 238, 7, 3@, EE)) I
\______.__# ____/_b_\__..__ﬁ\._\__‘_,

e £ [ErERERR] Q
= =S

« A EH| ) ] e ||

B R RUEEES) E=r

T
T e

1 = G 2T AR R

2. BIF=MEFHEIRTLIRER
21 RBIFLMEGFESRATLEDME R
Fex OEEILEERTEICRESEBLLIET. T-HOH
Ef@ﬂzrﬁ@%%m I IR ES L, ST HE O = Bk
WICECHET L. BUE, TERFEZSCHEIETIIADE R
Rm i%&ﬁﬂl(ﬁﬂﬁ)@ﬁﬁ CHASEENTWAKRM 2012]
B 2017]. ZNEVE~ 13, Nl OO R DG LI1TH
B OBENIVTODNI) SR RE A LEE L 7= /5 IR, RS
TJﬂﬂﬁ%a&)Tﬁ%ﬁw)#ﬁ%L ZOfEROELHINZHO
ThdHEHE 2T, XOITEE O %I ORI O F kD
I LD AER L R L U COMEF AT L3 H L A0 E T
5. ARBFZE T, EEEE R HoxHMEB B LZ B ETHY,
7C®F§T%&L’Cfﬁfﬁ75§fﬂﬂlﬁ3ﬂﬂﬁ@ﬁi¥‘/7\?AkLTE"W£K%%
AET2EE 2D, IBITEE DA =X LOHFRIZIL, TeLAMN
V\]ﬁ&f@kb’C@ﬁﬂlﬁ#ﬁ AT LOFRP SN METHAD.
ZIUTH L TRERD AL TIXEREOEFE, BI OB FIEE
BRI L C&To. EFHIDICHLR ORI 72 & 2 B3 DI R A
ALER . RN T HALEL O e O = P I0 B BR E e
EORMMFERIMIL. T TIRBICINOORE B )14 5178
HERROMER, LVIONETHS. ZIUTKL TR CIE, REED
SO LB ORI HLWMINR, T7bbMifEic >N\ TH
25, AFETEZHMEFE S AT L TUE, H5 R O H 1% 3
JVE R IR T IE S A DS, T O RITEBIIMO %
BRI 2 5 R T 2B R IR SN L ET S, ek,
Tz D 2 DEAE OAEIZIE Koelsch DIRRUT-T A7) 17242
(53 | TR IO ) OAFEZARE 5. LHL, ZHBISHIS
T DMEEAL (R« 3D 50R - WS SR - BIBAIER) 1T LD E 2D
BUEBAL L0 REGH ThDEE D, ARSI TE 2 DIMEN %
fﬁ/\?“ék K2 T DIGERNL D KA G272 B (1K 1).

2.2 MEHELATLIZBITAHHDILLAE

ARTHZHHEIwm ST, BEITHOENFATOLmTOE
B E D7D OAMEIZ M R IR R L35, Jeikodi@b, ih
(L8 O A TEND R IR WA — L CIlE R R A
HEATNWDES 25, Tabh, ZEARERRET VIVX L,
GRS S - AL - HERR I AN O e KALE WO R T
HI\O A E FF> D,

ZOMR IR === MRS R TOWRIER 2 DK
ERMTRLTNWD., ZDHHD—ERITHE L OB THE Lo
FECH RN ELTHOIA T TEY, Fiho—iRidiE

RAFERRLE

.0"‘._.
R LB ./ R
il

B2 H#Hedm

EORBINHIR B R LN R Z DOBIS CTATEN 7 5
HTHHEZZLND. ZRHORBLTI, il % DBFEITIE LT
ITEHDWIMIERTIRON TERY, =—Y = MIFEREE
FTEHERIRENTES. LI O AR LA 23510
?ﬁEEi’LTb‘foﬁb‘%ﬁﬁ@ﬂiiﬂf&’)D TV MR LT X

D, BUERAED 64ﬂﬁﬁ0)”ﬂD?&%ﬂtﬁwﬂif@ﬁ@fé%%%’%
ﬁﬁ“é LT, RRBROBALLINNE Téﬁ@J@ﬁﬂﬁ“%ﬁﬁb
TR T 2ZEMRDEND. Z 0)4:9 SIRILZERIZ BT DAl iEZ
FHEL :'_%AQE?T/VZJ‘\UX‘A%EEI%?FZD&, /}\f£<&%>}i§i il

Wl —RiE LD, ZNOOMORREIBNNERD.

3. ANDH#tH
IR TIE, ANOHERIIZEBIRHEGR AT A D
E’J?E G AT 2)D @*E%é[Evans 2009]&S4L, EANEL
ZRIDT AT AELTET LU TEZ (). HEFmOHEX
FPURATAUCCa—Y AT 4y 77218 Tk, S| J“
U T BEIE Ch o AT L2NFITENHZETE AR EN
iﬁéﬂé&b ) *Eﬂﬁ%r»rjxmméhfért[ﬂ&% 2015].
WCXLTC, ek AL IZRB T DHERR O AT TV ITIX
Tree ?’“??75’% FHN5. Tree ?’“;ﬁ V38 2 DBEERCIRRED T 1,
BILOZOMEITH BRSOV ANV FTHD
[Russel 2008]. %7z, Tk x 13 RVBIHERR SIT BN, (2%
FR T DEE DB TR TN A 5 AT BB A7 HE R
EHEo T, 2, BRI 5O B 3728482 LD
MR T REREMIC R AL B2 DIA. ZNEHEZHE,
TR RATHI T G AN A, E B HE A
F AN EHI L= 00, EEEFTh TWDEEELD
[R& 2017]. #EIE, TTEIMICIZERRDZO DDV AT A
MNEIRCHO TMTEIRIN TV, ThDH. TN ETHBLHE S
uﬁﬂ{i&b W DX RO TELHT, F-in R HERR 1
IZEFREDBENRDHY, ZOAN =X NTHOETETHD.

2 LD MEEEE DONALE S

®1 #HROTEHBRL CEVRAT AMEE

EB R BRI HERR
(S S VESEROE A L
Rk, BN TRk,

ABN T2l —ay

HERm AN HesmO R
PSAT ATHBINRT W FHERY, NP
SCRIEAT D]
TRy, Sy FmERRY, TRV
IR (RRBR A R A1) %?E’Jiﬁ%ﬂi&’i’ﬂ
HEmm A RWHERR S AT HE
LR D ’iﬂ:ﬁ’] ZHLW




3G4-0S-18b-04

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

5zl (1) 4‘ \

X 3 HfimDILER

WA A—

4- IL.\ HE’l‘t:ET}l/

4.1 EREIBICKDHER

HARRLNE &1k, RS — U AT L, R R ERE
WA MR R R A A THERE T H D MR BRI X
HABROEBIEETT L E LTE, EEEE oD
7 MVTHELET Y7 b r i [Nakano 1972]<CKs M) 72
HAH A & A 72 T L [Sompolinsky  1986], & 52 (FH#AHE
BIZ Y —7 v Vil 2 2 72 PATON[Omori  1999]
RERBD. INHLOEFATIE, EEEOIEHEEOR
$ITEN S OEBATAIOR GLEITY) TR L, BEHDA
N7 bV EREITHOR O A CREEZHE T 5. K
Xz oM FIR oEEREET L2 VT, Ao
FFHOHEROET MMEB L OFORFEEITH .

4.2 HHRATLDOEKE

AW CHIE T HEER O A X 3 12”7 Tree #i&EL T 5. T
B/ H— T Tree DA/ —RIZHHIGL, BRERIIVIEREES D
BHIRT DL, IRREERIIVIHNMRAES D 2 70 KRDS 3 ()
Pk AL LT, 32l —ad, HEmOESORE £,
IEDOMEDH S/ —KV,, EIFADINEDSH D /—RV,DJHi1
FEMICBIEL, iEE R 2R TEEG A ICEERENT
THELT. 2B, BRI RBERIEOIF I CII IO EHE
n%i%_%ff&o_&ﬁﬂu% AW CIEETHEATLEET LA

WL ATBI ORI 2R T 2N BRI TH DT80, Hifl
focMF'EJ Haxl G135,

B 4 1 IR CTHEE T LB — 2D AT LAOK
BCThHsH. AN Ex DIEWA A AARR F7213 B S4B o #AE
TTHNZDNT B DT E TR S — 2 xp  DEDI, Xy 1T
SOICMERRHR B IS DI, EICE ENDMTIT OV TORT
& & B E A TN D.

EHMHER TIE, x 3R AERETTS WelzhiT &b eaze
TR DBEZ D AR FE X 213 T, ZRULZDEERDEELI D A
TN D END B D E AR A 2B 8 A A B 5. ~0®47%ﬁ575>
DIEAR T DR ICZE OEAR BRI T2 28D B D (FERE
W) 72, B O [E\/\?’“/ﬁ){tbfbt*ﬁﬁ/\éh“/f)’%‘g
N5, EBICROFH R TIFEBE ORI Z — 2 PRIE LTI EE
ZILICIROERE T DT80, IBITHIED RN HEHAE S 72
TS, FERE L CIUSH) TRV ER N FEBSNS. 2
DR BT FEN M TH 5720, WEMNT 25 BB
R CRBFBELE ZONDM, WWH A BRI L DOFE
DIRE /\57“*/75%5&5“5 L CE &2 OFLEANZ— DA
VNS IR DT, TEWHERR I FEBL TR0,

FAUCKI L TR B AOHE R T, EELAOHERR I TR
IRE = DIRG A= NRRENTZE, TDOIBLO—2DF

e *EET?E
SAOE EE e

(BRI
B4 H#Edws 2T Lafkg

B E— U BRIRICIEE T 5 8 a*ﬁﬂﬁ_dﬁfum“é_é:f
FLIEAE = OIREEERET D, D720, IREFE N F—
M= DDFE N F— AT HE T H%F'Em%vj%ﬁi, At
B — /Wm’/mﬁﬁwoeb\/“b\#% HNFEBTED. Ik,
AHFFECTHE T DM AAARIR RS A AR ROV 1
EF VAT BN T A—Z DYV FEZ THRETE, %(D@J
’Jri,cm’/%/& D3 R CHEME e SR A AV ER L SR B JLERL 0D
U EE EHL T A LE725.

4.3 EfMHRERENHEROER

NOHER péﬁﬁ’]#& PR HER O —HENHHET D
&, R J“LTE%E%P%@TRLT?E w95 _ AL AT
DINRELT2 59, UL, Z2DL578 B AT AFHMbTE
57, ZHE b f?iﬁ’]%% DR NI TR, Z DOfif
RELTAIZETIE, 2hb 2 DOHERIT 1| SOULF L 2T A
DRNIDETHY, %OD@JVF% RDOAA T 7R DN
NEDDHEE ZT=. T O #EAATRIET T L OHEALEEL
THRITHE, ZOFHERIILL FIT25.

Xepr = @ (Bg Pr(xl [xD)WE) xf + (1 — @) Ty Wyxf (1)

(WAL L OFE—HIL, EHPIHERZ EBL T2 A ED
HTHD. ::mi@fmf*%ﬁﬁ%fﬁﬁ%naba«%/m:%/r«
Vb:“k@iiﬁi@ﬁﬁu(vvpz)ﬂﬁﬁm ATIRT (x> DI S
NBFIEAY VA EARICERR T 5. 728, RLIE~7MVERE
EAZLTCOWLEEETD. Zhivfi~~rug, Af~shr
(BRI B DIEE AR T BIRVIREE CAEZ S NG, LT
TR SN TR MV £ ORI S 2 2 7 Rt eI
FESXMENIRED. ZOFHFRORIEICLD, EIHETILWE
PRI B2 PRIB IS A REL 72D, & L CHRSE P D
HOUAERE R LB, FOME ISR E B E T 5.

(WAL O L, 55— TR AME I A
T, ZOMifE%E R RS T o EAR O KIEF AR T a“i,c
Db, AT OED & L5258k LT, 48T
CRFE DA ISR T DB IS 2 — 2 D R 3 K EL iﬁéi
THOMEROEEFHAELKEL, TORE Y — IR
THITENZEINTH(X 4) [EH 2018] .

5. 5TE#IaL—23Y
ZIETARMIETIL, /‘:Ll/»—/a/f“"i“%?ﬂ’ﬁ@ ATE K
B A % BERTIZ, AR EORE W T HERR S AT SIS N OHERR >



3G4-0S-18b-04

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

1B

1
0.8
0.6
0.4
0.2

0

EERAHESR
SmIRHIHER

5 HARGIIE A - 2 D OHERR OE N

2T ADHAIRH AN RE THHI LA RLTE-. ZhIlk
D, K 2 OAfEZE FLETBHIETRE, T, Hedma LA
HBb¥ T a2l —var OFETERALD. FOIZHOARTIT,
M EH 52 AT MO MR FED T3 (R B A B LT,

COMEOMETIE, === MIIL YD, ORI
HWAEAST, TUH AT 4 — 2 L0 HI AR UK 2 3045
95, LT, WS B ORNCEN BT A TENC LD H
DRNZHDHIM AT, IS DN O A5 LR 2 kD
EZEIR-> TV, ZLT, HEdm I LAMIEIRRE21T).

WA BRITIE, == 2 M O T & LT
WAL ESND720, FICHERRIC R DIRB D ATREIC /2 D 41T
FRS7Z20N. Lo, LRz R, 125k ICL X
28 [ U ATE DARFE DN RN D& T, HIXZ2 ] th ook & 247
BINLOHER N A[REICR D, ZL T 3al—arOft i,
S AL MR VD ZREOT RN E A AT
FRREEICER W TC, ARFFRICTIRE Ui AT AT A< H)
SRRy = St Vi

6. £&H

CNETITAMZRICTE 2 DG O RT3 AT MG
OBEEE, B X ONEAH LR A E OB A EBIE N D
B BB O “FEOHROEBR FIELRLTEE. &I,
AT THRE LA EBR B O HEGR S AT Ak, KA TEIR K
O L8 LA D, A ATV CR R TE)
PENTTRE TH AL AR LT

A0, TP 2 ICTORULIZBREE 2 J0 FE i FUIT O ERBEIC
L7EHZ TOET NVOFMEITILERSHD. B2 X k]
IR E A A G A TABR B EE WD LITLY, HE
Fe s L - B, SHIE Y —RERELRA LIV AT A
O AMERFET 5. 0%, LEISUT 3 BROTELY)
W2 HZET, TDOHOIRPUIG U T-FiR et T8 2R 9= —
VU NeAERRT D ZVEFEBIT LI, ADOXIREIED
REFREAD =X LOfFRICT G T 522 W25, RIFE
I SCERR A B 15H01622 DB AT~ HB I CRRHT
J5.

i&'@%ﬁ%

: Step#

0.8
0.6
0.4
0.2

6 Heim— i bl — M A
WA EEY I 2L —3 g L Ofs R

&3k
[ — 2017]) TV T A0 8 — B LR DITBIRE B F B

W NIRRT Ted D, BIIETE, 2017

(B 2017] fEJsEsh: EB O A AM flife- B 42X
R, EhEER, 2017

[Ekman 1997] P. Ekman et al: What the face reveals: Basic and
applied studies of spontaneous expression using the Facial
Action Coding System (FACS), Series in Affective Science,
Oxford University Press, 1997.

[Russell 1980] J. A. Russell: A circumplex model of affect,
Journal of Personality and Social Psychology, vol.39 ,
pp.1161-1178, 1980.

[Chernavskaya 2015]
cognitive system with account for emotional component.
Biologically Inspired Cognitive Architectures. , BICA Journal,
2015, doi:http://dx.doi.org/10.1016/j.bica.2015.04.009

[Samsonovich, 2013] Samsonovich :
inspired

Chernavskaya, : An architecture of the

Emotional biologically

cognitive architecture. Biologically
Cognitive  Architectures. , BICA  Journal,
doi:http://dx.doi.org/10.1016/j.bica.2013.07.009

DFE 1992] 77 HIEE: J&AF, HUCRAHAR, 1992.

[Koelsch 2015] S. Koelsch et al: The quartet theory of human
emotions: An integrative and neurofunctional model, Physics
of Life Reviews, Vol. 13, pp. 1-27, 2015.

[Miyata 2017] Masahiro Miyata, Takashi Omori : Modeling
emotion and inference as a value calculation system,
BICA2017, Vol. 123, pp. 295-301, 2017

[EH 2018] ‘=HEZR, KM fifEicBEiS - di8E
TECIESANDHERIBTROFL S, § 34 [0l 77T 4T AT L
TRV A, 2018

[Nakano 1972] Kaoru Nakano :
Associative Memory, IEEE, 1972

[Sutton 1990]
Learning, Planning, and Reacting Based on Approximating

Inspired
2013.

Associatron-A Model of
Richard Sutton: Integrated Architectures for

Dynamic Programming, Appeared in Proceedings of the
Seventh Int. Conf. on Machine Learning, pp. 216-224, 1990

[KPT 2012]  KRPTSCHED: RO R OGS, TAAT 77—
&, 2012

[Evans 2009] Jonathan St. B. T. Evans et al.: How many dual-
process theories do we need? One, two, or many? , Oxford
Scholarship Online, 2009

(AR 2015]  ARESHESE: BB CHEGR: BRME - I R ED
DEE, JEREEERS, 2015

[Russel 2008] Russel, Norvig ffl: =— = h77'm—F AT
FHIRESH 2 iR, FaZ AR, 2008

(KA 2017]  KRARMER], B HEZR-E 7 L LAfERE AR
(XD EBHHEROF T —% T/ F ¥, p.55-56, B AfifR
[ 2 2 ) R (o SCER, 2017

[Sompolinsky 1986] Haim Sompolinsky: Temporal
Association in Asymmetric Neural Networks , Physical
review letters, The American Physical Society, 1986

[Omori 1999]
behavior from brain like memory with dynamic attention,
Neural Networks Vol. 12, No. 7-8, pp. 1157-1172, 1999

[EH 2018] ‘& HEZE, KfFME]: EELEE T VIcES<
ANOT o RNVHIHERODET VL, 5 8 [l A TAEE R
A THEENIEZ, 2018

Takashi Omori et al: Emergence of symbolic



3G4-0S-18b-05

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

T TLICHD <R

G & REHEN 2 To T —Y 2 b

Agents Which Generate and Estimate Emotions Based on Logical Model

B K

Mai Tsukamoto

RELF KRR NESAEHTZERE ML RTIARRRE SRR A T
Department of Computer Science and Clothing Environment,
Graduate School of Humanities and Sciences, Nara Women’s University

Recently, research studies on robots that have emotions and can have dialogues with humans are progressing.
By making it possible to guess the emotions of others, it is possible to generate more kind of human emotions
corresponding to the guessed emotions. In addition, it is desirable that the generation of one’s own emotions and
the estimation of others’ emotions can be performed under the same condition, but such research is not seen in the
past. Therefore, in addition to our previous implementation based on the combination of OCC theory and BDI
model, we have made it possible to estimate others’ emotions using the same definitions as those we have used
so far. Furthermore, whereas we had to give inputs from the environments to our system in the form of logical
formulas, we aim to implement robots that generate emotions based on the beliefs extracted from the sentences

such as conversation.
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The Future of Animation Industry Drawn by Creators and Artificial Intelligence
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Hatanaka Taichi
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Creators in Pack Inc.

Recently, the researches of artificial intelligence(AI) have been developed remarkably using the deep learning.
In those fields, the anime is one of the most interesting and difficult research target. On the other hand, from
the viewpoint of the animation industry, Al is strongly expected to help and improve the situation of creating
animation. In this lecture, I show the current problems of the animation industry and the possibility of artificial
intelligence in animation studio with looking to the future of the animation.
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A Proposal of a Mathematical Story Generation Method Based on Hero’s Journey
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Makoto Nakaya
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Aqutras Inc.

We propose a story generation method that is able to run on machine. It is based on Monomyth known as Hero’s Journey by
mythologist Joseph Campbell. We reveal event effect and strength at specific timing on the story mathematically by
trigonometric function. We confirmed indication of a part of archetype on Monomyth and considered examination of

effectiveness of our method.
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Narrative Structure Analysis Punchlines of SF Genre within the Flash Fiction of Shinichi Hoshi
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Shuuhei Toyosawa
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Faculty of Systems Information Science, Future University Hakodate

Abstract: This paper aims to analyze the narrative structure leading to punchlines of genre SF within the flash
fiction of Shinichi Hoshi, based on classical plot analysis method. This is a process to create plots, and then to
write texts for automatic generation of stories. There is a feasibility to generate automatically more natural
stories by analyzing narrative structure leading to punchlines. This paper focuses on the categories of "space",

nn

"medicine", "automatic device, invention, computer”" and "robot" stories from science fiction genre, which is a
representative genre of Shinichi. By utilizing the result of unification and abstraction of the patterns of the theme
and conditions / precondition, it would be possible to generate automatically a more natural story like Hoshi.
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AES A2 H & U =L ETEEGI & 5
A b=V — Y AT L DR

Story Creation System based on Sentence Similarity for Supporting Contents Creation

ke By RE HAEIR ¥
Haruka Takahashi Miki Ueno Isahara Hitoshi

BRI K

Toyohashi University of Technology

In recent years, there are lots of researches to generate creations such as comics and novels by computing
methods. Especially, the orders of sentences is very important for the quality of stories. Thus, the aim of the
research is to construct story creation system in order to consider the flow of the story based on the sentence

similarity.
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*2  Gensim, https://radimrehurek.com/gensim/
3 Dash by plotly, https://plot.ly/products/dash/
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Classification method for Four-scene Comics based on Creative Viewpoint

& ER
Naoki Mori

PN TSR NEIE 2T

Graduate School of Engineering, Osaka Prefecture University

Can the computer create an interesting story? This question is one of the ultimate purpose of artificial intelligence.
The comic analysis has become an attractive research topic in artificial intelligence fields as comic engineering to
tackle that problem, t. Although there are lots of attractive and useful topics and many researchers have been
reported, creating a story by computer is still difficult. One of the most critical reason is that there are no useful

comic datasets for artificial intelligence fields.
comics based on creative viewpoint.

1. ELC®»IC

FEBITE WA N =Y —Z8IET 2 Z LW EERDON? T
DFIMZEZ D Z L IZIEFIZH L. Yes THUE, THIZA
THIBEIZ B 2 EHK, ABDXSIZEET LY AT A
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DIV Yes EEA DT ORI EEBONTVARNLD
IZAZD. — /T, No LEZGIZHT DI L WFY, &

FEOANTHEEOHMARIZEETH Y, AMAED, 5D
BT Yes &2 5 DIFHE L WA WIERIEFIZTI WA b —
) —%2AWEST A ANTHIBEIZES T 21255 ] LEXB LN
Db LN, ATHREIZ E B A b=V —FRKIzoVWTiE%
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MAENTS, 2, 4 IVEEIZL->2DE LA N=) —
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R IZE W T WS 72 TH S.
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7=HDT— XXy b [Matsui 15] (2B T 2 W15t H & s
TW5. Bz, NTHBERE28RE Uity oA 4 2
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THBERIR D B X &, FERHCAIWERIZED < B4RH1
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THEY, Eliz TEMZIRS -HDF— Xty MZET 558
[Matsui 15] X REAF DR TIEZ ¥ ¥ 7 7 XG0 E

HAESE: AR R, KBRS, mori@cs.osakafu-u.ac.jp

In this study, I focus on the classification method for four-scene

Lo R & X NDIBENOS—Y 2353 2178 2 iz %
@bf%t.lﬂ%@ﬁni I3V THEWS HH2EY
5D KELEBLTWS. E£72, 2=V ORI > 72/
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D, 420 a7 (i) TL-oTEMUZEVEEERETS. A
MAAR =) =2 &L B eNTEBZRNDERER L LT
di < 2 S HEP RO IR I N T E 7z, BIETIE, 4 2
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REDTFET B,
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BIZBES 2058 [ E5 16] A b — U — B R EFE o b i 22
[E5F 17], 4 I~ EBHETIXRWAIABE O T — X &2 FH U7z
2 I RE DA KICET A% (AL 18] AMERE SN TS
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4 AXEEENGRE LT —XEY M2 LTIk Manga
109[Matsui 15] 2SN TW5E. ZHIEEEEDO YN 109
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ATEHA =) —FT — ﬁﬂ/bﬂkml&h%l&%%
HTdbd. ZOT—KYy MIFEDIZDIZHIFEE R0 55
Iz o MRYIOMEHT — X2y b THY, EfEHEDOR



3L3-0S-22a-05

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

BEP L CAWFEHFIZ L 2E7 / 7— bhEhTn5, AL
WADEENERORIEE I X D ESNT WS 7% Y N THRIBENSE
WZBWTHOTARE LR MEzRD. — T, BEETIE 42
TEWEAN—)—=F =Xy MIT—ZERDRNE WS
R RG>, £ZT XIIV I TEORZE 5D
ﬂé L K RMERLS DAZED AT E7R 4 I<IBEA Fh—1 —

— Ry MZBWTHIRMIZH L WA N =) — 2K T 572
b®4:7@ﬁk T35 A b=V —DF#EE X OCRFTIEI
DWTRT.

3. 4 AVEETERT NEHH

IRz AE%$?64:kuf%mT«%ﬁﬁaowf
EHEL, WEETHNEEFANZRT. LFTIX, 4 I<EEOD
HZaATEBOMPSIEIZ 1,2, 3,4 DFFTRITH, n IIEM

BB RBRICRIT 2 Z D ARETH 5.

3.1 YO
HEREDIVALNLZBAETHL L E, ThHDIAY
A (commutative) TH 5 L EHEL, com:ln,m] THT.

Bl
com:[1,2]
(1ax)FEATSHIE, HONTDI & A HEAEICEEI
Shink

(23%) FEA [BIEES T VET)

(3a)HEB IBIxLS)
(43%)EA TTVEHA, HOFRIFINITLE ]

72720, A—OavHAETH->TH, flioa~ & OREGRTH#
WELSGEHHHZ LIEREE2ET . XX, UTFOHlT
%2, 3 AITEATIEAR.

A V\EI %%EE;D%S‘EL’?%E%‘LT’Pé 1]
TXWET)
ickoj

HO, MATELZEIRD?] F4HEA

3D a~»Buiktdd 5.

=R

com:[1,2,3]

(1 2=) Z4 A THRW

(2 a%) %4 B IR0z > )

(3a=) ¥4 C Mg\

(4a=)BED I-HRIEAL 25T 2REN5DIC

7z, WIS DN 2 DHEBELHB. TOHEEIE,
com:[n,m|[s,t] &7

Bl

com:[1,2][3,4]

(1a=) A7 Ay A TR LREERAE L)
(23a%) A7 AV B L OM#E T2 LKEIHE )
(33R)HET C MELIATELZS ANERDSTH WV
(42a%)EEF D DT ARZTTHELRENRL D)

3.2 ONODEMHmEIHE

BROaA<% D0 aARIZTEL I L% IVHILENM (sum-
marize) AIRETH 5, WL DD IVEEBDOITIZTES
Z L& AR (separate) FIEETH B L EHL, TNETH
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=
sum:[n,n + 1]
(nI=<)A TTAVRIV]

(n+13%)B NP lst SVl &7z )

BEEANDEFT I ARERIGEMEEAETHS. 12771,
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Autonomous Collection and Feedback of Dialogue Profile for Dialogue Contents Circulation

R A

Masaki Mori

% S

Akinobu Lee

Fiki B LR PR L 5E R

Nagoya Institute of Tehchnology, Japan

In this research, we regard a spoken dialogue systems as “dialogue media content” from user’s view, and tries to
realize dialogue media content circulation between creators and users. Focusing on the feedback from users to the
creator of the content, an autonomous collection of dialogue profile and its effective feedback scheme is proposed.
Experimental results showed that among the automatically collected feedback information, displaying recognition
word list and occupation time at each state helps creators for content refinement and updates. Further interview
with a professional creator after a long free-creation run also indicates that this sheme can motivate ones to create

the content.
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A Discussion about Jazz Improvisation System based on Studies with First-Person’s View

L 1R+
Daichi Ando

AEERFHREY AT LT A VR

Faculty of System Design, Tokyo Metropolitan University

In this paper, the author shows an example of jazz improvisation acquisition process record based on the author’s
own first-person view research. The example is about practice and cognition of 2-5-1 harmony progresses and
phrases. The record indicates that musician’s cognition of internalize process can be clearly described in such a

way as to rule .
the art creative machine learning system.
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Of application of artificial intelligence to fashion design:
based on the analysis of cultural background of fashion

S
Yoko Fujishima

AR RGBS

Graduate School of Interdisciplinary Information Studies,

The University of Tokyo

V=R

Osamu Sakura

2 HURRFRF GG B
Interfaculty Initiative in Information Studies,
The University of Tokyo
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Abstract: We argue that how Al can be applied to the field of fashion design. Historically, fashion inherent peculiar
negative attitude toward technology, related to the traditional thought against artistic object and mass production. This
philosophical background would be significant for the evaluation of animpact of Al upon fashion design. Moreover,
based on the analysis of the current technological character of Al and several experimental trial which Al designs
fashion, Al has affinity with the design process in fashion. However, the current technological mechanism of Al
corresponds with only primary research process in the inclusive flow of fashion design. The value system of fashion
strongly depends on the sensibility of the fashion designer, and it closely linked with the inclusive process, rather than
each step. Therefore, Al requires the symbiosis with human designers to create value in the context of fashiondesign.
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Tone Pasting Using cGANs with Tone Feature Loss

P EEL

Koki Tsubota

QERESELIE

Kiyoharu Aizawa

R KR
The University of Tokyo

Tone pasting is one of the processes of manga creation and there is a demand for automatic tone pasting. In
this study, we tackle a task of automatic tone pasting of manga characters. Tone pasting is difficult because tones
have characteristic patterns. It is hard to learn tone patterns for usual conditional generative adversarial networks
(cGANSs) which are combined with L; loss or perceptual loss. To train pasting tones in a tone pattern aware
manner, we introduce tone feature loss to cGANs. Tone feature loss is the distance between tone features of target
images and those of generated images. We performed experiments on two characters in Mangal09 and showed our
results are equal to or more visually appealing than those by a baseline method.
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M=IFERKT 52 L IETEEH, HofmbkE o7z X —
VIZERTAZ R L W, ZIFBETESR b= DR 2 —
VEBRBLTWRWZOTHS.

Fexl, b=VEODEFIZBWT, b=V DR EE
U FHE2TD FEEZRET D, — B & o H§EA
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Creative Future will be Created by Contents Creators and Artificial Intelligence

R RE

Miki Ueno

TR K, WA T o T g X —

Toyohashi University of Technology, Information and Media Center

Contents creators well consider their thoughts and feelings to represent original contents. Recently, there have
been proposed lots of researches for creative contents from the several aspects in artificial intelligence field. I discuss
the possibility of collaborative methods and novel representation for contents creators and artificial Intelligence.

1. [FL&HIC

AEZIZRILL 7206 DEWPITEZ BTN E K S,
BEMZAl>TW5. TOMILIZIE, NHReTH7—<77IFT
1372 <, AWEEME A DOBMEARER, REMBICHEGED TR Y,
% DEZNEDb > TS, WS, T—XOBNICEREZEE D
BEEIZE D, NTHIBESAWEY 2 BEIER S 5, s 5, %
FAEEB O EE2 S5, WS IGOWEIEMNL T\,
L Uadis, AEEFEDTRTEES & 5 ik ZRzNn
TV, HEMFEREOHEE LS5, HEERICED 25
WFINETORWEN B2 BNTHODLIIZRONEZ L EHH
L, AlESE & ATHIBEIZBECIHFL TIZAl>TWBEE A
RS, HlAIE, EEICBEL T, EGOUE - fEEY 7 s o
T, RURT Uy N, REOWEREN A TGS FHOFIE
NEb-TWE. 51T, AIEEIZICIE, [HlEAM OE A E
BIZlboTWa, HEDXPYY -5 AREDERDAFDY
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Describing Brain Activity Evoked by Speech Stimuli
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Ichiro Kobayashi
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Rino Urushihara
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Ochanomizu University
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National Institute of Information and Communications Technology
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Shinji Nishimoto
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Osaka University

The analysis of semantic activities in the human brain is an area of active field of study. In this paper, we propose
a deep learning method to describe text for semantic representations evoked by speech stimuli from Functional
Magnetic Resonance Imaging (fMRI) brain data. Thereby, our study aims to decode higher order perception which
a person recalled in the brain by speech stimuli. However, collecting a large-scale brain activity dataset is difficult
because observing brain activity data with fMRI is expensive, although a method with deep learning requires a
large-scale dataset. We therefore use an automatic speech recognition method and utilize a small amounts of
fMRI data efficiently for machine learning. Through experiments, we have conformed high correlation between the

predicted features from fMRI data and the speech features.

1. FL®IC
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2 & D BT 2 EE T — X IFERO2DD I A RHRKEL,
REQEHT - R8T HEFEE 012475 DD KK
Wi 7 — ZPERIEREETH 5. TD720, FHEFEADOHEEH
Rz > BREFEe T )V OPEE ISR T — 2 2\l
52 LT, EEEMRIT—XEHWTET VEEEEREET
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Development of Syllable Labelling Tool for Electroencephalogram Data
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EEG (Electroencephalogram) is an electrical signal representing activity of the brain and have been used for healthcare and
brain-machine interface. Recently, research to estimate imagined linguistic information from EEG signals was launched. The
research needs labeled EEG dataset that are given boundaries of imagined syllables. In this paper, we propose the syllable
labeling tool for research on EEG. Labelers can adjust boundaries of each syllable using a mouse or a keyboard while observing
features extracted from EEG signals. They can also easily reuse analytical methods developed by themselves because this tool
runs on MATLAB. Moreover, in this paper, we describe a semi-automatic labeling method to improve operating efficiency.
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Word Recognition from speech-imagery EEG
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Previous research suggests that humans manipulate the machine using their electroencephalogram called BCI (Brain

Computer Interface). However, there are not existed effective methods for speech imagery recognition. In this report, we

propose the word recognition method using line spectra extracted from EEG signal of continuously speech imagery. The
word recognition can be achieved based on syllable-HMM model constructed by line spectra of fourteen syllables(/i/,/chi/,
/ni/,/sa/,/N/,/yol,/go/,/rol ,/ku/,/nal,/ha/,/kyu/,/u/,/ze/). The word recognition of ten numbers was conducted in our experiment.
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Fundamental research on speech-imagery recognition for BCl is one of the challenging technologies, however, the effective
method to break through various difficulties in this area does not exist now. In this report, we propose the feature extraction of
line spectra from EEG signal that represent linguistic information. Sixteen syllables in ten digits that are extracted from
continuously-imagined-speech by hand-labelling are evaluated. Experimental results for syllable recognition based on subspace

method are described.

1. [XC®HIC

FE & 72581812 5% Brain Computer Interface (BCI) DHFZEAS
B&ACHD. BCl WFFETIE, FNSEBNECEUNIL 7= 15 8a fidT
L, #BET 20 ONRETH-=0[1[2], T4, T 5
ZHL AT AZ8128Y, BCl OISHZIET 2B 03 b F
S TS, FEEHRFO R AR ADIFSE T, IME ECRlgLT
ECoG & 5 & MNTT 20 DN AT TV 2[3]M4]. fth)7, Bar E
TBIALZIME (EEG) 2 H\WAIF5th, FERALTED LN
BRI DT80, BAIZHED HAL TS,

EEG 5% HW DB SE OB, FRERF O %
KB T D DL, BB (speech imagery) RED K 2 5
HONHD (AL U NER) . FEERINIK & 77 — 2% R

(R TE 570, SblE RO AE S ThD. —77,
B AR R R I TAR R S A T B R E T DN R R0,

SEET RO AL, FEERREN L OFHBIE R, i
X232 FIENRALITWDAB], IRER L FiEE
[EE=1AS AN

AHETIE, EFEEROSIERLIT tone-burst JFEHE,
T BIRART I BETHHEWI L E FIZ, $IE TR HT
(LPA) Z3i AL T, BRAT MUV R Y2 M 375, v
T, FERFIH OFEFHEIZ A M BRIV T Le T — 4%
% EIZ[6], leave-one—out {EIZL DA FEERETTH. FRBIESIC
1, AN — ST I R O S BV D oy 25k
(Subspace Method; SM) & FV N7z 7].

2. REFE
L ITIRRFEO T a2 AT
21 JAXDBE

B4R BEG 551, o M7l 0w MRS, IMIEINERRE D
B ARE, ERBNOEATELD /A X GG, 2 TE

P EM 05, BALRH IS EEMO VLG & ED.

EEMOVEEZ S LT 5L T, REMIZED AT A
ZERSZENTED. e THEMIE 5L T, mkGEBHIERE

LUE/E: il 24

EEQG signal

9chE HERHEA

- Ref. T/ AT RIRE - lﬁxﬁggfﬁﬁ ‘ %wfr’agl:;é -

EiEEPooling
ARG A
B

ERMERE B2
EHAEAT L

TR R R AR, BRI R,
6318526@ed.tus.ac.jp

5 = 8 8 8 2 & &

e - " 5

2 /A XRBEREDIRIERARYMLLE (/a/)

1% D High—y # O JE¥ k5% B0 H 37728, 70Hz-180Hz
DRIFEIWT 4 V2 (BPREHNT . %12, TOMBER %D
TE TR RIE AT VR & 5 HRL Tl &, Zo A HUR
7L — DEOREAT VR NOE| & EHZET, /AR
ZEJH 9 A(noise subtraction). LA EOXLERIZIY, B % E(E
TSN O % IRy B bR BT HIENTE -, X 2 (LR
(72) LALBRS CR) DIRIE AT ML OE VR 7R T

2.2 BREFADITLPAIZEDBEARIMLOFHE

BEAERO SHERREBRAI W CHDH LA
Mo T, AT ILE—Z O T U89 T304 (Linear
Predictive Analysis; LPA) Z3# L T, #EALT MVEH IR 5]
EHHT 5. AT IVERL, BB O BT
WAZEDR T FEERDDEH 203> TNDTZD, R EE 6 2
FEG HOEREE— M) THalB 26NN, /A X%
BLT 8 WELT-(H EMBEED =T 2 Fe=24msec, 4msec
TN (P VT T Ts = 2msec)).

LPA 1%, ANHOEFAEKEREET VLT FEDO—DL
LTBRENT=FHNTHD. ZOEIZL S5 Hr(Analysis—by—
Synthesis) FIEAZRIEIZH# AT 58, MEE Fsm)IET% A
IAREANIMEF flu(m)eL, & FARE ORI A AT 58 Rk
T 4R E ay (m)EL TR D B A R HA TR TES.

s(n) = —-3Yn_gay(m)s(n —m) + fy(n) ¢Y)
CITMIEHIE TRIOWEA £ . LPA TIXE M7 4V 2155
ay(m) ZLE LY =B AENGHBEL TR, #7404
Rerk LU TR & A G 522007 4 VB AR L TR
MVEREE R DD,

2.3 EBEM I IR KBERBIESEDRE

LPA % W= AR V& RIZIE, 5~10 Hz F2EEDJE
BHEFROZ WIFAET 5. AR IS 1 3AT MV a ok
BB MR EEASEDHT0, O EMIET LR HD.
ARETIE, BT ISR L CHRRIE 7 42U 7 AT 8T
XY, ZORLEREET D, IR T 2L TUIHPIET ¢
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JLZ(Median filter)Zf L, Hi7/1% Gaussian fileter TY-i9%.

Median filter (35 H L7-IRIBA I NVERE DI, 71— 8 EL
BORE 3 7L—LGF 7T 7L —2) bR EER L,
Gaussian filter {% 1 7L —AY 7R T, B4 3 7L —AIZKLT
(1/4, 1/2, 1/4) OEZNETHZET, BHET7L— AR O
LENEAEIL, R 7% (95 (8msec) .

2.4 Pooling IZ&5EEBH IDHE

FEH BEG (5 51%, 7 r—AHEN 0 9 EMCHINIL 15D
3, BB RN O JE I B — L AR U TR R, a—
HEEILD 9 B TS EERDPBIE CTEXHIEN o7 L
ML, HENFICIOTEREEOR OV EMN R DTSN EIES
Nz, 22T 9 BEHRIKIL T, IRIEASRI ML OEFEEIZ p-
norm (p = 4) EEZEMAL, K7L — AMEICEMIEROER
#479. pooling ALERIZLY, HEFEMIZ B~ CEHIS DS EI
DOHBIERA | BEMIEREL THRAERBTRENTES.

2.5 BARIRILDHE

B D LPA 4381 D%, pooling LB CHEA LT-IRIE A~
MVERENBRRANI WV 35, BRASIILVERTCIE, A
ARIMVERITHF LT 1 BERAYA = 0 LBl KO, 2
BOYAA= 0 L7 B DT R D, ENEIUTDONTRK
SEERRAZIVEL TR 95, Zr S EINZ -0, Ak
HBL T REATMNLE IRV TR WEAICD, A
ARIMVEL T T REFIN Do T2 TH D, Ik
A= 0 L7 DS ERAT L EL TR AT DBRTIE, R
ST TS,

&  A>0 70D AAD 4+ 05 — 1T L
® A0 DD AN — b + Ik ()

3 NTIRART M — Dfla 77T,
2.6 SHEIEA

S EIER BT XA 4y 22 15 (Subspace Method; SM)Z V5.
SM 1%, F—27FRIZE T D8 =3, IRRITHER 2 22 RN AR
ETDIENENZLICE A L CERSNEFIETHD. 2ET
— XIS T T AR RBT DR GCH E M A HEL, R
— X2 MBI UIZBRIE, b RERFLELS 527
R 2B AT — X DB T DT AET . BT —Z D
2RI ERS O EROCCEI TS, kHorZ7 2% LT
RINT — X x 53T DERT, K OBLLE s, (x) ZEHS
2.

Sp(®) = Th_1(x - Ppm)? 3)

ZIZT, @m 1 Z7T7Ak OF mBEBOBEAXIMLTHY,
m=1, .. MITHEEOEFSERT. o METIE, 8
W, ANS) B — L m IEMELCEIE AT ZADBRE) 5L 461Z,
JIVEATIESUET S, fRBIOFHEEIIE BROBART L E,
JEI S R oo B 2 R B 7= Bi-linear #%1& (Bi-Spectrum) %
TL— MBI L7Z5A O 2 W OMEEETT). Tz, iAo
B, Rl T — 2RO D8 T — X OB, S
ARIMVELCHEEERBIO AR AV D[8].

o8 = 5z T45 E Tea 178

3 Ja/LBBELIEBOBARY ML

3. FHMlZEER
Ry 22 WEE V- 5 78k % leave-one-out TREANT 2.

3.1 EEBREH

RABVE 1 45y 07 a— A EN0O 9 BT RT3
A RN A D . F8BI T 5 00 & Hii 1 /zero/, Jichi/, /ni/,
/san/, /yon/, /go/, /roku/, /mana/, /hachi/, /kyw/® 10505 HIZE
FNHEHIEL, BT AMEIZBRTINY T LT —2%
WD, B ROEENILL T O 16 THiTHS.
/i/, /chi/, /ni/, /sa/, /a/, /yo/, /go/, /o/, /ro/, /ku/, /na/, /ha/,
kyw/, I/, /zel, lel

BN I RS H 7 V—T (al, 1, W, Jel, lol), BT
HHEHi 7 —7 (il Iyol, Igol, Irol, mal, /zel) , JEFE T35
i V—"7"(chi/, /sal, /ku/, /hal, /kyw) (253 TIT9. 72771,
AR FEEE, S EENIT 10 BTEadEs TF AL
72T =BT RN T HERD 11 o VaEERAL, B S
WERNC 5 BB AL C 3 BRI AL 27 —20nbT\U
JU 11 BV R]WS. £, 57 0—7Tld/na/k/ni/
7o, Bl RS OEWIIRERIREHNATHIZ LA E 2 THY,
PUF G a LT,

3.2 EERHER
Ay 2252 & S 5 L — 7 DS RS A TR 1
W RT . BRANRTMVT AR =R T B L 72> TNDTD, 3 O
DJE B HCERE 1| SOER iR E L TEIL, 3 7L —24% 1
T — Mg T HZETIEfRRN A E L.
=1 B A5, EFSBORERERE e o

B E i ArErE el | mFE-EE
AT L 43.8 43.6 38.1
Bi-Spectrum 51.2 40.0 36.3

=1 0o, BEEH, AF e EH, EFTEEHiehE
NOTN—FZDNT, FriAL—R20.0%) % 2 {FFE
RIAFERAEGHZENTET .

4. BBHYIZ

AETIE, B ARE RN D DR A VRS B A HY
L, B/ AN IR TIRI T LT — 2L C, B
N o ARy

FERCITRAYE 1 408 10 3548 T AR LR
gL, 5 FEE AT 3 [ AR L7 iMi 2 AV . R
BRI, TE% /AR DBE, LPA IZ X AHRNIE AT LAk
DEH, FBRTANZI LTI LD E RS DR,
pooling IZLAEMREDFEBZITV, BRATMVERHLT-.

BRI, I ZERIEIC I DRSS, A7 755, 51
HFEH #7 N —T7 OGN E TRt ERITT v AL
—h% 2 R ERIDRERAGDOZENTET. EBFE RN,
B AR RN L) DA MV R R, BT
TEATHZEDAINEE R TN TER, 51, WBRE 218
LU THF T — AT OB EZ 2, B RE O
PERER _E&XKD720.
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BCI Research framework based on the extraction of language-representation in speech-imagery EEG

BrH PEAET T PRI EEORERT KRR W7 OB EART B0 sED AR T ) IEIE™
Tsuneo Nitta Kentaro Fukai Kouichi Katsurada Yurie Iribe Ryo Taguchi Shunji Sugimoto Junsei Horikawa
Waseda Univ.#1 Toyohashi Univ. of Tech.#2 Tokyo Univ. of Science#3 Aichi Prefectual Univ.#4 Nagoya Institute of Tech.#5

Speech imagery, or silent speech, recognition from Electroencephalogram (EEG) is one of the challenging technologies for
non-invasive brain-computer-interface (BCI). In this report we regard the representation of language as the difference of line
spectra of syllables observed at Broker area and develop the method for extracting line spectra in EEG signal. The BCI
research framework based on the extraction of language-representation, as well as several examples of syllable investigated

using nine electrodes around Broker area, are presented.

1. LI

WA, MR PET 22 8 \Z LDMBIEZENG, &> SRERIL
o=y 7> EHi-H GE SCRBLSD RERETMRRICEDSE
S REIEINC G BRI OV TO M AN RS> H
Z[1], [2]. ZHOFI AT, BB G & 3T B) A HE &
THMEPIER THD. B5 5w (BT DRI 7E T,
FE o' — 5% G I O ik I (electrocorticogram:
ECoG) %1 HiF-DWFJE 3 4T L T B A33], SHEZ ECHLIL
7= (electroencephalogram: EEG)E 5% DR SR, &
BLESND LIS A B IR MR DT BAIICHEE D DL TN D,
ZNETOMFRETIE, “HHSENEHD EEG E 5O TEK
BICEDIACE BRI TNADN LN EFER LT T B
BIIRE T CThote. KAMETIX, SHEERITMAIMLEE
DHKSTOBEREL, ZNHORMHIEEBIR T2 L1280,
B DR & HCII S T DART LN R DT L E R T
F72, AT IVIZESL BC AR T ELR 5T — LT —
ZIZONTHIk 2,

2. RICRNhDEERR
SRR, 2P AEEE(MTG) COMEEHE R D%, S3E

LCOF T =073k FFARESTGIZ T T Thh b S
TWAB[1]. ZO#%E FRTEEI(IFG; 7 2— A28 W CH
{k(syllabication)23M T4, B A3 DOS &1L L ETEI(PG;
MEE )T E (M E )M T b [2]. & 4 48k (speech
imagery) DI GEEFEDIRNE R SiBICT 5T 3 —T 1
I, TR— BT A SRR G AR DN TESLR
SHREICRD.

21 EBRFEBA~NDT7IO—F

B CIARE B BIELS, 0 9% (4-8Hz), o I (8-14Hz), B
¥ (14-38Hz), v I (26-70HZ) 3 NS THRY, FRENIRAEE DR
HEAE SOOI TEZ, — FiEHEICADE, SENEDD
KRR % y 3 20 _E oMk (70Hz~) TEL - 7T 95
WFENREA TS,

T2 1TMMBE AT IS, TS RERGUTIRE B O & F ME
FEFERDIERHE T, DO SREOME N ORI 72 Bl
BHlEEZT-. ZHLT21E 5L tone-burst EFFIEIL, dr <o B E
BIE B DIENTIC WS TE, E-EsL Ok K13, Fiis
T 75 (reverse speech [4]) \ZBI 2 FEERMND, FERDEANIE 100

R ST R RE, R ORI R K
nitta@cs.tut.ac.jp

tone burst; f,

! m .
U0 SN
enusi e ;

f, f

BARI L

1 tone-burst E8 & RXRY MILFIK

EEEREREERETIL
{& 2R (54 L; white noise) i 3B (FER THANER S
w(n); W(k) < 1 x(n); X(k)
— | HEROAIVRBE SO | y0) = winss(n)

[ 1k S(k) X(k) = W(k)S(k) = S(k)
X(k) = F[s(n)] = F[a,d(n) + a,5(n-1) + a,5(n-2) + ... + a;5(n-p) ]
{a,} (X487 FRFRB. {x(n)}H 5 (Levinson) Durbin DHRMFZNITIXLTRDD
BEEEBEOSTETIV  HK & #7005 —

BB x(n); X(k) * ............. . ERBER (BZE)w(n); Wk

W(k) = X(k)H(k)
H(k) = W(k) / X(k) = & / X(k)

H(z)=o0 / -Z:,a‘ zi ,a,=1, 0 =x(n)® rmsfl ; $BF ARI(INE—Dz-Fil

Hk)=0 / F[1,ay, a,,..., 8y, 0,0, ...]; 0-padding THE BB I TMBELHAES S
2 BEDEKIZE DD ETIV

msec LA NIZAR 5L M2 IRICHERE CEHIENHLILTEDY,
ZOHFEFEND tone-burst (55 DOfkREF4A 32-128msec LHEHIL
7-.

1 \ZJE P D H2 D tone-burst {5 5 EF D AT MR
Z 7. tone-burst 13, WEEIZRDNES CIXIELEE THDH A3,
WIEANE 5 DYERE DI D LHNZART MV AR DN = FF
DL IO, TLE DAL T VRS T 272D DIE 5
LRSS % . LU CIE#RIE T 53 HT (Linear Predictive
Analysis; LPA)ERRART MUHIH 7RI DWW TR 5.

2.2 BT RDH(LPA)KIZE DR D 73 #7[5]
HRIET 43 T (Linear predictive analysis; LPA) %X 2 735k

BA4%. I AR MR 2 S BE IS B W IR A kT T L &
IO EER B2 G DA MNUVIEIAH D=0 043
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FIERLTWS, BRET LT, BERELTOTZ L

wn)E AL, SRERE LT DIRER DA VAN i AL mksans
s(n) EDBHIABFFITID, HRAIMEZ A 5-SH7- hi 2 LT o P .
tone-burst FED B x(n) 23 ISV A. [KINZIXJE I B sk © W/ ‘I\'w"\“ / e e
DEBLIWEK), SK), XK IR, A7 OLRARE s(n) 116 [V ThEa
T T HIEH (a0, a1, ...ap} DDA FT LA TES. N TR -k B

B CEMSNAIE xSk T ET LTI, & v
TV TH 2 BIBIE TR END, g ORF>S5E o
47159 %(Analysis-by-Synthesis; AbS). i DFF 57 L= T O o B
VAALTIE, T O B CHEBIFRE 5 Durbin {E4 @ H L T FRE W
WIE T HIRE AR D, W7 4V H— 2R TN O AT | 3 FFT 47 & LPA DD/ 2 — 2 b8 (/a/)
NaESHTT D, ZORE, BIETRIGRE(CZTIX 8 &) I 0-
padding Z i 42 & C, LD EWB O EEFHLNTE & jal - lof
%. [% 312 FFT /947 L Leis L7 LPA O3 H %753, - ‘

3. MIRAIELEZ/REROME - ‘ fil w Igo/
To—HE ALz 9 8 (3X3) OEMAEE L=, 10-20 B ‘ dowwrdin o
BCoBEmALE L ((F3, F5, F7), (FC3, FC5, FI7), (C3, : o/ . Irol
C5, T7)} T, g-tec fLDMMPEFTZ#H LT EEG {55 Z £ - ‘ ‘
L7z, T—ZEICBET 56T, CHRTIICR L TH 5. e e i i s —
RIS LPA 38T U721k, JEREER & E12xf L CHmE > = le/ :
HIVB =TT ANWT 4 S —IC LB EREEIT > : ‘ ‘ : | ‘
7o 0T, 9 EORIEANY MLV OFERIZONT, NN U U SR RN NS SO
p-norm (p=4) 2L % pooling MBEA{T~7=. Z OMLPETE R ‘ Jo/ [ 68-80-92-104-116-128-140-152-164-175 Hz |

lyo!

%, B—F ¥ VRV OIRIBASY FARIUEZIT6 LT,
JERHT 10> 1 BER Gy (R R, 36 J O 2 BEfsy (22 ith A SN R D
A 2R LT, AT bV RIS [6]. 68-80-92-104-116-128-140-152-164-175 Hz |

A A fa-i-u-e-o/ & 10 B AR O T — 2 b H e i o
T %77 Uiz, fasicu-e-of 120V Tl Z LT 4 BEORARY FL/AE—Of)

BRI HILT, LI EH T RAR T ML —
DI ERE T B LN TXS. 10 BF T FEE T,
BNCEREILT= 101 S HIT — X OREHE 7 — L % BIRLTTA BCI 7T )r—ay
Vo DR RS T AT RE L.

4O DEEOMRANT IS — e m . SR SEXRZDB | | BEARRHT DY
1% 70Hz ~176Hz OFEFHIZSAT LTS, BRASRT MU 2~5
HFEREEABIERSNDA, ZNOOERMINIIA % OFETHD. ZE1EFEDB BEHIRN)5Y—)L
KOLEMNZIE 5 S EEIOBMARI VAR LT, ZOH T
N DFFART VMR AP ZE R T 52N HE THD. 22T IR TS S e =)
MREHAlE Y —/ TINA R
RUIBInG, B REOSHHITRLEbNER, 5%, i kbl /

FHICHRA LV oA, HividkT: »0-1-2-...-9-07% _ N
TR L7 DM 1 AR L7 A B D 4 SO EEiERLE. & 6 SERRICEDCBOIHARIL—LT—Y
T — Tl B ORENEE THHN, Ktk En
AL EECHRANRT ML % —r EICEEO MBS, 5y

BB, R R, R RoRRs  F BRRRI-EICBCIFRIL—LT—Y
EOHBINTVDEN, MKICEONASERSLL T, & SIERBITHSBCIAFZEIT ALS BEZREEM T TRS,
HIlCERLAS EASVEITHS. 12151, ZhbA %, &R H AR AL speaker S SBNRDRE. DT Z IR,
BINHETHD.  FRALT ML SE— LT A S— A7 % 6 IR I =T AR, kTP OB LRI,
Thb. 2O, BT P r DR TRARZ VARSI, H AR DB, 53534 DB, B iT V7Y — L [81%HE A
L% T RPNEZ2 5 Bba[6], [7]. DLEENRBHD.

RS B 02 S AR A LB D5
ZLOFEHMERR ST 2L T, WS ISR T A AR L7 . _
P LT BTN S e o bnhRt. Mg s 5 BhYIC
R R 2R DA ELL T ¥ — AL L Tob DR RL T RO D, SRR TORA LS
B C ORI B BT BT U SIS TR B R B S A BRI L, A T A ML
B CELD. 1 LA SR COMELEE T —ANOE  CEBILARLE. 4%, BREHE RO, S0y
i S — R TR, 5k, BT — 2T, T Y LR S RO S T 20720,
DHRER S 78 B L5,
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