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Editor’s
Remarks

The COVID-19 pandemic broke out at the beginning of 
2020. As of mid-May, there have been more than 4.65M 
cases reported and 312K deaths. Governments worldwide 

implement control measures, such as lockdowns, travel restric-
tions, school closure, and social distancing, in order to prevent 
further spread of COVID-19. This disease not only threatens 
people’s lives but also impacts economic as well as academic 

activities. On the other hand, this difficult time gives us an opportunity to think 
about the important things in our life and ponder the value of our research—has it 
really contributed to human well-being?

The CIS has launched the COVID-19 initiative to expedite and expand dissemina-
tion of research results on computational intelligence helping combat COVID-19. All 
the IEEE CIS Transactions and Magazine will speed up the review process of the arti-
cles that focus on COVID-19. Under this initiative, the IEEE CIM has set up a fast-
track special issue on “Computational Intelligence for Combating COVID-19” to 
present the latest research and development in applying computational intelligence 
technologies to fight COVID-19.

In this issue, we interview Hussein Abbass from the University of New South 
Wales, Australia. The founding Editor-in-Chief of IEEE Transactions on Artificial 
Intelligence talks about this new publication, his life and favorites. The Features 
includes three articles on computational intelligence and machine learning. The first 
article reviews the characteristics and causes of dataset shifts, and presents a survey on 
machine learning techniques for handling off-line mode dataset shifts problems. The 
second article addresses a desirable feature, namely automatic tuning, for evolutionary 
machine learning. The third article leverages the relation between depression level and 
emotion intensity. Three multi-task architectures are employed for concurrently learn-
ing the two measures and gain promising performance. In the Columns, the Research 
Frontier article introduces a strength index to the softmax policy, so as to adjust and 
assess the strength of Monte-Carlo tree search. This approach is applied to Go pro-
grams and achieves state-of-the-art results.

We hope you will enjoy the articles in this issue. I would also like to encourage 
you to contact me at ckting@pme.nthu.edu.tw with your suggestions and comments. 
Hope the pandemic will be under control soon and look forward to seeing you at 
SSCI 2020.

Stay safe and healthy!

RemarksChuan-Kang Ting
National Tsing Hua University, TAIWAN

Every Cloud Has a Silver Lining

Editor’s

Digital Object Identifier 10.1109/MCI.2020.2997122

CIM Editorial Board
Editor-in-Chief
Chuan-Kang Ting
National Tsing Hua University
Department of Power Mechanical Engineering
No. 101, Section 2, Kuang-Fu Road
Hsinchu 30013, TAIWAN
(Phone) +886-3-5742611
(Email) ckting@pme.nthu.edu.tw

Founding Editor-in-Chief
Gary G. Yen, Oklahoma State University, USA

Past Editors-in-Chief
Kay Chen Tan, City University of Hong Kong, 
HONG KONG
Hisao Ishibuchi, Southern University of Science and 
Technology, CHINA

Editors-At-Large
Piero P. Bonissone, Piero P Bonissone Analytics 
LLC, USA
David B. Fogel, Natural Selection, Inc., USA 
Vincenzo Piuri, University of Milan, ITALY
Marios M. Polycarpou, University of Cyprus, 
CYPRUS
Jacek M. Zurada, University of Louisville, USA

Associate Editors
José M. Alonso, University of Santiago de  
Compostela, SPAIN 
Battista Biggio, University of Cagliari, ITALY 
Giacomo Boracchi, Politecnico di Milano, ITALY 
Erik Cambria, Nanyang Technological University, 
SINGAPORE 
Liang Feng, Chongqing University, CHINA
Eyke Hüllermeier, Paderborn University,  
GERMANY
Sheng Li, University of Georgia, USA 
Hsuan-Tien Lin, National Taiwan University,  
TAIWAN 
Hongfu Liu, Brandeis University, USA 
Zhen Ni, Florida Atlantic University, USA 
Nelishia Pillay, University of Pretoria, SOUTH 
AFRICA 
Kai Qin, Swinburne University of Technology,  
AUSTRALIA
Rong Qu, University of Nottingham, UK 
Ming Shao, University of Massachusetts  
Dartmouth, USA 
Kyriakos G. Vamvoudakis, Georgia Tech, USA 
Nishchal K. Verma, Indian Institute of Technology 
Kanpur, INDIA 
Handing Wang, Xidian University, CHINA 
Dongrui Wu, Huazhong University of Science and 
Technology, CHINA 
Bing Xue, Victoria University of Wellington,  
NEW ZEALAND 

IEEE Periodicals/ 
Magazines Department
Editorial/Production Associate, Heather Hilton
Senior Managing Editor, Geri Krolin-Taylor
Senior Art Director, Janet Dudar
Associate Art Director, Gail A. Schnitzer
Production Coordinator, Theresa L. Smith
Director, Business Development— 
Media & Advertising, Mark David
Advertising Production Manager,
Felicia Spagnoli
Production Director, Peter M. Tuohy
Editorial Services Director, Kevin Lisankie
Staff Director, Publishing Operations,
Dawn Melley

IEEE prohibits discrimination, harassment, and bullying.  
For more information, visit http://www.ieee.org/web/ 
abou-tus/whatis/policies/p9-26.html.

Digital Object Identifier 10.1109/MCI.2020.2998226
Date of current version: 15 July 2020

2    IEEE COMPUTATIONAL INTELLIGENCE MAGAZINE | AUGUST 2020



Digital Object Identifier 10.1109/MCI.2020.2998227
Date of current version: 15 July 2020

Bernadette Bouchon-Meunier
CNRS – Sorbonne Université, 
FRANCE

t the time when I write this message, the world is swamped by 
the COVID-19 pandemic and I think of all of you, faced 
with the danger, the risk, the concern for your loved ones, 

the isolation due to a lockdown. Your work in online teaching and 
tutoring is essential in these difficult times. As your field of excel-
lence is related to computational intelligence, I am sure that many 
of you are involved in Coronavirus research, either as data scientists 

or more specifically as specialists of bioinformatics and computational biology. I am 
very proud of you and the IEEE Computational Intelligence Society will do what it 
can to support you. I sincerely hope that the situation will be better for you when you 
will read these lines.

I would like to focus on the so-called COVID-19 Initiative launched by the CIS to 
encourage all researchers working on any aspect of the fight against COVID-19 to 
submit their papers to the most appropriate IEEE CIS-sponsored or co-sponsored 
Transactions. The CIS Editors-in-Chief will expedite, to the extent possible, the pro-
cessing of all articles submitted on the special COVID-19 track proposed by all these 
journals. It is very important to note that all accepted papers will be published, free-
of-charge to authors and readers, with free access for one year from the date of the pub-
lication, so that the results can be used by other researchers and the community at 
large, in an effort to support researchers who dedicate their time to this humanitarian 
task and to contribute to the global effort to stop the pandemic. Many thanks to all 
the Editors-in-Chief for their instant and unreserved contribution to this initiative.

The CIS conferences will move to a virtual form during the period when no one can 
travel normally. It is of course not as friendly as physical meetings, but I can assure you 
that every effort will be made to allow with the discussion with the speakers and the net-
working. I am very grateful to all conference organizers for making this possible, as well as 
to all the authors, and in particular all the keynote and tutorial speakers who agreed to 
make their presentations remotely, despite the technical difficulties. I even dream that 
there will be more of you attending these conferences than expected, as they avoid all 
travel expenses and offer you a unique opportunity to access their content from home.

The meetings that should be held on the occasion of CIS conferences, such as the 
meetings of Women in Computational Intelligence and students or the chapter forum, 
will be replaced by virtual meetings. We are counting on you to explore this new 
form of discussion with us. I am also thankful to the CIS technical committee chairs 
who lead the activities of their groups in online meetings.

On a more optimistic note, I want to believe that we will all be able to meet physi-
cally in at least one of the CIS conferences this year. In particular, I hope to see you in 
Canberra for the very rich program of the IEEE SSCI 2020 conference on 1-4 
December and its satellite events.

Take care and see you soon!

Beyond the COVID-19 Pandemic
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CIM Editorial Office

Interview with Founding Editor-in-Chief of IEEE Transactions  
on Artificial Intelligence

The Founding Editor-in-Chief of 
IEEE Transactions on Artificial 
Intelligence, Prof. Hussein Abbass, 
talks about this new publication, his life 
and favorites.

1. What events in your life most 
likely placed you on the path that 
led you to where you are today?
A few events in my life led me to where 
I am today. I will share below a few 
of them.

The first event took place during the 
last year of my first undergraduate Bach-
elor degree. One of my mid-year exams 
contained a linear programming ques-
tion. After the exam, my friends and I 
used to discuss our answers. All my 
friends and tutors told me that my solu-
tion was incorrect. They claimed that 
the question had been taken from a 
booklet they studied before the exam. I 
did not have a copy of that booklet, so I 
kept digging.

It was close to impossible to talk to 
the professor in those days about that 
question, especially after the exam. I was 
very frustrated, impatient and curious at 
the same time. I waited for two weeks 
(the mid-year break) and another two 
weeks until I managed to finally catch 
the professor while he was walking to 
his car one night after the lecture. I 
explained to him my logic and told him 
that all my tutors and friends claimed I 
had provided the wrong solution. I con-
tinued talking to him while we were 

walking and begged him to quickly 
look at my detailed solution. He stopped 
when he reached his car door, looked at 
my solution, and exclaimed ‘you are 
right, go home’! I was still puzzled! I 
needed more information.

In the following lecture after our 
conversation, he announced that he 
needed to re-mark the exam and that 
the answer in the printed booklet was 
wrong. He explained that one inequality 
was mistakenly printed with the oppo-
site sign, resulting in the wrong solution, 
hence making my solution the only 
correct solution to the problem!

I obtained a full mark in the course. 
What I did not realize at the time was 
that, at that very moment I had found 
my passion. I switched from someone 
who used to study with little ambition 
that has no interest to continue beyond 
graduating and getting a job and see-
ing how life will play out, to someone 
who was filled with internal energy. 
That internal spark and fire have kept 
me going up to now. My life turned 
into mathematics, algorithms, technol-
ogies and cognition. While my field 
of research took a few turns, at every 
turn, I had the same passion and ener-
gy that turned me on to be a proac-
tive and an autonomous person who 
does not stop at a ‘no’ or at ‘what peo-
ple think’.

The action of that professor taught 
me what professionalism and ethics are 
all about. To remark the exam for a few 
hundred students is not a simple task for 
anyone. However, the cost he paid to be 
fair is far less than the cost of guilt and 
being unfair that he would have lived 

with if he did not remark the exam. His 
ethics taught me a lesson for life.

The second event was after I com-
pleted my pre-master course work on 
Operations Research (OR). A young 
lecturer returned from her PhD and 
post-doc at Imperial College London, 
where she worked on Concurrency in 
Logic Programming, a topic I knew 
nothing about at the time. One thing I 
was always keen to do is to study differ-
ent ways to solve problems. I used to 
believe that mathematical optimality is 
sufficient to convince people to use a 
solution; a fallacy that I spent the fol-
lowing 27 years of my life learning to 
address by contrasting descriptive and 
normative approaches.

She introduced me to the area of 
Logic and Artificial Intelligence (AI). I 
saw in that a different way to solve 
problems and started my journey into 
Constraint Logic Programming (CLP), a 
formalism that replaces the numeric cal-
culus based solvers that I was used to in 
OR, with symbolic logic-based solvers. 
The moment I was exposed to Warren 
Abstract Machines, I spent a great deal 
of time to understand the fundamen-
tals of this new world in which I was 
not acquainted.

I designed the first CLP system that 
can handle conflicting objectives and 
developed skills in writing a compiler 
for a language that sits on top of my 
multi-objective CLP system. I devel-
oped passion for compilers and contin-
ued with CLP for many years. I went on 
to complete my PhD qualifying exam 
and started a PhD. Towards the last third 
of that PhD, I was awarded a scholarship 
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to do a second Master degree on non-
symbolic AI at the University of Edin-
burgh. That was my first encounter with 
Connectionism and Genetic Algorithms, 
but I also augmented my courses with 
others in knowledge representation, nat-
ural language processing and automated 
reasoning due to my passion for symbol-
ism. My Master thesis combined sym-
bolic and non-symbolic AI to solve a 
problem in heat exchanger networks, to 
which I was exposed after taking a 
course from the department of chemi-
cal engineering. My thesis was awarded 
the best AI thesis of the year at the 
University of Edinburgh. During that 
Master, I met a few people who truly 
influenced my life, including my wife, 
who kept growing my passion for lin-
guistics and the philosophy of language. 
By the end of that Master, my brain 
was buzzing with new knowledge and 
information that kept influencing my 
way of thinking. I became a believer in 
the importance of using the right tech-
nique for the right problem and avoid-
ing biases when applying the same 
technique to every problem. I started 
building passion for philosophy and 
language, although I did not enjoy any 
of these topics before.

The third critical event in my life 
which shaped my thinking and made 
me who I am today was an offer I 
received before I needed to return to 
resume my lecturer position and contin-
ue my first uncompleted PhD at Cairo 
University. I was awarded a PhD schol-
arship from Queensland University of 
Technology (QUT), Brisbane, Australia 
to work on data mining for the dairy 
industry. The mere idea of quitting a 
PhD right at the writing stage to start a 
new one, and moving all the way to 
Australia would sound inconceivable to 
many. The risk and sacrifice were signifi-
cant. Had I not taken that risk, my life 
today would have been very different 
and most likely, I would not have been 
where I am currently.

With continuous fire in my belly and 
a keen interest in improving myself, I 
took the plunge and started a new PhD 
from scratch on a topic that required 
from me to study an area I knew noth-

ing about; that is, animal genetics which 
was essential for the problem domain 
where I needed to apply AI. During that 
PhD, I learnt about rule extraction from 
neural networks and invented dynamic 
decision trees, where nodes have memo-
ries encoding Elman-type recurrent 
equations. However, my scholarship was 
supported from industry and I needed 
to also design data mining and multi-
stage multi-objective algorithms for the 
optimization of genetic materials of 
dairy cattle, which I did.

At the end of that PhD, I was ready 
with a portfolio of mathematical and 
algorithmic skills, and experience in 
solving a wide range of problems across 
so many diverse domains, from finance, 
variety of engineering problems to ani-
mal genetics, and more! This was the 
starting point for the twenty years that 
followed and that brought me to where 
I am now to become the Founding Edi-
tor-in-Chief of the IEEE Transactions 
on Artificial Intelligence.

2. Can you tell us a little bit 
abou1t your research work that 
brought you to this appointment?
Over the last twenty years, and after 
completing my PhD at QUT, I contin-
ued to work with multi-objective prob-
lems, both for optimization and 
machine learning. I quickly realized the 
value of, and invented Pareto-based 
neural ensemble learning. I then had 

two major application themes that fund-
ed the first 12 years post my PhD. One 
was a set of technical projects in air traf-
fic control and robotics with well-struc-
tured problems. The other set was sitting 
at the opposite end, where problems are 
wicked and ill-structured. I worked on 
developing computational environments 
and new algorithms for both. Optimiza-
tion, simulation, machine learning and 
knowledge based systems were the natu-
ral choice for the first theme. The sec-
ond theme required me to find ways to 
bring AI to wicked problems that most-
ly require understanding of complex 
systems, system thinking, and game the-
ory. This is when I proposed the Com-
putational Red Teaming (CRT) 
environment that I became known for. 
CRT brought AI to wicked problems 
to support long-term planning deci-
sions, concept evaluations, strategy 
development, which then became a 
common technology in cyber security.

In the last 8 years of my career, I 
started to bring the human to AI and 
bring AI to the human. The skills I 
developed after my first degree led me 
naturally to appreciate cognitive engi-
neering and design technical systems 
that connect the human brain and psy-
chophysiological data with AI. I developed 
new architectures, such as cognitive-
cyber symbiosis, for seamless dynamic 
coupling of humans and distributed 
autonomous systems.

Hussein Abbass with his family: Eleni, Adam and Zach.
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3. Where will your research take 
you from here?
Currently, I am focusing on distributed 
AI. With a wonderful team of students, 
post-docs and collaborators, we are 
working on a variety of topics including 
explainable distributed AI, smart swarm 
control algorithms using shepherding 
concepts, trusted AI algorithms for dis-
tributed contextual and situation aware-
ness, autonomous AI testing, brain 
biometrics, and trusted AI algorithms for 
autonomous human performance assess-
ment and dynamic allocation of auto-
mation functions between humans and 
distributed autonomous systems. I use 
neural networks, classifier systems, evo-
lutionary computation, and sometimes 
fuzzy logic in my research. However, my 
early research career is still influenc-
ing my research program, where I am 
bringing predicate calculus, CLP and 
formal methods for trust assurance and 
explainable AI.

4. AI has accomplished remarkable 
achievements and showed its 
benefits to human life; on the other 
hand, people are concerned about 
its potential risks. Can you share 
your thoughts about the 
development and future of AI?
AI in the future will not be the AI we 
have known in the past, which has been 

a mere attempt to replicate human intel-
ligence. Today, our world is being digi-
tized. From the computational power of 
today’s computers, to the connectivity 
offered by Industry 4.0, the future of AI 
will focus on distributed AI that is 
designed with its social responsibilities 
in mind, and consider the importance to 
blend within the human social system.

Every technology comes with risks. 
It is important to be wisely concerned 
in order to develop a better understand-
ing of the risks and attempt to mitigate 
them. However, we should not be 
alarmed or develop risk-aversion that 
denies us the many positive opportuni-
ties AI brings. There is abundant evi-
dence to suggest that AI as a technology 
will continue to grow. The momentum 
has reached a tipping point that it is 
inconceivable to even think we should 
or can try stopping it.

I feel saddened when I see some peo-
ple spending their energy to scare people 
away from AI. I prefer to spend my ener-
gy on educating people to be good 
designers of ethical and beneficial AI, to 
embrace AI, and to put more emphasis 
than ever on ethics and the importance 
of trust. My philosophy is to take stu-
dents on a journey to develop innovative 
AI systems to make them understand the 
challenges, give them a taste of the realm 
of the possible, and get them to truly 

appreciate the complexity and opportu-
nities of AI systems. If we all channel our 
energy into teaching ethical AI, the gain 
will far exceed, and mitigate, the poten-
tial risks of these technologies.

5. The IEEE Transactions on 
Artificial Intelligence (TAI) is 
dedicated to all aspects of AI. How 
do you define your role as the 
Founding Editor-in-Chief of this 
new publication?
I see my role as threefold. In my strategic 
role, my aim is to ensure that when the 
readers of the journal read papers pub-
lished in TAI, they read quality research 
that advances the body of knowledge in 
AI; and they see the richness of AI 
research and how it contributes to the 
society. In my executive role, my aim is to 
give a fair go to every author and 
improve the quality of accepted papers. 
In my tactical role, I want to guarantee 
smooth workflow in the review system.

6. What would be your priorities 
for the first year?
Setting the standards for TAI for future 
years.

7. What is your vision for TAI in 
five years from now?
TAI will be the go-to journal for both 
the public and the technical readers to 
discover and understand recent AI 
developments and applications.

8. What advices would you like to 
offer to the interested authors to 
submit their research work?
Follow the scientific method. Write to 
influence and generate impact. Be clear 
on the contribution and novelty. Your lit-
erature is your evidence of the scientific 
gap your paper is addressing. Mathematics 
exists for people to understand; it does 
not exist to obscure the presentation of a 
topic. Be upfront with the assumptions of 
your proposal. No algorithm will be the 
best on all classes of problems, explain 
clearly when your algorithm will work 
and when it won’t. Edit your paper before 
submission. Read the Information for 
Authors and follow the guidelines there. 
Do not submit a paper that you would 

Hussein Abbass at Eurocontrol Experimental Centre, Brétigny, France, injecting gel into an 
EEG electrode while preparing a participant before an augmented cognition experiment.
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reject yourself if you get it as a reviewer. 
Good research takes time, spend the time, 
it will save you a lot of time in your own 
life. At the core of science, ethics and phi-
losophy sit; be ethical, ask the right ques-
tions, and ask the questions right.

Five Minutes with Prof. Hussein 
Abbass

9. What was your service  
pathway in the Computational 
Intelligence Society?
I have been a member of IEEE CIS 
since its inception (was an IEEE mem-
ber before that). I was the founding 
chair of the Artificial Life and Complex 
Adaptive Systems task force in 2003, 
which still exists to today. I was the 
vice general chair for IEEE CEC 2003, 
the general chair for IEEE WCCI 2012, 
and then became the chair of the 
Emerging Technologies Technical 
Committee for 2013-2014. I was an 
Associate Editor for IEEE CIM and 
IEEE Trans on Computational Social 
Systems, and have been an Associate 
Editor for IEEE Trans on Cybernetics, 
TEVC, TCDS, and TNNLS. I volun-
teered on many IEEE CIS committees 

and was elected as the vice-president 
for technical activities for two terms 
(2016-2019).

10. What is your typical working day?
Breakfast, spend a couple of hours in my 
home office, go to work, return between 

1700-1900 depending on whether I 
need to pick up my kids for after-school 
co-curricular activities or not, dinner, 
possibly watch TV on the rare occasions 
when I have time, put the kids to sleep, 
work in my home office sometimes till 
3am, then sleep.

Nikhil Pal, Kalyanmoy Deb, Yew Soon Ong, Hussein Abbass, Garrison Greenwood, Jun Wang and Akira Oyama at the Cognitive Engineering 
Facilities of Hussein Trusted Autonomy Laboratory in ACALCI 2016.

Profile: Hussein Abbass

Professional qualifications:
❏ PhD Comp. Sc., QUT, Australia, 2000; MSc AI, University of Edinburgh, UK, 1997; 

MSc OR and CLP, Cairo University, 1995; Post-graduate Diploma, Cairo University, 
Egypt, 1992; Bachelor, Cairo University, Egypt, 1990.

Current position:
❏ Professor, School of Engineering and Information Technology, University of New 

South Wales, Canberra, Australia.

Institutions or companies where you have taught/conducted research:
❏ University of New South Wales Canberra; National University of Singapore; Imperial 

College London; University of Illinois Urbana Champaign; University of Edinburgh; 
Cairo University

Most notable award/recognition:
❏   Fellow, IEEE, Australian Computer Society, UK Operations Research Society, and 

Australian Institute of Managers and Leaders
❏ Founding Editor-in-Chief, IEEE Transactions on Artificial Intelligence
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11. What is your ideal weekend?
Drive to Sydney with my family, stay 
and walk by the beach, have a room 
with view to the ocean, walk, have a 
great chocolate and possibly a nice cake 
with a Latte with an extra shot, eat my 
favorite food, watch the fireworks at 
night, walk and sleep.

12. Give one interesting fact about 
yourself
I enjoy cooking.

13. What are you reading, watching, 
or listening to at the moment?
I listen a lot to the Voice, both the voice 
kids and adults. I like classical music but 
only when I am alone. What I enjoy 
most is watching and listening to people; 
life is the university with the longest 
degree we will enroll in.

14. Person you would most like to 
meet — past or present, real or 
fictional?
I enjoy Chomsky, not because I agree 
with everything he said, but I find his 
style and depth of thinking entertaining. 
Marvin Minsky makes me think that 
we can make anything artificial. The 
two past persons I would love to meet 
again are my dad and mom, just to say 
thank you.

15. Can you share with us one 
success story that will motivate 
young members and provide 
useful guidelines for their careers?
Read my answer to the first question. 
These are my guidelines to everyone, 
young or not. Finish what you start even 
if you discover you do not like it any 
more. You can’t guarantee perfection but 

you can guarantee that you did your due 
diligence by doing the best you could 
do. Face your fears in science, technolo-
gy or humanity; all of these fields were 
invented by humans like us and they 
were not smarter than any of us; they 
just had the passion, they tried and per-
sisted. Do not sacrifice your principles 
and your loved ones—you can recover 
wealth, publications, and anything in 
your life, but you can’t recover your 
principles and your loved ones. Strike 
the right balance in your life by being 
happy with what you have to maintain 
self-satisfaction, and be ambitious to 
maintain self-motivation. Maintain self-
respect, if you can sleep at night res -
pecting who you are, you are a happy 
human being.
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   Briefs
SocietyLongbing Cao

IEEE TF-DSAA Chair, University of 
Technology Sydney, AUSTRALIA

Marley M.B.R. Vellasco
IEEE CIS VP-Conferences, Pontifical 
Catholic University of Rio de Janeiro 
(PUC-Rio), BRAZIL

IEEE DSAA–The IEEE Flagship Conference in Data Science

The Era of Data Science and 
Analytics

The twenty-first century has ush-
ered in a new age that is coined as 
data science and big data analytics. 

Data-driven scientific discovery is regard-
ed as the fourth science paradigm. Data 
science has been a core driver of the 
new-generation science, technologies and 
economy, and is driving new researches, 
innovation, profession, applications and 
education across both disciplines and 
business domains. There are many scien-
tific and technical challenges associated 
with big data, ranging from data capture, 
creation, storage, search, sharing, model-
ing, representation, analysis, learning, 
visualization, explanation, and decision-
making. Among the many data character-
istics and complexities to be addressed, 
we mention here the hybridization of 
heterogeneous, multisource, hierarchical, 
interactive, dynamic, multidimensional, 
and quality-poor data mixed with real-
time business operations, strategic planning, 
decision- making, value creation, and 
future developments. Another important 
agenda in the data science community is 
to address the misinformation and pitfalls 
and promote a deep understanding of the 
data science nature and reality.

Accordingly, the field of data sciences 
and big data analytics have been evolving 
from statistics since half century ago to 
broad areas including but not limited 
to data and signal analytics, knowl-
edge discovery, information retrieval, 

machine learning, statistics, optimization, 
 computing, and data management. By 
synergizing the three big areas—statis-
tics, informatics and computing, data 
science has been spreading to essential 
and specific areas such as (1) data intelli-
gence and complexity analysis, (2) repre-
sentation, modeling, analytics, mining 
and learning including statistical and deep 
learning, (3) computational intelligence 
including neural networks, evolutionary 
computing, fuzzy systems, (4)  neurosci-
ence and linguistics, (5) behavioral science 
and social and economic computing, (6) 
uncertainty and optimization, (7) sys-
tem and modeling infrastructures and 
architectures, (8) networking and inter-
operation, (9) social issues including 
privacy, security, trust, value and impact, 
(10)  enterprises, services, applications, 
solutions and systems, and (11) simulation, 
visualization and explanation.

IEEE DSAA—Transdisciplinary 
Data Science Led by IEEE
The IEEE International Conference on 
Data Science and Advanced Analytics 
(IEEE DSAA) (see more about DSAA at 
dsaa2020.dsaa.co) aims to be a premier 
forum for addressing the above ever 
increasing and important demand, data 
volume and complexities, and the associ-
ated business problems, opportunities, 
decisions and values in a translational and 
transdisciplinary approach. DSAA was 
launched in 2014 in Shanghai chaired by 
Prof. Masaru Kitsuregawa and Prof. Phil-
ip S Yu as a major IEEE initiative in data 
science and big data, received support 
from the IEEE Big Data Initiative. Since 

2015, DSAA has been financially spon-
sored by the IEEE Computational Intel-
ligence Society (CIS), and also technically 
sponsored by ACM through SIGKDD, 
the American Statistical Association 
(ASA), and the China Computer Foun-
dation (CCF). DSAA has been success-
fully rotated in Asia, Europe and America 
with DSAA’2019 held in Washington 
chaired by Prof. Philip S Yu and Prof. 
Richard De Veaux, DSAA’2018 in Turin 
chaired by Dr. Francesco Bonchi and 
Prof. Foster Provost, DSAA’2017 in 
Tokyo Chaired by Prof. Fosca Giannotti, 
Prof. Tomoyuki Higuchi and Prof. Moto-
da Motoda, DSAA’2016 in Montreal 
chaired by Prof. Stan Matwin and Prof. 
Osmar R. Zaiane, DSAA’2015 in Paris 
chaired by Prof. Longbing Cao and Prof. 
Eric Gaussier. DSAA’2020 will be held in 
Sydney on 6–9 Oct. 2020 and chaired by 
Prof. Geoff Webb and Dr. Usama Fayyad.

IEEE DSAA, technically managed 
by the IEEE CIS Task Force on Data 
 Science and Advanced Analytics (TF-
DSAA), has taken a strong transdisci-
plinary approach. The annual DSAA 
provides a premier data science forum 
that brings together researchers, industry 
and government practitioners, as well as 
developers and users in statistics, comput-
ing science, informatics and intelligence 
science for the exchange of the latest the-
oretical developments in data science and 
analytics and the best practice for a wide 
range of applications. DSAA also features 
its cross-domain interactions and gap-
bridging between academia and business 
for innovative industry and government 
data science and analytics.

Digital Object Identifier 10.1109/MCI.2020.2998229
Date of current version: 15 July 2020
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Synergizing statistics (via ASA), com-
puting and informatics/intelligence sci-
ences (IEEE and ACM), DSAA sets up a 
high standard for its organizing commit-
tee, keynote speeches, submissions to 
main conference and special sessions. 
Leading researchers who have delivered 
keynote speeches at DSAA including 
physician Prof. Kyle Cranmer, machine 
learning expert Dr. Christopher Bishop, 
statisticians Prof. Michael I. Jordan, Prof. 
David Donoho, Prof. Serge Abiteboul 
and Prof. Bin Yu, robotics expert Prof. 
Hiroaki Kitano, deep learning founder 
Prof. Yoshua Bengio, and business data 
science leader Dr. Usama Fayyad. DSAA 
has a highly competitive rate for paper 
acceptance. DSAA has been widely rec-
ognized as a dedicated flagship in data 

science and analytics, such as by the 
Google Metrics1 and the conference 
ranking made by the China Computer 
Foundation2 as an influential event in 
the area.

The conference invites submission of 
papers describing innovative research on 
all aspects of data science and advanced 
analytics as well as application-oriented 
case studies that make significant, origi-
nal, and reproducible contributions to 
improving the practice of data science 
and analytics in real-world scenarios. 
Visionary opinions, reviews and surveys 
are also welcome.

DSAA has widely involved industry, 
government and non-profit organiza-
tions. DSAA received sponsorship and 
support from multinational vendors and 
organizations such as Baidu, Google, 
Huawei, Infosys, SAP and TCS.

IEEE DSAA Tracks and Activities
DSAA solicits both theoretical and prac-
tical works on data science and advanced 
analytics through two main tracks: Re -
search and Applications, in addition to a 
series of Special Sessions, Student Poster 
sessions, Industry Poster sessions, and an 
Industry Day, which form the essential 
features of DSAA. DSAA also facilitates 
its unique Trends and Controversies ses-
sion, Invited Industry Talks session, Panel 
discussion, and four keynote speeches 

1https://scholar.google.com/citations?view_op=top 
_venues&hl=en&vq=eng_datamininganalysis
2https://www.ccf.org.cn/c/2019-04-25/663625.shtml
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from statistics, mathematics, informatics, 
computing, and business on data science 
research and applications. Both tradition-
al and hands-on tutorials are offered in 
DSAA, in addition to additional data sci-
ence schools and early-career researcher 
forums. As the only initiative in IEEE, 
ACM and ASA, the DSAA Next-gener-
ation Data Scientist Award (NGDS 
Award) calls for the nominations of 
data science role models, contributing 
to training and fostering next-generation 
data scientists. DSAA’2020 will also host 
a journal track on Data Science and AI 
in FinTech.

The Research Track solicits the lat-
est, original and significant contributions 
related to foundations and theoretical 
developments of Data Science and 
Advanced Analytics. Topics of interest 
include but are not limited to:

 ❏ Data science foundations and theories
 ❏ Mathematics and statistics for data 
science and analytics

 ❏ Understanding data characteristics 
and complexities

 ❏ Data quality and misinformation
 ❏ Models, algorithms, and methods
 ❏ Optimization, inference, and regu-
larization

 ❏ Infrastructures, and systems

 ❏ Evaluation, explanation, visualization, 
and presentation

 ❏ Survey and review
The Application Track solicits orig-

inal, impactful and actionable application 
results of Data Science and Advanced 
Analytics across various disciplines and 
domains, including business, government, 
healthcare and medical science, physical 
sciences, and social sciences. Submissions 
address a real problem on real-life data 
that is reproducible ideally through a 
public git repository, providing inspiring 
results to policy-makers, end-users or 
practitioners or highlighting new practi-
cal challenges for researchers. Topics of 
interest include but are not limited to:

 ❏ Domain-driven data science and 
analytics practice

 ❏ Real-world applications and case 
studies

 ❏ Operationalizable infrastructures, 
platforms and tools

 ❏ Deployment, management, and deci-
sion-making

 ❏ System and software demonstrations
 ❏ Social and economic impact modeling
 ❏ Ethics, social issues, privacy, trust, 
and bias

 ❏ Reflections and lessons for better 
practice

DSAA Special Sessions substantial-
ly upgrade traditional workshops to 
encourage emerging topics in data sci-
ence while maintain rigorous selection 
criteria, with accepted papers included 
in the main conference proceedings. 
Typical topics organized in the DSAA 
special sessions consist of mathematics 
and statistics for data science, data qual-
ity issues, data science for finance, 
health and medical data science, data 
science for cyber-physical systems, 
environmental and geo-spatial data 
analytics, misinformation and fake 
news, and social issues including priva-
cy, security and trust.

Calls for Participating in IEEE 
DSAA Conferences
More information about DSAA confer-
ences is available at www.dsaa.co. Specific 
information about IEEE DSAA’2020 
which will be held on 6–9 Oct. 2020 in 
Sydney Australia is available at dsaa2020.
dsaa.co, and IEEE DSAA’2021 will 
be held on 6–9 Oct. 2021 in Porto, Por-
tugal. The Call for hosting IEEE 
DSAA’2022 and DSAA’2023 pro-
posals is available at www.dsaa.co.

 

We want 
to hear 
from you!

Do you like what you’re reading?    
Your feedback is important.  
Let us know—send the editor-in-chief an e-mail!  IM

AG
E LIC

EN
SED

 BY G
R

APH
IC

 STO
C

K



 
  Spotlight
Publication

12    IEEE COMPUTATIONAL INTELLIGENCE MAGAZINE | AUGUST 2020

Haibo He, Jon Garibaldi, Kay Chen Tan, 
Julian Togelius, Yaochu Jin, and  
Yew Soon Ong

CIS Publication Spotlight

IEEE Transactions on Neural 
Networks and Learning Systems

Neuromemristive Circuits for Edge Com-
puting: A Review, by O. Krestinskaya, 
A. P. James and L. O. Chua, IEEE 
Transactions on Neural Networks and 
Learning Systems, Vol. 31, No. 1, Janu-
ary 2020, pp. 4-23.

Digital Object Identifier: 10.1109/
TNNLS.2019.2899262

“The volume, veracity, variability, 
and velocity of data produced from 
the ever increasing network of sen-
sors connected to Internet pose 
challenges for power management, 
scalability, and sustainability of cloud 
computing infrastructure. Increasing 
the data processing capability of 
edge computing devices at lower 
power requirements can reduce sev-
eral overheads for cloud computing 
solutions. This paper provides the 
review of neuromorphic CMOS-
memristive architectures that can be 
integrated into edge computing 
devices. We discuss why the neuro-
morphic architectures are useful for 
edge devices and show the advan-
tages, drawbacks, and open problems 
in the field of neuromemristive cir-
cuits for edge computing.”

Selection and Optimization of Tem-
pora l  Spike Encoding Methods for 
Spiking Neural Networks, by B. Petro, 

N.   Kasabov and R. M. Kiss, IEEE 
Transactions on Neural Networks and 
Learning Systems, Vol. 31, No. 2, Feb-
ruary 2020, pp. 358-370.

Digital Object Identifier: 10.1109/
TNNLS.2019.2906158

“Spiking neural networks (SNNs) 
receive trains of spiking events as 
inputs. In order to design efficient 
SNN systems, real-valued signals 
must be optimally encoded into 
spike trains so that the task-relevant 
information is retained. This paper 
provides a systematic quantitative 
and qualitative analysis and guide-
lines for optimal temporal encod-
ing. It proposes a methodology of a 
three-step encoding workflow: 
method selection by signal charac-
teristics, parameter optimization by 
error metrics between original and 
reconstructed signals, and validation 
by comparison of the original signal 
and the encoded spike train. Four 
encoding methods are analyzed: one 
stimulus estimation [Ben’s Spiker 

algorithm (BSA)] and three temporal 
contrast [threshold-based, step-for-
ward (SW), and moving-window 
(MW)] encodings. A short theoreti-
cal analysis is provided, and the 
extended quantitative analysis is car-
ried out applying four types of test 
signals: step-wise signal, smooth 
(sinusoid) signal with added noise, 
trended smooth signal, and event-
like smooth signal. Various time-
domain and frequency spectrum 
properties are explored, and a com-
parison is provided. BSA, the only 
method providing unipolar spikes, 
was shown to be ineffective for step-
wise signals, but it can follow 
smoothly changing signals if filter 
coefficients are scaled appropriately. 
Producing bipolar (positive and neg-
ative) spike trains, SW encoding was 
most effective for all types of signals 
as it proved to be robust and easy 
to optimize. Signal-to-noise ratio 
(SNR) can be recommended as the 
error metric for parameter optimiza-
tion. Currently, only a visual check is 
available for final validation.”

IEEE Transactions on 
Fuzzy Systems

CFM-BD: A Distributed Rule Induc-
tion Algorithm for Building Compact 
Fuzzy Models in Big Data Classification 
Problems, by M. Elkano, J. Antonio 
Sanz, E. Barrenechea, H. Bustince, 
and M. Galar, IEEE Transactions on 
Fuzzy Systems, Vol. 28, No. 1, January 
2020, pp. 163-177.Digital Object Identifier 10.1109/MCI.2020.2998230

Date of current version: 15 July 2020
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Digital Object Identifier: 10.1109/
TFUZZ.2019.2900856

“Interpretability has always been a 
major concern for fuzzy rule-based 
classifiers. The usage of human-
readable models allows them to 
explain the reasoning behind their 
predictions and decisions. Howev-
er, when it comes to Big Data clas-
sification problems, fuzzy rule 
based classifiers have not been able 
to maintain the good tradeoff 
between accuracy and interpret-
ability that has characterized these 
techniques in non-Big-Data en -
vironments. The most accurate 
methods build models composed 
of a large number of rules and 
fuzzy sets that are too complex, 
while those approaches focusing 
on interpretability do not provide 
state-of-the-art discr imination 
capabilities. In this paper, we pro-
pose a new distributed learning 
algorithm named CFM-BD to 
construct accurate and compact 
fuzzy rule-based classification sys-
tems for Big Data. This method has 
been specifically designed from 
scratch for Big Data problems and 
does not adapt or extend any exist-
ing algorithm. The proposed learn-
ing process consists of three stages: 
Preprocessing based on the proba-
bility integral transform theorem; 
rule induction inspired by CHI-
BD and Apriori algorithms; and 
rule selection by means of a global 
evolutionary optimization. We 
conducted a complete empirical 
study to test the performance of 
our approach in terms of accuracy, 
complexity, and runtime. The 
results obtained were compared 
and contrasted with four state-of-
the-art fuzzy classifiers for Big 
Data (FBDT, FMDT, Chi-Spark-
RS, and CHI-BD). According to 
this study, CFM-BD is able to pro-
vide competitive discrimination 
capabilities using significantly sim-
pler models composed of a few 
rules of less than three antecedents, 
employing five linguistic labels for 
all variables.”

A Novel Classification Method From the 
Perspective of Fuzzy Social Networks 
Based on Physical and Implicit Style 
Features of Data, by S. Gu, Y. Nojima, 
H. Ishibuchi, and S. Wang, IEEE 
Transactions on Fuzzy Systems, Vol. 28, 
No. 2, February 2020, pp. 361-375.

Digital Object Identifier: 10.1109/
TFUZZ.2019.2906855

“Many practical scenarios have 
demanded that we should classify 
unlabeled data more accurately 
based on both physical features 
(e.g., color, distance, or similarity) 
and implicit style features of data. 
As most extant classification algo-
rithms classify unlabeled data based 
only on their physical features, they 
become weak in achieving expect-
ed classification results for many 
scenarios. To work around this 
drawback in this paper, a novel 
classification method (FuCM) 
from the perspective of fuzzy social 
network based on both physical 
and implicit style features of data is 
proposed. Based on the proposed 
fuzzy social network and its 
dynamics about fuzzy influences of 
nodes, FuCM comprises two stag-
es. In its training stage, after the 
fuzzy social network has been 
built, it learns the topological 
structure, reflecting physical fea-
tures and implicit style features of 
data by carrying out fuzzy influ-
ence dynamics in the built net-
work. In its prediction stage, both 
physical and implicit style features 
of data are effectively integrated to 
yield the double structure efficien-
cy characterized by fuzzy influ-
ences of nodes. FuCM classifies 
unlabeled data according to the 
strongest connection measure 
based on the proposed double 
structure efficiency. FuCM does 
not assume that both data distribu-
tion and the classification by physi-
cal features or by both physical and 
implicit style features of data must 
be known in advance. Thus, it is a 
novel unified classification frame-
work in this sense. In contrast to all 

the nine comparative methods, 
FuCM experimentally demon-
strates its comparable classification 
performance on most synthetic, 
UCI and KEEL datasets, which 
can be well classified based only on 
physical features of data. Further-
more, it displays distinctive superi-
ority on five case studies where 
satisfactory classification certainly 
depends on both physical and im -
plicit style features.”

IEEE Transactions on Evolutionary 
Computation

An Experimental Method to Estimate 
Running Time of Evolutionary Algo-
rithms for Continuous Optimization, by 
H. Huang, J. Su, Y. Zhang, and Z. 
Hao, IEEE Transactions on Evolutionary 
Computation, Vol. 24, No. 2, April 
2020, pp. 275-289.

Digital Object Identifier: 10.1109/
TEVC.2019.2921547

“Running time analysis is a funda-
mental problem of critical impor-
tance in evolutionary computation. 
However, the analysis results have 
rarely been applied to advanced 
evolutionary algorithms (EAs) in 
practice, let alone their variants for 
continuous optimization. In this 
paper, an experimental method is 
proposed for analyzing the running 
time of EAs that are widely used for 
solving continuous optimization 
problems. Based on Glivenko–Can-
telli theorem, the proposed method 
simulates the distribution of gain, 
which is introduced by average gain 
model to characterize progress dur-
ing the optimization process. Data 
fitting techniques are subsequently 
adopted to obtain a desired func-
tion for further analyses. To verify 
the validity of the proposed meth-
od, experiments were conducted to 
estimate the upper bounds on 
expected first hitting time of vari-
ous evolutionary strategies, such as 
evolution strategy, standard evolu-
tion strategy, covariance matrix 
adaptation evolution strategy, and its 
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improved variants. The results sug-
gest that all estimated upper bounds 
are correct. Backed up by the pro-
posed method, state-of-the-art EAs 
for continuous optimization will 
have identical results about the run-
ning time as simplified schemes, 
which will bridge the gap between 
theoretical foundation and applica-
tions of evolutionary computation.”

IEEE Transactions on Games

Procedural Puzzle Generation: A Survey, 
by B. De Kegel and M. Haahr, IEEE 
Transactions on Games, Vol. 12, No. 1, 
March 2020, pp. 21-40.

Digital Object Identifier: 10.1109/
TG.2019.2917792

“Procedural content generation 
(PCG) for games has existed since 
the 1980s and is becoming increas-
ingly important for creating game 
worlds, backstory, and characters 
across many genres, in particular, 
open-world games, such as Mine-
craft (2011) and No Man’s Sky 
(2016). A particular challenge faced 
by such games is that the content 
and/or gameplay may become 
repetitive. Puzzles constitute an 
effective technique for improving 
gameplay by offering players inter-
esting problems to solve, but the use 
of PCG for generating puzzles has 
been limited compared with its use 
for other game elements, and efforts 
have focused mainly on games that 
are strictly puzzle games, rather than 
creating puzzles to be incorporated 
into other genres. Nevertheless, a sig-
nificant body of work exists, which 
allows puzzles of different types to be 
generated algorithmically, and there 
is scope for much more research into 
this area. This paper presents a 
detailed survey of existing work in 
PCG for puzzles, reviewing 32 
methods within 11 categories of 
puzzles. For the purpose of analysis, 
this paper identifies a total of seven 
salient characteristics related to the 
methods, which are used to show 
commonalities and differences 

between techniques and to chart 
promising areas for future research.”

IEEE Transactions on Cognitive 
and Developmental Systems

DeepFeat: A Bottom-Up and Top-Down 
Saliency Model Based on Deep Features 
of Convolutional Neural Networks, by 
A. Mahdi, J. Qin, and G. Crosby, 
IEEE Transactions on Cognitive and 
Developmental Systems, Vol. 12, No. 1, 
March 2020, pp. 54-63.

Digital Object Identifier: 10.1109/
TCDS.2019.2894561

“A deep feature-based saliency 
model (DeepFeat) is developed to 
leverage understanding of the pre-
diction of human fixations. Con-
ventional saliency models often 
predict the human visual attention 
relying on few image cues. Al -
though such models predict fixa-
tions on a variety of image com-
plexities, their approaches are 
limited to the incorporated features. 
In this paper, the authors aim to 
utilize the deep features of convo-
lutional neural networks by combin-
ing bottom-up (BU) and top-down 
(TD) saliency maps. The proposed 
framework is applied on deep fea-
tures of three popular deep convo-
lutional neural networks (DCNNs). 
The authors exploit four evalua-
tion metrics to evaluate the cor-
respondence between the proposed 
saliency model and the ground-
truth fixations over two datas-
ets. The results demonstrate that 
the deep features of pretrained 
DCNNs over the ImageNet dataset 
are strong predictors of the human 
fixations. The incorporation of BU 
and TD saliency maps outperforms 
the individual BU or TD imple-
mentations. Moreover, in com-
parison to nine saliency models, 
including four state-of-the-art and 
five conventional saliency models, 
their proposed DeepFeat model 
outperforms the conventional 
saliency models over all four evalu-
ation metrics.”

IEEE Transactions on Emerging 
Topics in Computational 
Intelligence

Complex-Valued Neural Networks With 
Nonparametric Activation Functions, by 
S. Scardapane, S. V. Vaerenbergh, A. 
Hussain, and A. Uncini, IEEE Trans-
actions on Emerging Topics in Computa-
tional Intelligence, Vol. 4, No. 2, April 
2020, pp. 140-150.

Digital Object Identifier: 10.1109/
TETCI.2018.2872600

“Complex-valued neural networks 
(CVNNs) are a powerful modeling 
tool for domains where data can be 
naturally interpreted in terms of 
complex numbers. However, several 
analytical properties of the complex 
domain (such as holomorphicity) 
make the design of CVNNs a more 
challenging task than their real 
counterpart. In this paper, we con-
sider the problem of flexible activa-
tion functions (AFs) in the complex 
domain, i.e., AFs endowed with suf-
ficient degrees of freedom to adapt 
their shape given the training data. 
While this problem has received 
considerable attention in the real 
case, very limited literature exists for 
CVNNs, where most activation 
functions are generally developed in 
a split fashion (i.e., by considering 
the real and imaginary parts of the 
activation separately) or with simple 
phase-amplitude techniques. Lever-
aging over the recently proposed 
kernel activation functions, and 
related advances in the design of 
complex-valued kernels, we propose 
the first fully complex, nonparamet-
ric activation function for CVNNs, 
which is based on a kernel expan-
sion with a fixed dictionary that 
can be implemented efficiently on 
vectorized hardware. Several ex -
periments on common use cases, 
including prediction and channel 
equalization, validate our proposal 
when compared to real-valued neu-
ral networks and CVNNs with 
fixed activation functions.”
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Abstract—Dataset shifts are present in many real-world 
applications, since data generation is not always fully con-
trolled and is subject to noise, degradation, and other natu-
ral variations. In machine learning, the lack of regularity in 
data can degrade performance by breaching error con-
straints. Different methods have been proposed to solve 

shifting problems; however, shifts in off-line learning mode 
are not as well examined. Off-line shifts consist of prob-
lems where drifts occur only with unlabeled data. Most 
methods aimed at dataset shifts consider that new labeled 
data can be received after training, which is not always the 
case. Here, a review on dataset shift characteristics and 
causes is presented as a tool for the analysis and implemen-
tation of machine learning methods targeting off-line 
mode dataset shift problems. In this context, a relationship 
between statistical learning risk functions and error degra-
dation due to variation in data distribution was straightfor-
wardly derived. Moreover, this paper provides a consistent 
survey of recent popular machine learning methods that 
address off-line mode dataset shift problems, focusing on 
the main characteristics of unlabeled data shifts.
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I. Introduction

Most machine learning algorithms are based on the 
principle that a given learning set ,x yi i i

N
1x = =" ,  is 

representative of the underlying process to be mod-
eled. Thus, the algorithms do not change once they 

are sampled. The inductive principle, often based on empirical risk 
minimization, assumes that a model ( , )f x w  can be obtained from 

.x  Sampled data is expected to embody all the information need-
ed to obtain the vector of parameters w that characterizes 

( , ),f x w  which is expected to be valid in the domain .Xx !  In 
current problems, this fundamental principle of statistical inference 
may not be valid as a general assumption. Dataset shift may occur 
when the generator of sampled data undergoes a change, or drift, 
causing new samples to be given by a different function. Thus, the 
density distribution of the labeled training data, ( , )P yxtrain train train  
might differ from the density of the test data .( , )P yxtest test test

 ( , ) ( , )P y P yx xtrain train train test test test!  (1)

where the training set comprises pairs ( , ),yx , ,train labelled train labelled  
and the test set is formed only by ( ),x ,test unlabelled  since ytest  is not 
available at test time and will not be considered here.

While drifts are found in online data due to seasonality or 
periodicity effects, they also appear from changes in user pref-
erences, hardware or software faults, aging effects of sensors, and 
more. However, discrepancies between training and test data are 
also observed in off-line systems [1], [2], in which new labeled 
cases are unavailable. Off-line shifts occur when a model is cre-
ated to work in a specific process but is estimated using data 
from a different source. This happens when industrial plant 
models are estimated according to data from a similar system 
before the implementation of the actual factory, or in mobile 
ad-hoc networks (MANETs) with configurations based on 
simulations [3]. Another problem occurs in medical diagnoses, 
which tend to be biased since training data often has a greater 
proportion of diseased individuals than the overall population. 
In data streams where labeled data is only available initially and 
later the stream is exclusively unlabeled, the shift problem is 
known as initially labeled nonstationary streaming (ILNS) [4]. 
In the literature, several approaches attempt to account for 
uncertainties and differences between training and test data, 
such as transfer learning, domain adaptation, semi-supervised 
learning, and transductive learning. However, only a limited 
number of methods can address off-line shifts.

Dataset shift is complex and can be interpreted in vari-
ous ways; thus, this paper complements reviews in related 
subjects, such as [1], [2], [4]–[8]. The works in [9], [10] pro-
vide a foundational understanding of the subject. Cross-vali-
dation on Dataset Shift problems is evaluated by [11]. Here, 
we focus on shifts that occur off-line in unlabeled data 
when new target values are not available. Also, since com-
prehensive analysis of real-world problems does not exist in 
the literature [8], we present real-world cases with specific 
shifts in multidisciplinary fields to evidence the importance 
of the subject.

II. Degradation of the Empirical Risk  
in Risk-Based Methods
Inductive systems for off-line learning, which are based on the 
principle of empirical risk minimization, are often affected by 
Dataset Shift. Learning methods usually require a generator of 
input vectors x, which follows a given probability distribution 
function ( ),P x  and for supervised problems, an output 

( )y f xg=  sampled according to a conditional distribution func-
tion ( | )P y x  to estimate a model .( , )f x w  This learning meth-
od is achieved by an algorithm and a machine that implements 
the set of functions ( , ),f x w  with ,Ww !  for instance, an arti-
ficial neural network with backpropagation learning. The 
training dataset should be large enough to guarantee represen-
tativeness, but this is not always the case [12], [13].

To assess the statistical validity of a given model, risk and 
loss functions are used to measure differences between a sys-
tem’s response and the estimations provided by the learning 
machine. Considering a loss function ,L  the expected risk 
would be given as [14]:

 ( ) ( , ( , )) ( , )R y f dP yw x w xLexp = ##  (2)

where L is the loss function and ( , )P yx  is the joint distribu-
tion of x and y.

In that this joint distribution is usually unknown and only a 
limited set of input/output pairs ( , )yx  is available for learning, 
an empirical risk function, ( ),R wemp  is adopted in eq. 3.

 ( ) ( , ( , ))R N y f1w x wL
i

N

i i
1

emp =
=

/  (3)

where N is the number of instances of the training dataset.
Model selection is performed with empirical risk minimiza-

tion considering the training set distribution. The joint error, 
then, is equal to the expectation of the loss function between 
the true targets and the selected model output. Given that 

( , )f x w  regards the joint distribution ( , )P yx  at learning time, 
the parameters that define ( , )P yx  are expected to be the same 
for both training and test data to guarantee convergence con-
straints. Differences in distributions might increase the estima-
tion error. For instance, the empirical risk for a quadratic loss 
function is N( ) ( , )) ,(( /R y f1w x wi

N
i i1

2
emp R= -=)  and its esti-

mation error is shown in eq. 4 [15].

(( ( , )) ( | ( , ) |E y f E y E y E f E yx w x x w x2 2 2- = - + - ))6 6 6 6 6@ @ @ @ @ 
 (4)

where ( |E y E y x 2- )6 6 @ @ is the sampling error and ( ( , )E f x w -6  
|E y x 2)6 @@  is the approximation error.
If a shift occurs in ( , ),P y x  the expected value |E y x6 @ also 

shifts, which leads to degradation in sampling and approximation 
errors, given by eq. 4. This situation will happen when the train-
ing probability density function (PDF) differs from the test PDF, 

( , ) ( , ) .P y P yx xtrain test!  Thus, methods based on the assumption 
that training and test data are independent and identically distrib-
uted might be vulnerable to Dataset Shifts [9], [10].
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III. Types of Dataset Shifts

A. Covariate Shift
A covariate shift is observed when future values of covariates x 
differ from past observations [16], [17]. Covariate shifts occur 
only when the distribution of x suffers a drift and all other 
probabilities remain unchanged, thus, ( | ) ( | )P y P yx xtrain test=  but 

.( ) ( )P Px xtrain test!  Therefore, the relation between the target y 
and the covariate x remains the same, but the covariate distri-
bution ( )P x  changes, as shown in the histograms in Fig. 1(a). A 
purely discriminative solution for classification problems with 
covariate shift can be implemented by searching for all model 
parameters according to an integrated optimization approach 
[18]. Such a solution shows that exponential models, such as 
Gaussian kernels, lead to a convex setting, which allows for 
simplified optimization with Newton gradient descent meth-
ods, resulting in a kernel logistic regression and an exponential 
model classifier.

In eq. 2, the risk changes with covariate shift as the integra-
tion of the loss function L is performed with respect to a dif-
ferent input space. If the model risk is calculated over m 
different datasets, then it can be understood as a random vari-
able R. Considering the Central Limit Theorem and that R has 
a quadratic loss function, the risk mean and variance are given 
by eq. 5 and 6.

 ( ( , ))E E E y f m
m 1R x w 2

2n= - = -@ @@6 6 6  (5)

( ) ( ( , ))
( ) ( )( )

E y f
m

m
m

m m1 1 3
var varR x w 2

3

2

4 3 2
2

n n= - =
-

-
- -@@6 6  

 (6)
where

 ( ( , )) ( , )y f dP yx w xn
n

n = -#  (7)

and ( , ) ( | ) ( )P x y P y Px x=  is the joint probability density. Thus, 
the expected value for risk might change and its variance can 
increase, resulting in a larger error due to dependencies on .( )P x

A typical example associated with covariate shift is the brain-
computer interface (BCI), which is based on electroencephalo-
grams (EEG). In EEGs, electrode placement, attention level, user 
fatigue, and other factors influence brain activity scanning, which 
causes signals to be highly variable [20]–[22] Due to the com-
plexity of training protocols and pre-processing procedures, BCI 
systems are often trained off-line. Moreover, adaptive classifiers 
and transfer learning tend to perform well [23]. The example in 
Fig. 1 is from the Dataset IVc of the BCI Competition III [19], 
[24]. Training and test sets were sampled at different times, con-
sisting of discriminating between the motor imagery of left hand 
movement and right foot movement using EEG signals. Ensem-
ble-based classifiers used to solve this problem tend to outper-
form single models when they are segmented into local models 
according to the covariate input space [23], [25].

B. Prior Probability Shift
Prior probability shifts occur when the target distribution ( )P y  
differs between training and test data, affecting models that 
have assumptions of causal relationships in data. This is relevant 
in models that infer conditional probability ( | )P y x  through 

( | ) ( ),P y P yx  such as naive Bayes classifiers, which consider the 
conditional probability of the training set to classify the test 
data. If covariates x depend on targets y and the target distri-
bution ( )P y  shifts, the results given by the model might 
differ from expected values [9], [10], [26], [27]. In classification 

FIGURE 1 The spatial distribution of brain activity represented with common spatial patterns (CSP) of each class differs greatly between training 
and test data [19]. (a) Spatial distribution of the two principal components for both classes in training and test sets. (b) Training set spatial rep-
resentation of brain activity. (c) Test set spatial representation of brain activity.
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problems, prior probability shifts can appear when the class bal-
ance in the training set differs from the test set [7].

The estimation of luminance across an image can be used to 
establish background baselines to detect new objects on the 
scene. Histograms in Fig. 2(a) illustrate a case in which the 
response variable differs between training and test images. 
Image capture systems often face overexposure or light satura-
tion problems, which cause bright or dark spots in the image 
with low or even no information. In any light sensing system, 
the sensors are subject to saturation, where the scene might 
have more information, but it cannot be translated by the sen-
sors. A prior probability shift occurs here, since information 
between test and training differ according to the luminance 
output, as shown in Fig. 2. Practical examples are remote sens-
ing applications with UAVs and image classification, where 
drift might occur due to various factors [28]–[33].

C. Concept Shift
Concept is an abstract interpretation of information that is 
learned by a machine, such as the relation between a given 
covariate and its class. Thus, in terms of probability density dis-
tributions, concepts are related to conditional probabilities 
[34]–[36]. In concept shift problems, both prior probability and 

( )P x  are usually unaltered; however, shifts occur in the rela-
tionship between covariates and targets. In this context, 

( | ) ( | )P y P yx xtrain test!  implies changes in data generators, thus, 

( , ) ( , )P y P yx xtrain test! . Concept drifts are usually categorized in 
two types [1], as shown in Fig. 3, defined as:

 ❏ Real concept drift: The conditional probability ( | )P y x  of 
the output given that the input differs between training 
and test data; therefore, a shift occurs in the process that 
generates data.

250

200

150

100

50

0
1,000 500 0 0 1,000

(a)

(b) (c) (d)

FIGURE 2 The information distribution depends on the target value, characterizing the prior probability shift. Here, training data is represented 
by (b), and test data by (c). (a) Normalized luminance of a section of the image (saturated values were discarded). The blue line is the average 
of the real image (d), the training data is yellow, and the test data is green. (b) Overexposed training image. (c) Underexposed test image. 
(d) Real image with correct exposure.
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FIGURE 3 Graph showing the speed of a three-phase electric motor. 
The training data is the motor speed for a controlled training set point. 
The orange data is the motor working with a covariate shift, that is,  
a shifted set point. The red plot is the output of the system for the  
same set point of the training data, but the motor has a phase fault 
short-circuit.
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 ❏ Virtual concept drift: The joint probability ( , )P y x  differs 
between training and test data because ( ) ( ),P Px xtrain test!  
which is a covariate shift.
Smart industries have contributed to an increase in the 

number of sensors in machines, which allows self-sensing and 
integration with data analytics tools [37]. Smart monitoring 
and control of machinery tend to become increasingly impor-
tant with the development of Industry 4.0. In this context, the 
example in Fig. 3 shows how the speed of motors varies 
according to a different operation point or phase fault. In this 
case, dataset shift is considered when the motor control system 
should react to different working conditions and possible faults.

IV. Causes of Dataset Shift

A. Sample Selection Bias
A common cause of dataset shift is the selection of uniform, or 
biased, training sets. Consider that the training data is chosen 
according to a sampling decision variable s and its probability 

density is given by eq. 8. In this equation, the decision variable 
is dependent on targets y and covariates x, which causes a bias 
in the data used for training and, therefore, also on the proba-
bility density .Ptrain  Meanwhile, test data and its probability 
density Ptest  are not subject to this same bias, which reflects a 
shift between training and test data, as represented in eq. 8 to 
10 [9], [10].

 
.

( , ) ( , | )

( | , ) ( | ) ( )

P y P y s

P s y P y P

1

1

x x

x x x

train = =

= =
 

(8)

 
.

( , ) ( , )

( | ) ( )

P y P y

P y P

x x

x x

test =

=
 

(9)

 .( , ) ( , )P y P yx xtrain test!  (10)

In this case, the sample is selected when s = 1 and discarded 
when s = 0. The types of shift that might occur in this scenario 
are: (1) covariate shift when ( | );P s 1 xtrain =  (2) prior pr shift 
when ( | );P s y1train =  and (3) any type when ( | , ),P s y1 xtrain =  
which characterizes missing not at random (MNAR) sampling 
systems [9], [10].

Bias in estimators may be induced by unequal selection prob-
abilities at any stage of sampling. Consistent estimators can be 
obtained by weighting the model estimation with reciprocals of 
selection probabilities at each stage [38]. Bias problems are often 
seen in off-line scenarios, where labeled data is difficult to obtain, 
such as diagnostic and clinical studies [39]–[42]. In these cases, 
training data can be biased because exams are often performed 
only on diseased subjects and healthy subjects are undersampled. 
Furthermore, prior probability may differ between training and 
test data if the criteria used to choose patients changes.

Differences in balance between training and test sets in classi-
fication problems are a prior probability shift scenario. Thus, 
methods to solve this shift can be used in imbalanced datasets 
problems alongside with rebalancing strategies [26], [27]. For 
example, class distribution estimation can be solved by quantifi-
cation learning methods [7]. However, appropriate balancing 
strategies should be used to guarantee the model quality. For 
instance, in Fig. 4, the hepatitis dataset [43] was rebalanced with 
an inadequate MNAR approach and resulted in a poor model. 
To minimize possible dataset shifts, classes can be balanced 
through a partition of the dataset using “Distribution optimally 
balanced stratified cross-validation” [41]. Likewise, intrinsic char-
acteristics of the data can be used to rebalance data [44].

B. Domain Shift
An example of domain shift is illustrated in Fig. 5(a), where the 
covariate x is not the actual latent variable x0, but instead is an 
observation given by a function .( )x f x0=  When the function 

( )f x0  is altered, the covariate x perceived by the model is differ-
ent even if the latent variable x0 remains the same. Thus, domain 
shift characterizes changes in the measurement system, metrics, 
or even the description of the data generator, such as currency 
devaluation in pricing predictions or the visual classification of 
images with different lighting. In image classification, inputs 
are pictures from real-world scenes and capture methods are 

FIGURE 4 Projection of the features albumin and prothrombin time 
from the hepatitis dataset. Class Live (green) has significantly more 
instances than class Die (red) in (a). The undersampling process that 
was dependent on values of other features, such as malaise, age, and 
histology, resulted in the misspecified models in (b), with the class 
contours significantly different. (a) Original imbalanced datasets with 
a Gaussian SVM classifier, with 85% test accuracy (black border dots). 
(b) Undersampled, rebalanced data with a Gaussian SVM classifier, 
with 63% test accuracy.

45

40

35

30

25

A
lb

um
in

0 25 50 75 100
Prothrombin Time

(a)

45

40

35

30

25

A
lb

um
in

0 25 50 75 100
Prothrombin Time

(b)

Train Die

Train Live

Test Die

Test Live

Train Die

Train Live

Test Die

Test Live



AUGUST 2020 | IEEE COMPUTATIONAL INTELLIGENCE MAGAZINE    21

observation functions of the scenes; hence different lighting set-
tings could result in shifts, as in Fig. 5(b). Photographs taken of 
the same scene can look quite different, depending on shutter 
speed, aperture, and illumination settings [45].

C. Source Component Shift
The source of any real-world data is subject to variations. 
Moreover, data is often generated from multiple sources, and each 
of them is prone to disturbances. In this context, the overall distri-
bution of the covariates can easily differ between training and test 
data; thus, model selection becomes difficult. Three kinds of shift 
may appear in source components: (1) Mixture component shift may 
appear in data generated by several sources, while the origin source 
of any instance is unknown, so prior probability shift occurs when 
there is a behavioral change of a source; (2) Mixing component shift is 
similar to the previous case, however, observed data is aggregated 
so individual instances are not observed and only mean values are 
available; and (3) Factor component shift occurs in problems in which 
the probability of the data is influenced by factors that can be 
decomposed into (A) form, which is the shape of a distribution, 
that is, a Gaussian curve; and (B) strength, which is the intensity 
and spread of a curve, such as the maximum value of a Gaussian 
curve or its standard deviation. This kind of shift happens when the 
form of the factor remains constant but its strength changes 
between training and test data [10].

The EEG problem is a typical example of the source com-
ponent shift. Since brain activity is extremely complex and 
noisy, several electrodes need to be used, which causes data 
dimensionality to be high. Therefore, filters and feature extrac-
tion methods are commonly used [46], which results in shifts 
due to data aggregation. Shifts also occur in the EEG proce-
dure itself, since each electrode measures average stimuli in a 
brain region. Thus, small deviations in electrode placement 
might lead to dataset shifts.

V. Dataset Shift Time-Space Patterns
One of the most common assumptions in this scenario is that 
the machine can receive labeled and unlabeled data at any 

moment in time. Thus, it is straightforward to define drifting 
characteristics of temporal nature with a data PDF dependent 
of time ( , , ) (( | ), ) ( , ) .P y t P y t P tx x x=  Shifts are classified in 
time-space patterns according to a combination of their transi-
tory characteristics’ duration and transience, according to 
Fig. 6.

The duration of shifts can be defined as the time taken for 
data to leave an initial stable state A and reach the final stable 
state B [47], if data leaves state A in t s=  and reaches B in 

,t e=  then the duration of the drift is:

 .D e s= -  (11)

The traditional two types of drift, abrupt and gradual, can 
be defined according to a threshold d  that depends on the 
application of the following rule, as presented in [47]:

 
 ,
 .
D
DType

Abrupt
Gradual

if
if 2
# d

d
= '  (12)

Data timestamps are often not available on off-line learning 
systems, so it might not be possible to make assumptions over 
shift progressions, persistence, or transience. Likewise, context 
sequences may not be known [2], [4].

In distributed systems, time dependencies can be replaced 
by spatial ones, that is, instead of analyzing data according to a 
temporal variable, a positional variable is used. This scenario is 
becoming more relevant with smart sensor networks and smart 
distributed systems in general, but also appears in behavioral 
geography, computational social science, and market research.

A. Abrupt Shift
Abrupt shift occurs when data behavior suddenly changes, such 
as a fault from a sensor. In this case, the probability distribution 
of the data ( , , )P y tx  is different from .( , , )P y t 1x +  In linear 
systems theory, this would be equivalent to a step disturbance.

An example of an abrupt shift is the implementation of a sys-
tem trained with a similar case or simulation, which is often the 
case in mobile, ad-hoc networks [3]. Abrupt shifts also occur in 
other system identification and control problems, such as a 
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FIGURE 5 Representation of an image capture problem where a domain shift occurs due to variation in camera settings. The training data is in 
red and the test is in blue. (a) Diagram representing domain shift causal model. (b) Average luminance of the pictures columnwise.
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learning machine for an audio system trained with data collected 
in an indoor environment but tested and applied outdoors, as 
shown in Fig. 7.

B. Gradual Shift
Gradual shifts are subtle and can be perceived as a trend in data. 
In real-world scenarios, gradual shifts might be caused by the 
aging of sensors or from thermal effects. Specifically, an incre-
mental shift is a subset of gradual shifts which occurs when a 
trend appears in the data as a “staircase.” Each step is an abrupt 
change, but overall, there is a gradual shift trend. However, 
gradual shifts might not always be steady, whereas probabilistic 
shifts occur similar to atomic transitions in quantum mechanics. 
In this case, data is initially in a stable state A but starts gradual-
ly oscillating between states A and B, spending less time in state 
A and more in B, until the data stabilize in B.

A practical problem would be the identification of people 
in pictures from multiple stages of their lives, as in Fig. 8, but 
with a limited set of labeled pictures. This could be applied for 
face identification in social media pictures or even in missing 
children cases [48], [49].

Similarly, if data is obtained from multiple sources, targets 
might differ for the same covariate, depending on the source that 
provided it. For instance, in market research problems, consumer 
patterns change depending on their living area or niches [51]. 

Therefore, shifts occur geographically when using a model trained 
for a specific market across the others. Another example is the 
TeleECG of the Federal University of Minas Gerais [52], which is 
part of a semi-automatic health program. In this system, electro-
cardiogram exams are made in hundreds of remote locations and 
diagnostics evaluation is centralized with automatic triage. In that 
several exams are made simultaneously, and conditions may 
change due to the ability of nurse technicians or the condition of 
equipment, shifts may appear both in time and location.

VI. Learning Strategies for Shifting Datasets
Most learning strategies for dataset shift are based on two 
approaches: active and passive [4]. Essentially, active methods 
detect shifts and adapt learning according to changes in data, 
thus models can be optimized for data when necessary. Mean-
while, passive approaches are robust overall to shifts that may 
occur, and models are made with an underlying assumption 
that data will change. However, other possibilities to solve data-
set shift problems exist, such as the methodology in [53], which 
extracts the rules that govern the shifts and creates classification 
models according to them. This section presents some methods 
capable of accounting for shifts in off-line scenarios.

A. Shift Detectors
Shift detectors are one of the main elements of an active 

approach, since they observe the data 
and, through tests or other comparison 
methodologies, indicate whether a 
change in data has occurred. Among 
shift detection methods, statistical 
hypothesis testing of differences in mul-
tivariate data can be implemented in 
several ways, such as adaptations of Kol-
mogorov–Smirnov, Wilcoxon, or Fisher’s 
exact tests [54], [55]. Similarity and 
dissimilarity measures, such as Kullback–
Leibler, Jensen–Shannon divergen-
cies, or Jaccard distance measures [56], 
are also straightforward approaches. 
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FIGURE 7 Example of audio data collected indoors (red) and outdoors (blue), where street noise 
had an extensive impact on the overall data. A machine trained with the indoor data should 
compensate for possible background noise.

Duration
Abrupt: Fast

Gradual: Slow.
Incremental: Staircase or ramp behavior.
Probabilistic: Shifts between initial and final state until stabilizing.

Persistence

Persistent: Do not return to
the initial state.

Transient: Returns to previous
states.

Outlier: Returns and stays
in the initial state.

Reoccurring: Returns to visited
states.

Periodic: States are revisited according
to a temporal pattern:
P (y, x, t ) = P (y , x, t + nT) ∀n
where T is a constant period.

Non-Periodic: Do not show a constant period
T to return to states.

FIGURE 6 Dataset shift patterns according to their speed and persistence.
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However, multivariate statistical testing can be computationally 
expensive, so dimensionality reduction along with maximum 
mean discrepancy tests, Kolmogorov–Smirnov tests with Bon-
ferroni correction, and chi-squared tests are possible approaches 
[57]. Still, most of these statistical tests depend on the underly-
ing distribution. In addition, in the case of the drift causing 
small observable changes by the statistical method, the detector 
tends to perform poorly [58]. A semi-supervised approach 
monitors changes in the classifier’s confidence to detect shift. 
The approach proposed to detect multi-class novelty and con-
cept shifts using dynamic windows to mitigate the trade-off 
between performance during stable periods and delayed detec-
tion [59], [60]. The method suffered from low execution speed, 
so dynamic programming and selective executions of the 
detection module were implemented as an improvement [59]. 
The detection and classification framework proposed is an 
ensemble of k-nearest neighbors (k-NN) classifiers. Each test 
instance is classified, and the classifier’s confidence score is 
stored in a vector. Then, a sliding window approach is used to 
detect significant changes. If a change is detected, the frame-
work determines a new chunk boundary of scores and updates 
the classifier. The dynamic implementation improves the frame-
work speed; however, the method still estimates distributions 
and implements a recursive calculation of change detection 
scores. Despite the sporadic calls of the detector, burdensome 
calculations may cause the method to be prohibitively slow in 
streaming scenarios.

A series of methods employing exponentially weighted 
moving average (EWMA) for the detection of some dataset shift 
problems, particularly covariate shift, have been proposed in the 
literature [61], [62]. These methods use statistical process control 
charts to detect shifts in the input covariate. The shift detection 
based on EWMA works in two stages: (1) a control chart is used 
to detect the dataset shift in the data stream, and (2) a statistical 
hypothesis test is used retrospectively in the testing phase to vali-
date the shift detected by the first stage. During the test phase, 
input data is continuously monitored by the EWMA chart and, 
when control limits are exceeded, the method considers that a 
shift has occurred. For example, in applications with EEG-based 
BCIs, detection based on EWMA was successful in identifying 
covariate shifts in motor imagery-based EEG with principal 
component analysis [20], [21].

In unlabeled data streams, a possible approach is to use 
unsupervised anomaly detection to define transitions of con-
cepts [63]. However, this approach requires meticulous work 
as search window sizes would need to be well tuned depend-
ing on the speed pattern and intensity of the shift, which 
could make this approach unfeasible. The Plover [64] algo-
rithm facilitates the detection of drift in unsupervised streams 
using statistical moments to measure data stability, but it 
requires independent and identically distributed (i.i.d.) input 
data. For unlabeled data streams, a semi-supervised diversity 
measure was proposed as a drift detection method [65], 
which evaluates the diversity of a pair of classifiers. Drifts can 
be detected when the disagreement between them increases, 

yet this approach is heavily dependent on the distance 
between decision surfaces.

From a data-mining standpoint, prior probability shifts can 
be tracked and estimated with parametric distribution estima-
tion, with the assumption that data comprises mixtures of dis-
tributions [26], [27]. Still, this is a strong assumption with few 
usable cases. From this perspective, “utilities,” which are assessed 
by the frequency an instance occurs in the dataset, can be 
extracted from a data stream and tracked to detect drifts [66]. 
This method is similar to an unsupervised detection of drifts in 
a stream based on the importance of each pattern within a 
window. Importance measures, however, are difficult to define, 
and poor choices may hinder the model.

More recently, regional concept drift detection strategies 
were proposed to detect drifts that occur in local regions but 
do not cause significant overall changes in data [67], [68]. A 
local drift degree (LDD) measures regional drifts by determin-
ing whether the local density discrepancies of two i.i.d. distri-
butions are similar [69]. Similarly, a shift detector based on 
nearest neighbor-based density variation (NN-DVI) was pro-
posed according to a k-nearest neighbor-based space-partition-
ing schema (NNPS) [68]. This schema improves the sensitivity 
of regional drift detection by transforming unmeasurable dis-
crete data instances into a set of shared subspaces for density 
estimation. Due to the local metrics based on windows, they 
are slower compared to other shift detectors, with marginal 
improvements depending on shift characteristics.

B. Passive Approaches
Passive approaches assume that data will change; thus, the 
model itself adapts for every new data it receives irrespective of 
whether a drift occurred. Despite being generally robust to 
gradual or incremental shifts, passive methods in off-line cases 
might perform differently depending on the type and con-
straints of a shift. Some of the main passive approaches for off-
line problems are based on transductive and semi-supervised 
learning models, described in Subsection VI.C.

The use of intrinsic local mode functions in a model can be 
used to adapt to shifts in time [70]. This method is based on the 
empirical decomposition of the data, allowing for a well-
behaved Hilbert transform for each function. As it concerns 
local time scales of data, the model is redefined at each instant, 

FIGURE 8 Incremental shift represented by pictures of a person in her 
infancy (initial state A), childhood, teenage years, and adulthood (final 
state B). L2 distance to state A was calculated with OpenFace [50].
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which can be considered a passive adaptive approach. Another 
early strategy was to modify data windows to minimize the esti-
mated generalization error [71], which can be used to detect 
drifts, to some extent, according to the window size. However, it 
is a passive adaptive approach since window sizes are adjusted 
with every batch input. This method is similar to cross-valida-
tion, in that several models with many possible window sizes are 
trained, then the size with a lower estimated error is chosen. 
Through simple analysis of the problem, the parameters of mul-
tinomial random variables can be estimated for the first and sec-
ond moments according to principles of stochastic learning [72].

Several methods aim to solve dataset shift problems by 
weighting data-intrinsic characteristics, such as their estimated 
probability densities. Usually these methods can be used in off-
line scenarios as they incorporate information from unlabeled 
data into the learning model by comparing it to the known 
input. The maximum weighted log-likelihood estimate 
(MWLE) is a method to deal with covariate shifts that 
improves the maximum likelihood estimate (MLE) by intro-
ducing a weighted function of the covariate in the log-likeli-
hood function [17]. The MWLE is obtained by maximizing the 
weighted log-likelihood function; however, different choices of 
the weight function affect the expected loss for moderate sam-
ple sizes by compromising the bias and variance of MWLE. 
Thus, this method is adequate when the PDF of observed sam-
ples do not correspond to the total population.

In binary classification problems, covariate shifts can cause 
bias in cross-validation, which can be solved through density 
ratio, or importance-weighted cross-validation methods [73]. In 
this case, bias is mitigated according to the ratio between class-
es. Otherwise, direct importance can be estimated by minimiz-
ing Kullback–Leibler divergence between the true test input 
density and its estimate [74].

C. Transductive and Semi-Supervised Learning
Transductive and semi-supervised learning (SSL) approaches use 
unlabeled data in combination with labeled datasets to improve 
classification performance. These methods are appropriate to deal 
with a variety of shifts, since they are capable of using test data to 
adapt the model. In this context, SSL methods can retrieve infor-
mation that might have changed between the training and test 
sets. SSL approaches usually are inductive modeling strategies 
that incorporate both labeled and unlabeled data during training. 
In comparison, transductive models classify and perform regres-
sion of data without an induced general model by considering 
both training and test data to compute every output. Moreover, 
the test error in transduction is not affected by differences 

between training and test sets since the joint 
error in eq. 4 is particular to induced models. 
Specifically, prior probability shifts and class 
imbalance problems have promising transduc-
tive solutions. For instance, gene expression 
profile-based cancer classification, which is an 
imbalanced diagnostic problem, had encourag-
ing performance with such an approach [69].

However, transductive approaches tend to be much slower 
than inductive methods, which might be prohibitive to several 
applications. To improve the speed of transductive approaches, 
some algorithms propose hybrid methodologies. For instance, 
TRANSE is an ensemble algorithm with transductive learning 
that solves the drift problem by assuming that test data is a sam-
ple of an unknown distribution [75]. Transductive approaches are 
also applied alongside other methodologies to adapt domains 
[76] or extract aspects of novel domains [77]. Approaches that 
incorporate support vector machines (SVM) with transductive 
and SSL strategies, such as the transductive support vector 
machine (TSVM), have been proposed [78]. For instance, a pro-
cedure for binary TSVM was used in remote-sensing classifica-
tion with ill-posed data and small-sample sizes, which resulted in 
both high classification accuracy and good stability [79].

SDA is a semi-supervised discriminant analysis proposed for 
image classification based on linear discriminant analysis (LDA) 
[45]. The resulting SDA classifier maximizes inter-class and 
minimizes intra-class covariances, but for small training sample 
sizes, the covariance matrix of each class may not be accurately 
estimated. Thus, an SSL approach was proposed to include the 
knowledge from intrinsic geometric structures of unlabeled 
data. The COMPOSE framework, aimed at ILNS problems 
[80], uses both labeled and unlabeled data to assign new labels 
with an SSL approach. It uses a multi-modal density estimation 
to create an envelope around data. Then, it draws labeled sam-
ples from the most significant part of each class, which are used 
in streams of unlabeled data. An application of off-line shifts is 
voice recording, which can be modeled as a covariate shift. 
Importance-weighted kernel logistic regression (IWKLR) was 
combined in an SSL method with importance-weighted cross-
validation (IWCV) to solve speech classification, achieving 
good results for text-independent scenarios [81].

A solution for EEG-based BCI identification was proposed 
with a method that redefines the knowledge base according to 
the distance between labeled and unlabeled data points [20], 
[21]. This system is updated according to transductive strategies 
whenever the covariate shift detector indicates a drift. Learning 
is based on probabilistic k-NN and defines a growing knowl-
edge base that is used to adapt inductive classifiers.

D. Transfer Learning and Domain Adaptation
Dataset shift and transfer learning are related as they are both 
subject to model training with limited settings of data (the 
source domain), yet they are intended to perform predictions 
for related settings, or target domains [82]. Another possible 
approach is the pre-processing of data, which allows traditional 

Despite being generally robust to gradual or 
incremental shifts, passive methods in off-line cases 
might perform differently depending on the type and 
constraints of a shift.
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learning algorithms to track data shifts. FIELDS is a computa-
tional framework for extending an incomplete, labeled data 
stream. The framework transforms the original data stream with 
a few labeled data into a new stream that incorporates the con-
cept drift [83]. Strictly, this is a transfer learning strategy since it 
learns and encodes invariances from a limited set of labeled 
data. FIELDS can be understood as data preprocessing, which 
can be integrated into different machine learning methodolo-
gies. The method, however, intrinsically introduces delay and 
can make learning and predictions slower.

Domain adaptation consists of adjusting classifiers created in 
an initial context (source domain) to a new one (target 
domain) without the need for data from the new context [84]–
[86]. However, few domain adaptation strategies function with-
out labeled data from the target domain [87]. In this context, 
feature augmentation methods [88], unsupervised feature trans-
forms [89, 90], unsupervised domain adaptation [91], [92], or 
transductive predictive adaptation [76] methods can solve off-
line problems. For instance, transductive approaches can be 
used to extract unlabeled aspects from novel domains in senti-
ment analysis [77].

More specifically, unsupervised domain adaptation (UDA) 
methods have a clear relation to off-line dataset shifts, as they 
attempt to recognize new patterns from the target domains 
even if only unlabeled samples are presented. F-HeUDA is a 
learning model that addresses heterogeneous domain adapta-
tion (HeUDA) using fuzzy geometry and equivalence relations 
to transfer knowledge from big datasets to small ones [92]. 
However, the results shown are only marginally better than the 
benchmark. Due to the number of iterations required for the 
method to converge and the fuzzy geometry calculation, 
F-HeUDA is slower than traditional approaches.

When multiple datasets are used, bias of the training data 
can be minimized using domain adaptation strategies that dis-
criminate data associated with individual datasets. Khosla et al. 
[93] proposed a discriminative framework aimed at multiple 
datasets for image classification. The method defines visual 
global weights that are common to all datasets and biased vec-
tor weights, which are associated with individual datasets. Visual 
global weights are retrieved by removing bias weights from 
each dataset, and the model is trained with unbiased datasets. In 
dataset shift problems, this method can be used to remove 
divergent bias in training and test sets.

Moreover, the performance of existing classifiers can 
improve with domain adaptation by including features from a 
new dataset. This was successfully done with a genetic pro-
gramming-based algorithm. A classification problem of biologi-
cal laboratory data for cancer diagnostics was solved with the 
incorporation of data from a different laboratory that adopted 
the same protocols [94].

E. Ensemble Learning
Model misspecification often occurs due to data having multi-
modal behavior throughout the input domain, leading to drifts 
when training and test sets are biased towards particular modes. 

Ensemble learning methods define multiple classifiers [95], 
[96], which allow different definitions of the model across the 
data domain. Therefore, ensemble methods are capable of 
learning drifting concepts with similar accuracy to base algo-
rithms that learn each concept individually [97]. Moreover, 
higher diversity ensembles show lower test errors shortly after 
the drift. Afterward, however, diversity becomes less important 
and prevents fast recoveries in the long term [98], [99].

Ensemble SSL approaches can be used to solve non-station-
ary environments. The weights of an ensemble classifier can be 
updated when the unlabeled data is obtained from a distribu-
tion that is not already known [100]. Similarly, ensemble 
approaches can be integrated with transductive learning [75]. 
These strategies are appropriate for off-line learning because 
they use information from unlabeled data to adapt previously 
trained models. Alternatively, labeled data can be used to train a 
classifier while unlabeled data is used in clustering. In this con-
text, an ensemble voting system uses both classifiers and clusters 
to make decisions [101].

A typical off-line dataset shift problem is training a model in 
simulated environments with mobile ad-hoc networks 
(MANETs) before the real system implementation. Training 
data is often unfeasible to obtain from a real system; hence, a 
model is trained with simulated data and later applied to the 
real system [3]. In this case, a weak detector of malicious nodes 
that incorporates behavioral features can be used to adjust the 
decision to local parameters.

VII. Discussions and Final Remarks
The literature shows that dataset shift comprises a broad range of 
problems that can be divided into overlapping categories depend-
ing on density distribution, transience, duration, and cause.

Machine learning methods tend to present straightforward 
solutions to specific problems. For example, an ensemble meth-
od can be used to solve concept shift problems in non-station-
ary environments [102]. Covariate shifts caused by source 
component shifts and non-stationary environments can be 
solved through adaptive transductive learning approaches [21]. 
Thus, characteristics of shifts and methodologies should be 
considered to solve dataset shifts, as solutions are particular to 
each problem. With that objective, the focus of this paper is on 
methods and definitions targeting off-line shifts, resulting in the 
following findings:

 ❏ Most methods consider scenarios where new labels will be 
available when the shift occurs; thus, strategies and frame-
works capable of dealing with off-line shifts are limited.

 ❏ Active detection of shifts faces specific challenges, such as 
local shift detection, to increase detection sensibility. Detec-
tion methods for off-line shifts tend to depend on data den-
sity estimation or multiple hypothesis testing, which causes 
the methods to be slow.

 ❏ Transfer learning and domain adaptation have not been popu-
lar approaches for off-line dataset shifts in recent years, despite 
their close relation to domain shifts. Regardless, interest in 
unsupervised domain adaptation approaches has increased.
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 ❏ Ensemble, transductive, and semi-supervised approaches, 
including unsupervised domain adaptation methods, are 
increasingly applied in off-line shift scenarios.
Finally, the following topics are indicative of the research on 

off-line dataset shifts:
 ❏ Adaptive, semi-supervised, and unsupervised domain adap-
tation approaches are promising as they are intrinsically able 
to solve off-line shifts.

 ❏ Off-line shifts, in general, have not been broadly addressed 
in the literature. In this sense, description and analysis of 
real-world problems are promising research topics. In partic-
ular, off-line shift detection methods are gaining attention.
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1. Introduction

Many machine learning techniques are tied to a 
series of hyper-parameters and/or selection of 
sub-components that need to be tuned. This chal-
lenge can broadly be defined as the algorithm con-

figuration problem. When handling large-scale datasets, finding 
the adequate set of hyper-parameter values becomes a very 
expensive experimental process. Therefore, automatic hyper-
parameter setting approaches are necessary in order to avoid a 
time-consuming preliminary experimentation stage, reduce 
the number of hyper-parameters that need to be set, and 
make these techniques more accessible to end-users. The cre-
ation of automated methods for the hyper-parameter tuning 
of machine learning algorithms but also of metaheuristic 
optimization algorithms has been a very active area of 
research in recent years [1]–[4].

This paper focuses on the specific context of evolutionary 
machine learning (EML). EML algorithms have shown to be 
very competitive methods for machine learning [5], [6] and have 
been applied to a very broad variety of real-world problems 
[7]–[13]. Hyper-parameter setting is a widespread problem in 
this field, since these systems use a genetic algorithm (GA) and 
fitness functions that often involve many hyper-parameters. Besides 
the generic approaches for hyper-parameter tuning mentioned 
above, there is a variety of methods that are specific to evolution-
ary computation [14]. Several techniques have been used such as 
reinforcement learning [15], or self-adaptive approaches [16]–[21], 
among others. Moreover, even though theory exists about EML 
systems [22]–[24] that explains how these systems should be 
parameterized, only recently these theoretical works have started 
to be applied to fully tune these algorithms using a few synthetic 
problems as test scenarios [25], [26].

This paper proposes a heuristic procedure for the applica-
tion of theoretical models of EML to automatically estimate 
the structure of classification problems with binary attributes 
and, from such estimates, set hyper-parameters accordingly. This 
work focuses on a specific EML algorithm called BioHEL [27]. 
This system has shown competent performance in very com-
plex real-world domains [7]–[10], [28], [29]. One of the main 
characteristics of this system is its fitness function, which tries 
to balance the accuracy, complexity and coverage of the rules 
in the solution. The key element of this fitness function is the 
coverage breakpoint hyper-parameter, which determines how 
many instances in the dataset a rule should cover to be consid-
ered good enough. Previous studies have shown that learning 
can be facilitated when this hyper-parameter is set correctly, in 
contrast to an incorrect setting which can push the system 
towards overgeneralization [30]. Moreover, this hyper-parame-
ter is highly problem dependant and finding its adequate value 
requires an extensive preliminary experimentation.

However, often the data holds the key of how to parameter-
ize the system correctly. For example, as it was shown by [30] it 
is possible to set the adequate coverage breakpoint for classifi-
cation problems with binary attributes (for the sake of com-
pactness we will refer to these as binary problems in the rest of 

the paper) in BioHEL if the structure of the problem is known. 
But is it possible to define a generalization  about the structure 
of binary problems? A useful framework to model binary prob-
lems is the use of k-Disjunctive Normal Form (k-DNF) for-
mulas, which are binary formulas that have r disjunctive terms 
and each one of these terms has k relevant variables of attri-
butes expressed from the d possible ones. Many boolean bench-
marks can be expressed as k-DNF formulas, and even complex 
real-world problems. Moreover, based on this structure (k and r) 
it is possible to create models that explain the behavior of the 
BioHEL system [31]. Nevertheless, determining these values (k 
and r) is not straightforward and calculating their exact value 
would involve applying data mining over the problem which is 
an extra computational cost that we wish to avoid.

In this work we introduce an automated heuristic approach 
to determine the structure of an unknown binary problem (k 
and r) at runtime. This heuristic combines observations from 
the data and from a sample of randomly initialized rules evalu-
ated against this data, to retro-feed theoretical models of the 
behavior of the system [30], [31] and classify the problems into 
groups called kr-groups with a particular k and r associated.

In this particular work we show how this methodology can 
help adapt the coverage breakpoint hyper-parameter of Bio-
HEL. Our experiments show how this mechanism can charac-
terize challenging binary problems with and without noise. 
Moreover, we show how this mechanism can help adapt 
hyper-parameters of the system to solve a real-world protein 
structure prediction problem and reduce the total experimen-
tal time up to 71%, hence saving a lot of computational time 
and human effort.

2. Related Work
The automatic configuration and tuning is a very challenging 
process in evolutionary algorithms (EAs), where it has been 
studied in great length. In this section we first describe, from a 
general EA perspective, the different approaches to hyper-
parameter control (and some examples of each). Afterwards, we 
focus on specific examples of hyper-parameter control in EML 
systems, which is the particular context of BioHEL. In terms of 
nomenclature we use a variety of terms (tuning, adjustment, 
control, configuration) because any one of these individual 
terms does not capture all the relevant literature in this area.

There are different types of hyper-parameter control algo-
rithms. [14] presented a classification for hyper-parameter con-
trol where the different techniques can be classified depending 
on what is changing (representation, mutation or crossover 
rates, selection mechanisms, etc.), or depending on how the 
change is made (deterministic, adaptive or self-adaptive). The 
deterministic techniques are the ones that adjust hyper-parameter 
without any feedback from the algorithm being controlled. 
The adaptive techniques are the ones that use some sort of 
feedback from the search process (i.e. during the optimization/
learning process). The self-adaptive techniques are the ones 
which evolve the hyper-parameters along with the rest of fea-
tures of the problem. Using this classification our approach can 
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be classified as a deterministic one, the methods described 
below applying the 1/5 rule for mutation rate adjustment [32], 
[33] would be adaptive, and [34] would be an example of the 
self-adaptive approach.

In the area of EAs, the earliest automatic hyper-parameter 
setting approaches were presented by [32] and [33], in which 
the mutation rate was adapted according to the 1/5th rule. If 
the rate of successful mutation was over 1/5 the mutation rate 
was increased and if it was below this value it was decreased. 
Other early approaches involve the adaptation of crossover rate 
depending on how good were the resulting offsprings [35]. 
Regarding operator selection within evolutionary algorithms, 
[34] presented a very simple self-adaptive crossover-selection 
method. One extra bit in the classifier encoding represented 
the crossover that should be applied. Other approaches [36], 
[37] use rules to modify the hyper-parameters of local search 
operators (crossover and mutation).

Self-adaptive approaches have also been used in memetic 
algorithms to adapt the local search operators depending on 
the stage on which the search process is [18]–[21].

Reinforcement learning (RL) has also been used to adapt 
hyper-parameters in EAs to identify the appropriate step size 
for the 1/5th rule when adapting the mutation rate [38]. Fur-
thermore, other more complex approaches [39] use RL to 
adapt the hyper-parameters of the GA considering not only 
the quality of the solutions, but also the cost incurred by the 
selected search operators.

There are several examples of self-adaptive mechanisms in the 
EML context. The Zeroth Level Classifier System (ZCS) [40] 
was extended with self-adaptive mutation in [41], to give an 
independent mutation rate to each classifier. Afterwards, this 
work was extended by self-adapting all the hyper-parameters in 
ZCS (mutation, learning rate, tax rate and discount factor) at the 
same time [42]. While in stationary environments the results are 
as good as the ones obtained with fixed hyper-parameters, in the 
more dynamical ones the self-adaptation improves the perfor-
mance of the system. Self-adaptive mechanisms for both the 
mutation and the learning rate in XCS [43] were investigated in 
[44]. The self-adaptive mutation rate solved some generalization  
problems when XCS was applied to long rule chain environ-
ments. Nevertheless, the performance was still sub-optimal in this 
case. Also, the system showed worse performance when trying to 
adapt the learning rate. Finally, Self-adaptive mutation has also 
been applied to the XCSF [45] using hyper-ellipsoidal condition 
structures [46], in which each part of the knowledge representa-
tion had its own self-adapted mutation rate.

More generally, the automated tuning of machine learning 
algorithms and pipelines is a very active field of research nowa-
days, broadly called AutoML. In broad terms we can consider that 
these methods apply a wrapper approach. They run the underlying 
algorithm/analysis pipeline on samples of the data (e.g. using 
cross-validation) to estimate the predictive performance of a given 
configuration, which is very different from our approach, in 
which we never run the full BioHEL algorithm during the 
hyper-parameter tuning process. A variety of strategies exist to 

search for the optimal configurations. For instance, TPOT [1] uses 
genetic programming to evolve trees that represent complete 
machine learning pipelines, including data cleaning, feature selec-
tion/construction and the selection and tuning of machine learn-
ing algorithms. ML-Plan [2] defines the algorithm tuning process 
as a planning task, and uses hierarchical planning networks [47] to 
identify the optimal plan, i.e. algorithm selection and tuning. A 
different search strategy is employed by Auto-sklearn [4], which 
uses Bayesian optimization for the AutoML task. As a final exam-
ple we would like to mention irace [3] which, while intended to 
tune optimization algorithms, uses an equivalent wrapper princi-
ple to the AutoML approaches. It uses an extension of the racing 
algorithm [48] to perform the tuning process. In the classic racing 
algorithm for machine learning model selection, a set of candi-
date models is evaluated sample by sample. In each step the meth-
ods that perform significantly worse are discarded. The process 
continues until a certain evaluation budget is reached or the set of 
remaining models is small enough.

Finally, another existing approach for algorithm selection 
(rather than tuning) is based on complexity measures defined 
to capture dataset difficulty in a supervised machine learning 
context [49]. These measures have been used to study the 
domains of competence of the XCS algorithm [50], as well as 
to recommend machine learning algorithms based on a meta-
learning approach [51].

3. The BioHEL System
BioHEL [27] is an EML algorithm designed to handle large-
scale datasets [52]–[54], [28], [29], [7], [8], [10]. BioHEL learns a 
set of rules following the Iterative Rule Learning paradigm first 
used in EML in the SIA system [55]. This learning paradigm 
generates ordered rule sets in which the rules in the solution 
are learnt sequentially, using a generational GA to learn indi-
vidual rule. Hence, each individual of the GA population is a 
rule. Once a rule (the best individual in the final GA popula-
tion) is learnt, it is added to the rule set and the training set is 
filtered by removing all the examples covered by this rule. 
The iterative process generally stops when the whole training 
set is covered. However, the stopping criteria changes when 
using a default rule as detailed in Section 3.1. In the rest of 
the section we only describe the aspects about BioHEL that 
are relevant to this work. For a full description of the algo-
rithm, please see [27].

3.1. Representation
BioHEL uses the Attribute List Knowledge Representation 
(ALKR) [56], a sparse representation designed to handle 
high-dimensional problems. In this encoding, each rule rep-
resents only its relevant attributes, reducing considerably the 
cost of the match operations (as all the irrelevant attributes 
for that rule are not present). The relevant attributes can 
vary across rules, and are discovered during the learning 
process. ALKR uses hyper-rectangles [57] to represent con-
tinuous attributes and the GABIL representation [58] for 
nominal attributes.
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Since in this paper we focus on problems with discrete 
(binary) attributes, it is necessary to explain the GABIL rep-
resentation in greater detail. In this representation the attri-
butes are expressed by binary strings of fixed length. The 
length corresponds to the number of possible values the 
attribute can have. For example, in a problem with three 
attributes (F1, F2 and F3) if the attribute F1 may take the val-
ues (A, B, C), F2 the values (O, P), and F3 the values (W, Z, X, 
Y) a possible condition string for each one of the attributes 
would look like: 

 F1 F2 F3

 100 01 1101

Each attribute is read as a disjunctive clause between all the 
values that have their bit on. For example, this condition can be 
interpreted as F1 is A and F2 is P and F3 is {W or Z or Y}.

To initialize a rule in ALKR first a subset of the problem’s 
attributes is randomly chosen to be included in the rule. The 
size of the subset is controlled by the ExpAtts hyper-parameter. 
Afterwards, an instance from the training set is sampled, and the 
bits corresponding to the instance’s values in the GABIL predi-
cate are set to 1. The rest of bits in the predicate are also set to 
1 with probability p.

This representation uses an explicit default rule mechanism 
[59], which consists of a rule that covers all the examples left in 
the training set and assigns them to a user predefined class. 
Since the default class is not used in the evolved rules, this 
mechanism generates more compact rule sets. As a result of 
using a default rule, the stopping criteria of the iterative rule 
learning process is changed. In BioHEL, the rule learning pro-
cess stops whenever it is not possible to generate a rule that has 
accuracy higher than the default rule.

3.2. Fitness Function
The BioHEL’s fitness function is based on the Minimum 
Description Length principle [60]. This fitness function is 
designed to promote accurate, general and compact rules by 
integrating three metrics into the fitness formula: accuracy, cov-
erage and complexity. This fitness function has two terms as 
shown in Equation (1).

 ( ) ( ) · ( ) .F a TL a W EL a= +  (1)

TL(a) (theory length) corresponds to the complexity of rule 
a, EL(a) (exceptions length) corresponds to the accuracy and 
coverage of rule a and W is a weight that adjusts the relation 
between the previous terms. This hyper-parameter W is adjust-
ed automatically using a heuristic defined by [59].

The definition of TL(a) depends on the employed knowl-
edge representation. For the GABIL representation it is defined 
as follows:

( )
/
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where NA is the number of attributes in the problem, NAa is 
the number of attributes explicitly represented by rule a, ni is 
the number of values set to 0 and vi is the number of possible 
values in the GABIL string for the i-th attribute represented in 
rule a. A simple interpretation of TL(a) is that is computing the 
percentage of bits of the GABIL’s encoding of a rule set to 0, 
with the added caveat that we use the ALKR sparse rule 
encoding in which only a fraction of the attributes is represent-
ed, and only the represented attributes contribute to the for-
mula. In this formula lower is better, so any non-represented 
attribute contributes 0 to the formula. Hence TL(a) promotes 
rules in which (a) few attributes are represented and (b) few 
values within each attribute are set to 0.

Furthermore, EL(a) is defined as:
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In these formulas, ACC(a) corresponds to the accuracy of 
the rule and COV(a) is the term that needs to promote gen-
eral rules which is the key of BioHEL’s fitness function. As 
shown in Equation (2), the value of COV(a) depends on 
RC(a) (recall; the ratio between the number of examples cor-
rectly classified by the rule over the total number of examples 
in the training set belonging to the same class as a) and 

( ( ))CB c a  (the percentage of examples of its class that any rule 
should cover to be considered a “good rule”). CB corre-
sponds to the hyper-parameter known as coverage breakpoint. 
This hyper-parameter is first set globally and afterwards it is 
adjusted for every class in the problem based on the class dis-
tribution. This is a very problem dependent hyper-parameter 
which affects the performance of the system, as it was shown 
by [30] and the main target of the automated hyper-parame-
ter setting of this paper.

Moreover, CR (coverage ratio) corresponds to the percent-
age of “reward” awarded to a rule with a higher coverage than 
the coverage breakpoint. Figure 1 shows the value of the cov-
erage term COV(a), depending on the coverage of the rule.

4. k-DNF Functions
k-Disjunctive Normal Form (k-DNF) functions [61] are a 
broad family of boolean functions which can be a useful tool to 
characterize the structure of binary problems. These functions 
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have been shown to be very useful to benchmark machine 
learning algorithms [62], [30], [63].

Given a space of d attributes or variables a k-DNF function 
is a boolean formula that presents the following form:

T T Tr1 20 0 0g

where r is the number of disjunctive terms and each term Tx repre-
sents the conjunction of k boolean variables out of the d possible 
options ( , , , )x x xd1 2 f , where some of the variables might have 
the not function (J) applied to them. Equation (3) represents an 
example of a k-DNF function for a space of 10 representable 
attributes (d), 2 terms (r) and 4 represented attributes (k).

 ( ) ( ) .x x x x x x x x1 5 7 10 1 3 6 7/ / / 0 / / /J J J  (3)

To construct a machine learning problem from a k-DNF 
boolean formula we generate all the possible 2d  instances 
(binary strings of size d). Afterwards, if the formula holds for a 
particular instance (one or more terms are true), class 1 (i.e. the 
positive class) is assigned to it. Otherwise class 0 (the negative 
class, to be covered by the default rule) is assigned. Considering 
this, the optimal rules that correspond to the solution of the 
previous problem in Equation (3)1 would be:

1###1#0##1: 1
1#0##01###: 1
Default Rule: 0

Since most EML systems learn a set of rules as the solution 
of a problem, k-DNF formulas are really useful to evaluate 

them, as the systems are expected to learn one rule for each of 
the r terms in the problem and correct rules should represent at 
least the k relevant attributes in these terms. From this point 
onwards, every time we talk about “rules” we are referring to 
the solution of the problem and when we talk about “terms” 
we refer to the problem itself.

Many well-known boolean benchmarks can be represented 
by a function in k-DNF [30]. For instance, the rules in the 
6-bit multiplexer have a k of 3 (two address bits and one data 
bit), the rules in the 20-bit multiplexer have a k of 5, a k of 6 is 
present in the 37-bit multiplexer and so on. The 18-bit hybrid 
Parity-Multiplexer problem [22] has a k of 9, as this problem is 
composed by a 6-bit multiplexer where each of these “bits” is 
the result of a 3-bit parity problem.

The difficulty of the k-DNF problems is closely related to 
the class imbalance. The class imbalance of a k-DNF problem 
can be estimated by calculating the probability of finding a 
negative example in the dataset given specific values for k and r.

 ( ) .P neg 1 2 k r= - -^ h  (4)

Considering each term covers a percentage of 2 k-  of the 
training set, this formula states that the probability of having a 
negative example is equal to the probability of the example not 
being covered by any of the r terms in the problem. This for-
mula holds under the assumption that the k attributes of the r 
terms are randomly picked and hence there is no large amount 
of overlap between rules.

Figure 2 shows the corresponding probability distribution 
for P(neg). Here we can see that, depending on k and r, scenari-
os with very high class imbalance can be possible. When k is 
low each term covers a large proportion of the training set, and 
hence, just with a few terms (r), most of the examples will be 
positive. In these situations we encounter a known source of 
difficulty for EML systems: term overlap [31], [64]. On the 
other hand, a high k and low r create problems with very few 
positive examples, as each term is very specific and overlap is 
unlikely. These cases, essentially become scenarios of trying to 
find the needle in the haystack. Since the class imbalance makes 
the problem more difficult, the red area represents the problems 
that are easier to solve. For more information about the gener-
ation of artificial k-DNF problems please refer to [30].

5. Automatic Hyper-Parameter Setting
Considering the importance of the coverage breakpoint hyper-
parameter in the performance of the BioHEL system, it seems 
necessary to adjust this hyper-parameter automatically for sev-
eral reasons:

 ❏ Runtime. Since BioHEL is a system mainly oriented to 
solve large scale datasets, finding the correct setting for 
problem dependant hyper-parameters such as the coverage 
breakpoint involves a time-consuming preliminary experi-
mentation stage. The automatic setup of this hyper-parame-
ter can avoid preliminary experimentation and reduce the 
total experimental time.

1 For simplicity we present the rules in ternary representation, where # means the 
attribute is irrelevant, and 0 or 1 represent the value the attribute should take to make 
the predicate hold. However, BioHEL uses GABIL to represent binary and discrete 
attributes as shown in Section 3.1.
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FIGURE 1 Coverage term COV(a) according to rule coverage. The min-
imum coverage corresponds to one third of the coverage breakpoint.
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 ❏ Usability. In many cases, end-users avoid exhaustive exper-
imentation and settle for naive configurations that do not 
produce the best results. This improvement could make the 
system easier to use to an end-user and could also find bet-
ter solutions for problems where the adequate coverage 
breakpoint has not been determined yet.
According to [30] it is possible to determine the coverage 

breakpoint if the characteristics of the problem (k-DNF formula) 
are known. These characteristics are the number of attributes 
expressed in the terms k and the total number of terms in the 
formula r. According to this work if the number of attributes in 
the terms is k the adequate coverage 
breakpoint to solve the problem is 2 k- . 
To ensure learning, the coverage break-
point should be equal or smaller than 
this value. This translates the problem of 
finding the adequate coverage break-
point to finding k.

But how it is possible to identify the 
structure of the problem by observing 
the data? To do this it is necessary to 
develop models based on k and r that 
explain characteristics of the data and 
behaviors of the system when working 
this data. For example, the model for 
the number of negative examples in 
Equation (4) finds a correlation 
between k and r and the proportion of 
negative examples in the problem. 
Moreover, the probability of obtaining 
good individuals, modelled for BioHEL 
using the ALKR representation and the 
GABIL encoding [31], also provides a 
relationship between a characteristic of 
the initial population and the variables 
k and r. This means that by observing 
these characteristics we can have esti-
mates of the k and r of the problem.

However, these models only indicate 
a relationship between k and r. Many 
different values for k and r can satisfy 
the equation and, independently, each 
model does not provide information 
useful enough to identify these problem 
characteristics. However, by combining 
the results of different models together 
it is possible to determine the values for 
k and r that are more likely to match 
the characteristics of the problem.

In this paper we present a heuristic 
approach to determine the k and r of a 
given unknown boolean problem at 
runtime. This approach works by classi-
fying the problems based on observa-
tions made over the data and randomly 

sampled individuals. Using this information the problems are 
classified into groups with a particular k and r associated, which 
we will call kr-groups.

The classification is done using a voting system. The space 
of k and r is divided uniformly in kr-groups which have an associ-
ated expected value and standard deviation boundaries for each 
one of the characteristics we measure. When a problem presents 
a characteristic that falls into the standard deviation boundaries 
of a particular kr-group the group gets awarded points. At the end, 
the kr-group that obtained more votes is considered the winner. 
Figure 3 illustrates how the heuristic works.
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Particularly for BioHEL, three characteristics were consid-
ered to classify the problems:

 ❏ The number of negative examples in the problem (defined 
in section 5.1.1).

 ❏ The number of good individuals in a random sample after 
evaluating them against the given problem. These are indi-
viduals that do not make classification mistakes or that have 
an accuracy higher than a certain threshold (defined in sec-
tion 5.1.2).

 ❏ The number of attributes expressed in the good individuals 
(defined in section 5.1.3).
The following sections will explain in greater detail each one of 

the criteria used to classify the problems (section 5.1). Afterwards, we 
will show in more detail how the kr-space is partitioned in kr-groups 
and what makes a problem belong to a specific group (section 5.2). 
Finally, we explain the algorithm step-by-step (section 5.3).

5.1. Classification Criteria
This section explains each one of the criteria used within Bio-
HEL to classify the problems: a) the number of negative exam-
ples in the problem, b) the number of good individuals in a 
random sample after evaluating them against the given problem 
and c) the number of attributes expressed in the good individ-
uals. The first two characteristics used are completely theory-
driven, which means they use theoretical models to determine 
the kind of problem we are handling. The last characteristic, 
even though it does not come from a model, reinforces the two 
previous criteria in finding the correct kr-group. Since the good 
individuals are already calculated for the second criterion, using 
the number of attributes expressed in these individuals does not 
involve an extra computational cost.

5.1.1. Number of Negative Examples in the Problem
Depending on the number of terms r and number of attributes 
expressed in each term k, the k-DNF problem will present a 
different percentage of negative examples.

For a randomly generated binary problem defined as the 
disjunction of r terms, where each term is the conjunction of k 
randomly picked attributes, the probability of having a negative 
example in the training set ( )P neg r

k  is equal to Equation (4) 
shown in Section 4.

By counting the number of negative examples in the training 
set, it is possible to use this formula inversely to determine possi-
ble combinations of k and r that are feasible for the given prob-
lem. For example a problem with k = 2 and r = 1 has 75% of 
negative examples. But also a problem with k = 6 and r = 18 has 
on average the same percentage of negative examples. If we 
observe a particular problem with 75% of negative examples both 
of these kr-groups would receive scores according to this criterion.

5.1.2. Number of Good Individuals in a Randomly 
Initialized Sample
A good individual or a representative, as it was defined by [22], is a 
rule that specifies (has represented) correctly at least all the attri-
butes in one of the terms of the optimal solution to the problem. 

For example, if one of the terms of a problem with d = 5 and  
k = 2 is x x0 11 4/= =  (0))1)) possible representatives would 
be 0##11, 0##1# and 01110, where # means that the attribute 
can take any value. Therefore, this rule does not make mistakes, 
but it can be more specific than the optimal rule where only k 
attributes are specified. The probabilities of finding a representa-
tive were first proposed by [22] for the ternary representation 
{ , ,#}0 1 . However, these models were not entirely suitable for 
BioHEL, as this system uses a different encoding. Later on, suit-
able models for the binary domain using the ALKR+GABIL 
representation were  proposed by [31].

Assuming the usage of the default rule and covering mech-
anisms, the probability of finding a representative for a binary 
problem depends on k and r, as shown in Equation (5). This 
function states that the probability of having a good classifier 
P(rep) is equal to the probability of having at least one of the 
terms in the k-DNF problem represented, and to have a term 
represented the rule should express the k relevant attributes. 
These models are able to hold with a certain amount of rule 
overlap if the rule coverage is uniform. For more details about this 
model please see full description presented by [31].
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In this formula p corresponds to the probability of setting to 
1 the values in a GABIL attribute (see Section 3), and ld is the 
probability that an attribute appears in the ALKR attribute list. 
This value at the same time depends on the user-defined hyper-
parameter ExpAtts (expected number of attributes) as follows:
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Figure 4 shows an example of the landscape of this model 
using different values of p. By counting how many representa-
tives are found in a randomly initialized sample of individuals it 
is possible to use the formula inversely to determine feasible 
pairs of k and r for the given problem.

The individuals for the sample are not generated one by one, 
but by chunks of N individuals (for all experiments in this paper N 
= 500). After evaluating N rules, it might be possible that we do not 
find any representatives. This could happen due to several reasons. 
Either the sample is too small and/or the probability of a representa-
tive for a particular point is too small as well. To solve these problems 
the system increases iteratively the total sample size (generates N 
additional samples) until R representatives (hyper-parameter set by 
the user) are found. This guarantees that the number of representa-
tives found is not zero while checking the lowest number of indi-
viduals as possible. A high value of R will involve checking a bigger 
sample size, while a small value would have the opposite effect.

Moreover, we try to generate R representatives using the larg-
est value of p possible, because that would create more general 
rules, as shown in Figure 4. However, more general random rules 
are more likely to make mistakes. Therefore, when the problem 
has a larger k, smaller values of p are needed to generate rules 
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that do not make mistakes. The procedure that the system fol-
lows to adjust p, while finding the representatives, is shown in 
Algorithm 5.1. Within this algorithm, genSample initializes N 
rules following the procedure explained in section 3.1. More-
over, getAccuracy computes the accuracy of a rule across the train-
ing set. Finally, getMostFrequentK simply identifies the k value 
most frequently used within the set R of representatives generat-
ed by the heuristic.

The system first tries to obtain representatives generating popu-
lations of size N created using the largest value of p: pmax. Then all 
these individuals are evaluated against the training set. Afterwards, all 
the rules with accuracy higher or equal than minAcc are considered 
representatives. When R or more representatives are found the sys-
tem returns the representatives found. If the system has already 
checked 6 samples and has not found any representatives, the value 
of p is lowered globally across the system 
and the search continues. If the value of p 
has reached its minimum value and the 
system has not found representatives yet, 
the search aborts. 

The calculation of representatives 
from a given sample is interesting 
because it gives room for our third crite-
rion, which is the number of attri-
butes observed in them. However, the 
identification of the genuine represen-
tatives is far from trivial, and some post-
processing is needed as it will be 
explained in the next section.

5.1.3. Number of Attributes in the 
Representatives
According to the definition of a repre-
sentative the number of relevant attri-
butes in a candidate representative 
cannot be less than k, otherwise this 
rule would make mistakes. This gives us 
at least an upper bound of the prob-
lem’s k. However, in order to use the 
characteristics of the representatives we 
need to make sure that these “good 
rules” are actually genuine representa-
tives and that they have the minimum 
possible amount of attributes without 
making mistakes.

Two problems might arise with the 
good rules. First, it can happen that the 
good rules have more attributes speci-
fied in the actual terms of the problem, 
which is misleading. Second, when the 
problem consists in more than one rule, 
the system might find classifiers that do 
not make any mistakes but they do not 
represent the terms of the problem. 
These classifiers instead represent the 

union or intersection between two or more terms. They might 
have more or less attributes expressed than k, and they are not 
really representatives of the problem. Therefore, in order to find 
genuine representatives it is necessary to post-process the rules 
in the sample.

To tackle the first problem we need to eliminate the attributes 
that do not affect the accuracy. As shown in Algorithm 5.1 this is 
done right before adding the rule to the representative set. To 
prune unnecessary attributes we perform an iterative search 
process as shown in Algorithm 5.2. Each one of the attributes 
in the rule is eliminated, one by one. If the accuracy decreases, 
the classifier is restored, if not the search continues over the 
resulting classifier. This local search operator was already pro-
posed by [65] as a post-processing operator to refine the gener-
ality of the rules.
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To tackle the second problem we need to eliminate the 
deceptive representatives. That is, the classifiers that do not 
make mistakes but do not really correspond to the terms of the 
problem we want to learn. Since these rules usually have a 
number of attributes either larger or smaller than k (but not 
exactly k), we keep only the ones that correspond to the most 
frequent number of attributes observed k)  in the set of R rep-
resentatives. In the end the rules left in the set are considered 
genuine representatives and they are the input for the second 
criterion (Section 5.1.2). Moreover, as we have already calculat-
ed the most frequent number of attributes observed among the 
representatives, we can also use this information k)  as a third 
metric to award points to the kr-groups with .k k= )

5.2. Classifying the Problems
As we explained before, to use the model it is necessary to cal-
culate the standard deviation boundaries for each one of the 
possible combinations of k and r. For this, we sample uniformly 
the kr–space and we calculate the expected value, the lower 
bound and the upper bound for each point. To sample the 
space we calculate these values for { .. }k d1=  and { .. }r 1 100=  
using a step size of 5 for the rules.

Moreover, to calculate the lower and upper bounds for each 
point we need to analyze further the probabilistic models used. 
For the probability of a representative we can consider that 
the probability of having a specific number of representatives 
in a sample of N classifiers follows a binomial distribution 
with probability P(rep). This assumption comes from the fact 

that the generated rules have the same probability of becom-
ing representatives and they are independent from each other. 
Therefore, the probability of having x representatives can be 
written as follows:

(# ) ( ( )) ( ( )) .P rep x P rep P rep
N

x
1 N x x= = - -c m

In this case we know that for each point the mean per-
centage of representatives is P(rep) and the variance is 

( ( )) ( ( ))var P rep P rep1)= - . So for a problem to belong to a 
specific kr–group, we check if the empirical percentage of 
representatives observed ( )P repl  is between the boundaries 
as follows:

( ) ( ) ( ) .P rep var P rep P rep varr
k

r
k# #- +l

In the case of the class imbalance we actually do not know 
the probability distribution, but we know the mean value given 
k and r. We cannot assume that it is a binomial distribution 
because the examples in a training set are not independent 
observations (usually they are not repeated). In this case fixed 
intervals are used to determine if a problem belongs to a cer-
tain group. To do this we calculate the empirical value 

( ) .P neg 0 1!l  to classify the problems as follows:

( ) . ( ) ( ) . .P neg P neg P neg0 1 0 1r
k

r
k# #- +l

5.3. Hyper-Parameter Setting Procedure Step-by-step
To recapitulate and explain better how the concepts and meth-
ods presented are merged together to produce our approach, 
this section will explain step-by-step the algorithm used within 
BioHEL to determine the k and r of a problem and its corre-
sponding coverage breakpoint. The algorithm consists in the 
following steps also shown graphically in Figure 5.
1) Determining the number of attributes in the problem d 

and the value ld.
2) Searching R representatives in a randomly initialized 

 sample. Finding representatives involves the following 
sub-steps:
a) Representative generation Searching iteratively in 

population of N classifiers until a total of R representa-
tives is found, by evaluating them across the whole 
training set.

b) Representative pruning. When a good rule is found, 
the system removes all the attributes that can be elimi-
nated without degrading the accuracy.

c) Adjustment of initialization hyper-parameters. If 
the system has checked already 6 populations of size N 
and have not yet found any representatives, the system 
re-adjusts the value p (See Section 5.1.2).

3) Calculating the most frequent number of attributes acti-
vated in the candidate representatives and erasing the mis-
leading ones, keeping only the ones that have a k equal to 
the most frequent value observed k* .

4) Determining the number of examples in the training set 
belonging to the default class ( ( )P negl ).

Algorithm 5.2 Pruning(Classifier c1).

prevacc !  getAccuracy (c1)
for each att !  getAttributes (c1)

 do
if

then

else  

att, c
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5) Calculating the observed value ( )P repl  as the number of 
representatives observed divided by the total number of 
rules observed (total sample size).

6) Calculating the score of a kr-group (Scorer
k ) with equation (6) 

where ,k k Negr
k== )  and Repr

k  are boolean variables that 
take the value of 1 if the empirical observation matches the 
criteria of the kr-group and A, B and C are weights associated 
to each of the three criteria of the heuristic.

 

( )

( ) . ( ) ( ) .

( ) ( ) ( ) .

Score A k k B Neg C Rep

Neg P neg P neg P neg

Rep P rep var P rep P rep var

0 1 0 1

· · ·r
k

r
k

r
k

r
k

r
k

r
k

r
k

r
k

r
k

# #

# #

= == + +

= - +

= - +

)

l

l

 

(6)

7) To finalize, calculating which is the smallest group (smallest k 
and r) that obtained the highest coincidences between the 

3 metrics (highest score). This k is transformed in the cov-
erage breakpoint as CB 2 k= - .

6. Experimental Design and Results
In this section we present the experimental framework used to 
test our approach and the corresponding results. First we analyze 
the hyper-parameter setting approach over a wide variety of syn-
thetic k-DNF problems, with and without noise, created using 
the generator we provide in http://ico2s.org/datasets/kdnf.html. 
Then we present an additional test of our approach over a binary 
protein structure prediction problem already used by [52] which 
constitutes an interesting challenge for our approach due to the 
high levels of noise found in the problem. The code and all the 
datasets used for these experiments can be found in http://ico2s 
.org/data/instances/cov-break-heu/.

Calculate the Coverage
Breakpoint Based on the k 

With the Highest Score

Determining Constant Values: d and ld

Searching Representatives:

 

Prune Representatives
(If Any)

6 ∗ N ind
Evaluated?

R rep
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Misleading Representatives
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FIGURE 5 Steps to find the adequate coverage breakpoint with and example of the final score grid.
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6.1. Analysis of the Hyper-Parameter Setting Approach 
Over Binary Problems
In this section we analyze the performance of our approach over a 
wide variety of k-DNF problems, in terms of probability of success 
(finding the adequate hyper-parameter value). At the end, we also 
comment briefly on the additional effort incurred by the heuristic 
in terms of additional evaluation operations.

The k-DNF problems used in this section have the following 
characteristics: d = 20, { }k 2 9= - , and { , , , }r 5 10 20 40= . 
Moreover, we introduced output noise of 0%, 1%, 5% and 10% 
over the problems to determine how robust was the classifica-
tion process towards noise. We generated 5 different problems 
of each k-DNF scenario, and each problem was run with 5 dif-
ferent seeds. Also, all these runs were performed using fixed 
default class 0. Since in the k-DNF problems all the generated 
terms map to class 1, this setting prevents the system form 
learning the inverse problem, over which calculating the suc-
cess would not be straightforward.

The learning process was not performed during this stage of 
experiments, but only the hyper-parameter setting stage. In 
these experiments, we want to quantify how many times the 
heuristic finds the optimal k for the problem (or at least a larger 
one) which would ensure the learning.

We also experiment changing the hyper-parameter minAcc 
(the minimum accuracy demanded in a rule to become a rep-
resentative) to determine how this hyper-parameter affects the 
search, and show how it can help tackling problems with 
noise more efficiently. In these experiments we tested hyper-
parameter values { . , . , . }minAcc 1 0 0 95 0 9= . To determine sig-
nificant differences among using different minAcc values we 
used a Friedman test with its post-hoc Holm test, as shown 
by [66].

The rest of the hyper-parameters in our approach are 
shown in Table 1 for clarity and replication purposes. However, 
according to our preliminary experiments, the hyper-parame-
ters shown in this table can be considered constants and they 

can remain fixed. Only the minimum accura-
cy minAcc and the number of representatives 
R have an important impact on the results, 
because they are directly related to the prob-
lem noise and the additional search effort, 
respectively. Analyzing R in depth would 
require a very long and complex experimen-

tation. For simplicity in this paper we have set the hyper-
parameter to a value (10) that in preliminary work showed to 
be suitable for all tested scenarios, although a smaller R would 
also work in some of the easier datasets. Moreover, it should be 
noted that the reason why the P(rep) function has a score lower 
than the two other metrics is because, in preliminary experi-
mentation, this metric was not as reliable as the other ones.

6.1.1. Results
Table 2 presents the results for the different k-DNF configura-
tions and different values of minAcc in terms of percentage of 
success (finding the k of the problem or at least a larger one). 
Results for k = 2 and r = 40 are omitted because in these set-
ting all instances belong to class 1. The cells emphasized repre-
sent the configurations where the success rate is less than 100%. 
For minAcc < 1, the cells marked with red show the cases 
where the success rate is lower than the base case (minAcc = 
1.0), and the cells marked with green show the cases where the 
success rate increased. In this table we can observe that using 
minAcc = 1 the heuristic is able to find the appropriate cover-
age breakpoint for most of the configurations with no noise. 
Moreover, it is noticeable that the output noise affects the per-
formance of the heuristic.

On the other hand, we can observe that the heuristic fails in 
the cases where there is very high rule overlapping. These prob-
lems are very difficult to solve by the system because of the class 
imbalance [30], so it is not surprising that they are difficult for 
the heuristic as well. Such large overlapping makes the heuristic 
think that the k is smaller than the real one. In the case of a syn-
thetic problem like the k-DNF, where we know the correct 
answer, this is incorrect. However, what the system is trying to 
do is not completely wrong, because it is trying to solve the 
problem with less complex rules compromising the accuracy 
slightly, which in real-life domains can be advantageous. To 
understand better these domains further research focusing spe-
cifically on the rule overlapping scenario is required.

Figure 6 shows an example of the final score grid of the 
heuristic using minAcc = 1 for a problem with k = 5 and r = 20 
with the 4 levels of noise. In each of the four plots (for a differ-
ent level of noise) the vertical stripe corresponds to the 2 points 
that are awarded to the most frequent number of attributes 
observed in the representatives. The curved stripes correspond 
to the scores awarded by the other two criteria of the heuristic. 
In this figure we can see that while the problem increases the 
representatives present a higher number of attributes. When this 
happens this area does not intersect the two other areas, thus 
the heuristic fails to find the appropriate k value. This is 
because the constraint of minAcc = 1.0 is too strict in these 

TABLE 1 Hyper-parameters for the heuristic used to characterize 
and find the coverage breakpoint for k-DNF problems.

HYPER-PARAMETER VALUE

NUMBER OF REPRESENTATIVES NEEDED — R 10 

EVALUATED POPS TO CHANGE p 6 

MOST FREQUENT k IN REPRESENTATIVES — SCORE A 2 

IMBALANCE FUNCTION — SCORE B 2 

PREP FUNCTION — SCORE C 1 

SAMPLE SIZE —  N 500 

If the number of attributes in the terms is k the 
adequate coverage breakpoint to solve the problem is 
2k. This translates the problem of finding the adequate 
coverage breakpoint to finding k.
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cases where the problem has noise. In the cases with noise we 
should take in consideration that good rules will have a good 
accuracy, but not equal to 1. Relaxing this hyper-parameter, as 
we can see in Table 2, helps finding adequate representatives 
for problems with noise. We can observe here that the success 
rate increases in most cases, except when the problem has no 
noise. As we expected to observe, when the problem has 5% 
noise, the best results are obtained using minAcc = 0.95, and 
the same occurs when the problem has 10% noise and we use 
minAcc = 0.9.

Moreover, Table 3 contains the statistical analysis to deter-
mine which value of minAcc is best for the different sets of 
problems, distinguishing them by the amount of noise. In this 
table we can observe that the best method changes as expected, 
and for the problems with high amount of noise (5% and 10%) 
the respective best method (minAcc = 0.95, minAcc = 0.90) per-
forms better than the rest of the configurations.

Based on these results we can state that for problems with 
noise we should use a minimum accuracy equal to the percent-
age of noise observed in the problem. Even though this 

TABLE 2 Probability of success in k-DNF problems with different amounts of output noise and minimum accuracy thresholds 
(minAcc). Cells in bold emphasize the cases where the heuristic was not 100% successful. Cells in green and red emphasize the 
cases where using a lower minAcc value obtained better and worst results, respectively.

minAcc = 1.0 minAcc = 0.95 minAcc = 0.9

PROB d = 20 NOISE LEVEL NOISE LEVEL NOISE LEVEL 

k r 0% 1% 5% 10% 0% 1% 5% 10% 0% 1% 5% 10% 

2 5 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 72.00 100.00 100.00 100.00

2 10 100.00 0.00 0.00 100.00 32.00 64.00 100.00 100.00 0.00 4.00 20.00 100.00

2 20 80.00 4.00 0.00 0.00 32.00 0.00 100.00 0.00 32.00 0.00 24.00 100.00

2 40 0.00 0.00 0.00 0.00 80.00 0.00 0.00 4.00 0.00 96.00 

3 5 100.00 100.00 24.00 0.00 100.00 100.00 100.00 4.00 96.00 100.00 88.00 100.00

3 10 100.00 84.00 44.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

3 20 100.00 0.00 0.00 0.00 16.00 80.00 100.00 0.00 0.00 0.00 12.00 100.00

3 40 100.00 0.00 0.00 0.00 0.00 0.00 100.00 0.00 0.00 0.00 0.00 100.00

4 5 100.00 100.00 68.00 4.00 100.00 100.00 100.00 28.00 100.00 100.00 100.00 100.00

4 10 100.00 96.00 16.00 0.00 100.00 100.00 100.00 0.00 100.00 100.00 100.00 100.00

4 20 100.00 4.00 0.00 60.00 100.00 100.00 100.00 60.00 92.00 100.00 100.00 100.00

4 40 100.00 0.00 0.00 0.00 4.00 24.00 100.00 0.00 0.00 0.00 4.00 100.00

5 5 100.00 100.00 100.00 44.00 100.00 100.00 100.00 44.00 100.00 100.00 100.00 100.00

5 10 100.00 100.00 64.00 0.00 100.00 100.00 100.00 8.00 100.00 100.00 100.00 100.00

5 20 100.00 60.00 8.00 0.00 100.00 100.00 100.00 0.00 100.00 100.00 100.00 100.00

5 40 100.00 4.00 0.00 0.00 100.00 100.00 100.00 0.00 92.00 80.00 100.00 100.00

6 5 100.00 100.00 100.00 60.00 100.00 100.00 100.00 88.00 100.00 100.00 100.00 100.00

6 10 100.00 100.00 100.00 28.00 100.00 100.00 100.00 8.00 100.00 100.00 100.00 100.00

6 20 100.00 100.00 48.00 0.00 100.00 100.00 100.00 0.00 100.00 100.00 100.00 100.00

6 40 100.00 40.00 0.00 0.00 100.00 100.00 80.00 0.00 100.00 100.00 100.00 84.00 

7 5 100.00 100.00 100.00 88.00 100.00 100.00 100.00 92.00 100.00 100.00 100.00 100.00

7 10 100.00 100.00 100.00 28.00 100.00 100.00 100.00 48.00 100.00 100.00 100.00 100.00

7 20 100.00 88.00 100.00 4.00 100.00 100.00 100.00 16.00 100.00 100.00 100.00 92.00 

7 40 100.00 76.00 4.00 0.00 100.00 100.00 92.00 0.00 100.00 100.00 100.00 76.00 

8 5 100.00 100.00 100.00 80.00 100.00 100.00 100.00 76.00 100.00 100.00 100.00 96.00 

8 10 100.00 100.00 100.00 68.00 100.00 100.00 100.00 72.00 100.00 100.00 100.00 100.00

8 20 100.00 100.00 100.00 4.00 100.00 100.00 100.00 12.00 100.00 100.00 100.00 80.00 

8 40 100.00 84.00 92.00 0.00 100.00 84.00 100.00 0.00 100.00 84.00 100.00 44.00 

9 5 100.00 100.00 84.00 48.00 100.00 100.00 92.00 24.00 100.00 100.00 88.00 68.00 

9 10 100.00 100.00 96.00 68.00 100.00 100.00 100.00 72.00 100.00 100.00 100.00 84.00 

9 20 100.00 100.00 100.00 36.00 100.00 100.00 100.00 32.00 100.00 100.00 100.00 92.00 

9 40 100.00 100.00 80.00 4.00 100.00 100.00 80.00 8.00 100.00 100.00 72.00 44.00 
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introduces a new hyper-parameter minAcc, the percentage of 
permitted noise is a much more intuitive hyper-parameter to 
set up than the coverage breakpoint, since it is an structural 
hyper-parameter of the problem, instead of being a hyper-
parameter of the system.

One interesting aspect to notice in Table 2 is that for prob-
lems with larger k, the heuristic seems to fail when the prob-
lem has either too many or too few terms. When the problem 
has too many terms, it is possible to find representatives but 
these representatives are likely to have a large k and this value 
might not intersect with the other two areas, as it was exempli-
fied in Figure 6. Moreover, if the problem has few terms find-
ing a representative becomes very difficult and it is possible that 
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FIGURE 6 Final score grids of the heuristic using minAcc = 1 in a problem with d = 20, k = 5 and r = 20 for the 4 levels of noise.

TABLE 3 Results of the Friedman test performed to 
determine the best minAcc value depending on the noise. 
Control shows which was the algorithm that obtained the 
best ranking. Dominance shows the configurations that are 
significantly worst than the control configuration according 
to the Holm post-hoc test with confidence threshold 0.05.

CONTROL

d NOISE p-VALUE 1.0 0.95 0.9 DOMINANCE

20 0% 0.00050 ) 0.9 

20 1% 0.00100 ) 1.0 

20 5% 1.895E-07 ) 1.0, 0.9 

20 10% 1.119E-11 ) 1.0, 0.95 
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the system does not find any representatives 
during the search process. In this case the 
mechanism will only rely on the imbalance 
metric to make a decision.

Our hypothesis is that these difficulties can 
be tackled by changing the selection policy of 
the k when there is not a single cell where the 
three metrics have intersected. Moreover, adjust-
ing the minimum accuracy along the search 
process or a more granular step size in the adaptation of p could 
help obtain better results by finding representatives when this 
task is very difficult. More experimentation is needed to validate 
these hypotheses.

Based on these results, we can conclude that our hyper-param-
eter setting mechanism is able to find the appropriate k value for a 
wide variety of binary problems, including problems with noise. 
We explore next the computational overhead of our approach.

6.1.2. Computational Effort of the Heuristic
As we already explained in previous sections, our hyper-parame-
ter control method involves an additional computational effort 
before the learning process. This extra effort of the heuristic 
includes the evaluation of the randomly initialized individuals 
used to find the adequate representatives plus the number of eval-
uations needed to prune the representatives.

Figure 7 shows the additional effort incurred by our approach 
for problems with no noise using a minAcc = 1.0. The effort is 
shown in terms of the number of rule evaluations (matching the 
rule against the complete training set and computing its accuracy). 
Execution time is not shown as it is proportional to the number of 
evaluations. In this figure, we can observe that while the k increases 
it becomes more expensive to run the hyper-parameter setting 
approach and more iterations are needed to find representatives.

Moreover, it is also noticeable a spiking behavior in the 
additional effort. This behavior is clarified by Figure 7(b), 
which shows the frequency in which each value of p is select-
ed. As it was explained before, our approach also adapts the p 
value to increase the probability of finding representatives 
when this task becomes very difficult. As we can see, the dif-
ferent stages in the behaviour of the effort observed in Figure 7 
correspond to the transition stages between different values of 
p. When the system uses a smaller p the additional effort to 
find representatives becomes smaller. A further evaluation of 
the computational effort of the heuristic is available at [67].

6.2. Evaluation on a Real-world Problem
In order to test the performance of our method over real-world 
domains, we selected a binary protein structure prediction prob-
lem already used in [52]. Specifically, the problem being addressed 
is called contact number prediction. In this problem, for each amino-
acid of a protein’s sequence, the goal is to predict the number of 
other amino-acids that in the folded protein state are located at a 
distance less than a threshold d. In this case the contact number is 
binarised to (high/low) states to convert the problem into a bina-
ry classification dataset. The contact number state of an amino-

acid is predicted from information about itself and its immediate 
±4 neighbors in the protein sequence. The information about 
each amino-acid (which roughly captures the hydrophobicity 
physico-chemical property of the amino-acid) is represented by a 
binary variable generated with the method presented in [52]. 
Hence, each instance in the dataset is represented by 9 binary 
attributes. This dataset has a total of 257,560 instances.

It is worth mentioning that this problem has a very high noise 
ratio, and there are no possible rules that have 100% accuracy. 
Therefore, in order to test the heuristic we have to relax the mini-
mum accuracy required for the classifiers to be representatives to 
0.7. This is the maximum value for minAcc for which our heuris-
tic could actually identify representatives. The rest of the heuristic 
is applied to this dataset exactly as in the k-DNF datasets.

In this section we are going to analyze the results obtained 
with our approach by comparing them with an exhaustive 
experimentation to determine the adequate coverage break-
point. In the exhaustive search we used coverage breakpoint 
values ranging from 2 2-  to 2 9-  (as this is the maximum possi-
ble since the problem has 9 attributes), and different values of p 
(0.75, 0.5 and 0.25). Since we are dealing with a real problem 
without a known structure, we don’t know ahead of time what 
is the appropriate k for the dataset. Hence, the verification is 
going to be experimental by running the whole BioHEL algo-
rithm, and determine the success of the heuristic based on the 
obtained test accuracy. The hyper-parameters for the BioHEL 
system are the ones uses in [27] except only for three hyper-
parameters shown in Table 4. The “Initial MDL TL ratio” is 
used in the heuristic proposed in [59] to automatically tune the 
W hyper-parameter of BioHEL’s fitness formula (equation 1). 
This hyper-parameter defines the expected contribution 
that the TL part of the fitness formula should have in good 
rules. The “number of windows in ILAS” is used within the 
Incremental Learning with Alternative Strata (ILAS) scheme 
employed by BioHEL to speed up its fitness evaluations. In ILAS 
the training set is divided into a certain number of strata, called 
windows. Each GA iteration uses a different window for its fit-
ness computations using a round-robin policy.

For the analysis of the results, we will first apply a Wilcoxon 
pairwise test [68] to determine if there are significant differenc-
es between using different coverage breakpoints in this problem 
and which is the most adequate hyper-parameter value to solve 
it. Having found the adequate coverage breakpoint, we will 
then compare it with the results obtained by our approach. The 
results are going to be analyzed in terms of accuracy, execu-
tion time and convergence time of both methodologies.

We present an additional test of our approach over a 
binary protein structure prediction problem already 
used by [52] which constitutes an interesting challenge 
for our approach due to the high levels of noise found 
in the problem.
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Regarding the dataset, this problem was separated in 10 
training and test sets for ten-fold cross-validation. Each one of 
these problem instances was run with 5 different seeds, so the 
results are the average of 50 runs.

Table 5 shows the results in terms of accuracy, average time 
per run and the total time of the experiments when applying 
different coverage breakpoints of the type cov 2 k= -  where 

{ .. }k 2 9= . In this table, we can see that the coverage break-
point that obtains the best results in terms of accuracy is 2 9- . 
Also, for this problem there are no differences between using 
different values of p in terms of accuracy or execution time. 
Moreover, in Table 6 we can see that the coverage breakpoint 
2 9-  is not significantly different than applying other values 
such as 2 7-  or 2 8- . However, the maximum average accuracy 
is obtained with the smaller coverage breakpoint.

In Table 7 we can observe the results obtained with our 
approach. Using a minimum accuracy of 0.7 the system 
determined that the k of the problem is equal 9 in the 
majority of the cases and applying the corresponding cover-
age breakpoint we obtain an accuracy equal to our best 
results in preliminary experimentation. We also tested a more 
relaxed minAcc value without obtaining good results. Based 
on this results we can conclude that the heuristic, when 
using the appropriate noise ratio, is able to categorize this 
real problem correctly and determine the appropriate cover-
age breakpoint automatically.

Regarding the computational time, the total 
amount of CPU time invested in performing 
the preliminary experiments with the different 
coverage breakpoints and different values of p is 
equal to .285 hours. On the other hand, the 
amount of time invested in running the experi-
ments automatically setting the coverage break-
point, using different minAcc values and 
including the whole learning process was .
81 hours. This constitutes 28% of the time 
invested in the preliminary experiments, which 
means a reduction of 71% in the total experi-
mental time.

Moreover, our method also adapts the 
value p, the probability of setting the bits 
to 1 in the GABIL representation. Fig-
ure  8 reports the average accuracy of the 

TABLE 4 Hyper-parameters for the BioHEL system and the 
heuristic to determine the problem structure.

BIOHEL HYPER-PARAMETER VALUE

GA ITERATIONS 50 

INITIAL MDL TL RATIO 0.025

NUMBER OF WINDOWS IN ILAS 20 

HEURISTIC HYPER-PARAMETERS VALUE

SAMPLE SIZE — N 1000 

NUMBER OF REPRESENTATIVES NEEDED — R 20 

TABLE 5 Results over the binary PSP problem using fixed 
coverage breakpoints (where cov(k) = 2-k) and different  
p values.

cov (k) 
TEST 
 ACCURACY (%) AVERAGE TIME (s) TOTAL TIME (s)

p = 0.75 2 70.15±0.96 244.67±120.89 12233.71

3 70.27±0.84 427.00±207.95 21350.19

4 71.46±0.56 378.64±207.36 18932.08

5 71.79±0.47 386.40±147.90 19319.86

6 72.12±0.45 640.26±238.88 32013.22

7 72.32±0.52 874.15±322.80 43707.67

8 72.40±0.47 1469.14±496.96 73457.19

9 72.45±0.47 2526.63±723.67 126331.39

TOTAL TIME (.96.48 H) 347345.31

P = 0.5 2 70.15±0.96 247.72±101.81 12385.91

3 70.27±0.84 342.26±180.62 17112.77

4 71.47±0.56 390.89±208.98 19544.62

5 71.79±0.47 398.20±180.34 19909.83

6 72.12±0.45 639.17±240.29 31958.73

7 72.31±0.53 896.59±287.78 44829.29

8 72.40±0.48 1601.17±445.91 80058.71

9 72.45±0.47 2244.94±650.95 112246.99

TOTAL TIME (.93.90 H) 338046.85

P = 0.25 2 70.46±0.84 239.53±91.12 11976.29

3 70.27±0.84 362.16±191.81 18107.84

4 71.46±0.56 332.23±183.90 16611.51

5 71.80±0.48 409.98±167.93 20498.96

6 72.12±0.45 622.01±230.56 31100.48

7 72.31±0.53 846.66±272.08 42333.25

8 72.40±0.48 1636.27±482.24 81813.37

9 72.45±0.47 2338.56±586.86 116927.77

TOTAL TIME (.94.26 H) 339369.47

TABLE 6 P-values of the Wilcoxon pairwise test to determine significant 
differences between the usage of different coverage breakpoints of the type 2-k 
in the binary PSP problem. The cells in bold indicate the cases where there are 
significant differences.

P-VALUES OF THE WILCOXON PAIRWISE TEST

k 2 3 4 5 6 7 8 

3 0.52092 — — — — — —

4 2.9E-07 1.2E-08 — — — — —

5 1.5E-11 2.9E-11 0.01510 — — — —

6 4.9E-15 4.9E-15 2.5E-06 0.00265 — — —

7 < 2E-16 < 2E-16 1.0E-08 0.00016 0.21071 — —

8 < 2E-16 < 2E-16 6.1E-10 6.1E-06 0.05857 0.57281 —

9 < 2E-16 < 2E-16 7.5E-11 2.8E-06 0.01079 0.21071 0.57281
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best rule along the 50 iterations of the GA with different p 
values. So far the use of adapting this hyper-parameter was 
just to find representatives during the hyper-parameter 
control stage, but as this figure shows, using p = 0.25 
makes the system find good classifiers quicker (although all 
three values of p eventually manage to learn the correct 
rules). This is because in this particular problem using a 
small value of p increases the odds of finding representatives. 
The spiking behavior in the figure is a normal phenomena 
due to the usage of ILAS windowing scheme [59], and it is 
not related to the approach presented in this paper.

In this sense, we can say that the heuristic reduces the 
computational time needed to set up the algor ithm 
properly, which for large problems can constitute a con-
siderable amount of CPU time. Moreover, it adapts other 
hyper-parameters of the system, such as the p value, 
which helps finding good rules quicker within the 
genetic algorithm.

7. Discussion and further work
The initial objective of this paper was to 
design an automatic procedure to learn the 
structure of the problem and set the coverage 

breakpoint hyper-parameter in the BioHEL 
learning system for (a broad class of) binary classification 
domains. Our proposed approach does this by using simple 
models that correlate the behaviour of the system and charac-
teristics of the data to the problem structure. Our thorough 
experiments show that our procedure is able to successfully 
estimate the problem’s structure (k and r) in binary problems 
with noise (using many variants of the k – KDF family of 
boolean functions) and in a real-world problem of protein 
structure prediction.

Using this method we are able to set up the coverage break-
point hyper-parameter in BioHEL, facilitating in this way the 
learning process, reducing the computational time of prelimi-
nary experiments and making the system easier to use to an 
end-user. The final validation stage using a challenging pro-
tein structure prediction problem showed that the heuristics 
works for large real-world problems as well, managing to 
reduce the total experimental time by 71%. Moreover, our 
approach also adapts other hyper-parameters like p, the prob-

ability of settings bits to 1 in the GABIL 
representation, which can help finding 
good rules faster within the GA. And while 
the objective of this heuristic is to automat-
ically tune crucial hyper-parameters of Bio-
HEL, we are aware that we are introducing 
several new hyper-parameters. In our 
experimentation we show that most of 
these can remain at fixed values and still 
obtain good performance. The only crucial 
hyper-parameter to set up is minAcc, that 
specifies that minimum accuracy that the 
sample of initial rules should have to 
become representatives. As we argue in the 
paper, our view is that this hyper-parame-
ter is much more intuitive to set up as it 
relates to the uncertainty of the dataset 
rather than being specific to the machine 
learning algorithm.

While the heuristic is designed with a 
specific system in mind, BioHEL, we 
believe that these design principles can be 
adapted to other machine learning algo-
rithms to develop equivalent heuristics. 
First, the methodologies presented in this 
paper to find the structure of the problem 
can be extended to other systems by using 
models developed particularly for these sys-
tems based on the characteristics of the 
problem. Knowing in advance the charac-
teristics of the problem at the beginning of 
the learning process can be advantageous 

0.54

0.56

0.58

0.60

0.62

0.64

0.66

0.68

0.70

0 5 10 15 20 25 30 35 40 45 50

A
cc

ur
ac

y 
B

es
t C

la
ss

ifi
er

Number of Iterations

p = 0.25
p = 0.50
p = 0.75
Heuristic

FIGURE 8 Average accuracy of the best classifier during the 50 iterations of the GA using 
different values of p.

TABLE 7 Performance of the heuristic over the binary PSP problem.

MIN ACC k p TEST ACC AVE. EXEC TIME TOTAL TIME

0.7 8.98±0.14 0.28±0.08 72.45±0.47 2913.93±1356.41 145696.66

0.6 5.62±1.12 0.73±0.06 71.94±0.74 902.29±382.38 45114.63 

TOTAL TIME (.80.94 h) 291393.32 

The heuristic reduces the computational time  
needed to set up the algorithm properly.
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to guide the search and also set hyper-parameters within the 
system. For instance, in the GAssist system [59] an adapted heu-
ristic could be used to set the minimal rule set size penalty and 
the minimal number of rules for the rule deletion operator. For 
XCS, estimations of k could be used to automatically set up 
some of its hyper-parameters (e.g. mutation rate, population 
size), using the models proposed in [22]. Moreover, an adapta-
tion of this heuristic could be used to seed the initial popula-
tion, as suggested in [64].

The approach we decided to take in this paper is quite 
different from the AutoML approaches which broadly 
speaking (as explained in the related work section), apply a 
wrappers on top of the machine learning algorithm. These 
approaches have shown to be effective across many different 
domains but all they give you is the set of optimal hyper-
parameters (or, in cases like TPOT, also the features select-
ed) to maximize predictive performance. Our approach, 
while requiring a deep knowledge of the knowledge repre-
sentation used within BioHEL, is able to estimate knowl-
edge about the structure of the problem being studied, and 
at the same time as making the process of algorithm tuning 
easier for the users, is able to provide them with insight 
about the data.

Moreover, there are several potential lines to extend this 
work. Firstly, we would like to extend this approach to problems 
with |-ary discrete2 and continuous attributes. In the case of 
|-ary attributes, the coverage would not only depend on k but 
would also depend in the number of values activated in an attri-
bute (number of 1s in the GABIL representation), while for con-
tinuous domains coverage depends also on the size of the 
intervals, and would require a substantial (and challenging) 
rewrite of all the probabilistic models. If we can apply this heu-
ristic to a more broad class of datasets then we can revisit our 
observations that most of the heuristic’s parameters can remain 
fixed. Moreover, it would be interesting to investigate policies of 
selecting the k for the cases in which there is no single cell 
where the three metrics intersect. In these cases probably it is 
better to select a k based on the average of the cells that obtained 
the highest score. In relation to the tuning of the minAcc hyper-
parameter of our heuristic, there are recent approaches to esti-
mate the uncertainty of dataset labels [69], while it would also be 
interesting to revisit the use of complexity measures for classifica-
tion datasets [49] to reliably estimate appropriate values for such 
hyper-parameter. As our experiments show, our heuristic strug-
gles in scenarios with high rule overlap because k is underesti-
mated as we are not able to identify good representatives. To this 
aim it would be interesting to explore how we could use absump-
tion mechanisms [70] and other types of local search operators 
[65] to generate better representatives while keeping the compu-
tational effort of the heuristic under control.

Finally, a more extensive analysis of the additional effort 
required by this heuristic should be carried out, focusing on how 
the hyper-parameter R (target number of representatives to be 

generated) and the space sampling can reduce or regulate the 
extra computational effort, and estimating what is the worse-case 
effort that the heuristic would require. In relation to the adapta-
tion of these approaches to other machine learning algorithms, 
we have pointed above several potential scenarios where this 
adaptation could take place. In such case this heuristic probably 
should be rewritten to become much more modular, and be able 
to separate the method/representation-specific components from 
those that could be reused across ML algorithms.
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Abstract—Depression is considered a serious medical condi-
tion and a large number of people around the world are suf-
fering from it. Within this context, a lot of studies have been 
proposed to estimate the degree of depression based on dif-
ferent features and modalities, specific to depression. Support-
ed by medical studies that show how depression is a disorder 
of impaired emotion regulation, we propose a different 
approach, which relies on the rationale that the estimation of 
depression level can benefit from the concurrent learning of 
emotion intensity. To test this hypothesis, we design different 
attention-based multi-task architectures that concurrently 
regress/classify both depression level and emotion intensity 
using text data. Experiments based on two benchmark datas-
ets, namely, the Distress Analysis Interview Corpus - a Wizard 
of Oz (DAIC-WOZ), and the CMU Multimodal Opinion 
Sentiment and Emotion Intensity (CMU-MOSEI) show 
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that substantial performance improvements can be achieved 
when compared to emotion-unaware single-task and multi-
task approaches.

1. Introduction

Depression is a common mental disorder that causes 
people to experience depressed mood, loss of inter-
est or pleasure, feelings of guilt or low self-worth, 
disturbed sleep or appetite, low energy, and poor 

concentration [1]. It is the predominant mental health prob-
lem worldwide, followed by anxiety, schizophrenia and bipo-
lar disorder [2]. In 2013, depression was the second leading 
cause of years lived with a disability worldwide, and in 26 
countries, depression was the primary driver of disability [2]. 
More than 300 million people are now living with depres-
sion, an increase of more than 18% between 2005 and 2015.1

Depression lasts between 4 and 8 months on average and 
can actually change one’s ability to think, impair attention and 
memory, as well as debilitate information processing and deci-
sion-making skills. It can also lower one’s cognitive flexibility 
and executive functioning. As a consequence, in extreme cases, 
depression may be characterized by thoughts of death and sui-
cide. Approximately 800,000 people suffering from depression 
die due to suicide yearly and the annual number of death cases 
due to depression is on the rise.2
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There are many possible causes of depression, including 
faulty mood regulation (for example, inability to deal with fail-
ure and rejection), genetic vulnerability, stressful life events (for 
example, divorce, death of a family member, childhood trauma), 
and medical problems. It is believed that several of these forces 
interact to bring on depression [3].

A depression diagnosis is often difficult to make because 
clinical depression can manifest in many different ways. Observ-
able or behavioral symptoms of clinical depression also may 
sometimes be minimal despite a person experiencing profound 
inner turmoil. Diagnosis of depression has traditionally been 
made based on clinical criteria, including patient current symp-
toms and history. This process is widely used but relies on sub-
jective interpretation. To standardize both the data obtained and 
data interpretation, various interview-based instruments and 
non-interview methods exist for screening and testing for 
depression in various clinical settings [4]. In particular, inter-
view-based screening tools include the Hamilton Depression 
Rating Scale (HDRS), the Beck Depression Inventory (BDI), 
the Center for Epidemiologic Studies Depression Scale (CES-
D), the Hospital Anxiety and Depression Scale (HADS), and the 
Montgomery and Asberg Depression Rating Scale (MADRS).3

The Patient Health Questionnaire (PHQ) [5] has been 
established as a valid diagnostic and severity measure for 
depressive disorders [6]. In particular, PHQ-8 contains eight 
questions, whose answers range from 0 (not at all) to 3 (nearly 
every day), to provide an overall mark between 0 and 24, that 
estimates the level of depression. Different versions of the PHQ 
exist, such as PHQ-8, PHQ-9 and PHQ-15, containing 8, 9 
and 15 questions respectively. The PHQ-9 is the most widely 
used questionnaire [6], but researchers generally use PHQ-8, 
which consists of all the PHQ-9 questions except for the last 
one (a question on suicidal thoughts). The absence of the ninth 
question has little effect on scoring between the PHQ-8 and 
PHQ-9. Studies found that scores between the two tests are 
highly correlated [7].

However, filling these forms is a tedious task that can be 
perceived as insuperable by many patients, thus leading to a 
great deal of medically unfollowed patients. Moreover, due to 
the increasing number of patients suffering from mental health 
diseases, the average time for a medical consultation has drasti-
cally decreased over the last decade, leading to both patients’ 
and therapists’ frustration and limiting the number of inter-
view-based screening acts.

Effective treatments for depression are available, however, 
only fewer than half of those affected in the world undergo 
with such treatments. In some countries, this number can go 
down to less than 10%. Possible reasons for this may be lack of 
resources, lack of trained health-care providers, social stigma 
associated with mental disorders and also an inaccurate assess-
ment. Simultaneously, people who are depressed may not be 
correctly diagnosed, and others who do not have the disorder 

are too often misdiagnosed and prescribed antidepressants. The 
above facts prove that there is a steadily increasing global bur-
den of depression and mental illness. Thus development of 
more advanced, personalized and automatic technologies for 
the detection and estimation of depression is highly essential.

In order to help therapists in their diagnosis, a great deal of 
studies have been proposed for the automatic estimation of 
depression level based on different features over various modal-
ities, such as text, vision and acoustics [8]–[10]. All these meth-
odologies focus on the improvement of single-task learning 
models, trying to increase the performance by better character-
izing depression itself. However, some studies in mental health 
have shown that depression is a disorder of impaired emotion 
regulation [11], [12]. In particular, patients with major depres-
sion are often unable to control their emotional responses to 
negative situations, and overuse emotional expressions of sad-
ness, disgust or fear. As a consequence, we hypothesize that the 
estimation of depression level can benefit from the concurrent 
learning of emotion intensity, which can be evaluated on a 
[0,3] scale for the six emotions of Ekman [13] - happiness, sad-
ness, anger, fear, disgust and surprise. So, we propose to use the 
text data provided in the interviews of the different datasets 
(depression and emotion) to concurrently estimate depression 
level and emotion intensity, expecting that both tasks have 
common backgrounds and can boost performance over single-
task processing. For illustration, we show below sentences that 
are indicative of depression.

Interviewer:” How easy was it for you to get used to living in Los 
Angeles?”
Participant:” It was not easy for me. It took about three years.”
Interviewer:” Can you tell me about that?”
Participant:” Umm… just the move. I moved away from my family 
so I was uncomfortable. I didn’t know anyone here and even though I 
did make friends I just felt out of place.”

To test our hypothesis, we particularly explore three differ-
ent multi-task architectures that concurrently regress/classify 
both depression level and emotion intensity using textual 
modality exclusively. Thus, (1) the fully-shared, (2) the shared-
private and (3) the adversarial shared-private models are 
designed, following the ideas of [14]. However, we include an 
attention layer in the last two models, to let the network decide 
by itself the weights of the private and shared representations in 
the decision process. We extend the multi-task architectures to 
three tasks, which include depression level regression, depres-
sion level classification4 and emotion intensity regression, thus 
extending the ideas of [15], who have shown that depression 
level classification and depression level regression can be com-
plementary in the decision process.

An exhaustive series of experiments using these models are 
carried out using two benchmark datasets: the Distress Analysis 
Interview Corpus - a Wizard of Oz (DAIC-WOZ) [16], and the 

3Recommendation of the French Haute Autorité de la Santé For more information, 
go to https://bit.ly/2EaOs92. 4For that purpose, discretization follows medical scales.
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Carnegie Mellon University-Multimodal 
Opinion Sentiment and Emotion Intensity 
(CMU-MOSEI) [17]. Although both datasets 
contain multimodal (text, vision, acoustics) 
information, we exclusively focus on the text 
modality, as [9] showed that lexical models per-
form reasonably well to monitor depression 
level. Overall results for both depression level classification and 
regression show that notable performance gains can be obtained 
by emotion-aware models, when compared to emotion-unaware 
single-task (ST) and multi-task (MT) baseline approaches.

With such studies, we expect that in a near future systems can 
be built that automatically detect depression, thus playing a great 
role in supporting the therapist’s diagnosis. Such applications may 
also help in early detection of clinical depression by suggesting 
the sufferer to consult a psychiatrist. We anticipate that our work 
may reduce cases of late treatment for clinical depression.

2. Related Works
Due to the impulse for the development of automatic technolo-
gies that can aid the detection of mental health disorders, a great 
deal of research studies in Computer Science have been emerg-
ing over the past few years [18]. Within this particular context, the 
automatic detection of depression level has received major focus.

Initial initiatives targeted the understanding of relevant non-
verbal descriptors that could be used in machine learning 
frameworks such as gaze, smile, self-touches and heart-rate 
descriptors [19]. Other non-verbal descriptors include acous-
tics. Within this context, [8] focused their research on finding 
how common paralinguistic speech characteristics are affected 
by depression, namely prosodic, source, formant and spectral 
features. With respect to verbal descriptors, [20] hypothesized 
that researchers should look beyond the acoustic properties of 
speech and build features that capture syntactic structures and 
semantic contents. Following these ideas, [9] showed that classi-
fication performance suggests that lexical models are reasonably 
robust to play an important role in the diagnosis and monitor-
ing of depression. But, the analysis also suggests that users may 
be able to fool algorithms by avoiding direct discussion of 
depression. Some other interesting work directions using text 
features include the study of social media [21], eventually using 
specific corpora tuned for such tasks [22].

More recently, new solutions proposed to combine verbal 
and non-verbal descriptors (or modalities) within a single 
learning model [10], [23]. Although the idea is seducing as it 
can be viewed as a way of avoiding fooling behaviors, the first 
results were mitigated [24]. But, recent studies [25] evidence 
successful results. It is also interesting to notice that non-Deep 
Learning approaches have been proposed but with less success-
ful results [26]. This may suggest that Deep Learning tech-
niques are able to capture high-level features and long-term 
dependencies at levels not seen before.

All previous related works focus on finding better descrip-
tions of depression characteristics based on verbal and/or non-
verbal indicators. In this paper, we aim to investigate the effect 

of simultaneously learning related tasks such as depression level 
and emotion intensity estimation. As stated in the study of [27], 
simultaneous learning of every task combination is not beneficial, 
but, tasks having cognitive similarities often get benefited from 
concurrent learning. In recent years, multi-task learning frame-
works have become powerful in solving different NLP tasks [27], 
[28]. The possible reasons for this success (i.e. learning the deci-
sion boundaries of related tasks) are: (1) knowledge transfer across 
tasks in the form of generating more robust representations and 
(2) the use of more training data. In [29], it has also been dis-
cussed that multi-task learning can act as a regularization process 
which avoids overfitting by maintaining competitive perfor-
mance across different tasks. In particular, a multi-task framework 
has recently been proposed by [15] who explore in concurrently 
learning depression level classification and regression. Inspired by 
the success of such models, we propose to compare three multi-
task learning models (fully-shared, shared-private and adversarial 
shared-private) that combine three concurrent tasks: depression 
level classification, depression level regression and emotion inten-
sity regression. Indeed, as depression can be viewed as the 
impaired regulation of emotion intensity, it is likely that better 
models can be built based on the concurrent learning of depres-
sion level and emotion intensity estimations.

3. Methodology
In order to estimate the level of depression and the intensity of 
emotions concurrently, we propose three different multi-task 
architectures that take as input the transcript files from the 
DAIC-WOZ [16] and the CMU-MOSEI datasets [17]. These 
datasets are described in detail in section 4. In the following 
subsections, we describe the tasks to be handled, the prepro-
cessing steps and the multi-task architectures.

3.1. Learning Tasks
In this section, we define the three tasks used in our experi-
ments: depression level regression, depression level classification 
and emotion intensity regression.

Depression Level Regression (DLR). Given the interview tran-
script associated with a patient, we predict its PHQ-8 score. 
This can be modeled as a simple regression task, where a score 
in the range of [0-24] must be predicted.

Depression Level Classification (DLC). In this task, we discretize 
the PHQ-8 score, which ranges from 0 to 24, into five classes 
of equal length: [0-4], [5-9], [10-14], [15-19], and [20-24].5 We 

5 More details about this process are given in section 4.

Since depression is a disorder of impaired emotion 
regulation, we hypothesize that its automatic 
diagnosis can benefit from the concurrent learning  
of markers of depression and emotions.
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now treat this problem as multi-class classification, where a class 
is predicted given the interview transcripts. Note that this task 
is highly correlated to DLR.

Emotion Intensity Regression (EIR). In the CMU-MOSEI datas-
et, the emotion intensity is labeled at sentence-level, in contrast 
to transcript-level for depression estimation. Each sentence has 
a 6-D vector label, that contains scores in the range [0-3], for 
the six Ekman’s emotions.6 Note that in this dataset, many of 
the transcripts do not have labels for all its sentences. For such 
transcripts, we append a 0 on top of the labels of all the labeled 
sentences (representing that some emotion is exhibited in the 
utterance), and we manually label all the unlabeled sentences 
with [1,0,0,0,0,0,0], where 1 denotes that no emotion is exhib-
ited in the utterance. As such, each sentence is labeled by a 7-D 
vector. If there are T sentences in a transcript, its label matrix is 
of 7×T dimension. So, given the monologue transcript, we 
must predict this 7×T matrix.

3.2. Sentence Preprocessing and Encoding
The initial step of our methodology aims to preprocess and 
encode each sentence of the respective transcripts.

Sentence Preprocessing. In DAIC-WOZ, many participants speak 
colloquially. So, we formalize all utterances by replacing con-
tractions with corresponding full words. The sentences may also 
contain filler words such as “umm” or “hmm”. We let them 
remain unchanged, as they may be important features to esti-
mate depression. No preprocessing was required for the sen-
tences in CMU-MOSEI, as they are already clear and formal.

Sentence Encoding Network. Inspired by the success of the uni-
versal sentence encoder [30] in finding semantic similarity 
between two sentences, we use its transformer variant to 
encode the sentences of the transcripts. It encodes a sentence 
using the encoding sub-graph of the transformer architecture. 
This sub-graph uses attention to compute context-aware repre-
sentations of words in a sentence that take into account both 
the ordering and the identity of all the other words. The con-
text-aware word representations are converted to a fixed-length 
sentence encoding vector by computing the element-wise sum 
of the representations at each word position. The encoder takes 
as input a lower-cased Penn Treebank tokenized string and 
outputs a 512 dimensional vector as the sentence embedding. 
As there are different numbers of sentences in different tran-
scripts, we left-pad all the transcripts with 512-D zero-vectors, 
to a common length.

3.3. Learning Architectures
We describe three different multi-task models with respect 
to three tasks DLR, DLC and EIR. The three multi-task 
models are the Fully-Shared (FS MT.), the Shared-Private 
(SP MT.), and the Adversarial Shared-Private (ASP MT.). 

Each of the multi-task architectures has been designed for a 
combination of DLR, DLC and EIR, which are DLR-DLC, 
DLC-EIR, DLR-EIR and DLR-DLC-EIR. Note that the 
inputs of each model are the encoded sentences. We also 
implement a series of single-task models (ST.) for each of 
DLR, DLC and EIR.

Single-Task (ST.). The single-task model consists of a one-to-
one Long Short Term Memory (LSTM) network [31], that 
encodes the transcript. The LSTM unit was chosen as the 
recurrent unit because it is very efficient in modeling long 
dependencies in time series data. In particular, LSTM networks 
are a special kind of recurrent neural network capable of learn-
ing long-term dependencies. As stated by [32], LSTM networks 
are the state-of-the-art structures for NLP tasks, as they have 
the ability to retain data through many time steps, a feature 
which no other deep neural networks have.

The output from the LSTM network (which may be the 
individual outputs of all sentences7 or the sum of the outputs 
from all the LSTM units8) is fed to a set of fully connected and 
dropout layers. The output representation is then passed on to 
one or more (depending upon the task) linear regression units, 
in case the task is regression, or to a softmax classifier, in case 
the task is classification.

Fully-Shared Multi-Task (FS MT.). The fully-shared multi-task 
model consists of one LSTM network, that acts as the shared 
space for all the tasks. The outputs (or their summation, for 
DLC and DLR) from this LSTM network are fed to a task-
specific network of fully connected and dropout layers. The 
representation obtained from this network is passed on to the 
output layer, which is a single linear regression unit for DLR, a 
5-class softmax layer for DLC, or a layer of 7 regression units, 
in case the task is EIR.

This architecture forces the LSTM network to learn both 
the shared and task-specific features, as shown on the right side 
of Figure 1. Indeed, it does not have any facility to separate 
both shared and private spaces. The main drawback of this 
architecture is that it is bound to fail for increasingly less-corre-
lated pairs of tasks, as the LSTM network is likely to fail to 
capture the task-specific features of all the tasks, if they are not 
enough correlated. However, in case tasks are heavily correlat-
ed, this network is expected to perform well.

Shared-Private Multi-Task (SP MT.). The shared-private 
multi-task model consists of three LSTM networks - two task-
specific and one shared. All of the networks have the same 
number of units. In particular, the input of a task is fed to the 
task-specific and the shared LSTM network. The outputs from 
the task-specific and the shared LSTM layers are fused using an 
attention fusion mechanism [33], to obtain a fusion vector. The 
attention fusion network is explained further in this section. 
This fusion vector is then fed to a network of fully-connected 

6 Further details of the dataset are given in section 4.

7 This is the case for EIR as labels are given at sentence level.
8This is the case for DLR and DLC as labels are given at text level.
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and dropout layers, whose output is fed to the task-specific 
output layer.

This architecture, presented in Figure 2, improves over the 
fully-shared multi-task architecture by providing an infrastruc-
ture that has separate spaces for task-specific and shared fea-
tures. But this too may have drawbacks. The shared feature 
space could contain some unnecessary task-specific features, 
while some shared features could also be mixed with the pri-
vate space, thus suffering from feature redundancy as shown on 
the right side of Figure 2.

Adversarial Shared-Private Multi-Task (ASP MT.). Inspired by 
the results obtained by [14], [28], we design a similar architecture 
with two modifications. The adversarial shared-private multi-task 
architecture consists of three LSTM networks, that is, two task-
specific and one shared, all of which have the same number of 
units. The input of a task is fed to the task-specific and the shared 
LSTM networks. The outputs from the task-specific and the 
shared LSTM layers are then fused using the attention fusion 
mechanism, oppositely to [14], [28], who use concatenation.

The output from the shared LSTM layer is also fed to a net-
work ND of fully-connected dropout and softmax layers. This 
network outputs the task label (for example, if there are two 
tasks T1 and T2, the task label for T1 is [1, 0], the task label for 
T2 is [0, 1]). The shared LSTM layers and ND act as an adver-
sarial network, the shared LSTM layer acting as the generator 
and ND acting as the discriminator.

Finally, a Ldiff  loss function acts as an orthogonality con-
straint between private and shared layers and differs from the 
one used in [14], [28]. It is defined in Equation 1, where 1$  
is the L1 norm, H and S are two matrices, whose rows are each 
unit output of the task-specific LSTM network and the shared 
LSTM network, respectively, and m and n are the first and sec-
ond dimensions of H S<  respectively. This definition of Ldiff  
was empirically settled after testing other definitions. The archi-
tecture is shown in Figure 3.

 .L m n
H S 1

diff #
=

<

 (1)

This architecture ensures that the task-specific and shared 
spaces are as separate as possible, as shown on the right side of 
Figure 3. The introduction of the adversarial network (shared 
LSTM - ND pair) removes the possibility of task-specific fea-
tures creeping into the shared-LSTM space. The orthogonality 
constraint ensures that the task-specific and shared spaces are as 
orthogonal as possible, which means the task-specific LSTM 
space should not contain any of the shared features as its space 
should be orthogonal to the shared LSTM space. Note that 
when the tasks are highly correlated, this architecture tends to 
perform poorly, as it would be very tough for the shared 
LSTM (generator) to create such a representation that can fool 
ND (discriminator).

FIGURE 1 Fully-shared multi-task model (FS MT.). FCN stands for fully connected network, EIR for emotion intensity regression and DLC  
(resp. DLR) for depression level classification (resp. depression level regression).
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Attention Fusion Network (AFN.). In attention fusion, we first con-
catenate the outputs from the task-specific and the shared layers, 
pass them to a network of fully-connected and dropout layers, the 
output of which is passed to a softmax layer. This softmax layer 
outputs two values: taska  and ,shareda  which weight the task-spe-
cific LSTM network and the shared LSTM network, respectively, 
in calculating the final output. So, taska  is multiplied with the out-
put of the task-specific LSTM network, shareda  is multiplied with 
the output of the shared-LSTM network, and the corresponding 
products are summed. This summation represents the fusion vec-
tor. The attention fusion network is shown in 4.

We particularly included the attention mechanism to better 
understand the behavior of each of the task-specific and shared 
features in the decision process. For estimating depression, if 
task-specific embeddings are more important than the shared 
embeddings, then taska  would have a value greater than 0.5, and 

shareda  would be less than 0.5. This would allow the network to 
learn the importance of the shared and task-specific embed-
dings by itself, in order to estimate depression/emotion levels. 
Moreover, networks with an attention mechanism usually per-
form better than their counterpart without attention [34].

Three-task Architectures. The definition of multi-task architectures 
that contain more than two tasks (here DLC+DLR+EIR) may 
not be straightforward in all cases. In the case of the fully-shared 

model, the definition is simple. Each task is solved using the sin-
gle shared LSTM layer. With respect to the shared-private and 
the adversarial shared-private models, different strategies are 
possible. In our case, we take advantage of previous findings, 
namely that highly related tasks should perform better when 
fully-shared architectures are used. So, as DLC and DLR are 
highly correlated, we choose to combine them using a fully-
shared architecture and combine the pair of tasks with EIR 
using the other two possible architectures (SP MT. and ASP 
MT.). The architecture for ASP MT. on three tasks is shown in 
Figure 5, and the SP MT. architecture can easily be inferred 
from the same illustration, by removing the discriminator and 
the orthogonality constraints.

4. Datasets and Learning Setups
In this section, we present two benchmark datasets, namely 
DAIC-WOZ for depression estimation and CMU-MOSEI for 
emotion intensity detection, as well as we define the learning 
setups of our different architectures.

4.1. DAIC-WOZ Dataset
The DAIC-WOZ depression dataset9, that is used in the current 
study, is a subset of the DAIC corpus [16] containing clinical 

9http://dcapswoz.ict.usc.edu/.

FIGURE 2 Shared-private multi-task model (SP MT.). AFN refers to attention fusion network, FCN to fully connected network, EIR to emotion 
intensity regression and DLC (resp. DLR) to depression level classification (resp. depression level regression).
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interviews of situations of psychological distress, which was 
generated by scientists from University of Southern Califor-
nia. These interviews were taken by a computer agent con-
trolled by a human (wizard-of-oz virtual interviewer) who 
interacted with common people asking about their mental 
states and identified different verbal and non-verbal indicators 
for the same. The audio and video recordings and extensive 
questionnaire responses from the interviews are a part of the 
dataset. The data is annotated with a variety of verbal and 
non-verbal features.

189 sessions of dialogues are in the dataset, out of which, 
45 are affiliated with the official test split, whose labels are 
not given. Out of the remaining 144, 6 of them were reject-
ed as they had partial recording and interruptions, prompt-
ing to a final number of 138 samples. The accompanying 
features are (1) a raw audio document of the dialogue ses-
sion combined with its transcript, (2) files gathering coordi-
nates of 68 facial indicators, the histogram of oriented 
gradients (HoG) characteristics of the face, head pose and 
gaze directionality characteristics (extracted with OpenFace 
[35]), (3) a document containing the continuous facial activ-
ity units extracted with CERT [36], and (4) files with the 
COVAREP and formant voice characteristics computed 
with the COVAREP software [37].

As we are only focusing on the text modality, we only 
retain the transcript files that contain the sentences spoken by 
the virtual interviewer and the participant. The class-wise dis-
tribution of our training, development and test splits is sum-
marized in Table 1. Note that medical studies [38] state that a 
PHQ-9 score in the interval [0-4] stands for None-minimal 
depression, in [5-9] for Mild, in [10-14] for Moderate, in [15-19] 
for Moderately severe, and in [20-27] for Severe depression. 
In the particular case of the PHQ-8 score, one question about 
suicidal condition is missing. As a consequence, the exact 
same discretization can be used, where severe depression is in 
the range of [20-24].

TABLE 1 Distribution of the DAIC-WOZ dataset by  
depression class.

CLASS TRAIN + DEV. TEST

NONE-MINIMAL - [0-4] PHQ-8 SCORE 47 16 

MILD -  [5–9] PHQ-8 SCORE 28 5 

MODERATE - [10-14] PHQ-8 SCORE 19 5 

MODERATELY SEVERE - [15-20] PHQ-8 
SCORE 7 6 

SEVERE - [20-24] PHQ-8 SCORE 4 1 

FIGURE 3 Adversarial shared-private multi-task model (ASP MT.). AFN refers to attention fusion network, FCN to fully connected network, EIR to 
emotion intensity regression and DLC (resp. DLR) to depression level classification (resp. depression level regression).
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The DAIC-WOZ dataset, however, has some limitations. 
The number of samples in the entire dataset is small and not 
evenly distributed, with just one sample of the “severely 
depressed” category in the test set. It is clear that further efforts 
are needed to increase such a dataset, although this remains out 
of the scope of this paper. In all cases, all obtained results of our 
study will have to be put in perspective relatively to this small 
amount of learning instances.

4.2. CMU-MOSEI Dataset
The CMU Multimodal Opinion Sentiment and Emotion 
Intensity (CMU-MOSEI) dataset10 comprises 3,228 videos 
from 1,000 different speakers over 250 topics [17]. The videos 
were gathered from an online video platform, where users emit 
their opinions in the form of monologues. Each video contains 
a unique person, who discusses in front of the camera about a 
given topic. Each video can be transformed into three infor-
mation sources: language (spoken utterances), visual (gesture 

10https://github.com/A2Zadeh/CMU-MultimodalSDK.FIGURE 4 Attention fusion network (AFN).
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FIGURE 5 Adversarial shared-private multi-task model (ASP MT.) for three tasks. AFN refers to attention fusion network, FCN to fully connected 
network, EIR to emotion intensity regression and DLC (resp. DLR) to depression level classification (resp. depression level regression).



AUGUST 2020 | IEEE COMPUTATIONAL INTELLIGENCE MAGAZINE    55

 analysis), and acoustics (intonations and prosody). During data 
acquisition, videos were analyzed by automatic face detection 
to verify whether a unique speaker is present. Moreover, only 
the videos where the speaker’s attention is exclusively 
towards the camera were kept. The number of videos ac -
quired from each channel was restricted to 10 to avoid bias 
and all videos must have correct transcriptions provided by 
the speaker. The quality inspection has been made by 14 
expert judges, and 3,228 videos were selected from the 5,000 
initially gathered.

The 3,228 videos were then segmented into 23,453 anno-
tated pieces, where each segment contains a manual transcrip-
tion aligned with audio to phoneme level. The annotation of 
CMU-MOSEI closely follows the annotation rules of the 
CMU-MOSI [39] dataset. In particular, sentences were anno-
tated for Ekman’s six emotions, that is happiness, sadness, anger, 
fear, disgust and surprise, on a [0,3] Likert scale for the presence 
of emotion. As such, 0 stands for no evidence of x, 1 for weakly 
x, 2 for x, and 3 for highly x. With respect to sentiment evalua-
tion, a [-3,3] Likert scale was used such that: -3 is highly nega-
tive, -2 is negative, -1 is weakly negative, 0 is neutral, 1 is 
weakly positive, 2 is positive, and 3 is highly positive. Note that 
in this paper, we do not use the annotation for sentiment evi-
dence. As stated in [17], the annotation was carried out by 3 
crowd-sourced judges from Amazon Mechanical Turk platform, 
where judges were provided with a 5 minutes training video 
on how to use the annotation system in order to avoid extreme 
annotation, and all judges were master workers with an approv-
al rate higher than 98%.

Note that as in CMU-MOSEI each of the 3,228 video 
transcripts contains an average of 7.3 utterances, and in DAIC-
WOZ, the 138 interview transcripts contain an average of 90 
utterances, we randomly selected 517 transcripts from CMU-
MOSEI to reduce imbalance between datasets.

4.3. Learning Setups
With respect to multi-task learning, the task-specific LSTM 
layers are trained alternatively using the entire training split. As 
an example, consider the training of the shared-private multi-
task network for depression level regression and emotion 
intensity regression: SP MT. DLR+EIR. The DLR-specific 
LSTM layer, the shared-LSTM layer, and the corresponding 
attention fusion network and fully-connected network are 
trained for NDLR  epochs without updating the weights of the 
EIR-specific layers. For the next NEIR  epochs, the EIR-specific 
LSTM layer, the shared-LSTM layer, and the corresponding 
attention fusion network and fully-connected network are 
trained without updating the weights of the DLR-specific lay-
ers. Here, NDLR  and NEIR  are treated as hyperparameters. We 
go on training the network in this alternating fashion till a 
maximum number of iterations Ntotal  (the total number of 
times the shared-LSTM layer is trained) is reached. The model 
that shows best performance on the development split over all 
iterations is chosen for testing. The pseudo-code for our train-
ing procedure is shown in algorithm 1.

The architectures have been implemented with Keras11 and 
hyperparameters have been optimized through grid search. 
Note that all learning models are trained on the basis of strati-
fied 5-cross validation, thus keeping the data distribution 
between training, development and test datasets. In particular, 
the best of the 5 models over the development set is applied to 
classify/regress the examples in the test set.

5. Results
In order to test our hypothesis, we perform a series of experi-
ments for three different tasks: (1) Depression Level Regression 
(DLR), which aims to assign a value between 0 to 24 (that is, 
the PHQ-8 score) to a given patient interview transcript, (2) 
Depression Level Classification (DLC), whose objective is to 
identify the correct discrete class of depression level (None-
minimal, Mild, Moderate, Moderately severe, Severe), and (3) 
Emotion Intensity Regression (EIR), which regresses a [0-3] 
value for each of the six Ekman emotions (happiness, sadness, 
anger, fear, disgust and surprise) for a given user transcript.

Five different models serve as baselines. That is, each task is 
first modeled as a single-task problem, and two unaware-emo-
tion multi-task (fully-shared and shared-private) architectures 
are implemented that combine both DLR and DLC.12 Three 
different combinations of emotion-aware multi-task frame-
works are tested, for each one of the three theoretical models 
(fully-shared, shared-private and adversarial shared-private): (1) 
DLC combined with EIR, (2) DLR combined with EIR, and 
(3) DLC combined with both DLR and EIR.13

To evaluate regression/classification results, we use well-
known evaluation metrics that are standard for depression level 
estimation [40]: (1) Accuracy, F1 score and Matthews Correla-
tion Coefficient (MCC) for classification; (2) Root Mean 
Square Error (RMSE), Mean Average Error (MAE), Coeffi-
cient of Determination (R2) and Symmetric Mean Absolute 
Percentage Error (SMAPE) for regression. In particular, we 
include two other metrics (Over and Under), that complement 
Accuracy and evaluate how much a learning model over-eval-
uates (Over) or under-evaluates (Under) the correct result. 
Such metrics are important to understand the behavior of 
learning models. But, as far as we know, they are not present -
ed in related works. For classification, Accuracy, Over and 
Under sum to 100% and are defined in equations 2 and 3. For 

Algorithm 1 FS/SP/ASP MT. T1 +T2  training.

1: n 1total !
2: while n Ntotal total1  do
3:   for n 1T1 !  to NT1  do
4:    Update T1 -specific and Shared weights
5:    n n 1total total! +
6:   for n 1T2 !  to NT2  do
7:    Update T2 -specific and Shared weights
8:    n n 1total total! +

11https://keras.io.
12These baselines correspond to the 5 first rows of Table 2.
13 These models correspond to the 9 last rows of Table 2.
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regression, Over  and Under  metrics quantify average continu-
ous over-evaluation and under-evaluation and are defined in 
equations 4 and 5.
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Finally, for emotion intensity regression, we present a global 
metric MSE  that averages the squared errors over the indica-
tor of the presence of emotion, and all six emotions. It is 
defined in Equation 6. As our main focus is on depression, we 
do not compute emotion-wise metrics, and MSE  acts as a 
global indicator.
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Overall evaluation results are given in Table 2. Note that we 
provide all confusion matrices as supplementary online materi-
al14 to show the overall sketch for DLC.

5.1. Results by Task
DLC can be seen as a coarse-grain task compared to DLR. In 
this paper, we study both tasks contrarily to previous related 
works, which only focus on the fine-grained task.

With respect to DLC, the best results in terms of Accuracy 
are obtained by the emotion-unaware multi-task baseline that 
combines both DLC and DLR, outdoing the best emotion-
aware model by 3.03%. However, best results in terms of 
RMSE and MAE are evidenced by the emotion-aware shared-
private multi-task model that concurrently learns all tasks DLC, 
DLR and EIR. In this case, improvements respectively reach 
23.57% for RMSE and 22.7% for MAE. So, although the base-
line tends to produce more accurate results, incorrect guesses 
largely deviate from the correct answer. Moreover, baseline 
decisions tend to under-evaluate the degree of depression. 
Indeed, for the best baseline model, 90.9% (Under=30.31%) of 
the incorrect guesses are under-evaluated, compared to only 
9.1% (Over=3.03%), which are over-evaluated. In comparison, 
the emotion-aware model tends to over-evaluate depression 
levels in 66.6% (Over=24.24%) of the incorrect cases, and 

TABLE 2 Overall classification results including single-task (ST.) models as well as fully-shared multi-task (FS MT.), shared-private 
multi-task (SP MT.) and adversarial shared-private multi-task (ASP MT.) models. Acc., Ov. and Un. metrics are given in % and 
respectively correspond to accuracy, over and under. F1 stands for F1 score, MCC for Matthews correlation coefficient. RMSE refers 
to root mean squared error, MAE to mean average error, R2 to coefficient of determination, SM. to the symmetric mean absolute 
percentage error and Ov.  and Un.  to over-evaluation and under-evaluation metrics for regression. MSE  stands for average mean 
squared error.

EVALUATION METRICS

MODELS DLC DLR EIR

ACC. F1 MCC RMSE MAE OV. UN. RMSE MAE R2 SM. Ov. Un. MSE

BASELINES WITHOUT EMOTION INTENSITY REGRESSION 

ST. DLC 60.61 0.54 0.38 1.31 0.75 3.03 36.36 – – – – – – – 

ST. DLR – – – – – – – 4.90 3.99 0.46 0.97 3.21 5.18 – 

ST. EIR – – – – – – – – – – – – – 7.15 

FS MT. DLC+DLR 66.66 0.62 0.49 1.23 0.66 3.03 30.31 4.96 3.89 0.44 0.98 2.81 5.19 – 

SP MT. DLC+DLR 60.61 0.51 0.39 1.26 0.72 0.00 39.39 4.70 3.81 0.50 0.99 3.39 4.32 – 

MULTI-TASK RESULTS WITH EMOTION INTENSITY REGRESSION

FS MT. DLC+EIR 60.61 0.51 0.42 1.58 0.90 0.00 39.39 – – – – – – 6.98 

SP MT. DLC+EIR 57.57 0.50 0.35 1.27 0.76 6.07 36.36 – – – – – – 7.05 

ASP MT. DLC+EIR 60.61 0.54 0.38 1.26 0.73 9.09 30.30 – – – – – – 7.19 

FS MT. DLR+EIR – – – – – – – 4.60 3.74 0.52 0.99 3.16 4.63 6.88 

SP MT. DLR+EIR – – – – – – – 4.51 3.89 0.54 0.94 3.91 3.85 6.82 

ASP MT. DLR+EIR – – – – – – – 4.72 3.96 0.50 0.94 3.80 4.15 7.08 

FS MT. DLC+DLR+EIR 57.57 0.46 0.38 1.36 0.82 3.04 39.39 4.83 4.03 0.47 0.97 3.13 5.11 6.96 

SP MT. DLC+DLR+EIR 63.64 0.58 0.48 0.94 0.51 24.24 12.12 4.56 3.79 0.53 0.97 3.20 4.59 7.02 

ASP MT. DLC+DLR+EIR 60.61 0.60 0.42 1.14 0.64 12.12 27.27 4.61 3.69 0.52 0.95 2.87 4.81 7.11 

14http://dias.users.greyc.fr/cm.pdf.
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under-evaluates them in 33.3% (Under=12.12%), showing a 
more balanced behavior. In terms of medical decisions, this 
phenomenon can be an important issue, as under-evaluating 
the degree of depression of a given patient may have worst 
consequences than over-evaluating it, although none of these 
cases should be encountered.15

With respect to DLR, the best results overall are obtained for 
the emotion-aware models. In this case, a minimum RMSE=4.51  
is obtained by the shared-private model that combines DLR and 
EIR, and a minimum MAE=3.69 is achieved by the adversarial 
shared-private model that combines DLR, DLC and EIR. Note 
that the best evidenced model for DLC (that is, shared-private 
multi-task model combining DLC, DLR and EIR) shows very 
similar results with RMSE=4.56 and MAE=3.79 for DLR. As a 
consequence, an improvement of 4.04% in terms of RMSE and 
3.14% in terms of MAE can be achieved over the best baseline, 
embodied by the shared-private multi-task model that combines 
DLC and DLR. Interestingly, the emotion-aware models tend to 
show that in case of over-evaluation, the exceeding values are 
smaller for the baselines, a situation that also occurs for under-
evaluation, although values of under-evaluation are larger than 
figures evidenced by over-evaluation. As a consequence, there is a 
tendency of under-evaluation of all models, which may be a 
drawback in terms of medical issue as mentioned above.

With respect to EIR, best results are unexpectedly ob  tained 
for depression-aware models, suggesting that emotion intensity 
regression may also benefit from depression level regression/
classification. In particular, the best improvement is evidenced 
by the shared-private two-task model, which learns DLR and 
EIR concurrently, with MSE =6.82, closely followed by the 
fully-shared model that combines DLR and EIR with MSE
=6.88, evidencing the second best result. As such, an improve-
ment of 4.6% can be obtained compared to the baseline.16

The first results show that emotion-aware models can improve 
the performance of the depression level estimation. In particular, 
the shared-private multi-task model combining DLC, DLR and 
EIR seems the more regular architecture to improve over all three 
tasks on average, as it is highly ranked for all tasks individually 
across all evaluation metrics. Nevertheless, in order to better 
understand these results, we propose a class-wise analysis.

5.2. Results by Class
The overall idea of the class-wise analysis is to verify whether 
some classes of depression are better handled by the classifiers 
than others. Note that as far as we know, previous related works 
do not incorporate such an analysis and rely exclusively on 
overall results, thus failing to take into account important med-
ical issues. The overall results by class are given in Table 3. Note 
that we do not show all evaluation metrics as it has been evi-
denced in Table 2 that they are all highly correlated.

For that purpose, we present the exact same results of Table 2 
down-described by the 5 classes of depression, which are, 

none-minimal, mild, moderate, moderately severe and severe. 
Although this information is interesting, it must be carefully 
interpreted as the number of test examples is small and not equal-
ly distributed. For example, there is only one test example for 
severe depression, and the DAIC-WOZ dataset contains only 
four such cases. Overall results are presented in Table 3.

Within this context, overall results show high inequalities 
between class. The none-minimal class seems to be well-han-
dled with high accuracy values and respectively low RMSE and 
MAE on average for both DLC and DLR for all models, includ-
ing baselines. Note that the best three-task multi-task model evi-
dences the lowest RMSE and MAE values for this particular 
class, although it fails to correctly classify all examples. Moreover, 
there is a clear tendency for over-evaluation, which is under-
standable as many examples have a PHQ-8 score equals to 0. 
These observations are clearly positive indicators that strong clas-
sification/regression results can be obtained for the class with 
more patients involved both at training and test splits.

On the other side, the severe class shows worst class-wise 
results as none of the models is capable of correctly classifying 
the single example present in the test set. Moreover, almost all 
models fail to correctly estimate this example by a large mar-
gin: two classes difference for DLC, and large RMSE and MAE 
values for DLR, although less expressive values are obtained for 
emotion-aware architectures. Of course, these concluding 
remarks can not be generalized due to the lack of statistical evi-
dence over more examples.

As for the moderately severe class, all models perform 
like-wise in terms of DLC accuracy. However, the emotion-
aware models evidence lower RMSE and MAE values than 
baseline models, thus showing more accurate classification esti-
mations. However, in terms of DLR, huge average under-evalu-
ation values are shown by all models, thus showing the difficulty 
to handle this class in terms of regression. Note that this class is 
the one that evidences worst results overall in terms of RMSE 
and MAE for DLR over all models. In fact, some patients with-
in this class can easily be classified, but others are rather difficult 
to estimate in terms of depression level, and odd low values are 
usually given by the learning model to these cases.

The mild class receives best accuracy levels for the baseline 
model, and the best three-task model clearly fails within this class, 
showing worst results overall in terms of DLC. In this case, emo-
tion-aware models do not benefit from the introduction of the 
concurrent learning of emotion intensity. Moreover, almost no 
improvement is obtained in terms of DLR by emotion-aware 
models, to the exception of the shared-private multi-task mod-
els combining DLR and EIR, with minor improved results. This 
class is certainly the one where our initial hypothesis does not 
clearly stand.

Finally, the moderate class receives highest classification results 
with the three-task model by a large margin. In this case, it clearly 
outperforms all emotion-aware and emotion-unaware models, for 
accuracy, RMSE and MAE. With respect to DLR, the best per-
forming model is still an emotion-aware model, but the two-task 
model. In this case, it clearly outperforms all other tested models. 

15 We will see in this section that most DLR models under-evaluate estimations.
16 Stronger analysis is out of the scope of this paper.
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Note that in all cases, there is a clear tendency for under-evaluation 
as no estimator over-evaluates any patient’s level of depression.

Although, as explained before, no strict concluding remarks 
can be drawn from this analysis due to the small number of test 
examples, this class-wise analysis should systematically be 
included in related works of depression level estimation. 
Indeed, it seems that some classes are more difficult to handle 
than others, and also models do not perform equally over all 
classes, although there is a tendency, which confirms the initial 
hypothesis that emotion intensity estimation can be beneficial 
to depression level classification/regression.

5.3. Results by Learning Models
Finally, we analyze the behavior of each multi-task model in 
terms of the fully-shared, shared-private and adversarial shared-
private architectures. In particular, improved results were expected 
by the adversarial shared-private models following initial results 
reported in [14], [28]. However, this architecture never reaches 
the highest results, with the exception of the two-task model that 
includes DLC and EIR, even though it is with a tiny margin over 
the shared-private architecture. In fact, the adversarial shared-pri-
vate framework relies on a generator, which learns a shared repre-
sentation that is capable of fooling the discriminator in terms of 
task label. This architecture can indeed be beneficial when the 

concurrent tasks are closely related and in particular when they 
share some ambiguous features. However, this is not really the case 
in our experiments as the length of the transcripts is unequal for 
depression and emotion levels, as well as the vocabulary may not 
highly overlap. As a consequence, finding a shared representation 
that can discriminate between both tasks is not a difficult prob-
lem, and the learned representation may not be informative 
enough to handle the concurrent tasks individually. So, the 
shared-private models regularly evidence stronger results both for 
DLC and DLR, to the exception of the baseline model, which 
combines both DLC and DLR. In this case, the fully-shared 
model shows the best results. This can easily be understood, as (1) 
the same training dataset is used twice in the training step enforc-
ing the generalization process in terms of shared representation 
and (2) DLC can be seen as a subtask of DLR, thus including a 
strong regularization process within the model. Note that this 
finding is at the origin of the proposed shared-private three-task 
architecture, that includes a fully-shared layer between DLC and 
DLR, and globally evidences more stable results overall.

6. Conclusion
In this paper, we tested the hypothesis that depression level classi-
fication/regression can leverage from the concurrent learning of 
emotion intensity. For that purpose, we implemented a series of 

TABLE 3 Detailed classification/regression results by depression level class: None-minimal (0-4 PHQ-8 score), mild (5-9 PHQ-8 score), 
moderate (10-14 PHQ-8 score), moderately severe (15-19 PHQ-8 score), severe (20-24 PHQ-8 score). Results for the best performing 
architecture only are given. Acc., Ov. and Un. metrics are given in % and respectively correspond to accuracy, over and under. RMSE refers 
to root mean squared error, MAE to mean average error, and Ov.  and Un.  to over-evaluation and under-evaluation for regression.

EVALUATION METRICS

MODELS DLC DLR 

ACC. RMSE MAE OV. UN. RMSE MAE Ov. Un.

BEST FOR DLC WITHOUT EIR: FS MT. DLC+DLR BEST FOR DLR WITHOUT EIR: SP MT. DLC+DLR

NONE-MINIMAL 100 0.00 0.00 0 – 3.97 3.22 3.51 1.14 

MILD 40 1.10 0.80 20.00 40 3.80 3.11 3.82 2.05

MODERATE 40 1.34 1.00 0.00 60 4.04 3.50 0.00 3.50 

MODERATELY SEVERE 33.33 2.27 1.83 0.00 66.67 6.78 5.75 0.47 6.81

SEVERE 0 2.00 2.00 – 100 6.81 6.81 0.00 6.81 

BEST FOR DLC+EIR: ASP MT. DLC+EIR BEST FOR DLR+EIR: SP MT. DLR+EIR 

NONE-MINIMAL 100 0.00 0.00 0 – 4.28 3.85 4.05 0.74 

MILD 20 1.18 1.00 40 40 3.51 3.07 3.56 2.32 

MODERATE 20 1.61 1.40 20 60 2.94 2.60 0.00 2.60 

MODERATELY SEVERE 33.33 2.16 1.67 0 66.67 6.70 6.05 2.77 6.71 

SEVERE 0 2.00 2.00 – 100 2.03 2.03 0.00 2.03 

BEST FOR DLC+DLR+EIR: SP MT. DLC+DLR+EIR

NONE-MINIMAL 93.75 0.50 0.13 6.25 – 3.42 2.89 2.97 1.79 

MILD 0 1.00 1.00 60 40 3.78 3.49 3.89 2.88 

MODERATE 80 0.89 0.40 0 20 3.84 3.37 0.00 3.37 

MODERATELY SEVERE 33.33 1.41 1.00 0 66.67 7.54 6.78 4.67 7.21 

SEVERE 0 2.00 2.00 – 100 3.85 3.85 0.00 3.85 
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emotion-aware and emotion-unaware multi-task architectures 
over combinations of three tasks: depression level classification, 
depression level regression and emotion intensity regression. 
Strong evaluation including new metrics and class-wise results 
shows that emotion-aware models outperform emotion-unaware 
baselines in a vast majority of tested situations over the standard 
benchmarks DAIC-WOZ and CMU-MOSEI. We anticipate 
that our work will help to reduce the number of cases of late 
treatment of depression, as one can always get an estimate of his/
her PHQ-8 score, without needing to consult a psychiatrist, 
especially considering the stigma surrounding this illness. How-
ever, current results are not accurate enough to help the therapist 
in his diagnosis as model performance is still too low. This should 
be a great motivation for future work in depression level estima-
tion. Such research directions include (1) the combination of 
text, visual and acoustic modalities following the ideas of [10], 
[17], [33], (2) the study of different concurrent tasks for depres-
sion estimation and (3) the creation of larger datasets to better 
evaluate depression models in terms of class-wise results, that 
may also include new biomarkers or descriptors.
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Strength Adjustment and Assessment for  
MCTS-Based Programs

Abstract

This paper proposes an approach 
to strength adjustment and assess-
ment for Monte-Carlo tree search 

based game-playing programs. We modi-
fy an existing softmax policy with a 
strength index to choose moves. The 
most important modification is a mech-
anism which filters low-quality moves 
by excluding those that have a lower 
simulation count than a pre-defined 
threshold ratio of the maximum simula-
tion count. Through theoretical analysis, 
we show that the adjusted policy is 
guaranteed to choose moves exceeding 
a lower bound in strength by using a 
threshold ratio. Experimental results 
show that the strength index is highly 
correlated to the empirical strength. 
With an index value between ±2, we 
can cover a strength range of about 800 
Elo ratings. The strength adjustment and 
assessment methods were also tested in 
real-world scenarios with human play-
ers, ranging from professionals (stron-
gest) to kyu rank amateurs (weakest). 
For amateur levels, we tested our mech-
anism on two popular Go online plat-
forms - Fox Weiqi and Tygem. The result 
shows that our method can adjust pro-
gram strength to different ranks stably. In 
terms of strength assessment, we pro-
posed a new dynamic strength adjust-
ment method, then used it to evaluate 
human professionals, predicting reliably 
their playing strengths within 15 games. 
Lastly, we collected survey responses ask-
ing players about strength perception, 

entertainment, and general comments 
for different aspects of analysis. To our 
best knowledge, this result is state-of-
the-art in terms of the range of strengths 
in Elo rating while maintaining a con-
trollable relationship between the 
strength and a strength index.

I. Motivation
Super-human level game playing pro-
grams capture the imagination and fasci-
nation of society at large; for human 
players, these programs pose an interest-
ing challenge and offer opportunities for 
learning. Since the super-human pro-
grams AlphaGo [1] and AlphaGo Zero 
[2], many other programs such as 
FineArt [3], Leela Zero [4], and ELF 

OpenGo [5] have successfully repro-
duced the AlphaGo Zero algorithm. In 
addition to Go, AlphaGo Zero’s method 
was also applied to other games such as 
chess and shogi, reaching strength levels 
much higher than human champions [6] 
and state-of-the-art game-playing pro-
grams [7], [8].

However, it is also important to fit 
program difficulty to appropriate levels 
for purposes of entertainment and 
education. On the low end of the dif-
ficulty scale, human players tend to 
lose interest when playing against an 
AI opponent far weaker than them-
selves; on the other hand, excessive dif-
ficulty tends to lead to frustration [9]. 
In the context of learning to play with 
programs, it is difficult to offer feed-
back for human players if they consis-
tently win or lose. Thus, in order to 
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achieve an overall better game experi-
ence, and to improve the learning pro-
cess for players, it is imperative to 
balance program difficulty accordingly.

In addition to matching the play-
er with an appropr iate opponent, 
strength adjustment can also be used 
as a player assessment tool. More spe-
cifically, given a player of unknown 
strength, an equally matched oppo-
nent (i.e., playing at about 50% win 
rate) can be used as a metric of mea-
suring the player’s performance [10], 
[11]. Ideally, the goal is to design a 
mechanism that is able to provide a 
wide-ranging and evenly distributed 
set of playing strengths, such that it 
would be possible for most human 
players to choose the most appropri-
ate strength to play against. Similarly, 
any player that falls within the range 
of provided strengths can also be mea-
sured by this mechanism.

Coming up with a stable and wide-
ranging strength adjustment mechanism 
is a non-trivial problem. Using the 
AlphaGo Zero algorithm as an example 
target, there are two straightforward 
tweaks that can be applied to the two 
major components of the algorithm: 
Monte-Carlo tree search (MCTS) and 
deep neural networks (DNNs).

First, we could reduce the super-
human program strength to lower levels 
by reducing the total thinking time, or 
the total simulation count in MCTS. 
However, with this method, the search 
tree’s relatively smaller size leaves the 
program vulnerable to tactical traps. For 
example, the ladder problem in Go is 
one of the most elementary shapes 
taught to human players [5]; however, for 
MCTS-based programs, a significant 
number of simulations are often required 
before the program can handle ladders 
properly. It has been shown that when 
adjusting program strength through 
reduction, simulation count and playing 
strength do not form a linear relationship 
[12]. In fact, once the number of simula-
tions falls below a certain threshold, the 
program playing strength drops cata-
strophically. In other words, by reducing 
the simulation count, we would not be 
able to offer an evenly distributed skill 

level, especially towards the lower end 
of the playing strength scale.

The second straightforward approach 
is to offer different programs for differ-
ent strength levels. For example, we 
could train separate DNNs for each dif-
ficulty. A good example of this type of 
strength adjustment is Paulsen and 
Fürnkranz’s work1 on training chess 
evaluation  functions for different 
strengths [13]. However, this approach 
usually requires large amounts of time 
and effort to tune and test the programs. 
This is especially difficult for games like 
Go, where strength levels span a wide 
range from 30 kyu to professional 9 dan 
[14], corresponding to about a 3,000 Elo 
rating [15] difference.

The main contributions of this paper 
are as follows:

 ❏ We improve upon an existing strength 
adjustment approach with a threshold 
mechanism to filter out low-quality 
moves.

 ❏ We present an in-depth strength 
analysis to justify that there is a lower 
bound on the move quality.

 ❏ We introduce three dynamic strength 
adjustment methods to predict oppo-
nents’ expected strengths automatically.

 ❏ We successfully applied our methods 
in real-world cases ranging from pro-
fessionals to kyu rank amateurs in 
terms of strength adjustment and 
strength assessment.
The structure of this paper is as fol-

lows. First, we review a strength adjust-
ment (SA) approach based on the 
softmax policy and propose our modifi-
cation in Section II. We then apply the 
method to two programs: 1) the open-
source Go program ELF OpenGo 
(abbr. ELF for the remainder of this 
paper); 2)  the Go program CGI [16]. 

From these two implementations, we 
demonstrate that the modified strength 
adjustment method can be easily used 
to adjust the strength of a program, cov-
ering a range of over 800 Elo ratings. In 
Sect ion III, this paper presents a 
hypothesis and performs theoretical 
analyses to justify the empir ical 
strengths shown in Section II. Having 
demonstrated that the program strength 
can be adjusted with relative ease, we 
introduce methods to adjust the 
strength dynamically in Section IV. In 
Section V, we test our method on real-
world scenarios, playing against human 
players. Finally, we summarize our con-
tributions in Section VI.

This paper is an extension of our 
work, which was published in the 
AAAI 2019 conference [17]. The mixed 
dynamic strength adjustment (MDSA) 
mechanism (Subsection IV-C) and real-
world  experiments (Section V) contain 
new work and data for this version of 
the paper.

II. Static Strength Adjustment (SSA)
In this section, we first review past work 
on strength adjustment, then present our 
modifications to the method. We apply 
the modified approach to the Go pro-
gram ELF and provide empirical data.

A. Past Work
For strength adjustment, Sephton et al. 
[12] investigated some selection mecha-
nisms for MCTS-based game-playing 
programs. One of these mechanisms uses 
a simple softmax policy as follows. 
Given strength index z, choose moves i 
with probability / ,/N Nji

z
j
z  where Ni  

is the number of simulations on move i 
in MCTS. For simplicity of discussion in 
the rest of this paper, let N Ni j$  if 

,i j1  i.e., N1  is the maximum.
Conceptually, z is the inverse of the 

softmax temperature. When z is higher, 

1Paulsen and Fürnkranz’s method does not use DNNs, 
but is similar to our example here in that they create 
multiple programs, each offering one static strength.

On the low end of the difficulty scale, human players tend 
to lose interest when playing against an AI opponent far 
weaker than themselves; on the other hand, excessive 
difficulty tends to lead to frustration [9].
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the policy tends to choose moves with 
higher simulation counts, which tends 
to be a higher-quality move as is the 
case with MCTS. When z approaches 
infinity, the move with the highest sim-
ulation count is guaranteed to be cho-
sen, and thus the policy exhibits the 
same behavior as the original MCTS. 
When ,z 0=  all moves are chosen with 
equal probability, i.e., moves are chosen 
randomly. When z approaches negative 
infinity, the move with the lowest 
simulation count is chosen, i.e., the 
policy tends to choose the lowest qual-
ity moves.

Thus, z can serve as an index of 
strength. Sephton et al. [12] showed 
through experiments that z is correlated 
to the empirical strength. In their exper-
iments, the strength indices only covered 
six trials { , , , , , }z 1 2 3 4 5 6!  for the 
game Lords of War, where the differenc-
es of win rates for these values of z 
range from 5% to 24%, equivalent to a 
range of about 100 Elo ratings.

As stated above, when z is low, the pol-
icy tends to choose low-quality moves. 
However, in MCTS, many moves are not 
visited during simulation, or in some cases, 
visited very few times only because of the 
exploration bias [18]. For this  reason, it is 
not a good idea to allow the policy to 
choose the lowest-quality moves, which 
would result in a much weaker program 
or unpredictable behavior.

In order to avoid choosing the very 
lowest-quality moves, Sephton et al. sug-
gested choosing the first n best moves as 
candidates, where n is a given fixed value. 
However, it is still possible to choose a very 
low-quality move, e.g., in the case that only 
one move is viable while the others are 
extremely bad, the policy is still likely to 
choose bad moves.

B. Our Approach
In our approach, we follow the softmax 
policy to choose moves via the strength 
index z. With a simple softmax policy, 
there is the possibility of selecting poor 
moves. To perform move screening and 
in turn ensure move quality, we use a 
threshold ratio Rth  to avoid moves 
with lower simulation counts. Namely, 
given a threshold ratio ,Rth  we only 
consider the moves i with N N Ri 1 th#$  
as candidates. Assuming that the move 
quality is correlated to the simulation 
count (we discuss this in greater detail 
in Section  III), this approach ensures 
that the qualities of the chosen moves 
are higher than the screened moves, 
which do not reach the threshold. At 
the very least, the modified policy is 
less likely to choose extremely bad 
moves, as Sephton et  al.’s method [12] 
is prone to do.

For a high threshold ratio, more low-
quality moves are filtered. When ,R 1th =  
the move with the highest simulation 
count is always chosen, behaving the same 
way as the original MCTS. In contrast, for 
a low threshold ratio, many low-quality 
moves are not filtered. Thus, it is important 
to set a reasonable threshold ratio, where 
the goal is to filter most low- quality 
moves, while simultaneously allowing rea-
sonable moves to be considered.

In contrast to Sephton et al.’s method 
[12], our empirical results in the next 
subsection show that strengths can be 
adjusted across a wide range over 800 Elo 
ratings with the threshold ratio set to 0.1 
and [ , ].z 2 2= -  Thus, our approach is 
very suitable for games that are consid-
ered to have very high depth [19].

C. Empirical Evaluation
We apply the above approach to the Go 
program ELF [5] with the 20-block 

model and present the experimental 
results. All the experiments are performed 
on machines equipped with one GTX 
1080Ti GPU, one Intel Xeon E5-2683 
v3 (14 cores in total), 2.6 GHz, 128 GB 
memory, and with Linux. All games are 
played with one second per move, using 
one GPU and six CPU cores. For each 
benchmark, 250 games are played against 
a baseline consisting of ELF with 

.R 0 1th =  and .z 0=  Note that the orig-
inal ELF is equivalent to the setting with 

,z 3=  which we do not use as the base-
line since it is much too strong for some 
trials, such as when .z 3=-

Table I shows the win rates and the 
relative Elo ratings of the ELF versions 
with .R 0 1th =  and with different values 
of z against the baseline. The shown Elo 
ratings are relative to the original ELF 
( )z 0=  for simplicity of analysis. Since 
ELF follows the process of training 
AlphaGo Zero with 20 residual blocks, 
its Elo rating of the ELF version is 
expected to be between 4,000 and 
5,000 based on AlphaGo Zero [2].

Figure 1 shows the correlation 
between z and the Elo ratings. Interest-
ingly, both are highly correlated with a 
low linear regression error of 47.95 Elo, 
in terms of the Elo rating, when z is 
between −2 to 2. In addition, the range 
of strength is very wide, covering 1,088 
Elo rating for all z and 830 for the 
interval of z in [ , ].2 2-

Furthermore, Figure 2 depicts the 
correlation between z and the Elo rat-
ing for different threshold ratios, 0, 0.02, 
0.05, 0.1, 0.25, and 0.5. All games are 
also played against the same baseline as 
above. From Figure 2, the correlation 
between Elo ratings and z is also highly 
correlated to Rth  in most cases. A high-
er value of z tends to correspond to 
higher Elo ratings.

We observe that high values of Rth  
do not exhibit the intended strength 
 ad ju s tment ef fects . For example, 
when . ,R 0 5th =  the Elo rating has no 
 significant changes across different values 
of z. An intuitive explanation for this is that 
with a high threshold ratio, most candidate 
moves are filtered, so the value of z does 
not matter as much. Figure 3 shows that 
the average number of candidates is only 

TABLE I The win rates (against ELF 
with z = 0) and Elo ratings (relative 
to the original ELF) with respect to z 
when Rth = 0.1.

Z 
WIN RATE  
(± ERRORS)

ELO RATING  
(± ERRORS)

3 97.6% (±1.9%) 0 (−106, +289) 

2.0 94.4% (±2.9%) −153 (−78, +133) 

1.5 92.4% (±3.4%) −210 (−70, +107) 

1.0 91.2% (±3.6%) −237 (−66, +98) 

0.5 71.6% (±5.7%) −483 (−46, +52) 

0.0 50.0% −644 

−0.5 35.6% (±6.1%) −747 (−48, +44) 

−1.0 21.6% (±5.2%) −868 (−59, +49) 

−1.5 13.2% (±4.3%) −971 (−76, +58) 

−2.0 12.4% (±4.2%) −983 (−79, +59) 

−3 7.2% (±3.3%) −1,088 (−111, +71) 
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1.4 for .R 0 5th =  and 1.9 for . .R 0 25th =  
Another effect is that the adjusted strength 
range is narrower, e.g., smaller than 500 Elo 
rating for . .R 0 25th =

On the other hand, for low threshold 
ratios, the Elo rating drops quickly, and the 
strength for different values of z show no 
difference, e.g., when R 0th =  and ,z 0#  
and when .R 0 02th =  and .z 1#-

Thus, judging from both Figure 2 
and Figure 3, the threshold ratios of 
0.05 and 0.1 appear to be suitable for 
our needs. For simplicity of analysis, 0.1 
will be used as the threshold ratio, unless 
otherwise stated.

III. Theoretical Analysis
The above empirical results show that 
the strengths are highly correlated to z. 
In fact, between z2 2# #-  and a 
threshold ratio of 0.1, z and the 
strength show a near linear relationship 
with regression error 47.95 Elo. How-
ever, the strength or Elo rating should 
be fixed when z approaches 3 or .3-  
Thus, intuitively, the curve of the Elo 
rating strength according to the z value 
should be shaped similar to a logistic 
function. Applying logistic regres-
sion [20], the curve is close to a logistic 
function with er ror 26.00 Elo 
( . ,0 250b =-  . ).1 161b =

This section investigates this conjec-
ture of logistic regression from a theoreti-
cal perspective. First, we review the 
generalized Bradley-Terry model. Sec-
ond, we present a hypothesis on move 
strength. Then, from theoretical analysis, 
we show that the derived strengths are 
close to the empirical strengths. We cal-
culate the regression error between the 
derived and the empirical strengths to 
justify the hypothesis.

A. Generalized Bradley-Terry Model
The Bradley-Terry model [15] has been 
the foundation of various ranking sys-
tems, including the Elo rating system. 
The model is used to estimate the 
strengths of players and predict the win 
rates among these players. Namely, each 
player i is associated with a positive value 

ic  representing the strength of i, and 
the probability that i wins over j is 

( ).i i jc c c+/  Obviously, the higher ic  is, 
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the higher the winning rate (implying a 
stronger player). The Elo rating of indi-
vidual i is log400Eloi i10c=  [21]. For 
simplicity of discussion in this paper, 
we also define the rating ,lnEi ic=  
whose corresponding Elo rating is 

( ) .logElo e E400i i10=

The Bradley-Terry model has also 
been generalized to handle competitions 
involving more than two players [22], 
[23]. Namely, the probability that i wins 
among n players, 1, …, n, is formulated 
as / .i i

n
ic c/  Another generalization is to 

allow competitions among teams, 
instead of players. The strength and its 
corresponding rating of a team of n 
players is estimated as

 , .E Eandi
i

n

j
j

n
all all
c c= =% /  (1)

In this paper, we also define the aver-
age strength and rating of a team of n 
players to be

n
n
, .E E1andi

i

n

j
j

n1
avg avg
c c= =c `m j% /  (2)

This is useful when n is not fixed. In 
addition, consider a team that can choose 
one and only one player to participate 
and choose player i with probability ,ir  
where / .1j

n
jr =  Thus, the strength and 

rating of the team are

 , ,E Eandi
i

n

i
j

n

j
ic c r= =r% /  (3)

respectively, for the reason as illustrated 
below. For example, let / ./ NN j

n
ji ir =  We 

can consider the team composed of / Nj
n

j  
players, among which the number of 
players i is .Ni  Thus, the average strength 
and rating of the team are the same as c  
and E in Equation (3), respectively.

B. Hypothesis
As mentioned above, moves with higher 
simulation counts Ni  in MCTS normal-
ly tend to have higher quality. Following 
this notion, we present a hypothesis for 
further theoretical analysis. Assume that 
given a position the strength of move i is 
proportional to .N i

H  Here, H denotes a 
conjectured strength index for moves to 
be selected in MCTS in the previous 

sections. Namely, let .c Ni i
H#c =  Here, 

c is a constant coefficient with respect to 
the same game position, i.e., different 
positions may have different relative 
strengths, and therefore will have a differ-
ent value of c.

If we view the moves as separate play-
ers that follow the generalized Bradley-
Terry model, the rating of move i is 

lnEi ic= = .ln lnc H Ni+  For simplic-
ity of analysis, we use Ei  in the following 
analysis without loss of generality. If the 
Elo rating is preferred, Eloi  can be 
obtained by a simple conversion, as de -
scribed above.

Let ( )zc  and E(z) denote the overall 
strength and rating following the above 
method for strength adjustment, which 
chooses among all moves i using the 
softmax policy /( ) .( )/z N Ni i

z
i
z

ir =  If 
we view all i moves as a team comprised 
of individual moves, from the above 
Bradley-Terry model for team strength 
(Equation 3), we can derive that

 ( ) ,z and ( )
i

z

i

i
c c= r%  (4)
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(5)

In the above formula, the first item 
in Equation (5) is fixed for this position, 
and therefore it can be removed to 
obtain relative ratings, say, relative to the 
rating where z 3=  (which always 
chooses the move with the maximum 
simulation count )N1  as follows.

( ) ( ) ( )

( ) ( )

( ) ( ),

ln ln

ln

E z E z E

H z N N

H z R

i
i

i

i
i

i

1

rel 3

r

r

= -

= -

=

/
/

 

(6)

where Ri  is the ratio /N Ni 1 . Since all 
moves with the ratio less than Rth  are 
filtered out, .R Ri th$  In addition, since 
N1  is the maximum among ,Ni  R 1i #  
and lnRi  are therefore all non-positive. 
Thus, we obtain

 ( ) ( ).lnE z H Rrel th#$  (7)

An important implication in Equa-
tion 7 is that the relative ratings of the 
chosen moves are at worst ( ).lnH Rth#  
Assume . .R 0 1th =  The relative ratings 
of all chosen moves are at worst H #

. . ,Hln 0 1 2 3,-  not worse than move 
1 by 2.3 H. Since H is a constant under 
this hypothesis, this implies that the 
strength of any chosen move is at worst 
a fixed value. This ensures the quality of 
all chosen moves.

Now, let us consider following the 
above SSA method to play a game g, con-
taining a sequence of mg  moves or mg  
positions to move. Let ( )z( )j

c  and ( )E z( )j  
denote the strength and rating of the 
move made at the jth  position (i.e., on 
the jth  turn). From Equations 4 and 5, 
which correspond to the strength and rat-
ing for a specific position, we can derive 
the following two equations:

 ( )z , and( ) ( )j
i

z

i

i
c c= r%  (8)
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( ) ,ln ln
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j

j
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j

i
i
j

r

r

=

= +
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(9)

where , ,E( ) ( ) ( )
i
j

i
j

i
j

c r  and N ( )
i
j  are respec-

tively the strength, rating, policy and 
simulation count of moves i at the jth  
position in the game, and c( )j  is the 
coefficient with respect to the position.

Furthermore, let ( )zg
c  and ( )E zg  

denote the averaged strength and rating 
as follows.

 m( ) ( ) ,z z and( )g j

j

1
gc c= c m%  (10)
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Note that we evaluate the averaged 
strength and rating as Equation (1), 
instead of the aggregated values in 
Equation (2), simply because the num-
ber of moves in a game is not fixed.
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In the above formula, the first item 
is fixed, and therefore can be omitted 
when calculating ratings relative to the 
one with ,z 3=  similarly, as follows.

( ) ( ) ( )

( )( ),ln

E z E z E

m
H z R( ) ( )

g g g

g
i
j

ij

j

rel 3

r

= -

= c m //  
(12)

where ./R N N( ) ( ) ( )
i
j

i
j j

1=  Moreover, let 
the relative rating be normalized to be 
independent of the value H as follows.

( ) ( )
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For stochastic analysis, we extend by 
collecting some sets of games, each of 
which is collected from the games under 
a designated threshold ratio in the above 
empirical experiments. We exclude ex -
treme cases to minimize the effect of 
noise for our analysis. For example, 
the  cases of z 3=  and z 3=-  are 
not included.

For simplicity of analysis, let us illus-
trate the case for ,D .0 1  denoting the 
set of games with threshold ratio 0.1, 
which contains about 2000 games. The 
expected relative rating under the set 
D .0 1  is

( )

( )( )

( )( ) .
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E z E z

z R

z R

E E

E
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Figure 4 depicts the solid curve of 
E zD

norm
.0 1 ^ h calculated from the set D .0 1  

according to Equation (14). The left 
y-axis indicates the value of .E zD

norm
.0 1 ^ h  

The curve resembles a logistic function. 
Now, let E zD .0 1^ h denote the expected 
rating, and H D .0 1  be the value H, under 
the set of games .D .0 1  Thus, we have

( ) ( ) ( ).E z E H E zD D D D
norm

. . . .0 1 0 1 0 1 0 13= +  (15)

Then, we can derive that

( ) ( ) ( ),E E H E

and

D D D D
norm

. . . .0 1 0 1 0 1 0 13 3 3- = + -

 (16)
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S i n c e  t h e  va l u e s  ( )ED .0 1 3  a nd 
( )ED .0 1 3-  are supposed to approximate 

the strength in the empirical experiments, 
they can be replaced by the empirical 
strengths at z 3=  and ,z 3=-  whose 
relative Elo ratings are 0 and −1088 as 
shown in Table I. Thus, the value H D .0 1  is 
derived to be 6.243 according to the 
above formula. The right y axis in Fig-
ure 4 follows the y axis in Figure 1. The 
regression error to the empirical strengths 
for z between −2 and 2 is about 
40.45 Elo, and the regression error to a 
logistic regression curve is about 10.51 
Elo ( . ,0 050b =-  . ).1 171b =  These low 
errors justify the hypothesis.

In our experiments, we also derived 
the value H for other sets of games, as 
shown in Table II. From the table, 
H D .0 25  is almost the same as ,H D .0 1  while 

,H D .0 5  H D .0 05  and H D .0 02  are lower. For 
H D .0 05  and ,H D .0 02  our conjecture is that 
the noise incurred from having a low 
threshold ratio is high as the following 
illustration. In the case of . ,R 0 02th =  
since the average number of simulation 
counts for the best move is about 259.4 

with the one second time limit, it is 
highly likely to include the moves with 
very low simulation counts (the thresh-
old is about . . . ).259 4 0 02 5 2# ,  Since 
many of these simulations may be gen-
erated simply because of the exploration 
bias, these simulations may introduce 
noise and therefore affect the verifica-
tion of our hypothesis.

As for ,H D .0 5  we observe that the 
average number of candidates is 1.4 
from Figure 3. Since the number is rela-
tively low in many cases, the policy 
chooses only from a single candidate 
move. Therefore, the distribution is 
insufficient to justify our hypothesis. As 
an example, the most extreme case is 
where the threshold ratio is 1, and only 
the moves with the highest simulation 
counts are chosen, as in the original 
MCTS. The value of H in this case does 
not affect the policy at all, since there is 
only one choice.
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TABLE II The conjectured strength 
indices estimated in different data sets.

DATA 
SET D0.02 D0.05 D0.1 D0.25 D0.5

H 4.385 5.369 6.243 6.244 3.292 
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IV. Dynamic Strength 
Adjustment (DSA)
As stated in the previous sections, this 
paper presents a flexible strength adjust-
ment method simply by altering the 
value z with an appropriate ,Rth  say 0.1. 
Moreover, the strength ratings are 
approximately linear with respect to z in 
the interval [ , ].2 2-  This allows us to fit 
the program’s strength to its opponents’ 
dynamically, provided the opponents’ 
strengths are within Elo rating differences 
of [ , ]983 153- -  (compared to the orig-
inal ELF), corresponding to the range 
of z in [ , ]2 2-  (shown in Figure  2, 

. ).R 0 1th =  This section introduces two 
types of dynamic strength adjustment, 
inter-game and intra-game strength 
adjustment. For the former, strengths are 
adjusted between multiple games based 
on previous game results, while for the 
latter strengths are adjusted within each 
game. We present two methods of 
dynamic strength adjustment (DSA) to 
showcase how we can predict opponent 
strengths and adjust accordingly with rel-

ative ease. There are many ways to design 
DSA mechanisms; the presented methods 
are by no means a comprehensive review 
of all available methods.

A. Inter-game Strength Adjustment
Inter-game strength adjustment is rela-
tively easy. Namely, the strength index z 
of a game is adjusted based on the previ-
ous game results and the index remains 
unchanged within the game.

In this section, a simple adjustment 
method is presented and demonstrated 
to predict the opponent’s strength. The 
prediction can then be used to set z 
accordingly. The strength index z is 
decreased for every win and increased 
for every loss, both by a small amount 

.zT  The initial value of z is set to 0. The 
value zT  is initialized to z initT  and 
decreased by a discount factor r for each 
game, capped by a lower bound .z lowT

In our experiments for the method, 
z initT  is 0.375, approximately equivalent 

to 100 in Elo rating based on the linear 
regression in Figure 1, then decreased by 

a factor of .r 0 95=  for each game, with 
. ,z 0 03lowT =  approximately equivalent 

to 8 in Elo rating. In the experiment, 
100 games are played against each of the 
five opponents whose strength indices 
are ,z 2=  1, 0, ,1-  2-  for a total of 
500 games. The experiment is repeated 
five times and the following experimen-
tal results are based on the average values 
of the five times.

In Figure 5, each of the five lines 
indicates the predicted z for each oppo-
nent. The result shows that our method 
can approximately predict opponents’ 
strengths and clearly distinguish five 
opponents after 10 games. Table III also 
shows that the averaged win rate for 
each opponent is within % %43 54+  
and the averaged predicted z is very 
close to the opponent’s.

B. Intra-game Strength Adjustment
Intra-game strength adjustment is rela-
tively challenging, given that the algo-
rithm only has one game to predict the 
opponent’s approximate level of play. 
Players often play inconsistently, mixing 
objectively good and bad moves within 
the same game. On the one hand, adjust-
ing by large amounts leads to high vari-
ance of program strength. On the other 
hand, if strengths are adjusted by a small 
amount, the effects may not be suffi-
ciently obvious.

Our method is as follows. In princi-
ple, we still attempt to maintain all 
moves so that the overall win rate is 
around 50%. For each move, we first 
estimate the current win rate W, by 
using the MCTS win rate of the move 
with the most simulation counts. The 
index z is decreased when %W 502  
and increased when %,W 501  both by 
a value of .zT  The program chooses 
moves based on the softmax policy pro-
posed earlier.

For stability, zT  is set to be relatively 
small when W is within a range ( % ,50 e-  

% )50 e+  where e is a user-defined value, 
say 10%. Namely,
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TABLE III Win rate (WR) and average dynamic strength index (Avg. z) against 
different opponents using inter-game SA.

OPPONENT Z = 2 Z = 1 Z = 0 Z = −1 Z = −2

W/O DSA WR 5.6% 
(±2.9%)

8.8% 
(±3.6%)

50.0% 78.4% 
(±5.2%)

87.6% 
(±4.2%)

INTER-GAME WR 43.4% 
(±4.4%)

46.6% 
(±4.5%)

52.0% 
(±4.5%)

50.0% 
(±4.5%)

54.8% 
(±4.5%)

AVG.Z 1.93 0.88 -0.04 −1.06 −1.73 
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In addition, ZT  decreases linearly 
from an initial value, say 0.1, to 0 after a 
number of moves, say 150 moves. The 
purpose is to cool down the magnitude 
of changes as games progress, since the 
program should have an idea of its oppo-
nent’s strength by later stages in the 
game. This cool down mechanism is 
important because without it, the pro-
gram will make unreasonable conces-
sions when it is in the lead, or ramp up 
in strength indefinitely when it is behind.

In the experiment, the above meth-
od is used to play against five opponents 
with strength indices ,z 2=  1, 0, ,1-  
and .2-  For each opponent, we consid-
er two cases of initial ,ZT  .Z 0 2initT =  
and 0.1, where for each case, 100 games 
are played.

Table IV presents the experimental 
results. The results show that the average 
z values over 100 games are close to the 
opponents’ strength indices, especially 
when . .Z 0 2T =  Note that the predict-
ed z for each game is the value z at the 
end of the game. The standard deviation 
is high as expected.

The results in Table IV also show 
that while all the win rates except for 
z 0=  are not around 50%, when com-
pared to the baseline win rates without 
DSA (as shown in the second row), the 
overall win rates are closer to 50%. This 
shows that intra-game DSA can predict 
opponents’ strengths and even out the 
games. The reason why the win rates are 
not balanced around 50% despite the 
predicted z to be more or less accurate, 
is that the early moves in a game influ-
ence the outcome significantly, but the 
program has yet to observe its oppo-
nents’ strengths sufficiently at that point.

C. Mixed Dynamic Strength 
Adjustment (MDSA)
We can expect many different variants 
for DSA by, say, modifying hyper-param-
eters for the above methods, or by using 
hybrids of inter-game and intra-game 
DSA. For example, we can use intra-
game DSA for the first few games in a 
series to make rapid adjustments to the 
right strength, then follow up by apply-
ing inter-games DSA to arrive at the 
strength more accurately for the remain-

ing games in the series. A hybrid case is 
demonstrated in the following experi-
ment: we first apply intra-game DSA to 
the first two games with . ,Z 0 2initT =  
then apply inter-game DSA to the 
remaining games with the same settings 
as those in Figure 6. Figure 6 presents 
the experimental result which shows a 
fast convergence to opponents’ strengths, 
especially when { , , }.z 1 1 2! - -  In 
summary, the above MDSA method uses 
intra-game SA in the beginning to get a 
rough strength estimate, then follows up 
by using inter-game SA to fine tune the 
player’s strength estimation.

V. Real-World Experiments
In this section, we use SSA and DSA to 
test them against human players of vari-
ous playing abilities. We applied strength 
adjustment to three versions of our Go 
program CGI [24], 3.0, 2.0 and 1.0, 
which can cover a strength ranging over 
2800 Elo ratings, listed as follows from 
strongest to weakest: professionals, dan 
rank amateurs, and kyu rank amateurs. 
For professionals, we use CGI 3.0, con-
sisting of both the policy network and 
the value network (as is the case with 
AlphaGo Zero [2]), with settings that fol-
low AlphaGo’s [1], where the simulation 

TABLE IV Win rate (WR), average z (Avg. z) and standard deviation of z (Std. z) 
against different opponents using intra-game SA.

OPPONENT Z = 2 Z = 1 Z = 0 Z = −1 Z = −2

W/O DSA WR 5.6% 8.8% 50.0% 78.4% 87.6% 

.z 0 2initT = WR 29.0% 38.0% 43.0% 64.0% 71.0% 

AVG.Z 1.85 0.92 −0.10 −1.39 −1.57 

STD.Z 1.82 1.81 1.41 1.73 1.56 

.z 0 1initT = WR 15.0% 32.0% 49.0% 73.0% 72.0% 

AVG.Z 1.02 0.75 −0.21 −0.66 −0.96 

STD.Z 0.94 0.90 0.81 0.84 0.85 

TABLE V Win Rate (WR) and average dynamic strength index (Avg.z) against 
different opponents using MDSA.

OPP. Z = 2 Z = 1 Z = 0 Z = −1 Z = −2

WR 45.0% 46.0% 46.7% 48.0% 54.3% 

AVG.Z 1.69 0.76 −0.10 −1.21 −1.83 
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FIGURE 6 Strength index estimation for MDSA.
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time was set to 20 seconds. For the ama-
teur level 1 dan to 7 dan, CGI 2.0 uses 
only the policy network (without the 
value network), also with settings follow-
ing AlphaGo’s [1], with 4 seconds of simu-
lation time. For amateur 18 kyu to 1 kyu 
(weaker than the dan ranks), CGI 1.0 uses 
the traditional minorization-maximization 
method [22] (without neural networks) 
with 1 second simulations.

A. Static Strength Adjustment
First, to verify that our strength adjust-
ment is able to provide a steady range of 
program strengths, we perform the fol-

lowing experiment. Let us assume there is 
a fair and accurate rating system for a list 
of human Go players, serving as a baseline 
system (e.g., the Go rating site [25]), 
where each player has a rating. As the 
human players play against a range of 
strength-adjusted programs, we can obtain 
a series of game records which form the 
basis of a separate rating system. If the rat-
ings obtained by this separate rating sys-
tem is highly correlated with the baseline 
ratings, we can conclude that the pro-
grams have stationary strengths, and that 
the strengths must range from the weakest 
human player to the strongest.

For this experiment, six different 
strength indices { . ,z 1 1!  1.4, 1.7, 2.0, 
2.5, . }3 0  for CGI 3.0 were tested 
against 15 professional Go players from 
HaiFong Go Association [26], the big-
gest Go association in Taiwan. The 
names of the players are listed in 
Table VIII. A total of 167 games were 
played for game record collection, 
where each player contributed to at least 
8 games. Although not enforced, the 
professional players were instructed to 
adjust his/her opponent according to 
their experience with the programs; i.e., 
pick a stronger one if he/she wins, or 
vice versa. For the baseline, we used 
 ratings from the most widely used sys-
tem for professional Go players, the Go 
Ratings website [25]. The website uses 
the whole-history rating (WHR) rating 
system [21] to estimate player strengths. 
The second set of ratings derived from 
human-program game records also fol-
low the WHR algorithm.

The results are shown in Figure 7. 
The correlation between the human-
program ratings and the ratings obtained 
from Go Ratings is high ( . ,R 0 66612 =  
note that R2  is R-squared values). There 
are a wide variety of reasons that may 
affect human player performance. For 
example, for this first experiment, we 
did not control for the environment in 
which the professional players played 
against our program. Their performance 
may vary depending on if they played 
against our program in their own home 
or in at the Go association, which is 
more professional. Another difference is 
the timing system used. The players were 
free to choose their preferred time sys-
tem, ranging from 1 to 10 minutes of 
main time; byo-yomi (overtime) is uni-
formly set to three 30 seconds intervals. 
Ideally, we should eliminate these fac-
tors, but to minimize the disruption to 
the professional players’ training sched-
ule, we had to use the collected records 
as best as we could for analysis. This may 
explain outliers such as P14 and P17 
in Figure 7.

During these 167 games, we also 
collected survey responses following the 
work in [27] on dynamic difficulty 
adjustment for video games. The survey 
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FIGURE 7 SSA HaiFong professional player rating estimation using WHR (see Table VIII for 
player name references).

TABLE VI Normalized contingency table (row).

PERCEIVED STRENGTH

1 2 3 4 5 6 7 8 9 

EN
TE

R
TA

IN
M

EN
T

1 0.10 0.10 0 0 0.20 0 0 0.20 0.40

2 0 0 0.11 0.11 0.11 0.11 0.11 0.22 0.22

3 0 0 0.12 0.12 0.18 0.24 0.24 0.12 0

4 0 0 0.05 0.09 0.41 0.23 0.18 0.05 0 

5 0 0 0.05 0.10 0.43 0.33 0.08 0 0.03

6 0 0 0 0.18 0.32 0.24 0.18 0.03 0.06

7 0 0 0.02 0.12 0.24 0.26 0.30 0.04 0.02

8 0 0 0 0 0.13 0.19 0.44 0.19 0.06

9 0 0 0 0.08 0.19 0.22 0.25 0.08 0.17
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asked participants about the perceived 
strength of the opponent, entertainment 
level, and any other general comments.

We first annotate general comments 
before analyzing numerical survey 
results. In regards to game balancing and 
perceived strength:

 ❏ P4: White (CGI)’s moves at 48 and 
50 are interesting, from 58 to 66, 
white played wonderfully, winning 
the game at 94.

 ❏ P6: This version does not seem to be 
too strong ( . ).z 1 1=  This one is 
stronger ( . ).z 1 4=

 ❏ P8: It feels like this game ( . )z 2 5=  
has a sizeable gap in strength (stron-
ger) compared to the previous game 
( ).z 2=

 ❏ P9: The moves at 20, 24 (CGI) are 
plays that have not been seen in any 
human game records.
In terms of quantifiable survey 

results, we construct a normalized con-
tingency table, as shown in Table VI. 
The wording on the survey instructs 
the player to give a perceived strength 
rating from 1 to 9 (weakest to stron-
gest), relative to her own playing 
strength. First, we can see that in terms 
of entertainment value, professional 
players tend to enjoy opponents that are 
slightly stronger than themselves (for 
entertainment scores of 7 to 9). For 
opponents that are much weaker than 
the players, the entertainment value is 
rated worst with no exceptions. In 
terms of strength, it is interesting to 
observe that for the strongest relative 
opponents (perceived strength of 9), 
there are two extremes. Some find 
highly challenging opponents to be 
very entertaining, while others do not 
enjoy playing against opponents that are 
far stronger than themselves.

Next, we collect data for amateur 
players by collaborating with the two 
largest online Go platforms (in terms 
of players): Tygem [28] and Fox Weiqi 
[29] (abbr. FoxWQ for the remainder 
of this paper). Both websites provide 
AI developers with toolkits for inter-
facing upon request. A total of 14 dif-
ferently strength-adjusted programs 
(7 each for dan and kyu ranks) were 
available to play against, for any player 

who wishes to do so on the two web-
sites. On these platforms, there are 
options to indicate openly to the com-
munity whether an account is AI or 
human. To minimize irregular play 
from human opponents, we did not 
disclose this information. No surveys 
to human players were conducted.

Since we do not have a set of refer-
ence Go ratings for the online human 
opponents, we use the dan and kyu 
ranks on Tygem and FoxWQ as the 

indicator for actual program strength. 
The online ranking mechanism (on 
these platforms) is described as follows. 
Each new account is given an initial 
rank; subsequently her rank is adjusted 
using the most recent n games. For 
instance, a common setting would be to 
promote the player’s rank by one if she 
has 12 wins in the most recent 20 games 
against players with a similar rank, or 
demote one rank if there were 12 losses. 
Once a promotion/demotion occurs, 
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FIGURE 8 Dan rank strength correlation to z for the online Go platforms Tygem and FoxWQ. 
0 dan corresponds to 1 kyu.

TABLE VII Normalized contingency table (column).

PERCEIVED STRENGTH

1 2 3 4 5 6 7 8 9 

EN
TE

R
TA

IN
M

EN
T

1 1.00 1.00 0 0 0.03 0 0 0.13 0.24

2 0 0 0.14 0.04 0.02 0.02 0.02 0.13 0.12

3 0 0 0.29 0.08 0.05 0.07 0.08 0.13 0

4 0 0 0.14 0.08 0.14 0.09 0.08 0.06 0 

5 0 0 0.29 0.17 0.27 0.24 0.06 0 0.06

6 0 0 0 0.25 0.17 0.15 0.12 0.06 0.12

7 0 0 0.14 0.25 0.19 0.24 0.31 0.13 0.06

8 0 0 0 0 0.03 0.05 0.14 0.19 0.06

9 0 0 0 0.13 0.11 0.15 0.18 0.19 0.35

The results indicate that SSA can maintain a positive 
strength correlation with the strength index, which enabled 
professional players to choose an appropriate opponent 
and provided game balancing, subsequently improving the 
entertainment value and creating more diverse game play.
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the “recent game buffer” is cleared. It is 
worth noting that this ranking mecha-
nism is a dynamic system, in that each 
player’s rank depends on the active play-
er population’s overall strength, and that 
it measures relative instead of absolute 
strength. Given a large enough number 
of game samples and a static player pop-
ulation, the rank should converge to a 
player’s ability. While we cannot control 
for a static player population, each ver-
sion of our program played at least 
400  games, with an overall average of 
1,000 games each, of which we use the 
most recent 100 games for the follow-
ing analyses.

Figure 8 shows that with different 
strength indices z, our AI program can 

obtain a steady distribution of strengths, 
ranking from 1 dan to 7 dan; z is highly 
correlated with dan rank ( .R 0 94742 =  
for Tygem, .R 0 99312 =  for FoxWQ) 
and a deviation of 0.5012 for Tygem and 
0.6083 for FoxWQ. From Figure 9, we 
can see that the rank of each program 
stays within a range of 1!  ranks in the 
most recent 100 games.

For the lower ranks from 18 kyu to 
1 kyu, even with a stable playing ability, 
it can be difficult to maintain the same 
rank since beginners introduce more 
noise in the form of various blunders, 
and improve strengths more rapidly, etc. 
As a quick example, from a human per-
spective, Go can be a strenuous game to 
play for beginners; it is unreasonable to 

expect human players to commit the 
same level of concentration for each 
game at this level, especially when we 
did not choose the players that partici-
pated in our experiments. For these rea-
sons, the data does not fit as well as the 
results for professionals or the dan ranks. 
Figure 10 shows the relationship 
between z and the programs’ kyu ranks 
on these two websites; the correlation of 
z to the kyu rank is moderately high 
( .R 0 89852 =  for Tygem, .R 0 86752 =  
for FoxWQ), while the deviation is 
much higher than the dan rank result 
(deviation = 1.6671 for Tygem, devia-
tion = 1.6055 for FoxWQ). Despite the 
large deviation, there is still an incre-
mental relationship between z and the 
average rank. We can still discriminate 
between different strength settings to 
some degree in Figure 11.

In summary, to verify that strength 
adjustment can be performed to obtain 
stable, evenly distributed programs, we 
performed human-program experi-
ments in which humans ranging from 
professional to amateur kyu rank played 
against our programs. The results indi-
cate that SSA can maintain a positive 
strength correlation with the strength 
index, which enabled professional play-
ers to choose an appropriate opponent 
and provided game balancing, subse-
quently improving the entertainment 
value and creating more diverse game 
play. For the amateur levels, we showed 
that the strength index is highly corre-
lated with the dan ranks, and moderately 
correlated with the kyu ranks.

B. Dynamic Strength Adjustment
We now test how effective our dynamic 
strength adjustment works to assess the 
strength of human professional players. 
For DSA, we directly used MDSA (as in 
Subsection IV-C) to both professional 
and amateur players with intra-game SA 
for the first three games and inter-game 
SA for the remaining 12 game series in 
this experiment (15 games in total).

Each professional player was in -
structed to play 15 games. Different 
from the exper iment in Figure 7, 
where the participants were asked to 
manually choose from a list of adjusted 
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FIGURE 10 Kyu rank strength correlation of z on Tygem and FoxWQ. 0 kyu corresponds to 1 dan.
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programs, in this experiment, one sin-
gle version of the program with DSA 
was used for all participants. The par-
ticipants were not informed of the 
adjustment mechanism.

In Figure 12, we show the MDSA 
estimation process for the participants 
P1, P8, and P16 (corresponding to the 
players in Table VIII). The strength 
relation of the three players is P12 

,P P8 162  according to the Go Rating 
website [25]. The intra-game SA 
mechanism was used for the first 
three games, where we can observe a 
rapid change to the value of z. At the 
end of the first three games, the z val-
ues appear to correspond to each 
player’s strengths ( )P P P1 8 162 2  in 
order. For the remaining 12 games, 
inter-game SA was used; in contrast, z 
adjustment between the games are 
more stable.

The Elo rating estimation results of 
the 12 professional players are shown in 
Figure 13. Compared with SSA, the 
DSA mechanism estimated each player’s 
rating with slightly less accuracy 
( . ).R 0 59862 =  However, with SSA, the 
player had to choose the appropriate 
difficulty level based on their personal 
experience. Unlike SSA, DSA is able to 
adjust the program’s strength automati-
cally to fit its opponent’s strength, result-
ing in a win rate that is close to 50% 
( % %).47 57+

Table IX lists the z value, intra-z after 
intra-games and final-z after 15 games for 
each player. Let the inter-z-diff be intra-z 
minus final-z. By averaging these absolute 

values of inter-z-diff, we obtain the value 
0.45, which we can think of as the 
remaining strength adjustment required 
by inter-game SA for the program to fit 
to a player’s actual strength. Now, let us 
consider the difference between the final 
z and the initial z (1.5), indicated in the 
row of z-diff. If we average these absolute 
values of z-diff, we obtain the amount of 
adjustment required only through inter-
game SA, which is about 1.08. In other 
words, by using intra-game SA, we are 
able to adjust to the player’s actual strength 
with a shorter distance, and follow up by 
fine-tuning with inter-game SA.

During the inter-game SA process, 
most players can detect the strength 
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FIGURE 12 MDSA strength estimation of selected players.
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2The player does not have a GoRating on the website. 
The listed rating is an estimate given by his/her peers.

TABLE VIII List of 17 HaiFong 
Professional Players.

SYMBOL
ENGLISH 
NAME GORATING 

P1 HSU,  
HAO-HUNG 

3,341 

P2 CHEN, CHI-JUI 3,223 

P3 CHIEN,  
CHING-TING

3,202 

P4 LIN, LI-HSIANG 3,181 

P5 LAI, CHUN-FU 3,058 

P6 LI, WEI 3,027 

P7 HUANG, SHIH-
YUAN

3,023 

P8 TSAI,  
CHENG-WEI 

3,004 

P9 LU, I-CHUAN 3,003 

P10 HSU, CHING-EN 3,0002

P11 LIN, YEN-CHENG 2,978 

P12 YANG,  
TZU-HSUAN 

2,975 

P13 LIN, CHIEH-HAN 2,965 

P14 NIU, SHIH-TE 2,919 

P15 CHANG,  
CHIA-HUAN

2,9002

P16 PAI, HSIN-HUI 2,795 

P17 YU, LI-CHUN 2,770 
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differences game by game. The strongest 
participant’s comments are listed by 
game in Table X.

Subjectively, players also reported 
that the programs played to balance 
each game. One participant reported 
that “the game felt close all the way 
to the end, even as I made constant 
gains”. In terms of move diversity, 
players also reported back the follow-
ing comments:

 ❏ P9: the 20th move made by CGI 
(W) is refreshing.

 ❏ P9: the 11th move by CGI helped 
broaden my perspective on the game; 
I think it is not a bad move.

 ❏ P12: CGI seems to play more new 
variations.

 ❏ P14: the winning move for CGI 
occurred at 101; I am rather sur-
prised that a computer was able to 
come up with something like that.

VI. Conclusion
In this paper, we propose an approach to 
strength adjustment for MCTS-based 
game-playing programs. In this ap  -
proach, we follow a softmax policy [12] 
with a strength index z to choose 
moves. Most importantly, this approach 
uses a threshold ratio Rth  to filter out 
low-quality moves i whose simulation 
counts in MCTS are .N N Ri 1 th##

In practice, we applied the approach 
to the Go programs ELF and CGI, dem-
onstrating the ease with which program 
strengths can be adjusted. The empirical 
results show the strength covers a range 
of about 830 Elo ratings with a low lin-
ear regression error of 47.95 Elo, with 
respect to z in the range [−2, 2]. To our 
best knowledge, this result is state-of-
the-art in terms of the range of strengths 
in Elo rating while maintaining a con-
trollable relationship between the 
strength and a strength index. Another 
advantage is that the program is still able 
to play diverse moves despite its adjusted, 
weaker strength.

Furthermore, we present an in-depth 
strength analysis for the above empirical 
results. First, we make the hypothesis 
that given a position, the strength of 
move i is proportional to .N i

H  From this 
hypothesis, the strength ratings of cho-
sen moves are shown to be at worst a 
fixed value, ,lnH Rth#  lower than the 
best move. This justifies that the move 
quality is under control, avoiding excep-
tionally bad moves. In addition, the anal-
ysis also shows that the derived strengths 
are also close to the empirical strengths 
with regression error 40.45 Elo, and to a 
logistic function with regression error 
10.51 Elo.

With the ease of strength adjustment 
using z, we introduce three methods to 
adjust strength dynamically, including 

TABLE IX Intra-game SA estimation.

LABEL P1 P3 P5 P6 P7 P8 P9 P10 P12 P14 P15 P16 

INTRA-z 1.40 0.74 1.33 1.40 2.34 0.60 −0.50 1.09 −0.39 −0.02 −0.98 −1.41

FINAL-z 2.39 0.89 1.62 0.96 1.67 0.26 0.27 1.36 −0.72 0.54 −0.38 −1.41

INTER-z-DIFF −0.99 −0.15 −0.29 0.43 0.67 0.34 −0.77 −0.27 0.33 −0.56 −0.60 0.00 

z-DIFF −0.89 0.61 −0.12 0.54 −0.17 1.24 1.23 0.14 2.22 0.96 1.88 2.91 
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FIGURE 13 MDSA strength estimation of HaiFong professional players.

In terms of future work, the AlphaZero algorithm has also 
been successfully applied to other games such as chess 
and shogi, also achieving super-human level strength 
[6]. With our approach, we expect to be able to provide 
a wide range of strength levels for each of these games. 
We expect our approach to not only impact the Go 
community, but also the games community at large.
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inter-game, intra-game and mixed 
dynamic strength adjustment. The 
experimental results show that these 
methods are able to predict the oppo-
nents’ expected strengths, though the 
variances can be high.

Finally, we test our methods in real-
world cases against professionals, dan 
rank amateurs and kyu rank amateurs. 
The players are able to subjectively 
judge the strength of the programs cor-
responding to different strength indices. 
From player surveys, we conclude that 
professionals tend to feel more enter-
tained when the program is slightly 
above their strength. When our strength 
adjusted program is made available 
online, it can play consistently at evenly-
distributed ranks according to each pro-
gram’s preset strength index. As a player 
performance assessment tool, our pro-
gram can predict opponent strength 
accurately in 15 games.

We are currently in the process of 
applying our strength adjustment mech-
anism into a so-called lifelong learning 
system for a variety of games. As a user 
grows in playing ability, the lifelong 
learning system is able to keep up with 
the user and provide appropriate oppo-
nents at all levels of play. We have dem-
onstrated in this paper that our method 
can cover all ranks on Go websites, and 
even for professional players. The life-
long learning system using our strength 
adjustment method is therefore suitable 

for long-term learning, training, and 
entertainment.

In terms of future work, the AlphaZero 
algorithm has also been successfully 
applied to other games such as chess and 
shogi, also achieving super-human level 
strength [6]. With our approach, we 
expect to be able to provide a wide 
range of strength levels for each of these 
games. We expect our approach to not 
only impact the Go community, but also 
the games community at large.
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TABLE X Comments of P1 (HSU, HAO-HUNG).

GAME RESULT Z COMMENT 

4 WIN 1.40 I FEEL IT’S (AI) NOT STRONG IN THIS GAME

5 LOSE 1.81 THIS GAME IS OK 

6 WIN 1.42 SLIGHTLY WEAK 

7 WIN 1.79 MODERATE 

8 LOSE 2.14 SLIGHTLY STRONG

9 WIN 1.81 SLIGHTLY WEAK 

10 LOSE 2.12 SLIGHTLY STRONG 

11 WIN 1.82 WEAK 

12 WIN 2.11 SLIGHTLY WEAK 

13 WIN 2.38 SLIGHTLY WEAK 

14 LOSE 2.64 OK 

15 LOSE 2.39 STRONG 
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* 2020 IEEE Conference on Games 
(IEEE CoG 2020)
August 24–27, 2020
Place: Higashiosaka, Japan – virtual
General Co-Chairs: Ruck Thawonmas 
and Kyung-Joong Kim
Website: http://ieee-cog.org/

T 5th South-East Europe Design 
Automation, Computer Engineering, 
Computer Networks and Social Media 
Conference (SEEDA CECNSM 2020)
September 25–27, 2020
Place: Corfu, Greece
General Co-Chairs: Michael Dossis  
and Christos Douligeris
Website: http://hilab.di.ionio.gr/
seeda2020/

T 2020 International Conference 
on Process Mining (ICPM 2020)
October 5–8, 2020
Place: Padua, Italy
General Co-Chairs: Massimiliano de 
Leoni and Alessandro Sperduti
Website: https://icpmconference.org/ 
2020/

* 2020 IEEE 7th International 
Conference on Data Science and 
Advanced Analytics (DSAA)
October 6–9, 2020
Place: Sydney, Australia – virtual
General Co-Chairs: Vipin Kumar  
and Usama Fayyad
Website: http://dsaa2020.dsaa.co

T 2020 Fourth International 
Conference on Intelligent Computing 
in Data Sciences (ICDS 2020)
October 21–23, 2020
Place: Fez, Morocco – virtual
General Co-Chairs: Robert Kozma, 
Chakir Loqman, Mohammed Mestari
Website: http://www.researchnetwork 
.ma/icds2020/index.html

* 2020 IEEE International 
Conference on Computational 
Intelligence in Bioinformatics and 
Computational Biology (CIBCB)
October 27–29, 2020
Place: Viña del Mar, Chile – virtual
General Chair: Gonzalo A. Ruz
Website: https://cibcb2020.uai.cl

* 2020 Joint IEEE 10th International 
Conference on Development and 
Learning and Epigenetic Robotics 
(ICDLEpiRob)
October 28–30, 2020
Place: Valparaíso, Chile – hybrid
General Co-Chairs: Giulio Sandini  
and Javier Ruiz-del-Solar
Website: https://cdstc.gitlab.io/icdl-2020/

T 7th International Conference  
on Soft Computing and  
Machine Intelligence  
(ISCMI 2020)
November 14–15, 2020
Place: Stockholm, Sweden
General Chair: Suash Deb
Website: http://www.iscmi.us

* 2020 IEEE Symposium  
Series on Computational 
Intelligence (IEEE SSCI 2020)
December 1–4, 2020
Place: Canberra, Australia
General Chair: Hussein Abbass
Website: http://www.ieeessci2020.org/

* 2021 IEEE Congress on 
Evolutionary Computation  
(IEEE CEC 2021)
June 28–July 1, 2021
Place: Kraków, Poland
General Co-Chairs: Jacek Mańdziuk  
and Hussein Abbass
Website: https://cec2021.mini.pw.edu.pl

* 2021 IEEE International 
Conference on Fuzzy Systems 
(FUZZ-IEEE 2021)
July 11–14, 2021
Place: Luxembourg, Luxembourg
General Co-Chairs: Christian  
Wagner and Holger Voos
Website: TBA

* 2021 IEEE International 
Conference on Development  
and Learning (ICDL)
August 23–26, 2021
Place: Beijing, China
General Co-Chairs: TBA
Website: TBA

* 2021 IEEE Conference  
on Computational Intelligence  
in Bioinformatics and 
Computational Biology  
(CIBCB)
October 13–15, 2021
Place: Melbourne, Australia
General Co-Chairs: TBA
Website: TBA

* 2021 IEEE Smart World 
Conference
October 18–21, 2021
Place: Atlanta, USA
General Co-Chairs: Yi Pan,  
Rajshekhar Sunderraman,  
Yanqing Zhang
Website: TBA

* Denotes a CIS-Sponsored Conference
T  Denotes a CIS Technical  

Co-Sponsored Conference

Marley Vellasco
Pontifícia Universidade 
Católica do Rio de Janeiro, 
BRAZIL
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* 2021 IEEE Latin American 
Conference on Computational 
Intelligence (LA-CCI)
November 2–4, 2021
Place: Temuco, Chile
General Co-Chairs: Millaray  
Curilem and Doris Saez
Website: http://la-cci.org/

* 2021 IEEE Symposium Series  
on Computational Intelligence 
(IEEE SSCI 2021)
December 5–8, 2021
Place: Orlando, FL, USA
General Co-Chairs: Sanaz  
Mostaghim and Keeley Crockett
Website: TBA

* 2022 IEEE World Congress  
on Computational Intelligence 
(IEEE WCCI 2022)
July 18–23, 2022
Place: Padua, Italy
General Co-Chairs: Marco Gori  
and Alessandro Sperduti
Website: TBA
�

Update your contact information so you don’t miss 
an issue of this magazine!

Change your address
E-MAIL: address-change@ieee.org
PHONE: +1 800 678 4333 in the United States 
                 or +1 732 981 0060 outside 
                 the United States                 the United States

If you require additional assistance 
regarding your IEEE mailings, 
visit the IEEE Support Center 
at supportcenter.ieee.org.

IEEE publication labels are printed six to eight weeks in advance 
of the shipment date, so please allow sufficient time for your publications 
to arrive at your new address.

Are You Moving?
IM

A
G

E
 L

IC
E

N
S

E
D

 B
Y

 IN
G

R
A

M
 P

U
B

LI
S

H
IN

G



What + If = IEEE

420,000+ members in 160 countries.  
Embrace the largest, global, technical community.
People Driving Technological Innovation.

ieee.org/membership #IEEEmember

k n o w l e d g e       c o m m u n i t y       p r o f e s s i o n a l  d e v e l o p m e n t       c a r e e r  a d v a n c e m e n t



Call for Papers for Journal Special Issues

Special Issue on “Evolutionary Neural Architecture Search and Applications”
Journal: IEEE Computational Intelligence Magazine
Guest Editors: Yanan Sun (ysun@scu.edu.cn), Mengjie Zhang, and Gary G. Yen
Submission Deadline: August 30, 2020
https://yn-sun.github.io/si_enasa.html

Special Issue on “Computational Intelligence for Smart City Services”
Journal: IEEE Computational Intelligence Magazine
Guest Editors: Hao Sheng, Hui Xiong, Zhipeng Cai (zcai@gsu.edu), and Xiuzhen Cheng
Submission Deadline: November 1, 2020
https://research-web.github.io/posts/si/cim2020/

Special Issue on “New Frontiers in Extremely Efficient Reservoir Computing”
Journal: IEEE Transactions on Neural Networks and Learning Systems
Guest Editors: Gouhei Tanaka (gouhei@sat.t.u-tokyo.ac.jp), Claudio Gallicchio, Alessio Micheli, Juan 
Pablo Ortega, and Akira Hirose
Submission Deadline: September 15, 2020
https://cis.ieee.org/images/files/Documents/call-for-papers/tnnls/CFP_Special_Issue_RC_TNNLS.pdf

Special Issue on “Biologically Learned/Inspired Methods for Sensing, Control and 
Decision Making”

Journal: IEEE Transactions on Neural Networks and Learning Systems
Guest Editors: Yongduan Song (ydsong@cqu.edu.cn), Jennie Si, Sonya Coleman, and Dermot Kerr
Submission Deadline: October 31, 2020
https://cis.ieee.org/images/files/Documents/call-for-papers/tnnls/CFP_Special_Issue_BLMSCDM_TNNLS.pdf

Special Issue on “Fuzzy Systems Toward Human-Explainable Artificial Intelligence 
and Their Applications”

Journal: IEEE Transactions on Fuzzy Systems
Guest Editors: Zehong (Jimmy) Cao, Chin-Teng Lin, Yong Deng, and Gerhard-Wilhelm Weber
Submission Deadline: October 31, 2020
https://cis.ieee.org/images/files/Publications/TFS/special-issues/TFS_SI_FSTHEAIA_CFP.pdf
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Organising Committee
General Chair

Hussein Abbass, Australia
Program Chair

Carlos A. Coello Coello, Mexico
Conflict of Interest Chair

Hisao Ishibuchi, China
Finance Chair
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Proceedings Chair
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45 Technical Symposia

December 1-4, 2020  Canberra Australia

Co-located with the 
33rd Australasian Joint Conference 

on AI
Running during the 

Canberra Artificial Intelligence (CAI) 
week

Important Dates

IEEE SSCI 2020 

Tutorials, Workshop & 
Special Session proposals

April 1

Paper submission (no extension) August 7

Notification to authors September 4

Camera ready manuscript September 18 
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