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Preface

Welcome to the proceedings of the 29th International Conference on Neural Information
Processing (ICONIP 2022) of the Asia-Pacific Neural Network Society (APNNS), held
virtually from Indore, India, during November 22-26, 2022.

The mission of the Asia-Pacific Neural Network Society is to promote active inter-
actions among researchers, scientists, and industry professionals who are working in
neural networks and related fields in the Asia-Pacific region. APNNS has Govern-
ing Board Members from 13 countries/regions — Australia, China, Hong Kong, India,
Japan, Malaysia, New Zealand, Singapore, South Korea, Qatar, Taiwan, Thailand, and
Turkey. The society’s flagship annual conference is the International Conference of
Neural Information Processing (ICONIP).

The ICONIP conference aims to provide a leading international forum for
researchers, scientists, and industry professionals who are working in neuroscience,
neural networks, deep learning, and related fields to share their new ideas, progress,
and achievements. Due to the current situation regarding the pandemic and international
travel, ICONIP 2022, which was planned to be held in New Delhi, India, was organized
as a fully virtual conference.

The proceedings of ICONIP 2022 consists of a multi-volume set in LNCS and
CCIS, which includes 146 and 213 papers, respectively, selected from 1003 submissions
reflecting the increasingly high quality of research in neural networks and related areas.
The conference focused on four main areas, i.e., “Theory and Algorithms,” “Cognitive
Neurosciences,” “Human Centered Computing,” and “Applications.” The conference
also had special sessions in 12 niche areas, namely

1 International Workshop on Artificial Intelligence and Cyber Security (AICS)

2. Computationally Intelligent Techniques in Processing and Analysis of Neuronal

Information (PANI)

Learning with Fewer Labels in Medical Computing (FMC)

Computational Intelligence for Biomedical Image Analysis (BIA)

5 Optimized AI Models with Interpretability, Security, and Uncertainty Estimation
in Healthcare (OAI)

6. Advances in Deep Learning for Biometrics and Forensics (ADBF)

7. Machine Learning for Decision-Making in Healthcare: Challenges and Opportuni-
ties (MDH)

8. Reliable, Robust and Secure Machine Learning Algorithms (RRS)

9. Evolutionary Machine Learning Technologies in Healthcare (EMLH)

10 High Performance Computing Based Scalable Machine Learning Techniques for
Big Data and Their Applications (HPCML)

11. Intelligent Transportation Analytics (ITA)

12. Deep Learning and Security Techniques for Secure Video Processing (DLST)

hal



vi Preface

Our great appreciation goes to the Program Committee members and the reviewers
who devoted their time and effort to our rigorous peer-review process. Their insight-
ful reviews and timely feedback ensured the high quality of the papers accepted for
publication.

The submitted papers in the main conference and special sessions were reviewed
following the same process, and we ensured that every paper has at least two high-
quality single-blind reviews. The PC Chairs discussed the reviews of every paper very
meticulously before making a final decision. Finally, thank you to all the authors of
papers, presenters, and participants, which made the conference a grand success. Your
support and engagement made it all worthwhile.

December 2022 Mohammad Tanveer
Sonali Agarwal

Seiichi Ozawa

Asif Ekbal

Adam Jatowt



Program Committee

General Chairs

M. Tanveer
Sonali Agarwal
Seiichi Ozawa

Honorary Chairs

Jonathan Chan

P. N. Suganthan

Program Chairs

Asif Ekbal
Adam Jatowt

Technical Chairs

Shandar Ahmad
Derong Liu

Special Session Chairs
Kai Qin

Kaizhu Huang

Amit Kumar Singh

Tutorial Chairs

Swagatam Das
Partha Pratim Roy

Organization

Indian Institute of Technology Indore, India
IIT Allahabad, India
Kobe University, Japan

King Mongkut’s University of Technology
Thonburi, Thailand
Nanyang Technological University, Singapore

Indian Institute of Technology Patna, India
University of Innsbruck, Austria

JNU, India
University of Chicago, USA

Swinburne University of Technology, Australia
Duke Kunshan University, China
NIT Patna, India

ISI Kolkata, India
IIT Roorkee, India



viii Organization
Finance Chairs

Shekhar Verma

Hayaru Shouno
R. B. Pachori

Publicity Chairs
Jerry Chun-Wei Lin

Chandan Gautam

Publication Chairs

Deepak Ranjan Nayak
Tripti Goel

Sponsorship Chairs

Asoke K. Talukder
Vrijendra Singh

Website Chairs

M. Arshad
Navjot Singh

Local Arrangement Chairs

Pallavi Somvanshi
Yogendra Meena
M. Javed

Vinay Kumar Gupta
Igbal Hasan

Regional Liaison Committee

Sansanee Auephanwiriyakul
Nia Kurnianingsih

Indian Institute of Information Technology
Allahabad, India

University of Electro-Communications, Japan

IIT Indore, India

Western Norway University of Applied Sciences,
Norway
A*STAR, Singapore

MNIT Jaipur, India
NIT Silchar, India

NIT Surathkal, India
IIIT Allahabad, India

IIT Indore, India
IIIT Allahabad, India

JNU, India

University of Delhi, India

IIT Allahabad, India

IIT Indore, India

National Informatics Centre, Ministry of
Electronics and Information Technology, India

Chiang Mai University, Thailand
Politeknik Negeri Semarang, Indonesia



Md Rafiqul Islam

Bharat Richhariya

Sanjay Kumar Sonbhadra
Mufti Mahmud
Francesco Piccialli

Program Committee

Balamurali A. R.
Ibrahim A. Hameed

Fazly Salleh Abas

Prabath Abeysekara

Adamu Abubakar Ibrahim
Muhammad Abulaish
Saptakatha Adak

Abhijit Adhikary

Hasin Afzal Ahmed

Rohit Agarwal

A. K. Agarwal

Fenty Eka Muzayyana Agustin
Gulfam Ahamad

Farhad Ahamed

Zishan Ahmad

Mohammad Faizal Ahmad Fauzi
Mudasir Ahmadganaie

Hasin Afzal Ahmed

Sangtae Ahn

Md. Shad Akhtar

Abdulrazak Yahya Saleh Alhababi
Ahmed Alharbi

Irfan Ali

Ali Anaissi

Ashish Anand

C. Anantaram

Nur Afny C. Andryani
Marco Anisetti

Mohd Zeeshan Ansari

J. Anuradha
Ramakrishna Appicharla

Organization ix

University of Technology Sydney, Australia
IISc Bangalore, India

Shiksha ‘O’ Anusandhan, India
Nottingham Trent University, UK
University of Naples Federico II, Italy

IITB-Monash Research Academy, India

Norwegian University of Science and Technology
(NTNU), Norway

Multimedia University, Malaysia

RMIT University, Australia

International Islamic University, Malaysia

South Asian University, India

Philips, India

King’s College, London, UK

Gauhati University, India

UiT The Arctic University of Norway, Norway

Sharda University, India

UIN Syarif Hidayatullah Jakarta, Indonesia

BGSB University, India

Kent Institute, Australia

Indian Institute of Technology Patna, India

Multimedia University, Malaysia

Indian Institute of Technology Indore, India

Gauhati University, India

Kyungpook National University, South Korea

Indraprastha Institute of Information Technology,
Delhi, India

University of Malaysia, Sarawak, Malaysia

RMIT University, Australia

Aligarh Muslim University, India

CSIRO, Australia

Indian Institute of Technology, Guwahati, India

Indraprastha Institute of Information Technology
and Tata Consultancy Services Ltd., India

Universiti Teknologi Petronas, Malaysia

Universita degli Studi di Milano, Italy

Jamia Millia Islamia, India

VIT, India

Indian Institute of Technology Patna, India



X Organization

V. N. Manjunath Aradhya
Sunil Aryal
Muhammad Awais

Mubasher Baig

Sudhansu Bala Das
Rakesh Balabantaray

Sang-Woo Ban
Tao Ban

Dibyanayan Bandyopadhyay
Somnath Banerjee
Debajyoty Banik
Mohamad Hardyman Barawi
Mahmoud Barhamgi
Kingshuk Basak

Elhadj Benkhelifa

Sudip Bhattacharya
Monowar H Bhuyan

Xu Bin

Shafaatunnur Binti Hasan
David Bong

Larbi Boubchir
Himanshu Buckchash
George Cabral

Michael Carl

Dalia Chakrabarty
Deepayan Chakraborty
Tanmoy Chakraborty
Rapeeporn Chamchong
Ram Chandra Barik
Chandrahas

Ming-Ching Chang
Shivam Chaudhary
Dushyant Singh Chauhan
Manisha Chawla

Shreya Chawla
Chun-Hao Chen

Gang Chen

JSS Science and Technology University, India

Deakin University, Australia

COMSATS University Islamabad, Wah Campus,
Pakistan

National University of Computer and Emerging
Sciences (NUCES) Lahore, Pakistan

NIT Rourkela, India

International Institute of Information Technology
Bhubaneswar, India

Dongguk University, South Korea

National Institute of Information and
Communications Technology, Japan

Indian Institute of Technology, Patna, India

University of Tartu, Estonia

Kalinga Institute of Industrial Technology, India

Universiti Malaysia, Sarawak, Malaysia

Claude Bernard Lyon 1 University, France

Indian Institute of Technology Patna, India

Staffordshire University, UK

Bhilai Institute of Technology Durg, India

Umea University, Sweden

Northwestern Polytechnical University, China

UTM, Malaysia

Universiti Malaysia Sarawak, Malaysia

University of Paris, France

UiT The Arctic University of Norway, Norway

Federal Rural University of Pernambuco, Brazil

Kent State University, USA

Brunel University London, UK

IIT Kharagpur, India

IIT Delhi, India

Mahasarakham University, Thailand

C. V. Raman Global University, India

Indian Institute of Science, Bangalore, India

University at Albany - SUNY, USA

Indian Institute of Technology Gandhinagar, India

Indian Institute of Technology Patna, India

Amazon Inc., India

Australian National University, Australia

National Kaohsiung University of Science and
Technology, Taiwan

Victoria University of Wellington, New Zealand



He Chen

Hongxu Chen

J. Chen

Jianhui Chen
Junxin Chen

Junyi Chen
Junying Chen

Lisi Chen

Mulin Chen
Xiaocong Chen
Xiaofeng Chen
Zhuangbin Chen
Long Cheng
Qingrong Cheng
Ruting Cheng
Girija Chetty
Manoj Chinnakotla
Andrew Chiou
Sung-Bae Cho
Kupsze Choi
Phatthanaphong Chomphuwiset
Fengyu Cong

Jose Alfredo Ferreira Costa
Ruxandra Liana Costea
Raphaél Couturier
Zhenyu Cui
Zhihong Cui

Juan D. Velasquez
Rukshima Dabare
Cherifi Dalila
Minh-Son Dao

Tedjo Darmanto
Debasmit Das
Dipankar Das
Niladri Sekhar Dash
Satya Ranjan Dash
Shubhajit Datta
Alok Debnath

Amir Dehsarvi

Hangyu Deng

Organization

Hebei University of Technology, China

University of Queensland, Australia

Dalian University of Technology, China

Beijing University of Technology, China

Dalian University of Technology, China

City University of Hong Kong, China

South China University of Technology, China

Hong Kong Baptist University, China

Northwestern Polytechnical University, China

University of New South Wales, Australia

Chongqing Jiaotong University, China

The Chinese University of Hong Kong, China

Institute of Automation, China

Fudan University, China

George Washington University, USA

University of Canberra, Australia

Microsoft R&D Pvt. Ltd., India

CQ University, Australia

Yonsei University, South Korea

The Hong Kong Polytechnic University, China

Mahasarakham University, Thailand

Dalian University of Technology, China

UFRN, Brazil

Polytechnic University of Bucharest, Romania

University of Franche-Comte, France

Peking University, China

Shandong University, China

University of Chile, Chile

Murdoch University, Australia

University of Boumerdes, Algeria

National Institute of Information and
Communications Technology, Japan

STMIK AMIK Bandung, Indonesia

IIT Roorkee, India

Jadavpur University, India

Indian Statistical Institute, Kolkata, India

KIIT University, India

Xi

Indian Institute of Technology, Kharagpur, India

Trinity College Dublin, Ireland

Ludwig Maximilian University of Munich,
Germany

Waseda University, Japan



xii Organization
Mingcong Deng

Zhaohong Deng
V. Susheela Devi
M. M. Dhabu

Dhimas Arief Dharmawan

Khaldoon Dhou
Gihan Dias
Nat Dilokthanakul

Tai Dinh

Gaurav Dixit
Youcef Djenouri
Hai Dong
Shichao Dong
Mohit Dua
Yijun Duan

Shiv Ram Dubey

Piotr Duda

Sri Harsha Dumpala
Hridoy Sankar Dutta
Indranil Dutta
Pratik Dutta
Rudresh Dwivedi
Heba El-Fiqi

Felix Engel

Akshay Fajge
Yuchun Fang
Mohd Fazil
Zhengyang Feng
Zunlei Feng
Mauajama Firdaus
Devi Fitrianah
Philippe Fournierviger
Wai-Keung Fung
Baban Gain
Claudio Gallicchio
Yongsheng Gao

Tokyo University of Agriculture and Technology,
Japan

Jiangnan University, China

Indian Institute of Science, Bangalore, India

VNIT Nagpur, India

Universitas Indonesia, Indonesia

Texas A&M University Central Texas, USA

University of Moratuwa, Sri Lanka

Vidyasirimedhi Institute of Science and
Technology, Thailand

Kyoto College of Graduate Studies for
Informatics, Japan

Indian Institute of Technology Roorkee, India

SINTEF Digital, Norway

RMIT University, Australia

Ping An Insurance Group, China

NIT Kurukshetra, India

Kyoto University, Japan

Indian Institute of Information Technology,
Allahabad, India

Institute of Computational
Intelligence/Czestochowa University of
Technology, Poland

Dalhousie University and Vector Institute, Canada

University of Cambridge, UK

Jadavpur University, India

Indian Institute of Technology Patna, India

Netaji Subhas University of Technology, India

UNSW Canberra, Australia

Leibniz Information Centre for Science and
Technology (TIB), Germany

Indian Institute of Technology Patna, India

Shanghai University, China

JMI, India

Shanghai Jiao Tong University, China

Zhejiang University, China

University of Alberta, Canada

Bina Nusantara University, Indonesia

Shenzhen University, China

Cardiff Metropolitan University, UK

Indian Institute of Technology, Patna, India

University of Pisa, Italy

Griffith University, Australia



Yunjun Gao
Vicente Garcia Diaz
Arpit Garg
Chandan Gautam
Yaswanth Gavini
Tom Gedeon
Tuliana Georgescu
Deepanway Ghosal
Arjun Ghosh
Sanjukta Ghosh
Soumitra Ghosh
Pranav Goel

Tripti Goel

Kah Ong Michael Goh
Kam Meng Goh

Igbal Gondal

Puneet Goyal

Vishal Goyal
Xiaotong Gu

Radha Krishna Guntur
Li Guo

Ping Guo

Yu Guo

Akshansh Gupta

Deepak Gupta

Deepak Gupta
Kamal Gupta

Kapil Gupta

Komal Gupta
Christophe Guyeux
Katsuyuki Hagiwara
Soyeon Han

Palak Handa
Rahmadya Handayanto
Ahteshamul Haq
Muhammad Haris
Harith Al-Sahaf

Md Rakibul Hasan

Mohammed Hasanuzzaman

Organization xiii

Zhejiang University, China

University of Oviedo, Spain

University of Adelaide, Australia

I2R, A*STAR, Singapore

University of Hyderabad, India

Australian National University, Australia

University of Bucharest, Romania

Indian Institute of Technology Patna, India

National Institute of Technology Durgapur, India

IIT (BHU) Varanasi, India

Indian Institute of Technology Patna, India

Bloomberg L.P.,, India

National Institute of Technology Silchar, India

Multimedia University, Malaysia

Tunku Abdul Rahman University of Management
and Technology, Malaysia

RMIT University, Australia

Indian Institute of Technology Ropar, India

Punjabi University Patiala, India

University of Tasmania, Australia

VNRVIIET, India

University of Macau, China

Beijing Normal University, China

Xi’an Jiaotong University, China

CSIR-Central Electronics Engineering Research
Institute, India

National Library of Medicine, National Institutes
of Health (NIH), USA

NIT Arunachal Pradesh, India

NIT Patna, India

PDPM IIITDM, Jabalpur, India

IIT Patna, India

University of Franche-Comte, France

Mie University, Japan

University of Sydney, Australia

IGDTUW, India

Universitas Islam 45 Bekasi, Indonesia

Aligarh Muslim University, India

Universitas Nusa Mandiri, Indonesia

Victoria University of Wellington, New Zealand

BRAC University, Bangladesh

ADAPT Centre, Ireland



Xiv Organization

Takako Hashimoto
Bipan Hazarika
Huiguang He

Wei He

Xinwei He

Enna Hirata
Akira Hirose
Katsuhiro Honda
Huy Hongnguyen
‘Wai Lam Hoo
Shih Hsiung Lee
Jiankun Hu
Yanyan Hu

Chaoran Huang
He Huang
Ko-Wei Huang

Shudong Huang
Chih-Chieh Hung
Mohamed Ibn Khedher
David Iclanzan

Cosimo leracitano

Kazushi Ikeda
Hiroaki Inoue
Teijiro Isokawa
Kokila Jagadeesh

Mukesh Jain
Fuad Jamour
Mohd. Javed

Balasubramaniam Jayaram
Jin-Tsong Jeng
Sungmoon Jeong

Yizhang Jiang
Ferdinjoe Johnjoseph
Alireza Jolfaei

Chiba University of Commerce, Japan

Gauhati University, India

Institute of Automation, Chinese Academy of
Sciences, China

University of Science and Technology Beijing,
China

University of Illinois Urbana-Champaign, USA

Kobe University, Japan

University of Tokyo, Japan

Osaka Metropolitan University, Japan

National Institute of Informatics, Japan

University of Malaya, Malaysia

National Cheng Kung University, Taiwan

UNSW @ADFA, Australia

University of Science and Technology Beijing,
China

UNSW Sydney, Australia

Soochow University, Taiwan

National Kaohsiung University of Science and
Technology, Taiwan

Sichuan University, China

National Chung Hsing University, Taiwan

IRT-SystemX, France

Sapientia Hungarian University of Transylvania,
Romania

University “Mediterranea” of Reggio Calabria,
Ttaly

Nara Institute of Science and Technology, Japan

Kobe University, Japan

University of Hyogo, Japan

Indian Institute of Information Technology,
Allahabad, India

Jawaharlal Nehru University, India

AWS, USA

Indian Institute of Information Technology,
Allahabad, India

Indian Institute of Technology Hyderabad, India

National Formosa University, Taiwan

Kyungpook National University Hospital,
South Korea

Jiangnan University, China

Thai-Nichi Institute of Technology, Thailand

Federation University, Australia



Ratnesh Joshi
Roshan Joymartis
Chen Junjie
Ashwini K.

Asoke K. Talukder

Ashad Kabir
Narendra Kadoo
Seifedine Kadry
M. Shamim Kaiser
Ashraf Kamal
Sabyasachi Kamila
Tomoyuki Kaneko
Rajkumar Kannan
Hamid Karimi
Nikola Kasabov
Dermot Kerr
Abhishek Kesarwani
Shwet Ketu

Asif Khan
Tariq Khan
Thaweesak Khongtuk

Abbas Khosravi

Thanh Tung Khuat
Junae Kim

Sangwook Kim
Mutsumi Kimura

Uday Kiran

Hisashi Koga

Yasuharu Koike

Ven Jyn Kok

Praveen Kolli

Sunil Kumar Kopparapu
Fajri Koto

Aneesh Krishna
Parameswari Krishnamurthy
Malhar Kulkarni
Abhinav Kumar
Abhishek Kumar

Amit Kumar

Organization XV

Indian Institute of Technology Patna, India

Global Academy of Technology, India

IMAU, The Netherlands

Global Academy of Technology, India

National Institute of Technology Karnataka -
Surathkal, India

Charles Sturt University, Australia

CSIR-National Chemical Laboratory, India

Noroff University College, Norway

Jahangirnagar University, Bangladesh

ACL Digital, India

Indian Institute of Technology Patna, India

University of Tokyo, Japan

Bishop Heber College, India

Utah State University, USA

AUT, New Zealand

University of Ulster, UK

NIT Rourkela, India

Shambhunath Institute of Engineering and
Technology, India

Integral University, India

UNSW, Australia

Rajamangala University of Technology
Suvarnabhumi (RMUTSB), India

Deakin University, Australia

University of Technology Sydney, Australia

DST Group, Australia

Kobe University, Japan

Ryukoku University, Japan

University of Aizu, Japan

University of Electro-Communications, Japan

Tokyo Institute of Technology, Japan

Universiti Kebangsaan Malaysia, Malaysia

Pinterest Inc, USA

Tata Consultancy Services Ltd., India

MBZUAI, UAE

Curtin University, Australia

University of Hyderabad, India

IIT Bombay, India

NIT, Patna, India

Indian Institute of Technology Patna, India

Tarento Technologies Pvt Limited, India



Xvi Organization

Nagendra Kumar
Pranaw Kumar

Puneet Kumar

Raja Kumar

Sachin Kumar

Sandeep Kumar

Sanjaya Kumar Panda
Chouhan Kumar Rath
Sovan Kumar Sahoo
Anil Kumar Singh
Vikash Kumar Singh
Sanjay Kumar Sonbhadra
Gitanjali Kumari

Rina Kumari

Amit Kumarsingh
Sanjay Kumarsonbhadra
Vishesh Kumar Tanwar

Bibekananda Kundu
Yoshimitsu Kuroki
Susumu Kuroyanagi
Retno Kusumaningrum
Dwina Kuswardani
Stephen Kwok

Hamid Laga

Edmund Lai

Weng Kin Lai

Kittichai Lavangnananda

Anwesha Law
Thao Le

Xinyi Le
Dong-Gyu Lee
Eui Chul Lee
Minho Lee

Shih Hsiung Lee

Gurpreet Lehal
Jiahuan Lei

IIT Indore, India

Centre for Development of Advanced Computing
(CDAC) Mumbai, India

Jawaharlal Nehru University, India

Taylor’s University, Malaysia

University of Delhi, India

IIT Patna, India

National Institute of Technology, Warangal, India

National Institute of Technology, Durgapur, India

Indian Institute of Technology Patna, India

IIT (BHU) Varanasi, India

VIT-AP University, India

ITER, SoA, Odisha, India

Indian Institute of Technology Patna, India

KIIT, India

National Institute of Technology Patna, India

SSITM, India

Missouri University of Science and Technology,
USA

CDAC Kolkata, India

Kurume National College of Technology, Japan

Nagoya Institute of Technology, Japan

Universitas Diponegoro, Indonesia

Institut Teknologi PLN, Indonesia

Murdoch University, Australia

Murdoch University, Australia

Auckland University of Technology, New Zealand

Tunku Abdul Rahman University of
Management & Technology (TAR UMT),
Malaysia

King Mongkut’s University of Technology
Thonburi (KMUTT), Thailand

Indian Statistical Institute, India

Deakin University, Australia

Shanghai Jiao Tong University, China

Kyungpook National University, South Korea

Sangmyung University, South Korea

Kyungpook National University, South Korea

National Kaohsiung University of Science and
Technology, Taiwan

Punjabi University, India

Meituan-Dianping Group, China



Pui Huang Leong

Chi Sing Leung
Man-Fai Leung
Bing-Zhao Li
Gang Li

Jiawei Li
Mengmeng Li
Xiangtao Li
Yang Li

Yantao Li
Yaxin Li
Yiming Li
Yuankai Li

Yun Li

Zhipeng Li
Hualou Liang
Xiao Liang
Hao Liao

Alan Wee-Chung Liew

Chern Hong Lim
Kok Lim Yau

Chin-Teng Lin

Jerry Chun-Wei Lin

Jiecong Lin
Dugang Liu
Feng Liu
Hongtao Liu
Ju Liu
Linjing Liu
Weifeng Liu

Wengiang Liu
Xin Liu

Yang Liu
Zhi-Yong Liu

Zongying Liu

Organization Xvii

Tunku Abdul Rahman University of Management
and Technology, Malaysia

City University of Hong Kong, China

Anglia Ruskin University, UK

Beijing Institute of Technology, China

Deakin University, Australia

Tsinghua University, China

Zhengzhou University, China

Jilin University, China

East China Normal University, China

Chongqing University, China

Michigan State University, USA

Tsinghua University, China

University of Science and Technology of China,
China

Nanjing University of Posts and
Telecommunications, China

Tsinghua University, China

Drexel University, USA

Nankai University, China

Shenzhen University, China

Griffith University, Australia

Monash University Malaysia, Malaysia

Universiti Tunku Abdul Rahman (UTAR),
Malaysia

UTS, Australia

Western Norway University of Applied Sciences,
Norway

City University of Hong Kong, China

Shenzhen University, China

Stevens Institute of Technology, USA

Du Xiaoman Financial, China

Shandong University, China

City University of Hong Kong, China

China University of Petroleum (East China),
China

Hong Kong Polytechnic University, China

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

Harbin Institute of Technology, China

Institute of Automation, Chinese Academy of
Sciences, China

Dalian Maritime University, China



xviii Organization

Jaime Lloret
Sye Loong Keoh
Hongtao Lu
Wenlian Lu
Xuequan Lu
Xiao Luo
Guozheng Ma

Qianli Ma

Wanli Ma

Muhammad Anwar Ma’sum
Michele Magno

Sainik Kumar Mahata
Shalni Mahato

Adnan Mahmood
Mohammed Mahmoud

Mufti Mahmud
Krishanu Maity
Mamta

Aprinaldi Mantau
Mohsen Marjani
Sanparith Marukatat
José Marfa Luna
Archana Mathur
Patrick McAllister
Piotr Milczarski
Kshitij Mishra
Pruthwik Mishra
Santosh Mishra
Sajib Mistry
Sayantan Mitra
Vinay Kumar Mittal
Daisuke Miyamoto
Kazuteru Miyazaki

U. Mmodibbo

Aditya Mogadala

Reem Mohamed

Muhammad Syafiq Mohd Pozi

Universitat Politecnica de Valencia, Spain

University of Glasgow, Singapore, Singapore

Shanghai Jiao Tong University, China

Fudan University, China

Deakin University, Australia

UCLA, USA

Shenzhen International Graduate School,
Tsinghua University, China

South China University of Technology, China

University of Canberra, Australia

Universitas Indonesia, Indonesia

University of Bologna, Italy

JU, India

Indian Institute of Information Technology (IIIT)
Ranchi, India

Macquarie University, Australia

October University for Modern Sciences & Arts -
MSA University, Egypt

University of Padova, Italy

Indian Institute of Technology Patna, India

IIT Patna, India

Kyushu Institute of Technology, Japan

Taylor’s University, Malaysia

NECTEC, Thailand

Universidad de Cérdoba, Spain

Nitte Meenakshi Institute of Technology, India

Ulster University, UK

Lodz University of Technology, Poland

IIT Patna, India

IIIT-Hyderabad, India

Indian Institute of Technology Patna, India

Curtin University, Australia

Accenture Labs, India

Neti International Research Center, India

University of Tokyo, Japan

National Institution for Academic Degrees and
Quality Enhancement of Higher Education,
Japan

Modibbo Adama University Yola, Nigeria

Saarland University, Germany

Mansoura University, Egypt

Universiti Utara Malaysia, Malaysia



Anirban Mondal
Anupam Mondal
Supriyo Mondal

J. Manuel Moreno
Francisco J. Moreno-Barea
Sakchai Muangsrinoon
Siti Anizah Muhamed

Samrat Mukherjee

Siddhartha Mukherjee

Dharmalingam Muthusamy

Abhijith Athreya Mysore
Gopinath

Harikrishnan N. B.

Usman Naseem

Deepak Nayak

Hamada Nayel
Usman Nazir

Vasudevan Nedumpozhimana

Atul Negi

Aneta Neumann

Hea Choon Ngo
Dang Nguyen

Duy Khuong Nguyen
Hoang D. Nguyen
Hong Huy Nguyen
Tam Nguyen
Thanh-Son Nguyen

Vu-Linh Nguyen

Nick Nikzad

Boda Ning

Haruhiko Nishimura
Kishorjit Nongmeikapam

Aleksandra Nowak
Stavros Ntalampiras
Anupiya Nugaliyadde

Organization Xix

University of Tokyo, Japan

Jadavpur University, India

ZBW - Leibniz Information Centre for
Economics, Germany

Universitat Politecnica de Catalunya, Spain

Universidad de Mdlaga, Spain

Walailak University, Thailand

Politeknik Sultan Salahuddin Abdul Aziz Shah,
Malaysia

Indian Institute of Technology, Patna, India

Samsung R&D Institute India, Bangalore, India

Bharathiar University, India

Pennsylvania State University, USA

BITS Pilani K K Birla Goa Campus, India

University of Sydney, Australia

Malaviya National Institute of Technology, Jaipur,
India

Benha University, Egypt

Lahore University of Management Sciences,
Pakistan

TU Dublin, Ireland

University of Hyderabad, India

University of Adelaide, Australia

Universiti Teknikal Malaysia Melaka, Malaysia

University of Canberra, Australia

FPT Software Ltd., FPT Group, Vietnam

University College Cork, Ireland

National Institute of Informatics, Japan

Leibniz University Hannover, Germany

Agency for Science, Technology and Research
(A*STAR), Singapore

Eindhoven University of Technology, Netherlands

Griffith University, Australia

Swinburne University of Technology, Australia

University of Hyogo, Japan

Indian Institute of Information Technology (IIIT)
Manipur, India

Jagiellonian University, Poland

University of Milan, Italy

Sri Lanka Institute of Information Technology,
Sri Lanka



XX Organization

Anto Satriyo Nugroho

Aparajita Ojha
Akeem Olowolayemo

Toshiaki Omori
Shih Yin Ooi

Sidali Ouadfeul
Samir Ouchani
Srinivas P. Y. K. L.
Neelamadhab Padhy
Worapat Paireekreng
Partha Pakray
Santanu Pal

Bin Pan

Rrubaa Panchendrarajan

Pankaj Pandey
Lie Meng Pang

Sweta Panigrahi
T. Pant
Shantipriya Parida
Hyeyoung Park
Md Aslam Parwez
Leandro Pasa

Kitsuchart Pasupa
Debanjan Pathak

Vyom Pathak
Sangameshwar Patil
Bidyut Kr. Patra
Dipanjyoti Paul
Sayanta Paul
Sachin Pawar
Pornntiwa Pawara
Yong Peng

Yusuf Perwej

Olutomilayo Olayemi Petinrin
Arpan Phukan

Agency for Assessment & Application of
Technology, Indonesia

PDPM IIITDM Jabalpur, India

International Islamic University Malaysia,
Malaysia

Kobe University, Japan

Multimedia University, Malaysia

Algerian Petroleum Institute, Algeria

CESI Lineact, France

IIT Sri City, India

GIET University, India

Dhurakij Pundit University, Thailand

National Institute of Technology Silchar, India

Wipro Limited, India

Nankai University, China

Sri Lanka Institute of Information Technology,
Sri Lanka

Indian Institute of Technology, Gandhinagar, India

Southern University of Science and Technology,
China

National Institute of Technology Warangal, India

IIIT Allahabad, India

Idiap Research Institute, Switzerland

Kyungpook National University, South Korea

Jamia Millia Islamia, India

Federal University of Technology - Parana
(UTFPR), Brazil

King Mongkut’s Institute of Technology
Ladkrabang, Thailand

Kalinga Institute of Industrial Technology (KIIT),
India

University of Florida, USA

TCS Research, India

IIT (BHU) Varanasi, India

Indian Institute of Technology Patna, India

Ola, India

Tata Consultancy Services Ltd., India

Mahasarakham University, Thailand

Hangzhou Dianzi University, China

Ambalika Institute of Management and
Technology (AIMT), India

City University of Hong Kong, China

Indian Institute of Technology Patna, India



Chiara Picardi
Francesco Piccialli
Josephine Plested
Krishna Reddy Polepalli
Dan Popescu

Heru Praptono

Mukesh Prasad

Yamuna Prasad

Krishna Prasadmiyapuram
Partha Pratim Sarangi
Emanuele Principi
Dimeter Prodonov
Ratchakoon Pruengkarn

Michal Ptaszynski

Narinder Singh Punn

Abhinanda Ranjit Punnakkal

Zico Pratama Putra

Zhenyue Qin

Nawab Muhammad Faseeh
Qureshi

Md Rafiqul

Saifur Rahaman

Shri Rai

Vartika Rai

Kiran Raja

Sutharshan Rajasegarar
Arief Ramadhan
Mallipeddi Rammohan
Md. Mashud Rana

Surangika Ranathunga
Soumya Ranjan Mishra
Hemant Rathore

Imran Razzak
Yazhou Ren

Motahar Reza
Dwiza Riana
Bharat Richhariya

Organization XXi

University of York, UK

University of Naples Federico II, Italy

University of New South Wales, Australia

IIIT Hyderabad, India

University Politehnica of Bucharest, Romania

Bank Indonesia/UI, Indonesia

University of Technology Sydney, Australia

Thompson Rivers University, Canada

IIT Gandhinagar, India

KIIT Deemed to be University, India

Universita Politecnica delle Marche, Italy

Imec, Belgium

College of Innovative Technology and
Engineering, Dhurakij Pundit University,
Thailand

Kitami Institute of Technology, Japan

Mayo Clinic, Arizona, USA

UiT The Arctic University of Norway, Norway

Queen Mary University of London, UK

Tencent, China

SU, South Korea

UTS, Australia

City University of Hong Kong, China

Murdoch University, Australia

IIIT Hyderabad, India

Norwegian University of Science and Technology,
Norway

Deakin University, Australia

Bina Nusantara University, Indonesia

Kyungpook National University, South Korea

Commonwealth Scientific and Industrial Research
Organisation (CSIRO), Australia

University of Moratuwa, Sri Lanka

KIT University, India

Birla Institute of Technology & Science, Pilani,
India

UNSW, Australia

University of Science and Technology of China,
China

GITAM University Hyderabad, India

STMIK Nusa Mandiri, Indonesia

BITS Pilani, India



xxii Organization

Pattabhi R. K. Rao
Heejun Roh

Vijay Rowtula
Aniruddha Roy
Sudipta Roy
Narendra S. Chaudhari
Fariza Sabrina
Debanjan Sadhya
Sumit Sah

Atanu Saha

Sajib Saha

Snehanshu Saha
Tulika Saha
Navanath Saharia

Pracheta Sahoo
Sovan Kumar Sahoo
Tanik Saikh

Naveen Saini

Fumiaki Saitoh
Rohit Salgotra
Michel Salomon
Yu Sang

Suyash Sangwan

Soubhagya Sankar Barpanda
Jose A. Santos

Kamal Sarkar

Sandip Sarkar

Naoyuki Sato

Eri Sato-Shimokawara

Sunil Saumya

Gerald Schaefer

Rafal Scherer

Arvind Selwal

Noor Akhmad Setiawan
Mohammad Shahid

Jie Shao

AU-KBC Research Centre, India

Korea University, South Korea

IIIT Hyderabad, India

IIT Kharagpur, India

Jio Institute, India

Indian Institute of Technology Indore, India
Central Queensland University, Australia
ABV-IIITM Gwalior, India

IIT Dharwad, India

Jadavpur University, India

Commonwealth Scientific and Industrial Research

Organisation, Australia

BITS Pilani K K Birla Goa Campus, India

IIT Patna, India

Indian Institute of Information Technology
Manipur, India

University of Texas at Dallas, USA

Indian Institute of Technology Patna, India

L3S Research Center, Germany

Indian Institute of Information Technology
Lucknow, India

Chiba Institute of Technology, Japan

Swansea University, UK

Univ. Bourgogne Franche-Comté, France

Research Institute of Institute of Computing
Technology, Exploration and Development,
Liaohe Oilfield, PetroChina, China

Indian Institute of Technology Patna, India

VIT-AP University, India

Ulster University, UK

Jadavpur University, India

Jadavpur University, India

Future University Hakodate, Japan

Tokyo Metropolitan University, Japan

Indian Institute of Information Technology
Dharwad, India

Loughborough University, UK

Czestochowa University of Technology, Poland

Central University of Jammu, India

Universitas Gadjah Mada, Indonesia

Aligarh Muslim University, India

University of Science and Technology of China,
China



Nabin Sharma
Raksha Sharma
Sourabh Sharma
Suraj Sharma

Ravi Shekhar
Michael Sheng
Yin Sheng

Yongpan Sheng

Liu Shenglan
Tomohiro Shibata
Iksoo Shin

Mohd Fairuz Shiratuddin
Hayaru Shouno
Sanyam Shukla

Udom Silparcha
Apoorva Singh

Divya Singh

Gitanjali Singh
Gopendra Singh

K. P. Singh

Navjot Singh

Om Singh

Pardeep Singh

Rajiv Singh

Sandhya Singh

Smriti Singh

Narinder Singhpunn
Saaveethya Sivakumar
Ferdous Sohel
Chattrakul Sombattheera
Lei Song

Lingi Song

Yuhua Song

Gautam Srivastava
Rajeev Srivastava

Jérémie Sublime

P. N. Suganthan

Organization xxiii

University of Technology Sydney, Australia

IIT Bombay, India

Avantika University, India

International Institute of Information Technology
Bhubaneswar, India

Queen Mary University of London, UK

Macquarie University, Australia

Huazhong University of Science and Technology,
China

Southwest University, China

Dalian University of Technology, China

Kyushu Institute of Technology, Japan

University of Science & Technology, China

Murdoch University, Australia

University of Electro-Communications, Japan

MANIT, Bhopal, India

KMUTT, Thailand

Indian Institute of Technology Patna, India

Central University of Bihar, India

Indian Institute of Technology Patna, India

Indian Institute of Technology Patna, India

IIIT Allahabad, India

IIIT Allahabad, India

NIT Patna, India

Jawaharlal Nehru University, India

Banasthali Vidyapith, India

Indian Institute of Technology Bombay, India

IIT Bombay, India

Mayo Clinic, Arizona, USA

Curtin University, Malaysia

Murdoch University, Australia

Mahasarakham University, Thailand

Unitec Institute of Technology, New Zealand

City University of Hong Kong, China

University of Science and Technology Beijing,
China

Brandon University, Canada

Banaras Hindu University (IT-BHU), Varanasi,
India

ISEP - Institut Supérieur d’Electronique de Paris,
France

Nanyang Technological University, Singapore



XXiv Organization

Derwin Suhartono
Indra Adji Sulistijono

John Sum

Fuchun Sun

Ning Sun

Anindya Sundar Das
Bapi Raju Surampudi

Olarik Surinta

Maria Susan Anggreainy
M. Syafrullah

Murtaza Taj

Norikazu Takahashi
Abdelmalik Taleb-Ahmed

Hakaru Tamukoh
Choo Jun Tan
Chuangi Tan
Shing Chiang Tan
Xiao Jian Tan

Xin Tan

Ying Tan
Goubhei Tanaka
Yang Tang

Zhiri Tang
Tanveer Tarray

Chee Siong Teh

Ya-Wen Teng

Gaurish Thakkar
Medari Tham
Selvarajah Thuseethan
Shu Tian

Massimo Tistarelli
Abhisek Tiwari
Uma Shanker Tiwary

Bina Nusantara University, Indonesia

Politeknik Elektronika Negeri Surabaya (PENS),
Indonesia

National Chung Hsing University, Taiwan

Tsinghua University, China

Nankai University, China

Indian Institute of Technology Patna, India

International Institute of Information Technology
Hyderabad, India

Mahasarakham University, Thailand

Bina Nusantara University, Indonesia

Universitas Budi Luhur, Indonesia

Lahore University of Management Sciences,
Pakistan

Okayama University, Japan

Polytechnic University of Hauts-de-France,
France

Kyushu Institute of Technology, Japan

Wawasan Open University, Malaysia

BIT, China

Multimedia University, Malaysia

Tunku Abdul Rahman University of Management
and Technology (TAR UMT), Malaysia

East China Normal University, China

Peking University, China

University of Tokyo, Japan

East China University of Science and Technology,
China

City University of Hong Kong, China

Islamic University of Science and Technology,
India

Universiti Malaysia Sarawak (UNIMAS),
Malaysia

Academia Sinica, Taiwan

University of Zagreb, Croatia

St. Anthony’s College, India

Sabaragamuwa University of Sri Lanka, Sri Lanka

University of Science and Technology Beijing,
China

University of Sassari, Italy

IIT Patna, India

Indian Institute of Information Technology,
Allahabad, India



Alex To

Stefania Tomasiello
Anh Duong Trinh
Enkhtur Tsogbaatar

Enmei Tu

Eiji Uchino

Prajna Upadhyay

Sahand Vahidnia

Ashwini Vaidya

Deeksha Varshney

Sowmini Devi Veeramachaneni
Samudra Vijaya

Surbhi Vijh

Nhi N. Y. Vo
Xuan-Son Vu

Anil Kumar Vuppala
Nobuhiko Wagatsuma
Feng Wan

Bingshu Wang

Dianhui Wang
Ding Wang
Guanjin Wang
Jiasen Wang
Lei Wang

Libo Wang
Meng Wang
Qiu-Feng Wang
Sheng Wang
Weiqun Wang

Wentao Wang
Yongyu Wang
Zhijin Wang
Bunthit Watanapa
Yanling Wei
Guanghui Wen
Ari Wibisono

Adi Wibowo
Ka-Chun Wong

Organization XXV

University of Sydney, Australia

University of Tartu, Estonia

Technological University Dublin, Ireland

Mongolian University of Science and Technology,
Mongolia

Shanghai Jiao Tong University, China

Yamaguchi University, Japan

IIT Delhi, India

University of New South Wales, Australia

IIT Delhi, India

Indian Institute of Technology, Patna, India

Mahindra University, India

Koneru Lakshmaiah Education Foundation, India

JSS Academy of Technical Education, Noida,
India

University of Technology Sydney, Australia

Umea University, Sweden

IIT Hyderabad, India

Toho University, Japan

University of Macau, China

Northwestern Polytechnical University Taicang
Campus, China

La Trobe University, Australia

Beijing University of Technology, China

Murdoch University, Australia

City University of Hong Kong, China

Beihang University, China

Xiamen University of Technology, China

Southeast University, China

Xi’an Jiaotong-Liverpool University, China

Henan University, China

Institute of Automation, Chinese Academy of
Sciences, China

Michigan State University, USA

Michigan Technological University, USA

Jimei University, China

KMUTT-SIT, Thailand

TU Berlin, Germany

RMIT University, Australia

Universitas Indonesia, Indonesia

Diponegoro University, Indonesia

City University of Hong Kong, China



XXVi Organization

Kevin Wong
Raymond Wong
Kuntpong Woraratpanya

Marcin WoZniak
Chengwei Wu
Jing Wu

Weibin Wu
Hongbing Xia
Tao Xiang
Qiang Xiao

Guandong Xu
Qing Xu
Yifan Xu

Junyu Xuan
Hui Xue
Saumitra Yadav
Shekhar Yadav

Sweta Yadav
Tarun Yadav

Shankai Yan
Feidiao Yang
Gang Yang
Haiqin Yang
Jianyi Yang
Jinfu Yang
Minghao Yang

Shaofu Yang
Wachira Yangyuen

Xinye Yi
Hang Yu
Wen Yu
Wenxin Yu

Zhaoyuan Yu
Ye Yuan
Xiaodong Yue

Murdoch University, Australia

Universiti Malaya, Malaysia

King Mongkut’s Institute of Technology
Ladkrabang (KMITL), Thailand

Silesian University of Technology, Poland

Harbin Institute of Technology, China

Shanghai Jiao Tong University, China

Sun Yat-sen University, China

Beijing Normal University, China

Chongqing University, China

Huazhong University of Science and Technology,
China

University of Technology Sydney, Australia

Tianjin University, China

Huazhong University of Science and Technology,
China

University of Technology Sydney, Australia

Southeast University, China

IIIT-Hyderabad, India

Madan Mohan Malaviya University of
Technology, India

University of Illinois at Chicago, USA

Defence Research and Development
Organisation, India

Hainan University, China

Microsoft, China

Renmin University of China, China

International Digital Economy Academy, China

Shandong University, China

BJUT, China

Institute of Automation, Chinese Academy of
Sciences, China

Southeast University, China

Rajamangala University of Technology Srivijaya,
Thailand

Guilin University of Electronic Technology, China

Shanghai University, China

Cinvestav, Mexico

Southwest University of Science and Technology,
China

Nanjing Normal University, China

Xi’an Jiaotong University, China

Shanghai University, China



Aizan Zafar
Jichuan Zeng
Jie Zhang
Shixiong Zhang
Tianlin Zhang
Mingbo Zhao
Shenglin Zhao
Guogiang Zhong
Jinghui Zhong
Bo Zhou
Yucheng Zhou
Dengya Zhu
Xuanying Zhu
Hua Zuo

Additional Reviewers

Acharya, Rajul

Afrin, Mahbuba
Alsuhaibani, Abdullah
Amarnath

Appicharla, Ramakrishna
Arora, Ridhi

Azar, Joseph

Bai, Weiwei

Bao, Xiwen

Barawi, Mohamad Hardyman
Bhat, Mohammad Idrees Bhat
Cai, Taotao

Cao, Feiqi

Chakraborty, Bodhi
Chang, Yu-Cheng

Chen

Chen, Jianpeng

Chen, Yong

Chhipa, Priyank

Cho, Joshua

Chongyang, Chen
Cuenat, Stéphane

Dang, Lili

Das Chakladar, Debashis
Das, Kishalay

Dey, Monalisa

Organization

Indian Institute of Technology Patna, India

Bytedance, China

Newcastle University, UK
Xidian University, China
University of Manchester, UK
Donghua University, China
Zhejiang University, China

Ocean University of China, China

XX Vil

South China University of Technology, China

Southwest University, China

University of Technology Sydney, Australia

Curtin University, Australia
ANU, Australia

University of Technology Sydney, Australia

Doborjeh, Maryam
Dong, Zhuben
Dutta, Subhabrata
Dybala, Pawel

El Achkar, Charbel
Feng, Zhengyang
Galkowski, Tomasz
Garg, Arpit
Ghobakhlou, Akbar
Ghosh, Soumitra
Guo, Hui

Gupta, Ankur
Gupta, Deepak
Gupta, Megha
Han, Yanyang
Han, Yiyan

Hang, Bin

Harshit

He, Silu

Hua, Ning

Huang, Meng
Huang, Rongting
Huang, Xiuyu
Hussain, Zawar
Imran, Javed
Islam, Md Rafiqul



XXViii Organization

Jain, Samir

Jia, Mei

Jiang, Jincen
Jiang, Xiao
Jiangyu, Wang
Jiaxin, Lou

Jiaxu, Hou
Jinzhou, Bao

Ju, Wei

Kasyap, Harsh
Katai, Zoltan
Keserwani, Prateek
Khan, Asif

Khan, Muhammad Fawad Akbar
Khari, Manju
Kheiri, Kiana
Kirk, Nathan
Kiyani, Arslan
Kolya, Anup Kumar
Krdzavac, Nenad
Kumar, Lov
Kumar, Mukesh
Kumar, Puneet
Kumar, Rahul
Kumar, Sunil

Lan, Meng
Lavangnananda, Kittichai
Li, Qian

Li, Xiaoou

Li, Xin

Li, Xinjia

Liang, Mengnan
Liang, Shuai
Liquan, Li

Liu, Boyang

Liu, Chang

Liu, Feng

Liu, Linjing

Liu, Xinglan

Liu, Xinling

Liu, Zhe

Lotey, Taveena
Ma, Bing

Ma, Zeyu
Madanian, Samaneh

Mahata, Sainik Kumar
Mahmud, Md. Redowan
Man, Jingtao

Meena, Kunj Bihari
Mishra, Pragnyaban
Mistry, Sajib

Modibbo, Umar Muhammad
Na, Na

Nag Choudhury, Somenath
Nampalle, Kishore

Nandi, Palash

Neupane, Dhiraj

Nigam, Nitika

Nigam, Swati

Ning, Jianbo

Oumer, Jehad

Pandey, Abhineet Kumar
Pandey, Sandeep

Paramita, Adi Suryaputra
Paul, Apurba

Petinrin, Olutomilayo Olayemi
Phan Trong, Dat

Pradana, Muhamad Hilmil Muchtar Aditya
Pundhir, Anshul

Rahman, Sheikh Shah Mohammad Motiur
Rai, Sawan

Rajesh, Bulla

Rajput, Amitesh Singh
Rao, Raghunandan K. R.
Rathore, Santosh Singh
Ray, Payel

Roy, Satyaki

Saini, Nikhil

Saki, Mahdi

Salimath, Nagesh

Sang, Haiwei

Shao, Jian

Sharma, Anshul

Sharma, Shivam

Shi, Jichen

Shi, Jun

Shi, Kaize

Shi, Li

Singh, Nagendra Pratap
Singh, Pritpal



Singh, Rituraj
Singh, Shrey
Singh, Tribhuvan
Song, Meilun
Song, Yuhua

Soni, Bharat
Stommel, Martin
Su, Yanchi

Sun, Xiaoxuan
Suryodiningrat, Satrio Pradono
Swarnkar, Mayank
Tammewar, Aniruddha
Tan, Xiaosu
Tanoni, Giulia
Tanwar, Vishesh
Tao, Yuwen

To, Alex

Tran, Khuong
Varshney, Ayush
Vo, Anh-Khoa
Vuppala, Anil
Wang, Hui

Wang, Kai

Wang, Rui

Wang, Xia

Wang, Yansong

Organization

Wang, Yuan
Wang, Yunhe
Watanapa, Saowaluk
Wengian, Fan
Xia, Hongbing
Xie, Weidun
Xiong, Wenxin
Xu, Zhehao
Xu, Zhikun
Yan, Bosheng
Yang, Haoran
Yang, Jie
Yang, Xin
Yansui, Song
Yu, Cunzhe
Yu, Zhuohan
Zandavi, Seid Miad
Zeng, Longbin
Zhang, Jane
Zhang, Ruolan
Zhang, Ziqi
Zhao, Chen
Zhou, Xinxin
Zhou, Zihang
Zhu, Liao
Zhu, Linghui

XXix



Contents — Part I1

Cognitive Neurosciences

Differences in Brain Activation During Physics Problem Solving Across

Students with Various Learning Progression: Electrophysiological

Evidence Based on Detrended Fluctuation Analysis ........................
Qian Wang, Hongan Wang, Huihua Deng, and Yanmei Zhu

A Dynamic, Economical, and Robust Coding Scheme in the Lateral
Prefrontal Neurons of Monkeys . ... ..........uuuuuiiiiiiiiiiaaan..
Kazuhiro Sakamoto, Naohiro Saito, Shun Yoshida, and Hajime Mushiake

Dynamic Characteristics of Micro-state Transition Defined

by Instantaneous Frequency in the Electroencephalography

of Schizophrenia Patients . ..................uiiiiiiiiiiia.
Daiya Ebina, Sou Nobukawa, Takashi Ikeda, Mitsuru Kikuchi,
and Tetsuya Takahashi

Lagrange Programming Neural Networks for Sparse Portfolio Design .........
Hao Wang, Desmond Hui, and Chi-Sing Leung

An Adaptive Convolution Auto-encoder Based on Spiking Neurons ...........
Chuanmeng Zhu, Jiagiang Jiang, Runhao Jiang, and Rui Yan

Schizophrenia Detection Based on EEG Using Recurrent Auto-encoder
Framework ... ...
Yihan Wu, Min Xia, Xiuzhu Wang, and Yangsong Zhang

Functional Roles of Amygdala and Orbitofrontal Cortex in Adaptive
Behavior . ...
Layla Chadaporn Antaket, Kazuki Hamada, and Yoshiki Kashimori

A Multiclass EEG Signal Classification Model Using Channel Interaction
Maximization and Multivariate Empirical Mode Decomposition ..............
Pankaj Kumar Jha, Anurag Tiwari, and Amrita Chaturvedi

MVNet: Memory Assistance and Vocal Reinforcement Network
for Speech Enhancement . ................uuuiiiii
Jianrong Wang, Xiaomin Li, Xuewei Li, Mei Yu, Qiang Fang, and Li Liu



XXXii Contents — Part IT

Learning Associative Reasoning Towards Systematicity Using Modular
NEtWOTKS . . oot 113
Jun-Hyun Bae, Taewon Park, and Minho Lee

Identifying Dominant Emotion in Positive and Negative Groups

of Navarasa Using Functional Brain Connectivity Patterns ................... 123
Pankaj Pandey, Richa Tripathi, Gayatri Nerpagar,
and Krishna Prasad Miyapuram

A Cerebellum-Inspired Model-Free Kinematic Control Method with RCM
CONSLIANE .« .ottt et ettt e e e 136
Xin Wang, Peng Yu, Mingzhi Mao, and Ning Tan

Instrumental Conditioning with Neuromodulated Plasticity on SpiNNaker .. ... 148
Pavan Kumar Enuganti, Basabdatta Sen Bhattacharya, Andrew Gait,
Andrew Rowley, Christian Brenninkmeijer, Donal K. Fellows,
and Stephen B. Furber

A Phenomenological Deep Oscillatory Neural Network Model to Capture

the Whole Brain Dynamics in Terms of BOLD Signal ...................... 160
Anirban Bandyopadhyay, Sayan Ghosh, Dipayan Biswas,
Raju Bapi Surampudi, and V. Srinivasa Chakravarthy

Explainable Causal Analysis of Mental Health on Social Media Data ......... 172
Chandni Saxena, Muskan Garg, and Gunjan Ansari

Brain-Inspired Attention Model for Object Counting ....................... 184
Abhijeet Sinha, Sweta Kumari, and V. Srinivasa Chakravarthy

Human Centered Computing

Emotion Detection in Unfix-Length-Context Conversation ................... 197
Xiaochen Zhang and Daniel Tang

Multi-relation Word Pair Tag Space for Joint Entity and Relation Extraction ... 207
Mingjie Sun, Lisong Wang, Tianye Sheng, Zongfeng He, and Yuhua Huang

Efficient Policy Generation in Multi-agent Systems via Hypergraph Neural
NetWOTK .. 219
Bin Zhang, Yunpeng Bai, Zhiwei Xu, Dapeng Li, and Guoliang Fan

Bring Ancient Murals Back toLife ............. ... ..o 231
Xingeng Zhu, Ying Yu, Xiaochao Deng, and Linxia Yang



Contents — Part IT

Multi-modal Rumor Detection via Knowledge-Aware Heterogeneous
Graph Convolutional Networks ............. ..o i,
Boqun Li, Zhong Qian, Peifeng Li, and Qiaoming Zhu

DAGKT: Difficulty and Attempts Boosted Graph-Based Knowledge
TraCING . oottt
Rui Luo, Fei Liu, Wenhao Liang, Yuhong Zhang, Chenyang Bu,
and Xuegang Hu

AMRE: An Attention-Based CRNN for Manchu Word Recognition
on a Woodblock-Printed Dataset ............... ...,
Zhiwei Wang, Siyang Lu, Mingquan Wang, Xiang Wei, and Yingjun Qi

High-Accuracy and Energy-Efficient Action Recognition with Deep
Spiking Neural Network .......... .. i
Jingren Zhang, Jingjing Wang, Xie Di, and Shiliang Pu

Sequence Recommendation Based on Interactive Graph Attention Network .. ..

Qi Liu, Jianxia Chen, Shuxi Zhang, Chang Liu, and Xinyun Wu

Imbalanced Equilibrium: Emergence of Social Asymmetric Coordinated
Behavior in Multi-agent Games . .. ............c.uuuuuuunnn...
Yidong Bai and Toshiharu Sugawara

Model-Based Reinforcement Learning with Self-attention Mechanism
for Autonomous Driving in Dense Traffic ............................
Junjie Wen, Zuoquan Zhao, Jingiang Cui, and Ben M. Chen

CLCDR: Contrastive Learning for Cross-Domain Recommendation
t0 Cold-Start USers ... ....ouiiietie ittt
Yanyu Chen, Yao Yao, and Wai Kin Victor Chan

Medical Visual Question Answering via Targeted Choice Contrast
and Multimodal Entity Matching .............. ... .. ... ..
Hui Guo, Lei Liu, Xiangdong Su, and Haoran Zhang

Boosting StarGANSs for Voice Conversion with Contrastive Discriminator
Shijing Si, Jianzong Wang, Xulong Zhang, Xiaoyang Qu, Ning Cheng,
and Jing Xiao

Next POI Recommendation with Neighbor and Location Popularity .....
Xianxian Li, Tianran Liu, Li-e Wang, Zhigang Sun, and Huachang Zeng

XXXiii

293



XXXIV Contents — Part II

Trustworthiness and Confidence of Gait Phase Predictions in Changing

Environments Using Interpretable Classifier Models ........................ 379
Danny Mobius, Jensun Ravichandran, Marika Kaden,
and Thomas Villmann

Enhance Gesture Recognition via Visual-Audio Modal Embedding ........... 391
Yiting Cao, Yuchun Fang, and Shiwei Xiao

Learning from Fourier: Leveraging Frequency Transformation for Emotion
ReCOZNItION . ...t 403
Bingiang Wang, Gang Dong, Yagian Zhao, and Rengang Li

Efficient Double Oracle for Extensive-Form Two-Player Zero-Sum Games .... 414
Yihong Huang, Liansheng Zhuang, Cheng Zhao, and Haonan Liu

FastThaiCaps: A Transformer Based Capsule Network for Hate Speech

Detection in Thai Language .. ...ttt 425
Krishanu Maity, Shaubhik Bhattacharya, Sriparna Saha,
Suwika Janoai, and Kitsuchart Pasupa

Author Index . ... . e 439



Cognitive Neurosciences



Differences in Brain Activation During
Physics Problem Solving Across Students
with Various Learning
Progression: Electrophysiological Evidence
Based on Detrended Fluctuation Analysis

Qian Wang', Hongan Wang', Huihua Deng', and Yanmei Zhu®2®)

! Key Laboratory of Child Development and Learning Science

(Ministry of Education), School of Biological Science and Medical Engineering,

Southeast University, Nanjing 210096, Jiangsu, China
{230179688,230219201 ,dengrcls, zhuyanmei }@seu.edu. cn
2 School of Early Childhood Education, Nanjing Xiaozhuang University,
Nanjing 211171, Jiangsu, China

Abstract. The Detrended Fluctuation Analysis is a widely used method
for analysis of non-stationary time series which has been applied to EEG
signals. However, few studies have applied this method to the assessment
of cognitive abilities in healthy groups, especially in the context of science
education. In this work, for the first time, the DFA method was applied to
analyze the EEG time series during physics problem solving. We studied
the DFA exponents on brain activation when individuals with different
learning progression were solving the physics problems, as well as the
relationship between DFA exponents and their performance. Statistical
analysis reveals that, excellent groups with the best learning progression
demonstrated the higher DFA exponents when compared the other two
groups. Since DFA provides correlations between time series in EEG, the
correlations are believed to be associated with model dynamical systems
which reflect sustained cognitive operations. The results reflected that
students in this group have developed the dynamic model systems of
physics concepts. They can extract relevant knowledge more accurately
and efficiently to build scientific models during problem-solving. The
application of DFA method in physics education context may deepen our
understanding of the neural basis of problem-solving ability and provide
a promising indicator of learning achievement.

Keywords: Physics problem solving - Electrophysiological -
Detrended Fuctuation Analysis

1 Introduction
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Problem-solving ability is widely regarded as a core skill and key competency in
science education. Problem solving is a higher order cognition process involving
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attention, reasoning, working memory, visual processing, semantic memory and
multisensory integration [1]. Despite the impressive amount of research devoted
to problem solving research in the field of science education, it is surprising that
little is known about the neural processes and brain activation during science
problem solving. In this case, research on neural features in science problem solv-
ing may have values in revealing neural correlates of knowledge representation
and scientific reasoning.

Previous studies on problem solving mainly focused on event-related changes
of EEG power, dynamic changes in EEG rhythm and neural representation
by function MRI [2-6]. Considering the sustained cognitive operations of the
problem-solving process, we presented the temporal correlations in neuronal
oscillations. Previous studies on the temporal dependency of neuronal activi-
ties have consistently showed that the fluctuations of neuronal signals at many
levels of nervous system are controlled by temporal correlations. These results
suggest that temporal correlation may represent a compromising indicator of the
competing demands of stability and information transmission in neuronal net-
works [7]. The Detrended fluctuation analysis method (DFA) is a widely used
method for analysis of non-stationary time series which has been applied to
EEG signals [8,9]. The DFA methods allows quantifying the presence of long-
and short-term correlations in time series. Until now, the DFA method has been
mostly used to distinguish between healthy and diseased human systems. How-
ever, few studies have applied this method to the assessment of cognitive abilities
in healthy groups, especially in the context of science education. In this work,
for the first time, the DFA method was applied to analyze the EEG time series
during physics problem solving. We studied the temporal correlations on brain
activation when individuals with different learning progression were solving the
physics problems, as well as the relationship between temporal correlations and
their problem-solving performance.

2 Methods

2.1 Participants

Fifty-five graduate students in Southeast University were recruited in the study.
According to their academic performance in physics, these students were divided
into three groups with various learning progression: excellent group (19 partic-
ipants; mean age = 20.63; SD = 1.50); moderate group (18 participants; mean
age = 21.28; SD = 2.32) and poor group (18 participants; mean age = 22.06; SD
= 2.12). All study procedures and research methods were carried out in accor-
dance with the Declaration of Helsinki (1964) by the World Medical Association
concerning human experimentation and were approved by the Research Ethics
Committee of Affiliated Zhongda Hospital, Southeast University, China.

2.2 Stimuli Materials and Procedure

Stimulus in this study were physics problems about the motion of a ball pass-
ing through a curved pipe. There were 160 non-repetitive physics problems for
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the participants to solve. Each trial of a task was shown by two-part stimu-
lus presentation: problem stimulus and answer stimulus including four possible
outcomes. As illustrated in Fig. 1, each trial started with the presentation of a
central fixation cross on the screen for a random of 1000-1500 ms. Then the
problem stimulus of a ball shooting into a curved pipe with certain velocity was
presented for 2000 ms. After that, the answer stimulus appeared and remained
on the screen for 5000 ms, the participants were required to choose the correct
answer from four options by pressing the responding reaction button. All trials
were presented in a random order for each participant and the task lasted approx-
imately 25 min. Participants were instructed to respond to answer stimulus as
correctly and quickly as possible.

+ Q) +
Time
Fixation cross Problem stimulus Answer stimulus Fixation cross
1000~1500 2000 max. 5000 1000~1500

160 Trials

Fig. 1. Schematic representation of an experimental trial.

2.3 EEG Data Acquisition and Data Preprocess

The EEG activity was recorded from 64 tin electrodes mounted in an elastic cap
(NeuroScan Inc., Herndon, Virginia, USA) according to the international 10-20
system. All electrode impedances were maintained below 5 kQ2. The EEG signals
were amplified and digitized using a band pass of 0.01-100 Hz and a sampling
rate 500 Hz.

After acquisition, EEG data were preprocessed under the EEGLAB and
MATLAB platform. EEG signals were re-referenced to the bilateral mastoids, fil-
tered with 30 Hz low-pass filter and a 0.1 Hz high-pass filter. trials were extracted
with the epoch of 3500 ms (1000 ms pre-stimulus and 2500 ms post-stimulus
intervals with baseline correction. Artifact rejection via independent component
analysis (ICA) was performed subsequently for each subject.

2.4 Detrended Fluctuation Analysis (DFA) and Scaling Exponents

The complex nature of the electrical brain activity results in a high degree of
spatial and temporal fluctuations in the EEG [10]. To understand the EEG
activity in a better way, it is important to characterize its fluctuations over
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different time scales. Detrended fluctuation analysis (DFA) can provide a scaling
exponent with a single metric. It is appropriate for nonlinear and non-stationary
physiological data such as EEG [9]. In our study, we used DFA to estimate
short-range temporal correlations (SRTCs) and long-range temporal correlations
(LRTCs) of EEG signals during physics problem solving.

The calculation process of DFA was divided into the following steps:

(1) Time series z(t) with length N, t =1,2,--- , N, calculating the cumula-
tive deviation and converted to the new sequence:

u(t) = Y (ali) ~ 2) (1

where Z represents mean of time series: Z = + Zivzl x(t).

(2) y(t) is divided into m non-overlapping intervals with equal length n, where
N is the interval length, namely the time scale, and m is the number of intervals
(or Windows), which is the integer part of N/n.

(3) The local trend y,(t) was obtained by the least square normal fitting for
each sequence.

(4) The local trend of each interval is removed for y(¢), and the root mean
square of the new sequence is calculated:

1 N
F(n) = NZ[W) = yn(1)]? (2)
t=1

(5) Change the size of window length n and repeat steps (2), (3) and (4) to
obtain the relationship between different window length n and its corresponding
average fluctuation F'(n). If there is power law temporal correlation in time
series, there is a linear relationship in the logarithmic graph of F'(n) and N,
which is the temporal correlation phenomenon:

F(n) ocn® (3)

where « refers to scaling exponent of DFA. In this study, we set a short-range
correlation time window length with 0.02 to 0.2s and a long-range correlation
time window length with 0.2 to 1s. The value of « represents the correlation of
time series. Also, oy refers to short-range correlation and as refers to long-range
correlation.

2.5 Data Analysis

For behavioral data, we considered two behavior measures: (1) Accuracy (ACC),
which is the percentage of correct responses phase for physics problems; and (2)
Reaction time (RT), which is the time delay from problem onset to key-press for
a correct response.

For scaling exponents of EEG data, we both selected electrodes FP1, FPZ,
FP2, F3, F1, FZ, F2, F4, FC1, FCZ, FC2, C3, C1, CZ, C2, C4, CP1, CPZ, CP2,
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P3, P1, PZ, P2, P4, PO3, POZ, PO4, O1, OZ, O2. Two-way repeated measures
analysis of variance (ANOVA) was performed on the «; and «g, with group
(excellent, moderate, poor) as the between-participants factor and with within-
participant variable of channel. Furthermore, we set electrode site 1, 3; Z and 2,
4 to represent the left, middle and right hemisphere. We performed a two-way
repeated measures analysis of variance with group as the between-participants
factor and brain region as the within-participant factor. Greenhouse-Geisser cor-
rection was applied to correct for violations of the sphericity assumption when
appropriate. We used partial eta squared (n?) as the effect size estimate. All post-
hoc tests were Bonferroni-corrected. Finally, we performed exploratory correla-
tion analyses, computing Pearson’s R between the ACC and scaling exponents
ag of 30 channels.

3 Results and Discussions

3.1 Behavior Results

The ACCs of responses phase to problems for three group (excellent, moderate,
poor) were 96.8% (SD = 0.03), 44.9% (SD = 0.11) and 19.3% (SD = 0.09),
respectively. For the RT, excellent group, moderate group and poor group were
1483.98 ms (SD = 412.23), 2520.64 ms (SD = 620.52) and 2507.68 ms (SD =
547.09), respectively. One-way ANOVA revealed that the ACCs of responses
was significantly affected by participant type, F'(2,52) = 405.31, p < .00. Post
hoc multiple comparisons showed that there were significant pairwise differences
between the three groups (ps < .00, adjusted). For the RT, the ANOVA revealed
a significant difference of three groups, F'(2,52) = 23.36, p < .00. Post hoc results
showed that there were significant differences between the excellent group and
the moderate group, the excellent group and the poor group (ps < .00, adjusted).
Our behavior findings indicated that there was a significant difference among
three groups of participant in terms of ACC and RT during physics problem
solving, and the higher the ACC of participants, the shorter the RT.

3.2 Short-Range Temporal Correlations (SRTCs: a1)

The group x channel ANOVA using «; revealed a significant effect of channel,
F(3,156) = 7.62, p = .0001, n*> = .0023, but the group effect failed to reach
statistical significant, F'(2,52) = .23, p = .79, n?> = .007. Specifically, the mean,
standard deviation and coefficient of variation of ay were 1.314+.026 (1.98%) for
excellent group, 1.32+.035 (2.65%) for moderate group, and 1.32+.023 (1.74%)
for poor group. There was no significant interaction effect, F(6,156) = .70,
p = .64, n? = .004.

The group x brain region ANOVA showed a significant effect of brain region,
F(2,86) = 13.04, p < .0001, n? = .003. There was no group effect, F'(2,52) = .24,
p = .79, n? = .008, and no significant interaction effect, F'(3,86) = 1.75, p = .16,
n? = .0007. Post hoc paired t-test results showed that in the group of poor and
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moderate, the ay of the right hemisphere and midline was significantly higher
than left hemisphere (¢t value : —3.16 ~ —2.37, ps < 0.05, Cohen’s d : —.243 ~
—.037, adjusted), but in the group of excellent, the «; of the right hemisphere
was significantly lower than midline (¢ = 2.31, p = .044, Cohen’s d = .03,
adjusted), as shown in Fig. 2. For the a;, we observed no significant difference in
group. While, the three groups of participants differed on scaling exponents in
different brain regions, and the right hemisphere and midline were higher than
the left hemisphere.

- M poor [ moderate [l excellent
’ *

165 " *

S 155 *

% *

= | *

8. 1.45 ”

X
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<

w

(@]

Left Middle Right

Fig. 2. Differences in short-range correlations (o) among three groups of participants
in different brain regions. * : p < 0.05.

3.3 Long-Range Temporal Correlations (LRTCs: a2)

The group x channel ANOVA using oy revealed a significant effect of group,
F(2,52) = 3.82, p = .028, n* = .010. Specifically, the mean, standard deviation
and coefficient of variation of ag were 1.093+.040 (3.66%) for excellent group,
1.060+.054 (5.09%) for moderate group, and 1.053+.061 (5.79%) for poor group.
The effect of channel was not significant, F'(3,177) = .85, p = .47, n* = .002, and
there was no significant interaction effect, F(6,177) = .72, p = .64, > = .004.
Post hoc unpaired multiple comparisons showed that the as of excellent group
was higher than that of the poor and moderate groups in most channels in
the midline and right hemisphere, and some of channels in the left hemisphere
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(ps < 0.05, adjusted), as shown in Fig.3. Besides, there were more channels
with significant differences in the poor group compared to the moderate group,
including three channels in the frontal lobe (FPZ, FP2, F2) and the O1 in the
occipital lobe.

EEEEE)
) )
@ @ @@
S---X
OO0
e
o ©

(a) (b)

Fig. 3. Differences in long-range correlations (az2) on different channels. Color marked
channels indicated a significant difference (p < 0.05). (a) Differences in a2 exponent
between excellent and poor was reflected in the channels marked blue color; (b) Dif-
ferences in a2 exponent between excellent and moderate was showed in the channels
with red color. (Color figure online)

The group x brain region ANOVA revealed a significant effect of group,
F(2,52) = 3.85, p = .027, n? = .012. There was no significant effect of brain
region, F'(2,77) = .87, p = .38, n* = .0002, and no significant interaction effect,
F(3,77) = .77, p = .50, n? = .0003. Post hoc unpaired multiple comparisons
showed that the agy of excellent group was higher in both midline and right
hemisphere than moderate and poor groups (ps < 0.05, adjusted), while the
difference between the poor and moderate groups was not significant (ps > 0.05,
adjusted), as shown in Fig.4. Similar to the results of group x channel, the
differences in LRTC exponents were mainly in the regions of right hemisphere
and midline. Previous researches has demonstrated that attention and inhibitory
functions during problem solving were showed on EEG oscillations in the regions
of occipital-parietal and central region [11]. This interpretation was consistent
with our results.

3.4 Correlation Between DFA Exponents and Accuracy

The Pearson correlation test showed that there was a significant positive corre-
lation between the participants’ accuracy (ACC) and the long-range correlation
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Fig. 4. Differences in long-range correlations (a2) among three groups of participants
in different brain regions. * : p < 0.05.
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Fig. 5. Correlations between DFA exponents and accuracy in different brain regions.
The results in order from left to right was: left hemisphere, midline and right hemi-
sphere. (a) Correlation between the short-range correlation exponent (a1) and accu-
racy; (b) Correlation between the short-range correlation exponent (a2) and accuracy.
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(a2) of 30 channels, as well as the long-range correlation (az) of three brain
regions. While there was no significant correlation with the short-range corre-
lation (a) of 30 channels and the three brain regions. In Fig.5 we gave the
specific results of correlation tests for the a; and as of three brain regions and
ACC. The correlation coefficient between the a; and ACC was close to 0, while
the correlation coefficient R between the ap and ACC ranged from 0.32 to 0.37,
p < .05. The midline and right hemisphere was higher than left hemisphere.
According the correlation, we speculated that LRTC may predict the ACC of
physics problem solving for participants.

4 Conclusions

In the study, we applied the DFA exponents of EEG signals to investigate the
brain activation when students with different learning progression were solv-
ing physics problem. By calculating DFA exponents at short and long scales of
observation, we explored the scale properties of the EEG time series across the
different groups, as well as underlying cognitive mechanism. The present study
demonstrates that both of the DFA exponents in participants of three groups
were greater than 1 and less than 1.5, regardless of their various learning progres-
sion. These results showed that the EEG in three groups exhibited SRTC and
LRTC with power-law behavior. Previous researches suggested that a power-law
exponent was a sign of critical state, and a brain near a critical state may oper-
ate in a more flexible and adaptive way for information transfer, processing, and
storage [12]. In our study, this indicator reflected the more flexible extraction
and processing of information during physics problem solving correspondingly.

Furthermore, the results showed that excellent groups demonstrated differ-
ences in brain activity with a higher LRT'C when compared the other two groups.
Thus, the excellent group showed a positive temporal dependence (i.e., auto-
correlation) within the signal during physics problem-solving. The long-range
temporal correlations were believed to be associated with model dynamical sys-
tems that show efficiency in learning, rapid information transfer and conception
network organization [13,14]. The results reflected that students with excellent
learning progression have developed dynamic model systems of physics concepts.
They can extract relevant knowledge more accurately and build scientific mod-
els efficiently during problem-solving. Moreover, the excellent group presented
higher DFA exponents in the regions of occipital-parietal and central region. It
implied that more attention and inhibition were inputted during physics prob-
lem solving for the excellent group. Meanwhile, we also find that a significant
positive correlation between LRTC exponents and ACC. It indicated that higher
LRTC exponents was advantageous for effective extraction and transmission of
information, thereby supporting solving physics problem correctly. This study
suggested that the application of DFA method in physics education context may
deepen our understanding of the neural basis of problem-solving ability and
provide a promising indicator of learning achievement.
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Abstract. The lateral prefrontal cortex (IPFC) plays crucial roles in
executive functions, including working memory and behavioral plan-
ning. The functions of IPFC require conservation of its limited neuronal
resources. Herein, we examined IPFC neuronal activities in monkeys dur-
ing a path-planning task that required behavioral planning and work-
ing memory. We analyzed the coding dynamics of final-goal neurons, and
found selective and sustained activities toward the final goal, reflecting
working memory. Putative excitatory pyramidal neurons shifted their
scheme from discrete to collective coding during the preparatory period of
the task, whereas inhibitory interneurons used a collective coding scheme.

Keywords: lateral prefrontal cortex - monkey - dynamic coding -
economical coding * robust coding

1 Introduction

The lateral prefrontal cortex (IPFC) plays crucial roles in executive functions,
including working memory and behavioral planning [1-3]. To integrate infor-
mation from other cortical areas and make behavioral decisions in complex,
ever-changing environments, the limited neuronal resources of IPFC should be
conserved. However, this has not yet been demonstrated in neurophysiological
studies.

Early unit studies reported that the firing of IPFC neurons in monkeys reflects
working memory processes. In particular, neurons show persistent activity for
specific memories, such as the location of a displayed cue, even after it has
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disappeared [4-6]. Other studies reported that, based on their firing rate, IPFC
neurons encode for planned behaviors [7-9]. With advances in computing power
and analytical methods, several studies have demonstrated dynamic coding in
IPFC neurons; for example, neuronal activity indicates a representational shift
from behavioral goals to specific actions [10-12]. Furthermore, our previous study
found that dynamic coding neurons also encode specific actions in a resource-
saving manner, via “axis coding” of action direction [13].
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Fig. 1. Behavioral task and classification of neurons. A. Path-planning task; each panel
indicates a single event. Green, red, and yellow squares indicate the current cursor posi-
tion, final-goal position, and movement initiation signal, respectively. The delay period
was divided into first (delay 1) and second (delay 2) halves. The path may be blocked
during the latter half. B. Distribution of spike width for all neurons. Interneurons and
pyramidal neurons were divided at the bottom of the distribution. C. Mean firing rates
of putative interneurons and pyramidal neurons; shaded areas indicate standard error
of mean (SEM). (Color figure online)
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In the present study, we evaluated whether IPFC neurons involved in work-
ing memory encode dynamic and resource-saving coding schemes. We found
that putative excitatory pyramidal neurons shift their scheme from discrete to
collective coding during the preparatory period of the path-planning task. In
comparison, inhibitory interneurons continue to operate under a collective cod-
ing scheme during the preparatory period. These results suggest that working
memory neurons in the IPFC encode memories in a dynamic, resource-saving,
and robust manner.

2 Methods

2.1 Subjects

The experiments were performed using two adult male Japanese monkeys
(Macaca fuscata). The experimental protocols were approved by the Animal Care
and Use Committee of Tohoku University (permit # 20MeA-2) and adhered to
the National Institutes of Health guidelines for the care and use of laboratory
animals, as well as with the recommendations of the Weatherall Report.

2.2 Behavioral Task and Neuronal Recording

The details of the experimental and analytical procedures have been described
previously [7,11-14].

The monkeys were trained to perform a path-planning task that required the
planning of multiple cursor movements, controlled using manipulanda, to reach a
goal within a maze (Fig. 1A). To begin the trial, the animals were required to hold
the two manipulanda in a neutral position for 1s (initial hold). Subsequently, a
cursor was presented at the center of the maze (start display). One second later,
the position of goal cursor was presented for 1s (final goal display). After a
delay (delay 1 or 2), the color of the cursor changed from green to yellow, which
served as the initiation signal (1st go). After a 1-s hold period, the next go
signal was presented (2nd go). When the cursor reached the final goal position,
animals received a reward (reward). To dissociate arm and cursor movements,
arm-cursor assignments were altered on completion of a block of 48 trials. In
> 89% of trials, monkeys reached the final goal within the minimum number of
steps (i.e., three).

We used conventional electrophysiological techniques to obtain in vivo single-
cell recordings from the IPFC region of the right hemisphere.

2.3 Data Analysis

The present study examined whether neuronal activities observed during a 4-s
preparatory period (i.e., start display, final goal display, delay 1, and delay 2)
were associated with selectivity for final or immediate goals. For this purpose,
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multiple linear regression analysis of the spike counts in each 100-ms time window
was conducted using the following formula:

firing rate = o + B x (final or immediate goals), (1)

where « is the intercept and 3 is the set of coefficients. Categorical factors for
the final goals were the four final-goal positions presented during the final goal
display period, while those for the immediate goals were the four positions of the
cursor at the first step. Therefore, three dummy variables were used for each final
and immediate goal. Accordingly, § included three coefficients. The analyses of
final and immediate goals were conducted separately. The F-value at each time
point was normalized to the significance level of the F-value (p = 0.05), and is
referred to as the normalized goal selectivity.

Neurons with immediate-goal selectivity higher than the significance level and
final-goal selectivity in a certain time period were regarded as having significant
immediate-goal selectivity, and defined as immediate-goal neurons. Final goal
neurons were defined as those with higher selectivity for final than immediate
goals through-out the preparatory period.

To explore the mechanisms underlying neuronal coding, putative interneu-
rons and pyramidal neurons were classified on the basis of the waveforms of their
action potentials [15-17]. Pyramidal neurons had a spike width of > 0.32 ms,
whereas interneurons had a spike width of < 0.32 ms (Fig. 1B). The mean firing
rate was significantly higher for interneurons than pyramidal neurons during the
preparatory period (Fig. 1C).

Table 1. Numbers of recorded neurons classified according to goal selectivity and cell
type.

Total Task-related | (Final Immediate)
Pyramidal neurons (% of PN) | 731 (82%) | 322 (79%) | 212 (82%) | 110 (74%)
Interneurons (% of IN) 156 (18%) | 85 (21%) 47 (18%) |38 (26%)
Total 887 407 259 148

3 Results

3.1 Database

We recorded neuronal activities in the IPFC of the right hemisphere of two
macaque monkeys during a path-planning task. The analyses only included neu-
ronal activity data recorded during correct trials completed within the mini-
mum number of steps. Using linear regression analysis, 887 well-isolated single
units were classified as final- or immediate-goal neurons based on the aforemen-
tioned criteria. In addition, units were classified as interneurons or pyramidal
neurons based on the spike shape (Tablel1, Fig.1B). During the preparatory
period, 148 immediate-goal neurons exhibited significant selectivity for imme-
diate goals, defined on the basis of the direction of cursor movements made by
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each monkey during the first cursor movement period. In addition, 259 final-
goal neurons exhibited significant selectivity for final, but not immediate, goals
during the same period. We focus on the detailed characteristics of final-goal
neurons (n = 259).

3.2 Example Neurons
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Fig. 2. Representative examples of putative final-goal interneurons (A-C) and pyra-
midal neurons (D-F). A. Raster plots and spike density histograms of the neuronal
activity of the interneuron for the four final goals. LU, left-up; RU, right-up; LD, left-
down; RD, right-down. B. Time course of the final-goal selectivity of the neuron. C.
Final-goal directional tunings at the times indicated by the red and blue arrows in

B, respectively. Red arrow, preferred direction and amplitude of final-goal selectivity.
(Color figure online)

The left column of Fig. 2 shows a typical example of the activity of interneurons.
In this example, the neuronal firing rate was strongly modulated by the direction



18 K. Sakamoto et al.

of the final goal displayed during the final goal display period, but the neuron
showed selective activity in the direction of the final goal during delay 2 (i.e.,
the latter half of the delay period in which some paths may be blocked). This
neuron exhibited the highest firing rate for the left-down final goal during the
preparatory period (Fig.2A). These properties were evaluated using regression
analysis (Fig. 2B). The left-sided panel of Fig. 2C shows the firing rates associated
with four final goals at the time of highest final-goal selectivity during the final
goal display period (pale-red arrow in Fig.2B). The goal-directional tuning was
vector-like; in particular, the left-down goal was highest, while its opposite, i.e.,
right-down goal, was lowest. This tuning property was preserved during the
delay 2 period (pale-blue arrow in Fig. 2B), as shown in the right-sided panel of
Fig. 2C.

The right column of Fig. 2 depicts the goal-directional tuning properties of a
representative pyramidal final-goal neuron, similar to the left column of Fig. 2.
Figure 2D illustrates the neuronal activity. The firing rate was increased when
the left-up final goal was presented during the final goal display period. However,
the tuning property changed during delays 1 and 2. In particular, the neuron
showed an increase in firing rate and changed its tuning to favor the left-down
final goal during the delay period. Figure 2E shows that there was a sustained
increase in final goal selectivity during the preparatory period. Similar to Fig. 2D,
Fig. 2F shows that the final goal tuning of this pyramidal neuron during the final
goal display period (pale-red arrow in Fig. 2E) changed from left-up to left down
during the delay 2 period (pale-blue arrow in Fig. 2E). These observations are
in contrast to those for the interneuron shown in the left column.

3.3 Dynamics of Final-Goal Representation at the Population Level

Figure 3A shows time-related changes in the mean normalized final goal selec-
tivity of interneurons (n = 47) and pyramidal neurons (n = 212). Interneu-
rons had high selectivity during the final goal display period, whereas pyrami-
dal neurons showed a gradual increase in selectivity during the delay periods.
For interneurons, the distribution of preferred final-goal was significantly biased
toward the left-down final goal (n = 36, p = 0.021, binominal test; left-sided
panel in Fig.2B). This tendency was preserved during delay 2, i.e., the distri-
bution was biased toward left-sided goals (n = 20, p = 0.021, binominal test;
right-sided panel in Fig. 2B). By contrast, pyramidal neurons did not show a
biased distribution in terms of the preferred final-goal during the final goal dis-
play period (n = 128, p = 0.23, binominal test; left-sided panel in Fig.2C),
whereas they exhibited significantly high and low distributions of the left-down
and right-up goals, respectively (n = 134, p = 3.4 x 10~ — 5 for LD, p = 0.020
for RU, binominal test; right-sided panel in Fig. 2C).

Analysis of the mean LD-component of firing rate verified the aforementioned
observations (Fig. 3D). The LD-component is defined as the LD-RU axis compo-
nent of the vector in the final-goal directional tuning plot, as shown in Fig.2 C
and F. The LD-component was calculated for each 100-ms time window and neu-
ron. Figure 3D demonstrates that interneurons exhibit biased firing toward the
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left-down goal compared to the pyramidal neurons during the final goal display
period.
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Fig. 3. Dynamics of final-goal tuning in populations of interneurons and pyramidal
neurons. A. Time-development of mean normalized final goal selectivity. B,C. Distri-
bution of the preferred final goal of interneurons (B) and pyramidal neurons (C) at the
most significant time during the final goal display and delay 2 periods, respectively.
The type and degree of distribution bias are indicated by arrow direction and length,
respectively. D. The mean LD-component of the firing rate over time. Inset, definition
of the LD-component of firing rate. E. The mean normalized final-goal selectivity of
LD-preferring neurons during the delay 2 period (shaded area). F. Percentage of neu-
rons showing significant final-goal selectivity during the delay 2 and final-goal display
periods. The time periods of the significant differences are indicated by gray bars in
(A,D,E). *** p < 0.001; ** p < 0.01; *, p < 0.5. (Color figure online)

Figure 3E and F presents the analysis of neurons that significantly preferred
the left-down goal during delay 2 (interneurons, n = 8; pyramidal neurons, n =
55). The analysis of mean normalized final-goal selectivity demonstrated strong
final-goal selectivity of interneurons during the preparatory period, while pyra-
midal neurons did not show strong final-goal selectivity during the final goal
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display period. However, pyramidal neurons exhibited an increase in final-goal
selectivity during the delay periods. The interneurons that significantly preferred
the left-down goal during the delay 2 period (n = 8) also exhibited significant
final-goal tuning during the final goal display period. In comparison, less than
half of the pyramidal neurons that exhibited significant left-down preference dur-
ing the delay 2 period showed significant final-goal selectivity during the final
goal display period (p = 0.0048, Fisher’s exact test; Fig. 3F).

4 Discussion
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Fig. 4. Coding scheme representing the direction of the final goal. A. The four final
goals. B,C. Discrete vector coding scheme and corresponding preferred direction distri-
bution. D,E. Collective vector coding scheme and preferred direction distribution. F.
Pyramidal neurons dynamically shift coding schemes during the preparatory period.
Details are provided in text.
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We investigated the tuning dynamics of final-goal-selective neurons in the IPFC
of monkeys during a path-planning task. Neuronal firing was sustained during
the preparatory period, and was modulated by the direction of the final goal.
Putative interneurons showed a biased distribution in terms of the preferred
final-goal during the preparatory period, toward the left-down direction. By
contrast, the preferred final-goal distribution of putative pyramidal neurons was
distributed evenly among the four directions during the final goal display period,
whereas it was biased toward the left-down final goal during the delay 1 and 2
periods. The dynamic tuning and biased preferred final goal of these neurons
presumably contributes to the robust and economical coding achieved by IPFC,
as discussed below.

Final-goal neurons should express are the four directions of the final goal
(Fig. 4A). The simplest coding scheme for these four directions is probably the
discrete vector coding shown in Fig. 4B, where each direction is encoded by the
on/off activity of a certain neuronal population, hereinafter referred to as the
minimal coding unit. If all these minimal coding units are in the right hemi-
sphere IPFC from which we recorded neuronal activities, the distribution of the
preferred final goals is equal among the four directions, as shown in Fig.4C.
The four final goals are represented by the activities of each minimal coding
unit. On the other hand, if the distribution of the preferred final goal is biased,
and particularly if it is biased toward a single goal direction (e.g., lower left in
our experiment), the coding scheme of the four directions is complicated and
requires certain assumptions to be met (Fig.4D, E). First, the minimal coding
unit does not simply encode information in an on/off manner. That is, it is
assumed that the maximum response is in the lower left direction (i.e., the pre-
ferred direction), and the minimum response is in the upper right direction (i.e.,
the anti-preferred direction), and the intermediate response is in the other two
directions. This is a natural assumption based on the tunings of the neuronal
examples shown in Fig. 2C and F. Second, it is assumed that there is another
minimal coding unit. Importantly, we recorded neuronal activity from the right
hemisphere only. Therefore, it was hypothesized that neurons that prefer the
lower right goal predominate in the left hemisphere. For the two-dimensional
information related to four final goals, it is natural to assume the existence of a
minimal coding unit that encodes a direction at an angle of 90° relative to the
lower left. In the present study, the coding scheme suggested by the biased pre-
ferred direction distribution is referred to as collective vector coding. As shown
in Fig. 4D, in this scheme the four goals are represented by the activity patterns
of two minimal coding units.

The final-goal selective pyramidal neurons have a discrete vector coding
scheme early in the preparatory period, and a collective vector coding scheme
late in the preparatory period (Fig.4F). Discrete vector coding may reflect the
situation where a minimal coding unit is directly driven by other cell groups,
and has the advantage of directly driving other cell groups (left panel in Fig. 4F).
However, several minimal coding units (four in the current study) are required,
and therefore do not contribute to the conservation of neural resources. On the
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other hand, collective vector coding conserves neural resources and only two
minimal coding units were required in the present study. This coding scheme
may not be suitable for driving other neuronal groups. However, it may be suf-
ficient if contextual information is provided to other neurons (right-sided panel

in Fig. 4F).
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details are presented in the text.

Although IPFC final-goal selective neurons have collective vector coding, it
is necessary to determine why it does not use two-dimensional representations
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of up-down and left-right axes. In Fig. 5A, we assumed the existence of minimal
coding units that prefer left and downward directions, respectively (hereinafter
referred to as the L-D coordinate system). The four final goals are expressed
as the combination of the on/off states of the activities. This coding scheme
is simpler and more natural than that used for the IPFC neurons, which is
presented schematically in Figs. 4D and 5B (hereinafter referred to as the LD-
RD coordinate system).

For the purpose of this discussion, we considered the coding error p of mini-
mal coding units. There is variability in the firing activity of real neurons even
under similar experimental conditions, so it is important to consider coding
errors. We also considered the probability that the neighboring final goals were
mis-encoded, to distinguish between similar behaviors. In the case of the L-D
coordinate system, the probability that neighboring final goals are accidentally
encoded, i.e., the false representation rate of neighboring goals, is 2p(1 - p), as
shown in Fig. 5A. In the case of LD-RD coordinate system, there are variations
in how coding errors occur. However, we considered a case where two out of three
possible error states of a minimal coding unit have a probability of p/2, as shown
in Fig. 5B. In this case, the rate of false representations, i.e., the rate at which
neighboring goals are accidentally encoded, is p?/2. There was no significant
qualitative change in the formula for the false representation rate of neighboring
goals in the other variants. Figure 5C shows how the false representation rate
of neighboring goals changes with the coding error rate of the minimal coding
unit. If the coding error rate of the minimal coding unit is low, the false repre-
sentation rate of neighboring goals would be lower in the LD-RD compared to
L-D coordinate system. These results suggest that the coding scheme adopted
by IPFC neurons robustly encode the information of final goals.

Previous studies showed that IPFC neurons not only exhibit dynamic repre-
sentations [10-13], but also use abstract and resource-saving coding schemes
[13,18] The present study showed that the coding scheme of IPFC neurons
is dynamic, resource-saving, and robust. The neuronal properties are useful
for decision-making and behavioral planning, because IPFC is responsible for
adapting to complex and ever-changing environments despite limited neuronal
resources.
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Abstract. Recently proposed dynamic functional connectivity (dFC)
approach, which focuses on the degree of spatial-temporal variability in
regional-pair-wise functional connectivity (FC), is able to detect neural
network alternations as the core neural basis of schizophrenia (SZ). More-
over, from the perspective of “emergence” in complex network science,
the importance of the establishment of a method to evaluate the neural
interactions in the whole brain network, not separating each pair-wise
interaction, is emphasized. We proposed the micro-state approach based
on the whole-brain instantaneous frequency distribution as one of these
methods; this approach opens a new avenue as an evaluation method to
detect cognitive function impairment and pathology. Thus, we hypothe-
sized that the application of this micro-state approach to neural activity
could detect the other aspects of brain network alterations for SZ pre-
viously elucidated in conventional FC and dFC. We applied the micro-
state approach to electroencephalography (EEG) signals of SZ patients
and healthy controls. The results revealed the alternation of dynamical
leading phase transitions between the frontal and occipital regions and
right and left hemispheric regions at the beta and gamma bands. This
alternation suggested the corpus callosum impairments and abnormal
enhancement of functional hub structure at the fast bands as topology
of whole brain functional network. Thus, our proposed micro-state app-
roach succeeded in detecting the state transition alternations concerning
SZ pathology. This approach might contribute in elucidating new aspects
of dFC, thereby resulting in the discovery of a biomarker for SZ.
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1 Introduction

Schizophrenia (SZ) is a severe, chronic, and intractable mental disorder char-
acterized by distinct positive symptoms, such as delusions, hallucinations, and
thought disorder, and negative symptoms, such as decreased or lost motivation,
emotional flatness, which impair cognitive function [1,2]. Early therapeutic inter-
vention has a significant impact on the prognosis [1]. Therefore, in addition to
the conventional diagnosis based on the medical interview, devising objective
and quantitative biomarkers is desirable to facilitate an early diagnosis. Discon-
nection of neural networks in SZ is an effective candidate for a biomarker of
SZ, since the disconnection of neural networks in brain results in SZ symptoms
according to the widely known disconnection hypothesis [3].

Studies based on electroencephalograms (EEGs) and functional magnetic res-
onance imaging (fMRI) have revealed that abnormalities in the interactions of
neural activity between brain regions, which is measured by functional connec-
tivity (FC) defined as synchronization/information flow of neural activity, reflect
the pathology of SZ [4] (reviewed in [5]). Particularly, the combination of EEG
signals with a high temporal resolution and phase synchronization approach
using the high spatial-temporal resolution by reducing the volume conduction
demonstrated the frequency-band and region-specific abnormality of FC in SZ,
i.e., SZ patients have reduced beta band FCs centered in the frontal region and
gamma band FCs throughout a wide-range of brain regions [6].

While, the temporal complexity of local neural activity in individual brain
regions strongly correlates with the global network structure of FC, such as
node degree and centrality [7,8]; therefore the complexity reflects the global
interaction of neural activity among a wide range of brain regions [6,9]. In SZ,
significant increases in complexity at slow temporal scales were identified in
the front-center-temporal regions [10]. This abnormal high complexity may be
attributed to the temporal disorganization of neural activity [10] (reviewed in
[11]). This complexity is also affected by age, symptoms, and medication [11].

In addition to FC and local regional complexity in neural activity, recent
findings of dynamic functional connectivity (dFC), defined by the degree of vari-
ation in the FC strength, demonstrated that dFC more accurately reflects the
cognitive abilities than does static FC in SZ [12]. Additionally, by combining
clustering and graph analysis methods with FC transitions in a time window,
spatial and temporal patterns of network dynamics in the whole brain have been
revealed [5,13]. In dFC evaluation by fMRI, temporal changes in the coherence
of blood oxygen level dependent (BOLD) signals in brain regions using sliding
time window analysis have been used [14]. Moreover, studies on dFC of EEG
and magnetoencephalogram (MEG) with high temporal resolution have been
conducted[15]. Considering the application of dFC to EEG and MEG, although
EEG and MEG have a higher temporal resolution than fMRI, the detection of
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instantaneous dynamics in the order of several milliseconds is challenging owing
to the sliding window process used in the dFC estimation methods [15]. To tackle
this issue, recent studies using a method called dynamical phase synchroniza-
tion (DPS), which is defined by the temporal complexity of instantaneous phase
difference of neural activity between regions, successfully detected moment-to-
moment network dynamics in dFC during aging by decomposing the EEG signal
[9].

The FC approach, including dynamic FC, focuses on pair-wise neural inter-
actions among complex brain interactions [6,9]. In the SZ, the degree of FC
at the resting state alternates; especially, in a default mode network (DMN)
exhibiting intrinsic activities, this alternation becomes significant [16]. However,
brain functions are produced in global and multiple neural activities, and not
only in local neural activity [17]. Several recent studies highlighted the impor-
tance of evaluating the brain from the perspective of “emergence” of complex
systems, where new functions are created through the interaction of multiple
elements [18]. “Emergence” research in complex network science have revealed
that merely capturing pair-wise neural interaction is insufficient for evaluating
complex neural network structures characterized as the brain [19]. Therefore, the
need to incorporate an integrated approach for capturing neural interactions of
the entire brain has been noted [18]. Considering one of these approaches, in our
recent research, from the viewpoint of “emergence”, a new micro-state method
based on the instantaneous frequency (called as IF micro-state) dynamics was
proposed, which enables the evaluation of the neural activity of the entire brain
rather than the pair-wise neural interaction between brain regions [20]. Subse-
quently, in a study on AD patients, this approach revealed that maintaining the
occipital leading phase was more difficult in the AD group than in the healthy
control group and its degree exhibits the correlation with cognitive function in
AD [20].

Thus, considering the fact that cognitive dysfunction is also a core symptom
in SZ, we hypothesized that our proposed IF micro-state approach, which can
evaluate the integration of the instantaneous frequency dynamic of the whole
brain without disassembling pair-wise neural interactions, would provide a new
understanding of the relationship between the network dynamics of SZ. To val-
idate our hypothesis, we define EEG signals as micro-states based on instan-
taneous frequencies in various frequency bands, and evaluated the dynamics of
state transitions.

2 Materials and Methods

2.1 Participants

This study employed the same participants as those in our previous study con-
cerning the abnormality of FC in SZ [6]. The SZ group consisted of 21 right-
handed participants.The age-and sex-matched healthy control group (HC) con-
sisted of 31 right-handed healthy participants. The demographic characteristics
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Table 1. Demographic characteristics of healthy controls (HC) and schizophrenia (SZ)
patients

HC S7Z p-value
Male/female 16/15 11/10 0.9566
Age, year 27.9 (8.2)]28.1 (10.1) | 0.9262
Duration of the illness, months | NA 24.2 (36.2) | NA
BPRS score NA 52.6 (13.2) | NA

Values represent mean (SD).
Abbreviation: BPRS, Brief Psychiatric Rating Scale; SD, standard
deviation.

of the two groups are summarized in Table 1. Participants with major neurolog-
ical diseases, previous electroshock or significant head trauma, or a history of
drug or alcohol dependence were excluded. The HC participants were recruited
from among staff members at the Kanazawa University Hospital and their family
members. They had no personal or family history of psychiatric or neurologi-
cal diseases, as confirmed by both a self-reported past history and a psychiatric
examination of the present mental state using the axis I criteria of the Diagnostic
and Statistical Manual-Fourth Edition (DSM-IV). Patients in the SZ group were
recruited from the outpatients of Kanazawa University Hospital and met the cri-
teria for DSM-IV SZ at the time of the study, and were subsequently diagnosed
with SZ by a specialized clinical psychiatrist. The patients were diagnosed with
SZ by an expert clinical psychiatrist. No patient had been treated with neurolep-
tics before the EEG recording. The Brief Psychiatric Rating Scale (BPRS) was
used to assess the patient’s symptoms on the day of the EEG recording. The
data were approved by the Ethics Committee of Kanazawa University and were
conducted in accordance with the aims of the Declaration of Helsinki. Moreover,
all the participants agreed to participate in the study upon understanding the
study. Informed consent was obtained from the all the participants.

2.2 EEG Recordings

EEG data were recorded from 16 electrodes in accordance with the Interna-
tional 10-20 System: Fpl, Fp2, F3, F4, Fz, F7, F8, C3, C4, P3, P4, Pz, T5,
T6, O1, and O2. The reference electrode was placed in the linked earlobes, and
eye movements during the EEG recording were monitored using an additional
electrooculogram. The impedance at each electrode was maintained below 5k€).
EEG was obtained at a sampling frequency of 200 Hz with a band pass filter
of 1.5-60 Hz, and stored for offline analysis using an 18-channel system (EEG-
44189; Nihon Kohden; Tokyo, Japan). The participants were instructed to lie
down with their eyes closed in a soundproof, light-controlled, and electrically
shielded recording room; EEG was recorded for 10-15 min in a resting-state
condition. Artifacts (e.g., muscle activities, eye movements, or blinks) were visu-
ally identified and carefully excluded. One continuous 60-s artifact-free epoch
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was extracted from every participant. A PLI study in SZ demonstrated network
abnormalities in beta and gamma bands [6]. Therefore, we focused on the whole
brain IF micro-state of the beta and gamma bands. For each epoch, band-pass
filtering was performed to isolate the conventional frequency bands as follows:
beta (13-30 Hz), and gamma (30-60 Hz) bands. The first and last 5-s epochs
were eliminated from the analysis to avoid interference related to the band pass
filtering procedure.

2.3 Estimation of the Dynamic State Based on the Instantaneous
Frequency Distribution

We defined the state of brain activity by studying the dynamics of the instan-
taneous frequencies of EEG signals. Using the time series of the instantaneous
frequencies of the EEG signals; the following process [20] was used to estimate
the state of brain activity (Fig.1).

The Hilbert transform was used to estimate the instantaneous phase 6(t)
(—m < 0 < ) for each frequency band. This instantaneous phase has a phase
noise called phase slip, which is a large deviation from the set frequency range.
Therefore, by performing median filtering, we obtained continuous instantaneous
frequencies IF(t) (—oo < IF(t) < 4o00) without phase slip. This method was
employed in our previous study [9]. Against this instantaneous frequencies IF;(t)
(i: electrode position), the frequency was Z-scored among all the electrodes. The
z-scored dIF;(t) of the HC and SZ groups were classified into & clusters by the
k-means method. Here, the center of the cluster was determined by the z-scored
dIF;(t) of HC. In this study, we set the cluster size to k = 2,3,4. We set these
cluster sizes to approximate the number of clusters generally used in micro-states
(reviewed in [21,22]).

2.4 Statistical Analysis

To evaluate the dynamic characteristics of state transitions classified by k-means,
we used the emergence probabilities of each state and its state transition prob-
ability. A t-test was used to evaluate the difference in the emergence proba-
bilities and the state transition probabilities between the HC and SZ groups.
A Benjamini-Hochberg false discovery (FDR) correction was applied to the ¢-
values for multiple comparisons of transition probabilities (size of p-values: k x k
state transitions x frequency bands), and for the emergence probabilities of IF
micro-state (size of p-values: k state x 2 frequency bands) with ¢ < 0.05.

3 Results

The parts of (a) for Figs.2, 3, and 4 demonstrate the group average for the
temporal mean dIF;(t) among the evaluation duration at the beta and gamma
bands, in the cases with cluster size k = 2, 3, 4, respectively, in the HC and SZ
groups. In the parts of (b) for Figs. 2, 3, and 4, the emergence probabilities and
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Fig.1. (a) Estimation process for instantaneous frequency time-series of electroen-

cephalography (EEG) signals. (b) Process to determine the IF micro-state time series
of EEG signals.
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Fig. 2. (a) Topographs of the mean values of the Z-scored frequency dIF;(t) in the
healthy controls (HC) and schizophrenia (SZ) groups based on the duration for each
state (#1 and #2) (cluster size k = 2, left and right parts exhibit beta and gamma
bands, respectively). In both groups, the region-specific leading phase, such as the
frontal and occipital leading, was confirmed. (b) Emergence probability of state #1 and
#2. The significant large difference between the HC and SZ groups for the emergence
probabilities were confirmed (g < 0.05), which is squared by a solid blue circle. (Color
figure online)

the t-values for these probabilities between the HC and SZ groups are shown.
Although common region-specific topological features between the HC and SZ
groups were observed, significant differences between the HC and SZ groups in
the emergence probability were identified. Particularly, in the case of cluster
size k = 2 (see Fig.2), at both the beta and gamma bands, the states for the
frontal and occipital leading phases were confirmed. The emergence probability
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Fig. 3. (a) Topographs of the mean values of Z-scored frequency dIF;(t) in the HC and
SZ groups based on the duration for each state (#1, #2, and #3) (cluster size k = 3,
left and right parts exhibit beta and gamma bands, respectively). In both the groups,
region-specific leading phase, such as the right and left frontal and occipital leading,
was confirmed. (b) Emergence probability of states #1, #2, and #3. The significant
large difference between the HC and SZ groups for the emergence probabilities was
confirmed (¢ < 0.05), which is squared by a solid blue circle. (Color figure online)
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Fig. 4. (a) Topographs of the mean values of the Z-scored frequency dIF;(t) in the HC
and SZ groups based on the duration for each state (#1, #2, #3, and #4) (cluster
size k = 4, left and right parts exhibit the beta and gamma bands, respectively). In
both the groups, region-specific leading phase, such as the right/left frontal and the
right/left occipital leading phase, was confirmed. (b) Emergence probability of state
#1, #2, #3, and #4. The significant large difference between the HC and SZ groups
for the emergence probabilities was confirmed (¢ < 0.05), which is squared by a solid
blue circle. (Color figure online)

for the frontal (occipital) leading phase of SZ significantly decreased (increased).
Considering cluster size k = 3 (see Fig. 3), at both the beta and gamma bands,
the states for the left frontal leading phase, the right frontal leading phase, and
the occipital (especially, left occipital in gamma band) leading phase were con-
firmed. The emergence probabilities of the gamma band for the left occipital
(right frontal) leading phase of SZ significantly decreased (increased). Consid-
ering cluster size k = 4 (see Fig.4), at both the beta and gamma bands, the
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Fig.5. (a) Mean values of the state transition probabilities for the beta band in the
healthy control (HC) and schizophrenia (SZ) groups. (b) t-value of the state transition
probabilities between the SZ and HC groups. A larger (smaller) ¢t-value corresponds to
a higher (lower) probability of SZ compared to that for HC. The parts surrounded by
squares indicate the t-value satisfying the criteria of Benjamini-Hochberg false discovery
correction. The probabilities of the SZ group were significantly smaller ¢ < 0.05 than
that of the HC group.

states for the left frontal leading phase, the right frontal leading phase, the left
occipital leading phase and the right occipital leading phase were confirmed. In
the beta band, the emergence probabilities for the right occipital leading phase
of SZ significantly decreased. In the gamma band, the emergence probabilities
for the left occipital leading phase of SZ significantly decreased; however, the
emergence probabilities for the left frontal and right frontal leading phase of SZ
significantly decreased.

The parts of (a) for Figs.5 and 6 demonstrate the mean of the state transi-
tion probabilities of the HC and SZ groups in the beta and gamma bands, respec-
tively. The parts of (b) for Figs. 5 and 6 demonstrate the t-values of the state tran-
sition probabilities between the HC and SZ groups. Considering the beta band (see
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Fig. 6. (a) Mean values of the state transition probabilities for the gamma band in the
healthy control (HC) and schizophrenia (SZ) groups. (b) ¢-value of the state transition
probabilities between the SZ and HC groups. A larger (smaller) t-value corresponds
to a higher (lower) probability of SZ compared to that for HC. The parts surrounded
by squares indicate the t-value satisfying the criteria of the Benjamini-Hochberg false
discovery correction. The probabilities of the SZ group were significantly smaller ¢ <
0.05 than that of the HC group.

Fig.5), the state transition probability of SZ becomes significantly larger from the
occipital to the frontal leading phase state and smaller from the occipital to the
occipital in k = 2 case, larger from the occipital to the left frontal leading phase
state, and smaller from the occipital to the occipital in k = 3 case, larger from the
right occipital to the left occipital leading phase state, and smaller from the right
occipital to the right occipital in & = 4 case. Considering the gamma band (see
Fig. 6), the state transition probability of SZ shows significantly larger transitions
to the occipital leading phase state in k& = 2, 3,4 case; becomes smaller from the
frontal to the frontal and occipital leading phase state in k = 2, smaller from the
occipital and right frontal to the right frontal leading phase state in k& = 3, and
smaller from the left occipital to the left frontal leading phase state in & = 4.
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4 Discussion and Conclusions

To reveal the neural network dynamics of the whole brain in SZ, we introduced a
method for estimating IF micro-states distribution of the whole brain using EEG.
Concerning the emergence probability of IF micro-state, the emergence proba-
bility for the state of the occipital (frontal) leading phase increased (decreased)
in the SZ groups and all the cluster sizes (k = 2,3,4). Furthermore, the alterna-
tion of the state transition probability in SZ between the frontal and occipital
leading phase state in the beta and gamma bands was observed in the case of
cluster size k = 2. Similarly, in the cluster size k = 3,4, the alternation of the
state transition probability of SZ between the right and left hemispheric leading
phase state in the beta and gamma bands was observed.

We further discussed the reason for the region specific alternation of SZ in the
emergence probability and state transition probability. In the case of cluster size
k = 2, differences were found in the frontal-occipital regions of the emergence
and state transition probability. A previous study reported the enhancement of
hub structure centering at the occipital region in the FC of the fast frequency
components of the EEG signals in SZ [23]. The hub structure plays a role in the
integration of the neural information process [24]; therefore, the enhancement
of this hub structure affects the state occipital leading phase (see the result of
k = 4 at the beta band in Fig. 4(b), the result of & = 2, 3,4 at the gamma band in
Figs. 2, 3, and 4(Db)), especially, might induce the transition of the state occipital
leading phase (see the result of k = 2,3 at the beta band in Fig. 5 and the result
of k = 2,3,4 at the gamma band in Fig. 6). Moreover, in the case of cluster
size k = 3,4, differences of the state transition probability were found in the left
and right hemispheric alterations. Many studies have suggested a decrease in the
connectivity of the corpus callosum in SZ [25]. The observed alternation of state
transition between the left and right hemispheric is considered to be attributed
to this abnormality of the corpus callosum in SZ.

Our study had certain limitations. Previous studies of hub location and
node centrality reported reduced the average centrality across hubs, shorter path
lengths, and significantly weaker centrality within frontal regions [24,26]. The
hub integrates information; however, it is currently only undirected, such as the
PLI. The high transition probability to the occipital in the SZ IF micro-state
transitions could be attributed to the centrality and hub structures. However,
in order to correspond to the leading phase state transition in this study, the
directed hub structure in the FC detected by the directed connectivity measures
typified as directed PLI and transfer entropy should be considered. Moreover,
although MEG is less clinically adaptable than EEG, applying IF-micro-state to
MEG with high spatial resolution may lead more detailed characteristics than
one for EEG. Additionally, this study used the k-means method as the most
convetional clustering method for micro-state clustering; while, other methods
such as Ward’s method and furthest neighbor method may be used to capture
the other aspects of state transitions. Thus, these points should be dealt with in
future studies.
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In conclusion, despite the limitations, our proposed IF micro-state based on

the instantaneous frequency of the EEG approach succeeded in the detection
of state transition alternations concerning SZ pathology. This approach could
contribute in the elucidation of new aspects of dFC, which results in the estab-
lishment of a biomarker for SZ.
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Abstract. Although there were some works on analog neural networks for sparse
portfolio design, the existing works do not allow us to control the number of the
selected assets and to adjust the weighting between the risk and return. This paper
proposes a Lagrange programming neural network (LPNN) model for sparse
portfolio design, in which we can control the number of selected assets. Since
the objective function of the sparse portfolio design contains a non-differentiable
{1-norm term, we cannot directly use the LPNN approach. Hence, we propose
a new formulation based on an approximation of the ¢;-norm. In the theoretical
side, we prove that state of the proposed LPNN network globally converges to
the nearly optimal solution of the sparse portfolio design. The effectiveness of
the proposed LPNN approach is verified by the numerical experiments. Simula-
tion results show that the proposed analog approach is superior to the comparison
analog neural network models.

Keywords: Lagrange programming neural network - sparse portfolio
optimization - financial data - analog neural network - analog optimization

1 Introduction

The analog neural network approach for optimization received a lot of attention in
the last several decades. The pioneering works of analog models date back to the
1980s [1,2]. In [1], the Hopfield model was proposed for several optimization prob-
lems. In [3], the analog neural approach was demonstrated to be able to solve various
quadratic optimization problems. Also, it is widely utilized in many optimization prob-
lems, such as feature selection [4] and sparse approximation [5]. Nevertheless, many
existing models were developed for solving a set of particular problems.

The Lagrange programming neural network (LPNN) approach [5-7] is a general
solver for various constrained optimization problems. Recently, the LPNN approach
was adopted in many new areas, such as sparse approximation [5], robust target local-
ization in multi-input multi-output and time-difference-of-arrival systems [6]. In these
signal processing applications, the LPNN-based solver achieves comparable or better
performance in comparison with numerical methods.
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As a cornerstone of modern finance, portfolio optimization [8,9] is a key topic. It
aims at selecting the assets to be invested and determining the percentages of invest-
ments on the selected assets. A classical approach for asset allocation is the mean-
variance (MV) portfolio selection model [8,9]. Since a dense portfolio in the MV model
creates some difficulties in asset management and high transaction costs, one of the
research directions is to construct a sparse portfolio.

There were some works using continuous time neural networks [10, 11] for sparse
portfolio design, which are the constrained pseudoconvex optimization (CPO) [10] and
the collaborative neurodynamic optimization (CNO) [11]. However, their formulations
have some limitations. They do not allow users to control the number of the selected
assets and to tune the weighting between risk and return. Hence it is interesting to
explore new neural network models to overcome the limitations.

This paper introduces a neural model, based on the LPNN concept, for the sparse
portfolio design. To achieve sparsity, there is an ¢;-norm penalty term in the objective
function. Since the ¢;-norm term is nondifferentiable, we propose a new formulation
of the LPNN framework based on an approximation of the £1-norm. On the theoretical
side, we show that the equilibrium point of the LPNN model is the optimal solution
of the sparse MV model. In addition, we show that the state of the proposed LPNN
network globally converges to the equilibrium point of the LPNN model. The effec-
tiveness of the proposed LPNN approach is verified by numerical experiments on three
data sets: Kenneth French 49 Industry (49Ind), 100 Fama French (100FF) and Standard
& Poor’s 500 (S&P 500). From the experimental results, there are no significant dif-
ferences between our analog approach and the comparison digital method. Also, our
method is superior to the two mentioned analog models, CPO and CNO.

The rest of this paper is arranged as follows. Section 2 presents the MV model and
the Lagrange programming neural network. The proposed LPNN-based algorithm for
portfolio optimization is given in Sect. 3. Section4 includes the experimental results.
Finally, conclusions are presented in Sect. 5.

2 Background

Portfolio Optimization

Consider n risky assets and the daily return matrix R € RP*" where each row vector
in R is the return vector in a particular day. Let 4 € R™ and C € R"*™ be the mean
return vectors and covariance matrix of return vectors, respectively. The classical MV
model is given by:

min  w Cw — vyuTw, st. 1Tw=1, (1)
w

where w = [wy, ..., w,|" € R™ is the portfolio weight vector, + is the risk preference
of an investor, and 1 € R"™ is a vector whose elements are ones. Element w; represents
the percentage of investment in the i-th assets. The values of w;’s can negative. Note that
“w; < 0” means that short-selling is performed on the ith asset. The optimal solution
of (1) is usually a dense vector. Also, the obtained weights are sensitive to the estimation
errors and extreme samples in R. Some researchers suggest adding an ¢;-norm penalty
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term, |||, into the objective function. The modified MV model becomes the following
non-smooth constrained optimization problem:

min = wT Cw — yuTw + pllw|1, st. 1Tw =1, (2)
w
where p > 0 is the penalty parameter. In (2), the ¢;-norm term is to compensate the
effect of outliers and to limit the number of the selected assets. Although the constrained
optimization problem, stated in (2), contains a non-differential term, we can solve it
using the alternating direction method of multipliers (ADMM) concept [12].

Lagrange Programming Neural Network
In the analog neural approach, we solve an optimization problem by deriving a num-
ber of continuous time differential equations. We use a number of neurons to hold the
values of the decision variables of the optimization problem. Those differential equa-
tions manages the state update of the neurons. After the neurons’ state converges to an
equilibrium state, we obtain the solution from the state of the neurons.

The LPNN approach aims at solving the following optimization problem:

n;in f(z), s.t. h(z)=0, 3)

where £ € R" is the collection of decision variables, f : R™ — R is the objective
function, and h : R®™ — R™ describes the m equality constraints. When f and h
should be twice differentiable, we can define the Lagrangian function:

Lz, A) = f(z) + A h(z), ©))

where A € R™ is the Lagrange multiplier vector. In a LPNN, there are two classes of
neurons, namely, variable neurons and Lagrange neurons. The variable neurons hold
the decision variable vector z, while the Lagrange neurons hold multipliers vector A.
The dynamics of those neurons are defined by

dx dA
= = —Val(@ ), and —= = VL(x,N). ©)

3 £:-LPNN for Sparse Portfolio Selection

3.1 Development of £;-LPNN

Since the #1-norm term in (2) is nondifferentiable, we cannot directly explore the LPNN
concept for sparse portfolio selection. To handle the nondifferentiable issue, we utilize
an approximation:

l h i
||w||1—2|w,|~ZM, ©)

[0
i=1

where « should be a large positive number.
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Fig. 1. Convergence examples of ¢/1-LPNN with v = 0.001.
One may concern that the approximation of In(cosh(aw)) j¢ complicated and would
be difficult to implement in an analog circuit. In fact, as shown in the rest of this section,
with this approximation, we only need to implement the derivative of this approxima-
tion, i.e., tanh(aw;). Activation function tanh(-) is a commonly used activation func-
tion in the neural network community.
With the approximation, the sparse portfolio optimization (2) becomes

min = w  Cw — ypuTw + L Z In(cosh(aw;)), st. 1Tw=1. (7)
v a =1

To explore the LPNN concept, we construct the Lagrangian of (7):

Q \

Lw,\) =w"Cw — ypuTw + \17T + 2 Z (cosh(awy;)) (8)

where A € R is the Lagrange multiplier. Applying (5) on (8), we can define the dynam-
ics for (7) as follows:

dw

e —Vuwl(w,\) = —(2Cw — vy + ptanh(aw) + Al), (9a)
% = VaL(w,\) =1Tw — 1. (9b)

Figure 1 shows the dynamics of the LPNN model on the 100FF dataset. The datasets
are described in Sect. 4. It is observed that the network can settle down within 100
characteristic times.

3.2 Properties of the Sparse MV Problem and ¢;-LPNN

Before we present the convergence properties, we first investigate how the equilibrium
point relates to the optimal solution of the optimization solution. Since the sparse MV
problem stated in (7) is convex, from basic optimization theories, we have the following
lemma.

Lemma 1. A point w* is an optimal solution of the sparse MV problem, if and only if,
there exists a \* (Lagrange multiplier), such that
2Cw* — yp + ptanh(ow) + A*1 =1, (10a)
1Tw* —1=0. (10b)
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In Lemma 1, (10) tells us the Karush Kuhn Tucker (KKT) conditions of the sparse MV
problem. Since the problem is convex, the KKT conditions are sufficient and necessary.
That means, if there exists {w™*, A* } satisfying (10), then w™ is the optimization solution
of the sparse MV problem.
For the proposed ¢1-LPNN model, at the equilibrium, we have

dw d\

at (0
Hence, we have the following lemma to describe the relationship between the optimal
solution of the sparse MV problem and the equilibrium point of the ¢;-LPNN.

Lemma 2. A point {w*, \*} is an equilibrium point of the {1-LPNN, if and only if, it
is the optimal solution of the sparse MV problem.

Proof: Let {w*, \*} be an equilibrium point of the ¢1-LPNN. From (9) and (11), at this
point, we have

2Cw* — yp + ptanh(aw) + X\*1 =1, (12a)
1Tw* —1=0. (12b)

Clearly, (12) is the same as the KKT conditions of the sparse MV problem, i.e., (12)
is the same as (10). Hence, we conclude that {w™*, A*} is an equilibrium point of the
£1-LPNN, if and only if, it is the optimal solution of the sparse MV problem. The proof
is completed. ]

3.3 Global Stability

The aforementioned subsection only tells us that an equilibrium point of our LPNN
model is the optimal solution. But it does not tell us whether the state of the network
converges to the optimal solution (equilibrium point) or not. Since the problem, stated in
(6), is convex, the optimal solutions {z*, A*} exist. In addition, from Lemmas 1 and 2,
any optimal solution corresponds to an equilibrium point. Hence, if we can prove that
the neurons’ state, according to (9), converges to an equilibrium, then the neurons’ state
converges to the optimal solution.

The rest of this section will prove that the neurons’ state, according to (9), converges
to an equilibrium. Mathematically, the convergence means that as ¢ — oo, w(t) — w*
and A\(t) — A* . Our proof has the following key points:

1. We define a scalar function V' (w, A).

2. This function is lower bounded and is radially unbounded.

3. We then prove that the time derivative V (w, \) = 4Y =0 for {w, A\} = {z*, A"},
and that V (w, \) = 4V > 0 for {w, A} # {z*, \*}.

4. From the well known Lyapunov theory, the state for any initial state {w(0), A(0)},
ast — oo, {w(t), A(t)} — {w*, \*}.
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Lyapunov function:
For our LPNN model, we define the following Lyapunov function V' (w, \):

1 1
V(w,\) = §\|20w — v + ptanh(aaw) + A1||5 + §||1Tw —1)3
1 * 1 *
ol — w5+ S = A (13)

Clearly, V(w, A) > 0. Also, {w, A} is an equilibrium point, its corresponding V is
equal to zero. Thus V' (w, \) is lower bounded. Besides, as |[w| — oo and |A\| — oo,
V(w, A) — oo. That implies that V' (w, \) is radially unbounded.

Time derivative of Lyapunov function:
We separate the Lyapunov function V' (w, \) into two parts:

V(w,\) = Vi(w, ) + Va(w, N), (14a)
1 1
Vi(w,\) = 5[[2Cw — yp + ptanh(ow) + AL[J3 + S [1Tw — 1[5, (14b)

1 1
Vaw, ) = 5w — w3+ 5[\ = 2. (140)

The derivative of V' (w, A) w.r.t. time is

V(w, \) = Vi(w, \) + Va(w, \),
_ {Wﬂw)r dw [Wr A

ow dt OX dt
[ote| e o)
ow dt oA dt
Let
g = 2Cw — yu + ptanh(aw) + A (16)
Thus, 22 = —g. The derivative Vi(w, \) w.rt. time is given by:
Vitw,\) = —g"(Ag + 1Tw — 1)1) + (1Tw — 1)gT1 = —gT Ag, (17)

where A = 2C + apB is positive definite, where B is a diagonal matrix with diagonal
elements equal to “1 + ap tanh(aw;)”.
For V5 (w, \), we have:

Va(w, \) = —g" (w — w*) + (17w — 1)(A — \*). (18)
Based on (12), Va(w, \) can be rewritten as

Va(w, \) = —(w—w*)" (2C(w—w"*)+ p(tanh(ow) —tanh(cw*))+(A—1*)1)
1T (w—w*)(A—\*)
= 2(w—-w")TCw—w*)—p(w—w*)T (tanh(cw) —tanh(cw™)) . (19)

Now we consider three cases of {w, A}.
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Fig. 2. Illustration of rolling windows.

o {w,\} = {w*, \*}:
From (12) and (16), g becomes a zero vector. Thus, from (17) and (19) Vi (w*, \*) =
Va(w*, /\*) = 0. That is, V (w*, \*) = 0.

o {w=w"\#\N}
In this case, {w, A} is not an equilibrium point. Since w = w*, we have ‘fi;‘ =0
(from (12b)), and V5 (w*,\) = 0. However, as A # A\* and the point is not an
equilibrium point, we have g # 0 and V; (w*, ) < 0 (from (17)), and V (w*, \*) <
0. Note that A is positive definite.

o {w#wh:
Clearly, for w # w*, we have g # 0 and V1('w, A) < 0. Since tanh(-) is a strictly
monotonic function, we get —p(w —w*)” (tanh(ow)—tanh(aw*)) < 0. Hence,
Va(w, \) < 0. It can be seen that V (w, \) = Vi (w, \) + Va(w, \) < 0.

From the above cases, we can conclude that V(w, \) < 0 for {w, \} # {w*,\*}
and V(w*, \*) = 0. In addition, V (w, \) is lower bounded and radially unbounded.
Therefore, V' (w, A) is a Lyapunov function for (9). The analog system has global
asymptotic stability.

4 Experiments

This section has two objectives. The first one is to verify the effectiveness of our pro-
posed LPNN method. Since we use an approximation in our LPNN method. The pur-
pose of this section is to verify whether the performances of LPNN are similar to that
of the digital numerical algorithm ¢;-ADMM [8, 12].

The second objective is to compare the performance of our LPNN with some exist-
ing analog models. Although there are no other analog models for the sparse MV prob-
lem stated in (2), there are other analog models, CPO [10] and CNO [11], for sparse
portfolio design. Hence, we compare the performance of LPNN with the CPO and
CNO. Note that the formulations of the two comparison models do not allow us to
control the number of the selected assets and to tune the weighting between risk and
return.

4.1 Settling

We consider three real-world datasets: 49Ind, 100FF and S&P500, to verify our pro-
posed model. In the 49Ind and 100FF datasets, there are 2788 trading days (3 Jan. 2005
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to 29 Jan. 2016)'. The S&P500 contains trading days 1699 days (1 May 2009 to 29
Jan 2016)°. In data preparation, suspended and newly enlisted assets within the time
period are excluded. Therefore, there are 49, 100 and 414 assets in the 49Ind, 100FF
and S&P500 datasets, respectively.

We use the rolling window approach in [8], shown in Fig.2. We use a training
window with 500 days data to generate the portfolio and then use the following 100/200
days data to evaluate its out-of-sample performance. Here the test window size is called
as “rebalancing period”.

For the LPNN approach and ¢;-ADMM, we consider three risk preferences: v =
{0.001,0.005,0.01}. The penalty parameter p ranges from 10~6 to 10~ for 49Ind and
100FF, and ranges from 10~7 to 10~* for S&P500.

Two performance indicators are used for evaluation. One is the mean daily return
(MDR) (mean daily return of test periods), denoted as p. For the 7-th testing window,
let v, € R™ be the daily return vector over the testing period, where [r,]; is the daily
return for holding the ¢-th assest for /;.5; days. The MDR is defined as

= N iyﬂn (20)

where [V, is the number of testing periods.

Another one is the Sharpe ratio, denoted as S. In finance management, a higher
return usually results in a higher risk (variation of the returns). The Sharpe ratio is an
indicator that balances the risk and return, given by

S = H, where o =
g

Z yir. — 21

where ¢ is the standard derivation of daily returns, i.e., the variation of returns.

In finance management, for two portfolios with the similar return, we should select
the one with a higher Sharpe ratio. Similarly, for two portfolios with the similar Sharpe
ratio, we should select the one with a higher return.

w -

4.2 Sparsity

The sparse portfolio design is a kind of multi-objective optimization problems. A good
portfolio should be with a small number of assets, a high return, and a high Sharpe ratio.
This subsection studies the effect of the regularization p on the number of the selected
assets.

Since the objective formulation of our LPNN model is the same as the digital numer-
ical algorithm /;-ADMM [8], the properties of LPNN should be the same as those of
the ¢1-ADMM. A property of the sparse MV problem is that we can use the regular-
ization parameter p to control the number K of the selected assets. When we increase

! http://mba.tuck.dartmouth.edu/pages/faculty/ken.french.
2 https://finance.yahoo.com.
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Fig. 3. Sparsity parameters versus the number of the selected assets.

p, the number K of the selected assets becomes small. It should be noticed that the
formulations of the CPO and the CNO models do not allow us to control the number of
the selected assets.

Figure 3 shows the regularization parameter p versus the number K of the selected
assets. Since we use the sliding window concept, the number of the selected assets
in the resultant portfolios are not integers. It can be seen that as we increase p, the
number K of the selected assets gradually decreases. On the other hand, varying the risk
parameter v and the rebalancing period does not affect the number K of the selected
assets. From the figure, there are no significant differences among the LPNN and /; -
ADMM. It is because these two algorithms come from the same formulation. Also, the
figure confirms that the solutions obtained from our LPNN model are similar to those
obtained from the digital /;-ADMM algorithm.

Since the formulations of the CPO and the CNO models do not allow us to control
the number of the selected assets, the numbers of the selected assets in the CPO and the
CNO models are constants for a setting. For example, in the S&P500 dataset with the
rebalancing period of 100 days, the numbers of selected assets in the CPO and the CNO
models are 32.8 and 29.4, respectively.

4.3 Performance: Verification and Comparison

Figures 4 and 5 show the return and Sharpe ratio under various settings. From the fig-
ures, we can observe that in terms of return and Sharpe ratio, there are no significant
differences between our proposed analog LPNN method and the /;-ADMM method (a
digital numerical method). Hence, we can conclude that our analog LPNN method is a
good alternative for sparse portfolio optimization.

In the rest of this subsection, we discuss the influence of settings on the performance
indicators (return and Sharpe ratio), and the comparison between our LPNN model and
the two comparison analog models (CPO and CNO).
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Return and Sharpe Ratio. For the daily return, there is no general trend on various
values of K. For instance, in the 49Ind dataset, using less assets leads to a better daily
return, as shown in the first row of Fig. 4. However, for the 100FF dataset and the SP500
dataset using more assets leads to a better daily return, as shown in the second and third
rows of Fig. 4. In general, increasing the risk parameter -y leads to better return.

For the Sharpe ratio shown in Fig. 5, there is no a general trend on various values
of K and ~y. For example, in the “49Ind dataset” with rebalancing periods of 100 or
200, in order to maximize the Sharpe ratio, we should use around 10-20 assets, i.e. K
around 10-20, and should set y to 0.01, as shown in the first row of Fig. 5. On the other
hand, in the “S&P500 dataset” with rebalancing period of 200, in order to maximize
the Sharpe ratio, we should use around 100-150 assets and set v to 0.001, as shown in
the third row of Fig. 5.

In the sparse portfolio design, there are three goals: minimizing the number of the
selected assets, maximizing return and maximizing Sharpe ratio, Investors have their
preferences on those goals. For example, for the “S&P500 dataset”, if an investor would
like to maximize the Sharpe ratio, they should use around 100-150 assets with the
rebalancing period equal to 200 days, as shown in the third row of Fig. 5.

Comparison with Other Analog Models. Now we focus on the discussion on the
comparison among the three analog models: our LPNN mode, CPO and CNO. In the
“100FF dataset”, shown in Figs.4-5, our two proposed LPNN model is much better
than the CNO and CPO models. For example, with the rebalancing period of 100 days,
the return and Sharpe ratio of CNO are 0.0166 % (the second row of Fig. 4) and 0.1202
(the second row of Fig.5), respectively. They are much lower than those of our LPNN
model. For the CPO model, the return and Sharpe ratio are 0.0412 % (the second row
of Fig. 4) and 0.3237 (the second row of Fig. 5), respectively. They are much lower than
those of our models with « equal to 0.005 and 0.01.

In the “49InD dataset”, the return and the Sparpe ratio of CPO are pretty low and
we focus on the discuss on the comparison between CNO and our LPNN model. With
the rebalancing period of 100 days, the return and the Sharpe ratio of CNO are 0.03576
% and 0.4378, respectively, as shown in the first row of Fig. 4 and the first row of Fig. 5.
Also, the number of the selected assets from the CNO is around 18. Clearly, from the
figures, our LPNN model has better performance with less assets. With the rebalancing
period of 100 days, when we use 10 assets and set -y to 0.01 in our LPNN model, the
return and the Sharpe ratio of our model are 0.037 % and 0.5227, respectively, as shown
in the first row of Fig. 4 and the first row of Fig. 5. These values are better than those of
CNO.

In the “S&P500 data set”, again, the return and the Sparpe ratio of CPO are pretty
low. Hence we focus on the comparison between CNO and our LPNN model. For the
rebalancing period of 100 days the return and the Sharpe ratio of CNO are equal to
0.0427 % and 0.61825, respectively, as shown in the first row of Fig.4 and the first
row of Fig.5. Also, the number of the selected assets of CNO is around 30. Clearly,
the performances of our model are better than those of CNO. For instance, for the
rebalancing period of 100 days in our LPNN model, we can use 38 assets with vy equal
to 0.01. With this setting, the return and the Sharpe ratio of our LPNN model are equal
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to 0.0530 % and 0.8314, respectively. Of course, if investors would like to use more
assets, such as around 120 assets, then the return and the Sharpe ratio of our LPNN are
much better. They are equal to 0.1122 % and 1.6874, respectively.

5 Conclusion

This paper presented a LPNN-based approach for solving the sparse MV problem. We
showed that the proposed analog algorithm is able to find out the optimal solution of the
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sparse MV problem, and that our algorithm is globally convergent. Numerical exper-
iments were carried out to verify our proposed algorithm based on three commonly
used datasets. Also, the performance of our proposed approach is better than that of the
analog comparison methods. In the future, we will explore the LPNN framework for
the MV model involving short-selling constraints. In such a situation, the short-selling
constraints are formulated as inequality constraints.
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Abstract. Neural coding is one of the central questions in neuroscience
for converting visual information into spike patterns. However, the exist-
ing encoding techniques require a preset time window and lack effective
learning. In order to overcome these two problems, we design an adap-
tive convolutional auto-encoder based on spiking neurons in this paper.
We first exploit the spike pixel mapping decoding approach to find the
optimal value of the time window automatically. Next, we design a deep
convolutional neural network to adapt the learning parameters by recon-
struction errors to realize the spike encoding process. Then we can nat-
urally get coding pre-training parameters for unifying the convolutional
spike coding layer with back-end deep spiking neural networks (SNNs)
for recognition tasks. Simulation results demonstrate that the proposed
method can achieve better performance compared with other encoding
methods.

Keywords: Neural coding - Convolutional auto-encoder - Encoding
time window - Spike decoding - Reconstruction error - SNNs

1 Introduction

A central question in systems neuroscience about sensory systems: how neu-
rons represent the input-output relationship between stimuli and their spikes.
This problem is formulated as neural coding and consists of two essential parts:
encoding and decoding. Spike neurons need to convert other forms of informa-
tion into spike patterns, this information transformation process is spike coding
[1]. There are two mainstream spike coding mechanisms: rate coding [2] and
temporal coding [3]. Rate coding expresses information by the number of spikes
at a selected time window, it is simple and noise-resistant, but the low efficiency
makes it difficult to achieve a rapid response to external stimuli; the temporal
coding encodes the precise release time of spikes, which can be achieved by using
sparse spike sequences or even single spikes. However, this leads to the gener-
ated spike sequences being more sensitive to noise, and the model performance
is poorer than the model using rate coding. The encoding time window is the
first necessary timescale characterizing a neural coding [4]. It is defined as the
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window containing the particular response patterns. The encoding time window
is not as long as possible; a long simulation time can lead to unbearable resource
consumption when the network structure is deep. Existing coding methods do
not have a reasonable and efficient way to preset the time window.

In general, after years of development, researchers have proposed various bio-
inspired spike coding schemes for different modalities and problems. Still, there
are more or fewer problems with both information expression efficiency and noise
robustness. Especially the spike coding process often lacks an effective learning
process, making it challenging to make full use of the multiple dimensions of
the spike for collaborative information-bearing. The fragmentation of the back-
end SNN learning algorithm module makes it difficult to tailor the learning to
the task objectives. However, traditional coding methods do not fully utilize the
temporal and spatial dimensions for coding due to requiring a preset time window
and lacking effective learning. The encoding and decoding of spike neurons can
be seen as a back-and-forth transformation of stimuli and spikes in different
directions. In this paper, we propose an adaptive convolutional auto-encoder
based on spiking neurons, which can optimize the convolutional spike encoding
process using decoding.

Recently, a novel approximate Bayesian decoding technique [5] has been pro-
posed, which uses non-linear deep neural networks (DNNs) to decode images from
the spiking activity of populations of retinal ganglion cells (RGCs). The app-
roach outperforms linear reconstruction techniques usually used to interpret neu-
ral responses to high-dimensional stimuli. Based on this work, a novel decoding
framework based on DNNs, a spike-image decoder (SID) [6], has been presented
for reconstructing visual scenes, including static images and dynamic videos, from
experimentally recorded spikes of a population of RGCs. However, both of the
above approaches only focus on the decoding phase, and the spike encoding phase
did not get substantially changed. We believe that the encoding and decoding pro-
cesses of spikes are complementary to each other, so we can use the reconstruction
error between the decoded image and the original image for the purpose of optimiz-
ing the encoding process. First, we use the spike pixel mapping decoding approach
to automatically determine the optimal value of the time window for spike coding.
After that, we design a deep convolutional neural network to adapt the learning
parameters by reconstruction errors to realize the spike coding process.

Unlike traditional artificial neural networks (ANNs) that use real values as
valid information, SNNs use discrete spike sequences to characterize the data. To
overcome the scalability issues with an increasing number of output classes in the
fully-connected shallow SNNs, researchers in the brain-like field have proposed
spiking convolutional neural networks (SCNNs) capable of extracting high-level
features embedded in an image pattern and sharing learned features across dif-
ferent classes of ways [7]. Recent works [8,9] have achieved great progress in
exploring how to train high-performance SCNNs. With the increase in simula-
tion time and network depth, the complex spatio-temporal dynamics of SNNs
also bring challenges to the learning and optimization process. Therefore, the
learning algorithms need to consider the characteristics of the encoded spike
signals entirely. This paper verifies the learning performance of SCNNs using
optimized convolutional spike coding.
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2 Methods

In this section, we design an adaptive convolutional auto-encoder (Fig. 1) based
on spiking neurons. First, we introduce the Leaky Integrate-and-Fire (LIF) neu-
ron [10] and describe the convolutional spike coding in detail. Two decoding
methods are proposed to optimize convolutional spike coding, first using spike
pixel mapping decoding to determine the value of the encoding time window,
and then using deep convolutional decoding to determine the coding pre-training
parameters.

Encoder Decoder
Decoded image
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Fig. 1. An adaptive convolution auto-encoder based on spiking neurons. The encoding
stage proposes a convolutional spike coding; The decoding stage: (a) spike pixel value
mapping and (b) deep convolutional decoding.

2.1 Neuron Model

The LIF benefits from its computational efficiency and is the most widely used
model in computational neuroscience. In its simplest form, the spiking neuron
is modeled as a “leaky integrator” of its input current, defined as:

™ _ v+ RI(), Zw] M OK(-thHE-t) (1)

dt
tkeT

where V(t) is the neuron’s membrane Voltage at the moment t. 7,,, = R-C
is the membrane time constant in this equation. I(t) is the weighted sum of
each postsynaptic current, and W is the synaptic weight from the jth input
neuron. t;? is the arrival time of the kth presynaptic spike of the jth input
neuron within the integration time window of T,,. H(-) is the Heaviside step
function, and K(-) is the kernel function describing the time-decaying effect
of synaptic currents. In Fig. 1, the LIF neuron model simulates the process of
bioelectricity transmission by biological neurons through this circuit, and the
black dot represents the capacitor. I(t) passed by the synapse charges the circuit.
V() that has passed through the capacitor (C) is compared to the threshold (v)
and an output spike is generated if V(¢) = v at moment ¢¥.
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We convert the differential form of Eq. (1) into a discrete iterative form. The
membrane potential equation is as follows:
dt dt
Vit)=1-——)v(t—-1 —I(t) =X v(t—-1 Wis;(t 2
(1) = %w< ) IO = 2=+ T Wil )
We simplify the 1 — £- term with an attenuation factor A, expand I(t) term
as a weighted summation of the input spikes Z Wjsj(t). s; denotes the spike

firing state of the jth input neuron expressed as a binary (0 or 1), and the
scaling effect of dt is incorporated into the synaptic weight W to obtain a
clearer representatlon of the membrane potential. Finally, we add the firing-reset
mechanism of LIF to Eq. (2), the LIF model is obtained as follows:

VI = N1 = St — 1)Vt — 1] + WSy (3)

V[ ! iy J1U >0

= st =1 ') = {§ bl 20 (@
where [ and ¢ are the state of the current [-layer neuron at time ¢, respectively,
VU¢t] is the membrane potential, W' is the synaptic weight matrix connecting
the presynaptic and postsynaptic neurons, U'[t] is the normalized membrane
potential regulated by the firing threshold B!, and S'[t] € {0, 1} is the spike firing
state controlled by H(-). The neuron emits spike S'[t] = 1 when the normalized
membrane potential is greater than zero, and the neuron emits no spike output
S'[t] = 0 when the normalized membrane potential is smaller than zero.

u'lt] =

2.2 Convolutional Spike Coding

Fast, efficient, and accurate spike coding of perceptual information, modeled on
how the brain processes perceptual information, has been critical research in
SNNs. The best method is to automate the encoding of pixel values as spikes
by simulating retinal neurons, eliminating the information loss caused by rate
representation and shortening the encoding time window, thus reducing the sim-
ulation time and resource consumption.

The retina of living organisms consists of three layers of neurons: photore-
ceptors, bipolar cells, and ganglion cells (Fig.2(a)). First, the photoreceptors
capture signals from the visual scene. The signal is then sent to a bipolar cell
that has a fixed receptive field and performs a linear filtering operation. Finally,
signals processed by multiple bipolar cells are integrated into ganglion cells to
generate a series of action potentials transmitted to various areas downstream
of the brain via the optic nerve. All visual information about the environment
is encoded in ganglion cells’ spatiotemporal pattern of spikes output. Drawing
on these biological retinal systems, and considering that the fundamental val-
ues of static images already preserve the color information associated with the
optical signal, we propose a convolutional spike coding method (Fig.2(b)). The
standard multi-channel sliding convolution in deep learning is used to simulate
the linear filtering operation of bipolar cells, LIF neurons are used to simulate
the spontaneous, nonlinear spike response of ganglion cells to the filtered signal.
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Fig. 2. Convolutional spike coding. (a) The retina of a living creature consists of three
layers: photoreceptors, bipolar cells, and ganglion cells. (b) Schematic diagram of the
convolutional spike encoding method.

In each time step, the convolutional kernel convolves the input channels of the
original image. It sums up the convolution results of the kernels of the different
channels. A single-channel feature map output is formed as the filtering result.
The filtered output is considered the external input current I of the LIF. With
the help of the temporal integration property of the LIF neuron and the spike
dynamics process (Eq. (3)), a spike sequence with temporal properties can be
generated. Convolutional spike coding has significant advantages since it is quite
suitable to unify the convolutional spike coding layer and the back-end deep
SNN for co-training according to the task objectives.

2.3 Spike Pixel Value Mapping

Exploring the time window allows the spike coding stage to retain more valid
information about the features. Ensuring invariance and robustness in the infor-
mation representation is particularly important to improve the accuracy of infor-
mation processing in spike coding and underlying spike learning algorithms. We
compute information about all features using putative encoding windows whose
length is varied parametrically and then characterize the range of encoding the
window length as (10,20) to balance the adequate information of images and
the computing consumption [4]. For convolutional spike coding, the spike pixel
value mapping method (Fig.3) can automatically find an optimal value of the
time window by comparing the similarity between the decoded image and the
original image when the time window changes.

Mapping decoding takes the spike matrix generated by the neuron of the
convolutional spike coding as input. Each element of the matrix is the number
of spikes fired by neurons within the specified time window. After pre-processing
and normalization of the matrix, a mapping between the number of spikes and
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Fig. 3. Spike pixel value mapping. The neuron transforms the original image into a
spike sequence through convolutional spike coding. Then spikes fired by these neurons
are counted, the number of spikes is mapped to pixel values, and the pixel values are
then composed into the decoded image.

the pixel values are established, and the final matrix maps to a pixel map of
n X n, where n is the width and height of the image.

Then three typical reconstructed image metrics are used to evaluate image
decoding results: mean squared error (MSE), describing the absolute difference
of each pixel; the peak signal-to-noise ratio (PSNR), which represents the global
quality; and the structural similarity index metric (SSIM), which captures detail
or image distortion. The results are shown in Fig. 5. Thus, when the time window
changes from 10 to 20, the optimal value of the time window for convolutional
spike coding are 11 and 12 in processing the MNIST [11] and CIFARI10 [12]
dataset via this method, respectively.

2.4 Deep Convolutional Decoding

After the value of the time window is determined, we introduce deep convolu-
tional decoding (Fig.4). Given an input image, it will generate spikes by convolu-
tional spike coding, and then spikes are input to the deep convolutional decoding
network for reconstruction operation. The reconstructed image is compared with
the original image, and then the reconstruction error is back-propagated to opti-
mize the network. Ultimately a clear and refined reconstructed image can be
obtained. Notably, the convolutional spike coding learning process is optimized,
and we can automatically get the coding pre-training parameters.

In this model (Fig.4), a network extended from the densenet model [13] is
used for the first time for the spike-to-image reconstruction tasks. In this study,
the network is composed of L + 1 layers, where the nonlinear variation of each
layer is noted as C; (+), C; (+) uses the combination of BN+ReLU+ Conv(3 x 3).
Each network layer needs to implement a nonlinear transformation C;(-) to
ensure that the spike retains the maximum information flow in the intermediate
layers. In the first L layers of the network, we record the spike input of layer i as
Sy, it is written as S; = C;([So, Si, ..., Si—1]), where [] stands for concatenation,

e., stitching together all the output spike features in Sy and S;_1 layers. The
spike input of layer i is related not only to the spike output of layer ¢ — 1, but
also to the spike outputs of all previous layers, then passes the spike features
extracted by this layer to each subsequent layer. Here, five dense blocks are used
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Fig. 4. Reconstruction model based on deep convolutional decoding.

Table 1. Network architecture for deep convolutional decoding.

Layers Output Size | Network architecture

Convolution layer | 128,32x 32 3%x3 conv,stride 1

LIF 128,32x 32 -

Dense block(0) | 32,32x32 {1x1,stride 1}x128, {3x3,stride 1}x32
Concatenate 160,32x 32 -

Dense block(1) 32,32x32 {1x1,stride 1}x128, {3x3,stride 1}x32
Concatenate 192,32x32 -

Dense block(2) 32,32x32 {1x1,stride 1}x128, {3x3,stride 1}x32
Concatenate 224,32x32 -

Dense block(3) 32,32x32 {1x1,stride 1}x128, {3x3,stride 1}x32
Concatenate 256,32x 32 -

Dense block(4) 32,32x32 {1x1,stride 1} x128, {3x3,stride 1}x32
Convolution layer | 3,32x32 3% 3 conv,stride 1

to keep the size of the spike feature map of each block in the dense block the
same for tandem operations. It consists of two convolutional layers, the first layer
has a convolutional kernel with size of 1 x 1, stride of 1, and output channel of
128, the second layer has a convolutional kernel with size of 3 x 3, stride of 1,
and output channel of 32.

Noteworthy, the part of the transition layer between the original dense blocks
is omitted because there is no need to compress the extracted spike feature maps.
In order to accommodate better spike decoding, the last layer of the network
is the input without feature stacking, reducing the number of channels number
so that the last layer can be output (32 x 32 x 32). Then all the extracted spike
features are transformed into images by a convolution operation. The network
structure is shown in Table 1.

This study explores three different loss functions to ensure that the errors
can be back-propagated by comparing the reconstructed and original images.
Here we use L1loss, MSEloss, and (L1+MSE) loss functions, as shown in Fig. 6,
a detailed comparison of the reconstruction results of 30 example images inside
the first training epoch processed with these three loss functions by MSE, PSNR
and SSIM. The three typical values of the reconstructed image metrics show that
we can obtain high-quality reconstruction results from the model. Convolutional
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spike coding can enable self-learning and play a crucial role in SCNN algorithms
to improve convergence speed and recognition accuracy.

3 Experiment

3.1 DataSets

To evaluate our approach, the dataset we choose are the static datasets MNIST
and CIFAR10. MNIST has ten classes (0-9) of handwritten digits, and a total
of 70000 grayscale images with a pixel size of 28 x 28. 60000 images are set as
training and 10000 images as the test set. CIFAR10 has ten classes of real objects
(truck, car, plane, boat, frog, bird, dog, cat, deer, horse). The dataset has a total
of 60000 RGB color images with a pixel size of 32 x 32. 50000 images are set as
training and 10000 images as the test set.

3.2 Determination of the Time Window

In this experiment, the spike pixel mapping decoding method decodes the spike
output from the convolutional spike coding into an image of 32 x 32. The time
window is from 10 to 20, implying that each image is encoded and decoded 11
times.

Table 2. PSNR, SSIM and MSE values of sample images across different time windows.

Metric | Time window

10 11 12 13 14 15 16 17 18 19 20
PSNR | 8.2798 | 8.2876 | 8.3052 | 8.2781 | 8.1968 | 8.2322 | 8.2775 | 8.3027 | 8.1932 | 8.2674 | 8.1945
SSIM |0.0922 | 0.0943 | 0.0982 | 0.0961 | 0.0892 | 0.0932 | 0.0929 | 0.0932 | 0.0912 | 0.0903 | 0.0907
MSE |0.1485|0.1483|0.1477 | 0.1486 | 0.1514 | 0.1502 | 0.1486 | 0.1478 | 0.1515 | 0.1490 | 0.1515

Table 2 shows the results of comparing the 11 decoded images of the example
test image with the original image by three typical reconstructed image metrics.
For PSNR, a high value indicates good performance. And for MSE and SSIM,

CIFAR10(MSE) CIFAR10(SSIM) CIFAR10(PSNR)

\%

Fig. 5. Percentage of optimal value of the time 7" found in the CIFAR10 dataset using
MSE, PSNR and SSIM.
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the values are expected to be close to 0 and 1, respectively. It can be seen that
T =12 (in bold font) is the optimal value of the encoding time window for the
example image.

Then, this method automatically compares the 11 decoded images of each
image in the CIFAR10 dataset with the original image using the three recon-
structed image metrics and outputs the time T corresponding to the optimal
value of the MSE, PSNR, and SSIM among the 11 times, and then counts the
proportion of each T in the number of datasets. In CIFAR10, it can be seen
that T'= 12 is the optimal value of the time window with a percentage over 80%
(blue), and in MNIST, T'=11 is the optimal value of the time window with a
percentage over 99% using the same method. Due to the page length limit, we
only show the time-window percentage plot for the CIFAR10 dataset in Fig. 5.

3.3 Determination of Coding Pre-training Parameters

In this task, three different methods of defining the reconstruction loss function are
explored so that we can evaluate the performance of a deep convolutional decoding
method by obtaining high-quality reconstruction results. The loss functions used
here are L1loss, MSEloss and (L1+MSE) loss, Fig. 6(a) shows the reconstructed
image results for 7 images with 30 images in the first training epoch.

It can be seen that the global and detailed content of the images is well
reconstructed. Depending on the loss function used for training, the intermedi-
ate images may differ in color detail processing. However, the final reconstructed
results are similar, with minor differences in the detailed textures. For these 30
images, all three loss functions give similar performances in terms of three met-
rics, where the MSEloss decoding performance is slightly higher. In this model,
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Fig. 6. (a) Reconstruction images from three different error functions; comparison of
reconstruction errors between Llloss (gray triangles), MSEloss (orange square), and
(L1+MSE) loss (blue rhombus) measured by MSE (b), PSNR (c), and SSIM (d).
(Color figure online)
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it can be seen that the reconstructed images obtained at different losses are
highly similar to the original images, which means the model performance is
high enough to pretrain the convolutional spike coding well, so we can automat-
ically get optimal coding pre-training parameters.

3.4 Spike Convolutional Neural Networks (SCNNs)

SCNNs are mainly composed of a hierarchy of stacked convolutional layers for
feature extraction followed by fully-connected layers for final classification [7].
We designed SCNNs of different depths to cope with different datasets. For
the two-dimensional spatial structure of images in the visual classification task,
we use SCNNs to directly encode and extract effective spatio-temporal features
for recognition. To ensure sufficient perceptual field, SCNNs use convolutional
kernels of 3 x 3 sizes (C3) and average pooling of 2 x 2 sizes (AP2). To adequately
characterize the spatio-temporal features of the dataset, the network architecture
of the MNIST dataset is 128C3-AP2-128C3-AP2-2048FC-10, and the network
architecture of the CIFAR10 dataset is 128C3-256C3-AP2-512C3-AP2-1024C3-
512C3-1024FC-512FC-10.

In the experiments with static data sets, the first convolutional spike layer
of SCNN is changed to an encoding layer using convolutional spike coding by
default. As shown in Table3, for the simple MNIST dataset, the SCNN with
optimized convolutional spike coding has a relatively higher test accuracy than
the SCNN with rate coding and other visual recognition algorithms with coding.
Still, for the relatively complex CIFAR10 dataset, our proposed coding method
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Fig. 7. End-to-end SCNN (blue) and SCNN with adaptive convolutional spike coding
(orange) (a) training loss curve and (b) test accuracy curve when processing MNIST
and CIFARI10 datasets. (Color figure online)
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Table 3. Performance comparison between the proposed method and the state-of-the-
art methods on different visual datasets.

Method Accuracy MNIST | Accuracy CIFAR10
ANN2SNN -+ rate coding [14] 99.44% 90.85%
ANN2SNN + rate coding [15] - 91.55%
Spike-based BP + poisson coding [16] 99.59% 90.95%
HM2-BP + rate coding [17] 99.49% -
Whetstone + binary coding [18] 99.53% 84.67%
STCA + rate coding [19] 98.60% -

STBP + rate coding [20] 98.89% 90.53%
SCNN + rate coding 99.21% 85.48%
End to end SCNN 99.35% 90.97%
SCNN + convolutional spike coding | 99.70% 91.64%

significantly improves the test accuracy and performance. For example, the test
accuracy is 6.16% higher than SCNN using rate coding. It is worth mentioning
that compared with the better-performing end-to-end SCNN algorithm, which
receives real-valued images directly and converts them into spikes without using
a coding mechanism. Our coding using optimized convolutional spikes is com-
parable to end-to-end, and our training loss and test accuracy are slightly bet-
ter than end-to-end on both datasets in 240 epochs (Fig. 7). Importantly, we
demonstrate the advantages of our approach in terms of coding. This shows that
effective spatio-temporal coding of static images is essential for the SNN learn-
ing process of complex recognition tasks. By optimizing the coding process from
pixel intensities to spatio-temporal spike patterns and maximizing the reten-
tion of original image information, SNN can achieve a much better recognition
performance.

4 Conclusion

This paper designs an adaptive convolutional auto-encoder based on spiking
neurons. First, we propose a convolutional spike coding method and optimize
the coding process using two decoding methods. We evaluate our work on both
static image MNIST and CIFAR10 datasets. The optimal time window values for
convolutional spike coding in processing the MNIST and CIFAR10 datasets are
then determined to be 11 and 12, respectively, based on the spike-pixel mapping
decoding method. Finally, the deep convolutional decoding approach is used to
have suitable pre-training parameters for the spike coding stage in both static
image datasets. Since the convolutional spike layer is a common module of the
deep SNN, it is natural to combine the convolutional spike coding layer with
the back-end deep SNN as a unified network. Experimental results show that
SCNNSs using optimized convolutional spike coding have superior performance
over end-to-end SCNNs and algorithms using other codes across all datasets. In
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particular, the above two decoding methods can be used as a general approach to
optimize the coding method. In conclusion, the SNNs algorithm using optimized
convolutional spike coding can achieve better performance compared with other
encoding methods.
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Abstract. Schizophrenia (SZ) is a serious mental disorder that could
seriously affect the patient’s quality of life. In recent years, detection of
SZ based on deep learning (DL) using electroencephalogram (EEG) has
received increasing attention. In this paper, we proposed an end-to-end
recurrent auto-encoder (RAE) model to detect SZ. In the RAE model,
the raw data was input into one auto-encoder block, and the recon-
structed data were recurrently input into the same block. The extracted
code by auto-encoder block was simultaneously served as an input of a
classifier block to discriminate SZ patients from healthy controls (HC).
Evaluated on the dataset containing 14 SZ patients and 14 HC subjects,
and the proposed method achieved an average classification accuracy of
81.81% in subject-independent experiment scenario. This study demon-
strated that the structure of RAE is able to capture the differential
features between SZ patients and HC subjects.

Keywords: EEG - Schizophrenia detection - Auto-Encoder -
Convolutional neural network

1 Introduction

Schizophrenia is a severe mental disorder. This disease affects approximately 24
million people in the world, reported by the World Health Organization [23].
One in 300, on average, people suffer from SZ, and this rate reaches up to one
in 222 in adults [7]. However, the majority of patients with SZ have not received
proper treatment. One of the most difficult issues is the absence of significant
biological markers [11].

Benefiting from the advantages such as non-invasive, high temporal reso-
lution, low cost, electroencephalography (EEG) has been widely used in the
disease detection field [1,2,4,17]. With the development of machine learning,
artificial features based on EEG signals have been rapidly employed in the field
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of SZ detection. For example, Vézquez et al. [20] proposed a method using ran-
dom forest to operate on the extracted connectivity metrics of generalized par-
tial directed coherence (GPDC) and direct directed transfer function (dDTF)
of 1-minute segments. They conduct subject-unaware partitioning and leave-p-
subject-out experiments and obtain the area under the curve (AUC) of 0.99
and 0.87, respectively. Najafzadeh et al. [12] proposed a method based on the
adaptive neuro fuzzy inference system (ANFIS). They tried to employ ANFIS,
support vector machine (SVM), and artificial neural network (ANN) to detect
the SZ using Shannon entropy, spectral entropy, approximate entropy, and the
absolute value of the highest slope of auto-regressive coefficients and achieved
accuracy of 99.92% in the subject-dependent experiment. Chandran et al. [13]
introduced their method based on Long Short-Term Memory (LSTM). They
calculated Katz fractal dimension, approximate entropy and the time-domain
feature of variance as artificial feature, and fed them into the LSTM network
to distinguish the SZ patients from HC subject. They obtained an accuracy of
99.0% in the subject-dependent experiment.

These methods utilized artificial features that are highly dependent on the
prior knowledge of researchers. The outstanding high performance of deep learn-
ing makes end-to-end SZ detection possible. For instance, the CNN-LSTM model
is proposed by Shoeibi et al. [19] They tried several combinations of 1D-CNN and
LSTM to verify the best model. Their model achieved an accuracy of 99.25% in
the subject-dependent experiment. Oh et al. [14] introduced a deep convolution
neural network (CNN) to detect SZ. This model contains four convolution layers,
five max-pooling layers and two fully connected layers. The experiments were
conducted in both subject-dependent and subject-independent scenarios using
25s segments. They achieved an accuracy of 98.07% and 81.26% respectively.

In most of the studies presented, the methods were evaluated in a subject-
dependent scenario, which has a serious problem called data leakage. Due to
the high correlation between continuous EEG signals, when the EEG signals
collected in one subject were divided into several segments, and these segments
were shuffled and partitioned simultaneously into training set and testing set.
The training set and the testing set were inevitably intersecting. On the other
hand, logically speaking, the subject-dependent method is unpractical, as it is
unreasonable to detect SZ for subjects after knowing clearly whether they are
patients or not.

Based on this consideration, we proposed a model named Recurrent Auto-
Encoder (RAE), and evaluated its performance in a subject-independent sce-
nario. It contains a recurrent auto-encoder to extract task-related features and
a linear classifier to recognize the SZ and HC. We conducted experiments on
a publicly accessed dataset containing 14 schizophrenia patients and 14 age-
matched healthy control subjects. The results indicate that our RAE performed
better than the current baseline methods.

This paper is organized as follows. Section 2 introduces the dataset and pro-
posed model. Section 3 describes the experiment setting and result. In Sect. 4,
the discussions and conclusions are present.
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2 DMaterials and Methods

2.1 Dataset

In this study, we used a dataset collected by the Institute of Psychiatry and
Neurology in Warsaw, Poland [16]. This dataset consists of EEG recording from
14 patients (7 males: 27.9 + 3.3 years, 7 females: 28.3 + 4.1 years) with SZ
and 14 HC (7 males: 26.8 + 2.9, 7 females: 28.7 & 3.4 years). All the patients
met International Classification of Diseases for paranoid schizophrenia (ICD-
10, F20.0). The eyes-closed resting state EEG signals lasting for 15 min were
collected with a sampling rate 250 Hz. The 19 electrodes were used, i.e., Fpl,
Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1 and O2,
which were placed according to the standard of international 10-20 system. More
details could be found in the reference [16].

2.2 Pre-processing

To improve the signal-noise ratio, we first employed a bandpass filter with a
frequency of 0.5-50 Hz. The data were then divided into segments of 5s in length.
The obtained segments should pass a threshold check to reduce the interference
of electrooculography (EOG). We dropped the segment which peak value is
out of range of =100V ~ 100wV. Finally, the common reference and z-score
normalization were applied to obtain the processed data.

2.3 Methods

The motivation of the proposed model is that: if the EEG data are recurrently
processed by a encoder-decoder is beneficial to generate more discriminative
embedding codes, the procedure is summarized as follows:

e Encode the data D; to obtain the embedding Z;
e Decode the Z; to reconstruct Do
e Process the D4 as above did for several loops to obtain D,, and Z,.

On the assumption that the encoder and decoder are effective and stable
enough, the embedding codes Zj, ..., Z,, should remain similar task-related
property, although the waveform of D4, ..., D, maybe not exactly the same.
We termed the similarity as semantic invariance. On the other hand, if we opti-
mize the encoder to improve the semantic invariance between Zq, ..., Z,, the
optimization could be regarded as effective. In actual application, the true label
can be defined as the task-related property. Improving the prediction accuracy
of all embedding codes, especially Zs, ... ,Z,, can be regarded as improving
semantic invariance. This is the key idea of this method.

Previous studies in the field of computer vision (CV) have proved that Auto-
Encoder is a powerful frame of feature extraction and reconstruction [6]. There-
fore, we leveraged the Auto-Encoder as the main architecture to design our
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model. EEGNet is a widely used baseline method in the field of EEG analy-
sis [9]. It has stable performance and feature representation ability. We designed
the encoder and the corresponding decoder modules using the similar operations
in EEGNet.

The structure of RAE is shown in Fig. 1. It is consisted of a recurrent auto-
encoder feature extractor and a fully-connected classifier. The fully-connected
classifier is used to classify all embedding codes extracted by RAE. The semantic
invariance is improved by optimizing the classification accuracy to improve the
performance of encoder.

Loop

— Encoder Z Decoder

o

FC Classifier |

— - ]

Pred Loss1 Loss.n

Fig. 1. The structure of RAE. Z,, is the representation recurrently generated by the
encoder in cycles for n times.

Backbone. The Backbone of RAE structure is modifiable. In this work, the
backbones of the encoder and decoder were comprised of the similar operation
that used in the classical EEGNet model. To facilitate decoding, the sizes of
all temporal convolution kernels were set to be odd so that the padding can be
symmetric. For similar reasons, the average pooling after the second convolution
layer was replaced by a max pooling layer. In addition, we used layer normal-
ization in the model in order to reduce the interference of other samples in one
mini-batch. The structure is shown in Fig. 2.

Decoder is the opposite procedure of encoder, which uses transposed con-
volution to realize deconvolution. In addition, layer normalization is applied in
the end to keep each reconstructed sample separate from the others in one mini-
batch. The structure of the decoder is shown in Fig. 3.

Recurrent Auto-encoder. First, the raw data D; € RE*T is input into
the encoder block En to generate the embedding code Z;, which could be
described as:

Z; = En(D;) € RN*T (1)
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Fig. 2. The structure of the encoder block. This block is denoted as En in the formula.
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same padding
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Layer Norm. [ ] Activation
[ ] UnPooling

Layer Norm.
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i

16@191 | 15
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Fig. 3. The structure of the decoder block. This block is denoted as De in the formula.

where C’ and T are the numbers of the electrode channels and time-dimension
sampling point, which are equal to 1 and 250, respectively. N denotes the number
of the convolution kernels, which was set to 16 in this model.

The embedding code Z; is input into the decoder De to reconstruct the data
Diy1 € REXT which is illustrated in the following:

Diy1 = De(Z;) € ROT (2)

Then, the reconstructed data D;,; € RE*T was regarded as the input of
block En in the next cycle. After n loop iterations, the model is able to generate
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embedding code Zy, Zs, ..., Z,. For the task of SZ detection, the n was set to
2 in the following experiments. All the embedding codes will be employed to
calculate the loss and predict the class label as follows.

Classifier and Loss. The classifier structure is shown in the Fig. 4.

Layer Norm.

[ ] Normalization

L Activation
1*5 [ Pooling
Avg. Pooling
[ Flatten
[ Fclayer
— Input

Fig. 4. The structure of the classifier block. This block is denoted as Cls in the formula.

Embedding code Z; is input into the classifier Cls to obtain the predicted
label 9;, which could be described as:

¥; = argmax Cls(Z;) (3)

In this work, we employed the cross entropy loss between predicted labels
and the corresponding true labels of the samples to optimize the model, which
could be illustrated as:

L; = loss_fn(9i,y) (4)

where loss_fn denotes cross entropy operator, and y denotes true label.

Model Training. The parameters optimization of En, De and Cls blocks in each
optimization loop were separate. The procedure is summarized as Algorithm 1:



68 Y. Wu et al.

Algorithm 1: Training procedure

Input: input parameters X, Y, nloops
Output: Classifier Cls(-)

1 XO = )(7

2 for i in range(0, nloops) do

3 z; = En(X;);

4 Y; = Cls(z);

5 loss; = LossFn(Y, Y);

6 loss; « backward;

7 | Xit1 = De(2);

8 end

In the testing stage, the for loop and code in lines 5, 6 and 7 are unessential.
The output of Cls, i.e. Yy, is used to evaluate the performance of this model.

2.4 Baseline Methods

To verify the performance of RAE, we used three DL models, i.e., DeepCon-
vNet [18], Deep Convolution neural network (DCNN) [15], EEGNet [9], as the
compared baseline methods. The accuracy, sensitivity and specificity were served
as the evaluation metrics of classification performance.

DeepConvNet. DeepConvNet is a deep convolution model proposed by Schirr-
meister et al [18]. This model contains four convolution blocks. One temporal
convolution filter and one max pooling layer are employed in each block. In
particular, a spatial convolution layer is added additionally. Due to its robustness
and high performance, DeepConvNet is widely used in the field of classification
based on EEG [5,10].

DCNN. Deep Convolution neural network (DCNN) is a method specifically
used for SZ classification proposed by Oh et al [15]. DCNN consists of five
convolution layers, two max pooling layers, two average pooling layers, a global
average pooling layer and a fully-connected layer. The convolution layers are
able to extract features automatically, and the max pooling layers are able to
capture the most significant feature extracted by the previous convolution layer.
Finally, all features are used to classify the signal in the fully-connected layer.
DCNN achieved 81.26% accuracy with the time window of length 25s.

EEGNet. EEGNet is a compact convolutional neural network proposed by
Lawhern et al [9]. They first introduced the use of depthwise convolution and
separable convolution on the EEG data. EEGNet also applied several well-known
ideas in the field of BCI, such as optimal spatial filtering and filter bank. Due
to the compact structure and stable performance, EEGNet has been widely
applied in EEG-based classification tasks, such as steady-state visual evoked
potential [22], motor imagery [24], and emotion recognition [21], etc.
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3 Experiments and Results

3.1 Model Implementation

To evaluate the performance of the methods, level-one-subject-out (LOSO) strat-
egy was used. Specifically, the data from one subject was used as the testing
data, those of the remaining subjects were adopted as the training data. This
procedure repeated until all the subjects served as the testing subject once. Each
method was run for 5 times, and then the average accuracy, sensitivity and speci-
ficity were calculated as evaluation indicators via equations (5) to (7), which are
usually used in the disease detection field [3].

B TP+ TN )
e = TP Y FP+ TN + FN
tivity — _rr (6)
sensitivity = o
. TN
speci ficity = TN+ FP (7)

where TP, TN, FP and FN denotes the total number of true positive, true
negative, false positive and false negative examples, respectively.

For the RAE and all compared models, adaptive moment estimation (ADAM)
optimizer was adopted as the optimization method [8], and the learning rate was
set as le-4. The experiment was executed for 30 iterations, and the accuracy in
the last epoch was employed to evaluate the performance of all the methods.

3.2 Results

The classification results of each subject obtained by all the methods are sum-
marized in Table1. For each subject, the average accuracy was calculated by
averaging the accuracies of five times experiments, and the standard deviation
was also calculated on these accuracies. We could find that the proposed RAE
achieved better performance than all other methods, which yields the average
accuracy of 81.81%. Besides, the results indicate that the RAE could yield more
robust results with smaller standard deviations, such as those of subject No.4.

Since the intra~-subject SEN and SPE have no significance owing to the unique
label of data from each subject, we summarized the global confusion matrix on
all the five experiments and calculated SEN and SPE across subjects. The results
are shown in Table2 and Fig.5. ACC denotes the average accuracy across the
subjects.
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Table 1. The classification accuracies of each subject (meantstd.) for the RAE and
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all compared methods.

Sub. | DeepConvNet | DCNN EEGNet RAE

1 42.47 £ 52.76 | 95.21 £ 3.96 |91.23 £ 6.75 |97.95 £ 3.28
2 44.58 £+ 50.13 | 15.52 £ 6.24 |10.94 £+ 11.53|21.67 £ 6.4

3 81.38 £ 41.65 | 100. £ 0. 99.5 + 0.52 99.12 £+ 1.63
4 59.75 £ 54.27 | 53.74 £ 31.61 | 22.09 £+ 41.6 |94.6 £ 7.81

5 84.84 £ 31.55|95.05 £ 2.95 |99.57 £ 0.7 99.78 £+ 0.48
6 64.64 + 36.98 | 24.9 £+ 15.08 |53.38 £+ 15.03|61.99 4+ 12.73
7 53.29 + 47.85 | 49.76 £+ 22.53 | 40.35 + 14.29 | 46.59 + 4.79
8 69.51 £+ 45.01 | 82.68 + 36.34|98.29 + 1.69 |88.05 £+ 11.13
9 60. &+ 54.77 80.25 £ 44.16 | 100. &+ 0. 99.88 + 0.28
10 80. £ 44.72 84.07 £ 11.72]96.91 £ 2.83 |97.28 £ 3.45
11 65.29 £ 48.36 | 77.53 £ 35.11 | 100. & 0. 99.88 £+ 0.26
12 42,73 + 47.2 | 33.29 £ 35.48 | 37.27 £ 12.18|24.6 4+ 8.45
13 58.92 £ 46.28 | 98.44 £ 2.14 |99.04 £ 0.91 |98.56 £+ 1.24
14 61.56 £ 52.71 |47.19 £ 21.69|32.93 £ 19.6 |62.16 £ 28.35
15 31.1 + 43.1 53.05 £ 13.29 | 35.37 £ 13.45| 36.46 £ 8.39
16 79.75 £+ 44.58 | 72.03 + 35.11 | 93.67 + 4.54 | 86.33 + 20.86
17 40. £+ 54.77 78.77 £ 9.58 |75.61 £ 7.51 |68.16 £ 15.98
18 75.89 + 43.2 | 74.25 + 12.15]99.73 + 0.61 |97.53 + 1.79
19 20. + 44.72 90.26 £ 7.21 |88.55 £ 9.04 |98.95 £ 1.2
20 39.69 £ 39.57 | 39.43 £ 7.87 |51.38 £ 9.2 76.48 £+ 4.19
21 60. + 54.77 | 96.58 £+ 7.36 | 100. £ 0. 99.79 + 0.28
22 79.89 + 44.36 | 92.28 + 8.07 | 97.72 + 1.41 |98.8 £ 0.45
23 40. £+ 54.77 94.29 £ 1.9 95.86 £+ 3.79 | 92.02 £+ 7.99
24 93.78 £ 13.91 | 99.27 £+ 0.67 |97.44 £ 2.74 |98.17 £ 3.42
25 60. £ 54.77 30. £ 9.05 51.52 £ 12.97| 55.22 £ 16.47
26 40. £+ 53.22 93.93 £ 2.57 |96.82 £ 1.43 |92.94 £+ 3.94
27 80. £ 44.72 99.64 £ 0.54 |99.88 £ 0.27 |99.28 £ 1.3
28 41.84 4+ 53.23 | 98.37 £ 2.29 |96.12 £+ 6.76 | 98.37 £ 2.02
Mean | 58.96+6.92 73.21+£4.74 77.18+0.96 81.81+1.60

Table 2. Classification results of RAE and all compared methods. ACC, SEN and SPE

denotes accuracy (meantstd), sensitivity and specificity, respectively.

Methods ACC(%) | SEN(%)|SPE(%)
DeepConvNet | 58.96+6.92 | 60.24 55.33
DCNN 73.21+£4.74 |71.91 75.18
EEGNet 77.18£0.96 | 74.58 79.36
RAE 81.81+1.60 | 80.30 83.37
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Fig. 5. Classification results of RAE and all compared methods.

4 Discussion and Conclusion

The results indicate that RAE is an effective method for SZ detection. It is
worth mentioning that RAE could serve as a model framework, the detailed
structure could be adjusted according to specific classification tasks. Namely,
the backbone of the encoder can be adapted to the tasks, and the selection of
backbone will greatly affect the performance of model. Besides, the number of
loops (n) could be optimized according to the classification task. We conducted
a series of experiments to obtain the best value of n, and each experiment was
implemented five times. As shown in the Table 3, when n was set to 2, the model
obtained the best accuracy and relatively balanced sensitivity and specificity.
In the current study, only one dataset was used to evaluate the perfor-
mance, more SZ datasets should be collected to verify the generalization of
RAE. Besides, RAE is expected to be effective in detecting other mental dis-
eases, such as major depressive disorder. We have conducted several preliminary
experiments and will release the further results in the future studies.

Table 3. Result of experiments concerning n selection.

ACC(%) | SEN(%) SPE(%)
77.74+£2.03 | 75.55 79.13
81.81+1.60 | 80.30 83.37
79.61£1.36 |78.46 80.74
78.26+£2.72 | 76.08 82.13
77.67£1.48 |75.68 79.00

G x| w N =3

In summary, we proposed a novel framework method for SZ detection with
recurrent Auto-Encoder. This method achieved an average accuracy of 81.81%,
sensitivity of 80.30%, and specificity of 83.37% in the LOSO experiments, which
improved 4.62% than the best baseline method. The RAE is expected to be
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a feasible tool in clinical diagnosis benefited by its superior performance and
stability.
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Abstract. It is important for survival of animals in nature to adapt
their behavioral strategies to everchanging environment. To do so, they
must evaluate their behaviors by reward. Experimental studies reported
the involvement of orbitofrontal cortex (OFC) and basolateral amygdala
(ABL) in value evaluation and outcome expectation. OFC and ABL play
different functional roles: ABL is critical for acquiring cue-outcome asso-
ciation, while OFC is involved in generating cue-outcome expectation
to guide adaptive behavior. However, the neural mechanism underlying
these functional roles remains unclear. To address this issue, we develop a
model of OFC/ABL circuit that accounts for theses functional roles. We
also incorporated a reinforcement learning in the model. Using the model,
we show that ABL learns the association between odor and taste infor-
mation, depending on predictive values and reward prediction errors. The
association in the ABL allows the OFC network to generate cue-outcome
expectation for forthcoming food. In a reversal learning, the mechanisms
similar to the first learning create the new association of odor and taste
in ABL and the task-relevant cue-outcome expectation in OFC.

Keywords: Orbitofrontal cortex - Basolateral amygdala - Adaptive
behavior

1 Introduction

To survive in nature, animals must adapt their behavioral strategies to ever-
changing environment. To do so, they must recognize the external world and
evaluate their behaviors by reward, which also improve the ability of outcome
prediction. However, it remains unclear how animals adapt their behaviors to
the environmental changes.

Experimental studies on odor discrimination tasks in rats [1-3] and devalu-
ation tasks in monkeys [4-6] have shown that orbitofrontal cortex (OFC) and
basolateral amygdala (ABL), besides the brain reward system, play crucial roles
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in value evaluation and outcome prediction. OFC is directly interconnected with
ABL [7]. OFC and ABL may work as an integrated system that brings associative
learning to bear on decision making. Moreover, lesion studies of ABL and OFC
in an odor discrimination task [1-3] and its reversal [8,9] demonstrated distinct
roles of ABL and OFC: ABL is critical for acquiring cue-outcome association,
while OFC is involved in generating cue-outcome expectation to guide adaptive
behavior. However, it still remains unclear the neural mechanisms underlying
the functions of these areas.

To address this issue, we develop a model of OFC/ABL circuit that accounts
for the roles of OFC and ABL and the adaptive behaviors generated by the inter-
action between these areas [10]. We are concerned with an odor discrimination
task. In the task, rats must discriminate between two odors to ingest forthcom-
ing food. The rats choose go or no-go action on the basis of odor information,
and can ingest a food after a delay period only for go action. We show that ABL
learns the association between odor and taste information, depending on predic-
tive values and reward prediction errors. The learning allows the OFC network
to create cue-selective neurons, providing expectation. In a reversal learning,
rats fail to perform the reversal task just after the switching to the reversal task.
After several failures, the mechanism similar to the first learning allows the ABL
network to learn the new association between odor and taste information, and
the association allows the OFC network to generate cue-outcome expectation
relevant to the reversal task. Our model offers the mechanisms of how ABL and
OFC work to acquire adaptive behaviors in the odor discrimination task and its
reversal.

2 Model

2.1 Odor Discrimination Task and Reversal Task

Rats were trained on a series of two-odor, go/no-go discriminations [1-3]. In the
discrimination task, rats were presented with one of the two odors (odorl and
odor2) at an odor spot, as shown in Fig. la. They moved to a food spot after the
odor presentation, and chose go or no-go action. The rats poked their noses to
a food well in go action, and waited a forthcoming food during a delay period.
One odor (odorl) signaled the availability of a rewarding sucrose solution, and
other odor (odor2) signaled the delivery of an aversive quinine solution. The
procedure of the task is shown in Fig.1b. On the other hand, in no-go action,
the rats did not poke their nose to the well, and were not available for food. After
the training, the rats learned appetitive behavior for sucrose solution coupled
with odorl and aversive behavior for quinine solution associated with odor2.

After the learning of the odor discrimination task shown in Fig. 1b, the rela-
tionship between the odors and foods were reversed as shown in Fig. 1c [1-3].
In the reversal task [8,9], the odorl signaled the availability of the aversive qui-
nine, and the odor2 signaled the availability of the rewarding sucrose. In the
early period of the reversal learning, the rats exhibited a panic behavior, but
they were able to adapt to the reversal task as the training proceeded.
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Fig. 1. Odor discrimination task. (a) Rats are presented with an odor at an odor spot,
and then choose go and no-go action. The rats can ingest a food after a delay period
in the go action. (b) Odor discrimination task. Odorl is associated with sucrose, and
odor? is associated with quinine. (c) Reversal learning.
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Fig. 2. The network model for an odor discrimination task. The model consists of the
networks of ABL and OFC, the area of ventral striatum (VS) and ventral tegmental
area (VTA), and a decision area. The white and gray circles indicate a main neuron
and an inhibitory interneuron, respectively.

2.2 Overview of the Model

Figure 2 shows a model for the odor discrimination task by Schoenbaum et al.
[1,2]. The model consists of the networks of ABL and OFC, the area of ventral
striatum (VS) and ventral tegmental area (VTA), and a decision-making area.
The ABL model contains odor- and taste-selective ABL neurons, receiving the
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odors and taste information, respectively. For an action of animals, the predictive
value is updated in the VS area, and the reward prediction error is estimated in
the VTA. The value is determined by the activity of OFC neurons, and the value-
dependent activity of OFC neurons facilitates the association learning of odor
and taste information in the ABL. The reward prediction error is utilized for
Hebbian learning of ABL neurons. On the other hand, the OFC model contains
cue-selective neurons, receiving inputs from a specific combination of odor- and
taste-selective ABL neurons. The connections between ABL neurons and cue-
selective ones are learned with Hebbian rule. The probability of action a; is
determined by a function of the predictive values when cue-selective neurons are
activated. Then the predictive value is updated by the action. Thus cue-selective
neurons represent the causality of a cue (odor) and an outcome (taste). Until the
cue-selective neurons are activated, rats make a random prediction of outcome
(sucrose or quinine).

2.3 The Model of ABL

The model of ABL consists of three neuron units, neutral, appetitive, and aver-
sive units, as shown in Fig.3. The neutral unit consists of two groups of odor-
selective neurons, odorl- and odor2-selective neurons. Each group consists of 10
neurons. The appetitive unit has three neuron groups, s-, ol-s, and 02-s neu-
rons, responding to sucrose and the pair of sucrose and one of the two odors,
respectively. The aversive unit also contains three neuron groups, q, ol-q, and
02-q neurons, similar to those in the appetitive unit. Moreover. each group has
an interneuron, providing neurons within the group with an inhibition. A sin-
gle neuron was modeled with leaky integrate-and-fire neuron (LIF) model. The

membrane potential of the (7, j)th neuron, V;;-‘BL, is given by
avig Bt
ramn T = VARL LS wiBESEPE C IEE 4 o), ()
k.l
where w;‘}if is the weight of the synaptic connection from the (k,!)th neuron to

the (i, j)th one. T4py, is the time constant of V4B, [EF is the feedforward input
from gustatory and olfactory sensory areas, and Ippc(t) is the input from the
OFC network, depending on the value in the reward learning. An ABL neuron

emits a spike when the membrane potential exceeds the firing threshold.

2.4 The Model of OFC

The model of OFC consists of four neuron groups, which are cue-selective neu-
rons, cuel-, cue2-, cue3-, and cued-selective neurons. Each group consists of 10
neurons. The cuel-selective neurons receive the inputs from ol-s neurons in the
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ABL network. Other cue neurons also receive information of a pair of odor and
taste, as shown in Fig. 2. A single neuron was modeled with the LIF model. The

membrane potential of the (4, j)th neuron, VijO-FC’ is given by
OFC
Vi _ _yorc OFC gOFC | [X-Y 9
Torc— g = Vi Zwij,kl k' tlapr (2)
ki

where wlojf,’;lc is the weight of the synaptic connection from the (k,[)th neuron

to the (i, )th one. Topc is the time constant of V7. I (X = 01, 02; Y
= s, q) are the inputs from XY-selective ABL neurons responding to an odor
X and a taste Y.

Quinine(aversive) Odor(neutral) Sucrose(appetitive)

Quinine (o) 02 Sucrose

Fig. 3. The model of ABL. The model contains odor-selective (O1, O2), taste-selective
(q, s), and odor-taste-selective (ol-s, 02-s, ol-q, 02-q) neurons. The white and gray
circles indicate the neurons similar to Fig. 2

2.5 Reinforcement Learning

In the training of the odor discrimination task, the rats were trained to facilitate
the sucrose ingestion coupled with odorl and avoid quinine ingestion associated
with odor2. Adaptive actions of the discrimination task were learned using a
model of reinforcement learning, or Rescorla-Wagner algorithm [11]. For each
odor stimulus, the rats choose a go or a no-go action and, then, receive sucrose
or quinine only for go action. In the task, there are 4 events: positive go (PG),
positive no-go (PNG), negative go (NG), and negative no-go (NNG), where
“positive” means sucrose ingestion because sucrose is a preferred (sweet) food
for rats and “negative” indicates quinine ingestion because quinine is an avoided
(bitter) food. Other behaviors are to choose randomly a go or a no-go action. The
random choice behaviors appear in the early period of learning until the odor-
taste association is shaped in the ABL/OFC system. In our model, rats choose
randomly a go and a no-go action until cue-selective neurons are activated. The
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behaviors are called random positive go (RPG), random negative go (RNG),
random no-go (RNOG). The expected value for the action a;,v;(t), is updated
by

vi(t+ 1) = v;(t) + pdi(t), (3)

3i(t) = Ri — vi(t), (4)

where i = PG, PNG, NG, NNG for the activation of cue-selective neurons, and
i = RPG, RNG, and RNOG for the inactivation of cue-selective neurons. d;(t)
is the reward prediction error. The expected values were set at v;(t) = 0 for
the 7 actions before the learning, and the actual rewards were set at Rpg =
0.5, Rnpg = 0.1, Ryg(t) = —0.5, and Rynyg = —0.1, Rgpe = 0.5, Rrng =
—0.5, and Rynyoc = —0.1. p is the learning rate. Given the predictive values,
the probability of the action a;, under the odor j presentation O;,p(a;|0;), is
given by
eﬂw

p(ai|0;) = Wp(Oj)’ (5)

where (3 is the inverse temperature. The denominator was summed over i = PG
and PNG for odorl and ¢ = NG and NNG for odor2. The probabilities of random
behaviors were fixed at 0.5.

2.6 Learning of ABL and OFC Networks

The synaptic connections of ABL and OFC networks were learned in 100 trials
of the odor discrimination task, consisting of 50 odorl-sucrose and 50 odor2-
quinine trials. These trials were given randomly. The connections between ABL
neurons were developed by a reward-dependent Hebbian learning [12]. The learn-
ing makes association between odors and tastes. The synaptic weight from the
(k,1)th neuron to the (i, j)th one, wAZF is given by

ij,kl
dwiir
ro R AL 4 ) SEPESP 5 (0, ©

where 7, is the time constant of wf}ﬁf,)\ABL is the learning rate, and &, (t)
is the reward prediction error of the action a,,. The connections between cue-
selective neurons and those between ABL and OFC neurons were learned with
the learning rule similar to Eq. (6).

2.7 Two Trails After the Learning

After the learning, we investigated the neuronal responses of the ABL and OFC
networks in 2 trails in the odor discrimination task. In the first trial, a trained rat
was presented with odorl at an odor spot, and the rat performed PG action and
then received sucrose at a food well. In the second trial, the rat was presented
with odor2, and performed NG action and then received quinine.
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3 Result

3.1 Learning of Adaptive Behavior

Figure 4a shows the temporal courses of the predictive values for four actions
during the learning of odor discrimination task. The values of no-go actions,
PNG and NNG, were nearly zero. In the early learning period (¢ < 4000 ms),
the predictive value of RPG was increased by sucrose ingestion, whereas that of
RNG was reduced due to quinine ingestion. In the period, rats do not perceive
the association between an odor and a taste, and exhibit random choice of go
and no-go action. After the random actions (¢ > 4000 ms), the predictive value
of PG was beginning to increase, and that of NG was beginning to decrease.
Concurrently, the predictive values of RPG and RNG decayed. This indicates
that the association of odors and tastes is generated in ABL and cue-selective
neurons in OFC are activated. As the learning proceeds, the predictive values of
PG and NG tend to the respective asymptotic values.
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Fig. 4. Temporal variations of predictive values (a) and action probabilities (b) during
the learning of odor discrimination task. Sucrose is available for positive go (PG) action,
and quinine is ingested for negative go (NG) action. RPG and RNG indicate random
choices of PG and NG action, respectively.

Figure 4b shows the action probabilities of PG and NG. In the early period
(t < 4000 ms), the probabilities of any actions were not updated, and rats chose
randomly go and no-go actions. After the random choice, the action probabil-
ity of PG was increased, while that of NG was decreased. In the late period
(t > 15000 ms), these probabilities converged to asymptotic values, indicating
that rats facilitate the sucrose ingestion associated with odorl and suppress the
quinine ingestion coupled with odor2.
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3.2 Formation of Odor-Taste Association in ABL and Expectation
in OFC

Figure 5 shows the raster plots of ABL and OFC neurons during the learning of
odor discrimination task, together with the time course of the action probabilities
of PG and NG. ABL neurons are activated by an odor and a taste stimulus,
and the connections between these neurons are learned by the input from OFC
depending on the predictive values of the two actions. The learning elicits the
activation of ABL neurons coding odorl and sucrose or of those encoding odor2
and quinine, making the associations between these odor-taste pairs. On the
other hand, OFC neurons were not activated in the early learning period, because
OFC neurons do not receive directly odor inputs and the connections between
ABL and OFC neurons are nearly zero in the period. As the learning proceeds,
the connections between ABL and OFC neurons were developed with the changes
of the predictive values of PG and NG, and OFC neurons encoding the specific
pairs of odor and taste, or odorl-sucrose (O1-S) and odor2-quinine (02-Q),
were activated. The cuel-selective neurons encoding the coupling of odorl and
sucrose show a larger activation shown in Fig.5, leading to the facilitation of
sucrose ingestion. In contrast, the cued-selective neurons encoding odor2 and
quinine exhibited a sparse firing, causing the suppression of quinine ingestion.
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Fig. 5. Responses of ABL and OFC neurons during the learning of an odor discrimi-
nation task. (a) Temporal courses of the probabilities of PG and NG actions. (b), (c)
Raster plots of ABL and OFC neurons during the learning.

3.3 Responses of OFC Networks for Two Task Trials

Figure6 shows the raster plots of OFC neurons in the sequence of two odor
discrimination trials. In one trial, a rat performed the PG and received sucrose
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after a delay period. In another trial, the rat performed the NG and received
quinine. The odorl stimulation evoked the firing of cuel-selective neuron, and it
remained active during the delay period, working as expectation for forthcoming
outcome (sucrose ingestion). The firing was enhanced during the delay period
because sucrose is a preferable food for rats. On the other hand, the odor2
stimulation elicited the firing of cue4-selective neuron, sustained in a delay period
followed by quinine ingestion. The sustained firing of cue4-selective neuron also
works as expectation for the forthcoming ingestion (quinine ingestion), but it
exhibited a sparse activity because of aversive availability of quinine.
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Fig. 6. Responses of OFC neurons for a sequence of two odor discrimination tasks. In
one task, sucrose is ingested after odorl presentation. Other task has quinine ingestion
after the presentation of odor2.

3.4 Reversal Learning of ABL and OFC

Figure7 shows the raster plots of ABL and OFC neurons during a reversal
learning, together with the action probabilities of PG and NG. After the learning
of the association of odorl-sucrose and odor2-quinine, the relationship of odors
and tastes was rapidly reversed at t = 25000 ms. The new relationship is odorl-
quinine and odor2-sucrose. In the reverse learning, the reinforcement learning
reduced the probability of PG and increased that of NG. In the late period of
the learning (¢ > 40000 ms), the two actions were adapted to the new relationship
of odor and taste.
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Fig. 7. Responses of ABL and OFC neurons in the first odor discrimination task and
its reversal learning. The reversal learning was started at ¢ = 25000 ms.

The ABL made the new associations in the similar way to the first learning.
The connections between ABL neurons encoding odorl and quinine and those
encoding odor2 and sucrose were learned, while the connections involved in the
first learning decayed. In association with the development of the new association
in ABL network, OFC neurons were activated for the reversal relationship; the
cue2- and cue3-selective neurons, encoding the pair of odorl and quinine and
that of odor2 and sucrose, respectively, were activated.

Figure 8 shows the raster plot and firing rate of OFC neurons in the sequence
of two odor discrimination tasks after the reversal learning. The odorl stimu-
lus activated cue2-selective neurons, and their sparse activities were maintained
during a delay period followed by quinine stimulation. Similarly, odor2 stimulus
evoked the spiking of cue3-selective neurons and their sustained activities. The
cue2-selective neurons exhibited sparse activity in the delay period, indicating
the expectation for the aversive quinine ingestion, whereas the cue3-selective
neurons caused the increased activity, reflecting the expectation of the preferred
sucrose ingestion. The reversal learning shapes the cue-selective responses con-
sistent with the reversal relationship between odor and taste information.
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Fig. 8. Responses of OFC neurons after the reversal learning. Odorl elicit the sustained
activity of cue2-selective neurons, leading to aversive ingestion of quinine. Similarly,
odor2 elicits appetitive ingestion of sucrose. The relationship between odors and tastes
are reversed for that in the first task.

4 Conclusion

We have presented the neural mechanisms by which ABL makes association
between odors and tastes and OFC generates the expectation of cue-induced
outcome. The learning of ABL and OFC is based on a reinforcement learning
and Hebbian learning depending on reward prediction error. We have also shown
that ABL and OFC modulate the representation of odors and tastes in a reversal
leaning. The results provide insights into understanding the functional roles of
ABL and OFC in adaptive behavior.
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Abstract. Brain-Computer Interface (BCI) is an emerging technology
that facilitates a pathway between the human brain and external devices.
Electroencephalography (EEG) data are mainly employed in BCI systems
toreflect the underlying mechanism of different neural activities associated
with various limb motions or Motor Imagery (MI) activities. Multichan-
nel EEG signal processing generally results in high-dimensional features,
which increases BCI’s overall computational and temporal complexity. We
introduce a channel selection methodology using the mutual information-
based three-way interaction scheme to reduce this burden due to many
channels. Our approach initializes a set of three candidate solutions for
a given MI classification task and subsequently determines a highly signif-
icant EEG channel set. It effectively balances relevance and redundancy
levels in the final channel subset during the selection and rejection of a
newly selected channel. The proposed scheme is evaluated on the BCI
Competition IV-2008 dataset with four MI classes (left hand, right hand,
tongue, and feet) and twenty-two channels. The performance of our scheme
is compared with three recently published state-of-the-art methods. The
proposed approach realized an average of 86.66% classification accuracy
using only nine channels on the data of nine participants. The compara-
tive study shows that our approach realized better performance in terms
of higher classification accuracy and channel reduction rate than all three
baseline models. The results are promising for the online BCI paradigm
that requires low complexity while conducting multiple sessions of BCI
experiments for a larger group of participants.

Keywords: Brain-Computer Interface - Motor Imagery -
Electroencephalography - High Dimensional Data - Channel
Reduction - Channel Interaction Maximization

1 Introduction

The EEG-based BCI system facilitates a communication framework between
the human brain and external intelligent devices by decoding the intrinsic cog-
nitive patterns associated with different neural activities [29]. It takes in brain
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signals, analyses them, and translates them into computer-based control com-
mands. These are further used to control machines such as smart home appli-
ances, neuroprosthetics, and intelligent chairs without performing any muscular
activity. A block diagram of a generalized BCI system is shown in Fig.1. In
BCI systems, Motor Imagery (MI) refers to a dynamic mental state in which
a subject imagines a muscular activity without actually executing it. Several
researchers defined the relationship between motor activities and corresponding
brain states by classifying respective brain oscillations [16,27] into four groups
(1) delta (<4 Hz), (2) theta (<4, 8> Hz), (3) alpha (<8.0, 13.0> Hz), and (4)
beta waves (>13 Hz). It has been concluded that a complex EEG spectrum
consisting of an upper range of alpha waves and a lower range of beta waves
(<8, 30> Hz) represents spatial-temporal properties of MI-specific brain sig-
nals. In EEG signal processing, scalp sites are termed as channels or electrodes
from which signals are recorded. Although the dense arrangement of electrodes
reveals more information about cognitive activities, it increases the redundancy
due to noise and results in high-dimensional data. Besides, the inclusion of a
large number of channels increases the cost of the system. These factors further
increase the effort involved in the BCI setup that reduces its practicality [20].
These limitations motivate researchers to adopt efficient schemes that select only
relevant and non-redundant channels for developing a productive BCI system.

Mathematically, Optimal Channel Selection (OCS) is an NP-Complete
(NPC) problem for which no efficient solution has been found within polynomial
time. Several existing methods have been developed to filter significant chan-
nels by associating electrodes’ location and respective MI activities, but their
effectiveness is limited because of inter-subject variability. These methods often
employ the neuro-physiological basis of the human brain to locate an initial set
of candidate solutions before estimating the relevance of new ones in the opti-
mal channel subset. The selected channels achieve better classification accuracy
and minimize the computational cost involved in processing high-dimensional
cognitive signals.

This study considers multichannel EEG signal processing for MI tasks a mul-
tidimensional classification problem. This problem has been addressed in earlier
works by targeting muscular movements and cognitive task-related experiments.
A detailed discussion on existing channel selection methods is presented in [5].
These methods can be grouped into three classes: (1) Filter, (2) Wrapper, and (3)
Hybrid methods. Filter-based channel selection methods are fast, independent
of the applied classification approach, and highly scalable. However, they suf-
fer from poor classification accuracy because they ignore the relevance of newly
selected channels to earlier selected channels. Hence their performance is limited
by high redundancy associated with the selected channel subset. These methods
often explore different information-theoretic concepts such as mutual informa-
tion, correlation, entropy, and variance for channel selection. On the contrary,
wrapper methods implement a classification algorithm iteratively to determine
the effectiveness of the selected channels. Therefore, these approaches are rela-
tively more accurate than filter methods. However, because of the involvement
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of the classifier, wrapper methods require high computation time for a dataset
with many channels. In addition, they are prone to overfitting because they train
machine learning models with different combinations of features extracted from
selected channels. These methods employ a variety of metaheuristic algorithms
in the channel selection process because of their ability to maintain a good bal-
ance between search space exploration and solution space exploitation. Finally,
hybrid methods enjoy the benefits of both filter and wrapper methods in terms
of effectiveness and overfitting issues. However, the effectiveness of hybrid meth-
ods depends on the compatibility of the participating methods; otherwise, their
performance may deteriorate the classification accuracy of the BCI system.

The primary objective of existing optimization methods is to filter only task-
specific channels that can effectively refer to the performed MI activity with
minimum computational cost. Recently, various algorithms have been introduced
to solve the channel selection problem. For example, Arvaneh et al. (2011) [4]
introduced two variants of Sparse Common Spatial Patterns (SCSP). In the first
variant, they selected the least number of channels within a constraint of clas-
sification accuracy, while in the second one, they determined the least number
of channels without compromising the classification accuracy obtained by using
all the channels. Both methods maximized variance between two MI classes by
applying spatial filters. Yang et al. (2017) [30] computed the correlated chan-
nels by considering mutual information between Laplacian derivatives of power
features extracted from the selected channels and the candidate channels. How-
ever, this method suffered from excessive redundancy because of ignoring the
relevance of channels individually. Torres-Garcia et al. (2016) [26] developed a
fuzzy system interface to obtain a Pareto front solution for classification accu-
racy maximization. In this problem, a bi-objective function with two criteria
(error rate and the number of channels) was used to obtain a robust tradeoff
between the number of channels and the classification accuracy. In recent work,
the Multi-Objective Non-Sorting Genetic Algorithm (MO-NSGA) has been used
for channel selection [23]. This method employed a hybrid signal feature set using
Empirical Mode Decomposition (EMD) and Discrete Wavelet Transform (DWT)
with the MO-NSGA algorithm and achieved 100% classification accuracy.

Wang et al. [29] reduced the irrelevant and redundant EEG channels using
a threshold-based Normalized Mutual Information (NMI) measure. They con-
structed an NMI connection matrix to obtain the relationship between pairs of
channels. Then, setting an appropriate threshold, optimal channels were selected
for classification purposes. However, this method achieved better classification
accuracy but ignored channels’ relevance individually. Jiao et al. [17] developed
an improved CSP variant to capture shared salient information across related
spatial patterns using a multiscale optimization approach. They combined multi-
view learning-based sparse optimization to jointly extract robust CSP features
with the L2,1-norm regularization method. They achieved competitive results
compared to original CSP and other state-of-the-art methods.

Considering the limitations of the above-discussed methods, we present an
improved filter method by introducing a mutual-information-based three-way
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Fig. 1. Block diagram of a general BCI system

interaction scheme [6] to determine the optimal channel subset. Compared to
conventional filter methods, our method follows the maximum relevance and
minimum redundancy principle while selecting new channels. It computes an
interaction score between randomly chosen and earlier selected electrodes to
determine the significance of the newly inserted channels. In case of a positive
score, the new channel is selected else rejected. Next, Multivariate Empirical
Mode Decomposition (MEMD) [25] approach is applied to determine spatiotem-
poral features from the selected channels. Finally, classifier schemes were applied
to discriminate four MI classes (left, right, tongue, feet) specific brain signals
The rest of the paper is organized as follows: Sect. 2 presents the material
and methodology used in the proposed work. In Sect. 3, experimental results of
classification accuracy and channel reduction rate are discussed. Finally, Sect. 4
concludes the research work with the future scope of the related domain.

2 DMaterial and Methodology

This section presents a detailed description of the dataset and proposed chan-
nel selection approach. In Fig. 2, our methodology is shown in three sequential
steps: (1) signal preprocessing, (2) channel selection & feature engineering, and
(3) classification. A detailed description of all the steps is given in subsequent
subsections.

2.1 Dataset Details

In our work, we use the BCI Competition IV- 2008 - IT A dataset to validate our
methodology. It comprises EEG signals collected from 9 healthy participants.
This spectrum consists of 22 EEG channels and 3 EOG channels with the left
mastoid as reference. It is a four-class MI task-based dataset where class 1 rep-
resents the left-hand movement, the right-hand gesture constitutes class 2, class
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3 comprises the motion of both feet, and class 4 deals with the tongue activity.
This dataset consists of individual training and validation EEG samples for all
nine subjects to corroborate any classification scheme. Hence, there is no need
to decompose given data samples into the training and the validation sets using
any cross-validation technique. More details about this dataset can be found in
the reference article [8].

2.2 Proposed Methodology

This study performs a sequence of steps to discriminate four MI classes using
the selected channels. Initially, multiple preprocessing methods are applied to
improve the signal quality by curtailing unwanted noise and frequency compo-
nents. The refined signals were further used to determine the importance of
respective channels in candidate solutions. A detailed discussion of applied steps
is given below.

Channel Setting. As discussed above, the BCI dataset consists of 25 channels
in which 22 channels refer to the EEG spectrum while the remaining 3 represent
EOG waves. Here, only EEG signals are used to select the most optimal channel
subset and for the classification of performed MI tasks. Therefore, EOG channels
are directly eliminated and not considered in any data analysis step. In the next
phase, oscillations of 22 EEG channels are used for cognitive pattern analysis.

SNR Enhancement. We make our data more precise by minimizing noise and
outliers induced in the raw brain waves. This step helps to maximize Signal to
Noise Ratio (SNR) of the EEG signals. Here, a 3rd order Savitzky-Golay filter
[14] with an optimal window size of 1000 is used to optimize outliers’ data points.
This step is essential because it provides biased results and reduces classification
accuracy. Next, the Fast Independent Component Analysis (FastICA) algorithm
[21] eliminates noise and outliers from the optimized EEG signals. Since all the
frequency components are not required to discriminate MI classes, we extract
beta waves in <12 — 30 Hz>. Each step mentioned above is performed sequen-
tially, and improvement was observed after each step. A pictorial representation
of all three steps is shown in Fig. 3.

Channel Selection. The proposed channel selection approach utilizes a mutual
information-based three-way channel interaction scheme to determine the rela-
tionship between newly selected channels, earlier selected ones, and three can-
didate channels. Our approach maximizes the global mutual information among
all three categories of channels so that the selected channel maximizes the rel-
evance and minimizes the redundancy score in the global channel subset. Our
proposed channel selection methodology is motivated by the earlier proposed
Feature Interaction Maximization (FIM) algorithm [6]. The original algorithm
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has been effectively used for large feature space optimization in data classifica-
tion problems. Let P(X) denote the Probability Density Function (PDF) of data
sequence X, then the entropy of X can be defined as:

n

H(X) == p(w;) log(p(:)) (1)

i=1
where 0 < H(X) < 1. In the case of two variables X and Y, joint and
conditional entropy is given as:

n m

H(X|Y) = —Zzp(ﬁ«”uyi)log(]ﬂ(ﬂfﬂyi)) (2)

i=1 j=1

n m

=YD plwi,yi) log(p(xi, yi) (3)

i=1j=1
In information theory, joint and conditional entropy are related in the fol-
lowing manner:
H(X,)Y) = H(X)+ H(Y|X) (4)
H(X,Y) = H(Y) + H(X|Y) (5)

The mutual information and entropy can be correlated as

=35l ) (©)

i=1 j=1

The value of MI in Eq. 6 is always positive. It is high if both variables are
highly associated; MI is zero if both variables are independent. MI can be defined
as a function of the entropies, as follows:

[(X:Y) = H(Y) - H(Y|X) (7)
I[(X;Y) = H(X) - H(X|Y) (8)
I[(X;Y) = H(X) + HY) - H(X,Y) (9)

In the channel selection problem, the mutual information I (X; Y) represents
the relation between channel X and Y. This relationship is also referred to as
information gain; the channel with the highest mutual information is considered
the most informative and given higher priority in the application. In our work,
two information theory measures, namely (1) Conditional mutual information
I(X;;Y/X,;) and (2) Three-way interaction information ((X;; X;;Y')) are merged
to determine the relevance of the selected channels. In both cases, the relation
between a feature and target class is studied in the context of other features.

I(X5:Y/X) = H(X33Y) = H(X;/Y, X) (10)

I(X;X5Y) = 1(X;, X Y) = I(X;;Y) = I(Xi;Y) (11)
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Unlike MI, three-way interaction measures can be positive, negative, or zero.
A positive score refers to the combined information associated with two channels
that cannot be provided by each of them individually. It is negative when any
two features compute the combined information. A zero score shows that both
channels are independent and don’t share any information. Suppose X; is a
candidate solution and X is a channel belonging to the subset S (i.e., it has
already been selected) and C' is a target class (attribute); channel interaction
maximization (CIM) can be defined as

CIM = argmax(I(X;;C) + )r(nier}g(I(Xi; X)) (12)
where
I(xi; X5 0) = I(2; X;C) — (X35 C) — I(X4; C) (13)

In Eq. 12, the mutual information between features X; and C' computes the
relationship between the candidate feature and the class attribute. The inter-
action information among z;Xs, and C is the redundancy term. The selected
feature is the one that maximizes the objective function defined in Eq.12. It
has the maximum relevance to the class attribute and the minimum interaction
with the selected features. The advantage of this criterion is its ability to select
the features that have the highest discriminative power. The pseudocode of the
three-way interaction maximization approach that we have employed in our work
is given in Algorithm 1.

Algorithm 1. Channel Interaction Maximization

1: (Initialisation) Set U ‘Initial set of 22 Channel’

2: S Contains Candidate Channels “c3,c4 and Cz”. Set X contains ‘Remaining 19
Channels’

3: (Mutual information with each Class label is calculated ) For every Channel z; € X,
Calculate I(C;z;)

4: for (Greedy selection) We will Repeat until all channels are selected,i.e, S = k do

5. Calculation of the Mutual Information between elements) For all pairs of ele-
ments I(z;; zs) with z; € X, zs, calculate I(z;; ), only if it was not previously
calculated.

6:  (For choosing Next Feature) feature xz; is selected as the one that maximises the

goal function: I(C;xi) — B>, cgI(wi;xs). Set X « X5 set § « SUux;
7: end for
Print the set S containing the chosen Channels in ranked order
9: Further we will take Top K channels from the set and perform the classification
and compute accuracy.

®

Feature Extraction. The MI-specific signal parameters for the categorization
of motor imagery activities are extracted using the channel chosen in the preced-
ing section. Multivariate Empirical Mode Decomposition (MEMD) is a popular
feature extraction used for dealing with nonlinear and non-stationary EEG data.
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It’s a multivariate variant of the conventional Empirical Mode Decomposition
(EMD) technique in which numerous n-dimensional envelopes are generated by
projecting EEG instances in n-variate spaces in every direction. The local mean
is then calculated using these predictions. We chose MEMD over other com-
mon feature extraction methods because it employs cross-channel information
to compute the behaviour of intrinsic EEG signals.

Let a multivariate EEG segment be represented by n-dimensional vectors
{a®)}, = {21(t),22(t), - ,zn(t)} where d% = {d},d5, - ,d%} denotes a set
of direction vectors along the directions given by angles 6% = {% 65 ... 6%} on
an (n — 1) space. The steps used in MEMD computation are given below:

1. Select appropriate points for gampling on (n-1) planes.
2. Compute projection {p‘g’“(t)}t:1 alo?(g the direction d? of the input signal
{z(t)};_, for all k resulting {p’*®},_, to form a projection set.
K
3. Find the time series instants t(f’“ corresponding to the maxima {pek(t)}kzl.

K
4. Tnterpolate {t%*,z(t%*)} to obtain multivariate envelop curves {e?*®},"_, .
5. Compute the mean function m(t) by averaging all multivariate envelope
curves, defined as follows:

1 K
m(t) = — D eh® (14)
k=1

6. Compute the detail using ¢(t) = Y (¢) — m(t). If the stopping criterion is
satisfied, this detailed Intrinsic Mode Function (IMF) becomes Multivariate
Intrinsic Mode Function (MIMF). Otherwise, Y (¢) is assigned to the remain-
der ¢(t), and the process of identifying a new IMF is reiterated. The entire
process is iteratively performed to compute all IMFs from the signal Y (¢).

Let ; € RF denote the EEG signal observation at a time instance where is the
total number of optimal channels. The formal definition of the spatial covariance
matrix is defined by Cov = E{(z; — E{z;})(z; — E{x]})T} where E{.} denotes
the expected value and is a superscript that represents the transposition of (.).
In the BCI system development, each entry of the spatial covariance matrix is
considered a feature of the respective observation.

Feature Reduction. In the last step, MEMD computes a large 3-D feature
matrix because of multiple decomposition operations for each selected channel.
Most of the produced features are redundant and static, and their role in MI-
tasks discrimination is insignificant. Hence, it is essential to recognize and elimi-
nate them before the classification process. Here, Principal Component Analysis
(PCA) [1] removes the less significant features by fixing the 96.2% variance
threshold on the originally produced MEMD feature set. In PCA, the feature
matrix F is used to compute the orthogonal matrix Wi s, which is further
used to produce the transformed matrix Yx « n using Eq. 15:

Yieun = Wi X Farxn (15)
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where M is the size of the feature set, N is the number of instances, and K <
M, K < M represents the dimension of the output feature set where K is selected
based on the accumulation of the first few largest eigenvalues exceeding 96.2%
of the total sum of all the eigenvalues computed from the feature matrix.

3 Results and Discussion

In our experiment, six classifiers are applied to find the compatibility of the pro-
posed channel selection approach with different discrimination criteria. These
classifiers are: (1) eXtreme Gradient Boosting (XgBoost) [1], (2) Random Boost-
ing (RB) [7], (3) Light Gradient Boosting (LGB) [3], (4) Ensemble Learning
Classifier (ELC) [11], (5) Support Vector Machine (SVM) [18], and (6) Spiking
Neural Networks(SNNs) [31]. Except SNNs (a deep learning classification app-
roach), all techniques are from the class of machine learning methods. In SNNs
implementation, we executed the typical vanilla SNN architecture discussed in
the article [31] and realized best set of hyper parameters as: (1) learning rate
= 0.1, (2) exponential decay for the first moment estimates (8;) = 0.91, (3)
exponential decay rate for the second-moment estimates (f2) = 0.99, and (4)
¢ (threshold to prevent any segmentation error during optimization) = 1078,
Moreover, the SNNs implementation was time consuming on the training data
and hence not suitable for light weight BCI-based wearable device. Therefore, we
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Table 1. Performance comparison of five classification techniques in the proposed
channel selection approach.

Subject | Selected channels No. of channels | CSR | Classification Accuracy (CA)

Xgboost |RB | LGB | ELC | SVM | SNNs
A0l C3, C4, Cz, 5,3,9,14,21 8 0.37 | 71.98 87.52|77.42193.36 | 87.41 | 71.66
A02 C3, C4, Cz, 2,4,9,13, 15,16,22 10 0.46 | 63.18 44.78 | 55.60 | 95.45 | 90.66 | 69.29
A03 C3, C4, Cz, 1,3,9,5, 11,16, 11 0.50 | 70.33 80.30 | 65.12 | 94.21 | 82.54 | 67.58

A04 C3, C4, Cz, 1,3,9,5,11, 16, 14,21 |8 0.37 |57.68 | 65.40 83.46 | 81.62|78.40  59.33
A05 C3, C4, Cz, 2,3,14,16,22 8 0.37 [51.24 | 72.68 | 76.20 | 85.09 | 87.40 | 63.02
A06 C3, C4, Cz, 5,9,13,16,19,22 9 0.41 [89.02 |60.33 91.33|91.11|98.39 | 73.23
7
8

Ao07 C3, C4, Cz, 3,14,15,22 0.32 | 65.10 77.02 | 77.30 | 79.38 | 74.60 | 78.18
A08 C3, C4, Cz, 15,11,16,19,21 0.37 | 76.48 92.30 | 60.0 |89.91 | 86.33 | 62.50
A09 C3, C4, Cz, 1,9,15,11,16,19,22 10 0.46 | 72.60 75.38 1 80.50 | 83.25 | 78.20 | 68.92
Average | Highly Voted Channel: 16, 14, 22, |8.77 ~ 9 0.40 | 68.62 72.85|74.10 | 88.15 | 84.87 | 68.19
3,19,15,5,13,11,21,9,2,1, 4

mainly focused on machine learning classification techniques and found improved
results compared to SNNs. Further, to obtain true nonlinear cognitive patterns,
radial basis function is used as kernel in the SVM classifier. The proposed study
employs five performance measures: [1] Classification Accuracy (CA), [2] Chan-
nel selection rate (CSR), [3] Precision, [4] Recall, and [5] Fl-score in the demon-
stration of the results. Table 1 presents the subject-wise classification accuracy
for all 9 participants using all six classifiers. It can be observed that the ensem-
ble classifier realizes the maximum average classification accuracy among all the
applied classification schemes. It realizes maximum classification accuracy for
all the participants except A06. In this case, SVM achieves maximum classifica-
tion accuracy among all the classification techniques. It is interesting to discuss,
SNNs architecture realized a minimum classification accuracy among all classifi-
cation techniques. In addition, it ranks after the ensemble learning scheme. The
order of performance is ELC > SVM > LGB > RB > Xgboost > SNNs.
Channel Selection Rate (CSR) is another performance measure that indicates
the ratio between the number of selected and total EEG channels. In other words,
it refers to the set of selected channels used in the classification process. The
proposed CIM scheme effectively reduces the significant number of channels for
all the participants by selecting minimum channels. Our methodology realizes
average classification accuracy of 88.15% (ELC) using only 9 channels. Hence, 13
channels are effectively reduced without compromising classification accuracy.
The details of the remaining three performance measures: (1) Precision, (2)
Recall, and (3) F1-score, are given in Table 2. Precision determines "how much the
model is correct when it claims to be correct.” Recall indicates ’how many more
right ones the model missed when it presented the right ones.’ In Fig. 4, Precision-
Recall (PR) curve is plotted for different thresholds to show the tradeoff between
precision and recall. A high area under the curve represents both high recall and
high precision, where high precision relates to a low false-positive rate, and high
recall relates to a low false-negative rate. The harmonic mean of precision and
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Table 2. Class wise details of precision, recall, and F1-score

Metrics | Class 1| Class 2 | Class 3 | Class 4
Precision | 0.8506 | 0.8722 | 0.8715 | 0.8737
Recall 0.8951 | 0.8608 | 0.8482 | 0.8612
Fl-score |0.8734 |0.8665 |0.8597 |0.8674

Table 3. Performance comparison between our proposed channel selection scheme
and three state-of-the-art methods. CA and P refer to classification accuracy and the
number of selected features, respectively.

Subject | IBGSA GSO RSS-SFSM | Proposed Methodology

CA P |[CA |P |[CA |P CA P

A01 71.30| 7 |68.31|11 |73.91 |9 93.36 | 8

A02 66.04 | 10 | 56.91|13 |70.08 | 6 95.45 | 10

A03 81.54| 8 |79.68|13 |85.02 5 94.21 | 11

A04 8191 9 (69.43 |14 |77.29 |12 81.62 | 8

A05 76.66 13 | 73.33| 9 [80.00 11 |85.09 |8

A06 66.66 | 13 | 83.52| 9 |79.52 |6 91.11 |9
7
8

A07 73.57 |11 |66.33 |14 [82.45|9 79.38
A08 79.32| 7 163.10| 5 [83.11|8 89.91
A09 87.5212 |91.33| 7 [89.28 13 |83.25|10

Average | 76.05|10 | 72.43 |11 |79.85|8.77 | 88.15 8.77 =~ 9

recall is the Fl-score. Here, we obtain maximum precision for class 4 while the
best recall is achieved for class 1.

We compare our results with three state-of-the-art methods: (1) Glow Swarm
optimization, (2) Improved Binary Gravitational Search Algorithm (IBGSA),
and (3) Robust and Subject-Specific Sequential Forward Search Method. In the
first method, Gonzalez et al. 2014 [13] introduced Glow Swarm Optimization
(GSO) for channel reduction with Common Spatial Pattern (CSP) features.
Finally, extracted features were classified using the Naive Bayes classifier with
better results than the conventional K-Nearest Neighbor (KN) and channel-
optimized KNN approach. In the second method, the SNR of EEG signals is
correlated with the channel optimization process, and the Improved Binary
Gravitation Search Algorithm (IBGSA) is applied for EEG channel reduction
[12]. They extracted statistical and temporal features from central beta fre-
quency after channel reduction and achieved 80% classification accuracy at the
maximum on BCI Competition 2008: 2a dataset. In [2], a Robust and Subject-
Specific Sequential Forward Search Method (RSS-SFSM) is proposed for optimal
channel selection. The proposed algorithm’s main limitation was its inadequate
validation of 100 iterations, affecting the classification accuracy when used in
real-time BCI systems.
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The comparative results between the proposed approach and the three base-
line channel selection approaches mentioned above are shown in Table 3. It can
be observed that our method achieves maximum classification accuracy com-
pared to IBGSA except for two participants (A04 and A09). However, in both
cases, our method selects fewer channels than IBGSA. In the second compari-
son, the proposed CIM method achieves higher classification accuracy than the
GSO algorithm for all participants except A09. In addition, GSO selects a fewer
number of channels compared to the proposed method for two participants, A0S
and A09. Compared to RSS-SFSM, our method realizes inferior classification
accuracy for A07 and A09. Interestingly, both methods have an equal number
of average channels for all 9 participants.

4 Conclusion and Future Scope

This study develops a novel channel selection algorithm using a mutual
information-based three-way interaction scheme for multichannel BCI systems.
In this method, we minimize the redundancy level by reducing mutual informa-
tion among newly chosen, early selected channels, and target attributes. Initially,
we used a set of three channels (C3, C4, Cz) as a candidate solution to deter-
mine the relevance of the new channel. This procedure provides a sequence of
all 22 channels based on their high relevance and low redundancy level in known
solution. A MEMD feature extraction approach was applied to compute spatial-
temporal properties of selected channels. Finally, five classifiers were used to
find the suitable discrimination criteria for associated cognitive patterns. The
classification results conclude that our method realizes superior classification
accuracy than three state-of-the-art methods (GSO, IBGSA, RSS-SFSM), using
fewer channels for most participants. In the future, some advanced methods such
as channel map association using graph theory [10], information-guided search
strategy [24], and clustering-oriented metaheuristics with Markov blanket [15]
can be used to group the most significant EEG channels. Deep learning algo-
rithms such as similarity-based Graph Neural Networks (Sim-GNNs) [19] and
multi-input Deep Neural Networks (DNNs) [22] can also be used to determine
correlated channel sets.
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Abstract. Speech enhancement improves speech quality and promotes
the performance of various downstream tasks. However, most current
speech enhancement work was mainly devoted to improving the per-
formance of downstream automatic speech recognition (ASR), only a
relatively small amount of work focused on the automatic speaker ver-
ification (ASV) task. In this work, we propose a MVNet consisted of
a memory assistance module which improves the performance of down-
stream ASR and a vocal reinforcement module to boosts the performance
of ASV. In addition, we design a new loss function to improve speaker
vocal similarity. Experimental results on the Libri2mix dataset show that
our method outperforms baseline methods in several metrics, including
speech quality, intelligibility, and speaker vocal similarity.

Keywords: Speech enhancement - Complex network + Speaker
similarity + Memory assistance - Vocal reinforcement

1 Introduction

The interference of additive noise with speech can seriously reduce the per-
ceptual quality and intelligibility of speech, which increases the difficulty and
complexity of speech-related recognition tasks [17]. In some scenarios, the secu-
rity of algorithms for tasks such as speech recognition and speaker verification
can be seriously threatened by noise interference [2]. Speech enhancement (SE)
is an important speech processing task dedicated to improving the perceptual
quality as well as the intelligibility of the disturbed speech and to restore the
performance of downstream tasks.

A good SE algorithm should obtain the output speech that is closer to the
clean speech. And the output speech often has better speech quality and intelli-
gibility than the input speech. In recent years, deep learning methods [9,15,27]
were widely applied to SE tasks and achieved good results. Deep learning based
methods can be classified into time domain and frequency domain depending on
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how the input speech is processed. The common practice of time domain meth-
ods [3,21,31] is to map the time domain waveform of noisy speech directly to
the time domain waveform of clean speech, through the learned mapping rela-
tionship. The frequency domain approach [9,11] obtains a mask by inputting
the noisy speech spectral features into the network. Then the clean speech is
obtained by multiplying the mask and the noisy speech.

Most of the previous work focused on improving speech quality as a train-
ing goal, and the current mainstream metrics are also based on speech quality.
Several studies proposed to train SE models directly with speech quality metrics
(PESQ and STOI), including quality-net [6], MetricGAN-u [7] and hifi-gan [14].
These methods achieved a significant improvement in speech quality. However,
ASR and ASV pay different attention to speech features. ASR pays more atten-
tion to the intelligibility of speech, while ASV pays more attention to speaker
vocal similarity. The optimization focus of the two is not consistent. Speech with
higher speech quality can have more outstanding performance in the downstream
ASR task, while less outstanding in ASV.

Current methods greatly improve speech quality (PESQ and STOI), ignoring
the importance of vocal information. However, inconsistent vocals will lead to
inconsistencies between speakers and increased distortion, which in turn affects
the performance of downstream ASVs. We call this the vocal distortion problem.
PFPL [10] started to demonstrate the importance of phonetic information. Their
work demonstrates that adding the necessary speech information can guarantee
speech details as well as speech quality. This provides us with ideas to alleviate
the vocal distortion problem.

In this work, to adapt to both ASR and ASV at the same time, and to
achieve the improvement of speech quality and vocal consistency, we propose a
MVNet consisted of a memory assistance module and a vocal feature reinforce-
ment module. Vocal reinforcement module is to extract the vocal information.
We consider it important for vocal distortion problem. Memory assistance mod-
ule is to improve the enhanced performance of the complex network. It reduces
the loss from forgetting valid information in long sequences by the network while
enhancing the gain from focusing on important information. Besides, we design
a similarity joint loss that aims to alleviate vocal distortion problem. The exper-
iments verify that our method can alleviate the vocal distortion problem while
further improving the speech quality.

2 Related Work

2.1 Complex Structure of CRN

The traditional Convolutional Recurrent Neural Network (CRN) [25] is symmet-
ric. It uses an encoder-decoder architecture in the time-domain, usually with an
LSTM layer in the middle to model the temporal dependencies. The encoder-
decoder block consists of convolution and deconvolution layers, batch normal-
ization and activation functions.
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To improve the performance of convolution in the complex domain, Tan et al.
[26] proposed an one-encoder two-decoders convolution method. Unlike previous
CRN that only targets amplitude mapping in the real domain, this network
structure is also capable of modeling phase mapping in the complex domain.
Compared with the traditional enhancement model, this structure can enhance
the amplitude and phase of the speech at the same time, and the enhanced
speech no longer needs to reuse the phase of the noisy speech. However, this one-
encoder two-decoders structure actually divided the input into two channels, the
real part and the imaginary part, and processed them as real numbers, which
did not strictly follow the operation rules of complex numbers.

The above approaches did not directly utilize the prior knowledge of the
magnitude and phase correlations of complex arithmetic. Hu et al. provided a
complex domain convolution model DCCRN [11], which used a complex encoder-
decoder combined with a complex LSTM to enhance speech. This network pro-
vided the ability to simulate complex multiplication, further enhancing the net-
work’s ability to capture the correlation between magnitude and phase. DCCRN
has been shown to be effective, we take this as our baseline model.

2.2 Speech Feature Information

With the research in the signal processing, researchers developed different speech
features according to the characteristics of different tasks. Speech feature extrac-
tion methods such as MFCC [28] and i-vector [8] were often used in various
speech signal processing tasks such as speech recognition [18], speaker recogni-
tion [30], and phoneme detection. These feature representations focus on different
speech information. A suitable feature representation can strongly promote the
performance of a specific task.

Hsieh et al. [10] proposed a perceptual loss (PFPL) for SE task. They pointed
out that phonetic feature information is the key to optimizing human perceptual.
PFPL first proposed the idea of adding phonetic feature information to the origi-
nal speech. This self-supervised SE method is based on DCCRN and wav2vec [1].
Their experimental results showed effectiveness of phonetic information. Thus
we take PFPL as another baseline model.

3 Method

In this work, we propose a MVNet as shown in Fig.1. In general, we extract
the speaker vocal features through vocal reinforcement module, and fuse it with
the noisy speech spectrum. A complex mask is then estimated by the memory
assistance speech enhancement module and multiplied by the noisy spectrum to
obtain the enhanced speech. Besides, we use the proposed similarity joint loss
to alleviate vocal distortion problem.

Our method is based on DCCRN which excels in speech quality. We propose
the memory assistance module to further improve speech quality and make the
model pay more attention to the vocal features. To improve the vocal similarity of
speech, we propose the vocal reinforcement module and the similarity joint loss.
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Fig. 1. The overall structure of MV Net.
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3.1 Memory Assistance

In order to make the model further improve the speech quality, and at the same
time make it have the ability to focus on the vocal features. We propose the
memory assistance module under the DCCRN framework, as shown in Fig. 2.

! t

( STFT ) ( ISTFT )

v

ComplexConv2d } >( ComplexDeConv2d
ComplexConv2d >( ComplexDeConv2d
ComplexConv2d ={ ComplexDeConv2d

v Memory 4
oo Assistance ooo
v module 4
[ ComplexConv2d ] ={ ComplexDeConv2d ]
Complex encoder Complex decoder

Fig. 2. The memory assistance CED structure.

We use 6 complex convolution blocks and symmetric 6 deconvolution blocks
to implement the construction of the encoder-decoder with the number of chan-
nels set to {32, 64, 128, 256, 256, 256}, where each complex convolution block
contains complex Conv2d, complex batch normalization and real-valued PReL.U.
Each complex Conv2d contains a real conv2d and an imaginary conv2d as in
DCCRN [11].

Memory Assistance Module. The overall framework of the DCCRN model
is based on CED, and the speech enhancement is mainly realized by the LSTM
with causal modeling ability. The LSTM network controls the memory state of
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information in the long-term transmission process through gates, retains impor-
tant information and forgets the information that the network considers unim-
portant. It plays the role in information filtering. Vocal information is a very
detailed speech feature that can only be noticed from a global perspective. The
core logic of the attention mechanism is the global attention, which can capture
the vocal features. But only from a global perspective will ignore some local char-
acteristics of speech. Thus, we combine it with the LSTM to form the memory
assistance module, which focuses on the both global features and local details of
speech.

l

Comple ua : Complex
Encoder Decoder

Memory assistance module

Fig. 3. Memory assistance speech enhancement module. Out, and Out; is the real
and the imaginary part of the encoder output, respectively. Out. is the fused complex
feature map. CLSTM is the complex LSTM layer.

Placing the attention before LSTM can amplify the memory ability, further
improving the memory ability of LSTM for global vocal characteristics. If it is
placed in the back, LSTM will forgot this information. At this time, the global
characteristics of this information will be destroyed, and the global attention
will not be able to pay attention to this information. Placing the attention in
the back aggravates the forgetting ability. Thus, the final vocal reinforcement is
as Fig. 3.

We utilize the features on the crisscross path to achieve global attention
through two loops while controlling the memory consumption. Module collects
contextual information in both horizontal and vertical directions to enhance the
expressiveness of feature maps. As shown in Fig. 3, the noisy speech is passed
through the complex encoder to obtain the feature maps of both the real and
imaginary parts. The feature maps is fused and sent into three one dimension
convolutional layers (Convlds). The horizontal and vertical attention map is
obtained from the first two Convlds and then passed back to the input to obtain
the global attention map. The global attention map and the output of the third
Convld are concatenated and fed into the complex LSTM. The output is con-
catenated with the output of the encoder and fed to the decoder for further
processing.
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3.2 Vocal Reinforcement

Vocal feature is an important factor affecting the distortion degree of the final
enhanced speech. When the vocal features of the enhanced speech and the clean
speech are quite different, the speech sounds lack of uniform speaker characteris-
tics, and it does not sound like the original speaker. That causes vocal distortion
problem.

The problem of missing vocal characteristics in speech enhancement can be
considered from two perspectives. One is that the model does not have the ability
to discover such characteristics, and the other is that the optimization direction
of the model does not care about this. To improve the vocal similarity of speech
from these two perspectives, we propose the vocal reinforcement module and
similarity joint loss.

Vocal Reinforcement Module. For the first perspective, our solution is to
explicitly add vocal features to the network, which is the direct idea of our vocal
reinforcement module.

: v
Vocal feature

TDNN [512, 1024, 5, 1,0.5]
TDNN [1024, 1024, 3, 1, 0.5]

TDNN [1024 1024 2,2,0.5]

j TDNN [1024, 512, 1, 3, 0.5]

MEAN STD

STFT Cspectrum

Fig. 4. Vocal reinforcement module.

The way of combining MFCC with TDNN [13] is a common way to obtain
speaker representation in ASV, which has a strong expressive ability for vocal
features. But MFCC is a compact speech representation. Since it uses mel filter to
ignore the dynamics and distribution of speech energy, it still loses some speech
details in essence [5]. It is a coarse-grained speech representation. Therefore,
we adopt STFT (short-time Fourier transform) to obtain the spectral represen-
tation of speech and preserve the temporal information of speech. Combined
with TDNN, a fine-grained vocal feature extraction method suitable for speech
enhancement is realized. ASV directly uses the speech representation obtained by
MFCC and TDNN to do the recognition task. But speech enhancement requires
more than just vocal information. We therefore combine the obtained represen-
tation as an auxiliary feature with the spectrum obtained by STFT as the input
to CED. This forms our vocal reinforcement module.
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The proposed vocal reinforcement module is shown in Fig. 4. The spectrum
obtained by STFT is sent to 5 TDNNs connected in sequence, the first four
output 1024 channels, the last collapses the channels to 512, and the average
and standard deviation of the last TDNN'‘s output are calculated and connected
to the original output, and then go through two linear layers in turn to get the
vector about the vocal features. We fuse the feature vector and the original input
into Memory Assistance CED.

Similarity Joint Loss. As mentioned above, to improve the vocal consistency,
there are two perspectives. Designing a new loss function is from the second,
changing the direction of model optimization.

The complete information of the speech signal is jointly represented by the
amplitude and the phase, and the phase contains more detailed information
of the speech. In the previous speech enhancement models, SI-SNR [19] was
mostly used as the loss function. Although SI-SNR takes into account the vector
direction of speech, the calculation process still depends on the signal amplitude.
The cosine similarity has a stronger constraint on the consistency of the vector
direction. In order to make the model pay more attention to the vector direction,
we introduce the cosine similarity to our loss function. The ability of the model
to improve the vocal consistency is enhanced by strengthening the constraint of
the loss function on the consistency of the vector direction.

The proposed similarity joint loss is to make some improvements on the basis
of the loss function of SI-SNR. We take the additive inverse of SI-SNR in our
Ls1.sNR, S0 that larger calculated results indicate less ideal separation. L£g1.sNr
is defined as:

_ (s8)s
Starget — [Is[|2
€noise — s — Starget (1)
_ lIstarges I
Lsrsnr = 10log Tenei 1%
noise

where < -, - > represents the dot product of two vectors, | - || is the euclidean
norm (L2 norm), s is the clean speech, and § means the enhanced speech. SI-SNR
is commonly used in papers.

In addition to Lsi.snr, We propose to use cosine similarity to improve the

speaker vocal consistency. The similarity loss is defined as:
Lsmi = alogo(1 — cossmi(8, s) + 9), (2)

where the hyperparameter « is the scaling factor, which we set to 100.

The value range of the cosine similarity function cosgm;i(+, ) is [-1, 1]. We take
the -cosgmi, so that the higher the calculation result, the more dissimilar the
two speeches are. We add a constant number 1 to fix the range in [0,2]. 0 is an
extremely small number used to avoid zero values. We smooth the change of the
curve through a logarithmic function, so that Lg,; has a consistent change trend
with Lgr.snr. Finally, we combine these two functions to propose our similarity
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joint loss Lioint, defined as:

Lioint = Ls1-SNR + Lemi- (3)

3.3 Training Target

Our training target is to obtain a complex ratio mask (CRM) [33] to estimate
clean speech. We adopt the method of signal estimation, that is, the noisy signal
and the estimated mask are directly multiplied to obtain the enhanced signal.
We improve the performance of the model by minimizing the Lisine between the
enhanced speech and the clean speech.

4 Experiment and Result

4.1 Experimental Setup

Dataset. In our experiments, we use the Librispeech [20] as the clean data,
which has 1252 speakers, each speaking for about 25 min, for a total of 478 h of
speech duration. The noise data in the experiment comes from the noise dataset
WHAM! [32], which consists of real ambient noises.

We mix the Librispeech and WHAM! datasets in the same way as the Lib-
riMix [4], resulting in a training set with 921 speakers for a total of 364 h, and
a validation set and a test set with 40 speakers for a total of 5.4 h. The dataset
SNR we get from the mix is between —15 bB and 5 dB.

Evaluation Metrics. The evaluation of our experiments is based on several
general metrics of speech quality, including Perceptual Evaluation of Speech
Quality (PESQ) [23], Short-Time Objective Intelligibility (STOI) [24], the pre-
dicted Mean Opinion Score of signal distortion (CSIG) [12], background noise
distortion (CBAK) [12], overall quality (COVL) [12], the scale-invariant signal-
to-noise ratio improvement (SI-SNRi) [29], segmental SNR (segSNR) [22] and
SIMI (a measure of vocal similarity). SIMI is the proposed new metric to mea-
sure the degree of vocal distortion, which is calculated by the speaker recognition
algorithm provided by Deep-speaker [16]. The higher the score, the higher the
probability that the speaker will be judged to be the same in the ASV task.

Baseline. We sample waveforms at 16 kHz, and set the window length and
number of hops to 25 ms and 6.25 ms, respectively. The FFT length is 512.
We use Adam optimizer. The initial learning rate is set to 0.001, and when
the validation loss increases, the learning rate decreases by 0.5. We train for
200 epochs and record the top PESQ ranked model parameters as our best
model for related experiments. For fairness, we run the official codes of baseline
models (PFPL and DCCRN) with the same training configuration as ours for
comparison.
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4.2 Ablation Study

Ablation Study for Memory Assistance. We propose the memory assis-
tance module to further improve speech quality and make the model pay more
attention to the vocal features.

Table 1. Ablation study for memory assistance. Oursm, and Ourspm, represents the
result of placing the memory assistance module before the LSTM layer and after the
LSTM, respectively. DCCRN represents the results obtained without memory assis-
tance.

Metric | noisy | Oursyma | DCCRN | Oursma

PESQ |1.18 |2.52 2.65 2.70
STOI |0.54 |0.81 0.84 0.87
SIMI | 0.36 |0.39 0.43 0.46

From Table 1, it can be seen that memory assistance module has the best
results when placed before LSTM. Memory assistance module can amplify the
importance of effective information before the LSTM forgets some information,
so that LSTM continues to amplify those effective information. When the mem-
ory assistance module is placed behind LSTM, the degree of forgetting of the
LSTM will be aggravated, thereby reducing the performance of the model.

Memory assistance module outperforms DCCRN in PESQ, STOI and SIMI.
This indicates its ability to further improve speech quality while empowering the
model to focus on vocal features.

Ablation Study for Vocal Reinforcement. To improve the vocal similarity
of speech, we propose the vocal reinforcement module and the similarity joint
loss. We compare with PFPL(with phonetic information) and DCCRN (without
any speech information). Results are shown in Table2, our results are signifi-
cantly better than the above methods.

Table 2. Ablation study for vocal reinforcement. Ours,, is the model with only the
vocal reinforcement. OQursymyr, is the MV Net with both memory assistance and vocal
reinforcement.

Metric | noisy | DCCRN | PFPL | Oursyy | Oursyvr
PESQ 1.18 |2.65 2.71 2.90 2.88
STOI 0.54 |0.84 0.78 0.91 0.91
SIMI 0.36 |0.43 0.51 |0.52 |0.52
SegSNR | 2.07 |6.49 5.58 |5.88 6.55
CSIG 2.02 |2.10 2.37 2.47 2.44
SI-SNR; | - 6.98 6.27 |9.88 9.97
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PFPL explicitly added the additional information (phonetic information) to
the DCCRN. This additional information contained more speech details, which
made the PESQ, SIMI and CSIG of PFPL higher than those of DCCRN. How-
ever, PFPL did not modify the original CED structure of DCCRN, and its model
did not have the ability to adapt to this fine-grained information. Thus, its STOI,
SegSNR and SI-SNR; were degraded. Compared with DCCRN and PFPL, both
Ours,; and Oursyyr, have better SIMI and CSIG scores, which prove that the
vocal reinforcement can improve the vocal consistency. Since Ours,, lacks the
memory assistance module in Oursyyr, the local details (SegSNR) and overall
performance (SI-SNR;) of Ours,, are worse than Oursyyy,.

4.3 Comprehensive Evaluation

We comprehensively evaluate the performance of our method on various metrics,
as shown in Table 3. Our model outperforms the baseline models in all metrics
and lower distortion can be guaranteed while maintaining higher speech quality.

Table 3. Comprehensive evaluation.

PESQ | STOI | CSIG | CBAK | CVOL | SIMI | SegSNR | SI-SNR;
noisy 1.18 ]0.54 |2.02 |1.99 1.75 0.36 | 2.07 -
DCCRN |2.65 |0.84 |2.10 |2.11 1.91 0.43 |6.49 9.04

PFPL 271 078 237 245 2.12 0.51 | 5.58 8.34

Oursma | 2.70 |0.87 [2.26 |2.34 2.08 0.46 | 6.37 10.61
Oursy, 2.90 [0.91 247 [2.60 |2.61 | 0.52|5.88 11.94
Oursmvy | 2.88 [0.91 [2.44 |2.59 2.27 0.52 | 6.55 12.04

5 Conclusions

In this work, we propose the MVNet consisted of a memory assistance mod-
ule and a vocal reinforcement module. Memory assistance module is proposed
to further improve the speech quality while making the model focus more on
vocal features. Vocal reinforcement module explicitly introduces vocal features
to improve the speaker vocal similarity. Besides, we design a similarity joint loss,
which aims to improve the speaker vocal consistency. Experiments verify that
the MVNet can further improve speech quality while maintaining the increase
in speaker similarity and the decrease in speech distortion, respectively. In the
future, we will explore real-time adaptive speech feature extraction methods.
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Abstract. Learning associative reasoning is necessary to implement
human-level artificial intelligence even when a model faces unfamiliar
associations of learned components. However, conventional memory aug-
mented neural networks (MANNSs) have shown degraded performance on
systematically different data since they lack consideration of systematic
generalization. In this work, we propose a novel architecture for MANNSs
which explicitly aims to learn recomposable representations with a mod-
ular structure of RNNs. Our method binds learned representations with a
Tensor Product Representation (TPR) to manifest their associations and
stores the associations into TPR-based external memory. In addition, to
demonstrate the effectiveness of our approach, we introduce a new bench-
mark for evaluating systematic generalization performance on associative
reasoning, which contains systematically different combinations of words
between training and test data. From the experimental results, our method
shows superior test accuracy on systematically different data compared to
other models. Furthermore, we validate the models using TPR by analyz-
ing whether the learned representations have symbolic properties.

Keywords: Associative reasoning - Memory augmented neural
networks - Systematic generalization

1 Introduction

Humans can constantly imagine new things and infer the expected outcomes of
what they do. One of the reasons for its promising ability is that the human
brain can relate to multiple distinct experiences by memorizing past events and
recalling appropriate knowledge. This capability, called associative reasoning,
allows humans to cope with unfamiliar situations which they have not previously
experienced. Modern deep learning approaches for memory augmented neural
networks (MANNSs) show glittering advances in associative reasoning [1,7,10,
12,14,19]. However, unlike humans, conventional MANNS still fail to generalize
associations when there are systematic differences between training and test
data [16,17].
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The main reason for the failure of systematic generalization with deep neural
networks is that representations are learned only to achieve minimum training
risk without considering systematical differences in the future. Therefore, cur-
rent approaches relying on learned representations cannot generalize to unseen
combinations of learned components [9]. To achieve systematic generalization,
we hypothesize that it is essential to (a) learn representations for components
as well as (b) provide representations for their systematical combinations.

In this work, we aim to achieve those two goals for systematic generalization
in associative reasoning of MANNs. We propose a modular encoder network
to learn symbolic representations, which are reusable pieces that can be com-
bined to represent unusual associations of known entities, and a Tensor Product
Representation (TPR) [18] based external memory, which can bind such learned
representations. The TPR is an embedding method for symbolic structures which
binds symbolic representations with the tensor product. Using the TPR-based
external memory, the associations can be systematically stored in the memory
and systematically recalled. Since the TPR method assumes pre-defined symbolic
representations for a given symbolic structure, we focus on learning to extract
recomposable representations from natural language to strengthen TPR-based
memory. We adopt recent approaches using competitive learning of the modular
structure of RNNs to specialize each RNN module to have its own independent
mechanisms [6]. These modules then encode given input according to their own
dynamics, with only the modules relevant to the input mainly participating. As
a result, the input is encoded into several pieces of specialized representations,
and their collection represents the original input. This symbolic characteristic of
representations provides validity for using the TPR for associative memory.

The main contribution of our work is providing an effectual method to achieve
systematic generalization for associative reasoning. To validate systematic gen-
eralization ability of our method, we design a synthetic task called Systematic
Associative Recall (SAR). In the experiments, our approach shows improved
performance than not only existing MANN-based models [3,7,8,12] but also
TPR-based MANNSs such as fast weight memory (FWM) [16]. We found that
the modular structure can effectively learn symbolic representations for the TPR
memory than their work with a conventional RNN encoder.

2 Related Work

Deep neural networks require sufficient capacity to understand the context exist-
ing in long sequential data. MANNs expand the capacity of neural networks by
adding an external memory. The objective of these networks is to store given
sequential data in the memory, retrieve meaningful information from memory,
and utilize that to solve problems.

Content-based addressable memory networks, such as Differentiable neu-
ral computer (DNC) [7] and its variations [2,5,14,15], exploited content-based
addressing for memory writing and reading operations and have shown remark-
able strength in basic reasoning tasks [21]. Also, many researchers adopted state-
of-the-art techniques of deep neural networks to enhance the reasoning ability of
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MANNS [1,10,14]. Meta-learned neural memory (MNM) [12] interprets the mem-
ory as a rapidly adaptable function, and Transformer-XL (TXL) [3] introduces
a recurrence mechanism to grant the memory ability to transformer architec-
ture [20]. Those approaches have shown significant progress in the reinforcement
learning task and language modeling task. Despite their achievements, few stud-
ies investigated the performance degradation of MANNSs in environments where
there is a systematic difference between training and test data.

Recently, some researchers have researched the systematic generalization of
MANNS using the TPR method. TPR-RNN [17] firstly introduces a TPR-based
memory approach to learn combinatorial representations, and FWM [16] pro-
vides a more general method for TPR-RNN to expand on longer sequences. We
also follow their approach using TPR as external memory; however, unlike their
work that relies solely on TPR constraints to learn symbolic representations, our
method efficiently learns such representations using modular networks with com-
petitive learning. In effect, our method provides a more valid approach for using
TPR, and it also achieves better generalization performance on systematically
different data distribution.

3 Proposed Method

We focus on learning symbolic representations for external memory represen-
tations to achieve systematic generalization. Our method utilizes a modular
structure of RNN to encode symbolic representations and a Tensor Product
Representation (TPR) to bind them. Each RNN module encodes an input into
symbolic representations based on its own dynamics, and memory representa-
tions are obtained by binding them with the TPR method.

3.1 Tensor Product Representation

TPR provides an embedding of symbolic structures to represent systematicity [4]
by using the tensor product of component representations, so-called roles and
fillers. For example, to represent associations of a pair of objects in a set {John,
Apple, Three}, the filler Apple may be the value for the role of second element.
In another perspective, the filler Apple and Three may be the values for the role
John. If roles and fillers are specified, and their distributed representations are
given, the role/filler relations can be described by binding them with a tensor
product. From the TPR literature, multiple role/filler relations are superposed
to represent an entire symbolic structure. Formally, a distributed representation
for an input that consists of N role/filler relations {ry/f;}2_, is expressed as a
superposition of tensor products of roles and fillers:

N
T = Z rp ® i (1)
k=1

where T is distributed representation for the input, ® is the tensor product
operator, ry /f) are role/filler representations for k-th role/filler relation.
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In order to guarantee the correctness of binding information, the TPR
method provides unbinding operator, which extracts filler for a particular role
from TPR. Let u; be an unbinding vector for role r;. For a simple case where
the role representations are orthonormal and u; = r;, it is sufficient to unbind
filler from a particular role r; by using the inner product

N

ui'T:ui'Zrk@)fk:fi (2)
k=1

where - is the inner product operator.

3.2 TPR-Based External Memory

In our work, the external memory for MANNSs is formulated as the superpo-
sition of TPR from each time step. We utilize one of the recent TPR-based
memory approach called fast weight memory [16] as a baseline model. At
time step t, the encoder encodes the input x; into a hidden representation
h: = Encoder(xs, hy—1). We then extract a role representation r; and a filler
representation f; from the hidden state h; as follows:

r; = tanh(Wyhy) (3)
ft = tanh(tht) (4)
B =o(Wshy) ()

where o(-) is sigmoid function and f is scalar for memory write strength. For
using (3, it is a common approach for conventional MANN models, replacing the
previous values with a mixture of previous and current values. The representation
of association between role and filler is embedded in TPR as r; ® (8f; — (1 —
08)fi_1), and it is written on the previous memory M;_; as follows:

Mi=M;_1+r:@ (B —(1—-0)f-1). (6)

Since information is continuously added to memory, we normalize it to avoid
divergence.

To read previous information from memory, unbinding vector u; for time
step t is extracted from the hidden state h; when the model requires to use
memory. The final read output oy is obtained by inner producting u; and memory
state M;.

u; = tanh(Wyhy) (7)
0 = Wo(ut . Mt) (8)

To increase the capacity of memory, one can extract two role vectors r} and
r?, and use outer product of them to derive r; = r} ® r?. In effect, each role
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representation learns to manifest its own role, such as entity or action [17]. In
this case, unbinding vector for memory read also should be formulated with two
unbinding vectors. For complex reasoning such as multi-hop reasoning problems,
it is possible to read memory multiple times before the linear layer W.

3.3 Recurrent Encoder Modules

Since the original work of TPR assumes pre-defined roles/fillers for a given sym-
bolic structured data and their representations, extracting them and learning
their representations are essential for TPR to obtain proper representations of
symbolic structures. To this end, we utilize an efficacious approach to learn sym-
bolic representations using modular encoder RNNs with competitive learning,
specializing each module to a specific mechanism [6,13]. The intuition behind
this modular encoder concept is that each activated module participates in
encoding input so that the hidden state becomes a combination of specialized
encoding mechanisms. Specifically, we exploit Recurrent Independent Mecha-
nisms (RIMs) [6] for our encoder network. For recurrent encoder modules with
RIMs, each module is determined whether to be activated based on its relevance
to the current input. The activated modules then encode the input with their
encoding mechanisms, exploiting outputs from non-activated modules. The final
hidden state of the encoder is derived by concatenating the hidden state from
each module. During the training process, only the activated module can be
updated and this competitive learning leads modules to have their own indepen-
dent mechanisms, as demonstrated by recent works [6,11,13].

4 Experiments

We evaluate our contributions in two different levels, a synthetic level and a
realistic level. First, we design a new synthetic task called Systematic Associative
Recall (SAR) to analyze the systematic generalization of MANNs. The purpose
of this level is to show the limitations of existing MANNs and the improvement
of our proposed methods, directly. Next, we validate our proposed method on
long sequential question answering task, comparing to other models.

4.1 Systematic Associative Recall Task

The SAR is an associative reasoning task designed to measure the ability to mem-
orize combinatorial associations when there is a systematic difference between
training and test data. In this task, the combinatorial associations are formed
with multiple objects by binding them. Concretely, we consider three object sets
such as human name Sj, fruit name Sy, and number name S,,, and the data are
constructed by concatenating the word embedding vectors sampled from each
object set. The main goal of this task is to reason the association between human
name objects and other objects when the relationship has not been exposed to
the model. For evaluating the systematic generalization, we divide S}, into three
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Fig. 1. Training and test accuracy on the SAR task over 15k iterations.

subsets, S}, S2, and S, and each subset is given to infer objects from specific
sets associated with its human objects: S} — S,,, S7 — Sy, and S} — Sy U S,
where A — B indicates that the model should infer B associated with A. The
set S provides more diverse combinatorial associations to the model, and this
can affect the generalization performance of the model.

In the test, the model is required to infer the associations of two cases: (a)
associations similar to the training data: S} — S, and S7 — Sy and (b) system-
atically different from the training: S} — Sy and S7 — S,,. Therefore, in order
to solve case (b), the model should learn representations for objects included in
combinatorial data, and generalize to associations between objects. Additionally,
we consider the effect for the degree of systematic difference between training
and test data. For fixed value of |Sy|, we adjust the proportion of |S}| with a
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Fig. 2. The similarity matrices between role vector r¢ and unbinding vector uy for
different human objects on (a) FWM and (b) our method. The x-axis and the y-axis
indicate r¢ and u¢ for sequence, respectively.
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Fig. 3. The similarity matrices between read vectors o for same fruit objects on (a)
FWM and (b) our method. The x-axis and the y-axis indicate o4 for various time steps.

3
value p = Ig—ﬁl Since lower value of p means larger systematic difference, the

SAR task becomes more challenging as the value of p decreases.

Results. We evaluate DNC [7], FWM [16], and our method on the SAR task
to verify their systematic generalization ability. We consider three experimental
settings with p = 0.1,0.3, and 0.5, and the results are shown in Fig. 1. DNC and
FWM show performance degradation for all settings with large gaps between
case (a) (plotted as test (same) in the figure) and case (b) (plotted as test
(different)), whereas our model successfully achieves systematic generalization
for p = 0.3 and 0.5. Even if FWM considers systematicity by using the TPR
method, it fails on the SAR task since FWM does not explicitly learn symbolic
representations.
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Analysis. To show the effectiveness of our method for learning symbolic rep-
resentations, we analyze learned representations generated by the baseline and
our model in two aspects. We investigate the representational analogy between
(i) role vectors and unbinding vectors, and (ii) unbound vectors for the identical
target object. In this analysis, we consider the association S} — S + correspond-
ing to the case (b), but the combinatorial data are consisting of multiple human
objects and one identical fruit object.

Figure2 shows the similarities between the role representations and the
unbinding vectors for combinatorial sequence data with different human objects.
The similarities should be close to 1 for the same human objects and 0 for dif-
ferent human objects to unbind appropriate filler representations from TPR
memory; therefore, the role vectors and unbinding vectors should be orthogonal.
From the analysis, role representations and unbinding vectors are not perfectly
orthogonal for the FWM, whereas our method shows almost orthogonal results as
shown in Fig. 2. This observation demonstrates that, unlike the baseline model,
our method could accurately learn symbolic representations for objects and per-
form associative reasoning for unseen combinatorial data in a systematic way.

Figure 3 shows the similarities between unbound filler representations from
different combinations of multiple human objects and one identical fruit object.
Since every combination includes the same fruit object, and the model is required
to recall fruit objects, the read outputs should be equivalent across multiple com-
binations. Figure 3(a) exhibits that the representations of read vectors from the
FWM are not identical from each other. Compared to the FWM, the similar-
ity patterns in our method display that the representations of read vectors are
nearly identical for every association, as shown in Fig.3(b). These results also
demonstrate that our method performs associative reasoning in systematic way.

Table 1. The average test accuracy for 3 runs of different MANN models on the
catbAbl task. * indicates experimental results from our trial. Note that our experiments
of FWM cannot reach official results from [16].

'LSTM |TXL |MNM |FWM |FWM* Ours*

Test accuracy | 80.88% | 87.66% | 88.97% | 96.75% | 94.94% | 96.63%

4.2 Concatenated-bAbl

The concatenated-bAbI (catbAblI) [16] is a more challenging question-answering
task than the bAbI task [21] with an infinite sequence of stories from the bAbI.
Note that the catbAbl task does not explicitly target systematic generalization.
Hence, our intention of this experiment is to verify the performance of models
on general associative reasoning problems.
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In the evaluated results on catbAblI in Table 1, FWM and our approach show
the highest performance, while conventional methods show low test accuracy.
Also, our model still achieves comparable results on long sequential text under-
standing problems. Especially in our experiment, our model shows improved test
results than FWM by using a module-based encoder.

5 Conclusion

In this paper, we focused on learning representations of symbols to generalize
their associations for associative reasoning. We proposed a novel MANN model
with a modular encoder network and TPR-based external memory and a new
task called Systematic Associative Recall (SAR) to analyze the systematic gener-
alization of MANNSs. Our proposed method has shown that it can learn the sym-
bolic representations for objects individually and perform associative reasoning
in a systematic way. Furthermore, our proposed method achieved state-of-the-art
results on the SAR and a large-scale task.
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Abstract. Natyashastra is an ancient wisdom of Indian performing arts,
written by Bharat Muni, and remarkable for its Rasa theory. Rasa means
nectar, the sentiments or emotion felt by the spectator while watching
a performance. There are nine Rasas (nine emotions), famously known
as Navarasa. Eminent scholars have contemplated Rasa as a superpo-
sition of several emotions with the dominance of a particular emotion.
Empirical brain research may provide evidence to understand the previ-
ous theoretical work. Hence, we carry out this research to understand the
most dominant Rasa in positive and negative emotion Rasa groups. By
dominance, we mean how well the Rasa of the positive emotion group
was distinguished from negative Rasa and vice versa. Our analysis is
based on EEG data collected on participants while watching movie clips
based on these Rasas with capturing time-varying activity using three
functional connectivity metrics. Network properties are extracted from
networks and utilized to feed as features for Random Forest classifier. We
obtained maximum accuracy (greater than 90%) in five pairs between
negative and positive emotions. We find the two most dominant Rasas
are Sringaram (Love) and Bibhatsam (Disgust), representing positive
and negative emotions, respectively. We observe that weaker connections
in delta and gamma bands with the lowest network feature values sig-
nificantly aid in classifying emotions. The strongest connections of delta
and gamma connections involve inter-hemispheric and intra-hemispheric
engagement patterns respectively, which suggest global and local infor-
mation processing while watching emotional clips. Beta waves generate
strong connections across regions, which suggest inline findings with pre-
vious works on beta for the western classification of emotions.
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1 Introduction

Natyashastra is an ancient Indian treatise on performing arts written by Bharat
Muni (Saint). It has an influence on Indian dance, music, and literature. Indian
classical dance and music are based on Natyashastra [3]. It contains a total of 36
chapters, subjected to drama composition, acting, dance movements, body move-
ments, construction of the stage, music, etc. Chap. 6 of Natyashastra talks about
Rasa or sentiments. Rasa is the audience’s experience when they are observing
a performance [13]. The performer’s primary goal is to make them experience
what they are performing, for example, if the performer is crying the audience
should feel sad. What a performer performs is bhava and what an audience feel
is a Rasa. Rasa and Bhava are interrelated and no Rasa without bhava and no
Bhava without Rasa. Rasa is what a spectator experience when he/she is observ-
ing a stimulus (which is performance/act according to Natyashastra), and Bhava
is what is presented by the stimulus. The bhava expressed in the performance
gets translated into the emotional experience of the spectator. In Fig. 1, we have
shown the eight Rasas and their division into positive and negative groups. The
last Rasa Santam (peace) is not considered for this study.

[ Hasyam  Sningaram | Raudram Bhayanakam N Domi State
7 Hasyam (Comic) Hasyabhava (Mirth)
Sringaram (Erotic) Rati (Love)
Adbhutam (Marvellous) | Vismay (Astonishment)
Adbhutam Veeram Veeram (Heroic) Utsah (Energy)
’ "" = Raudram (Rage) Krodha (Anger)
e 4 Bhayanakam (Terror) Bhay (Fear)
\EJ Bibhatsam (Odious) Jugupsha (Disgust)
Karunayam (Pathos) Shoka (Sorrow)

Fig. 1. [Left] Facial Expressions depict different Rasas. [Right] In the table, we provide
closest English translation and the corresponding dominant emotional state (or Sthayi
Bhava).

Electroencephalography (EEG) is the most widely used neuroimaging tech-
nique due to its temporal precision. The multi-variate time series of EEG can
be considered to extract the time-varying brain regional interaction by using
brain connectivity metrics against primary five brain waves. In this study, we
discuss the emotion attached to each Rasa. Hence EEG data was collected while
watching movie clips narrating these Rasas pertaining to a particular emotion.
In recent years, several studies discussed the classification of emotions by EEG-
based functional connectivity patterns [5,7,10]. Lee and Hsieh computed func-
tional connectivity including correlation, coherence and phase synchronizaion
and observed the connectivity patterns differentiating emotional states: neutral,
positive, or negative [5]. Liu et al., examined the subject-independent discrim-
inative connection using phase lag index (PLI) to identify the positive, neutral
and negative emotions and obtained maximum accuracy of 87.03% in the beta
band, along with role of frontal and temporal lobes in emotion-relation activi-
ties [9]. They also discussed the network property such as global efficiency was
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more distinguishable to positive compared to neutral emotion. Zhang and col-
leagues reported the differences between positive and negative emotion using
connectivity network and highlighted the role of prefrontal region in emotional
processing interactions with other regions [19].

We compute functional networks using phase lag index (PLI), weighted phase
lag index (wPLI), and corrected imaginary part of Phase Locking Value (ciPLV)
for five brain waves and further exploited the network topology by extracting
fourteen network features. These features are used for classification between
positive and negative Rasas. We use Rasa as a representation of emotion, so
we interchangeably use Rasa or emotion in this study as shown in Fig. 1. Based
on the dimensional model of emotion classification by Russell and Barrett [14],
we hypothesize that the Rasas can be divided into two categories based on
the valance: positive and negative. We considered positive valance Rasa to be
Hasyam, Shringaram, Veeram, and Adbhutam, and negative valance Rasa to be
Raudram, Bhayanakam, Bibhatsam, and Karunayam.

The objectives of this study are a) Identify the dominant emotion in positive
and negative sets of Rasas using classification b) Role of functional networks and
frequency bands in identifying the significantly distinguishable pairs ¢) Interpret-
ing the outcome of classifiers using network metrics.

Dominant refers to a Rasa which is mostly distinguishable to other group
across functional metrics and bands based on the significance of classification
output. This work is novel in identifying the differences using three functional
networks against five brain waves and is an extension of recent work [12] on Rasa
by introducing positive and negative emotion rasa groups.

2 Data Description

2.1 Stimuli Selection and Participants

Nine Bollywood movies were selected as a stimulus for each Rasa, based on
the highest rating given by a group of people for each Rasa independently as
shown in Tablel. Bharat muni originally defined eight Rasas, the ninth Rasa
shantam (peace) was later added and we have excluded for this study and focus
on positive and negative sets of Rasa. The duration of the movie clip was based
on the time that the content of the movie needed to evoke that particular Rasa,
hence the time was different for different Rasa. The language used in movie clips
was Hindi. The release date of movies varied from 1980 to recent that is four
decades. 20 participants (mean age: 26 years, 16 males, 4 females), right-handed
students of IIT Gandhinagar participated in the study. Before conducting the
study, the informed concern was provided to all the participants. All participants
were proficient in the Hindi language. The instruction about the study was given
prior to the study. The participants were asked to watch nine selected Bollywood
movie clips; a fixation cross appeared on a screen for 10s following each movie
clip. The order of movies was randomized for each participant. The Institute
Ethical Committee (IEC) of the Indian Institute of Technology, Gandhinagar
approved this study.
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Table 1. Movie clips used in EEG data collection
Emotion | Rasa Genre | Film Name Year | Start Time | End Time
Positive | Hasyam 3 Idiots 2009 | 59m 55s 1h 2m 28s
Positive | Sringaram Umrao Jaan 1981 | 43m 08s 43m 50s
Positive | Adbhutam Mr. India 1987 | 1h 1m 40s 1h 3m 28s
Positive | Veeram Lagaan: Once 2001 | 2h 10m 57s | 2h 13m
Upon a Time in India
Negative | Raudram Ghajini 2008 | 2h 38m 43s | 2h 40m 52s
Negative | Bhayanakam | Bhoot 2003 | 1h 2m 57s 1h 4m 31s
Negative | Bibhatsam Rakhta Charitra 2010 |43m 55s 45m Ts
Negative | Karunayam | Kal Ho Naa Ho 2003 | 2h 47m 41s | 2h 50m 18s

2.2 EEG Data Recording and Preprocessing

A High-density Geodesic system of 128 channels was used for this acquisition
with a sampling rate 250 Hz. The experiment was designed and run on E-prime
TM and recording was captured using Net-Station TM. The preprocessing was
performed using the Matlab EEGLAB package. High-frequency signals 60 Hz
were filtered to avoid noise effects. Movements and eye-blinks artifacts were
removed using artifact subspace reconstruction. Following this, the data was
chunked respective to each Rasa across subjects and used for further analysis.

3 Methodology

To identify functional signatures of Rasas, we obtain functional brain networks
using standard functional connectivity metrics. As the functional activity of the
brain is encoded into neural oscillation frequencies, we obtain these signatures in
different brain frequency bands by frequency decomposition of the metrics into
five frequency bands: delta (1 Hz—4 Hz), theta (4 Hz—7 Hz), alpha (8-13 Hz),
beta (13 Hz-30 Hz), and gamma (30 Hz—45 Hz). The nodes in these functional
brain networks are the EEG electrodes, and the edges representing functional co-
dependence are obtained using three measures- Phase Lag Index (PLI), weighted
Phase Lag Index (wPLI) and corrected imaginary part of Phase Locking Value
(ciPLV). We use three connectivity metrics to identify robust Rasa divisions into
positive and negative categories, and also to investigate which metric capture
the Rasa divisions more accurately than others.

3.1 Functional Connectivity

The definitions of the three metrics defining correlations between two timeseries
EEG signals (z and y) and hence the edge between the corresponding nodes in
the brain network are explained here. For cross and auto-power spectral densities
of these signals depicted as P,, and (P, and P,,), the definitions are,



Positive and Negative Emotion Identification 127

— PLI: The PLI value between x and y is:

PLI = [Elsign(I(Pry))]], (1)

where is F is the average over epochs, sign denotes positive or negative sign

of the quantity over which it is applied, I is the imaginary part of the complex

number over which it is applied, and |.| denotes absolute value of the quantity.
— wPLI: The wPLI is defined as

[EU (Pay)]|
Bl (Pry)]”

where symbol meanings are same as in PLI definition.
— ciPLV: The ciPLV is defined as:

wPLI = (2)

| EU(Pay/| Pay )]
V1= [E[R(Pay [[Poy DI

where R denotes the real part of the complex number over which it is applied.

CiPLV = (3)

3.2 Thresholding of Functional Networks

Functional networks mostly preserve weak and erroneous connections, which
may conceal the topology of crucial connections [15]. For all the networks con-
structed based on above defined network metrics, we perform a thresholding of
the connections to retain the important edges and discard spurious ones. Thresh-
olding is commonly used to remove a percentage of the weakest links to retain
a usable sparse network. We applied the thresholding process as implemented
in the paper [1]: the network should be 97% connected, and the average degree
should be greater than 2 * log(n), while maintaining the highest threshold value
for edge weights, where n is the number of nodes.

3.3 Network Metrics as Features

To characterize the network differences of one Rasa from the other, we calculated
the 14 network properties of the brain networks constructed using the three
functional connectivity measures. The network metrics are listed along with
their definitions in Table 2.

3.4 Machine Learning and Evaluation

Random forests were trained using [number of subjects x 14] features. Due
to the complexity of the EEG setup and data collection, most EEG studies
include 15-20 participants. Hence, some techniques are proposed to determine
the significance of Machine Learning performance estimates with small sample
size. Based on the recent article [16], it is essential to use rigorous analysis
methods rather than relying on K-fold Cross-Validation alone. We therefore used
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permutation tests with 500 rounds of five-fold cross validation to produce robust
and unbiased estimates regardless of the sample size. In this paper, we reported
the accuracy based on the significance of classification using the permutation

test [11].

Table 2. The table give definitions of the fourteen network metrics used for network
analysis in the present work. The numerical computation of the metric values were
carried out using NetworkX module of python [4]

Network Measure Symbol | Definition

Average Degree AD The node’s degree is the number of its direct neighbours.
Average degree is the mean over the degrees of the nodes
in the network

Maximum Degree MD It is the maximum degree existing in the network

Average Edge Weight | AEW Edge weight is the numerical value of the metric governing
the connection between the network nodes. Average edge
weight is the mean over all edge weights of the network
edges

Maximum Edge Weight | MEW It is the maximum edge weight existing in the network

Network Density D It is the ratio of number of existing edges in the network to
the total number of potential connections in the network

Average Clustering ACC The average clustering coefficient is the fraction of closed

Coefficient triplets to the total number of all open and closed triplets
present in the network

Average Local ALE Local Efficiency is defined for a particular node, as the

Efficiency inverse of the average shortest path connecting all its
neighbours. ALE is average over all these values

Global Efficiency GE It is defined as the inverse of the average characteristic
path length between all pairs of nodes existing in the
network

Number of NC It is the number of clearly identifiable modules, such that

Communities the connectivity between the nodes within a module is
higher than across module connectivity

Modularity M Vaued between 0 and 1, modularity is the value depicting
how nice is the division of nodes into modules or
communities

Transitivity T Transitivity is the ratio of three times the number of
triangles of nodes to the number of connected triples of
nodes in the network

Average Degree ADC The degree centrality of a node is a fraction of the number

Centrality of links a node has to all the possible links it can have

Average Node NBC The betweenness of a node is the measure of how

Betweenness Centrality frequently the node lies in the shortest paths in the
network. NBC is the average of this quantity over all nodes

Average Edge EBC The betweenness of an edge is the measure of how

Betweenness Centrailty

frequently the edge lies in the shortest paths in the
network. EBC is the average of this quantity over all edges
in the network
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4 Results

4.1 Identifying the Dominant Emotion in Positive and Negative
Sets of Rasas Using Classification

We first examined the discriminating pair of Rasas with maximum accuracy. The
maximum discriminating pair for positive emotions are shown in Table3. We
observed that Bibhatsam (Disgust) formed the maximum discrimination with
three positive Rasas, including Hasyam (Comic), Adbhutam (Astonishment),
and Veeram (Heroic). Sringaram (Love) and Karunayam (Sorrow) showed max-
imum accuracy of 97.5%. The minimum accuracy was 80% in Adbhutam. The
network generated in PLI showed the maximum discrimination, including delta,
theta, and gamma bands. The bottom of Table 3 for negative pair shows that
Sringaram formed the maximum discriminating pair with every negative emo-
tion. All the accuracies were above 90%. The most crucial finding was that PLI
preserved the critical network information for discrimination and seven maxi-
mum pairs out of eight pairs of emotions shown in Table 3.

Table 3. [Top] Maximum classification accuracy obtained in each positive emotion.

[Bottom] Maximum classification accuracy obtained in each negative emotion

Positive Hasyam Sringaram Adbhutam Veeram
Negative Bibhatsam Karunayam Bibhatsam Bibhatsam
Method PLI PLI PLI PLI

Band delta theta gamma delta
Accuracy 0.9 £0.12 0.975 £0.05 0.8 £0.1 0.875 £0.0
Precision 0.883 £0.15 0.96 £0.08 0.79 +£0.13 0.92 +0.1
Recall 0.95 +0.1 1.0 £0.0 0.85 +0.12 0.85 £0.12
F1Score 0.91 £0.11 0.978 +0.04 0.81 +0.09 0.87 £0.02
pvalue 0.002 0.002 0.006 0.004
Negative Raudram Bhayanakam Bibhatsam Karunayam
Positive Sringaram Sringaram Sringaram Sringaram
Method PLI ciPLV PLI PLI

Band gamma theta gamma theta
Accuracy 0.95 +0.06 0.95 £0.06 0.95 +0.06 0.975 +0.05
Precision 0.96 +0.08 0.96 £0.08 0.92 +0.1 0.96 +0.08
Recall 0.95 +£0.1 0.95 £0.1 1.0 £0.0 1.0 £0.0
F1Score 0.949 £0.06 0.949 £+0.06 0.956 £0.05 0.978 £0.04
pvalue 0.002 0.002 0.002 0.002

We reduced the higher dimensional features to lower-dimensional features
to visualize the differentiation between Rasas. In Fig.2, we plotted the pair
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for Adbhutam and Veeram. We can observe the significant distinction between
pairs of emotions (Rasas), and each data point represents a participant. Adb-
hutam and Veeram achieved 80% and 87.5% accuracy, which can be inferred
from t-SNE plots showing 3—4 data points in opposite direction. Therefore, the
network features captured a significant distinction. Similarly, we observed sepa-
ration between Raudram and Sringaram in Fig. 2. Lower-dimensional visualiza-
tion is a way to understand the distribution present in high-dimensional space.
Therefore, in our presented figures, we observed a distinction between the fea-
tures of the two emotions. Moreover, the classification algorithm also plays a
part in learning the linear and non-linear boundaries.

Adbhutam Vs. Bibhatasm Veeram Vs. Bibhatsam Raudram Vs. Sringaram
200 © 80 N .
. Adbhutam *e . Veeram 20 " . Raudram
. Bibhatsam LT 60 ® ©°, . Bibhatsam 5 . ® . Sringaram
100 ee o o 0 o " e o .
. ., . 0 LI . o, 10 . .
0 ® . 5]e® o _ o °
0 . .
o 20 ° 0 .
-100 ° . . L
. -40 s
-200 -60 ., -10
—200 -100 0 00 200 ~100 0 100 200 -0 -50 0 50 100

Fig. 2. t-SNE (t-distributed Stochastic Neighbor Embedding) visualization of features
in two-dimension for Adbhutam (Astonishment), Veeram (Heroic), Bibhatasam (Dis-
gust), Sringaram (Love) and Raudram (Anger). Each data point represents a partici-
pant. The maximum number of data points of each Rasa are clustered in the opposite
direction to other Rasa, reflecting differences in features between Rasas.

delta theta alpha

/

beta gamma

Q |
\ / \ Veeram

/

/

ELUEVELELEN)

Bibhatsam

Fig. 3. Each connection indicates a significant (p < 0.05) distinguishable pair obtained
in each functional network against frequency bands.
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4.2 Role of Functional Networks and Frequency Bands
for Identifying the Significantly Distinguishable Pairs

In Fig. 3, we illustrated the significant (p < 0.05) distinguishable pairs of emo-
tions for every functional network against each frequency band. There is sig-
nificant discrimination between every pair of Rasas using delta features of PLI
and ciPLV. The most striking observation is that the low-frequency oscillations
delta provided the maximum discrimination, followed by beta and gamma, as
mentioned in Table 4. Sringaram and Bibhatsam showed the maximum discrim-
ination in the delta band across all functional networks. The alpha band showed
the minimum number of distinguishable pairs. We also derived a scale based on
the maximum number of distinguishable pairs observed across functional net-
works against bands. In Fig.4, we observed that Sringaram and Bibhtastam
formed the maximum number of distinguishable pairs.

Table 4. Number of discriminating pairs (p < 0.05) observed in functional networks
against frequency bands [Highlighted digit shows the maximum across bands]

FC delta | theta | alpha | beta | gamma
PLI |10 6 6 6 8
wPLI | 8 5 5 9 7
ciPLV | 10 7 5 6 6
Total | 28 18 16 21 21

[sringaram| | Hasyam | [Adbhutam| | veeram | [Raudram| [ Bhayanakam | |Karunayam| [Bibhatsam|
| | | | | | 1 | | | | | |

Max 59 19 14 12  Min Min 17 19 22 45 Max

Fig.4. A scale showing the maximum number of discriminating significant pairs (p
< 0.05) observed in each Rasa after summing the pairs of three functional networks
including all bands.

Table 5. Network features of PLI networks after averaging of bands and subjects for
Rasas

Positive Average Degree | Density | Clustering Coeff | Global Effc | No. of communities
Hasyam 21.713 0.171 0.34368 0.518 3.930

Sringaram 15.194 0.120 | 0.2395 0.477 3.860

adbhutam 21.414 0.169 0.33191 0.515 4.070

veeram 20.948 0.165 0.33582 0.515 3.990

Negative

Raudram 22.780 0.179 0.34747 0.524 4.040

Bhayanakam | 19.013 0.150 0.30981 0.503 4.010

Bibhatsam 17.858 0.141 | 0.2902 0.492 3.990

karunayam 22.059 0.174 0.34754 0.524 3.920
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4.3 Interpreting Outcome of Classifier Using Network Properties

In Fig.5, we have plotted the 5% strongest network connections of PLI. We
observed a significant pattern of cross-connection across the regions of the brain
hemisphere in the delta. In contrast, cross-connections were significantly reduced
in the gamma band. In Fig. 5, equal number of edges are shown, however more
sparse connectivity is observed in Sringaram and Bibhatsam, whereas others have
strongest connections with near by nodes. And this is also inferred by Table
5, Sringaram and Bibhatsam had the minimum number of network features.
Therefore classifier results were clearly observed in the scale mentioned in Fig. 4.
Stronger connections are observed in parietal and occipitial regions in alpha and
beta bands.

Hasyam Sringaram  Adbhutam Veeram i K y

]

=
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Fig. 5. Functional networks (PLI) of averaged across 20 subjects are displayed for 5%
of the strongest connections. Node size denotes the degree and edge width, and color
represents the strength.
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Table 6. Average Degree of PLI is shown against each Rasa and Band

Positive delta theta |alpha |beta gamma
Hasyam 16.206 |33.788 |25.766 |19.884 |12.919
Sringaram 12.991 | 20.235 | 18.318 | 14.103 | 10.325
Adbhutam | 19.512 |28.218 |26.453 |21.114 |11.771
Veeram 17.620 | 30.484 |23.491 |21.327 | 11.816
Negative
Raudram 20.519 |30.527 |28.178 |21.664 |13.012
Bhayanakam | 17.961 |23.945 |23.307 |18.311 |11.541
Bibhatsam | 15.264 |22.196 |21.991|17.349 | 12.491
Karunayam |21.412 |25.484 |26.602 |23.519 |13.280

5 Discussion

Weaker connections are observed in delta and gamma bands as compared to
theta, alpha, and beta waves. Sringaram on delta waves have spread connec-
tions across the brain, which seem to generate the maximum classification, as
shown in Table 5, 6 and Fig. 5. The cross-connections across hemisphere in delta
may suggest the global information processing across brain, whereas gamma
waves are primarily involved in processing local computation, higher brain and
cognitive functions [2]. Therefore, the most striking visible difference observed
of strong inter- and intra-hemispheric engagement in delta and gamma bands,
respectively. Both rhythms have different dynamical mechanisms to perform.
Buzséki et al. discuss the magnitude of gamma oscillation modulated by slower
rhythms and coupling between active patches of cortical circuits may take place
via cross-frequency coupling [2]. Delta band has been recently documented to
preserve functional connectivity patterns for discriminating the emotions engag-
ing parietal and occipital sites [17]. Higher frequency bands (gamma and beta)
has been reported widely to be significant for the classification of different emo-
tions [6,8,18].

6 Conclusion

We have presented findings using network properties of three functional networks
between positive and negative emotion groups of Rasa. The most crucial part
of our research is the interpretability of the obtained outcome of classifiers. We
derive a scale that defines the differences between two emotional categories.
Sringaram (Love) and Bibhatsam (Disgust) form the maximum distinguishable
pairs. Delta and gamma brain waves generate the weaker connections, whereas
theta, alpha and beta show strongest connections. These findings are crucial in
their novelty and an initial attempt to bring the ancient wisdom of performing
arts into modern brain research. We have provided a limited interpretation in
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this work, but there seems to be ample opportunity to understand the theta,
alpha, and beta roles in Rasas for future work.
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Abstract. Minimally invasive surgery requires to reduce trauma to
patients during the movement of the inserted robot end-effector. The
cerebellum is able to control limbs in many scenarios, with high preci-
sion and robustness. This article designs a cerebellum-inspired model-
free scheme for the tracking control of redundant robot manipulators
with remote center of motion (RCM) constraint. The scheme is formed
by coupling liquid state machines (LSM) and zeroing neural network
(ZNN). The ZNN is able to generate approximate joint angle commands
as teaching signals without a perfect robot model to train the cerebel-
lum model based on LSM. The output of the LSM is used as the control
commands for current moment, which includes managing the constraint
on RCM. Finally, demonstration simulations and experiments are con-
ducted to verify the efficacy of the proposed control strategy.

Keywords: Liquid State Machines - Remote center of motion -
Redundant manipulator - Zeroing Neural Network + Spiking Neural
Network

1 Introduction

With the development of artificial intelligence in the past few years, redundant
robots are increasingly used in various fields, especially in medical surgery [4].
Minimally invasive surgery requires a small incision in the patient’s abdominal
wall to allow for the insertion of surgical instruments. The small incision will have
a restraint on the inserted robot end-effector, often called the remote center of
motion (RCM) constraint [13]. This constraint requires the robot end-effector
to perform its task while surrounding the incision as much as possible to avoid
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enlarging it or causing other damage to the patient. The surgical instruments are
usually operated by a human assistant during the procedure. This requires the
human assistant to have proficient experience in operating the robot end-effector
to avoid secondary damage to the patient. In order to reduce the mental and
physical burden of the surgeon, some automatic control strategies have been
applied in medical surgery, such as visual servo automatic control strategies
[3,19]. Although a mechanical implementation is a safer alternative, it requires
complex structures and more calibration procedures. Therefore, it is more flexible
and convenient to implement tasks such as visual servo and trajectory tracking
through control algorithms. But how to maintain the RCM constraint during
the surgical operations becomes a challenging problem.

In recent years, many approaches have taken the RCM constraint into
account in control strategies [1,8,12]. Aghakhani et al. [1] designed a variable
associated with the end-effector insertion depth to obtain an augmented RCM
Jacobian matrix. The final Jacobian matrix was obtained by splicing the task
Jacobian matrix and the augmented RCM Jacobian matrix. Compared to [1],
Sadeghian et al. [12] introduced a Jacobian matrix with minimal dimension to
reduce the computational complexity. Li et al. [8] proposed a recurrent neural
network with the RCM constraint. However, in practical application scenarios,
there may be cases where some of the kinematic parameters are unavailable or the
calibrated parameters do not match the actual parameters, making these model-
based control methods less feasible. In recent years, model-free based control
methods are also developing rapidly, such as [17,18]. However, these model-free
control methods did not involve RCM constraint. The development of artificial
intelligence and the fact that humans have powerful learning and precise motion
capabilities motivate us to search for a model-free cerebellum-inspired scheme.

The human brain can be viewed as a complex, non-linear and parallel cog-
nitive machine. Artificial neural networks (ANNs) are the hardware or software
implementations inspired by the development of brain science in the last hundred
years. In [10], ANNs are divided into three stages, the first one is the perceptrons
consisting of binary gates, where each boolean function can be implemented by
a suitable network structure. The second stage is defined by more complex neu-
ronal models using continuous activation functions. Based on the continuous
behavior of neurons, a back propagation training method was proposed. How-
ever, the second generation neural networks are biologically inaccurate and do
not simulate well the operating mechanisms of real biological cerebellum. Some
works based on cerebellum-like models have borrowed the structure of the motor
nervous system [18], however they did not use spiking neurons and still did not
fully exploit the potential of cerebellum-like models.

The third generation of ANNs is known as spiking neural networks (SNNs)
with spiking neurons (e.g. integrate and fire neurons) as the basic unit. SNNs
have rich neurodynamic properties, numerous coding mechanisms and event-
driven low energy consumption properties that have attracted increased research
interest [11]. Maass [9] stated that compared to the previous two generations
of neural networks, spiking neural networks use a smaller number of neurons
and therefore possess more computational power. Even in the worst case, SNNs
possess the same computational power. Compared to the second generation of
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neural networks, SNNs are still in the early stages of rapid development, and
due to the discontinuity of spiking events, the back propagation algorithm is not
directly applicable to SNNs, and there is no uniform or clear training method.
Inspired by the structure of the mammalian central nervous system, Maass [10]
proposed a reservoir computational system based on spiking neurons, called a
liquid state machine (LSM) (which is used in this paper).

Humans are capable of accurately performing a variety of complex tasks
despite their complex skeletal structures and non-deterministic sensory delay
feedback. Inspired by the biology of cerebellar motor control, in this work we
will develop a spiking neural networks-based control strategy for redundant robot
arm trajectory tracking tasks under RCM constraint. The main contributions of
this work are summarized as follows.

e A model-free cerebellum-inspired control scheme, which based on liquid state
machine, is designed to solve the tracking control problem of redundant
manipulators with surgical tooltip, considering RCM constraint.

e Compared with some RCM constrained robot arm control schemes, the pro-
posed control scheme does not require modeling of the robot arm, which is
more robust and portable.

e Compared to general control strategies base on liquid state machine, the
proposed control scheme does not require pre-training and reduces the time
overhead.

2 Preliminaries

In this section, we discuss the concepts and formulas of the liquid state machines.
In addition, the RCM constraint and its kinematics control problem of redundant
manipulators investigated in this paper are also described.

2.1 Liquid State Machine

Liquid states machine is a reservoir computing system where many input sig-
nals are injected in a nonlinear dynamic system using spiking neurons and then
spiking sequences are collected and calculated in an external layer called read-
out [10]. The nonlinear dynamic system has the ability to represent the current
and past inputs, which is capable of solving time-series data in [5,20]. LSM usu-
ally consists of three layers: input layer, liquid layer and readout layer. Liquid
layer generally is composed of Leaky Integrate-and-Fire (LIF) neurons [6] con-
nected in a recurrent way. Readout layer can handle the high-dimensional space
of the liquid layer using a linear classifier such as a least squares linear regres-
sion [14]. As illustrated in Fig.1, the input layer propagates the sensorimotor
information towards liquid layer at each simulation time step (2 ms). There is
no uniform way how to encode sensor data into spiking events, and common
methods include population code and probabilistic spike sampling code. In this
paper, the input layer is divided into K mossy fiber neuron groups, correspond-
ing to K input signals. Each input neuron group has L unique mossy fiber (MF)
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Fig. 1. (a) The diagram of the cerebellum model based on the LSM. (b) The schematic
diagram of the proposed cerebellum scheme for the tracking control of a redundant
manipulator with RCM constrain.

neurons representing each variable using the simplified population code. Only
K MF neurons in the input layer are activated to represent the input signals at
each simulation time step.

Liquid layer consists of the granular cells, which are modelled as Leaky
Integrate-and-Fire (LIF) neurons, that act as a reservoir and are responsible for
remembering past and present coded sensorimotor information from the input
layer. There are several spiking neuron models proposed, and [7] compares the
biological plausibility and computational efficiency between models. The LIF
neuron with exponential synaptic dynamics is used in this work, which can be
defined by a set of equations as follows:

dv Z.e (t) + 7/2 (t) + ioffset + inoise Urest — U

= 1
dt Cm + Tm (1)
die le
Dle _ _ 2
dt Tsyne. (2)
di; 1
_— = — 3
dt Tsyns (3)

where v is the membrane potential, v,..s; is the resting membrane potential, 7, is
the membrane time constant, c,, is the membrane capacitance, ioffset and ipoise
can be seen as coming from different noise sources, 7y, is the decay time of the
excitatory synaptic current while 7, is the decay time of the inhibitory one.
When the membrane potential of a LIF neuron is greater than the membrane
threshold(Vipreshota = 15mV), the neuron sends a spike.

Liquid layer is created using N LIF neurons forming a 3D structure where
80% excitatory(E) neurons and 20% inhibitory(I) neurons. The liquid layer is
divided into K subgroups corresponding to the number of mossy fiber neurons
in the input layer, and mossy fiber neurons are connected in a fully connected
manner to the excitatory neurons in the corresponding liquid subgroups. The
probability of connection generation between neurons depends on the type and
distance of neurons, as shown in (4) where the value of \ is equal to 1.2 and C
depends on the type of neurons: 0.3(EE), 0.2(EI), 0.4(IE) and 0.1(II).
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D(i,)?

Pi,j =Ce x> . (4)

Readout layer consists of the Purkinje cells, which can handle the high-
dimensional space of the liquid layer in a simple way. In this paper, we use
the Ordinary Least Square (OLS) to solve the following problem:

min [lwX — uill2*. (5)

The matrix X is usually composed of a sequence of the liquid spikes, g; is the
variable values to be learned and w is the readout weight. After the input signal
u(t) € RE is fed to input layer, the spiking sequence x(t) € RY at this current
moment is obtained and the final output y(¢) € R of the readout layer is model
as a weighted sum of the liquid layer:

y(t) = w(t)z(t). (6)

2.2 Manipulator Kinematics Model

For a redundant manipulator with m joints, the forward kinematics model is
formulated as follows:

f(0(t)) = Fal(t) (7)

where 6(t) € R™ is the joint angle of the manipulator at the time ¢, P,(t) € R?
is the Cartesian space position and f(-) : R™ = R? represents the nonlinear
mapping function of the manipulator. For the highly nonlinear of (7), the forward
kinematic model is obtained at the velocity level by taking the derivative of (7)

as below: _ .
J()0(t) = Pau(t) (8)

where J € R%¥*™ is the Jacobian matrix of the manipulator. The error of the
trajectory tracking task is defined as e;(t) = P,(t) — Py(t), where Py(t) € R? is
the desired end-effector position in the Cartesian space.

2.3 Remote Center of Motion Constraint

During the surgery procedure, the surgical tooltip of the robot needs to pass
through the initial insertion point (P.ocqr € R?) without moving violently with
the movement of the robot arm, as shown in Fig. 2(b).

For an m-DoF robot manipulator with a surgical tooltip, the mapping from
its joint space to the Cartesian coordinate of the robot arm end-effector P, € R?
and the surgical tooltip end-effector P, € R? can be described by the following

function:
Pm = fm (9)7

Pry1 = fmy1(0). ®)
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Fig. 2. Robotic endoscope system. (a) UR5 robot coupled with a flexible endoscope.
(b) Remote center of motion.

In order to satisfy the RCM constraint, Pj.ocqr should be as close to the
straight line Ly between P,, and P,,+1. The RCM point P,.,, is defined as the
projection of the Pjocqr On the straight line Ly as below:

k= _((xm - xtrocar)(xm—i-l - xm)
+ (ym - ytrocar)(ym+1 - ym) + (Zm - ztrocar)(szrl - Zm))a
k(xm—i-l - xm)

Trem = D) + T,

(Trmg1 — xm)2 + (Ymt1 — ym)2 + (Zm41 — 2m) (10)
_ k(merl - ym)
Yrem = 2 2 2 + Yms
(merl - xm) + (ym+1 - ym) + (zm+1 - Zm)
k(Zma1 — Zm
Zrem = D) ( + l 5 + Zm
(merl - xm) + (ym+1 - ym) + (zm+1 - Zm)
where P, := [$rcm7 Yrem Zrcm]T-

Then the error of RCM can be represented as follows:

er = Prem — Pirocar- (11)
The Py should satisfy the following equation:

Jo(0)0(t) = Prem(t) (12)

where J, € R¥™ ig the Jacobian matrix corresponding to the RCM point.

3 Control Scheme Design

3.1 Cerebellum Model

For a redundant manipulator with m joints, a cerebellum-like spiking model
based on LSM is created as a controller and computes the joint velocity at this
moment, as illustrated in Fig. 1(b). The parameters about (1), (2) and (3) are
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chosen as: ingise ~ U(13.5,14.5)(nA), inoise ~ N(0,0.01)(nA), ¢, = 30(nF),
Upest = 0(mV), T, = 30(ms), Teyn, = 3(ms) and 7gy,, = 6(ms). The joint angle
0(t) € R™ as the input signal u(t) = 6(t) € R™ are fed to the cerebellum model
and the number of mossy fiber neuron groups K is equal to the number of joint
m. Next, the cerebellum model will generate the output signal

y(t) = z(t)w(t) € R™ (13)

as joint velocity éout(t), where z(t) € RY is the spiking sequence of the liquid
layer at moment t and N = 100 x m is the number of all LIF neurons in the
liquid layer, which means that each joint has 100 neurons.

However, many previous control methods based on liquid state machines |2,
10] required pre-training the readout weight parameters w, which requires to
model the robot arm and collect certain data in advance. Since the training of
the readout weight is based on supervised learning algorithms, in the following,
we will combine zeroing neuron network (ZNN) [21] to present a model-free,
pre-training-free and on-line learning approach.

3.2 Tracking Control Scheme

According to (8) and (12), we can obtain the two desired joint velocities for the
trajectory tracking task and the RCM constraint task, respectively, as below:

(14)

with (-)7 being the pseudo-inverse operation where é;(¢) is the derivative of
et(t) and é,.(t) is the derivative of e,.(t). How to handle these two desired joint
velocities appropriately is a key point, since the two task affect each other in
most cases. Inspired by [15], the following joint velocity solution is designed by:

fa(t) = 0,(t) + T () (e (1) — T (£)0:(2)) (15)

where _
J=J.(I—-JW) (16)

with I being an identity matrix. However, matrices J and J, require accurate
prior modeling of the robotic arm model, and the Jacobian matrix J,. also involve
the specific insertion point Py ocqr. Therefore, ZNN is introduced to estimate the
Jacobian matrices J and J,.. A vector-valued error function is defined to measure
the error when the estimated Jacobian matrix .J used in (8):

e(t) = Pu(t) — JO(t) € R™. (17)
The following equation is defined according to znn design idea:

E(t) = —oe(t) (18)
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Fig. 3. Some snapshots of the UR5 manipulator for tracking the circular trajectory

where ¢ is a positive parameter for the convergence adjustment and £(t) is the
derivative of £(¢) with respect to time. Substituting (17) into (18) yields

J(t) = (Ba(t) = JOB() + $(Ba(t) — J(£)0(£))07 (¢) (19)

where j (t) represents the derivative of J(t) with respect to ¢, P,(t) is the deriva-
tive of P,(t), 6(t) is the derivative of 6(t) and 01 (t) represents the pseudo-inverse
of the 0(t). Correspondingly, we can similarly obtain the equation for J,.

g (t) = (Prom(t) — Jo(8)0(t) 4+ v(Prem (t) — J(£)0(2)))07 (£) (20)

where J,.(t) represents the derivative of J,(t) with respect to t, Prep(t) is the
derivative of P, (t) and v € R* is another design parameter of ZNN. Finally,

we can obtain the training signal éd(t) used to calculate the readout weight w
of the LSM

2 ~T R

Da(t) = 0n(t) + T (D)(en(t) = Ju()00(1)),
B:(t) = JT(D)ex(1), (21)
J = dur— 3
In order to achieve real-time training of the readout weight w(t+ 1), we take

the spiking sequences of the liquid layer at the previous g moments to form
Xy €RY *N and the corresponding training signals calculated by (21) to form

Vi = [0a(t—g+1),....,00(t—1),04(t)]" € R9*L, and the readout weight w(t+1)
is calculated according to (4).

To summarize the above proposed control scheme, the joint angle as input
signal is input into the liquid state machine and the corresponding joint veloc-
ities are obtained after a cerebellum-like simulation time. The proposed ZNN
combined with RCM constraint is used to get the training signal to iteratively
update the parameters of the readout layer of the liquid state machine.

4 Simulations and Experiments

4.1 Simulations

The liquid state machine is implemented using the Brian2 neuron simulator
[16]. To validate the effectiveness of the proposed control scheme, simulations
are performed in the virtual robot experimentation platform (V-REP).
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Fig. 4. Results of the circular trajectory tracking of the endoscope with RCM con-
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Fig. 5. Results of the circular trajectory tracking of the endoscope without RCM con-
straint

Simulation Setting. As shown in Fig.2(b), simulations are conducted on a
URb5 manipulator with a endoscope in V-REP. The tracking control task is to
control the end-effector of the endoscope to move along a circular trajectory.
The time step for this tack is set to 2 ms as the LSM simulation time step. Since
the sixth joint of URS5 is a rotating joint, it does not affect the tracking task
and RCM constraint, so it is set to a constant value (0 rad). The initial joint
angles of the robotic arm are set as 0(0) = [0,7/6,27/9,7/9, —7/2]T rad. The
ZNN design parameters of (19) and (20) are set as ¢ = v = 0.01. The relevant
parameters of the structure of LSM also need to be specified. For the UR5 robot
arm with six joints, the number of mossy fiber neuron groups is set as K = 5,
the number of LIF neurons is set as N = 500 and the number of the readout
layer is L = 5, which expressed as first five joint speeds as well as the number
of moments to train the readout weight g = 3.

Simulation Results. Some snapshots of the UR5 manipulator for tracking the
circular trajectory are depicted in Fig. 3, where surgical tooltip passed through
the trocar point. The specific results of the tracking control task is illustrated in
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Fig. 6. Results of the circular trajectory tracking synthesized by the accelerated RNN
model

Fig.4. As shown in Fig.4(b), the proposed control method has achieved a root
mean squared error(RMSE) of 1.18 x 107 m in the trajectory tracking task.
Figure 4(a) shows that the RCM point is at a small distance from the starting
point during the motion with the RMSE being 1.0 x 107% m. Meanwhile, in
order to verify the effectiveness of the RCM constraint proposed in (21), we

change the training signal of the liquid state machine to 64(t) = 6;(t) to obtain
the results shown in Fig.5. The results of the simulation without considering
RCM constraint show that the RMSE of trajectory tracking is 1.18 x 10™* m as
shown in Fig. 5(b), which is similar to the case with RCM constraint. However,
as shown in Fig. 5(a), the RCM error (1.66 x 1072 m) is much larger than that of
the case considering RCM constraint. It is undesirable in surgical applications.
These simulation results have verified the effectiveness of the proposed method
in tracking control task and complying RCM constraint.

Comparison. To further reveal the advantage of the proposed cerebellum-
inspired control scheme, we adopt a model-based approach [8] based on acceler-
ated RNN model as comparison. The parameters of the accelerated RNN model
isp=(=¢=1and p=0.5. As shown in Fig. 6(b), the accelerated RNN model
has achieved an RMSE of 9.88 x 107% m in the tracking task. However, the
RMSE of the RCM constraint is 8.98 x 10™* m, which is larger than that of the
proposed cerebellum-inspired control scheme (1.0 x 10=¢ m). This illustrates the
advantage of the proposed method since the smaller the RCM error, the smaller
the possibility of secondary injury to the surgical wound of patients.

4.2 Experiment

Physical experiment based on the KINOVA JACO Gen3 manipulator with a
endoscope is conducted to verify the efficacy of the proposed control scheme
as shown in Fig.7(c). The initial joint angles of the Jaco® are set as 6(0) =
[8.56,2.91,171.84,267.71,2.38,274.63]T degree. The ZNN design parameters of
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Fig. 7. Experiment results of the circular trajectory tracking of the endoscope with
RCM constraint

(19) and (20) are set as ¢ = v = 0.0005. Experimental results can be found
in Fig.7. As shown in Fig.7(a), the manipulator has achieved the trajectory
tracking task successfully with an RMSE of 5.31 x 10~% m. It can be seen that
the RCM error is maintained in a small range with the RMSE being 6.2x 1074 m
as depicted in Fig. 7(b). In summary, the experiment results have also validated
the efficacy of the proposed control method for robot-assisted minimally invasive
surgery.

5 Conclusion

In this paper, we have presented a cerebellum-inspired network based on LSM.
Then, based on the cerebellum-inspired network, a model-free tracking con-
trol scheme has been proposed for robotic manipulators in minimally invasive
surgery. The control scheme is capable of dealing with two vital problems simul-
taneously, namely trajectory tracking and RCM constraint. Simulations and
experiments have been designed to verify the efficacy of the proposed cerebellum-
inspired scheme in the tracking control task with RCM constraint. The results
have shown that the robot can achieve the trajectory tracking task successfully
as well as complying the RCM constraint by means of the proposed scheme. The
advantage of the proposed method has also been revealed by comparison against
existing method.
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Abstract. We present a work-in-progress on implementing reinforce-
ment learning by instrumental conditioning on SpiNNaker. Animals learn
to behave by exploring the changing environment around them such that,
over a period of time, their behaviour gives a good outcome (reward) i.e. a
perception of ‘satisfaction’. While inspired by animal learning, reinforce-
ment learning adopts a goal-directed strategy of maximising rewards
in a dynamic environment. Instrumental conditioning is a strategy to
strengthen the association between an action and the environmental
state when the state-action pair is rewarded i.e. the reward is instru-
mental in forming the association. However, in the real world, the deliv-
ery of a reward is often delayed in time, known as the distal reward
problem. Using the concept of eligibility traces and spike-time depen-
dant plasticity (STDP), Izhikevich (2007) simulated both classical and
instrumental conditioning in a spiking neural network with Dopamine
(DA)-modulated STDP. The current implementation of DA-modulated
plasticity on SpiNNaker using trace-based STDP is reported by Mikaitas
et al. (2018), who demonstrated classical conditioning with a similar
experimental set up as Izhikevich. Our results show that using delayed
DA-modulation of STDP on SpiNNaker, we can condition a neural pop-
ulation to maximise its reward over a period of time by firing at a higher
rate than another competing population. Ongoing work is looking into
a dynamic conditioning scenario where different actions can be selected
within the same run as is the case in real world scenarios.
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1 Introduction

Behavioural learning in animals evolves by exploring and interacting with their
immediate environment in a closed-loop manner. While exploring several possi-
ble actions in an unknown environmental state (S), a ‘good’ outcome (R) after
taking a certain action (A) strengthens an association between the state S and
action A, such that the animal is likely to repeat the ‘behaviour’, i.e. selecting
A when repeat encountering S. Conditioning experiments are used by psycholo-
gists and neuroscientists to understand how animals learn to behave in unknown
environments. One such paradigm is instrumental conditioning, where animals
are trained by ‘reinforcing’, their good behaviour by delivering a preferred food
or beverage. Over a period of time, by trial-and-error, the animals learn to opti-
mise their behaviour such as to obtain the maximum reinforcement, commonly
called reward (R). This biological strategy to learn to adapt to, and navigate
in, new environments forms the inspiration for the field of Reinforcement Learn-
ing (RL), where the goal has been to build algorithms for machines that can
navigate the environment to optimise their rewards in the long term [19]. The
notion of training a robot by instrumental conditioning was investigated in [21],
which in turn was inspired by the works of B.F. Skinner (1963) on ‘operant’
(a nomenclature that is conceptually similar to instrumental) conditioning. The
authors in [21] coined the term ‘Skinnerbot’ for training a robot using strategies
adopted during instrumental conditioning of animals by human trainers. We
have been working on building brain-inspired frameworks for action-selection
on SpiNNaker [18], a neuromorphic hardware that has potential for low power
robotic applications [7]. However, our previous application on SpiNNaker was
‘hardwired’ (static) to associate with a stimulus [18]. The brain is known to
learn adaptively by forming (discarding) new (unused) connections between its
neurons, a phenomenon that is termed as ‘synaptic plasticity’ [12]. In this work,
we present a work-in-progress on implementing instrumental conditioning on
SpiNNaker by parameterising a balanced random network with conductance-
based Izhikevich’s neuron models as its compute nodes, and neuromodulated
plasticity as implemented in the toolchain sPyNNaker [17].

The environment around us is noisy; by the time an animal receives R for
A while in some S; € S, the environment will have changed to Sy € S. In
behavioural literature, this is known as the distal (delayed) reward problem [11],
whereby the brain needs to work out the causality between R, A and Sy, even
if R was received while in S;. This led to the proposition that neurotransmit-
ters in the brain leave ‘traces’ corresponding to the pair (S7,A) that facilitate
the assigning of credit to this state-action pair for R. In RL, the distal reward
problem is referred to as the credit assignment problem, and can be addressed
by using the concept of ‘eligibility traces’ [1,22]. Thus, every time there is an
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R caused by the state-action pair (S7, A), the synaptic trace of this activity is
likely to be higher than all other state-action pairs, thus making it eligible for
assigning the credit, albeit with a degree of uncertainty that is implicit in a
noisy environment. The neurotransmitter Dopamine (DA) in the brain is now
known to cause ‘satisfaction’ after a good outcome (R) corresponding to (S1, A)
by ‘modulating’ (controlling) synaptic targets in specific areas of the brain. Such
a mechanism is referred to as DA-modulated (also, neuromodulated) synaptic
plasticity. To the best of our knowledge, Izhikevich (2007) [11] for the first time
addressed the distal reward problem in a DA-modulated spiking neural network
(SNN), demonstrating RL using both classical (a reward prediction conditioning
strategy, also called Pavlovian) and instrumental conditioning.

Following the experimental set up in [11], classical conditioning using DA-
modulated plasticity was first demonstrated in [13]. While classical conditioning
is suited for reward prediction, it is not straightforward to use it for action-
selection. Our interest is in implementing the action-selection mechanism on
SpiNNaker using DA-modulated plasticity for instrumental conditioning. Fur-
thermore, we have been using an implementation of conductance-based Izhike-
vich (IZK) neuron models on SpiNNaker [5,18]. Besides computing efficiently,
IZK neurons can be used to simulate a wide range of spike patterns as observed
in the brain; also, the parameter space corresponding to the rich repertoire of
spike dynamics are well known owing to several previous works. However, all
our previous applications with the IZK neurons were with static synapses. The
work presented here is the first implementation of plastic synapses on an IZK
neuron-based network on SpilNNaker. Our experimental set up for demonstrat-
ing instrumental conditioning in a balanced random spiking neural network is
adapted from [11]. Two sub-populations of neurons as a part of a larger popula-
tion, represent two competing ‘actions’ (A and B). We (i.e. the human trainers)
decide on a preferred ‘behaviour’ (or ‘policy’ in RL nomenclature), say, selecting
A over B; we provide reinforcement R only if A is selected, and at a delayed
time, i.e. after ‘evaluating’ the network behaviour at regular intervals during
the simulation; If the network doesn’t follow the specified behaviour, no R is
delivered. Preliminary results from our work show instrumental conditioning in
the network—over a period of time, the network learns to ‘behave’ such as to
maximise the rewards by selecting the preferred action. Furthermore, the net-
work remembers this selected action even if we stop rewarding after a period of
training. In the next phase of this work, we aim to simulate the exact instru-
mental conditioning demonstrations in [11] on SpiNNaker, where policies can
be changed dynamically in the network. Our short term goal is to map these
strategies onto an existing brain-inspired architecture on SpiNNaker [18] using
DA-modulated plasticity as implemented on sPyNNaker.

In Sect.2 we present the relevant background to this work. In Sect.3, we
present the simulation methodologies and the results from our work-in-progress.
In Sect. 4, we summarise and critique our work and outline future directions.
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2 Background

For readability, below we explain briefly the brain inspired theory of spike-time
dependant plasticity (STDP) that forms the substrate for neuromodulated plas-
ticity in our spiking neural network. Our narrative is in the context of reinforce-
ment learning by instrumental conditioning, and existing implementations on
SpiNNaker.

2.1 STDP and Synaptic Trace

STDP is a widely used technique to incorporate adaptability, i.e. plasticity, in
spiking neural networks, and is supported by physiological evidence [2]. The
underlying theory is similar to Hebbian correlation-based learning; the connec-
tion strength between two neurons that fire closer in time are modified based on
the temporal order of their firing. If a pre-synaptic neuron fires before a post-
synaptic neuron, and if the time-interval between their two spikes is within an
‘eligible’ time-window, then the synaptic strength between the two neurons is
increased, thereby strengthening their association, a phenomenon that is called
long term potentiation (LTP). Unlike the Hebbian learning though, in the con-
verse case of the post- firing before pre-synaptic neuron, the implicit assumption
is that there is a lack of association between the two neurons, thereby decreasing
the synaptic strength between them; this is called long term depression (LTD).
The change in synaptic strength, commonly referred to as ‘synaptic weight’, due
to STDP is an exponentially decreasing function of the temporal order as well
as the distance between the pre- and the post-synaptic spikes [14]. A biologically
plausible implementation of STDP is by means of ‘trace’ variables that simulate
the gradual decay of neurotransmitter concentration in the synaptic cleft, and
is defined below [12]:

dSi S
7 =—T++%:6(t—t{) (1)
ds; s
dt——t—kgé(t—t]f) (2)
Awg; () = F_(wij)s;(t]) (3)
Awli(t]) = Fy (wij)si(t]) (4)

where s;/; are pre- and post-synaptic trace variables; 7, ,_ are time constants
corresponding to post-synaptic decay of neurotransmitter concentration in the
synaptic cleft; t{ tj are pre- and post-synaptic spike times respectively; the Dirac
delta function (J) denote a spike; Aw;; and Aw;'; are LTD and LTP respectively;
F; define the amplitudes of the weight changes and are a function of the current
weights.

Neuromodulators in the brain facilitate STDP-based learning by ‘reshaping’
the eligibility windows of LTP and LTD during which the weight changes are
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effective [4,15]. In the following section, we describe how the neuromodulation
of STDP by DA addresses the credit assignment problem of RL and facilitates
instrumental conditioning in the brain.

2.2 Dopamine and Neuromodulated Plasticity

A major issue in real world applications of RL is that of delayed reinforcement,
for example when an animal decides on ‘fight or flight’ in response to an envi-
ronmental situation, the ‘perception’ (good or bad) of the outcome, is delayed in
time. However, several other incidents may have happened in the meanwhile, and
yet, the animal learns to associate the outcome to the specific response under
a given circumstance. The theory of eligibility trace is one way to address the
problem of correctly assigning credit in spite of temporal delay between action
and reinforcement [20]. According to this theory [1]:

“Whenever a neuron fires, those synapses that were active during the sum-
mation of potentials leading to the discharge become eligible to undergo
changes in their transmission effectiveness. If the discharge is followed by
further depolarization, then the eligible excitatory synapses become more
excitatory. If the discharge is followed by hyperpolarization, then eligi-
ble inhibitory synapses become more inhibitory. In this way a neuron will
become more likely to fire in a situation in which firing is followed by
further depolarization and less likely to fire in a situation in which firing
leads to hyperpolarization.”

It is now known that delayed reinforcement in the brain is facilitated by DA, and
the timing of dopamine release is thought to be crucial in behavioural instru-
mental conditioning [22]. In the context of STDP, the concentration of DA is
reported to rise steeply within tens of milliseconds, followed by a rapid decay.
These concepts were used in [11] to demonstrate both classical and instrumental
conditioning using the following equations:

¢= 7C/TC + STDP(T)(S(t - tpre/ post) (5)
g=c-d (6)
d= —d/7q + DA(t) (7)

where c is the eligibility trace variable; g is the synaptic weight; d is the extra-
cellular DA concentration variable; 74 is the time constant for DA uptake after
the synapse; DA(t) simulates the DA concentration in the extracellular space.
Interested readers may refer to [11] for further details. Below we explain the
implementations on SpiNNaker.

2.3 STDP and DA-modulation on SpiNNaker

SpiNNaker [9] is a neuromorphic computer made up from chips containing up
to 18 ARM-968 200 MHz CPUs with 64 KB of local data memory and 32 KB of
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local instruction memory for each core, coupled with 128 MB of SDRAM shared
between the cores. Boards of 48 such chips then couple together the chips with
a unique network architecture designed to multicast small messages, akin to
spikes in a neural network, to multiple targets simultaneously, replicating the
highly connected networks in the brain. The largest SpiNNaker system to date
has been built in Manchester from 1200 boards, making a single machine with
more than 1 million cores. Neural network simulation software for SpiNNaker,
called sPyNNaker [17], uses the PyNN [6] neural network language with some
extensions.

The implementation of STDP on SpiNNaker is trace-based as indicated in
Egs. (1)—(4) and was introduced for the first time by [8]. The current implementa-
tion on SpiNNaker is as in [12], which is an improvement in terms of algorithmic
complexity over the first implementation. All applications on SpiNNaker using
STDP has thus far used Leaky-integrate-and-fire (LIF') neuron models. This is
the first formal work where we have implemented STDP in a IZK neuron based
network on SpiNNaker.

The DA-modulated STDP by Mikaitis et al [13] was a significant addition to
sPyNNaker. The equations implementing eligibility trace based DA reinforce-
ment are similar to Eqgs. (5)—(7), after [11]. However, because of the event-
driven nature of processing on SpiNNaker, the equations needed adaptation. The
specific algebraic derivations and algorithmic implementations are discussed in
detail in the aforementioned work [13]. The implementation is designed with its
modularity in mind, whereby neuromodulation can simply be added to an exist-
ing STDP network with little modification. At the time of writing this paper,
the neuromodulation implementation was made available in the development
version of sSPyNNaker and testing of this has been added to the daily integration
testing of the software to ensure it continues to work after future changes and in
future releases; the experiments in this work were performed using the “master”
branches on GitHub.

3 Methodology and Results

The balanced random network (BRN) proposed by Brunel [3] is widely used
to study the dynamics in a closed loop network of excitatory-inhibitory spik-
ing neural populations with recurrent connections. The BRN is implemented
on SpiNNaker with LIF neurons. Here, we implement the BRN parameterised
for conductance-based IZK neurons. We test the model output dynamics to be
within the Asynchronous-Irregular (A-I) regime using two attributes viz. irreg-
ularity and synchrony (see Sect. 3.2). Next, we add neuromodulated plasticity
in specific network pathways of the BRN to demonstrate the effects of positive
(reward) and negative (punishment) reinforcements. We then parameterise the
model to demonstrate instrumental conditioning. The simulation design, exper-
imental set up, and results are detailed below.
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3.1 Simulation Methods

The current implementation for solving the neuron model differential equations
on SpiNNaker follows the methods indicated in [10]. The simulation time-step for
IZK neurons is 0.1 ms, which executes on SpiNNaker in 1 ms wall-clock time. The
synaptic conductance parameters g, simulate the synaptic ‘weights’ correspond-
ing to a synaptic projection z. To record the progression of plastic weights, the
simulation is stopped at every 1000 ms interval within the same run i.e. without
resetting the machine. The peri-stimulus time histogram (PSTH) is computed

with time bin A¢ = 1000 ms; the firing rate (va¢) for each time bin is computed
thus: var = 5 i J;/At ij_ol 8, (t —t1), where N is the total number of neu-
rons in the population, ¢ denotes time, and ¢/ is the times in the spike train. To
take into account the non-stationary behaviour of the output due to the noisy
input, we run 10 trials, each with randomly generated seed for the Poisson input,
and average the PSTH across all trials.

The plastic projection parameters defined in Egs. (1)—(4) are thus:{r} :
Ims,7— : 2ms, Fy : 1, F_ : 1}. Plastic weight is bound between 0 and 2 u.S.
Neuromodulation parameters in Egs. (5)—(7) are thus:{r. : 100ms, 74 : 5ms}.
The initial concentration of DA is set as 0.05 uM.

3.2 The Balanced Random Network Parameterised for IZK

Neurons
— Excitatory projection .\ _4.4 a b ¢ d
—> Inhibitory projection "E’ I_' RS 002 02 -65 8
FS 01 02 -65 6
QE >
9 = 0.01uS, g,= 0.03uS,

%
/\(RS ‘\g_l) (FS)/ b, = 0.1, "pz 2HZ,

[N gE

Ext }——/4 T=2ms,7,=1ms,7,=3ms
Fig. 1. The balanced random network computed with conductance-based Izhikevich’s
neurons parameterised (a,b,c,d) in the Regular (RS) and Fast (FS) spiking modes
respectively for Excitatory (E) and Inhibitory (I) populations. Each synaptic projection
is defined by its weight, which are the conductance values (gg,;), probability (pconn)
and delay (tq). The proportion of neurons in the E (Ng) and I (N;) populations is in

the ration 4 : 1. The number of neurons in the Poisson spike train input (Fxzt) to the
network is Ng + Ny, firing at A\, = 2 Hz.

The BRN parameterised for IZK neurons (BRN-IZK) to operate in the A-I
regime is shown in Fig. 1. Recently, we have used the conductance-based 1ZK
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Fig. 2. (a) Peri-stimulus time histogram and (b) irregularity for the balanced random
network computed over 10 trials, where each trial of T=12s duration is divided into
12 bins of 1s each and run with random seed for 2Hz Poisson input. (¢) Synchrony
computed for 10 trials.

neuron models to propose a reduced-scale cortical network [5] that was set in the
A-T regime based on upper- and lower-bounds for two attributes, viz. irregularity
and synchrony, as specified in [16]; we use the same bounds in this study. The
PSTH in Fig. 2(a) shows a uniform distribution for both the FS and RS neurons
with a mean firing rate of ~ 2 Hz, similar to the input rate.

For any neuron (n) in a population, the irregularity (ta;) of its spike train
output over a time-bin width of At is measured as the coefficient of variation of
the inter-spike-intervals (isi), which is defined as a ratio of the standard deviation
is defined as 0.7 < ¢ < 1.2 [5], after [16]. The irregularity histogram for our
BRN-IZK is shown in Fig.2(b). Being a function of isi, the plot is sensitive to
the transient effects of the simulation start and end times across all the 10 trials.
In the stable region, the measure in our network is an uniform distribution and
within the bounds defining the A-I regime.

Synchrony (k) is measured as a dispersion in the spike count histogram (n)

2

(07%,) to the mean (u7,) of the isiay = & > . Bounds for A-I regime

for each trial run j thus:k; = %, the numerator(denominator) specifying the
nj

variance(mean) of n;. The synchrony measured over 10 trial runs is shown in
Fig.2(c), and is within the specified bound x < 8 specified for the A-I regime.

3.3 Neuromodulated Plasticity in the BRN

This is the first time that the neuromodulated plasticity is being implemented
on the BRN presented in Sect. 3.2 on SpiNNaker. Only the recurrent projection
of the E population is made plastic and modulated by reward and punishment;
all other projections remain static. Readers may note that there is no action-
selection in this example; the intention is to observe the effects of DA-modulated
STDP in a tractable manner. Towards this, reward (DA) is applied at the 279,
374 and 4! second for a duration of 1, 10 and 100 ms respectively; punishment is
applied for similar progressively increasing duration respectively at the 6%, 7"
and 8" second. The total simulation duration is 7' = 12.5s. Such fixed duration
reward and punishment is as during the initial demonstration of the neuromodu-
lated plasticity implementation on SpiNNaker using a basic pre-post population
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Fig. 3. (a) Spike raster of the E population of the BRN in Fig. 1; the green and red
triangles indicate the times of reward and punishment respectively. (b) The PSTH
of both E and I populations with 1000 ms time-bin and averaged across 10 trials,
demonstrating increase (decrease) in firing rate corresponding to DA-modulated reward
(punishment). (c) Weight progression for a few of the plastic projections in the network
showing increase and decrease corresponding to reward and punishment respectively,
and clipped at 2 uS.

set up computed with LIF neurons [13]. In this work, we have parameterised the
BRN to demonstrate similar behaviour as in the initial demonstrative frame-
work. The results are shown in Fig. 3.

The spike raster of the E Population of the BRN and its PSTH in Figs. 3(a)
and (b) respectively show the network responding to the rewards (increase in
firing rate) and punishments (decrease in firing rate). The corresponding progres-
sion of the plastic weights recorded at 1000 ms time bins is shown in Fig. 3 (c);
for readability, we have shown only a few projections selected randomly from the
full list generated during a single trial run. Due to the unsupervised nature of the
STDP algorithm, the weight progressions are not deterministic, i.e. all weights
are not guaranteed to increase, as can be seen in Fig. 3 (¢); also, the responses to
reward and punishment by individual projections are not synchronised in time
and amplitude.
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Fig. 4. (a) The instrumental conditioning set up and parameter values. (b) PSTH of
the A and B populations corresponding to reward for firing rate va > vp.

3.4 Instrumental Conditioning in the BRN

The set up for instrumental conditioning experiment with the BRN is shown in
Fig. 4 and is adapted from [11]. Two populations A and B with number of neurons
Ny = N = %(N g+ Ny) is randomly selected from E, and their respective firing
rates (v4,p) observed for action-selection, where each of these populations is
assumed to correspond to a motor task. A periodic stimulus (S) is provided as
input to both E and I populations, for a duration of 50 ms with isi of 20; the S
to E projection is made plastic, and modulated by DA. An ‘action’ preference,
i.e. a behavioural policy is set for the network, say v4 > vpg. If this condition is
satisfied at any observation instant At; then all of the E population is rewarded
at a delay of Aty +10ms, i.e. delayed reward. The reward is delivered by a neural
population with same number of neurons as the E population, and is activated
by a current pulse of amplitude 10nA and width 4ms. The network is then
allowed to run freely for another 200 ms before repeating the cycle of applying
S and evaluating the network behaviour. Note that, if the reward criteria is not
met, we do not punish the network, which is similar to the experimental methods
n [11]. We observe that over a period of time, the network learns to maximise
the reward, and the preferred ‘action’ is selected, indicated by a higher PSTH
in Fig. 4(b). At this point, even if the delivery of reward is stopped, the circuit
‘remembers’ the associations and continues to prefer the ‘action’ A. We have
also tested the network for the converse situation where v4 < vpg; not shown
here for brevity.

4 Conclusions

We have presented a work-in-progress on implementing instrumental condition-
ing in a balanced random network (BRN) on SpiNNaker using conductance-
based Izhikevich’s (IZK) neuron models. This is the first implementation of
BRN (a popular spiking neural network proposed by N. Brunel [3]) with
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conductance-based IZK neurons on SpiNNaker. We have parameterised the BRN
for demonstrating asynchronous-irregular dynamics measured by two quantita-
tive attributes viz. irregularity and synchrony [5,16]. Next, we have demon-
strated reward and punishment in the BRN using the DA-modulated plasticity
as implemented on the SpiNNaker toolchain sPyNNaker. Finally, we test the
BRN for reinforcement learning by instrumental conditioning. A policy (desired
behaviour) is set for the network comprising two competing populations, repre-
senting two competing motor actions in our brain. When rewarded for obeying
the set policy, over a period of time, the network learns to maximise its reward
and thus, is conditioned to behave in a desired way. Our experimental set up is
adapted from [11], where a dynamic setting of policies is demonstrated for two
competing motor actions. Our continuing work is on reproducing this aspect
on the SpiNNaker implementation presented here. In the short term, our objec-
tive will be to implement DA-modulated instrumental conditioning in an existing
brain-inspired model on SpiNNaker [18], where indeed action-selection is demon-
strated, but there is no plasticity in the network, unlike in the brain, and the DA-
modulation is simulated by direct scaling of excitatory and inhibitory synapses.
We believe our developing work will contribute to research in reinforcement
learning by instrumental conditioning, a promising direction for brain-inspired
robotics.
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Abstract. A large-scale model of brain dynamics, as it is manifested in
functional neuroimaging data, is presented in this study. The model is
built around a general trainable network of Hopf oscillators, the dynam-
ics of which are described in the complex domain. It was shown ear-
lier that when a pair of Hopf oscillators are coupled by power coupling
with a complex coupling strength, it is possible to stabilize the normal
phase difference at a value related to the angle of the complex coupling
strength. In the present model, the magnitudes of the complex coupling
weights are set using the Structural Connectivity information obtained
from Diffusion Tensor Imaging (DTI). The complex-valued outputs of
the oscillator network are transformed by a complex-valued feedforward
network with a single hidden layer. The entire model is trained in 2
stages: in the 15! stage, the intrinsic frequencies of the oscillators in the
oscillator network are trained, whereas in the 2"? stage, the weights of
the feedforward network are trained using the complex backpropagation
algorithm. The Functional Connectivity Matrix (FCM) obtained from
the network’s output is compared with empirical Functional Connectiv-
ity Matrix, a comparison that resulted in a correlation of 0.99 averaged
over 5 subjects.

Keywords: BOLD Signal + Functional Connectivity + Hopf Oscillator

1 Introduction

Recent advancements in neuroimaging techniques have opened new opportunities
in basic and clinical neuroscience, and have inspired a large body of computa-
tional modeling literature. The BOLD (Blood-Oxygen-Level Dependent) signal
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measured by fMRI (functional Magnetic Resonance Imaging) is widely used to
understand the nature of neural activity underlying hemodynamic changes in the
brain under normal and pathological conditions like Ischemic Cerebral Stroke,
Traumatic Brain injury (TBI) etc [1]. On the other hand, MRI also has been
used to understand the structural connectivity between different brain regions
with the help of Diffusion Tensor Imaging (DTT). The current study intends to
develop a phenomenological model of the whole brain to understand the BOLD
signal along with the functional connectivity associated with it.

Several computational and mathematical models have been developed over the
last decade to understand the relation between the functional activity of the brain,
and the BOLD signal [2]. They can be categorized into three main types—1) single
neuron—based models (often integrated with the neurovascular coupling), 2) neu-
ral mass models, and 3) abstract models like the non-linear oscillator models [2, 3].
Our current model falls under the last category of an abstract network of non-linear
oscillators, wherein each brain region is modeled by a single Hopf oscillator. The
network architecture which consists of a layer of Hopf oscillators with lateral con-
nections, followed by a feedforward neural network with a single hidden layer of
sigmoidal neurons,is used to simulate the BOLD signal recorded from the whole
brain. The network is trained in two stages: in the 15 stage, the intrinsic frequen-
cies of the oscillators are trained, and in the 2" stage, the feedforward network is
trained by supervised learning. The lateral connections among the oscillators are
set using the structural connectivity information obtained from DTI.

The current paper is divided into five sections—first, the introduction section;
in the second section, the model development section that presents equations for
model dynamics and learning; the third section provides the simulation results,
the fourth presents the discussion, and the last one outlines the conclusions and
future goals.

2 Mathematical Model

2.1 Database Used

These days fMRI data is widely available for research in public repositories.
However, we are using the processed data from the paper by Morellec et al. [4].
[The dataset can be found here - https://figshare.com/articles/dataset/Paris
HCP brain_connectivity data/3749595 This repository has data from 40 unre-
lated participants, collected over approximately 55 min long sessions, taken with
a repetition time of 0.72s. In this study, we only take the 1st session data of
1196 time points spread out over 15min. In this study, we only take the data
from the first five participants consisting of 160 Region of Interest (ROIs). More
information about the parcellation and the ATLAS used can be found in the
original source [4].

2.2 The Basic Model

The proposed network architecture for modeling fMRI signals consists of two
components: 1) an oscillatory layer and 2) a feedforward network. The oscillatory


https://figshare.com/articles/dataset/Paris

162 A. Bandyopadhyay et al.

layer consists of Hopf oscillators connected in an all-to-all fashion. The dynamics
of a single oscillator is described in complex domain and therefore the coupling
coefficients are complex numbers. The oscillators are coupled by a special form
of coupling called “power coupling” described earlier [5]. The second component,
the feedforward network, consists of a complex-valued multilayer perceptron with
a single hidden layer. The outputs of the oscillator layer are presented as inputs
to the feedforward network. The output of the feedforward network approximates
the fMRI data on which the network is trained. The dynamics of the oscillator
layer are described below. A typical hopf oscillator can be given by this—

Z=Z(u+iv—|27P) 1)
and, in polar form (r,¢), .
F= =% = w; (2)

Now, after considering the coupling (W;;) and the external signal (D(t)), the
original Hopf oscillator equation as shown in the Eq. 1 for single oscillator turns
out to be like this—[5]

- . 2, N i S
Zi=Zi(p+iw — |Zi) + Y Aye' i Z77 + ee(t) (3)
J=1,57i

The second component of the network architecture, the feedforward network,
is used in two forms, depending on the stage of learning: in the 1st stage learning,
it is a single linear stage, whereas in the 2nd stage of learning it is a two stage
network with a hidden layer, as shown below Fig.1. Note that e(t) above is
defined in Eq. 8 below.

2.3 1%t Stage of Learning

In this stage of learning, we train the intrinsic frequencies, w;, of the oscillator
layer using Eq.4 below. The lateral connections, which are complex numbers,
W;;, are partly trained and partly set using experimental data. While the mag-
nitude of the lateral connections is set using structural connectivity information
from DTI, the angle of the lateral connections are trained using a Hebb-like
learning rule (shown in the Eq. 7) that is applicable to complex-valued weights.
The feedforward network in this stage of learning simply consists of a linear
stage, whose weights «;, are trained using Eq.6. Note that «; are trained by
supervised learning, with the objective of minimizing the squared error between
the network’s output and the desired fMRI signal that it is trying to approxi-
mate. The network on the whole performs a Fourier like decomposition of the
desired signal, with the a; playing the role analogous to the Fourier coefficients.
The equations governing training are given below [5].

W; = Pwe(t)sin ¢; (4)
Wij = Aijewij/w"’j (5)
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Fig. 1. (a)The network architecture used in the 1st stage of learning. It consists of
the oscillator layer and a linear stage connecting the oscillators with the output layer.
(b) shows the network architecture for second stage of learning involving one hidden
layer consisting of 30 hidden neuron. In such feedforward network network has complex

valued weights.
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&y = Pae(t)ricos ¢; (6)

TwWij = —Wij + ZiZ;‘% (7)

N
p(t) = Z Qi COS i (9)
i—1
The values of learning rates like—3,, B, , Tw are set as 1074, 1074, and 10%.

2.4 2794 Stage of Learning

In the 2" stage of learning, we take the trained parameters of the oscillator
layer from the previous stage. The linear feedforward network, used earlier, is
replaced by a complex-valued multilayer perceptron with a single hidden layer
[5]. However, unlike the previous stage, wherein all the oscillators are connected
to all the output neurons, in this stage of learning, oscillators are coupled to the
neurons in the hidden layer more selectively.

100

The ROIs

Number of neighbours

N D O DD 0 50 100 150
S ONTN Index of ROI
The ROIs ndexo

(a) Normalized Structural Connectivity (b) The Number of neighbours with respec-

tive Regions

Fig. 2. Structural Connectivity and the oscillator’s connectivity information for the
model

A normalized structural connectivity matrix has been given in the Fig. 2a.
The number of neighbours according to the index of oscillators is given in the
Fig. 2b. Note the structural connectivity network is not a fully connected net-
work; it is a sparse one since every brain region or ROI is not connected to every
other ROI in the brain. Therefore, each ROI is associated with a single (say,
it") oscillator, a single output neuron, and a hidden layer of size K, mediating
between the two. The oscillator corresponding to a given ROI projects to all



Whole Brain Dynamics Model 165

the K hidden neurons associated with it. In addition, all the oscillators to which
the *" oscillator is connected, also project the same set of K hidden neurons

corresponding to the i** ROI as shown in Fig. 3.
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Fig. 3. A more detailed depiction of the network architecture that Fig. 1. The figure
shows the separate hidden layer and an oscillator are associated with each ROI. See

text for details.

The feedforward network in this stage is a complex-valued multilayer percep-
tron with a single hidden layer. It is trained by complex-valued backpropagation
algorithm, with the aim of minimized squared output error for each ROI. The
back propagation of the network follows gradient descent rule, where the real
part and the complex part of the weights are updated individually [6].

3 Results

In this section, we briefly describe the simulated results from the first stage and
second stage of learning. The learning rate of the back-propagation is set at a
constant rate of 0.05 for both the weight stages (input to hidden layer and hidden
layer to output). The core idea of such graph like structure is that, the dynamics
of the network of trained oscillators, after the transformation by the feedforward
network can approximate the desired ROI activity. All the simulations are done
on the MATLAB 2021b platform. The differential equations for the 15 stage of
learning are solved with the forward Euler’s rule.

In the 1st phase of learning, the adaptive nature of the Hopf oscillator is
leveraged following the governing equations described in the Subsect.2.3. The
time-series estimation and the frequency domain analysis are given below in the
Fig. 4.

Now we can focus on the 2"? stage of learning results. As we have discussed
in the Subsect. 2.3 above, each oscillator positioned according to the structural
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Fig. 4. Simulated result after 1st phase of learning. Figure 4. (a) shows the time domain
analysis , and 4. (b) denotes the Fourier transform (magnitude plot). D(t) is a empirical
signal, and P(t) is for simulated one

connectivity matrix is associated with its neighbours to participate in a feed-
forward single hidden layered network. The index of the oscillator with their
number of neighbours is shown in the Fig.2b. Following the learning rule set
up in the Subsect. 2.4 the model is able to regenerate the BOLD signal signal
consisting of all the frequency components with great accuracy as shown in
Figs. 5a, and 5b. Here we use K = 30 hidden units for each ROI’s BOLD signal
generation. However, the correlation coefficient does not vary even if we decrease
the size of the hidden layer up to K = 20 hidden units as shown in the Fig. 5d.
However there is a change in Root Mean Square Error (RMSE) observed when
decreasing the number of hidden nodes as shown in the Fig.5c. Root Mean
Square Error (RMSE) value of each ROI is captured and as an example, two
ROTI’s simulated and empirical BOLD signal comparison given in the Figs. 5a,
and 5b along with RMSE value with respect to number of epochs. It can be seen
that the model can regenerate the ROI signals with high accuracy. All the 160
ROI channel simulations are not shown here; only a few representative signals
are shown. Totally 60,000 epochs are run for each ROI. How the RMSE and the
correlation value varies with the number of epochs are shown in the Figs. 5e, and
5f. Tt discloses that the RMSE gradually decreases when the number of epochs
are being increased.

One of the benchmarks for analyzing such a model is to check the functional
connectivity of the ROIs, with Pearson’s correlation coefficient. A correlation
coefficient matrix is estimated and compared with the empirical BOLD signal’s
correlation based connectivity matrix or the functional connectivity matrix. The
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Fig.5. (a), (b) represents the comparison between simulated and empirical time—
series signal for ROI1, and ROI2 respectively. Y- empirical signal, and Y}, simulated
signal. (c), and (d) show how the correlation coefficient, and mean RMSE varies with
number of hidden nodes when number of epochs is fixed at 10000; (e) and (f) shows
how the number of epochs can affect the correlation coefficient, and mean RMSE, when
the number of hidden nodes is fixed, K = 30. Note that the result is shown only for
the first participant.
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Functional Connectivity (FCM) has a huge role in identifying the pathological
behaviour, sex differentiation and it is often referred to as a fingerprint of the
individual brain [7]. This model simulates the functional connectivity matrix
with correlation coefficient 0.99. Comparison between simulated and empirical
functional connectivity matrix is given in the Fig. 6. For multiple subjects based
analysis, we have taken the correlation coefficient between the grand average
of simulated functional connectivity matrices and grand average of empirical
functional connectivity matrices.

1 1 1
21 b
05 o i 0.5
S o1F
&8l
0 Zrorfat 0
21k
Ha e -0.5 141 e T s 5y -0.5
AR NN AN SEENTNRAN N
The ROIs The ROIs

(a) Functional Connectivity Matrix for sim- (b) Functional Connectivity Matrix for em-
ulated BOLD signals pirical BOLD signals

Fig. 6. Comparison between Functional Connectivity Matrices (simulated and BOLD)

4 Discussion

The significance of resting state BOLD signal was revealed in an early study
by Biswal et al [8]. Since then several studies demonstrated the existence of a
unique relationship between functional connectivity and structural connectiv-
ity. The fact that the two forms of connectivity are not tightly correlated poses
the challenge, clinical and computational, of understanding one in terms of the
other. Computational studies proposed models wherein the structural connec-
tivity will be the input, and the functional connectivity the output [9]. In this
model, we develop a system that takes the structural connectivity, and also accu-
rately produces the functional connectivity. However, the current study achieves
comparable results with existing computational models in terms of accuracy
and the Pearson’s correlation coefficient, which is often used as a benchmark. A
comparison table is given below which compares our results with several recent
studies 1. Note that, other models are simulated on different datasets of varying
sizes.

The proposed model has several positive features. Use of Hopf oscillator per-
mits adaptation of an explicit frequency parameter, w;, which does not exist
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Table 1. Discussion between Different Models with the current model [10-13]

Model Hopf-oscillator | Structural Correlation Model description
Model Connectivity Coeffcient
Model 1[10] Vv v 0.75 Structural Connectivity Dependent

Hopf oscillator model with
non-linear coupling system

Model 2 [11]) | x Vv 0.80 Multiple kernel learning model with
modified Wilson-Cowan based
neuron activation

Model 3 [12] |/ Vv 0.82 Hopf oscillator based model and
parameters are optimized with
Monte Carlo simulation

Model 4 [13] |/ Vv 0.82 Hopf scillator based model with
detailed description about impact of
parameters and lesions

Current Model | / Vv 0.99 Fourier like decomposition, and
retrieved with oscillatory neural
network model

in other low-dimensional neuron models like Wilson-Cowan, FitzHugh-Nagumo,
Morris-Lecar etc. The complex-valued coupling weights among oscillators encode
time delays in the form of the phase angles. Even the learning rule for the cou-
pling weights has a simple Hebbian form, without the need for use of complicated
optimization methods. The step-size of the model during solving the differential
equation is down sampled to 0.01s. The results are also with the same time
reference.

Another important question that will be asked is whether this model can
able to simulate the full 55 min data, and whether it is applicable for any BOLD
signal data-set. Figure 7a shows that the whole time series data can be regen-
erated for ROI 1 for participant 1; and Fig. 7b shows that the model is equally
efficient in case of another data set (known as the Paris dataset) having only
200 data points. Among 21 unrelated healthy participants, the first participant’s
first indexed ROI is simulated [4]. However, in this paper, we computed the func-
tional connectivity matrix with respect to one participant; it will be not it will
not be applicable at group level or multiple participants’ analysis. Pursuing the
methodology described by Deco et al. [10], five simulations for first five partici-
pants taken from HCP dataset were done individually [Fig. 8], and compute the
average simulated functional connectivity with average empirical functional con-
nectivity with correlation coefficient value of 0.99(10000 epochs and 30 hidden
neurons have been employed for simulation).
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5 Conclusion and Future Goal

The aim of the current work is to devise a trainable model of brain dynamics that
can account for resting state BOLD responses. The novelty of the current model
lies in the aforementioned two stages of the learning process-the Fourier like
decomposition to attribute a certain frequency to each oscillator; a novel power
coupling strategy; and a distinguished backpropagation algorithm in the second
stage. This model also eliminates the rigorous parameter space identification
for approximating the BOLD signal used in earlier modelling works. One of
the criticisms of our work is that it requires so many hidden nodes to perform;
our next goal will be reducing the hidden nodes, and incorporating some of the
biological mechanisms like conduction delay, small- worldness of brain network,
global connection strength in our model.
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Abstract. With recent developments in Social Computing, Natural Language
Processing and Clinical Psychology, the social NLP research community
addresses the challenge of automation in mental illness on social media. A recent
extension to the problem of multi-class classification of mental health issues is to
identify the cause behind the user’s intention. However, multi-class causal catego-
rization for mental health issues on social media has a major challenge of wrong
prediction due to the overlapping problem of causal explanations. There are two
possible mitigation techniques to solve this problem: (i) Inconsistency among
causal explanations/ inappropriate human-annotated inferences in the dataset, (ii)
in-depth analysis of arguments and stances in self-reported text using discourse
analysis. In this research work, we hypothesise that if there exists the inconsis-
tency among F1 scores of different classes, there must be inconsistency among
corresponding causal explanations as well. In this task, we fine tune the classi-
fiers and find explanations for multi-class causal categorization of mental illness
on social media with LIME and Integrated Gradient (IG) methods. We test our
methods with CAMS dataset and validate with annotated interpretations. A key
contribution of this research work is to find the reason behind inconsistency in
accuracy of multi-class causal categorization. The effectiveness of our methods is
evident with the results obtained having category-wise average scores of 81.29%
and 0.906 using cosine similarity and word mover’s distance, respectively.

Keywords: causal analysis - explainability - mental health - text categorization

1 Introduction

People express their thoughts more conveniently on social media than during in-person
(often analytical) sessions with experts. As per the National Institute of Mental Health
report of 2020!, 52.9 million adults in the USA suffer from mental illness. “The Health
at a Glance Europe 2020” report” noted that the COVID-19 pandemic and the subse-
quent economic crisis caused a growing burden on the mental well-being of the citizens,

! https://www.nami.org/mhstats.
2 https://health.ec.europa.eu/system/files/2020- 12/2020_healthatglance _rep_en_0.pdf.
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with evidence of higher rates of stress, anxiety and depression. Previous studies support
social media’s powerful role in measuring the public’s social well-being [8]. To this
end, we obtain Reddit social media posts demonstrating mental health issues for mental
health analysis.

In this research work, we narrow down the problem of mental health analysis to the
identification of reasons behind users’ intent in their social media posts. The sequence
to sequence (Seq2Seq) models are applied to solve the problem of causal categoriza-
tion over CAMS dataset®. The ground-truth of CAMS dataset contains two-fold anno-
tations (i) causal category and (ii) interpretations. The textual segments of interpreta-
tion support decision making for identifying causal categories. However, there exists
a major challenge of responsibility and explainability for multi-class causal analysis
while applying fine-tuned Seq2Seq models. In this context, we find explanations for
inconsistency among resulting accuracy of different classes/ categories. Another key
contribution is to find distance among inferences and explanations to obtain semantic
similarity over distributional word representation: (i) cosine similarity and (ii) word
mover distance.

Definition 1: Inferences - The inferences are set of interpreted textual segments by
trained human-annotators which appears as ground-truth information in CAMS dataset.

Definition 2: Explanations - The results obtained as the set of top-keywords using
explainable AI approaches for multi-class causal categorization of Reddit posts is
termed as explanations.

We further discuss a potential instance to define this problem of explainable causal
analysis in this section. Consider a given sample A where a user U post A: “Five years
now and still no job. I am done with my life.” The user U is upset about his finan-
cial problems/ career due to unemployment. We consider this text as the user-generated
social media data which demonstrates mental health issues. The intent of a user is ‘7o
end life’ and a key challenge is to find the reason behind this intent. This cause-and-
effect relationship aids the causal categorization. The category for sample A is identi-
fied as ‘Jobs and careers’ because the reason is associated with unemployment. There
are five causal categories in annotated CAMS dataset, namely, (i) bias or abuse, (ii)
Jjobs and careers, (iii) medication, (iv) relationships, and (v) alienation.

In this research work, we use the CAMS dataset for explanations on multi-class
causal categorization. We have made three major contributions in this work. First, we
fine-tune deep learning models for multi-class causal categorization. Second, we obtain
explainable text for causal categorization using Local Interpretable Model-Agnostic
Explanations (LIME) and IG. Third, two semantic similarity measures: cosine simi-
larity and word mover distance assist the validation of resulting explainable snippets
with annotated inferences. Our experimental results explains the inconsistency among
accuracy of different classes and validates the consistency of inferences made by model
and human annotators, thereby defining the need of discourses and pragmatics for this
problem of causal analysis. All code* used are publicly available.

3 https://github.com/drmuskangarg/CAMS.
* https://github.com/CMOONCS/CausalExplanationMHA . git.
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2 Background

Our task is defined as a domain-specific problem to find reasons behind the intent of
a user on social media. After extensive literature surveys, we observe minimal work
on this problem. A domain-specific dataset is available for public use to examine the
inferences (reasons) and causal categories (multi-class classification) task for mental
health data as CAMS dataset [4]. The existing solution of a task of causal analysis is
given as the use of machine learning and neural models for multi-class categorization
of causal categories. The resulting values of f-measure vary for different classes and
raise a new research question: To what extent causal categorization is responsible? We
choose to resolve this problem by finding and validating the explainable texts.

To find the explanations for causal categorization, we explore existing explainable
Al methods for natural language processing [6]. Some well-established surveys and
tutorials categorize explainable approaches into local vs global, post hoc vs self explain-
ing and model agnostic vs model specific [3]. We choose to observe local explanations
with given input features for post-hoc interpretability methods which require less infor-
mation. To this end, we identify two explainability approaches which are suitable for
this study: (i) LIME and (ii) IG.

LIME samples nearby observations and uses model estimates to fit the logistic
regression [7]. The parameters of logistic regression represent the importance measure
and larger the parameters, greater effect will have on the output. The IG is an attempt
to assign an attribution value to each input feature which measures the extent to which
an input contributes to the final prediction [12]. A recent study is carried out to set
a benchmark over three representative NLP tasks (sentiment analysis, textual similar-
ity and reading comprehension) for interpretability of both neural models and saliency
methods [14] thereby emphasizing the need of LIME and IG for downstream NLP tasks.

The explainable methods give output in the form of important words/ text seg-
ments which serve as the most important input features. As we have available human
annotated inferences for causal categorization in the form of text, we use these infer-
ences as ground truth information (text-reference) and resulting explanations (RE) (text-
observation). Thus, we use two semantic similarity measures to evaluate the perfor-
mance of explainable methods for causal categorization- Cosine similarity and Word
Mover’s distance (WMD). Cosine similarity [9] calculates similarity between two
words, sentences, paragraph, piece of text etc. and evolves from the squared Euclidean
distance measure which is used to measure how similar the documents are irrespective
of their size. Word Mover’s Distance (WMD) outperforms Bag-of-words and TF-IDF
in terms of document classification error rates [5].
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3 Framework

In this section, we give a brief overview of the proposed framework for Fig. 1 which
represents the workflow for explainable causal analysis of mental health on social media
data. We bifurcate our framework into three phases:

— Causal Categorization: The use of neural models for causal categorization of Reddit
posts depicting mental illness.

— Explanations: Finding explanations in the form of text-observations and obtaining
top-keywords.

— Evaluations: Validate the resulting text-observations by comparing them with the
human annotations available in the CAMS dataset.

Consider a given set of self-reported short-text documents as D where D =
dy,ds,...,dy. In Phase 1: causal categorization, we segregate D into training, vali-
dation and test set and give training set as an input and we fine-tune the multi-class
classifier build model for our task. The model prediction are given as an input to
Phase 2: Finding explanations along with Reddit posts to obtain explanations. We fur-
ther obtain these resulting explanations and human-annotated inferences present in the
CAMS dataset for Phase 3: Evaluations to test and validate the resulting explanations.
Furthermore, we discuss three phases of our proposed framework in this section.

Annotated Interpretations given as ground truth

CAMS dataset \ f

5| Finding Explanations for Causal
<REDDIT POST> > Categorization --){ Explanations }[Interpreta’rions ]

-

(depicting mental illness)

I Nl

Input: Textual features

[ End-to-end classifiers ] ey I
Local Explanations for post-hoc [ IPinling mArite vty J
LSTM interpretability methods Elsstine itk

BiLSTM X
CNN LIME Word Mover Distance
CNN + LSTM Integrated gradient ¢

RESULTS AND ANALYSI
\‘ Model Prediction b \‘ Explanations j \ SULTS SIS /

| Causal Categorization | | Finding Explanations | | Evaluations: Semantic similarity |

Fig. 1. Overview of the proposed framework for explainable causal analysis of mental health on
social media data. The framework is divided into three phases - Phase 1: Causal categorization,
Phase 2: Finding explanations, Phase 3- Semantic similarity.
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3.1 Phase 1: Causal Categorization

To solve the problem of causal categorization, we employ four learning based multi-
class classifiers [1]. We exploit following deep learning models and fine-tuned them for
prediction:

LSTM. Long-Short Term Memory (LSTM:) is a popular advanced Recurrent neural
network architecture for modeling sequential data which allows the information to
persist and is trained by taking the sequence of the embedding feature vector.
BiLLSTM: A Bidirectional LSTM trains two hidden layers on the input sequence.
The additional layer reverses the direction of information flow which means that the
input sequence flows backward in an additional LSTM layer.

CNN: The CNN model efficiently extracts higher level features of the text using
convolutional layers and max-pooling layers.

CNN-LSTM: A Hybrid CNN-LSTM Model uses CNN layers for feature extraction
on input text combined with LSTMs to support sequence prediction.

3.2 Phase 2: Finding Explanations

‘We obtain local explanations by using following two post-hoc interpretability models:

LIME: It is a popular model-agnostic explainable method [7] which provides local
explanations for predictions of black-box models. LIME is also known as a post-hoc
method. For a given model F and a given data sample «, the method generates a
fake dataset o1, a2, @3..an and uses the black box model, F' to obtain the target
class or value for each sample. Subsequently, a white box model, G is trained with
the generated data set along with the generated target labels. The aim is to train
a white-box model for the original data sample and areas close to it even if the
model does not perform as well globally. The closeness can be estimated using an
appropriate similarity or distance metric. LIME then explains the original example
using the white-box model and weights generated by it. The prediction accuracy
of the white-box model, G gives an estimate of how close it mimics the black-box
model, F" and whether its explanations can be trusted.

Integrated Gradient: The second method employed for explainability in this work
is Integrated Gradients [12], a gradient-based explanation method. It is a model spe-
cific method that uses gradients (for example, using a deep neural network) to assess
the importance of a feature on the model’s output. It employs the knowledge asso-
ciated with the internal model for calculating the gradients of the model’s layers.
It computes an attribution score corresponding to each feature by considering the
integral of the gradients calculated along a straight path from a baseline instance v’
to the input instance wu.

3.3 Phase 3: Evaluations with Semantic Similarity

The human-annotated inferences in CAMS dataset, which represents the causal expla-
nation in the post, is validated by a senior clinical psychologist and it serves as a ground
truth for our predicted explanations. There are two types of similarity measures for
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identifying document similarity (i) syntactic similarity and (ii) semantic similarity. We
omit exact string matching algorithms due to varying number of words in each chunk
and inconsistency among length of inferences and resulting keywords. The semantic
similarity among texts validates the effectiveness of classifiers. We employ two most
widely used semantic similarity measures:

— Cosine similarity: It is a widely used metric in information retrieval which models
text as vector of terms [9]. The similarity of two input sentences (documents) can
be derived by calculating cosine values of term vectors for the given input using the
following equation. The similarity between two vectors of given input documents
(Docy Docs) can be defined as:

D -D " A -B;
Sim(Docy, Docy) = oc - Joc2  _ izt (D

[1Docul[|Docal| /ST, A2/57, B

where A; and B; represent the components of vectors Docy and Docs, respectively.

— Word Mover’s Distance(WMD): It is a novel distance metric [5] that is used to
measure the dissimilarity between two text documents. The method is different from
the conventional models that work on syntactic similarity rather than semantic sim-
ilarity. The method employs word embedding like Glove and Word2Vec to learn
semantically meaningful representations of sentences. It computes distance between
two documents A and B as the minimum cumulative distance that the embedded
words of document A need to travel to reach the embedded words of document B.
WMD is computed using the cost-matrix having z; and z; be embedding of word i
and j. The cost matrix CM € R™ x R™ is the distance of embeddings, such that
CM;; = ||z; — xj||? as referred to in Eq. 2. The distance between two documents
Docy and Docs is the optimum value of the following problem:

Permxm Z CM;; P ()
iJ

such that P;; > 0 Intuitively, P;; represents the amount of word 4 that is transported

to word j. WMD is defined as the minimum total distance to convert one document
to another document.

4 Experiments and Evaluation

This section covers the dataset description, experimental setup, results and performance
evaluation of the proposed study.

4.1 CAMS Dataset

CAMS dataset consists of 5051 instances (1896 from SDCNL dataset and (ii) 3155
Reddit posts which are available with subreddit r/depression using Python Reddit API
Wrapper (PRAW)) to categorize the direct causes of mental disorders through men-
tions by users in their posts. Annotation is carried out manually by annotators who

5 https://praw.readthedocs.io/en/stable/.
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are proficient in the language. They work independently for each post and follow the
given guidelines. Each annotator takes one hour to annotate about 15 — 25 Reddit posts.
The annotated files are verified by a clinical psychologist and a rehabilitation counselor.
Furthermore, the validation of three annotated files is carried out by Fliess” Kappa inter-
observer agreement study. The trained annotators have 61.28% agreement for annota-
tions of CAMS dataset. Despite the increased subjectivity of the task, the trained anno-
tators substantially agree with their judgements.

4.2 Experimental Setup

Considering a CAMS dataset, we divide it into training, validation and testing set con-
sisting of 1699, 117 and 370 instances, respectively. After preprocessing of the given
documents D (Reddit posts), we employ four deep learning methods to predict the
causal category, namely, LSTM, BiLSTM, CNN and CNN-LSTM. At the initial layer
of the neural network, we use GloVe, a distributional word embedding with dimension
vectors of 100. The GloVe embedding extracts semantics by using information avail-
able in neighbouring spaces. For experimental study, we consider a batch size of 128,
trained on 20 epochs, with 265 maximum length of tokens. We use Adam optimizer
for all models with one or more dropout layers and optimal learning rate. We fine-tune
CNN-LSTM model with a learning rate of 0.0005 and set a learning rate of 1.46 * 10~3
for all other classifiers.

4.3 Experimental Results

We perform experiments over the given dataset and obtain results as shown in Fig. 2.
To illustrate the effectiveness of our models, we give explanations for self-reported text
of each causal-category. The given input is a self-reported text of the CAMS dataset.
The human-annotations are two-fold: (i) human-annotated interpretations (inferences)
and (ii) causal category. We further perform explainable causal categorization to com-
pare and contrast the inferences with resulting top-keywords (explanations). We observe
minimal connection among words for Cause 0: No reasons followed by Cause 3: medi-
cations. However, the other causal categories seem to have high similarity among infer-
ences and explanations.

Error Analysis: Other than the examples given in Fig. 2, the medical terms mentioned
in inferences and explanations may vary. For instance, prescriptions like propranalol,
name of diseases, heart problems, specific type of cancer and other antidepressants. This
variation induces mismatch in semantic similarity among inferences and explanations
for class 3.

4.4 Performance Evaluation

We use performance evaluation measures of the confusion matrix to evaluate the results
of multi-class categorization. We analyze the results for each causal category and find
overall accuracy of the model. Furthermore, we use two evaluation metrics of finding
semantic similarity to evaluate explanations obtained by LIME and IG.
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|Self-rep0rted text Inferences Causal category Explanations |

Five years now and still no job. I am Five years now, no || Cause 2: Jobs and . s
. o K ) no job, done, life
done with my life job Career

Ya N N\

(Bad things happen to me, and worst of \(
all, they're inevitable. I think I'm better . b;.ld things, Cause 5: Alienation Bad, w0r§t, happen,
inevitable, worst alive

L off dead than alive. L A

A J
(" Ireached my limit, nothing helps N/ N N/ A

anymore, I tried everything I could get
my hands on. My family doesn't even || family, big fat dumb dumb, loser, fat,
. . . oo . L Cause 4: . .
believe in depression. I'm just a big fat || loser, reached limit, Relationshins depression, big,
dumb loser, but it doesn't matter nothing helps p tomorrow, helps
anymore, because tomorrow I'll put an
AN J
N/ N\

_ end to all of this. '\ /
~N

N/

(I've been lying here for hours just doing\
nothing. I can't go out today because I'm || chronic illness flare
having a chronic illness flare-up. But, I || up, hobbies seems
can't seem to find anything to interest me dull

\_ at home, either. L

Cause 3: illness, chronic,
Medications lying, hours, find

Y4

J AN J
qcan't believe how fucking dumb I am. I\ h N )
fucking ruined one of the best things that
happened to me. I want to die . I want to ruined, dumb
die. I need to kill myself soon. Please god

\_ don't let me wake up tomorrow PG

Cause 1: Bias or dumb, fucking,
Abuse ruined, best

\ AN J

/I'Ve been crying almost every night for\ ; Y4 Y4 A

almost 2 months now. At first it hurt my
eyes from crying so hard but not

anymore, now I just feel sick when I cry,

1 just want a week where I don't feel like

N crying AN J\_ AN J

crying, almost, hurt,

crying, feel sick Cause 0: No reason .
every, night

Fig. 2. Experimental results for explainable causal categorization for six different categories.

Causal Categorization: We categorize the text into one of the six categories as men-
tioned in experimental results section and present the resulting values for multi-class
classifiers in Table 1. We observe the inconsistency in results for among different classes
but consistency in variation among classes for different classifiers. To this end, we
observe lowest F1 scores for causal category 1: Bias or Abuse. The demonstration indi-
cates errors among predictions for Alienation/ Relationship as they overlap with Bias
or Abuse. The complex interactions illustrated the perceivable overlap between Bias or
Abuse and Relationship in the following example:

My friends are ignoring me and I am feeling bad about it. I have lost all my
friends and don’t want to live anymore.

The given example is associated with biasing and friendship, in a case where someone
feels ostracized by their friends. The emphasis on friends tips the balance in favor of
the class Relationship. However, the major challenge is to train the model in such a
way that it understands the inferences and then chooses the most emphasized causal
category using optimization techniques. We view this challenge as an open research
direction.

There are two possible mitigation techniques to solve this problem: (i) Inconsistency
among causal explanations/ inappropriate human-annotated inferences in the dataset,
(i1) in-depth analysis of arguments and instances in self-reported text using discourse
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Table 1. Performance evaluation of multi-class classifiers for causal categorization of mental
illness on social media data where F1:CO, F1: C1, F1:C2, F1:C3, F1:C4 and F1:C5 defines F1-
score for 6 categories: cause 0: ‘No reason’, cause 1: ‘Bias or abuse’, cause 2: ‘jobs and careers’,
cause 3: ‘medication’, cause 4: ‘relationships’, and cause 5: ‘alienation’, respectively.

Classifier F1:CO | F1:C1 | F1:C2 | F1:C3 | F1:C4 | F1:C5 | Accuracy

LSTM 055 030 036 045 055 025 04514
BiLSTM 059 025 1053 044 (058 |043 | 0.5054
CNN 0.57 026 1053 054 058 [0.35 04919

CNN-LSTM | 0.57 |0.17 038 |046 |0.48 |0.52 |0.4784

analysis. In this research work, we hypothesise that if there exists the inconsistency
among F1 scores of different classes, there exists an inconsistency among correspond-
ing causal explanations as well. We find causal explanations and validate the results
with human-annotated inferences. To this end, we choose to handle the first mitigation
approach, thereby, enlisting new frontiers.

Explainability: In this section, we present evaluation of resulting top-keywords using
LIME and IG methods. We use word mover distance and cosine similarity over distribu-
tional word representations of both inferences and resulting keywords. As observed in
Table 2, the explanations of Class 0: ’No reason’ have maximum distance from human-
annotated inferences for all methods. The reason is well-justified with the fact that Red-
dit posts having no reason behind intent of a user may or may not choose random words
from the entire text. These random words does not describe any reason and thus, are the
most far away from human-generated inferences. Low values for all other classes signi-
fies the presence of patterns among explanations for other classes. We find class 2: jobs
and careers, and class 4: relationships as the semantically most similar explanations
achieved by deep learning methods.

Table 2. Values obtained for semantic similarity among resulting top-keywords and human-
annotated inferences using Word Mover Distance: More distance indicates less similarity among
two different texts.

Method used Class0 | Classl | Class2 | Class3 | Class4 | Class5
LSTM+LIME 1.029 |0.854 |0.857 |0.896 |0.838 |0.889
LSTM+IG 1.097 [0.890 |0.870 |0.926 |0.867 |0.906
BiLSTM+LIME 1.029 |0.880 |0.865 |0.886 |0.852 |0.876
BIiLSTM+IG 1.117 10.900 |0.898 |0.919 |0.870 |0.908
CNN+LIME 1.042 10.820 |0.831 |0.817 |0.823 |0.843
CNN+IG 1.123 10.907 |0.882 |0.912 |0.880 |0.913
CNN-LSTM+LIME | 1.018 |0.843 |0.831 | 0.848 | 0.851 |0.863
CNN-LSTM +IG 1.117 10913 |0.869 |0.918 |0.874 |0.890




Explainable Causal Analysis of Mental Health on Social Media Data 181

We further analyse the results for cosine similarity as shown in Table 3. We give
input as a string, tokenize the text, use GloVe word embeddings to obtain word vec-
tors, and find the mean of word vectors (obtained for each token). Experimental results
demonstrate class 2: jobs and careers, and class 4: relationships as the most similar
explanations to the human-annotated inferences. Class 3: Medication , being associ-
ated with medical terms are expected to be semantically least similar as we would need
domain-specific distributional word representation for evaluation in this category. Thus,
class 3 and class O are illustrating low scores as compared to other classes.

Table 3. Values obtained for semantic similarity among resulting top-keywords and human-
annotated inferences using Cosine Similarity: The distance lies between 0 and 1

Method used Class0 | Class1 | Class2 | Class3 | Class4 | ClassS
LSTM+LIME 0.787 |0.825 |0.889 | 0.751 | 0.881 |0.854
LSTM+IG 0.723 10.779 0.870 |0.701 |0.869 |0.813
BiLSTM+LIME 0.784 |0.821 |0.881 |0.751 | 0.867 |0.857
BiLSTM+IG 0.716 |0.773 |0.866 | 0.709 | 0.865 |0.814
CNN+LIME 0.776 |0.835 |0.898 |0.822 |0.894 |0.861
CNN+IG 0.729 |0.765 |0.863 | 0.689 | 0.863 |0.818
CNN-LSTM+LIME | 0.781 | 0.831 |0.878 | 0.811 |0.868 |0.852
CNN-LSTM+IG 0.728 |0.789 |0.851 |0.690 | 0.870 |0.815

4.5 Ethical Considerations

NLP researchers are responsible for transparency about computational research with
sensitive data accessed during model design and deployment. We understand the signif-
icance of ethical issues while dealing with a delicate subject of mental health analysis.
We use the publicly available dataset and do not plan to disclose any sensitive infor-
mation about the stakeholders (social media users) thereby preserving the privacy of a
user [2].

We use publicly available pre-trained base models for our demonstration to avoid
any ethical conflicts. We assure that we adhere to all ethical guidelines to solve this task.
Development of fair Al technologies in mental healthcare supports unbiased clinical
decision-making [13]. Our research work is fair and there is no intentional bias as we
consider explainable causal categories for mental health on CAMS dataset.

5 Conclusion and Future Scope

We find the explanations for causal categorization of mental health in social media posts
by using LIME and IG methods, followed by performance evaluation by using human-
annotated inferences in CAMS dataset. We conclude our work with three key take-
aways: (i) less variations among resulting values of all classes for causal explanations
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as compare to F1 scores in causal categorization validates the human-annotated inter-
pretations for causal categorization; (ii) the results for Class 0: No reason and Class 3:
Medication are least explainable due to randomization and the need of domain-specific
analysis, respectively; (iii) the performance evaluation of explanations obtained using
explainable NLP is possible with semantic similarity methods if human-annotated inter-
pretations are predefined.

One of the path-breaking work is performed for causal explanation on social media
which is obtained in the form of text [10]. The authors mentioned the complexity of
this problem and made an attempt to resolve this issue by using discourses. However,
the experiments were performed over a limited amount of Facebook data (often referred
as Causal Explanation Analysis (CEA) dataset) to classify the texts containing causal
explanations and thereby extracting causal explanations. Furthermore, the causal expla-
nation detection takes place on CEA dataset by capturing the salient semantics of dis-
courses contained in their keywords with a bottom graph-based word-level salient net-
work [15]. In this context, we choose to propose domain-specific discourse relation
embeddings [11] as a potential future research direction of causal analysis.

References

1. Chen, B., Huang, Q., Chen, Y., Cheng, L., Chen, R.: Deep neural networks for multi-class
sentiment classification. In: 2018 IEEE 20th International Conference on High Performance
Computing and Communications; IEEE 16th International Conference on Smart City; IEEE
4th International Conference on Data Science and Systems (HPCC/SmartCity/DSS), pp.
854-859. IEEE (2018)

2. Conway, M., et al.: Ethical issues in using twitter for public health surveillance and research:
developing a taxonomy of ethical concepts from the research literature. J. Med. Internet Res.
16(12), 3617 (2014)

3. Danilevsky, M., Qian, K., Aharonov, R., Katsis, Y., Kawas, B., Sen, P.: A survey of the state
of explainable Al for natural language processing. arXiv preprint: arXiv:2010.00711 (2020)

4. Garg, M., et al.: CAMS: an annotated corpus for causal analysis of mental health issues in
social media posts. In: Language Resources and Evaluation Conference (2022)

5. Kusner, M., Sun, Y., Kolkin, N., Weinberger, K.: From word embeddings to document dis-
tances. In: International Conference on Machine Learning, pp. 957-966. PMLR (2015)

6. Madsen, A., Reddy, S., Chandar, S.: Post-hoc interpretability for neural NLP: a survey. arXiv
preprint: arXiv:2108.04840 (2021)

7. Ribeiro, M.T., Singh, S., Guestrin, C.: “why should i trust you?”” Explaining the predictions
of any classifier. In: Proceedings of the 22nd ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, pp. 1135-1144 (2016)

8. Robinson, P, Turk, D, Jilka, S., Cella, M.: Measuring attitudes towards mental health using
social media: investigating stigma and Trivialisation. Soc. Psychiatry Psychiatr. Epidemiol.
54(1), 51-58 (2019). https://doi.org/10.1007/s00127-018-1571-5

9. Salton, G., Buckley, C.: Term-weighting approaches in automatic text retrieval. Inf. Process.
Manage. 24(5), 513-523 (1988)

10. Son, Y., Bayas, N., Schwartz, H.A.: Causal explanation analysis on social media. arXiv
preprint: arXiv:1809.01202 (2018)

11. Son, Y., Schwartz, H.A.: Discourse relation embeddings: representing the relations between
discourse segments in social media. arXiv preprint: arXiv:2105.01306 (2021)


http://arxiv.org/abs/2010.00711
http://arxiv.org/abs/2108.04840
https://doi.org/10.1007/s00127-018-1571-5
http://arxiv.org/abs/1809.01202
http://arxiv.org/abs/2105.01306

13.

14.

15.

Explainable Causal Analysis of Mental Health on Social Media Data 183

. Sundararajan, M., Taly, A., Yan, Q.: Axiomatic attribution for deep networks. In: Interna-

tional Conference on Machine Learning, pp. 3319-3328. PMLR (2017)

Uban, A.S., Chulvi, B., Rosso, P.: On the Explainability of automatic predictions of mental
disorders from social media data. In: Métais, E., Meziane, F., Horacek, H., Kapetanios, E.
(eds.) NLDB 2021. LNCS, vol. 12801, pp. 301-314. Springer, Cham (2021). https://doi.org/
10.1007/978-3-030-80599-9_27

Wang, L., et al.: A fine-grained interpretability evaluation benchmark for neural NLP. arXiv
preprint: arXiv:2205.11097 (2022)

Zuo, X., Chen, Y., Liu, K., Zhao, J.: Towards causal explanation detection with pyramid
salient-aware network. In: Sun, M., Li, S., Zhang, Y., Liu, Y., He, S., Rao, G. (eds.) CCL
2020. LNCS (LNAI), vol. 12522, pp. 113-128. Springer, Cham (2020). https://doi.org/10.
1007/978-3-030-63031-7-9


https://doi.org/10.1007/978-3-030-80599-9_27
https://doi.org/10.1007/978-3-030-80599-9_27
http://arxiv.org/abs/2205.11097
https://doi.org/10.1007/978-3-030-63031-7_9
https://doi.org/10.1007/978-3-030-63031-7_9

q

Check for
updates

Brain-Inspired Attention Model
for Object Counting

Abhijeet Sinha®, Sweta Kumari®, and V. Srinivasa Chakravarthy ™)

Computational Neuroscience (CNS) Lab, Department of Biotechnology,
Indian Institute of Technology Madras, Chennai, India
sinha@alumni.iitm.ac.in, bt17d019@smail.iitm.ac.in, schakra@ee.iitm.ac.in

Abstract. We develop a sequential Q-learning model using a recurrent
neural network to count objects in images using attentional search. The
proposed model, which is based on visual attention, scans images by
making a sequence of attentional jumps or saccades. By integrating the
information gathered by the sequence of saccades, the model counts the
number of targets in the image. The model consists primarily of two
modules: the Classification Network and the Saccade Network. Whereas
the Classification network predicts the number of target objects in the
image, the Saccade network predicts the next saccadic jump. When the
probability of the best predicted class crosses a threshold, the model
halts making saccades and outputs its class prediction. Correct prediction
results in positive reward, which is used to train the model by Q-learning.
We achieve an accuracy of 92.1% in object counting. Simulations show
that there is a direct relation between the number of glimpses required
and the number of objects present to achieve a high accuracy in object
counting.

Keywords: Attention - Object Counting - Q-learning

1 Introduction

The ability to count multiple objects in an image has several applications includ-
ing counting cells in a micrograph [19], monitoring wildlife [16], traffic surveil-
lance [13], inventory management and tracking objects through surveillance cam-
eras [22]. A significant amount of work in the field of computer vision has been
done for counting and locating objects in images. Segui et al. [21] developed
a convolutional neural network and used its features to generate a confidence
map which they use for detecting object occurrences. Inbar et al. [5] developed
a novel weakly-supervised convolutional neural network training for finding and
counting iterative objects that can be applied to single-frame scenarios. In the
aforementioned approaches, counting is treated as a classification problem. The
classification approach is helpful when the number of occurrences of the object is
sufficiently large. The network takes two inputs; the input image and the object
of interest marked in the image. Using supervised learning it learns to mark
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multiple occurrences of the objects. Hui et al. [11] developed a convolutional
neural network called LaoNet for one-shot object counting. In this network, the
counting model should consider only one instance and count objects of the new
category. The network takes two inputs: the input image and image of the object
of interest. From this input, the network uses supervised learning to create a den-
sity map of the objects of interest. In the case of the LaoNet, the approach to
training is to minimize the mean squared error between the predicted density
map and the ground truth density map. Jack et al. [12] developed a sequential
learning model using reinforcement learning and recurrent neural network archi-
tecture to count and recognize objects in images. They did not use the complete
image like the previous models but they used the attentional approach in which,
analogous to the human visual system, an attentional window scans the image by
making attentional jumps to count the target objects in the image. An instance
of an attentional approach to counting is the recurrent attention model (RAM)
model [14] in which the image is analyzed using a sequence of glimpses. Research
on approaches to object counting using bio-inspired or attentional architectures
is rather scarce. Their work introduced a method for image classification that
uses a sequence of glimpses on different regions of the image to predict the class.
In this paper, we propose a brain-inspired attention model for object count-
ing. The proposed attention model does not scan the image at once but it learns
to find important locations in the image and extracts salient parts from those
locations of the image. The architecture of the attention model is inspired by the
anatomy of the vision processing network of the human visual system (HVS).

2 Method

We consider the attention problem as a sequential decision process, where the
agent interacts with a visual environment and makes sequential decisions. This
approach is realized in the form of an attention search-based deep Q neural
network [14] applied to object counting. To perform object counting, we create a
dataset containing images that consist of patches as objects with a count ranging
from 1 to 10. The images are of size 64 x 64. The patches in the image are placed
at random pixel locations (Fig.-1). To generate the image containing the patches,
we used a bivariate gaussian function (Eq.-1). The size of the cells is determined
by the value of the bi-variate gaussian function. A set of 14400 images were
generated in each of the 10 count classes. In the dataset, 50% (7200) images in
the training set, 25% (3600) images in the validation set, and 25% (3600) images
in the testing set were considered for the experiment.

Cc
Ay = min(255, " 255(cap(—(wx — i) — (g — )?)/207)) 1)
k=1

where, ¢ is the count-class, A is the matrix representation of the image, A;; rep-
resents the matrix’s elements with i*" row and j** column, and (y, zx) represent
the ¢ randomly chosen row and column, respectively i.e. the center of a patch.
The variance o determines how concentrated the values are around(y,zy),
therefore o controls the size of the patches or objects in the image (Fig. 1).
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Fig. 1. Sample of images generated in dataset for each class.
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Fig. 2. Attention glimpse generation from image.

The attention model takes two inputs: the cropped-out attention glimpse
from the image and the heatmap representation of the attentional window in
the entire background image (Fig.2). To generate an attention glimpse, three
concentric attention windows of size 16 x 16, 32 x 32, and 64 x 64 respectively,
centered on the currently attended point in the image, are cropped out of the
original image. They are resized into one common size (16 x 16), and arranged
as a stack (Fig.-2). On the other side, to generate the attentional heatmap
representation of the currently attended location, pixel values of the 16 x 16
window at the center location [ in a 64 x 64 array are assigned to 1, otherwise
0 (Fig. 3). The architecture of the complete system consists of three CNNs. The
first CNN is called the Classifier Network, the second is the Eye Position network
and the third network is the Saccade Network. The Classifier Network and the
Saccade Network take the attentional glimpse as the input and the Eye Position
Network takes the attentional heatmap representation of the currently attended
point as the input. The inputs are processed in parallel by passing through the
three constituent pathways of the proposed architecture.

To solve the counting problem, by taking a sequence of glimpses from the
image, the network must necessarily hold a memory of the past glimpses. In the
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Fig. 4. Details of the attention model architecture for counting problem.

proposed network, this memory is held by two mechanisms: 1) use of Flip-flop
neurons in the hidden layers, 2) use of Elman and Jordan feedback recurrence
layers. These two features are now described.
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Flip Flop Neuron Layer: A flip-flop is an electronic component used in digital
circuits to store state information. We used JK flip-flop [10] neurons in place of
LSTM neurons for reasons of more efficient memory utilization [10]. Holla et al.
have shown that SR and Toggle flip-flops outperform the LSTM by using half
of the training parameters comparatively. The JK flip-flop neuron layer in the
current model is implemented in two ways: convolutional layer with JK flip-flops,
which is called Convolutional flip-flop layer and a fully connected layer with JK
flip-flops which is called FC flip-flop layer. The input/output relationship of the
JK flip-flop is given by (Equns. 2-5).

J =o(W;.X,) 2

K = o(Wi.X,)
Vier=J.(1-V)+(1-K).V;
Oout = tanh(Wout~W+1)

3
4

)
)
)
5)

(
(
(
(

where X, is the input at time ¢; V; is the internal state of the FF; and O,,; is
the output of the flip flop recurrence layer [10].

Fully Connected Elman Jordan Layer: This fully connected Elman-Jordan
layer retains memory by storing the state of the hidden layer from the previous
time step in the context layer; the context layer provides additional input to
the same hidden layer at the current timestep. This is called the Elman recur-
rence [18]. A memory of the output layer from the previous time step is stored
in the corresponding context layer and the context layer is input to any of the
hidden layers; this is called the Jordan recurrence [18]. The output of the fully
connected Elman-Jordan layer [2,8,9] is given as

H} = f(Wi;Hj + Wj;H] | +b;) (6)

H) = f(Wi; H} + Wi, HY | +b;) (7)

Where ¢,j and k represents the flattened layer, the fully connected layer and
softmax layer respectively. H} represents the output from the layer j at current
time step t. W;; represents the weight matrix between j and . b; represents the
bias. f represents the activation function ReL.U.

The input given to the Classifier network is passed through three convolu-
tional flip-flop layers each with different kernel sizes. The output from the first
two convolutional flip-flop layers is passed through maxpool layers [15]. The
output of the last convolution layer is then flattened and passed through a fully
connected Elman-Jordan layer. The Eye Position Network takes the heatmap
representation as an input. The input is passed through two convolutional lay-
ers [17], and two maxpool layers. The output of the last maxpool layer is then
flattened and is passed through one fully connected flip-flop layer and one fully
connected layer. The Saccade Network is responsible for learning the previous
actions of the glimpse locations and giving an optimal direction to the glimpse
movement in the image. The Saccade Network takes the attention as an input.
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The input is passed through two convolutional layers and two maxpool layers.
The output of the last convolutional layer is flattened and passed through one
fully connected flip-flop layer and one fully connected Elman-Jordan layer.

Output from the fully connected Elman-Jordan layer of the classifier network,
the fully connected layer of the eye network, and the fully connected Elman-
Jordan layer of the saccade network is concatenated into a single layer. The
concatenation layer is split into two separate parallel paths: one is to predict the
class and the other is to predict the next location of the attentional glimpse. In
one pathway, the concatenation layer first passes through one fully connected
layer then through one softmax layer [3] to give the output of classification
probabilities. When the probability of a class is greater than the threshold value
A, the softmax classification layer makes a class prediction and receives a reward
if the prediction is true. The reward scheme is described by the equation:

1, argmax;e,(p;) == arg maxien ()
Ry = max(p) > A
0, otherwise

Where p; is the predicted probability for count class ¢ and ¢; is the actual prob-
ability for the count class ¢. A is the threshold value equal to 0.51.

In another pathway, the concatenation layer directly passes through one lin-
ear layer to give the output of action probabilities (Fig.-4). The agent makes a
decision about the attentional window location for the next timestep. For the
next location, the agent has 9 options to choose from. i.e. right, left, up, down,
top left, top right, bottom left, bottom right, and nowhere. The glimpse moves
a certain fixed amount of distance called “jump length” equal to 8 from the
previous location [ in the given direction of movement.

Training and Testing. Cross entropy loss [20] and mean square error of tem-
poral difference [1] was calculated from classification probabilities and action
probabilities respectively. Both losses were added and backpropagated using
the Adam optimizer [6]. First, we trained the network with as many as 128
glimpses for each image. During the testing phase, however, we limit the num-
ber of glimpses to N, where N is equal to 1,2,4,8,16 respectively, the model
makes the decision to count class prediction if the maximum value of the pre-
dicted class probabilities crosses a threshold of 0.6. In doing so we could analyze
the model’s intermediate performance in estimating the count of objects after
only a few glimpses.
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3 Results

Training and Validation Accuracy
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Fig. 5. Demonstration of the efficiency of the model with training and validation data.

The initial location of the attentional window was chosen to be random. During
training, the agent takes actions (saccadic jumps) for 128 timesteps, while at
each timestep deciding for the next window locations determined by the Saccade
Network. After tuning the hyperparameters, the learning rate is chosen to be
0.001 with a decay factor of 0.5. All the weights in the network were regularized
with a beta value of 0.1. The batch size for training, validation and testing was
512. The value of « for Q-learning [23] was set to 0.4. The network was trained up
to 10 epochs. After training the attention model, using three concentric windows
for 10 epochs, our attention model obtained a testing accuracy of 92.10%.
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Fig. 6. Demonstration of the efficiency of the glimpse location decision mechanism.

The attention model successfully learns to focus on the most salient areas of
the image (Fig.-5). During the testing phase, we limited the number of glimpses
to N. The network has shown images which have fewer objects that were cor-
rectly classified even when the model was restricted to fewer glimpses (Fig.-6).
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Images which had more objects required relatively more glimpses for correct
classification. There exists a close relationship between the number of glimpses
required and the number of objects in the image. The model has successfully
learned how to choose correct glimpse locations that correspond to objects in
the image.

4 Conclusion and Future Work

The proposed attention-based model, loosely fashioned after the what and where
pathways of the primate visual system, could be trained successfully to count
up to 10 visual items at a reasonable accuracy. It clearly learned how to count
objects by identifying the relevant locations to focus upon, rather than processing
the complete image. We have seen the effectiveness of the attention mechanism;
the success of this model is due to the correct glimpse behavior. Once trained,
it can process images more rapidly since it will process less data because it
only considers relevant areas to focus upon. A future objective in this area is
to build an attention recurrent model that not only aims to maximize counting
accuracy but also minimize the time taken (or the number of glimpses) to per-
form counting. In this regard, it would be interesting to seek inspiration from
counting strategies adopted by humans, and saccade patterns exhibited by the
human visual system engaged in the counting task [12]. Another application of
the proposed model is in change detection ( [4,7]), where the attention can move
in the image and make the decision that which part of the image is changed.
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Abstract. Emotion Detection in conversation is playing more and more impor-
tant role in dialogue system. Existing approaches to Emotion Detection in Con-
versation (EDC) use a fixed context window to recognize speakers’ emotion,
which may lead to either scantiness of key context or interference of redundant
context. In response, we explore the benefits of variable-length context and pro-
pose a more effective approach to EDC. In our approach, we leverage different
context windows when predicting the emotion of different utterances. New mod-
ules are included to realize variable-length context: 1) two speaker-aware units,
which explicitly model inner- and inter-speaker dependencies to form distilled
conversational context and 2) a top-k normalization layer, which determines the
most proper context windows from the conversational context to predict emo-
tion. Experiments and ablation study show that our approach outperforms several
strong baselines on three public datasets.

Keywords: Conversation + Emotion Detection - Transformer

1 Introduction

Emotion Detection in Conversation (EDC) is the task of predicting the speaker’s emo-
tion in conversation according to the previous context and current utterance. Great tech-
nical breakthroughs of EDC promote the development of applications in an army of
domains, such as healthcare, political elections, consumer products and financial ser-
vices [11,15,18]. Figure 1 shows an example of EDC. Existing approaches [4,6] con-
sider a fixed context window (i.e., the number of preceding utterances), which may
suffer from two issues: (1) semantic missing due to a small window; or (2) redun-
dancy problem in big context text, making it difficult to choose the right context in the
task CHQA. Therefore, knowing the current speaker is Harry is beneficial to choos-
ing the right context window since one of the preceding utterances explicitly mentions
Harry, which indicates that it may contain information relevant to the current utterance.
That is, speaker dependencies are the key indicators to determine the right context win-
dow.speaker dependencies are both critical to conversation understanding [5], where
speaker dependencies can be further categorized into inner- and inter-speaker depen-
dencies [8]. Firstly, we model the above dependencies by an attention-based utterance
encoder and two speaker-aware units to generate conversational context representation,

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2023
M. Tanveer et al. (Eds.): ICONIP 2022, LNCS 13624, pp. 197-206, 2023.
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Bill: What a bad weather today.
And when I got home, I couldn’t
find my wallet. I probably lost it
in the cinema. [frustrated]

past

Harry: Take it easy. Go and find
it when the heavy rain stops.
[neutral]

Tony: Oh, there’s a phone call...
Harry, Mary said you ranks No.1
in the final exam! [happy]

Bill: It seems I’'m the most
unlucky one today. [frustrated]

9z1s 1opuim Jodoig

Harry: What?! [?]

Fig. 1. A multi-party EDC example. The ideal context window to Harry’s emotion would include
exactly two preceding utterances, among which Tony provides evidence for Harry being happy.
Utterances ahead of Tony are redundant since they are irrelevant to the current turn of conversa-
tion.

where inner- and inter-speaker dependencies are explicitly modeled to help detect the
ideal context windows. Next, a top-k normalization layer generates top-k best context
windows and their probability weights based on the dimension-reducted context repre-
sentation. Lastly, we predict the emotion of current utterance by softly leveraging the
top-k best context windows. Experiments show that our approach achieves competitive
performance on three public conversational datasets: 66.35% F1 on IEMOCAP [2];
61.22% F1 on DailyDialog [10]; and 38.93% F1 on EmoryNLP [20]. Extensive abla-
tion study demonstrate the contribution of each component in our approach as well as
the necessity of using variable-length context.
We summary our contributions as threefold:

— For the first time, we alleviate the context scantiness and context redundancy prob-
lems in EDC by varying the length of context..

— We propose a new approach that considers different context windows for different
instances to conduct emotion prediction, where 1) speaker dependency is explicitly
modeled by new speaker-aware units to help the detection of ideal context windows
and 2) a new top-k normalization layer that generates top-k best context windows as
well as their weights.

— We achieve competitive results on three public EDC datasets and conduct elaborate
ablation study to verify on the effectiveness of our approach.
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2 Related Work

Recent EDC studies are based on Deep Learning, which can be further categorized
into three main kinds: RNN-based, GCN-based and Transformer-based models. RNN-
based models have been well explored in the last few years. Poria et al. (2017) [16] first
modeled the conversational context of EDC using Recurrent Neural Networks (RNNs)
[14]. Hazarika et al. (2018) [8] took speaker information into account and Hazarika et
al. (2018) [7] first modeled Inter-speaker dependencies. Majumder et al. (2019) [13]
kept track of speakers’ states and their method could be extended to multi-party con-
versations. Lu et al. (2020) [12] proposed an RNN-based iterative emotion interac-
tion network to explicitly model the emotion interaction between utterances. Ghosal
et al. (2019) [6] and Sheng et al. (2020) [19] adopted relational Graph Convolutional
Networks (GCN) to model EDC, where the whole conversation was considered as a
directed graph and they employed graph convolutional operation to capture the depen-
dencies between vertices (utterances). However, converting conversations to graphs
loses temporal attributes of original conversation. Owing to the excellent representa-
tion power of transformers [3], some researchers adapted them to EDC and got favor-
able results [9]. Recently, Ghosal et al. (2020) [4] incorporated commonsense knowl-
edge extracted from pretrained commonsense transformers COMET [1] into RNNs and
obtained favorable results on four public EDC datasets. However, none of the above
models regarded the context scantiness or the context redundancy problem as us.

3 Our Method

3.1 Problem Formulation

A conversation consists of n temporally ordered utterances {z1,...,x,} and their
speakers {s1,...,S,}. x; is the i-th word in the sequence. At time step 7, the goal of
EDC is to identify the most-likely categorical emotion label y; for speaker s; given the
current and preceding utterances as well as their speakers: §; = argmazp(y:|z1.¢, $1:¢)s
where 1 : ¢ means set of the former ¢ elements.

3.2 Model

As depicted in Fig. 2, our approach consists of the following modules: (1) an utterance
encoder that encodes sequential dependencies among utterances; (2) two speaker-aware
units that explicitly encodes inner-and inter-speaker dependencies to help detect the
ideal context windows; (3) a multi-layer perception and a top-k normalization layer that
generate distribution over different context windows, from which we determine top-k
best context windows and their corresponding weights; and (4) a prediction module
that generates emotion distribution from the top-k best context windows with different
probability weights. Utterance Encoder The input of utterance encoder is a sequence
of tokens with speaker information. At time step t, we generate the input sequence by
prepending speaker information (i.e. the name of speaker) to each utterance and then
concatenating utterances up to time step t into a single sequence of tokens. The name
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Fig. 2. Overall architecture of our approach.

of speaker and the utterance are separated by special [SEP] token. The input sequence
is fed into the base version of RoBERTa [12] to encode the sequential dependencies
among utterances and generate contextual representation for each utterance:

U; = 8§ D [SEP] b x;,

. (1
[g1,-..,9:] = ROBERTa(®;_ u;)

where g; represent the contextual representation for utterance at i, which is the
RoBERTa output corresponding to the first token of w; With a context window con-
sidering up to M previous time steps, the encoder outputs a sequences of vectors
(Gt—nts - Gi—1, gt], where g; € RY.

Speaker-Aware Units: Our approach incorporates speaker dependencies to guide the
detection of ideal context windows. Concretely, we propose two speaker-aware units to
explicitly capture inner-speaker and inter-speaker dependencies. The two units have the
same attention-based structure, but they do not share parameters. We first divide utter-
ance contextual representations [g:—as, . - ., gi—1], into two subsets Ginner and Ginter
depending on whether their corresponding speakers are the same as the current one.
Each speaker-aware unit then takes the corresponding subset G and gt as input, and
applies multi-head attention with layer normalization to incorporate speaker dependen-
cies:

o = Layer Norm(c + gy),
¢ = Concat((heady, ..., heady), P1), )
head; = Attention((g;, G, G)T (Do, P35, Py)), P € R

where @s are the parameters of different layer in our model. Finally, we concatenate
0™™" and 0" into the vector z as z = [0"¢7; o™"eT] € R2d.
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Context Window Distribution: Using the distilled vector z, we generate a probability
distribution over context windows ranging from 0 to M. This is done via: (1) a multi-
layer perceptron (MLP) which maps the distilled vector to scores of context windows,
and (2) a top-k normalization layer which generates distribution over context windows.

Specifically, we first feed the distilled vector z into a two-layer MLP to get scores
of context windows s:

h = ReLU(z,&5) € RY,

3)
s = MLP(h;®g) € RM*!
Emotion Prediction from top-K best Context Windows Instead of using the context
window with the highest probability to predict emotion, we use ¢ = softmax(s+m) as
soft labels and leverage all top-K context windows in prediction. As shown in Fig. 2, our
prediction module contains M + 1 context fields from 0 to M, where field i corresponds
to the use of context window i. The input of each field, with a [CLS] at its front, is
encoded by a field-specific contextual encoder, which has the same architecture of our
utterance encoder. We use a field-specific linear classifier to the encoder output for
[CLS], gfc LS] € R%, to compute the emotion label distribution P’ given context window

i
p = softmam(ngLS];d57) € R 4)

The final emotion label distribution p combines top-K context window distribution
and emotion label distributions given different context windows:

P = Sictop-x 1[ilp" € R°. (5)

3.3 Training

We optimize cross-entropy loss £ for each mini-batch B of conversations:

L= 25'12‘]5‘1' - lOgﬁij [yij]a (6)

4 Experiment Design

4.1 Dataset

We evaluate our approach on four publicly available datasets, [IEMOCAP [2], DailyDi-
alog [10], MELD [17] and EmoryNLP [20]. They differ in the number of interlocutors,
conversation scenes, and the emotion labels. As shown in Fig. 3, the average conversa-
tion lengths of the four datasets differ a lot, with the maximum 49.23 for [IEMOCAP and
minimum 7.85 for DailyDialog. Moreover, the datasets hold varied data capacity and
average utterance lengths. Following existing approaches, models for the datasets are
independently trained and evaluated. For preprocessing, we follow Zhong et al. (2019)
[21] to lowercase and tokenize the utterances in the datasets using Spacy.
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4.2 Baselines

To demonstrate the effectiveness of our approach, we compare it with several strong
baselines as follows:

— DialogueRNN, an RNN-based ERC model that keeps track of the states of context,
emotion, speakers and listeners by several separate GRUs.

— DialogueGCN, a GCN-based ERC model, where they adopt relational graph neural
networks to model different types of relations between utterances in the conversation
according to their temporal order and speakers.

— KET , a transformer-based model, which leverages external knowledge from emo-
tion lexicon NRC VAD and knowledge base ConceptNet to enhance the word
embeddings. They adopt a hierarchical attention-based strategy to capture the con-
textual information.

— RoBERTa-BASE, the base version of ROBERTa. The inputs are concatenated utter-
ances and the representation of the first subword from the last layer is fed to a simple
linear emotion classifier. If the input length exceeds the limitation of RoOBERTa, we
discard the remote utterances at utterance level.

— COSMIC, a strong ERC model which extracts relational commonsense features
from COMET and utilizes several GRUs to incorporate the features to help emo-
tion classification.

5 Experimental Result

5.1 Main Results

Approach IEMOCAP DailyDialog MELD EmoryNLP
DialogueRNN [15] 62.75 50.65 57.03 31.70
DialogueGCN [5] 64.18 - 58.10 -
RoBERTa-BASE™ [12] 62.46 58.41 63.22 35.44

KET [27] 59.56 53.37 58.18 34.39
COSMIC (3 65.28 58.48 65.21 38.11
COSMIC without CSK 63.05 56.16 64.28 37.10

Ours’ 66.35+0.21 61.2240.16 64.42£0.18 38.93+0.23

Fig. 3. Main results. The best F1 scores are highlighted in bold. - signifies the unreported results.
CSK is the abbreviation of commonsense knowledge. means the results obtained by our imple-
mentation

The main results are reported in Fig. 3. Our approach achieves the best performance
on IEMOCAP, DailyDialog and EmoryNLP datasets, surpassing COSMIC by 1.07%,
2.74% and 0.82% F1 scores respectively. We owe the better performance of our app-
roach over COSMIC to the consideration of variable-length context. Moreover, unlike
COSMIC, our approach does not rely on external knowledge. For MELD, the result of
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our approach is also competitive, outperforming all the baselines except COSMIC. We
show that the slightly better performance of COSMIC is due to the use of common-
sense knowledge (CSK). Our approach performs better than COSMIC without CSK.
This indicates that external knowledge could be benefitial to the prediction of short
utterances.

IEMOCAP DailyDialog
68 1 G2 -
61.22
i 36,95 w 6G0.5 §
= 6505 6602 S0¥| & 60.14
it A 60 1
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MELD 0 EmoryNLP
38.93
GG
— 64.42| _ 387 /
G 63.39 e s /
m 88 6297 % 6] o7 % /
2l 9

."\—n’-mf b—f nat (x(."\_w Ours N- fru! S-Unat '( 'Ns  Ours

Fig. 4. Ablation for the speaker-aware units on the test sets of four datasets.

Ablation Study. In order to expose the contribution of different components in our
approach, we conduct ablation experiments on the main components: the speaker-aware
units and the generation method of context window distribution. Speaker-Aware Units
We compare the speaker-aware units with following modeling methods of speaker
dependencies: N-Unit: N-Unit shares the same structure with the inner- (inter-) speak-
eraware unit. Different from the speaker-aware units, the keys and values of its inputs
are all the previous utterance representations regardless of their innerand inter-speaker
relationships. N-unit is non-speaker-aware. S-Unit: S-Unit concatenates one-hot vec-
tors, which indicates the speaker of each utterance, to the utterance representations and
conducts the same operation as N-Unit. GCNs: Method from [5], where multiple graph
convolution layers captures the speaker dependencies. Nodes are utterances and edge
weights are obtained by a similarity based attention module. We add a max pooling
layer and a linear layer after it to get the vector z. The inputs of GCNs are the outputs
of our utterance encoder. Fig 4 shows the comparison results. We attribute the superior
performance of our method over S-Unit to the explicitly modeling of inner- and inter-
speaker dependencies. S-Unit surpasses N-Unit, indicating that speaker information is
indispensable in the context modeling of EDC. Moreover, our speaker-aware units gain
over the best of the other three methods by 0.33% and 0.72% F1 scores on dyadic
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datasets (IEMOCAP and DailyDialog), less than those on multiparty datasets (MELD
and EmoryNLP), 1.03% and 0.85%. We attribute this to more complex speaker depen-
dencies in multi-party conversations than dyadic conversations. Our method is better at
capturing speaker dependencies when more speakers participated in the conversation.
Generation method of Context Window Distribution Context window distribution q (see
Eq. 11) controls the activation of context fields and acts as attention weights to merge
the output distributions of activated context fields. In our method, we adopt a MLP and
a top-k normalization layer to generate q. We try several other generation methods of q
and compare them with our method. Based on the two functions of q, top-k activation
of context fields and output distribution weighting, we consider following variants of
our method:

All-Soft: The top-k normalization layer in our method is replaced by a softmax layer
to get q, which means that all of the M + 1 context fields are always activated and the
output distributions of context fields are merged by attention weights.

Topk-Hard: After top-k normalization layer, K non-zero probabilities in q are set
to 1K, meaning that the output distributions of K activated context fields are weighted
equally.

All-Hard: Regardless of the sequential and speaker dependencies, all the probabili-
ties in q are set as M1+1 , which means that all of the M + 1 context fields are always
activated and the output distributions of context fields are weighted equally.

Topk-Soft: Method in our proposed approach. F1 scores of the test sets are shown
in Fig. 5. Compared to All-Hard, AllSoft only has better performance on EmoryNLP.
We attribute this to the fact that the attention weights of proper context windows are
not significantly larger than those of improper ones. Therefore, directly deactivating
improper context fields in our approach is more reasonable than activating them and
giving them less attention weights. In response to the above analysis, Topk-Hard out-
performs All-Hard nearly across all the datasets, indicating again that we should avoid
activating improper context fields. Our top-k normalization layer promotes the attention
weights of the K activated context fields, which signified by the superior performance
of Topk-Soft over Topk-Hard. According to the above analysis, our generation method
of context window distribution not only avoids activating improper context fields but
also gives the activated ones more reasonable attention weights. As a result, our method
outperforms other generation methods. How to further reduce the attention weights of
improper context fields deserves more exploration in future.

Method IEMOCAP DailyDialog MELD EmoryNLP

All-Soft 65.24 60.51 63.48 37.87
Topk-Hard 65.75 60.22 63.82 38.23
All-Hard  65.42 60.56 63.79 37.11
Topk-Soft 66.35 61.22 64.42 38.93

Fig. 5. Ablation for the generation method of context window distribution on the test sets of four
datasets.
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6 Conclusion

To alleviate the context scantiness and context redundancy problems in EDC, we
present a new EDC approach being capable of recognizing speakers’ emotion from
variable-length context. In our approach, we first generate a probability distribution
over context windows according to sequential and speaker dependencies, where speaker
dependencies are explicitly modeled by the newly proposed inner- and inter-speaker
units. Then, we introduce a new top-k normalization layer to leverage all top-k best
context windows to conduct emotion prediction conditioned on the context window dis-
tribution. Elaborate experiments and ablation study demonstrate that our approach can
effectively alleviate the context scantiness and context redundancy problems in EDC
while achieving competitive performance on three public datasets. In future, we tend
to improve the context window distribution by external knowledge or auxiliary tasks.
Also, we’ll explore more effective mechanisms for the detection of proper context win-
dows.
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Abstract. Joint entity and relation extraction from unstructured texts
is a crucial task in natural language processing and knowledge graph
construction. Recent approaches still suffer from error propagation and
exposure bias because most models decompose joint entity and relation
extraction into several separate modules for cooperation. In addition, the
mode of multi-module cooperation to complete the joint extraction task
ignores the information interaction between entities and relations. Most
modeling methods are based on the pattern of token pairs, which leads
to ambiguous information about entities to a certain extent. To address
these issues, in this work, we creatively propose a method to transform
the extraction task of complex triples under multiple relations into a fine-
grained classification problem based on word pairs. Specifically, to fully
utilize entity information and facilitate decoding, the proposed model
uses a tag strategy specific to the feature of the entity itself. Extensive
experiments show that the performance achieved by the proposed model
outperforms public benchmarks and delivers consistent gain on complex
scenarios of overlapping triples.

Keywords: Joint entity and relation extraction + Word pairs - Tag
strategy - Overlapping triples

1 Introduction

In the form of a triple (subject, relation, object), extracting entity mentions and
judging relation types between them from unstructured texts are basic natu-
ral language processing tasks. Some traditional methods named pipelined [2,19]
divide joint extraction into two independent sub-tasks including entity recogni-
tion [13] and relation prediction [22]. The pipelined method has the advantage
of low coupling. It is because of low coupling that this method has the disad-
vantages of error propagation, exposure bias, and poor information interaction.
Therefore, building joint extraction frameworks to figure out these problems
becomes increasingly vital.

Recent studies on joint extraction mainly focus on two aspects: multi-task
learning [10,18,21] and single module single step framework [16]. Multi-task
© The Author(s), under exclusive license to Springer Nature Switzerland AG 2023
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Yao Ming , chairman of the Chinese Basketball Association , was born in Shanghai ,
China. The Palace Museum is located in Beijing.

Entity Pair Overlap (Yao Ming, , Chinese Basketball Association)
(EPO) (Yao Ming, Work, Chinese Basketball Association)
Single Entity Overlap ((‘hina, s Shanghai)
(SEO) (Yao Ming, Birthplace, Shunghai)
Subject Object Overlap . .
(S00) (\ ao Ming, , Y ao)
Normal (The Palace Museum, Located in, Beijing

Fig. 1. An example of the Entity Pair Overlap (EPO), Single Entity Overlap (SEO),
Subject Object Overlap (SOO), and Normal patterns.

learning is divided into several sub-modules and completed step by step, which
is inevitably affected by the propagation of cascading errors between modules
and the exposure bias between training and prediction stages. The single module
single step framework eliminates these effects. But it falls into the problem that
it can not identify overlapping relation triplets. As shown in Fig. 1, it shows the
different overlapping patterns of triples under complex relations.

Now more and more work is focused on solving the problem of overlapping
triples [10,17,18,21]. Most prevalent architectures adopt the modeling method
of token pairs [17,21]. Usually, the entities in a sentence are proper nouns and
will be split into several tokens before encoding. For example, “Shijiazhuang”
(a place name) contains “Shi”, “##ji” | “#H#taz’, “#+#hua”, and “##ng” after
passing through a tokenizer. However, the context information represented by
tokens is very partial. In addition, there are massive redundant calculations
existing between token pairs.

To address the aforementioned challenges, in this paper, we propose a simple
but effective joint entity and relation extraction model based on multi-relation
word pair tag space(MRWPTS). Considering that a token contains less entity
information and massive redundant information and calculations exist between
token pairs, we employ the max pooling to combine discrete tokens belonging to
the same word into word representation by looking up the position of a word in
the token sequence. Such as, for the word “Shijiazhuang” and the positions (0, 4)
of tokens, the word representation is generated by max pooling of this segment
of tokens. In order to solve the problem of overlapping triples, the model assigns
meaningful tags to each word pair under all pre-defined relations. The model
adopts a tag strategy refined by entity features, which is helpful to improve the
training and inference speed. The joint extraction model proposed in this paper
achieves outstanding performance with high efficiency in solving the problem of
overlapping triples.
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2 Related Work

Entity and relation extraction have been studied as two separated categories:
pipelined extraction and joint extraction. The pipelined extraction strategy
[9,20] is to identify named entities first and then predict the possible relations
between entities. Because entity recognition and relation prediction are regarded
as two isolated tasks in pipelined methods, they still suffer from error propaga-
tion and poor information interaction.

The joint extraction model can be subdivided into several different strategies.
The joint extraction is regarded as multi-task learning, which is composed of
multiple sub-task modules. The first kind of multi-task learning is that all entities
in a sentence are recognized first by the entity recognition module, and then the
relation classifier module classifies the relation of every entity pair. [1]. This
strategy exists a lot of redundancy of entity pairs and relations, resulting in
a waste of computing resources. This method also suffers from exposure bias
due to different sources of information for entities in the training and prediction
stages. The second kind of multi-task learning is that relations in a sentence are
predicted first, and then the head entity and tail entity for each corresponding
relation are extracted [21]. This strategy can filter out most redundant relations
and entity pairs, reducing the burden of computing resources. In the above two
multi-task learning strategies, each module is interdependent, so there will be
the problem of cascading error propagation.

Another approach is to model joint extraction as a single-stage model [17].
The joint extraction framework proposed by [17] is based on the linking of token
pairs of entity boundaries. There is no influence of error propagation and expo-
sure bias in this one-stage model, and it can handle overlapping triples well.
However, the token pairs in this method contain little entity boundary informa-
tion. Second, the decoding process for triples in this method is complicated and
inefficient. In contrast, we propose MRWPTS with more comprehensive model-
ing information and an efficient decoding process.

3 Proposed Approach

In this section, we first introduce the definition of the joint entity and relation
extraction task, then elaborate on the unique tag strategy and decoding process
of MRWPTS, and finally provide the modeling method of the model. An overview
illustration of the model is shown in Fig. 2.

3.1 Task Definition

Given a pre-defined relation set R = {ry, 79, ...,rg} with @ types and a sentence
W = {wy,ws,...,wx } with X words. Note that words and tokens are not equiv-
alent. The joint entity and relation extraction task aims to identify all possible
triples T' = {(hn, T, tn) }N_ . hn, tn, and 7, represent the head entity, the tail
entity, and their relation, respectively. The entity is composed of one or more
consecutive words in the sentence.
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Fig. 2. The overall structure of MRWPTS. For a sentence Input, perform a tokeniza-
tion operation on it first and get tokens of the corresponding word. Then, perform a
max pooling operation on the token vectors of the corresponding word through the
pre-trained BERT model to obtain the word vector. Finally, feed the word sequence to
the joint extraction module based on word pairs for word pair tag modeling.

3.2 Tag Strategy and Decoding

For the input sentence W and the pre-defined relation set R, our classifier model
will generate a Q-dimensional tag matrix TM@*X*X_ Each cell of the matrix
TM is assigned a tag with a specific meaning. Each dimension in the matrix
TM corresponds to a relation, and the tag in each cell represents the meaning
of a word pair in the sentence. The rows and columns in the matrix represent
the head entity’s words and the tail entity’s words, respectively. Decoding refers
to extracting triples from the Q-dimensional matrix according to the tags.

We set eight tags according to the length feature of entities and the alignment
of entity pairs: SS, SMH, SMT, MSH, MST, MMH, MMT, and A. In the
tags, S and M indicate that the entity is composed of a single word and multiple
words, respectively.(1)SS. Both positions of this tag are S, meaning that both
the head entity and the tail entity consist of a single word. (2)SMH. The S and
M in the tag indicate that the head entity consists of a single word, and the tail
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entity consists of multiple words. H means that the first word of the head entity
is aligned with the first word of the tail entity. (3)SMT. T means that the first
word of the head entity is aligned with the end word of the tail entity. (4)MSH.
The M and S in the tag indicate that the head entity consists of multiple words,
and the tail entity consists of a single word. H means that the first word of the
head entity is aligned with the first word of the tail entity. (5)MST. T means
that the end word of the head entity is aligned with the first word of the tail
entity. (6)MMH. This tag means that the head entity and the tail entity consist
of multiple words, and the first word of the head entity is aligned with the first
word of the tail entity. (7)MMT. T indicates that the end word of the head
entity or tail entity appears in the current alignment. (8)A. This tag means an
empty alignment.

Using this tag strategy, we can make the most of the structural feature of
the entity itself and facilitate the decoding. We need to find the correct triples
under each relation in the decoding. In other words, we need to find the legal
word pair alignment tags in the Q-dimensional matrix. As shown in Fig. 2, the
two relations correspond to two sub-matrices. In the Capital sub-matrix, we
only pay attention to those tags that are not empty. We first get the SMH
tag, from which we know that the head entity is composed of a single word, the
tail entity is composed of multiple words, and the first word of the head entity
is aligned with the first word of the tail entity at present. Move to the back
of the current line and continue to find the end word of the tail entity. When
the tag SMT appears, we can extract the triple (Shijiazhuang, Capital, Hebei
Province). For the Contains sub-matrix, MSH tag is obtained first, from which
we know that the head entity is composed of multiple words, the tail entity is
composed of a single word, and the first word of the head entity is aligned with
the first word of the tail entity at present. We need to move down along the
current column and find the tag MST to extract the triplet (Hebei Province,
Contains, Shijiazhuang). For the case where the head entity and the tail entity
are composed of multiple words, such as (New York City, City name, New York),
the model will assign the MMH tag to the (New, New) word pair, the MMT
tag to the (New, York) word pair, and the (City, York) word pair. The decoding
process only needs to find specific tags according to the rules.

3.3 Modeling Method

Encoding Layer. Given a sentence W, we use a pre-trained BERT model [3]
to encode the contextualized representation for each token. The output of the
encoder is We,e = {t1,t2, ..., tn|t; € R1*?} where n is the number of the tokens,
and d is the embedding hidden dimension.

Word Embedding Layer. In the process of tokenization, we maintain a matrix
to preserve the token indexes belonging to each word for the subsequent fusion
operation. Now we get the token embedding of the sentence. Next, we need to fuse
the token embedding belonging to each word to get the word embedding as shown
in Fig. 2. We use a max pooling [5] operation to fuse the token embedding. This
max pooling method can enable the word embedding representation to contain
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richer semantic information. The calculation formula of the word embedding is
as follows:

Index = [(1,n1)1, (n1 + 1,n2)2, ..., (ns,n) x],

1

Emb; = Mazxpool(Wenc[ng : nyl),V(ng, ny); € Index, S
where Index denotes the index set of tokens corresponding to each word in the
sentence, (n,,ny); is the start and end position index of tokens corresponding to
the ith word in the sentence. : is a slice operation, Emb; is the word embedding
of the ith word.

Joint Extraction Layer. For an input sentence, we get the word embedding
Emb; for each word in the sentence. We enumerate all possible word pairs (Emb;,
Emb;) under all pre-defined relations and design a joint extraction module to
assign them high-confidence tags. Inspired by the dependency parsing and the
knowledge graph representation, we combine the ideas of Biaffine Attention [4]
and HOLE [12] to achieve this goal:

h; = MLP"(Emb;), )
t; = MLP"!(Emb;),

where MLPs € R4 d, denotes the dimension of entity representations.
Applying two smaller M LPs maps word embeddings to get entity represen-
tations. This approach has two advantages: First, the smaller M LPs can strip
away information of high-dimensional word embedding not relevant to the cur-
rent decision. Second, the low-dimensional entity representations can speed up
the subsequent calculation.

P(hi,rq,t))%, = Softmax(ReLU (drop(h; + t;))RT), (3)

q
where ReLU is the activation function. drop denotes the dropout strategy [15].
R € R9*8%Q ig a trainable relation projection matrix, where 8 is the number of
classification tags. We calculate the tag score for the word pair P(h;,rq, tj)g”):l
under all relations at once. Here, the entity pair representations obtained by
the + operation can also avoid the problem that the head entity and tail entity
are not exchangeable under asymmetric relations,i.e., h; +t; # h; + t;. The
+ operation will not cause the expansion of dimension, which will affect the
calculation speed.
We optimize the objective function during training time as follows:

Q X X

1
Lonatriz = —m Z Z Zy(hi,rqatj)ZOQP(hiaTqatj), (4)

q=1i=1 j=1

where y(h;,rq,t;) is the gold tag.
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4 Experiments
4.1 Experimental Settings

Datasets. We evaluate MRWPTS on two benchmark datasets NYT [14] and
WebNLG [7]. According to the annotation strategy, both of them have two ver-
sions. We use NYT, NYT*, WebNLG, and WebNLG* to distinguish. NYT and
WebNLG annotate the whole entity span. NYT* and WebNLG* annotate the
last word of entities. In addition, we split the test set into different subsets accord-
ing to the overlapping patterns. Detailed statistics of datasets are in Table 1.

Table 1. Statistics of datasets.

Dataset Samples Details of test set

Train | Valid | Test | Normal | SEO | EPO | SOO | #Triples | #Relations
NYT* 56195 | 4999 | 5000 | 3266 1297 | 978 | 45 8110 24
NYT 56196 | 5000 | 5000 | 3071 1273|1168 | 117 | 8616 24

WebNLG*| 5019 500 | 703| 245 457 26| 84 1591 171
WebNLG | 5019 500 | 703 239 448 6| 8 1607 216

Evaluation. For a fair comparison, we follow the prior works. We evaluate the
performances with the Precision (Prec.), Recall (Rec.), and F1-score. We use the
strict evaluation criteria to measure the quality of extracted triples. An extracted
triple (h, r, t) is considered to be correct only if the last word of both the head
entity and tail entity (NYT* and WebNLG*) or the whole span of both the head
entity and tail entity (NYT and WebNLG) and the relation exactly match with
ground truth.

Implementation Details. Our model is implemented by PyTorch. The model
training is deployed on a server with a Tesla V100-PCle GPU of 32G memory.
We use the BERT base cased English model' as the sentence encoder. We use
Adam [8] as the optimizer with the initial learning rate of 0.00001. Following the
previous work, we limit the max length of sentence tokens to 100. The output
dimension d of BERT is 768. We set the dimension d, of M LPs as 50. To avoid
overfitting, the dropout is at a rate of 0.1. We use the batch size of 6/32 for
WebNLG(WebNLG*)/NYT(NYT*), respectively. We select six strong models
as the baselines for this experiment.

4.2 Results and Analysis

We compare MRWPTS with several competing models on two benchmark
datasets and the overall results are shown in Table 2. The - in the table indicates
that the original paper has no experimental results on this dataset.

! https://huggingface.co/bert-base-cased.
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Table 2. Comparison results (%) of our proposed model with other baselines. Note
that the experimental results of all baseline models are derived from the original papers.

Models NYT WebNLG NYT* WebNLG*
Prec.|Rec. |F1 | Prec. |Rec. |F1 | Prec. | Rec. |F1 Prec. Rec. | F1
GraphRel [6] |- - - - - - 63.9 160.0 |61.9 |44.7 |41.1 |42.9
MHSA [10] - - - - - - 88.1 |78.5 [83.0 [89.5 |86.0 |87.7
CasRel [18] - - - - - - 89.7 [89.5 [89.6 [93.4 |90.1 |91.8

TPLinker [17]91.4 |92.6 1 92.0 |88.9 |84.5 |86.7 |91.3 |92.5 |91.9 91.8 |92.0 |91.9
CasDE [11] 89.9 1914 /90.6 |88.0 [88.9 |88.4 90.2 [90.9 90.5 90.3 |91.5 90.9
PRGC [21] 93.5 191.9 |192.7 |89.9 |87.2 |88.5 93.3 |[91.9 92.6 94.0 92.1 93.0
Ours 93.0 1 92.6/92.8/92.3 [89.5/90.992.3 |93.092.7 94.0 | 94.4 94.2

Experiments show that MRWPTS achieves the great performance of gaining
92.8%, 90.9%, 92.7%, and 94.2% F1 scores on the benchmark datasets. It can
be seen from the table that our model achieves absolute F1 score improvements
of 0.8%, 4.2%, 0.8%, and 2.3% compared with the TPLinker model. It achieves
absolute F1 score improvements of 0.1%, 2.4%, 0.1%, and 1.2% compared with
the PRGC model. In addition, the model significantly gets improvements in
both Prec. and Rec. From the dataset type and absolute F1 score improve-
ments, since NYT(NYT*) has much fewer relations and much larger samples
than WebNLG(WebNLG?*), the boosting performance of the model is relatively
small. In other words, the number of samples in the dataset is critical to the
performance of models. The above overall results show that our model has out-
standing performance.

4.3 Detailed Results on Overlapping Triples

To verify the performance of the MRWPTS under different overlapping triple
conditions, we split the test set into different types of subsets for detailed exper-
iments. Detailed results are shown in Table3. From the experimental results,
it can be seen that MRWPTS improves the performance in almost all types of
overlapping triples. The number of overlapping triples exceeds one-quarter of
the total number of triples in both NYT* and WebNLG*. In the case of such a
large and complex number of overlapping triples, the performance of our model
is outstanding, which is attributed to our modeling method and tag strategy.
First, we employ word pairs to enrich the contextual information of entities,
which is crucial for the correctness of model tagging. We conduct a case study
shown in Fig. 3, the words “Ampara”, “Hospital”, “Sri”, and “Lanka” in samplel
are tokenized to get a token sequence of "Am’, '##par’, '#4£a’, "Hospital’, *Sri’,
and ’Lanka’. Next, the demonstration is based on token granularity. Following
our proposed model, the model tags the token pairs ("Am’, ’Sri’), CAm’, 'Lanka’),
and ("Hospital’, "Lanka’) with MMH, MMT, and MMT, respectively. Accord-
ing to our decoding, the (Ampara Hospital, country, Sri Lanka) can be easily
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Table 3. Comparison results (F1 %). We only compare those baselines that set up the
detailed experiments.

Model NYT* WebNLG*

Normal | SEO | EPO | SOO | Normal | SEO | EPO | SOO
CasRel 87.3 91.4 192.0 |77.0 | 89.4 92.2 | 94.7 1904
TPLinker | 90.1 93.4 |94.0 190.1 |87.9 92.5 |95.3 | 86.0
PRGC 91.0 94.0 | 94.5 |81.8 | 90.4 93.6 [95.9 |94.6

Ours 90.7 94.4  94.8 |85.1 | 91.6 94.7 1 96.0 | 94.6
Sample2:
The 476 bed Am Hospital is located in Ampara District , Sri Lanka .
Ground Truth:
None

Prediction:

(Am Hospital, country, Sri Lanka) X

Fig. 3. The effect of tokens on the extraction result. The sample is from WebNLG.

extracted. Sample2 is intentionally altered based on samplel. The words “Am”,
Hospital”, “Sri”, and “Lanka” in sample2 are tokenized to get a token sequence of
"Am’, ’Hospital’, ’Sri’, and 'Lanka’. However, the model still tags the token pairs
(Am’, 'Sri’), CAm’, 'Lanka’), and ("Hospital’, 'Lanka’) with MMH, MMT,
and MMT, respectively. As a result, the wrong triple is extracted. The reason
is that tokens contain one-sided contextual information, which brings ambiguity.
Our tags incorporate the description of the entity length feature, which will also
benefit the model.

4.4 The Model Efficiency

Table 4 shows the comparison results of MRWPTS with baselines in the training
time and inference time.

It can be seen from the table that the training time of MRWPTS is greatly
shortened on both WebNLG* and NYT*. The inference time is also competitive
with PRGC. This tag strategy containing entity features makes the difference.

As shown in Fig. 4, we extract the complete entities by finding the start word
and the end word of entities in the tag matrix. The prerequisite is to ensure that
each entity contains at least two words if we adopt the tag strategy on the right.
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Table 4. Training Time is the time spent training one epoch. Inference Time is time
spent predicting the triples in one sentence.

Model WebNLG* NYT*
Training Time | Inference Time | F1 | Training Time | Inference Time | F'1
TPLinker | 750 s 50 ms 91.9 | 1685s 33 ms 91.9
PRGC 218s 11.6 ms 93.0 | 1081s 13.5ms 92.6
Ours 103s 17.8 ms 94.2 | 576s 17.1ms 92.7
&9@ % &p%e % & P 4
60‘9%) - % %, O”%%%,}O@ 4,,% %%cy . _ %6@)%090%% %Q%/
Shijiazhuang SMH | SMT Shijiazhuang H T
is [space] T
the is
capital [space]
of the
Hebei
Province

(Shijiazhuang, , Hebei Province)

Fig. 4. Different tag strategies. The strategy on the left contains entity features, and
the strategy on the right does not contain entity features.

Since a large number of single-word entities exist in the dataset, we need to
pad an extra space after each word in a sentence. The tag strategy on the right
will double the sentence length, which will slow down the training speed and
inference speed. However, our tag strategy on the left can distinguish the entity
length through S and M. We do not need to find the end word of a single-word
entity during decoding.

5 Conclusion

In this paper, we propose a joint entity and relation extraction model based on
multi-relation word pair tag space(MRWPTS). MRWPTS uses a tag strategy
that integrates the length feature of entities. The model labels all word pairs
under different relations at once. We evaluate MRWPTS on two benchmark
datasets. The results show that the proposed model outperforms other bench-
mark models. MRWPTS is competitive in terms of efficiency and has a faster
training speed than the state-of-the-art model.
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Abstract. The application of deep reinforcement learning in multi-
agent systems introduces extra challenges. In a scenario with numerous
agents, one of the most important concerns currently being addressed
is how to develop sufficient collaboration between diverse agents. To
address this problem, we consider the form of agent interaction based on
neighborhood and propose a multi-agent reinforcement learning (MARL)
algorithm based on the actor-critic method, which can adaptively con-
struct the hypergraph structure representing the agent interaction and
further implement effective information extraction and representation
learning through hypergraph convolution networks, leading to effec-
tive cooperation. Based on different hypergraph generation methods,
we present two variants: Actor Hypergraph Convolutional Critic Net-
work (HGAC) and Actor Attention Hypergraph Critic Network (ATT-
HGAC). Experiments with different settings demonstrate the advantages
of our approach over other existing methods.

Keywords: Multi-Agent Reinforcement Learning - Hypergraph Neural
Network - Representation Learning

1 Introduction

Intelligent decision-making problems has attracted a large number of academics
in recent years because of its complexity and extensive application. Deep rein-
forcement learning (DRL), which combines the function approximation capabil-
ities of deep learning with the trial-and-error learning capabilities of reinforce-
ment learning, is closer to real-world biological learning methods, and it has pro-
gressed quickly in many fields, yielding good study outcomes. In the single-agent
scenario, DRL’s performance in Go [16] and Atari 2600 games [13], for example,
has topped that of humans. Simultaneously, academics working on the intelligent
decision-making issues in multi-agent systems have produced some impressive
© The Author(s), under exclusive license to Springer Nature Switzerland AG 2023
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outcomes, including intelligent transportation system [14], wireless sensor net-
work management [15], as well as Multiplayer Online Battle Arena (MOBA) and
Real-Time Strategy (RTS) games [19]. However, there are still many obstacles in
the multi-task and multi-agent setting that significantly restrict the algorithm’s
deployment and applicability in the real world. When all agents are treated as
a single entity, the joint action space grows exponentially with the number of
agents [2]. If each agent is individually trained through reinforcement learning,
the Markov property of the environment will be invalid. And because the envi-
ronment is non-stationary, each agent has no way of knowing whether the reward
it receives is the result of its own actions or those of others.

Therefore, finding creative training approaches and effectively extracting the
attributes of agents is vital to lead the mutual cooperation of agents. MADDPG
[11], for example, employs a centralized training with decentralized execution
structure to combine the benefits of the two methods. Since the critic is only
needed during the training phase, it is convenient to use all agents’ input to
develop a centralized critic for each independent actor, with each actor relying
solely on its own local observations during the execution phase. However, sim-
ply concatenate all agents’ features may result in information redundancy. Fea-
ture extraction and representation from high-dimensional and large-scale data
can enhance agents’ understanding of complex environments and improve their
decision-making level, which is also crucial for MARL. MAAC [7] leverages the
attention mechanism [18] to get better results. It allows agents to dynamically
and selectively pay attention to the features of other agents. The attention mech-
anism is also used by ATT-MADDPG [12] to complete the dynamic modeling
of teammates. Furthermore, because agents in the system can naturally form
graph topological structures depending on their locations, there has been a lot
of work combining graph neural network (GNN) [20] with MARL, such as DGN
[8] and MGAN [21]. However, the approaches described above need that each
agent interact with all other agents in the system. In a complex environment,
significant interaction between agents in a neighborhood is usually sufficient,
whereas interaction between agents in different neighborhoods can be lessened.

To this end, we discuss the adaptive generation of neighborhoods in the
multi-agent system and the cooperation of agents within and between neighbor-
hoods. We explore the application of the hypergraph neural network (HGNN) [3]
in multi-agent reinforcement learning and propose Actor Hypergraph Convolu-
tional Critic Network (HGAC) and Actor Hypergraph Attention Critic Network
(ATT-HGAC). To achieve efficient state representation learning, the dynamic
hypergraph is constructed adaptively and the hypergraph convolution is applied.
Despite the complexity of the relationship between agents in the environment,
our method is able to extract effective features from large amounts of infor-
mation to achieve efficient strategy learning. Experiments with different reward
settings and different types of collaboration show that our approach outperforms
other baselines. And the algorithm’s working mechanism is revealed by ablation
testing and visualization studies.
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2 Preliminaries

2.1 Markov Game

We employ the framework of Markov Games (also known as Stochastic Games,
SG) [10], which is widely used as a standardized game model for sequential
decision-making problems in multi-agent systems and can be seen as a multi-
agent extension of the single-agent Markov Decision Process (MDP). It is rep-
resented by a tuple (S, As,..,An,71,...,7N, P,7), where N is the number of
agents and S is the environment state shared by all agents; A; is the action set
of agent i and the joint action of all agents is described as A = A; X ... X An.
If agent ¢ performs action a in state s and then transitions to new state s,
the environment will reward it with »;, : & x A; x § — R; the new state
s’ is determined by the state transition probability P : S x A xS — [0,1].
Agent i uses strategy m; : S x A; — [0,1] to take corresponding actions
according to its current state, and the joint strategy of all agents is denoted
as m = [m1,...,mn]. Following the conventional expression of game theory, we
use (m;, 7_;) to distinguish the strategy of agent i from all other agents. v rep-
resents the discount factor. Under the framework of SG, all agents can move
simultaneously in a multi-agent system. If the initial state is s, the value func-
tion of agent i is expressed as the expectation of discounted return under
the joint strategy m: vr, x ,(8) = Y ;507 Erin,[17|s50 = s,m,7—;]. Accord-
ing to the Bellman equation, the action-state value function can be written as:
Qﬂ'iyﬂ'—i(57 a) = 7’1'(3, a) + V]ES'NP [Uﬂ'i,ﬂ—i (5/)]'

2.2 Hypergraph Learning

A hypergraph [23] can be defined as G = (V, ), where V = {vy, ..., vn } denotes
the set of vertices, & = {e1,...,en} denotes the set of hyperedges, N and M
are the number of vertices and hyperedges, respectively. Unlike the edges in the
graph, the hyperedge can connect any number of vertices in the hypergraph
[23]. Hypergraph can be represented by an incidence matrix H € RY*M  with
elements specified as:

1, if v; € ¢

ne) ={ g o 20 (1)

where v; € V,¢; € €. Each hyperedge is given a weight w,. All of the weights com-
bine to produce a diagonal hyperedge weight matrix W € RM*M _ In addition,
the degrees of hyperedges and vertices are defined as d(e) = ), .y h(v,€) and
d(v) = > .c g weh(v, €) respectively, which in turn constitute hyperedge diagonal
degree matrix D and vertex diagonal degree matrix Dy, respectively.

In a variety of domains, hypergraph learning is commonly employed. It was
first used in semi-supervised learning methods as a propagation process [22]. The
learning of distinct modalities is handled in multi-modal learning by building dif-
ferent subhypergraphs and assigning weights [24]. In deep reinforcement learning,
it is introduced to model the combined structure of multi-dimensional discrete
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HGAC/ATT-HGAC

MLP \ Critic

Fig. 1. The overall architecture of HGAC/ATT-HGAC.

action space and execute value estimation in a single-agent environment [17]. In
the value function decomposition method of multi-agent reinforcement learning,
the utility function of each agent is fitted to the global action state value func-
tion using a hypergraph neural network [1]. Unfortunately, this method ignores
the interaction between agents.

3 Method

In this section, we introduce in detail our new methods called Actor Hypergraph
Convolutional Critic Network (HGAC) and Actor Hypergraph Attention Critic
Network (ATT-HGAC). We begin by discussing adaptive dynamic hypergraph
generation. Secondly, we look at how hypergraphs are used in centralized critics
to extract and represent information of agents. Finally, we give the overall MARL
algorithm.

3.1 Hypergraph Generation

Hypergraph, unlike the traditional graph structure, unites vertices with same
attributes into a hyperedge. In a multi-agent scenario, if the incidence matrix is
filled with scalar 1, as in other works’ graph neural network settings, each edge
is linked to all agents, then the hypergraph’s capability of gathering information
from diverse neighborhoods will be lost. Meanwhile, since the states of agents in
a multi-agent scenario vary dynamically over time, the incidence matrix should
be dynamically adjusted as well.

For the aforementioned reasons, we investigate employing deep learning to
dynamically construct hypergraphs. And instead of using a 0—1 incidence matrix,
we optimize the elements of the incidence matrix to values in the range of [0, 1],
which describe how strong the membership of the vertices in the hyperedge is.
In HGAC, we encode each agent’s observation and action features and construct
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Fig. 2. The overall architecture of HGAC/ATT-HGAC. Each agent’s feature h;, includ-
ing observation and action, is used to construct a dynamic hypergraph structure, with
each hyperedge e; representing a neighborhood. In the hypergraph convolution process,
the agents in the same neighborhood aggregate information to the hyperedge feature to
realize neighborhood cooperation and interaction. Subsequently, the embedding of each
agent h; is aggregated by the hyperedge information to realize cooperative interaction
between different neighbors.

the agent’s membership degree to each hyperedge using a Multilayer Perceptron
(MLP) model:

h(v;, E) = Softmax(M LP(concatenate(o;, a;))). (2)

In addition, rather than utilizing the attention mechanism to aggregate neigh-
bor information in MAAC, we propose using it to construct the hypergraph’s
incidence matrix. However, calculating the attention weight of a hyperedge to a
vertex is unusual since it presupposes that hyperedges are comparable to ver-
tices. To address this issue, we set the number of hyperedges equal to the number
of vertices (agents) and assign each hyperedge to a specific agent. On each hyper-
edge, the membership degree of the specific agent is set to 1. Each hyperedge
denotes a neighborhood of high-order attributes centered on the specific agent.
Using the attention mechanism to assess the similarity of other agents’ attributes
to its own, we can create the hypergraph’s incidence matrix:

h ) { 1, ifi=j )
Vj,€;) = exp(f(zi,z;)) e :
S (e 1EF T

where x represents the feature of vertices, f(x;,z;) is the score function used to
calculate the correlation coefficient between query and key. We define f(x;,x;) =
xfW,;‘F W,x;, where Wi, and W, are learnable parameters as proposed in [18].
Then we normalize the correlation coefficient by softmaz to obtain the attention
coefficient of i to j.
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Based on the current observation and action features of all agents, the hyper-
graph generation network can adaptively generate various hyperedges. Each
hyperedge indicates a neighborhood with same or similar high-order features.
It imply that agents on a hyperedge are in close proximity, or that agents have
the same action intention, and so on.

3.2 Hypergraph Convolution Critics

Following the generation of the hypergraph, hypergraph neural networks can be
used to train the centralized critics to guide the optimization of decentralized
execution strategies, allowing the agents on same hyperedges to achieve strong
coordination and agents on different hyperedges to realize weak coordination. To
train agents’ new feature embedding vectors, we employ a two-layer hypergraph
convolutional network. Referring to the HGNN’s convolution formula [3], the
hypergraph convolution operator is defined as:

X(1+1) _ U(D;1/2HWD;1HTD;1/2X(1)P(1))7 (4)

where W and P as learnable parameters represent the hyperedge weight matrix
and the linear mapping of the vertices features, respectively. In a convolution
process, vertices with the same high-order feature attributes combine their infor-
mation into the hyperedges to which they belong to generate hyperedges feature
vectors. After that, each agent’s feature representation will be weighted and
aggregated from the hyperedge’s feature to which it belongs. Furthermore, as
indicated in Fig. 2, we create several hypergraph convolutional neural networks
simultaneously to aid the algorithm in gaining a better understanding of cru-
cial information and increasing its robustness. The new characteristics received
by each vertex after the convolution operation fuse all of the vertices features
required for the agent to collaborate, but naturally, its original attributes are
smoothed out. Inspired by DGN [8], we connect the features of original vertices
and new features generated by each head of hypergraph convolutional networks
and input them into the critic network. The Q-value function of agent i is cal-
culated by:

Qi = ReLU (M LP(concatenate(x;, x; , ..., x;, ), (5)

where z; is the initial feature embedding of agent i, and (z,,..., 27, ) is the
new feature embedding generated by hypergraph convolution of K heads. In
addition, all parameters of feature embedding and critic networks are shared,

considerably reducing training complexity and increasing training efficiency.

3.3 Learning with Hypergraph Convolution Critics

To stimulate agent exploration and prevent converging to non-optimal determin-
istic policies, we advocate employing maximum entropy reinforcement learning
[6] for training. In addition, unlike the settings in MADDPG [11], parameter
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sharing allows us to update all critics together. The loss function of critic net-
works is defined as:

N

L) = > E,a,r0)~D {(Qf(o, a) — targeti)z} , (6)

i=1

T [ERERRREEEEEEEE oo

: : (@ tower ! @ humer|
Q 1 ] : O \OE : O EO target ::

(a) Cooperative Treasure (b) Rover-Tower(RT) (¢) Cooperative Naviga-
Collection(CTC) tion(CN)

Fig. 3. multi-agent particle environments used for our evaluating. In CTC and CN,
dotted lines point to the target to which the agent needs to go. In RT, dotted lines
refers to the rover and target declared by tower, and solid lines indicates the rover’s
target.

where o represents the observation of the agent, D is the reply buffer used
for experience reply, other symbol settings are the same as in Markov Games,
and target; = 7:(0,0) + 1 Eynny ) Q1 (0!, a') — wlog (i, (af | o}))]. @ (0,a) is
the Q-value function(parameterized by 6), target; is the target Q-value function
which is calculated by environmental rewards r;, target critics Q¢ (parameterized
by ) and target policies 7, (parameterized by fi). w is a temperature coefficient
to balance the maximization of entropy and rewards. In terms of actor networks,
the policy gradient of each agent is expressed as:

Vi d (1) =Eonp,anr [V, log (1, (ai | 05)) -

(—wlog (my, (a; | 0)) + A(0,0—)] @)

Inspired by COMA [5], we use the advantage function A(o,a_;) = Q%(0,a) —
Eq; i (05) [Qf (o, (a;, afi))] with a counterfactual baseline, which can achieve the
purpose of credit assignment by fixing the actions of other agents and comparing
the value function of a specific action with the expected value function so as to
determine whether the action lead to an increase or decrease in the expected
return.

The whole algorithm adopts the framework of centralized training with
decentralized execution (CTDE) [4] and its structure is shown in Fig. 1. It extract
the features of agents within and between neighborhoods to guide their value
function estimation during training process, so that agents can only follow their
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own observations during the actual execution process and do not require any
other input to complete complex collaboration strategies.

4 Experiments

Multi-agent particle environment (MPE) [11] is one of the most commonly used
tasks to evaluate MARL algorithms. It simplifies environment animation while
still allowing for some basic physical simulation, and it focuses on evaluating
strategy effectiveness. In this section, we evaluate HGAC/ATT-HGAC and other
baselines in scenarios of multi-agent particle environments with different obser-
vation and reward settings, and investigate the algorithm mechanism through
ablation and visualization researches.

4.1 Settings

We consider environments with continuous observation spaces and discrete
action spaces. Specifically, considering different agent types and reward settings,
we use three benchmark test environments, including Cooperative Treasure Col-
lection (CTC) and Rover-Tower (RT) proposed in MAAC, and Cooperative Nav-
igation (CN) introduces in MADDPG. They are shown in Fig. 3.

Cooperative Treasure Collection. 6 hunters are in charge of gathering trea-
sures, while 2 banks are in charge of keeping treasures, with each bank only
storing treasures of a specific hue. Hunters will be rewarded for acquiring trea-
sures on an individual basis. No matter who successfully deposits treasures in
the proper bank, all agents will earn global rewards, and if they collide, they will
be penalised.

Rover-Tower. 4 rovers, 4 towers and 4 landmarks. Rovers and towers are
paired randomly in each episode. The tower sends the location signal of the
landmark to its paired rover, then the rover receives the signal and heads to the
destination. The rewards of each pair are determined by the distance between
the rover and the destination.

Cooperative Navigation. 5 hunters, 5 landmarks. Hunters need to work
together to cover all landmarks and avoid collisions. The environmental rewards
are determined by the distance between hunters and landmarks and whether
there are collisions.

We choose the well-known MARL methods MADDPG and MAAC as well as
completely decentralized independent learning methods DDPG [9] and SAC [6]
as baselines to compare with our proposed HGAC/ATT-HGAC approach. Since
DDPG and MADDPG are algorithms proposed under continuous control sce-
narios, we apply the gumbel-softmax reparameterization trick [11] to deal with
discrete action scenarios. Furthermore, in order to focus on the enhancement
of the experimental effect on the hypergraph convolutional critic network and
reduce the impact of the underlying reinforcement learning method, we imple-
ment an additional SAC algorithm based on the CTDE framework and named it
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MASAC. The hyperparameters common to all algorithms remain the same. We
examine the performance of HGAC in the Cooperative Treasure Collection and
Cooperative Navigation scenarios, as well as the performance of ATT-HGAC in
Rover-Tower, due to characteristics of the experimental environments.

All environments are trained with 60000 episodes, with each episode having
25 time steps and the program having 12 parallel rollouts. During the training
process, we keep track of the average return of each episode.

4.2 Results and Analysis

Mean Episode Return
Mean Episode Return

Mean Episode Return

w000 w00 o0 40000 E 0000 o 006 200 000 0000 som 6000 o oo o a0 40000

500 0
T(episodes) T(episodes) T(episodes)

(a) CTC (b) RT (¢) CN

Fig. 4. Performance curves with HGAC/ATT-HGAC, MAAC, MADDPG, MASAC,
DDPG, SAC for 3 multi-agent particle environments. The solid line represents the
median return, and the shadow part denotes the standard deviation.

Figure 4 illustrates the average return of each episode obtained by all algorithms
with five random seeds tests in three environments. The results reveal that our
methods are quite competitive when compared to other algorithms.

Experimental Results. The results show that using SAC as the underlying
algorithm has smaller variance and better performance than DDPG. In the CN
scenario, since the task is relatively simple, all algorithms achieve good results.
But on the whole, MARL methods have better performance than the fully decen-
tralized methods. And it is not hard to see that our HGAC have advantages over
other algorithms.

In the CTC scenario, although different types of agents have different reward
and observation settings, the convergence result of HGAC is surprising. Single-
agent RL algorithms can even yield decent results in this circumstance since all
agents can acquire global state information. In contrast, MADDPG and MASAC,
which merely concatenating all of the agents’ information as the input of the
critic networks, perform badly due to the input of excessively redundant data and
the lack of feature extraction capability. Correspondingly, HGAC can adaptively
split high-order attribute neighborhoods, achieve strong cooperation inside the
neighborhood and weak collaboration between neighborhoods to obtain the best
performance.
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Fig. 5. Left:Incidence matrix constructed using prior knowledge. Right:Performance
curve of HGAC and HGAC-CON.

In the RT scenario, ATT-HGAC also performs at an excellent level. Single-
agent reinforcement learning algorithms are completely ineffective since rovers’
local observation is 0 and they can only receive discrete signals of all targets
given by all towers. ATT-HGAC that uses the attention mechanism to create
hypergraph enable rovers to focus on information from their own signal towers
and achieve better outcomes than MADDPG/MASAC.

Ablation Studies. To assess the effectiveness of the hypergraph generating
technique, we performe an ablation experiment. We create a static hypergraph
based on prior knowledge and utilize it to train the critic network. In the CTC
environment, specifically, six hunters are connected using one hyperedge, two
banks are connected using another hyperedge, and all agents are connected
together using a third hyperedge. We keep other settings the same as HGAC
and name it HGAC-CON.

Figure5 shows the final experimental result. Although HGAC-CON has a
faster convergence rate than HGAC, its ultimate performance is inferior to that
of the HGAC. This is pretty simple to comprehend. The use of prior knowledge
allows the algorithm to skip the stage of hypergraph generation, which speeds up
the effect but restricts the hypergraph’s expressiveness. As a result, self-adaptive
dynamic hypergraph generation has the potential to generate better results.
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Fig. 6. Left: Correspondence between towers and rovers. Right: Incidence matrixes
heat map generated by ATT-HGAC.
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Visualization Research. We perform a visualization experiment on the hyper-
graphs generation to investigate the effect of applying the attention mechanism
to generate hypergraphs in ATT-HGAC. As we hope, in the absence of clear
supervision signals, rovers on different hyperedges successfully find signal towers
they need to listen to. As shown in Fig. 6, agents 03 indicate rovers and agents
4-7 represent towers. In the Hypergraph 1, all of the towers (edge 4-7) success-
fully notice their rovers (node 0-3). And rovers also successfully notice their
corresponding towers in the remaining three hypergraphs. Four hypergraphs can
learn the same pairings, they proves and complements each other.

5 Conclusion and Future Work

In this paper, we propose HGAC/ATT-HGAC, a novel method for applying
hypergraph convolution to the centralized training with decentralized execution
paradigm. Our key contribution is to model agents adaptively as hypergraph
structures, implement adaptive partition of neighborhoods, as well as efficient
information feature extraction and representation to aid actors in forming more
effective cooperative policies. We evaluate our algorithms’ performance in several
multi-agent test scenarios, including various observation and rewards settings.
The ablation experiment and visualization verify our method’s efficacy and the
importance of each component. Facts have proved that HGAC/ATT-HGAC can
successfully extract high-order neighborhood information to lead agents to attain
efficient collaboration. In the future, we consider making full use of the structural
advantages of hypergraphs to carry out related research in the field of multi-agent
communication, while improving the efficiency of the algorithm, and increasing
its convergence speed and scalability.
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Abstract. Digital inpainting of murals has always been a challenging
problem. The damage forms in real murals are complex, such as cracks,
flaking, and fading. There are many difficulties in applying deep learn-
ing technology to mural inpainting. First, data sets are often difficult
to obtain. Second, the network based on supervised learning is unfit to
be applied to the real multiple mural damages, which makes the net-
work unpromotable. Third, the output of deep neural network is the
combination of the unmasked area in the label image and the corre-
sponding masked area in the generated image, so there is no change in
the unmasked area. Murals often fade or change color after a hundred
years or more, which leads to the lack of aesthetic feeling in the repaired
images. We propose a mural inpainting model based on the translation
method with three domains, including a SVD block and a dense spatial
attention with mask block. Specifically, the model trains two Variational
Auto-Encoders to respectively map the real mural images and the clean
mural images to two deep spaces, the mapping network learns the trans-
formation between the two deep spaces by paired data. This transforma-
tion can well extend to real mural images. Experiments show that the
performance of our model is better than the comparative methods, and
the visual quality is improved.

Keywords: Digital inpainting -+ Mural inpainting - SVD - Dense
spatial attention

1 Introduction

As an artistic entity, Chinese ancient mural paintings have rich historical and
scientific values. However, due to natural weathering and destruction by human
factors, ancient murals show considerable signs of deterioration. Digital inpaint-
ing of damaged murals can avoid the irreversible defects of manual inpainting
and improve efficiency. Therefore, the digital restoration of ancient murals has
great practical significance for preserving cultural relics.

In digital inpainting solutions for murals, these methods can be divided into
two categories: traditional methods and learnable methods. Traditional meth-
ods are always based on diffusion-based methods [2] or patch-based methods [1].
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Traditional methods are prone to matching errors, blurring, and structural disor-
der when applied to murals inpainting. Data-driven deep neural network models
bring more possibilities. Ren et al. [9] proposed using generalized regression
neural networks for the digital inpainting of Dunhuang murals. Cao et al. [3]
proposed an enhanced consistency generative adversarial network, which mainly
solves the inconsistency between global and local repaired images. Meanwhile,
attentional mechanisms are widely used for image inpainting. Yang et al. [10]
proposed dilated multi-scale channel attention to perceive image information
at different scales. He et al. [5] proposed a residual attention fusion block that
enhances the utilization of practical information in the broken image and reduces
the interference of redundant information. The inpainting models based on super-
vised learning only focus on the damaged parts of murals and cannot solve the
global color problem. For this reason, we propose a mural inpainting model
based on the translation method with three domains [7]. In addition, embedding
a SVD block and a dense spatial attention with mask block to the model. The
two branches improve the ability of the model to restore murals. Specifically, the
main contributions of this paper are as follows:

e For the first time, we apply weak supervised learning to the mural inpainting
task, which can restore the missing parts and perfect the overall appearance
of murals.

e We design a dense spatial attention with mask block embedded in the map-
ping net, which further enhances the network’s ability to capture the long-
distance mapping relationship of deep features; The SVD effectively filters the
high-frequency information while retaining most of the structure and detail
information, further expanding the overlap between image features.

e Experiments show that our model not only has an excellent ability to repair
the cracks, spots, and scratches but also improves the visual effect.

2 Proposed Approach

In this section, we first introduce the basic network architecture of the inpaint-
ing network. Then we describe the two effective blocks, i.e., the Singular Value
Decomposition (SVD) and the Dense Spatial Attention with Mask (DSAWM).

2.1 Principle of Inpainting Network

The model formulates mural inpainting as an image transformation process. The
training images consist of three parts: the set of real murals R, the synthetic
set of X where images suffer from artificial degradation, and the corresponding
set of clean murals ) that comprises images without degradation. r € R, z € X
and y € ) represent the image in the three sets. x and y are paired by data
synthesizing, i.e., x is degraded from y. The artificial degradation forms include
holes, blurs, scratches, and low resolution.

First, r € R, z € X and y € ) are mapped respectively to the three deep
spaces by Fr : R — Zr, Ex : X — Zx and Ey : Y — 2Zy. Since r € R and
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x € X are both corrupted, we align their spatial features into a shared space by
mandatory strategies. As shown in Fig. 1, let the overlap of the two deep spaces
(the part between black dotted lines) as large as possible, so there is Zg ~ Zx.

Then we learn the transformation from the spatial features of corrupted
murals, Zy, to the spatial features of clean murals, Zy, through the mapping
Tz : Zx — Zy, where Zy can be further reversed to y through generator
Gy : Zy — Y. By learning the spatial transformation. real ancient mural r can
be restored by sequentially performing the mappings,

TR—y = Er(r)0o Tz 0 Gy (1)

Fig. 1. Illustration of the principle of inpainting network.

We use the network shown in Fig. 2 to implement the inpainting process. The
model is trained in two stages. In the first stage, two VAEs are trained to recover
the input by unsupervised learning, where VAE; takes r and z as input, VAE,
takes y as input. In the second stage, the mapping network is trained by fixing
the weight of the VAEs trained in the first stage, the training input is x, which
first enters the encoder of the VAE;, then passes through the mapping network,
and finally is decoded by Gy of the VAEs. The loss function of VAE; is defined
as

min max Lvag, (1) + Lvag, () + Lyvag, can(r, x) (2)
Er,x,Gr,x Dr,x

where KL divergence, L; distance loss and the least-square loss (LSGAN) [6]
are included in Lyag, (7). Lyvag, (x) and Lyag, (r) are in the same form and will
not be repeated. Lyag, can(r, #) means training another discriminator Dz x
that differentiates Zx and Zx. The loss function of the mapping network can

be expressed as
Lr(z,y) =MLy, +L1.can + XeLem (3)

where L7 1,,, L7 can and Lgy represent L distance loss, the least-square loss
(LSGAN) [6] and feature matching loss, respectively.
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Fig. 2. Architecture of our restoration network

2.2 Singular Value Decomposition (SVD)

Visually, as shown in Fig. 1, the larger the overlap between spatial features Zr
and Zx(the part between black dotted lines), the better. To achieve the goal,
we propose to add the SVD to the encoder of VAE;. SVD is the generalization
of eigenvalue decomposition on any matrix. Let a matrix A € M,,«, with rank
r, then define the SVD of the matrix as

D,y O
Amxn = UnxmEm nVE n — Un m( o ) Vr;r n (4)
X X X X X O O mxn X

where, Unsm = A X AT, Voxn = AT x A, ¥ is a matrix of m x n, Dy, =
VA1
VA2

A1 > A2 = - Apin(mn) = Ar > 0 is the non-zero

eigenvalue of AT x A, so the SVD can be written as follows:
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at this point, each eigenvector v; in V is called the right singular vector of A,
each eigenvector u; in U is called the left singular vector of A. The singular
values are ordered from largest to smallest, so the top N larger singular values
and its corresponding singular vectors can approximate the matrix.

(a) (b) () (d)

Fig. 3. Effect of SVD: (a) Ground Truth (b) Top 10 singular value composite image,
(c) Top 40 singular value composite image, (d) Top 150 singular value composite image.

Using SVD, the gap between the spatial features at high frequencies reduces
to a certain extent, and the overlap between the two spatial features further
expands. Figure 3 shows the effect of the SVD.

2.3 Dense Spatial Attention with Mask

For the image inpainting task, the ordinary spatial attention mechanism is not
applicable because the information in the masked region propagates from the
adjacent regions, which results in inaccurate attention scores after normalization.
Considering this problem, we propose the Spatial Attention with Mask (SAWM),
as shown in Fig. 4. The difference between SAWM and ordinary spatial attention
is that the mask is added to the feature map before normalization, ensuring that
the damaged areas do not affect the attention score, but the output is missing
information. To this end, we propose to solve the problem by multi-level fusion
of Dense-net. The proposed mechanism is called Dense Spatial Attention with
Mask (DSAWM).

Figure 5 shows the DSAWM. Given the input and its mask, three convolution
kernels of 1x1, 3x3, and 5x5 are used to extract multi-scale features, the input
image and the multi-scale feature maps are densely connected. This process with
z as input can be expressed as
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1xHxW
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Spatial Attention
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mask

Fig. 4. Spatial Attention with Mask (SAWM).

Y1, Y2, Y3 = Convix1(z), Convsys(z), Convsxs(x) (
h1 = SA(x) x fes[cat(z,y1) x mask] (7
ha = SAWM(h) X feqlcat(x,y1,y2)] (
hs = SA(h2) X fes[cat(x,y1,Y2,Y3)] (

y = SA(hs) x (z)

55 i

: ; convolution
1x1 : convolution ' kernel

convolution | kemel

kernel i

mask

Fig. 5. Dense Spatial Attention with Mask (DSAWM).

where, cat is channel concatenating, fcs, fcq, and fcs indicate that the number
of channels will be 1, # and 1 of the number of input data channels by the

convolution kernel 1x 1 respectively. The mask is added to SAWM for calculating
the attention score; SA calculates the ordinary spatial attention score. The last
ordinary spatial attention score times the input image to get the final output.
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In this way, the information in the unmasked region of the image is used multiple
times, and the advantage of dense connectivity to preserve information is also
incorporated.

3 Experiments

We select 1535 mural images to form )/, which contains 300 modern murals.
R includes 1632 real damaged murals. The image size is adjusted to 256 x256
pixels. The learning rate is set to 0.0002, and batchsize is set to 15. We use
the Pytorch framework to train and test the model. The experimental platform
equipment configuration: Intel Core i7-6850K 3.60GHz CPU, NVIDIA GeForce
GTX 1080Ti GPU.

3.1 Artificial Destruction Murals Repair Comparison

Table 1. Comparison of PSNR and SSIM of inpainting results.

Criminisi RN DS-net Our
Image | PSNR/dB | SSIM | PSNR/dB|SSIM |PSNR/dB |SSIM | PSNR/dB | SSIM
1 36.43 0.9824 | 33.48 0.9769 | 38.33 0.9848 |37.21 0.9885
2 27.37 0.9367 | 21.84 0.8941 | 34.16 0.9157 |34.77 0.9683
3 25.48 0.8661 | 24.72 0.8543 | 28.68 0.8647 |31.46 0.9364
4 26.35 0.9950 | 37.15 0.9726 | 34.84 0.9792 | 36.41 0.9872
5 24.46 0.8476 | 19.86 0.8375 | 24.02 0.8676 |24.12 0.8699
6 23.17 0.8285 | 18.39 0.8267 | 24.51 0.88419 | 24.78 0.8493
7 22.02 0.8272|19.97 0.8267 | 23.79 0.8363 |24.10 0.8614
8 23.68 0.8332 | 19.36 0.8394 | 25.03 0.8418 |25.28 0.8558

Eight murals are selected for inpainting experiments with artificially added
masks, random masks are added to the ones numbered 1-4, and the last four
murals are masked with center holes. We compare our model to three state-of-
the-art models in experiments: Criminisi [4], RN [11] and DS-net [8]. RN and
DS-net use the same way of training VAEs in our model. We used peak signal-
to-noise ratio (PSNR) and structural similarity (SSIM) to evaluate the image
inpainting quality. Table 1 shows the results of the quantitative analysis.

3.2 Experiment in Inpainting Real Damaged Murals

To further verify the effectiveness of our model in restoring the real murals, eight
damaged murals are selected for the inpainting experiments. The experimental
results are shown in Fig. 6.
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Fig. 6. Qualitative comparisons on real damaged murals: (a) Damaged murals, (b)
input, (¢) Criminisi, (d) RN, (e) DS-net, (f) Ours.
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The 1st image has long cracks in the background. It can be observed that
the Criminisi algorithm suffers from disruption of the line and fuzzy extension
of texture information. RN repair result has blurry area. DS-net has almost
no repair ability for the masked area. Note that our repair result is better,
which is visually indistinguishable from the inpainting marks. Moreover, the
structural consistency is better than the other 3 comparative algorithms. The
2nd and 3rd mural images have some facial cracks. It can be seen that the 3
comparative algorithms have evident artifacts and texture blur in their repair
results. Our model achieves better coordination in line fitting, and the contrast
of the repaired image is enhanced. For the 4th mural image, some mildew areas
can be observed in the lower part. Both the Criminisi and DS-net have varying
degrees of structural disorder, and the RN has large fuzzy block effect in its
repair result. All these 3 comparative algorithms have obvious repair traces.
By comparison, our method can produce better continuity and more reasonable
restoration for the deteriorated areas. In the 5th and 6th mural images, there
exist lots of scratches. Criminisi, DS-net and our model have visible repair effect,
whereas RN performs poorly. Although the Criminisi and DS-net yield noticeable
restoration for the scratches, they produced some inpainting errors and residual
artifacts. For instance, in the 5th mural image, the restoration result of the
Criminisi has a matching error near the corner of the bodhisattva’s eye. The Tth
mural image has some color falling-off in the hair bun. The Criminisi fails to
repair these color falling-offs in this test. RN and DS-net cannot restore color-
consistent areas with the surrounding region. By comparison, the repaired areas
of our proposed model are visually satisfactory and semantically reasonable. The
8th mural image looks somewhat blurry and has a color inconsistent area in the
bodhisattva’s face. In this test, The Criminisi can restore this color inconsistency,
whereas RN and DS-net cannot produce satisfactory results. Our proposed model
can restore the mural image successfully. Moreover, the overall appearance of our
result is considerably clearer than the other 3 approaches.

3.3 Ablation Study

To verify the utility of the SVD and the DSAWM, the original translation method
with three domains [7] is used as the baseline model, “B” denotes it, “S” denotes
the model after adding the SVD to the baseline model, “D” denotes the model
after adding the DSAWM to the baseline model, “F” denotes our model. Figure 7
shows the variation of the quantitative index with respect to the different number
of singularities in “F”.

In Fig. 7(a) and Fig. 7(c), the optimal values of PSNR and mean square error
(MSE) are received when the number of synthesized singularities is 112; the
suboptimal value of SSIM is obtained at the same number 112 in Fig.7(b).
Therefore, the selected number of singularities in all experiments is 112.

The purpose of adding the SVD is to expand t