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will be shared with funding agencies, advisory panels, research institutions and stakeholders
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The objectives of the report are: a) to analyze Singapore’s Al research performance by
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future, as well as highlighting potential impacts of the suggested future Al research towards a
sustainable economy.
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EXECUTIVE SUMMARY

BACKGROUND

Artificial Intelligence (Al) no longer resides solely in the domain of experts, gradually becoming
a pervasive feature of the human experience. It is expected to play an important role in keeping
Singapore competitive amidst myriad challenges such as changing demographics, rising
global competition, and possibilities for malicious actions.

One of the FRC studies launched by NRF to dive deep into cornerstones of modern science
and technology is this study of New Foundations of Al. This report aims to assess Singapore’s
Al research performance, identify long-term foundations worth investing in, review Al
technologies that can strengthen Singapore’s already impressive position in Al research, and
to present suggestions on Al research topics that will help take Singapore into the future.

This report is led by Professor Yew-Soon ONG with the core team credited at the start of this
report. A diversity of expert contributors from the fields of computer science, engineering,
neuroscience, law, psychology and sociology have contributed to the report. It has taken over
a year from August 2021 till January 2023 to prepare this report over multiple workshops, peer
reviews and rounds of revision.

NEW FOUNDATIONS OF Al

Distilling from historical definitions, Al can be seen as the science and engineering of intelligent
machines. The long-term goal is therefore to develop machines that can think, act and learn
by themselves, targeting the greater good of countries, economies, and societies. Being
cognizant of the challenges and opportunities in present Al research, it is important to set
guidance to those who are developing the technologies to realize those intelligent machines
and to create positive impact as a result.

To provide such guidance, this report proposes a set of foundation capabilities that will form
the basis of long-term endeavours to realize the full potential of Al in Singapore and beyond.
These foundation capabilities (which are discussed in greater detail in the New Foundations
of Al section) are conceived with the strategy of balancing Al risks and growth. They are briefly
described as follows:

Responsible Al
Human responsibility of Al deployment and the science and engineering of intelligent systems
along fundamental human principles and values to ensure human flourishing and wellbeing.

Sustainable Al

The science and engineering of Al in a manner where advancement can be continued in the
long run, with an emphasis towards reducing the growing reliance of data, compute and other
limited resources to achieve performance gains.

Rationalizable Al

The science and engineering of Al with behaviour that can be explained as if a human had
performed the behaviour, with an emphasis on describing the underlying reasoning and the
causes and effects of the outcomes.
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Synergistic Al

The science of specialized Al components working together in embodied machines, and
humans and machines complementing one another, thus simultaneously exploiting the best
of all worlds to expand the capabilities of both machines and humans.

These foundation capabilities provide the platform to discuss the R&D topics that will
strengthen Singapore’s position in Al.

KEY TAKEAWAYS AND RECOMMENDATIONS

Singapore is among the world’s emerging hubs of Al research with achievements spanning
from academic prowess to practical applications. In a field that includes leading global
universities such as Harvard and MIT and world-renowned corporate entities such as Google
and Alibaba, Singapore universities score impressively in citation count and field-weighted
citation impact (FWCI) for Al scientific publications, with peaks of excellence corresponding to
major topics of interest worldwide. In addition, Singapore-based young scientists have been
honoured as Al world leaders, with 6 of the top 20 global researchers in 2018 and 2020 based
in Singapore' 2 according to the biennial rankings published by IEEE. That is 30% of all the
top Al researchers in the world, which is a remarkable achievement for a country of
Singapore’s size.

Al is identified as a key cross-cutting enabler across all strategic domains in Singapore’s
Research, Innovation and Enterprise 2025 plan (RIE2025)3: Manufacturing, Trade and
Connectivity (MTC), Human Health and Potential (HHP), Urban Solutions and Sustainability
(USS) and Smart Nation and Digital Economy (SNDE). Some of the Al-driven applications
showcased in the Singapore healthcare ecosystem include the Doctor Covid chatbot at
community care facilities* ® and an Al tool to detect pneumonia via chest X-Rays® to serve the
nation during the COVID-19 pandemic. In the light of increasing diabetes in Singapore, the
JurongHealth Food Log’ app serves those with pre-diabetes by analyzing food photos to
provide nutritional advice, and an Al-enabled system diagnoses glaucoma with 97%
accuracy?®. “Artificial brains” to perform bed assignment for more than a thousand beds®, and
the use of robotics and analytics'® for logistics, patient interaction and precision medicine"
have been reported in local hospitals. Al applications for the social good include sensing apps
EmojiCapcha, Happy Bird and Betterfly that help children with special needs learn about their
emotions'?, and autonomous robots for agile, efficient and sustainable cleaning'. Localized
Al applications that cater to the Singaporean context include a speech recognition engine that
transcribes English, Mandarin and Singlish', and the world’s first Malay and Tamil Speech
Evaluation Systems’®.

It is a significant achievement that Singapore has reached this stage in just a short time. While
other countries have poured a lot more resources and have large hinterland pools of talent
and history of development, Singapore has eked out an impressive position in the last 5 years
and can stand shoulder to shoulder with the other giants despite its small population. This is
due to the investment in an educated workforce and R&D that we have made over the past
several generations. Singapore’s BSc in Data Science and Artificial Intelligence has been
ranked among the world’s top 10 Al and Data Science Undergraduate Courses in 20216,
which is a noteworthy achievement as it places Singapore alongside illustrious names such
as Stanford, Harvard and MIT. Singapore is the only country outside of the US and UK to have
a university listed among the 10 courses that were featured. Several top private tech entities
have set up joint Al research labs with local universities, research institutions and R&D centres
in Singapore, such as A*STAR’s partnerships with Singapore Airlines and KPMG, NTU's joint
initiatives with NCS, Singtel, HP and Rolls-Royce, NUS' collaborations with Sea and Grab,
SMU's partnership with Microsoft for its Centre for Al and Data Governance (CAIDG) and
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SUTD’s Memorandum of Understanding with DBS for its Design and Atrtificial Intelligence
(DAI) programme. This is important as stellar academic research and partnerships are pivotal
for Singapore’s continued success in Al.

Here are a few opportunities to build on this progress.

Research: The current research trend in Al including Deep Learning (DL), Deep
Reinforcement Learning (RL), Large Language Models (LLMs), Generative Adversarial
Networks (GANs) and Foundation Models, is to continue scaling up the learning models. For
this, big infrastructure is a necessity, particularly in terms of data and compute. To stay
competitive with other academic giants, tech giants and countries, in the short term, Singapore
should consider investing big in world-class compute infrastructure to attract and retain talents
that seek to pursue large-scale Al experiments, models and challenges that have impactful
outcomes. Such big models are however black-box that are not very rationalizable to humans.
In the long term, it is thus worthwhile to invest in the fundamental science of Al towards more
sustainable models and algorithms that have much lower compute requirements and are also
safe, resilient and rationalizable. Current research in DL should also be complemented with
classical Al, which has a rich history of successes. A variety of classical and emerging Al
algorithms support applications of practical interest, such as data mining, heuristic search and
optimization, planning and scheduling, expert systems, multi-agent systems, evolutionary
computation, fuzzy systems, game theory, dynamical systems, and human-Al interaction and
collaboration. Also important is the need to look out for technological trends worldwide that
could disrupt the norm, so that Singapore can keep itself at the forefront of Al research. One
example is quantum computing. As quantum computers approach reality at scale, Singapore
needs to be ready with algorithms and systems that can work on these machines. Yet another
important opportunity worth exploring is open source and decentralized research collectives.
Globally, successful examples of such collectives include OpenAl, Stability and Eleuther. Such
initiatives need to be encouraged in Singapore so that Singapore researchers can collaborate
beyond borders and tap into the best talent the world has to offer. It would also be wise to
develop a set of key performance indicators that go beyond publications and assess the real-
world impact of Al. Given the emerging importance of Human-Al Synergy (HAS), a
multidisciplinary research centre focusing on this field would be ideal. This can be
complemented by other efforts such as conducting deep-dives to road-map milestones for a
5-to-10-year timeframe, exploring new avenues for sustained funding, developing a pool and
pipeline of multi-disciplinary talent (computational and behavioural) for HAS R&D, and posting
HAS-related challenges to the community to identify and train relevant Al talents in Singapore.

Industries: Today’s Al has made its greatest impact in internet businesses, through
recommendation engines, computer vision or natural language processing. There are many
more opportunities in industrial Al that have yet to be well explored. For example,
manufacturing system planning and execution faces a unique challenge of every
manufacturing plant being different, needing custom Al algorithms specialized to plant-specific
data and/or operational conditions instead of a single monolithic Al system that can be rolled
out across thousands of plants'”. Al-driven drug discovery promises to revolutionize
healthcare by using machine learning to analyze and find patterns in vast quantities of
biochemical data and by using neural networks to design molecules and compounds. Beyond
drug discovery, manufacturing of these drugs can also benefit from machine learning that
performs quality control, identifies errors, reduces waste, increases speed and enables
predictive maintenance of equipment, just to name a few. Other application areas can be seen
in urban planning, such as smart grids that match energy demand and supply, distributed
smart value chains, accurate forecasting for renewable energy sources, energy-efficient
operation of data centres and agri-tech, digital twins, optimization of urban layouts for
sustainability and livability, and industrial pollution reduction for air quality improvement. Al
also promises to transform scientific discovery through ’self-driving’ experimental facilities,
high-fidelity data creation through computational simulation, and the ability to work
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synergistically with theoreticians, mathematicians, designers, and engineers. Likewise, there
are many opportunities in agriculture and the food system, augmented learning,
cyberinfrastructure, computer and network systems, and others. More work is also needed on
grounding Al in the real world.

Institutes or Initiatives: To make the most of these opportunities, one avenue worth exploring
is to set up new research programmes in Singapore. Institute(s) or initiative(s) to focus on the
identified foundations of Al such as sustainable, responsible and rationalizable Al can be
explored. Yet another promising area worth investing in is human-Al synergy, emphasizing
how Al can augment humans, learn from humans, help us understand human intelligence
better, work with other Al components, and form collective intelligence. Application areas and
industries strategic to Singapore where Al can bring transformative value should also be
explored. There is a particular need for multidisciplinary Al research that is informed by a wider
range of cross-cutting expertise from computer science, engineering, neuroscience, law,
psychology and sociology, among others. An example of such a programme that exists
globally is the Stanford’s Human-Centered Al (HAI) institute'®. A potential focus area of a new
multidisciplinary institute in Singapore could be the interplay of cognition and neuroscience
with other disciplines. Research initiatives that develop Al solutions tailored for local and
regional needs such as language and localized issues would be welcome. This would also
involve collecting and building models on data that’s sufficiently representative of Singapore’s
(and the region’s) demography, culture, languages, nuances and context.

Education: It would be worthwhile to have more synergistic Al PhD programs that are
multidisciplinary, cross-universities, and/or cross-research institutes. Al should be considered
a core foundation subject at undergraduate level with curriculum flexibility to ensure that
students do not just have expertise in one area of Al (e.g., machine learning or deep learning)
while being inadequately exposed to others. Secondary and primary school students can be
given a fundamental background in Al as well, so that they are aware of the opportunities and
risks of Al at a young age. Another welcome initiative would be efforts to identify and define
Al competencies for educators in Singapore so that they are qualified to impart vital knowledge
and skills to students at all levels.
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INTRODUCTION

LANDSCAPE

From its humble roots as a science-fiction trope, Artificial Intelligence (Al) has powered its way
into the mainstream over the past few decades. Many well-known scientists, inventors,
futurists, entrepreneurs and experts predict that Al will reach and surpass humans in general
intelligence in the next few decades.

The history of progress in Al Research is a rocky one that has included several slowdowns
known as “Al winters”, but today, Al is well into an era of rapid progress, large investments
and great expectations. This is the era of data-centric Al, with some expecting that algorithms
will soon be able to automate many of those tasks that a normal person can do in less than
one second'®. This is thanks to a combination of advanced computers, availability of large
datasets, and learning algorithms whose performance keeps improving with increasingly
larger amounts of data as input.

The past decade has seen Al becoming a pervasive force for innovation as a result of massive
research and development (R&D) efforts. To this end, Al techniques are used in a wide variety
of fields including data analytics, recommendation systems, chatbots and robotics. Their
application domains are also diverse, spanning across various industries such as
manufacturing, logistics, healthcare, education, sustainability, security, finance, human
resources and many more.

Recent Major Al R&D Areas and Approaches

Contemporary Al R&D today spans a wide range of areas including Machine Learning (ML),
Computer Vision (CV), Natural Language Processing (NLP), Computational Intelligence (Cl)
and Distributed Al (DAl) including swarm intelligence, Federated Learning (FL) and Multi-
Agent Systems (MAS). Besides that, there are other areas including planning, scheduling,
optimization, symbolic methods, knowledge representation and reasoning, cognitive
architectures, probabilistic methods, and neuro-symbolic methods. These areas reflect the
current pragmatic mix of both Al functions (e.g., computer vision, natural language processing)
and technical approaches (e.g., ML, heuristic search and optimization) as practiced by
researchers. Following these, some of the recent and major advances in Al R&D include Deep
Learning, Deep Reinforcement Learning, Large Language Models, Generative Adversarial
Networks, Transformers and Foundation Models.

In particular, Deep Learning (DL) has become a predominant Al approach over the last
decade. It is a machine learning approach that gained popularity in the early 2010s and has
revolutionized Al since. At its core, DL is about learning how to represent data hierarchically,
using many layers of simple computing units called “neurons”. One key difference DL has from
previous approaches in machine learning is that DL performs many parallel but simple
computations instead of a few but complex ones. A key property of DL that has made it so
revolutionary is that its performance improves with more data, in a way that is qualitatively
better than other techniques. For example, in much of CV and NLP research literature, state-
of-the-art results on most tasks such as object recognition and speech recognition are
achieved by DL algorithms. However, as DL has boomed in popularity, so has the awareness
of its limitations. While DL looks likely to remain the predominant approach in the short term,
researchers are actively working on other approaches that may either overtake DL in the long
term, or serve as alternative approaches with favourable tradeoffs, such as greater
explainability with minimal reduction in performance. DL has first made its impact in CV, but it
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has moved on to make significant differences in many other areas of Al R&D including the
advances described in what follows.

A related major advancement of the past few years is Deep Reinforcement Learning (Deep
RL). Reinforcement Learning (RL) is a machine learning technique that stems from the simple
idea that an Al model’s desired outputs or behaviour should be positively rewarded, and
undesired ones penalized. The impact of Deep RL was first seen in its ability to play games.
AlphaGo has famously beaten the world’s best human players in the ancient strategy game of
Go. Other Deep RL systems have mastered chess, Atari Games, multiplayer games like
StarCraft, those with imperfect information such as poker, and subsequently AlphaZero which
teaches itself to master games from scratch. Recently, Deep RL has been taken beyond
games and is making its way in challenging applications such as robotic learning and self-
driving cars. On the NLP front, the recent 5 years or so have seen a rapid rise of so-called
Large Language Models (LLMs) such as BERT2°, GPT-32' and Wu Dao?2. The largest of these
models have hundreds of billions to more than a trillion parameters, making them feasible only
for the most well-resourced organizations to create, train and maintain. LLMs were initially
used for simpler tasks of language generation, e.g., completing sentences, creating stories,
or answering questions. Thereafter, they have been applied to related but complex tasks such
as summarization, report generation and translation. More recently, multimodal versions of
these models have been created that simultaneously process image, video and text data.

The excitement of researchers and the public in LLMs is largely because these models are
able to seemingly generate “human-like” paragraphs of text, although their limitations also
became quickly apparent. These limitations include the tendency to wander off into producing
illogical statements after a few sentences or paragraphs, and a poor ability to maintain a
consistent narrative or train of thought over paragraphs. Perhaps most crucially, such models
have been shown to be inconsistent in terms of reasoning, producing answers or statements
that are out of context or even irrational.

Another advance is the rise of Generative Adversarial Networks (GANs)?3. GANs are a type
of DL models capable of generating new data (primarily images and videos) that appear as
realistic as the original data they were trained on. While the earliest GANs generated images
that were grainy or strange artifacts, today’s GANs can generate images and videos that even
forensic experts struggle to tell apart from real ones. Hence, GANs have given rise to the now-
common term “DeepFakes” — which means fake images or videos produced using GANs. At
the same time, GANs have also enjoyed positive and productive applications such as
producing ads, movies or music videos more efficiently, as well as qualitatively changing the
creative process and enabling new modes of creativity. GANs have applications in Al R&D as
they can generate more data and expand datasets significantly beyond their original sizes.
However, it is important to note that the dominant position of GANs has recently been
challenged by emerging models such as Stable Diffusion, Midjourney, Imagen and DALL-E-
2. For example, research related to image synthesis has shown that diffusion models achieve
better image quality than GANs?*,

Singapore’s Al R&D Scene

Singapore as a country fares very well in terms of the quality of Al research publications when
compared to others globally. Before we dive into the stats, let us first look at a few key concepts
and their definitions. Field Weighted Citation Impact (FWCI)?® is the ratio of the total citations
actually received by the denominator’s output, and the total citations that would be expected
based on the average of the subject field. An FWCI of exactly 1 means that the output performs
just as expected for the global average. More than 1 means that the output is more cited than
expected, and less than 1 means the output is less cited than expected. Citation count?® is the
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number of times a research work such as a journal article is cited by other works. Scholarly
output?” defines the total count of research outputs, to represent productivity.

According to Table 1 below, data from Scival (2018-2021), based on Elsevier Al Report
methodology, shows that Singapore ranks first in the world in Field-Weight Citation Impact
(FWCI) for Al publications. Singapore’s FWCI is 3.51, followed by Hong Kong (3.39),
Switzerland (3.12), Australia (3.08) and the United States (2.89).

Table 1: Scholarly Output, Citation Count and FWCI of top countries for Al research (2018-

21)
Country/Region Scholarly Output Citation Count Field-Weighted
Citation Impact
(FWCI)
Singapore 3,767 78,851 3.51
Hong Kong 3,375 69,287 3.39
Switzerland 2,915 53,777 3.12
Australia 7,894 140,350 3.08
United States 50,816 818,841 2.89
United Kingdom 14,857 234,893 2.75
Canada 9,112 130,286 2.65
Netherlands 3,491 51,508 2.65
Germany 10,990 142,799 2.46
Italy 7,447 85,723 2.28
Iran 6,359 84,388 2.28
South Korea 9,836 119,206 2.25
France 7,091 83,418 2.14
Spain 6,649 77,113 2.01
China 85,996 892,675 1.84

A similar picture unfolds when we look at FWCI in individual Al R&D areas, where Singapore
is consistently among the top 5 countries in many areas. From Tables 2-5 below, Singapore
fares well in the major areas of Al R&D, with FWCI values that place it among the Top 5
countries for Machine Learning and Computer Vision (#5), NLP and Recommender Systems
(#1), Multi-Agent Systems and Robotics (#3), and Speech (#2).

Table 2: Top 10 countries sorted by FWCI in the areas of Algorithms, Computer Vision and
Models (2018-21)

Country/Region Citation Count Field-Weighted Citation
Impact (FWCI)

Switzerland 36,429 3.39
Hong Kong 60,155 2.91
United States 454,091 2.85
United Arab Emirates 11,987 2.79
Singapore 43,611 2.74
Australia 74,980 2.72
United Kingdom 111,955 2.49
Canada 53,094 2.09
Finland 9,442 2.08
Germany 73,116 2.07

Excluding countries with fewer than 1,000 publications
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Table 3: Top 10 countries sorted by FWCI in the areas of Semantics, Models, and
Recommender Systems (2018-21)

Country/Region Citation Count Field-Weighted Citation
Impact (FWCI)

Singapore 16,927 3.85
United States 132,090 2.23
Netherlands 8,955 2.01
United Kingdom 28,755 1.95
Australia 16,435 1.89
Canada 14,303 1.79
Italy 12,717 1.78
Germany 20,875 1.68
Spain 11,615 1.56
Saudi Arabia 4,675 1.43

Excluding countries with fewer than 1,000 publications

Table 4: Top 10 countries sorted by FWCI in the areas of Multi-Agent Systems, Motion
Planning, and Robots (2018-21

Country/Region Citation Count Field-Weighted Citation
Impact (FWCI)

Hong Kong 5,344 1.68
Australia 9,348 1.63
Singapore 4,212 1.56
United Kingdom 10,085 1.53
Canada 6,004 1.52
Netherlands 2,170 1.29
United States 27,916 1.28
Italy 4,342 1.21
South Korea 4,495 1.21
France 4,129 1.17

Excluding countries with fewer than 400 publications

Table 5: Top 10 countries sorted by FWCI in the areas of Speech and Speech Recognition

(2018-21)
Country/Region Citation Count Field-Weighted Citation
Impact (FWCI)

United States 66,660 3.10
Singapore 3,996 2.51
Hong Kong 3,437 243
United Kingdom 14,893 2.35
Canada 6,562 2.30
Switzerland 3,226 2.24
Netherlands 2,377 214
France 6,761 1.89
Germany 9,149 1.76
Taiwan 3,335 1.71

Excluding countries with fewer than 400 publications

Figure 1 below with citation count on the x-axis and FWCI on the y-axis compares Singapore’s
four research-intensive universities (NTU, NUS, SMU and SUTD) with other global universities
as well as leading global organizations. All four institutions score well in FWCI compared to
illustrious global universities such as Harvard and MIT as well as corporate tech giants such
as Microsoft and Alibaba.
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Figure 1: Citation Count and FWCI of top universities and organizations in Al research

There are several current key Al R&D initiatives in Singapore covering both public sector
institutions and private Institutes of Higher Learning (IHLs) and Research Institutes (RIs). In
2019, Singapore’s National Al Strategy?® was launched to map out how Singapore will develop
and use Al to transform the economy and improve peoples’ lives. The vision is for Singapore
“to be a leader in developing and deploying scalable, impactful Al Solutions, in key sectors of
high value and relevance to our citizens and businesses.” By 2030. As Singapore embarks on
the initial five National Al Projects, it looks at building a vibrant and sustainable Al ecosystem
to anchor Al innovation and adoption across the economy. Triple Helix Partnership, one of the
five ecosystem enablers identified to achieve this, is where “the Research Community,
Industry and Government play important, interconnected roles to enable the development and
deployment of Al solutions.” It is critical for Singapore to enhance partnerships across these
stakeholders to strengthen its collective capabilities and drive overall national Al effort.

Al Singapore (AISG) is a national Al programme to “anchor deep national capabilities in Al
thereby creating social and economic impacts, grow the local talent, build an Al ecosystem,
and put Singapore on the world map”?°. AISG is organized into 5 pillars, namely Research,
Technology, Innovation, Makerspace and Governance. The AISG Research pillar is a
significant funder of basic Al research, via open competitive grant calls; targeted areas include:
Collaborative Al, Continuous Learning Al, Privacy-Aware Al, Resource-Efficient Al and
Trustworthy and Explainable Al. The AISG Governance pillar promotes Al that is trustworthy
and trusted, for the benefit of humanity; its activities include multidisciplinary, applied research
grant calls targeting Trustworthy Al and Trust in Al. The AISG Technology pillar addresses
major issues that affect the economy and society by organizing various type of applied Al
challenges. Challenges have targeted a variety of topics, including healthcare and fake media.
AISG also conducts capability-building programmes, such as an apprenticeship scheme?®® and
student outreach programme?3'.

The Agency for Science, Technology and Research (A*STAR) is a national public sector R&D
agency that “drives mission-oriented research that advances scientific discovery and
technological innovation”. A key R&D initiative is the new A*STAR Centre for Frontier Al
Research (CFAR)*. Led by 2 IEEE Fellows, it focuses on use-inspired basic research,
particularly on the three themes of Artificial General Intelligence, Resilient & Safe Al, and
Sustainable Al. Another large initiative is the Human-Robot Collaborative Al for Advanced
Manufacturing and Engineering (“Collab Al”) programme?®3, led by A*STAR in close
partnership with NUS, NTU and SUTD. It aims to enable a fundamental shift in human-
machine interaction, such that machines become capable of working naturally alongside
humans as partners. It takes an integrated approach, combining vision, language, haptics,
psychology, commonsense and high-level reasoning, orchestrated by a cognitive architecture.
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Advances towards Al in manufacturing have also been made by the A*STAR led programme
on Cyber-Physical Production Systems — Towards Contextual and Intelligent Response,
enabling collaborating computational elements and subsystems to interact with the physical
world throughout all layers of a manufacturing production system.

CNRS@CREATE?** is the first overseas subsidiary of CNRS, the French national centre for
scientific research. CNRS@CREATE *“acts as a programme operator to build and conduct
large transdisciplinary research programmes”. The first of such programmes is DesCartes®®,
a programme on Intelligent Modelling for Decision-making in Critical Urban Systems.
DesCartes “aims to develop disruptive hybrid Al to serve the smart city and to enable
optimized decision-making in complex situations, encountered for critical urban systems”,
where hybrid Al combines machine learning with high-level reasoning.

At the Nanyang Technological University (NTU), the Singtel Cognitive and Artificial
Intelligence Lab for Enterprises (SCALE@NTU) was jointly established by NTU, Singtel and
the National Research Foundation®. It aims to “develop applications for use in the areas of
public safety, smart urban infrastructure, transportation, healthcare and manufacturing”. The
R&D efforts focus on Al, data analytics, robotics and smart computing, organized around the
three themes of: 1) Anticipatory Analytics and Services, 2) Edge Intelligence and 3) Condition-
based Maintenance. Another large Al R&D initiative is the Alibaba-NTU Singapore Joint
Research Institute®’, which aims to “make Al become more effective, accessible and inclusive
so that it can address future societal needs in ageless aging, new lifestyles and human-
centered mobility”. Research foci include cloud intelligence, data analytics & intelligence,
health Al, AioT technologies and human-centred mobility.

At the National University of Singapore (NUS), the Institute of Data Science (IDS) aims to
‘leverage and strengthen data science expertise for transdisciplinary and translational
research into important real-life problems and education of the next generation of data
scientists”38. Anchored at IDS, the Grab-NUS Al Lab focuses on mobility-related Al research,
research areas include passengers’ needs, drivers’ behaviours, predicting urban traffic flow,
modelling points-of-interest and machine learning for massive transportation data. In 2021,
Sea Limited made a gift of S$50 million to the School of Computing to enhance areas such as
research in Al and data science. Sea also established Sea Al Lab (SAIL), focusing on a
combination of practical and fundamental Al research®. More recently, the NUS Atrtificial
Intelligence Lab (NUSAIL) was officially launched in February 2022, focusing on embodied,
interactive and trustworthy Al.

At the Singapore Management University (SMU), the Living Analytics Research Centre
(LARC) “aims to innovate new technologies and software platforms that are relevant to
Singapore’s Smart Nation efforts™!. Research topics include social media listening,
multimodal data integration, urban analytics, deep content analytics and personalized
recommendations. The Collaborative, Robust and Explainable Al-based Decision-making Lab
(CARE.AI Lab) is leading efforts to develop explainable and trustworthy Al systems that can
train non-experts to increase their expertise level, especially in safety-critical environments*2.
The Centre for Al and Data Governance (CAIDG), situated in SMU’s School of Law, “conducts
independent research on policy, regulatory, governance, ethics, and other issues relating to
Al and data use™3. Its research streams include Al and Society, Al and Business, as well as
Al in specific industries, such as autonomous vehicles, finance and dispute resolution. More
recently in April 2022, SMU and A*STAR have established the SMU-A*STAR Joint Lab in
Social and Human-Centered Computing to “conduct research which integrates social sciences
and humanities disciplines with advances in computational intelligence and digital
technologies™.

At the Singapore University of Technology and Design (SUTD), Artificial Intelligence / Data
Science is “an integrated, multi-disciplinary programme which takes a holistic approach to the
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education, research and industry implementation” of such technologies, looking not only at
near-term solutions but also at fundamental Al challenges, so as to achieve game-changing
Al capabilities*®. There are four research thrusts, namely: theory and fundamentals of Al
systems; discovery by Al; human Al interaction; and infrastructure for Al of the future®®. In line
with SUTD’s strengths in design, it has developed a first-of-its-kind degree programme in
Design and Artificial Intelligence (DAI), aimed at “producing a new generation of designers
and innovators for an artificial intelligence-driven world”. Possible areas for innovation include
better city planning, smarter medical aids and more intuitive digital services.

In the private sector, enterprise software company Salesforce expanded its Al research team
to Singapore, its first hub outside Palo Alto*’. Salesforce Research Asia focuses on machine
learning, speech recognition, data mining and business analytics. Other private sector entities
have set up joint Al research labs with local universities as mentioned above. A number of
other private sector entities have R&D centres or joint labs focusing more on Al development
and applications than research, or utilize Al as just part of a broad range of other technologies
(e.g., Applied Materials, Delta, Fujitsu, Hyundai, P&G, Rolls-Royce, SAP, etc).

All the above initiatives and achievements reflect a vibrant and exciting Al R&D scene in
Singapore, giving immense prospects to consolidate and strengthen Singapore’s leading
position in Al research. However, given the fast-moving nature of Al innovation, Singapore
cannot rest on its laurels. New and disruptive breakthroughs can outflank and outdo all existing
accomplishments, or worse, render them obsolete. It is of paramount importance that
Singapore keeps aware of the challenges and opportunities in Al research.

Global Al R&D Initiatives

Recent and notable Al R&D initiatives are taking place around the world including the US,
China, Europe and Australia. With major countries investing significant amounts of funding
into Al, this reminds Singapore of the necessity to continue investing in the field so that it does
not get left behind, and instead continues to spearhead progress.

In North America, the White House released a Blueprint for an Al Bill of Rights in October
2022 that was lauded as an essential step towards protecting democratic values and civil
rights*®. The National Science Foundation (NSF) established 18 new National Al Research
Institutes in 2020 and 20214°. The institutes span a wide range of basic and applied research
areas. The 11 institutes added in 2021 — after the 7 that were announced in 2020 — cover
seven research areas: a) Human-Al Interaction and Collaboration; b) Al for Advances in
Optimization; c¢) Al and Advanced Cyberinfrastructure; d) Al in Computer and Network
Systems; e) Al in Dynamic Systems; f) Al-Augmented Learning; and g) Al-Driven Innovation
in Agriculture and the Food System. In late 2021, Mark Zuckerberg and Priscilla Chan also
announced a sizable donation over the next 15 years, founding the university-wide Kempner
Institute for the Study of Natural and Artificial Intelligence at Harvard®®. Further north, the
Canadian Institute for Advanced Research (CIFAR) has established research centers in
Toronto, Montreal, and Edmonton, led by world-renowned machine learning researchers.

In Asia, the Chinese government has rolled out a series of policy documents and public
pronouncements that strengthen Al governance®. The Beijing Academy of Artificial
Intelligence (BAAI)®? was established in 2018 to focus on long-term research on the
fundamentals of Al technology. In 2021, the institute developed a large-scale language model
(Wu Dao 2.0) that reportedly surpassed GPT-3%3. Wu Dao 2.0 has 1.75 trillion parameters (10
times the 175 billion parameters of GPT-3) and has reached or surpassed state-of-the-art
performance on a number of datasets. BAAI has also created the Al computing platform
Jiuding which focuses on innovation support, and eVolution which is an intelligent model
platform for life sciences®?. Beyond the work at BAAI, Al in China is being used in enterprise
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software, manufacturing (for example using digital twins), transportation (such as autonomous
vehicles) and healthcare for rapid drug discovery, clinical trial optimization and clinical decision
support®®. Japan has launched its Al Strategy 2022 whose goal is to realize Society 5.0 (a
vision of a smart future) and contribute to the UN Social Development Goals (SDGs) based
on the principles of Dignity for People, Diversity, and Sustainability®®. It aims to achieve these
through the five strategic objectives of Human Resources, Industrial Competitiveness,
Technology Systems, International Cooperation, and Dealing with Imminent Crises.

In Europe, the EU has laid out a common European approach to enable trustworthy and
secure development of Al in Europe in full respect of the values and rights of EU citizens®®.
The UK has launched a national Al strategy to leverage Al to increase resilience, productivity,
growth and innovation across the private and public sectors®’. The Alan Turing Institute (the
national institute for data science) was founded by 5 leading UK universities (Cambridge,
Edinburgh, Oxford, UCL and Warwick) in 2015, with 8 more universities joining in 2018%.
France launched a national Al strategy in 2018% with a focus on three goals: 1) Achieving
best-in-class level of Al research by training and attracting the best global talent; 2)
Disseminating Al to the economy and society through startups, public-private partnerships and
data sharing; and 3) Establishing an ethical framework for Al. Germany also launched a
national Al strategy in 20188° with a holistic approach comprising: Securing Germany’s future
competitiveness for the development and application of Al technologies; Ensuring responsible
use and development of Al focused on the common good; and Embedding Al ethically, legally,
culturally and institutionally through broad societal dialogue and active political efforts.
Switzerland is driving Al development in healthcare and pharmaceuticals thanks to its
traditional strength in life sciences, political and economic stability that enables safe data
storage, and some of the world’s best technological universities such as Ecole Polytechnique
Fédérale de Lausanne (EPFL) and Eidgendssische Technische Hochschule Ziirich (ETHZ)®.
Microsoft has partnered with Basel-based healthcare giant Novartis to create the Novartis Al
Innovation Lab%2. Google has a dedicated Machine Learning research group in Zurich that
focuses on the three key areas of Machine Intelligence, Natural Language Processing &
Understanding, and Machine Perception®3.

In Australia, the government launched the National Atrtificial Intelligence Centre in 202164,
Established within Data61, the data science arm of the Commonwealth Scientific and
Industrial Research Organization (CSIRO), the National Artificial Intelligence Centre includes
four Al and Digital Capability Centres. It works to coordinate Australia’s expertise and
capabilities and build a strong, collaborative and focused Al ecosystem. It achieves this by
bringing together partners from government, industry and research to boost Al exploration and
adoption in the country, including cultivating a job-ready Al workforce and making it easier for
SMEs to adopt and develop Al and emerging technology.
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DEFINITION AND GUIDING PRINCIPLES

There have been several attempts to define Al in the past. Some have defined it as intelligence
demonstrated by machines as opposed to natural intelligence displayed by animals and
humans®. Others have described Al in terms of rationality and acting rationally, which does
not limit how intelligence can be articulated®®.

Existing definitions include: 1) “The science and engineering of making intelligent machines,
especially intelligent computer programs. It is related to the similar task of using computers to
understand human intelligence, but Al does not have to confine itself to methods that are
biologically observable.””, 2) “The designing and building of intelligent agents that receive
percepts from the environment and take actions that affect that environment.”8, 3) “Al as a
computerized system that exhibits behavior that is commonly thought of as requiring
intelligence.”®®, and 4) “Machines that perform tasks normally requiring human intelligence,
especially when the machines learn from data how to do those tasks.”®°

Other international research institutions, Al reports and companies have defined Al as 5) “Al
is that activity devoted to making machines intelligent, and intelligence is that quality that
enables an entity to function appropriately and with foresight in its environment.””0, 6) “Al as a
branch of computer science that studies the properties of intelligence by synthesizing
intelligence™", 7) “... a set of computer science techniques that enable systems to perform
tasks normally requiring human intelligence.””?, 8) “... the science of making machines
smart.”’3, and 9) “... anything that makes machines act more intelligently.”74

Below is a definition of Al that is distilled from the earlier definitions put forth and adopted in
this reported by distilling from the earlier definitions by renowned academics, researchers,
scientists, governmental bodies and big technology companies:

Artificial Intelligence (Al) is the science and engineering of intelligent machines. It allows
the machine to perceive the environment, interpret the perceived data, synthesize new
information, reason on or process that information, and take actions that affect the
environment with some degree of autonomy, in a responsible and sustainable manner.

It is deemed worthwhile to be cognizant of, and to manage, both the pushforwards (exciting
possibilities such as Al reaching and surpassing human intelligence in the next few decades)
and the pushbacks (risks such as Al redesigning itself uncontrollably or Al being misused by
malicious human actors). Singapore is at an exciting juncture in its Al story where it can take
stock of its current achievements, relook at research foundations, and propose new directions,
opportunities and capabilities.
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THE NEW FOUNDATIONS OF Al

With the aim to strengthen Singapore’s leading position in Al and drive it into the future, this
report proposes 4 new foundation capabilities of Al R&D, namely: Responsible Al, Sustainable
Al, Rationalizable Al and Synergistic Al. These foundation capabilities are conceived with the
strategy of balancing Al risks and growth. These capabilities put forth a new vision for
fundamental Al research and innovations that will bring about significant positive impact to the
country and the world at large. They will help identify promising future research topics,
directions and applications for Singapore. For ease of memory, they form the acronym of
RESURG which rhymes with Research.

Rationalizable AI .
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Figure 2: The four identified foundation capabilities

The four new foundation capabilities are approach-agnostic in that they make no assumptions
that Deep Learning will continue to be the predominant technical approach, and application-
agnostic in that they will be generally applicable to most eventual applications of Al.
Furthermore, they are about long-term foundations and desirable values upon which
everything else will be built for the next few years and more.

With the aforementioned foundations in mind, the key Al research topics will unveil not only
the challenges of contemporary Al R&D, but also the opportunities that Singapore should
consider investing in so as to stay competitive and contribute to the society at large. The
subsequent sections shall discuss each of the identified new foundations of Al research in
greater detail — looking at related challenges and opportunities while highlighting their
importance that led to the definitions of each foundation as well as the gaps to fill through
fundamental research.
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RESPONSIBLE Al

Responsible Al is the human responsibility of Al deployment and the science and
engineering of intelligent systems along fundamental human principles and values, to
ensure human flourishing and wellbeing.

There are a few overlapping concepts within Responsible Al and it is not possible to delineate
very clearly where one ends and another begins. They could be distilled into the five qualities
of trustworthy, safe, resilient, ethical and humane. Al needs to be trustworthy, in other words,
based on both technical trust (available, reliable and secure) and governance (transparent
and accountable). Al needs to be safe, in other words, it needs to preserve privacy, data
security and user confidentiality. Al needs to be resilient, in other words, maintain high
predictive accuracy even in the face of adversarial attacks. Al needs to be ethical, in other
words, avoid biases on the basis of race, gender or any other factor even when faced with
biases introduced by data or algorithms. Last but not least, Al needs to be humane, in other
words, be aligned with human values, enhance human capabilities, empower individuals and
society as a whole, and respect human autonomy and self-determination. There are no clear
boundaries among the five, with some of the characteristics that make Al ethical also making
it safe, and some of the features of trustworthy Al also a key part of resilience.

Al systems are still not sufficiently trustworthy, safe, resilient, ethical and humane in high-
stakes applications such as transportation and medical decision support where mistakes have
life-or-death outcomes”®. A malicious actor can simply paste a few pieces of tape on a stop
sign to fool a self-driving car’s Al into mistaking it for a speed limit sign and continue driving
past a stop sign, causing life-threatening risks at intersections. Self-driving vehicles have been
blamed for motor accidents” in some cases and been recalled due to safety concerns’” in
other cases. In the medical space, IBM’'s Watson supercomputer was reported to have
recommended unsafe and incorrect cancer treatments’. The datasets used to train Al may
also contain real-world biases that are perpetuated by the Al model to exacerbate racial and
gender gaps. There is a wide range of ways in which Al-based recommendation, prediction
and decision support systems can exhibit bias or unfairness, caused by the nature of the
dataset, the nature of the algorithm, or both?. Al systems which exhibit bias or unfairness
have been found in many applications, ranging from loan approvals in finance to medical
diagnostics® in healthcare.

There are also well-founded concerns about autonomous weapons and implications for
warfare both in conventional terms as well as cyber-attacks®'. In recent years, there are
increasing negative consequences of Al in social media. Al algorithms have created social
media “filter bubbles” by feeding people information they strongly respond to, causing the
recirculation and amplification of information that can be extreme, sometimes dubious,
outrageous and even shocking, leading to people becoming indoctrinated with misinformation
and being converted to radical causes. The human effort needed to generate misinformation
and disinformation is substantially reduced as malicious actors have an opportunity to abuse
generative text models®. On a smaller scale, generative text is being used by students to
produce Al-generated homework assignments, thus potentially limiting the students’
creativity®®. In her Harvard University Commencement Speech in May 2022, New Zealand
Prime Minister Jacinda Ardern spoke about how algorithmic processes that make choices and
decisions for users can radicalize those users, which is why there is a pressing and urgent
need for responsible algorithm development and deployment®.

Globally, the importance given to Responsible Al is evident in how multiple governments such

as those of the USA, Canada, EU, UK, Australia and China have rolled out Al governance
efforts as we have discussed in Global Al R&D Initiatives above. In addition to governments,
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global tech giants such as Microsoft®® and Google®® have also laid out policies and principles
to ensure responsible Al development and implementation. For example, Google has declared
that they will not design or deploy Al in (a) technologies that cause or are likely to cause overall
harm, (b) weapons or other technologies whose principal purpose is to cause or facilitate
injury, (c) technologies that gather or use information for surveillance violating internationally
accepted norms, and (d) technologies whose purpose contravenes principles of international
law and human rights.

Singapore has been a frontrunner in Responsible Al. In 2018, the Singapore government
initiated an Al and ethics council®” to address three major categories of challenges for the Al-
enabled digital economy: technology challenges (countering data misuse and rogue Al), social
challenges (building trust between agencies, companies, employees, and customers), and
economic and political challenges (securing Singapore’s future in a digital economy).
Singapore also established an Advisory Council on the Ethical Use of Al and Data® in 2018,
comprising representatives from Google, Microsoft and Alibaba, advocates of social and
consumer interests, and leaders of local companies who are keen to implement Al responsibly.

In 2019, Singapore introduced its Model Artificial Intelligence Governance Framework at the
World Economic Forum (WEF) in Davos. The Personal Data Protection Commission (PDPC)
(2019) released its edition of the Model Al Governance Framework to guide organizations to
address key ethical and governance issues when deploying Al solutions®. The examples of
its successful implementation include DBS, Ngee Ann Polytechnic and Visa Asia Pacific
among others®: °'. In 2020, the Singapore Computer Society also released its "Al Ethics and
Governance Body of Knowledge" (Al E&G BoK, 2020)% to aid responsible adoption of Al by
providing a reference guide on the ethics related to the development and deployment of Al
technology. The Al E&G BoK adopted a topical approach to responsible and ethical Al
governance, covering key areas such as internal governance structures and measures in Al
development or deployment; human involvement in Al-augmented decision-making;
operations management in Al development and deployment; stakeholder communications and
interactions; and how to get started on Al Ethics implementation, among others. Singapore
IHLs have pledged to incorporate the Al E&G BoK into a Mini-Masters in Al and Al Ethics®.
Singapore is also seeking to develop international standards of Al Governance frameworks
and actively collaborates with the U.S. Department of Commerce on this. Bioethics Advisory
Committee Singapore is currently working on developing the framework on Responsible Al
and big data in healthcare. In addition, the Monetary Authority of Singapore (MAS) has
established the guiding framework for Fair, Ethical, Accountable and Transparent application
of Al in decision-making processes in the provision of financial products and services®.
Singapore also has good expertise in formal verification such as the Al governance testing
framework and toolkit Al Verify that was launched at the WEF in 2022°%.

A review of research and publications about responsible Al in Singapore uncovered 103 such
articles with affiliation in Singapore from 2018 until the present day. The majority of these are
articles where Al was used as a tool. Only 9 were articles where Responsible Al was the main
topic. Globally, during the same period, there have been 150 articles about Responsible Al,
out of which, 70 had responsible Al as the main topic. Furthermore, globally, 47% of the total
articles on Al were related to Responsible Al, whereas this was 9% in Singapore. This
indicates that research on Responsible Al in Singapore requires more attention, but also
shows that other areas of Al are being researched strongly. However, the analysis of published
works does not provide a full overview of current efforts. It would be more insightful to
understand whether research on Responsible Al is being rewarded in Singapore. There are
several recent initiatives in Singapore demonstrating that such research is being rewarded
through funding and government support, including the development of Hybrid Al for smart
decision-making in critical urban systems3® and an effort to build a framework for developing
certifiable Al systems systematically®®.
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This bodes well for the status of Singapore as a smart nation that provides economic and
social opportunities for its people in a responsible way. It also positions Singapore as a
potential world leader in ensuring trustworthy, safe, resilient, ethical and humane innovation
and implementation of Al all over the world. Singapore has a significant opportunity to continue
making strides and strengthening its leadership position in Responsible Al.
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SUSTAINABLE Al

Sustainable Al is the science and engineering of Al that ensures that its advancement can
be continued in the long run, with an emphasis towards reducing the growing reliance on
data, compute and other limited resources to achieve performance gains.

Sustainable Al has two distinct components: Sustainability of Al (reducing the environmental
impact of Al itself), and Al for Sustainability (the deployment of Al to achieve wider
sustainability goals). We will discuss both in this section.

Sustainability of Al is receiving increasing attention as the impressive advances and rollout of
Al come with environmental challenges. The computational power and data required to train
Al models is already huge, especially for deep learning, and today’s trends suggest impending
increases in energy demands over the next few years. For instance, state-of-the-art Al models’
sizes have ballooned more than 300,000 times in a period of roughly 5 years from around
2012 till 2018%. This entails an enormous amount of greenhouse gas emissions that can
exacerbate climate change. Google’s AlphaGo Zero, for example, the Al that plays the game
of Go against itself to learn, generated 96 tonnes of carbon dioxide over 40 days of research
training®®. This is equivalent to 1,000 hours of air travel as reported. These considerations
provide an immediate need and motivation to build sustainability into every aspect of
innovation and progress in Al so that Al doesn’t inadvertently become an unsustainable
behemoth with more negative than positive impacts on the planet.

There has been limited progress on techniques that work and score well with low data, models
that are computationally compact, and machine generalization techniques that can transfer or
adapt knowledge amongst models. These are less carbon intensive models and techniques,
but they do not garner as much attention as much of today’s Al that achieves high performance
at the expense of high computational demand that may only be affordable to major tech giants
with ease of access to large-scale supercomputers and Al accelerators.

A recent research area that stands to improve the Sustainability of Al is Tiny Machine Learning
(TinyML). It aims to make DL more efficient by requiring less compute, less data and smaller
teams to facilitate the emerging field of edge intelligence®. Edge intelligence combines Al with
edge computing where data storage and computational tasks take place at locations (known
as the network edge) close to devices that need them (known as edge devices). Deploying
ML algorithms at the network edge allows rapid access to enormous real-time data generated
by edge devices, achieving faster Al model training and inferencing'®. This stands to greatly
reduce computation, memory consumption and training costs while only minimally reducing
accuracy.

Al for Sustainability is about how Al can achieve positive impacts on the planet. The UN’s
Sustainable Development Goals (SDGs) provides a reliable set of measures to help us discuss
these positive impacts. There are a total of 17 SDG goals (each with a list of individual targets
within them) that fall under the pillars of Environmental, Economic and Social sustainability®".
A recent study'%? pointed out that Al has the potential to deliver positive impacts on 93% of
the Environmental SDGs, for example, by enabling smart low-carbon cities and optimizing
energy consumption. This was 82% for the Societal SDGs and 70% for the Economic SDGs.
Overall, the majority of SDGs in all categories are expected to benefit from Al.

The Oxford Initiative on AlxSDGs, launched by Said Business School in 2021, explores how
current and future Al can be used to help support and advance the achievement of the SDGs.
The Al for Good Foundation, established in 2015, aims to advance the achievement of SDGs
by coordinating Al research communities, policy makers and the general public. The Al4SDGs
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Think Tank offers an online open service for everyone, a global repository and an analytic
engine of Al projects and proposals that impacts UN Sustainable Development Goals, both
positively and negatively.

An example of how Al can power the SDGs can be seen in an initiative in which machine
learning capabilities of the SAP Leonardo platform were used for water and wastewater
management systems in low-income communities'®. By predicting water pressure and
simulating increases and decreases of pump power, optimal levels of pump power were
achieved to ensure that sufficient water was provided to households while not wasting power
or breaking water pipes. This powered the “Clean Water and Sanitation” SDG. Another
example is from the non-governmental organization (NGO) Elephants, Rhinos & People (ERP)
which used Al to analyze photos and videos from unmanned aerial vehicles (UAVs) and
camera traps to identify threats to wildlife, for example by detecting humans and identifying
vehicle license plates'®. This facilitated the “Life on Land” SDG.

According to a 2021 WEF report on sustainable development'®*, companies are using Al to
reduce their carbon footprint, optimize the use of natural resources and optimize the usage of
Al to reduce Al incurred carbon footprint. Google, for example, has used machine learning
developed by its subsidiary DeepMind to reduce the energy use of its data centres by 35%.
The research community is also innovating in this space. For example, Sustainable Al could
help predict and forewarn seasonal air quality'® and applications of machine learning could
help mitigate climate change'?. Research has also been done on the ethical, social and legal
dimensions of sustainable Al'%” as well as sustainable Al from the point of view of customer
protection focusing mainly on Al related policies'8.

Sustainable Al is a field that calls for significantly higher and continued research investment
worldwide, including in Singapore. It is critical to the future of Al that it has a net positive impact
on sustainability. Singapore should therefore seize the opportunity to drive progress in this
under-explored space and innovate new ways to harness Al for sustenance of our local
environment and the planet as a whole. Making early progress in Sustainable Al is a unique
opportunity for Singapore to become a world leader in this still-nascent field.
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RATIONALIZABLE Al

Rationalizable Al is the science and engineering of Al with behaviour that can be explained
as if a human had performed the behaviour, with an emphasis on describing the underlying
reasoning (explainability) and the causes and effects of the outcomes (causality).

Al systems today have shown themselves capable of superhuman levels of performance in
many tasks. This is especially true for Al systems based on deep neural networks (DNN).
These are loosely based on the complex biological neural network that constitutes a human
brain, which (unsurprisingly) has drawn significant interest as a dominant source of intelligence
in the natural world'®. Just as one example of a remarkable achievement of a DNN,
DeepMind’s AlphaFold solved the decades-old protein folding problem which was considered
one of the greatest challenges in biology'°.

However, DNNs are often criticized for being highly opaque. They are inherently black-box
models that do not facilitate the understanding of their decisions'''. This is because their
layered non-linear structure makes them difficult to interpret and draw explanations as to why
certain inputs lead to the observed outputs, predictions or decisions. This causes a natural
distrust among many stakeholders who stand to interact with Al and experience its outcomes,
therefore hindering the applicability of Al in daily life working side-by-side with humans. This
is why Al needs to be rationalizable, or in other words, exhibiting behaviour that humans can
understand to a large degree. For example, an Al medical system that can explain itself is
important to get the trust of physicians and patients for mass market adoption. In the guidelines
set out by the European Union (EU), explainability will be a key consideration to approve new
medical Al applications.

The study of rationalizability in Al can be traced back to the history of classical Al in the form
of rational agency''2. In the study of Al agency, a rational agent is one that always picks the
best decision according to predefined performance measures. More formally, a rational Al
system is one capable of making decisions and performing based on the principles of
rationality. Rationality is the quality of being based on or in accordance with reason or logic''®
14 Just as rationality a critical attribute of human cognition, it is an essential quality of Al
systems t00%% 115,

Rationalizability in Al can be divided into the major themes of Explainability, Interpretability
and Uncertainty-awareness. These refer to our ability to show the underlying reasoning
process of Al systems that lead to their decisions and actions, either through post-hoc
explanations of black-box models or using interpretable transparent machine learning models.
It also means the extent to which the internal mechanics of a machine learning system can be
explained in human terms. This has given rise to the important field of eXplainable Artificial
Intelligence (XAIl). In the guidelines set out by the European Union (EU), explainability will be
a key consideration to approve new medical Al applications. Learning theory can play an
important role in explainability as it can help us understand whether and how a learning
algorithm can achieve the expected prediction performance, when a learning model can be
successfully trained, and how fast the algorithm converges. Interpretability also has to do with
how accurately a machine learning model can associate the causes and effects of Al systems’
predictions and decisions. It entails the extent to which cause and effect can be observed
within a system, which is studied under the field of Causality in Al. The other key aspect of
Rationalizability is uncertainty-aware learning. Machine learning and deep learning need the
ability to handle uncertainty similarly to how humans deal with uncertainties in various aspects
of their lives. Al and ML systems need to incorporate uncertainties into their learning and
reasoning processes so that the quality and certainty of their decisions can be assessed.
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Most of all, the need for rationalizability cannot be compromised in safety critical applications
where it is imperative to fully understand and verify what an Al system has learned before it
can be deployed. Examples of such applications include medical diagnosis and autonomous
driving where people’s lives are immediately at stake. A real-life example of how a lack of
rationalizability can be life-threatening is a rule-based Al system that learned the clearly
dubious rule that a history of asthma causes a lower risk of death in pneumonia patients’6.
This incorrect learning was a result of the training data. Patients with a history of asthma who
presented with pneumonia were usually admitted to the Intensive Care Unit (ICU) where they
received more aggressive care that lowered their risk of dying. Because the prognosis for
these patients is better than average, Al models trained on this data formed the misconception
that asthma lowers risk, when in fact, asthmatics have much higher risk of dying from
pneumonia if not hospitalized.

Therefore, an ability to examine and verify an Al system is of paramount importance. The
development of rationalizable models, grounded in established theories, can thus go a long
way in protecting against potential mishaps caused by the inadvertent learning of spurious
patterns from raw data''”- "8, Another aspect to consider is the tug-of-war between accuracy
and explainability of state-of-the-art Al systems and this trade-off needs to be considered
carefully depending on the applications. The lack of established observable metrics and the
absence of human-centred explanations also need to be solved. A lack of agreement on
vocabulary and definitions may cause confusion among the literature. On a more positive note,
a likely growth area in the next few years is neuro-symbolic Al which seeks to combine
traditional symbolic Al approaches with modern deep learning techniques™'®.

Globally, the last decade has seen a three-fold rise in research papers concerning
interpretability'?°, while explainable Al is also discussed as an emerging field'?'. Singapore
needs to make further efforts to be toe-to-toe with the global landscape. The good news is that
Singapore has already made some progress in Rationalizable Al'?? 123 and does not have to
start from scratch. Instead, it stands to build on this progress with continued focus and
investment.

In Singapore, IHLs and research institutions have conducted research related to XAl. One of
these is NUS and NUHS’s Explainable Al as a Service for Community Healthcare, in which
researchers are building a platform to enable the delivery of Al as a service'?2. Another is
NTU-UBC Center of Excellence for Active Living for the Elderly (LILY) and Alibaba-NTU Joint
Research Institution (JRI) that work towards the aim of developing human-centric Al that is
explainable, trustable and creative. NTU has also produced work towards medical XAl that
explains Al analysis of medical images'?*. The Collaborative, Robust & Explainable Al-based
Decision-making (CARE.Al) Lab at SMU*?, funded by Al.SG Research Programme grants,
has been working towards collaborative, robust and explainable Al decision making,
specifically on agent training programs for safety-critical environments and situational
assistance.

Page 21 of 96



SYNERGISTIC Al

Synergistic Al is the science of specialized Al components working in embodied machines,
and humans and machines complementing one another, thus simultaneously exploiting the
best of all worlds to expand the capabilities of both machines and humans.

Al has caught up with (and in some cases exceeded) humans in several areas. For example,
Al has achieved human-level performance in tasks such as object recognition in images, and
super-human performance in other tasks such as predicting protein folding or controlling a
nuclear reactor. Al also has the advantage of never becoming physically tired.

On the other hand, humans continue to be better in out-of-domain contexts, i.e., new situations
not encountered or experienced. Al suffers significant performance degradation in such
contexts, and also has difficulty modelling the mental states of humans. Moreover, unlike
humans, Al is still quite compartmentalized. For example, CV focuses on just one sense
(sight), NLP focuses on just listening and speaking. On the other hand, the human brain is
outstanding at processing multiple stimuli at the same time. Considering that Al and humans
have distinct strengths and weaknesses, it is unlikely that one can fully take the place of the
other. This means that it is important to prioritize developing synergistic Al that effectively
collaborates with humans as well as other Al to deliver better outcomes in every field it is
deployed in.

Al research has yet to successfully create biologically plausible Al that emulates human
cognition and human brain circuitry. Al is still lacking in human cognitive qualities, abilities of
biological systems, and common sense. It remains unknown what aspects of biological brain
circuitry are quirks of evolution rather than key components of intelligence. Efforts to add more
biologically-plausible components have led to performance similar to (but not better than)
state-of-the-art Al models. It is unclear whether that is because these added biological
components are not necessary for intelligence, or whether the implementation needs further
key elements.

To enable Al to emulate the human brain’s ability to process multiple stimuli, more efforts are
needed to assimilate diverse Al components into holistic systems, such as models that can
process multimodal sensory stimulus such as visual, linguistic and others. While that is in
progress, new ways of working will also have to be refined. Al can augment humans while
humans give feedback or correct the Al so that their collective intelligence achieves optimal
outcomes. New job roles for humans can be created that exhibit an understanding of how
humans and Al can work together.

Human-Al Synergy refers to how humans and Al agents work together to achieve shared
goals. Different from pure Al research which relies on Al alone to solve problems, human-Al
synergy is predicated on combining human and Al in solutions. It draws on the disciplines of
machine learning, computer vision, natural language processing, robotics, human-computer
interfaces, affective computing and more to work towards a new era in the development of Al
characterised by trust and understanding between humans and Al.

Another noteworthy trend in human-Al synergy is the rise of Al-generated content (AIGC)
created from human prompts. These include text-to-image tools such as Stable Diffusion'?®
and NUWA-Infinity'?6, video generation models such as Phenaki'?’, 3D image synthesis using
DreamFusion'?8, text-to-speech generation using ProDiff'?°, and text-to-video creation using
Make-A-Video'3°, just to name a few. Such tools stand to work synergistically with humans
and reduce human workload and stress in various content creation domains. Al in
programming is also an emerging area. For example, DeepMind has created the AlphaCode

Page 22 of 96




Al that can write code to solve arbitrary problems, which may help automate basic
programming tasks'3'. Several other Al tools such as OpenAl Codex, Tabnine, CodeT5,
Polycoder and Cogram are able to write code to assist programmers?32,

Cognition and Neuroscience is about building biologically-plausible Al that emulates biological
systems. This includes emulating human cognition (mimicking behavioural manifestations of
human cognitive functions such as attention) and emulating human brain circuitry (mimicking
brain circuitry that supports cognitive functions, e.g., recurrent connections). Progress in this
space could take us closer to the Holy Grail of Al research which is Atrtificial General
Intelligence (AGI) where an Al is capable of performing just about any task a typical adult
human could. Other exciting possibilities include the use of Al models as models of brain
function and behaviour to understand diverse cognitive functions such as vision'33,
reinforcement learning'* and language'®, the use of Al to make sense of the tremendous
amount of brain data facilitated by emerging neuro-technologies'3¢- 1%, and the emerging field
of brain-computer interfaces (BCI)'39 140,

Another key aspect of Synergistic Al is the synergy between different Al components working
in tandem or otherwise known here as Al-Al Synergy. Al is increasingly better at perceptual
intelligence. Human perceptual intelligence is humans’ ability to see, hear, or become aware
of something through their senses and form a single unified awareness. Likewise, Synergistic
Al aims to integrate multiple senses, an example being the emerging interdisciplinary field of
integrating Computer Vision and NLP''. But that is not all. With its learning and pattern
recognition capabilities, Al now has perception that goes beyond human senses, and is able
to recognize, perceive and predict beyond the biological spectrum and traditional objects. Also
important to Synergistic Al is the paradigm shift towards embodied Al'#2. This is Al that
processes multimodal data streams to control physical objects and affect the physical world.
To this end, transformers have not only begun to show the ability to integrate vision, language
and decision-making to imitate the activities of humans'3-145, but have also been used as
foundational models to control the actions of robotic arms and collaborate with humans?46,
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R&D TOPICS

The 4 identified foundation capabilities of Responsible, Sustainable, Rationalizable and
Synergistic Al provide a fundamental platform to discuss the challenges and future
opportunities of present Al R&D. The set of R&D topics below have been identified from a
thorough review of Al research topics that are fundamental to building these foundation
capabilities. The topics don’t strictly fall under distinct foundation capabilities but draw on all
of them to varying degrees. Figure 3 below illustrates the R&D topics. The differing proportions
of how much each topic focuses on mitigating Al risk vs growing Al potential are qualitatively
represented by the colour weights of red and blue, respectively.

Transfer and
Multi-Task Causal Inference
Decision-Making

Transfer, Multi- Explainable Al

Meta Learning Awareness HOCHY
Federation of Learning and
Data, Models and Artificial
Al Algorithms Evolution
Trustworthy, Safe,
Resilient, Ethical and Grow Al Al Infrastructure
Humane =
Potential

Rationalizable A1 Synergistic AL
Responsible Al Sustainable A1

Building AI Foundation Capabilities
Figure 3: The identified Al R&D Topics

Trustworthy, Safe, Resilient, Ethical and Humane

Al needs to be trustworthy (based on both technical trust and governance), safe (preserve
privacy, data security and user confidentiality), resilient (maintain high predictive accuracy
even in the face of adversarial attacks), ethical (avoid biases on the basis of race, gender or
any other factor even when faced with biases introduced by data or algorithms), and humane
(be aligned with human values, enhance human capabilities, empower individuals and society
as a whole, and respect human autonomy and self-determination). Singapore should build on
its current success in engaging under-represented groups in Tech and Al, focus on
augmenting human capabilities with Al and Al capabilities with human, instead of replacing
humans with Al, while exploring privacy-preserving learning paradigms such as Federated
Learning. Governance frameworks need to be in place to ensure all of these.

Federation of Data, Models and Al Algorithms

Federated learning has emerged as a common framework for distributed machine learning
that solves complex real-world problems dependably while preserving data privacy. This is
important given the proliferation of IoT devices and regulations such as the Personal Data
Protection Act (PDPA) in Singapore. National bodies, research organizations and institutes of
higher learning need to set up trusted data, model and algorithm sharing platforms and
marketplaces to drive an inclusive and privacy-preserving data economy.
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Transfer, Multi-Task, Continual, Meta Learning

Collectively known as machine generalization, these four learning paradigms make use of
knowledge or data transfer during training, achieving reduction of computational resources
and data requirements, thus delivering sustainability benefits. Collaborative and holistic
research for machine generalization is recommended that includes not just mainstream
research such as learning algorithms, architectures and models, but also privacy and fairness.

Transfer and Multi-Task Decision-Making

This emerging field involves the transfer and reuse of data, learned models or other
experiential priors to achieve rapid search, optimization and problem-solving capability,
without requiring vast quantities of data in re-evaluating large spaces of possible solution
prototypes. This is important to the sustainability of Al by reducing its computational and data
requirements. Continued investment in transfer and multi-task decision-making algorithms is
recommended for the automated discovery of compact Al model architectures that uphold
environmental sustainability by optimally trading-off multiple performance dimensions such as
model accuracy, complexity, and power consumption.

Explainable Al and Uncertainty Awareness

Beyond the accuracy and efficiency of Al’s actions, behaviour and solutions, they should also
be readily explainable to humans using reasoning and logic that can be easily understood by
humans. This is necessary if humans are to entrust Al with influence in their day-to-day lives
and especially in high-stakes applications. Explainable Al should incorporate explicit
consideration of human and social factors and provides targeted explanation support for
specific users and applications.

Causal Inference

To ensure that Al doesn’t use spurious correlations to assume causation and make flawed
decisions and recommendations, it needs to be upgraded from knowing only correlation to
taking causation into account as well, based on the core pillars of causal inference including
common sense, imagination and scientific discovery. The development of appropriate
guideline metrics is needed to evaluate the results of causal inference. Feature
disentanglement, Self-Supervised Learning (SSL), invariance learning, algorithmic recourse,
model introspection, scientific rule-regularized learning, and Al for scientific discovery, are
promising technical topics related to causal inference. Core statistical methods such as
Bayesian reasoning could also be explored to better understand causation 4.

Cognition and Neuroscience

Cognition refers to the study of the human mind and brain, while Neuroscience studies the
nervous system and its functions. Together they can help steer Al models and paradigms
toward achieving human-level cognitive capabilities and intelligence, thereby taking a step
closer to the ultimate goal of Artificial General Intelligence (AGl). At the same time, Al can also
help one study and expand the potential of human/animal cognitive capabilities. Continued
government funding and support for cognition and neuroscience in Al research are required.
Talent development through increased efforts to teach both these topics instead of just one or
the other, and the development of open Al-ready testbeds, are important.

Human-Al Synergy

Al has exceeded human performance in some tasks, but humans continue to be better at
many other tasks especially those involving new and unseen contexts. As such, synergy
between humans and Al can deliver benefits greater than the sum of their parts. This is
particularly crucial to addressing Singapore’s critical national challenges such as ageing
population and labour shortage. Singapore should grow its capabilities in Human-Al Synergy
through foundational research into a framework and theories involving multi-disciplinary
approaches beyond Al.
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Learning and Artificial Evolution

Billions of years of biological evolution can now be efficiently simulated in silico on modern
computing hardware, making it possible to replicate in seconds the complex interplay between
randomized evolutionary processes and an organism’s lifetime learning. One prominent
approach is Evolutionary Computation with Baldwinian learning (including neuroevolutionary
algorithms) which constitutes a powerful strategy for general optimization intelligence due to
its simplicity, flexibility, and ease of implementation Artificial evolution promises to open up
myriad new possibilities in Al-Al synergy, such as in generating embodied Al in adaptive robots
that interact with one another and with the surrounding environment to perform various tasks.
Continued focus on embodied Al by means of synergizing cross-generational evolution with
lifetime learning algorithms, leading to the creation of novel robot structures that can operate
in various simulated and real environments.

Al Infrastructure

Singapore needs to greatly increase its Al R&D infrastructure to maintain its competitive edge.
High Performance Computing (HPC) and data lake are important areas that need immediate
investment. Moving forward, disruptive technologies such as Quantum Computing and Al
accelerator will be increasingly crucial. A dramatic increase in Al infrastructure is needed while
ensuring its sustainability, continued investments in training and skill development of Al
talents, investment in emerging technologies such as quantum computing and homomorphic
encryption, a unified data policy, and global partnerships.

The next few sections will now take a deeper dive into each of these R&D topics and look at

the scientific background in each topic thus far, and a more detailed set of recommendations
for building on Singapore’s progress in each space.
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TRUSTWORTHY, SAFE, RESILIENT, ETHICAL AND HUMANE

Scientific Background

As Al systems play an increasing role in social spaces, they may unexpectedly discriminate
on the basis of race, gender, poverty or disability. As an example, a software system called
COMPAS used by American courts to judge the risk of an offender recommitting another crime
was found to assign higher risk to Black people even when other inputs were similar across
races'’. Such biases have also been observed in facial recognition systems'#® and
recommendation systems'#°. This shows that there’s work to be done in mitigating bias and
achieving social harmony and justice.

Unfairness generated by Al models usually arises from two types of biases: data biases and
algorithm biases’?. The most common data bias is that the data contains sensitive features
(also called protected attributes) such as race and gender. The use of such features in Al
models will lead to direct or indirect discrimination in some specific tasks. Other biases in data
include conformity bias and popularity bias in recommendation systems'°. Conformity bias
refers to how users tend to behave similarly to their friends, and such behaviors do not always
reflect their true preferences. Popularity bias means that the popular items tend to be
recommended more frequently and less popular items tend to get limited attention.

Different from data bias, algorithmic bias is induced purely by Al algorithms. In ML datasets,
commonly used datasets such as IJB-A and Adiance have been shown to be imbalanced,
containing mainly light-skinned subjects, thus introducing biases against dark-skinned
groups™'. It was further shown that there’s a need to subdivide subjects into light-skinned
females, light-skinned males, dark-skinned females and dark-skinned males in order to
uncover the hidden biases against dark-skinned females.

Various approaches have been identified to achieve Al fairness’? 152 153 These approaches
can be categorized as pre-processing, in-processing and post-processing methods. Pre-
processing approaches focus on transforming the data to remove biases and discrimination.
Common pre-processing approaches include variable blinding'®* 155, relabelling'® and data
reweighing'?. In-processing methods include fairness constraints during model training to
maximize both performance (e.g., accuracy) and fairness. For example, fairness constraints
are considered when optimizing the accuracy for classification'® and regression tasks'®.
Post-processing methods aim to improve the model fairness by applying transformations (e.g.,
thresholding'®°) to the model outputs.

Two of the most pressing threats to the safety of DL models are adversarial attacks and data
poisoning'®. For adversarial attacks, the most effective defences are based on a simple
concept of adversarial training (AT) where adversarial examples are generated and
incorporated as training samples so that the Al models will learn to be robust against them
during test time'6'- 164 Another approach is to minimize the effects of small perturbations on
the models’ predictions’® - 167 to train the model to rely on less-superficial features that are
more aligned with human vision'68-170_ Another class of defenses is provable defenses which
seek to provide a performance guarantee for an Al model’'s performance in the face of
adversarial examples'*-175,

Data poisoning can happen because modern Al models rely heavily on large amounts of
training data, which exposes the models to the threat of attackers who can degrade a model’s
performance by corrupting a small subset of its training data as a data contributor®- 178, A
sophisticated variant of data poisoning called backdoor poisoning allows an adversary to
control a model’'s prediction through a poison signature in the model's input while eluding

Page 27 of 96



detection'® - 182, Several defences have effectively countered this threat under certain
conditions. One type of defence works by filtering poisoned samples that contain spectral
signatures where their hidden states would have different statistics compared to uncorrupted
samples'®. Other approaches include pruning ‘suspicious’ neurons that lie dormant in the
presence of clean validation data'® or using differential privacy to counter the poison'8. More
recently, provable defence approaches have been studied that can provide guarantees to a
model’s performance when the data poisoning is known86. 187,

The defences and attacks on Al systems will likely see a lengthy “arms race”, especially in
high-stake applications. It is therefore vital to invest resources to develop more advanced
defences to stay ahead of the attackers. In addition to safety against adversaries, much work
has been done on improving models’ reliability in the face of high signal-to-noise
environments'8. 18 Exposing Al models to training samples augmented with a wide diversity
of corruptions has shown to improve the performance of models during such challenging
scenarios90-192,

Recommendations

Globally, the Al Index Report'® developed by Human-Centered Al Institute, Stanford
University, highlighted low implementation and lack of attention to ethical Al principles. The
Montreal Al Ethics Institute’s The State of Al Ethics Report'®* highlighted examples of
sometimes ambiguous approaches to managing Trustworthy Al by corporates and
governments. It also claimed that “public trust in algorithmic decision-making systems is at an
all-time low” and recommended that a combination of industry, research, the public sector and
the policymakers/regulators is needed to cultivate more trust. A report developed by FICO'®
in 2021 identified that more than three quarters of surveyed participants found it hard to
prioritize responsible Al practices, indicating a lack of awareness of the risks imposed by
unethical use of Al. Only 35% of respondents took the steps to ensure that they were using Al
transparently and with real accountability, and only 39% said their companies were placing
greater emphasis on model governance during the Al development process. This means that
a majority are still not placing greater emphasis on governance of Al technologies. The
Economist Intelligence Unit’s “Staying ahead of the curve: The business case for responsible
Al” Report'® sponsored by Google pointed out that lack of clarity on how multiple regulatory
frameworks can be applied undermines public acceptance of Al and stalls potential
investment.

A pre-emptive approach is important for Al safety. Given how wide and diverse the possible
Al applications are, it is critical to scrutinize each stage of an Al system’s training and
deployment processes for possible entry point where a malicious actor can attack. Federated
Learning (FL) could be one way to make Al more trustworthy, as the next R&D Topic will
discuss. In terms of how much control an algorithm should be entrusted with, it was discovered
that a 60-40% human-Al partnership seems the most plausible as humans would still be in
more control%”.

Singapore should continue to represent women and ethnic minorities in its Al research.
Singapore is already doing well on this front, outranking US and India in engaging women in
Tech and Al. Due to the early involvement of girls in STEM education, Singapore has 28% of
females among Al talent pool, having one of the smallest gender gaps in the world. Another
recommended focus is augmenting human capabilities with Al'®. Beneficial human-Al
collaboration has already been implemented in Singapore companies such as DBS Bank'®°,
Changi Airport?® and Jewel?®'. Integrated deployment of Al would not only redesign social
interactions but also enhance human productivity and empower human capital by Al-driven
technologies??. Further progress in beneficial human-Al collaboration is recommended.
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FEDERATION OF DATA, MODELS AND Al ALGORITHMS

Federated learning (FL) is a mode of learning in which multiple devices collaborate to learn a
machine learning model under the supervision of a central server?®. One of its key advantages
is that this learning can take place without sharing each device’s private data with the other
devices. In other words, it is decentralized. In addition to preserving privacy, this also has the
advantage of eliminating data communication overhead?%4. The central server aggregates and
shares the built knowledge among participants.

The importance of preserving privacy has helped FL become a key framework for distributed
ML. FL allows different devices to train on massive amount of diverse, privately-owned and
geographically distributed data. Each device builds its own local models whose training
processes can be synchronized via sharing differential parameter updates. This can be
achieved without exposing their private training data, thus reducing privacy violation risks and
staying compliant of laws and regulations such as the Personal Data Protection Act (PDPA)
in Singapore and the General Data Protection Regulation (GDPR) in the European Union, for
instance. The need for an integrated intelligence that preserves privacy has also been
elevated by the proliferation of mobile and Internet of Things (IoT) devices. FL is one promising
way to do that. It can enable separate functional components to be synergistically integrated
into holistic, intelligent, robust, resilient, dependable and scalable Al systems.

For these reasons, FL is receiving widespread interest from the ML community, resulting in a
fast-growing body of studies that evangelize federated learning as the new standard of ML as
a service for democratizing Al and establishing trusted data sharing platforms and
marketplaces?%% 206. 207 |t has also attracted interest from a variety of real-world application
domains like digital healthcare?°®, medical imaging?®®, wake word detection for smart voice
assistants?'?, and next word prediction on mobile devices?'", just to name a few.

Scientific Background

FL is significantly different from centralized ML and distributed on-site learning®®. In
centralized ML, data from various devices such as computers, mobile devices and
autonomous vehicles are sent to the Cloud, where the ML model is built and then leveraged
by a user that sends a request to one of the available services through an API. In distributed
on-site learning, each device builds its own model using its local data set, with no more
communication with the Cloud after the first interaction that distributes the model to the
devices. FL borrows elements of both, such that each device trains a model and sends its
parameters to the central server that aggregates it and shares the aggregated ML model with
peer devices.

This takes place through 4 steps?%: (1) Client Selection/Sampling: Server either randomly
picks participants from a pool of devices or uses an algorithm to select the client; (2) Parameter
Broadcasting: Server broadcasts the global model parameters to the clients; (3) Local Model
Training: The clients will simultaneously retrain the models using their local data; and (4)
Model Aggregation: Clients will send back their local model parameters to the server for and
aggregation towards the global model.

The different types of FL frameworks?% include Vertical FL, Horizontal FL, Federated Transfer
Learning, Cross-Silo FL, and Cross-Device FL. FL has been applied in several major domains
including healthcare, transportation, finance and Natural Language Processing (NLP).
Noteworthy recent developments in FL2% include One-Shot FL, Incentive Mechanisms, FL as
a Service, Asynchronous FL, and Blockchain in FL.
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Recommendations

More research is needed to overcome training challenges and security challenges in FL23.
Training challenges include 1) Communication overheads due to frequent communication
between the central server and devices, 2) Systems and data heterogeneity and non-
identically distributed data from the multiple devices, 3) Barriers to collaborative sharing of
data because data owners may prefer their own pretrained ML models and cannot be sure
that the other entities are contributing safe data, and 4) The need for a more inclusive data
economy that’'s not just be driven by “Big Tech” corporations with big data but also by
government bodies and small-to-medium enterprises and start-ups. Security challenges
include Membership inference attacks (attacks involving inferring whether certain training data
exist from the model information), Data poisoning attacks (attacks in which adversaries poison
the training data in some of the participating devices so that the global model accuracy is
compromised), Model poisoning attacks (where local models are poisoned instead of local
data), and Backdoor attacks (where an adversary can introduce a backdoor functionality into
the global model?'?). Addressing all these challenges will be critical to ensuring that FL
continues shaping up as a strong standard for privacy preservation in ML.

Trusted data, model and algorithm sharing platforms and marketplaces need to be established
that facilitate sharing and/or trading of such resources between owners, while protecting
personal data ownership and safety. To achieve this, the following key research topics need
to be explored in greater depth: a) Black-box model fusion?'3-215; b) Data valuation?'6 - 221; ¢)
Incentives and reward mechanism design in federated/collaborative machine learning??? - 224;
d) Federated Al planning and sequential decision-making algorithms like federated
reinforcement learning®® and federated/collaborative Bayesian optimization??¢ - 228; and e)
Machine unlearning??® - 234, These research topics will require non-trivial integration of
methodologies, knowledge, and expertise from several Al domains such as ML, data mining,
heuristic search and optimization, planning and scheduling, reasoning under uncertainty,
multi-agent systems, game theory and economic paradigms, as well as from the emerging
domain of Al privacy. Two related research efforts are TrustFUL: Trustworthy Federated
Ubiquitous Learning?®® and Toward Trustable Model-centric Sharing for Collaborative Machine
Learning?.

At the national level, joint efforts among national Al programmes, research organizations and
institutes of higher learning can garner momentum to achieve greater breakthroughs for
privacy-preservation research in Al. For instance, governmental organizations and private
companies may consider jointly setting up trusted data, model and algorithm sharing platforms
and marketplaces that promote an inclusive data economy by facilitating government agencies
and institutions with unlocking valuable data from the data vaults, and small-to-medium
enterprises and start-ups with the federation of their limited data. Major healthcare clusters
could coordinate data and algorithms to benefit healthcare. Organizations involved in agri-
tech, aqua-tech and food tech could coordinate the federation of data, models, and Al
algorithms from the respective farms and companies. At the individual level for instance,
governance and implementation efforts towards personal data ownership in data, model and
algorithm sharing platforms on mobile apps are recommended.
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TRANSFER, MULTI-TASK, CONTINUAL, META LEARNING

Most existing Al systems focus on narrow Al 237 meaning they are designed to learn isolated
intelligence to solve specific tasks under specific contexts. While this leads to outstanding
performance in these narrow tasks, even small changes in the tasks and contexts would
require substantial compute and data overheads to develop the systems. In marked contrast
with most Al systems, humans can learn a task with minimal experiences and cognitive efforts.
Humans have an outstanding ability to generalize, leverage and transfer prior knowledge to a
novel task of different goals and contexts. This strong ability to generalize is a hallmark of
human intelligence® 237,

Taking the cue, the concept of Machine Generalization refers to learning paradigms that make
use of task-level knowledge transfer during the training of Al models, achieving reduction in
computational resources and data requirements. Prominent machine generalization
approaches in the Al literature today include Transfer Learning (TL), Multi-Task Learning
(MTL), Continual Learning (CL) and Meta Learning (Mel). Transfer Learning extracts
knowledge from one or more source tasks tackled in the past, and applies this knowledge to
related target tasks at hand?38 23°.240 Multi-Task Learning is the idea learning multiple related
tasks simultaneously to achieve computation and memory savings, increase data efficiency,
and achieve improved performance in some cases by uncovering common latent
representations for these tasks?*' 242 Continual Learning enables a machine to learn a
sequence of tasks such that there is no forgetting of previous tasks and there is reduced
resource requirement to learn new tasks?*3. Meta Learning is about training an Al model by
using many similar tasks which are usually assumed to be drawn from a particular task
distribution, with the goal of learning a meta-representation that is broadly suitable for many
tasks from this distribution, including future unseen tasks?44 245. 246,

Scientific Background

Figure 4 below illustrates the four machine generalization paradigms in terms of how they
perform task-level knowledge transfer.
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Figure 4: Common machine generalization paradigms
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Multi-Task Learning (MTL) provides several benefits compared to single-task scenarios
including reduced memory footprint, reduced training and inference time, potential
improvement if the tasks are related, and sharing of complementary information24!. 247. 248,
However, a major limitation of MTL is that it only works for related tasks. If the tasks are not
related, the notorious effect of negative knowledge transfer - sharing the knowledge of a task
that is destructive to other tasks — will severely degrade the performance?4?: 250,

Continual Learning (CL) has seen many efforts to mitigate the major problem of catastrophic
forgetting (CF) which is the issue where standard neural networks usually forget most of the
information about the previously learned tasks when trained on new tasks?*3. Numerous works
have been proposed in the previous years to mitigate CF, and they can be classified into three
main categories: replay?®'-2%°, regularization-based?6°-264 and parameter isolation methods?6°
-272 Recent progress in CL has led to some real-world emerging applications including the
algorithms used by Netflix and Amazon?73.

Transfer Learning (TL) has shown an ability to extract and transfer knowledge from source
tasks to target tasks in an identical or similar domain?38. 239, 240,274- 306 The training can be
viewed as a two-stage process: In the first pre-training stage, knowledge is extracted from
the source tasks. In the second fine-tuning stage, the extracted knowledge is leveraged for
learning of target tasks. Pre-training using a large labeled dataset such as ImageNet3°” has
empowered learning of many target tasks with limited data. Recent progress in self-
supervised learning enables pre-training using unlabeled dataset3%®-313, TL has also been
applied to generative models very recently to enable training of GAN under very limited
dataS14 - 319_

Meta Learning (MeL) includes a few different categories. Metric-based meta-learning aims to
learn a similarity metric between support and query samples by learning an embedding
space?®0.321-325  Optimization-based meta-learning focuses on learning an optimizer, or
finding good initialization points for model parameters for fast adaptation?44. 326 - 330,
Augmentation-based methods learn a generator from the existing labelled data to further use
it for data augmentation in novel classes?*' 242- 244 Weight-generation methods directly
generate the classification weights for unseen classes?5% 256, 257, 258

Recommendations

A holistic research direction is important for machine generalization. In addition to mainstream
research such as learning algorithms, architectures and models, other aspects including
privacy and fairness in the context of machine generalization need to be seriously investigated
to ensure successful adoption of machine generalization for sustainable Al systems.

Task heterogeneity has been lacking in some machine generalization problems and setups.
As a consequence, Al models trained with minimal elements of task heterogeneity may not be
applicable to many practical scenarios where task diversity exists. An example of task diversity
could be an intelligent autonomous robot that involves object detection, semantic
segmentation, situational awareness and anomaly detection abilities. It is desirable that the
robot can learn from a variety of heterogeneous tasks and leverage this knowledge to learn
novel tasks with minimal data and computation overhead, achieving resource reduction and
learning efficiency improvement.

The human brain is once again to be taken as motivation. For example, a human can learn a
new ice hockey trick quickly by generalizing his/her prior knowledge in ice hockey as well as
previous skating and field hockey experiences. At present, there is still a significant gap
between machine generalization paradigms and this aspect of human intelligence, which
needs to be bridged to achieve practical and sustainable Al systems.
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While there has been active research in ML privacy?%® 241. 243, 260  different machine
generalization paradigms have their particular setups and characteristics, posing new privacy
challenges. Research into privacy-preservation in ML has focused mainly on protecting the
privacy of individuals whose data was used to train the mode|25% 261, 262,260 byt privacy in the
context of machine generalization has not been sufficiently studied. For example, in transfer
learning and meta-learning, the source models pre-trained on potentially confidential data
need to be shared with downstream tasks for knowledge transfer. An adversary may attack
the source models directly to extract sensitive information of pre-training data samples, or
attack the downstream models which inherit source models’ sensitive knowledge. Two privacy
attacks are of primary concern in machine generalization. In membership inference attack?®*
264 given a data record and access to a model, the attacker aims to determine if the record
was in the model’s training dataset. In model inversion attack?8'- 265-267 given access to a
model, the attacker aims to recover sensitive attributes of the private training dataset.

In existing Al research, data bias and algorithm bias have been the main concerns of
unfairness. With machine generalization, a new type of bias associated with task-level
knowledge transfer could arise. We refer to such bias as knowledge transfer bias, which is
associated with knowledge transfer between source and target tasks (for transfer learning and
meta-learning) or among individual target tasks (for multi-task learning and continual learning).
The bias associated with task-level knowledge transfer has not been adequately studied,
which reduces confidence in the adoption of machine generalization in high-stakes
scenarios?%,

Overall, machine generalization is an important scientific topic that could have profound
impacts on the sustainability of Al research in the long run. In Singapore, strong research
capability in this topic has already been seeded in many research institutions. More
collaborative and holistic research on machine generalization including learning algorithms,
architectures, models, privacy, fairness and other technical aspects would be appropriate.
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TRANSFER AND MULTI-TASK DECISION-MAKING

Search and optimization lie at the heart of decision making, which essentially entails deciding
what to do to maximize positive outcomes when faced with possibly unknown problems or
situations. Importantly, such real-life problems seldom exist in isolation. It is common that
similar decision-making tasks routinely recur in industrial applications and everyday life,
making the transfer and reuse of experiential priors an essential element of efficient problem-
solving. Unsurprisingly, it is the innate ability to harness one’s experience that distinguishes
an expert from a novice.

Today’s optimization algorithms largely overlook this facet of human cognitive ability.
Associated Al algorithms therefore lead to prohibitively high sample-complexity in re-
evaluating vast spaces of possible solutions. This has caused unsustainability concerns,
especially in domains where obtaining data is expensive. The topic of transfer and multi-task
decision-making has emerged to bridge this gap?°-271. It involves the automated transfer and
adaptive reuse of data, learned models or other forms of experiential priors from one task (the
source) to the next (the target) to achieve efficient problem-solving. This ability to build on prior
knowledge can greatly reduce computational and data requirements in discovering novel yet
high-quality solution prototypes, therefore positively impacting a wide range of applications in
science, engineering and manufacturing.

Scientific Background

The literature in this space is broadly categorized into two sub-topics, namely, (a) transfer
evolutionary and Bayesian optimization, and (b) evolutionary multitasking and multi-task
Bayesian optimization.

The phrase ‘transfer evolutionary optimization?’? refers to a new class of randomized
evolutionary algorithms (EAs) designed to automate machine-machine knowledge transfers
in such scenarios. The uniqueness of “sequential” transfer optimization lies in the assumption
that tasks occur in a temporally separated manner. Hence, when tackling a target task,
computationally encoded knowledge (in the form of data and/or learned models) from one or
more previously encountered sources is deemed available for transfer and reuse.

EAs are inspired by natural evolution, a powerful problem-solver that has remarkably brought
to life Homo Sapiens from a primordial soup of elementary atoms and molecules. In Al and
artificial life, an EA serves as an in silico problem-solving equivalent — commonly used for
search and optimization — inspired by fundamental principles of natural selection or “survival
of the fittest"?”3. This salient feature lends itself well to the transfer optimization paradigm. The
general strategy is to seed evolutionary search processes with experiential priors for the
optimum. If the priors are useful, the algorithm preserves and refines them over subsequent
iterations. If the priors do not contribute positively to the solving of the target task, then the in-
built selection pressure sieves out all irrelevant information.

The transfer of priors has been investigated for automated evolution of computer programs
themselves?’4. Lately, transfer neuroevolutionary algorithms have been proposed for evolving
neural network policies for continuous control tasks, showcasing significant speedups in
convergence to near-optimal solutions — and even the discovery of high-quality solutions that
couldn’t be found within reasonable timescales by conventional algorithms?’®. The ECOLE
(Experience-based Computation: Learning to Optimize) programme, a consortium of
universities and companies under the European Union’s Horizon 2020 initiative, has
contributed to solving engineering problems and dynamic multi-criteria optimization tasks?76.
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Despite these successes, the applicability of EAs is usually limited to domains where there
are no tight caps on the affordable number of sample evaluations; typically, populations of
candidate solutions are evolved over several iterations, making thousands of evaluation calls.
Hence, under extremely tight resource budgets — e.g., in the order of a hundred or fewer data
samples — evolution gives way to a different class of (probabilistic) surrogate-assisted
Bayesian optimization (BO) algorithms?77.

Transfer Bayesian optimization follows the modus operandi of augmenting the generalization
ability of the probabilistic surrogate model (typically a Gaussian process approximation of the
true objective function to be optimized) by combining source and target data and/or models.
The terminology meta-BO (short for meta-learning BO) has been used in related contexts, with
proven performance guarantees recently made available in the literature?’®. Effective forms of
human-machine transfer of priors in BO have also been proposed?’®. Initial works in this area
were based on the simplifying assumption that similar source and target problem instances
possessed similar looking objective functions?8%. 281 Relaxing this condition, adaptive transfer
BO (with multi-program surrogate-assistance) was shown to achieve more than 30% saving
in computational cost in designing advanced composite materials in manufacturing
processes?®?. Likewise, high degrees of cost savings were reported in the automated design
and hyperparameter tuning of modern ML algorithms. Similar use-cases were also unveiled
with Google Vizier?®® — a Google-internal service for black-box optimization — equipped with a
stack of Gaussian process (GP) surrogates drawn from multiple tasks for transfer.

Evolutionary Multitasking and Multi-Task Bayesian Optimization: The field of multitask
optimization — extending randomized EAs or BO under the unique assumption that multiple
tasks are tackled “concurrently” (in a single algorithm) with periodic exchange of knowledge
between them — has received pioneering contributions from Singapore?®+ 285, Although still
young, research on evolutionary multitasking is at the core of an expanding corpus of literature
on natural computing?®® and Al%87-28_A variety of algorithmic realizations have been proposed,
confronting questions on what, how, and when to transfer in the unique context of multi-task
optimization?®. To date, the most widely referred among them is the family of multifactorial
evolutionary algorithms (MFEAs) that produces the ability to multi-task by simulating the
transmission of complex developmental traits to offspring through interactions of genetics and
cultural factors?®. In the alternative BO literature, the associated area of multi-fidelity BO has
received significant attention at local institutions2%.

Recommendations

Transfer and multi-tasking are deemed essential to sustainable Al, especially in search and
optimization settings where obtaining solution evaluation data is resource-intensive. Examples
include Al for boosting scientific discoveries, and searching for creative engineering solutions
in vast spaces of possible solution prototypes. However, technical challenges remain in
reliably transitioning today’s techniques to such real-world use-cases, calling for sustained
research effort. These challenges can be grouped into two sub-topics: Knowledge transfer
across heterogeneous problems, and Scalability of transfer and multitask optimization
algorithms. When embedding knowledge transfer mechanisms into optimization algorithms,
the factors to consider include maximizing beneficial (positive) transfers and minimizing
harmful (negative) transfers. These factors can sometimes be mutually conflicting: Solving the
tasks in isolation can trivially minimize negative transfers, but this would obviously deactivate
all positive transfers as well. Defining what, how, and when to transfer to achieve an optimal
balance between the two factors is thus highly non-trivial. This challenge escalates in settings
with heterogeneous tasks whose apparent differences in features conceal useful hidden
knowledge. Scalability is yet another challenge in today’s digital world where computing
services are often faced with an explosion of tasks, each with specialized needs. Transfer and

Page 35 of 96



multi-task optimization algorithms therefore grapple with simultaneously satisfying attributes
of scalability against a growing number of tasks, and online learning agility against a sparsity
of sources relevant to the target?®'. Satisfying these attributes shall facilitate sustainable
deployment of algorithms to scenarios with big task-instances, augmenting service level and
throughput of computational problem-solving.

Another profound use-case for transfer and multitasking lies in auto-configuring large-scale
ML models themselves. For modern deep learning systems, size is power. Massive neural
networks trained on broad data are at the forefront of Al. These have come to be regarded as
foundation models by some?®?2, enabling fine-tuning for various downstream tasks.
Astonishingly however, a life-cycle assessment of such models found that the process of
configuring and training them can emit more than 626,000 pounds of planet-warming carbon
dioxide?®® — which is nearly five times the lifetime emissions of an average car. In light of the
above, transfer and multitask optimization algorithms are expected to play a central role
towards low-cost composition of models that uphold environmental sustainability in the years
to come. This could be achieved by jointly neuroevolving ecosystems of compact models —
e.g., by the evolutionary compression of foundation models to specialize collectively to
different task settings, objectives, constraints or user intentions — leveraging the principles of
multitasking in just a single algorithmic pass.
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EXPLAINABLE Al AND UNCERTAINTY AWARENESS

EXplainable Al (XAl) is a sub-field of Al which emphasizes that the actions, behaviour and
solutions provided by an Al system should be understood by humans. This is in contrast with
"black-box" models where even the designers of Al systems or architectures cannot explain
how they arrived at specific decisions. This topic is particularly prevalent among deep learning
Al models as well as hybrid models integrating neural and symbolic Al. Explainability is
essential for users to effectively understand, trust, and manage powerful Al applications?®*-
2%_This needs to be in place if human stakeholders are to allow Al to exert more and more
influence in their day-to-day lives, including in life-and-death situations such as medical
diagnostics and autonomous vehicles.

Research and breakthroughs in XAl approaches could bring enormous benefits including
facilitating transferability of machine learning models, enhancing the informativeness of
recommendations, increasing users’ confidence, increasing fairness of decisions made by Al
models, allowing better accessibility to non-technical users of Al, enabling better interactivity
between Al and users, and enhancing privacy awareness of users and regulatory entities?®’.

Scientific Background

Today’s XAl approaches and techniques can be categorized based on their a) Applicability to
transparent vs opaque models; b) Stage of explainability (pre-modelling explainability, in-
model explainability, and post-hoc explainability); c) Applicability to specific Al models, or
model-agnosticity. Figure 5 below is a visualization of the aforesaid categorization. Opaque
Al models are typically explained by post-hoc explanations, whereas transparent Al models
are typically explained during the pre-modelling and modelling explanations.

XAl by
Applicability
Explaining Explaining
Transparent Opaque
Models Models
Pre-Modelling In-Model Post-Hoc
Explainability Explainability Explainability

Model-Specific

Model-Agnostic

Figure 5: Categorization of today’s XAl approaches and techniques

Model-specific approaches are typically designed to work with respect to the intrinsic
architecture and features of the target models®. This makes them suitable to explain
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transparent models. On the other hand, model-agnostic approaches are designed to be
flexible and do not depend on the intrinsic structure and architecture of a model?®® 2%8, They
solely relate the inputs to the outputs, making them suitable for explaining opaque models
such as deep learning, random fields and SVM.

Besides presenting the outputs of the Al models such as decisions and recommendations in
a naturally understandable form, the XAl interface also answers questions such as “Why is
the solution chosen?”, “What is the reasoning process?”, “What are the factors contributing to
the decision?”, “When is the solution valid?”, “How certain is this decision?”, “How much can
| trust this decision?” and “What if the values of some inputs are changes?

Uncertainty-Aware Learning is another emerging field. Humans deal with uncertainties all the
time in fields ranging from investment to medical diagnostics to sports and weather
forecasting®®®. However, ML and DL are found to be unable to handle uncertainty when the
training data and evaluation data are mismatched, which means they cannot be reliably
applied without a huge amount of training data’®. To help them achieve efficient and
explainable learning and decision-making without a huge amount of training data, it is
imperative to improve the models’ ability to handle uncertainty.

Recommendations

There is a fundamental trade-off to be made between explainability and accuracy of Al
systems. Symbolic Al and transparent Al models are easier to understand, but do not produce
state-of-the-art performance. The high performing Al systems leading the pack are typically
based on deep learning opaque models, involving deep network architecture with hundreds of
billions of parameters. There is an ongoing race to continue building Al models with increasing
size and complexity. This will continue to pose big challenges to explain such increasingly
complex Al models.

A general lack of agreement on the vocabulary and definitions surrounding the field of XAl is
another limitation. More importantly, the multiplexity of the approaches and methods has led
to a lack of agreement, consistent understanding and effort towards establishing objective
metrics for evaluation of explanations. A further bottleneck is that most work on XAl today
serves the needs of model engineering and development, but do not consider the domain and
user-specific factors, making the explanations unsuitable for non-technical users. It is thus
critical that XAl should incorporate human consideration into the design so as to enhance Al
trustworthiness and usability.

One approach to explainability is to endow an Al system with the ability to learn and operate
with symbolic representations. Classical Al has started out by using symbolic representations,
but due to the inability to learn those symbolic representations, the symbolic approach fell out
of favour. Hence, one major challenge is to devise new methods to learn concepts in symbolic
forms. Another issue related to symbolic representation explored in the early years is that the
symbols used were not grounded. In other words, the meanings of the symbols were not
adequately represented and there was no systematic and principled way to ensure that the Al
system truly understood the symbols. Hence a major challenge going forward is to create XAl
systems based on grounded symbolic representations and also to ensure that these
representations are amenable to learning.

Al systems provide the best value by incorporating domain-specific considerations in the
decision-making process. Accordingly, explanations for Al systems in specific domains can
take advantage of the vast knowledge available. There have been efforts in Singapore toward
domain-specific XAl, most notably in the medical and healthcare domains2? 124,
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CAUSAL INFERENCE

Much of today’s state-of-the-art Al models, such as deep learning models in particular, rely
heavily on the discovery of the correlation between data in their attempt to learn meaningful
patterns or insights from those data. Correlation is when two things are true at once, but one
does not cause the other. In contrast, causation is about establishing stable, invariant relations
where one factor causes another.

For Al models and systems to progress towards explainability and interpretability, Al needs to
upgrade from depending mainly on correlation to incorporating causality as well. This is so
that the performance of Al is less likely to be adversely affected by spurious correlations which
lead to inaccurate or false inferences. For example, countries with high chocolate consumption
also happen to be countries that win a high number of Nobel Prizes, but this is a correlation.
It would be obviously wrong if an Al were to conclude that high chocolate consumption causes
the high number of Nobel Prizes, when the underlying common cause is the GDP.

Therefore, Al cannot explain the true cause by only using correlation. If Al's reasoning
becomes based on transparent cause-effect relationships and not just opaque black-box
probability, the issue of Al using potentially spurious correlations to perform unexplainable
decision-making can be mitigated. Beyond statistical learning, reasoning with rule-based,
knowledge-based and logical inference is important to realize human-like deep reasoning
skills from limited information. Core statistical methods such as Bayesian reasoning could be
explored to understand causation instead of using correlation.

More specifically, causality aims to establish stable, invariant, causal relations among data.
Once a causation is established, it can be re-used in any domain, any task, any model
assembly, without the need for new data collection, re-training, and task re-definition. Drawing
an example from physics, once a system has learned the law of gravity (causation between
mass and force), it can reuse it in any place (e.g., Earth, the moon or Mars) and in any field
(e.g., aerospace or aviation). When it comes to Al systems whose decision-making will depend
on concepts far more complex than gravity, causality becomes even more important.

Scientific Background

In ML Al literature, causality based on graphical causal models®! is raising significant interest
in machine learning community in recent years. Some works try to build the foundations of
causal theory, including independent causal mechanisms3%? - 304 (the basis of causal
representation learning) and causal discovery3% - 3% which helps to reveal the underlying
causalities from observational data. Causal representation learning3®® - 3'" tries to learn the
variables from a causal graph into representations, which can be seen as the final goal of
learning disentangled representations3'? 313, 3) Invariance learning®'* argues that a causal
mechanism remains invariant when other mechanisms are subjected to external influences.

Causality has widely inspired several studies in computer vision tasks. These include
traditional vision tasks as well as vision-language tasks. Causality also has been applied in
many NLP tasks3'® 3'6: Some methods use topic models or autoencoders to encode the
underlying confounder in text and perform backdoor adjustment to remove the confounding
bias and realize causal. Other methods use counterfactual thinking to create a counterfactual
generation model to augment the training data®'” - 3'° or directly use the counterfactual
inference to adjust the causal effect3?.

In recent years, there has been an attempt to introduce the notion of causality in the field of
scientific machine learning or physics-informed learning. These include applications in areas
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such as particle physics, materials science and climate modelling where the collection of
immense observational datasets makes Al techniques particularly attractive3?' 322, As big data
is not available in many real-world scientific applications, there are efforts to incorporate
scientific theories, physical governing equations or known characteristics of systems into Al
models323 - 325 The insertion of such knowledge is expected to improve model performance,
robustness and generalizability even under such data-scarce conditions.

Recommendations

To evaluate the results of causal inference, the development of appropriate testbeds and
metrics is crucial. There is a current lack of proper standards for evaluating a machine’s
causality. Causal inference research should focus on developing a family of tasks for causal
machines, setting standards for Al's trust, rationality and morality. Furthermore, below are
several promising technical topics to achieve progress in the rationalizability of Al systems
based on causal inference.

Feature disentanglement is necessary for intervention in an Al model’s causal inference.
Almost all existing feature disentanglement methods are based on statistical independence,
which is an unnecessarily strong assumption. For example, in face recognition, “eye” and
‘nose” are disentangled parts, however, they are statistically dependent. Relying on such
dependence may wrongly result in coarse disentangled parts such as “eye and nose” vs.
“sunglass”. A standard evaluation metric is also needed for assembly of new Al models by
reusing (disentangled) parts trained by others. Therefore, “disentanglement ability” needs to
be integrated to define an evaluation metric agnostic to the ground-truth labels.

As opposed to conventional end-to-end Supervised Learning (SL)*%%, Self-Supervised
Learning (SSL)%?": 328 first learns a generic feature representation (e.g., a network backbone)
by training with unsupervised pretext tasks such as the prevailing contrastive objective, and
then the above stage-1 feature is expected to serve various stage-2 applications with proper
fine-tuning. SSL is important for the creation of foundation models trained on vast quantities
of data at scale that show high generalization ability in different tasks. SSL for visual
representation®?® is a breakthrough in that it is the first time that “good” visual features can be
obtained for free, just like pre-training in the NLP community. It was found that most SSL work
only focuses on how much stage-2 performance an SSL feature can improve. Thus, there’s a
need for more research into important questions involving what features SSL is learning, how
can these features be learned, what features can or cannot be learned, what the technical
gaps between SSL and SL are, and how SSL can surpass SL.

Invariance is another key area that needs exploration. Intervention is about the pursuit of
invariant predictors across domains. Given a task, e.g., classification or regression, there is a
need to define the meaning of “invariance” in that context. Existing methods have yet to create
a formal definition of “invariance”, as well as an algorithmic guarantee. A theory of “invariance”
vs “equivariance” is needed to overcome the limitations of existing statistical learning Al
approaches by (a) identifying the objective of “invariant predictors”, and (b) encoding “data
dynamics” — transformation — into the formulation of learning tasks.

Al should not just make predictions, but also advise users on best courses of action. To do
this, Al needs to imagine unseen scenarios as counterfactuals such as “but for” and “what if”.
For example, an Al system used by a bank to assess loan applicants is limited if it just predicts
that an application will be approved or rejected. It is more useful if it advises the applicant what
can improve their chances of getting their application approved, and also provides the bank
and regulator with recommendations from different perspectives.
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Another area where progress is needed is the ability for ML to handle dynamic data. Current
ML technology relies heavily on statistically independent data. But real-world data is often
time-dependent, and ML needs to become better at processing this.

At a more macro level, understanding the mathematical foundation of intelligence would be a
challenge worth pursuing. Since the success of deep learning has not been fully understood
yet, elucidation of its mechanism is essential for future development, including but not limited
to: statistical understanding of deep-layered information processing, the capability of solving
non-convex optimization problems with stochastic gradient descent, and better generalization
in higher-dimensional cases.
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COGNITION AND NEUROSCIENCE

Cognition is the study of the human mind and brain, while Neuroscience is the study of the
nervous system and its functions. In recent years, these fields have been gaining attention in
Al research as they are increasingly deemed relevant to creating better Al especially towards
the notion of Artificial General Intelligence (AGI)3°. The human brain is the main existing
evidence that this kind of generalized intelligence is even possible. As such, scrutinizing the
inner workings of human brains through cognitive science and neuroscience is one of the most
promising approaches to pursue more powerful Al including AGI.

Imbuing Al with human-level cognitive capabilities and intelligence increases the possibility of
Al technologies yielding greater economic and societal benefits. Al research that incorporated
cognitive science and neuroscience aspects have already helped create two of the most
dramatic advancements in Al with rule-based systems articulated by experts and data-driven
approaches with deep learning. The benefits can be enormous and bidirectional — studying
human intelligence facilitates the creation of biologically-plausible Al, while studying Al helps
one better understand and possibly augment human intelligence and potential.

For instance, Al approaches such as learning paradigms, neural network architectures and
symbolic processing have also helped the study of cognitive capabilities in biology, including
human intelligence. A better knowledge of human intelligence stands to increase
understanding of neuropsychiatric disorders and mental health. This can potentially lead to
early detection of at-risk individuals, improve diagnosis, predict disease progression and
develop treatments. Moreover, the development of better BCI technologies can also help
restore certain cognitive or motor function to patients, or even augment the intelligence of
healthy individuals.

Scientific Background

A major approach to understand the human mind is by studying behaviour of individuals and
groups — giving them behavioural tasks and measuring their performance (e.g., accuracy,
reaction times etc) to gain insights into the mechanisms underlying different cognitive
processes, including perception, memory, attention, decision-making, language etc. In
parallel, systems neuroscientists seek to elucidate biological circuitries underlying these
cognitive processes. A broad array of techniques (e.g., electrophysiology, imaging, etc) are
employed to decipher neural circuitries across multiple spatiotemporal scales, from single
neurons to large-scale networks.

More recently, there has been significant development in neural technologies. Efforts can be
divided into two types: neuromorphic computing and neurotechnologies. Neuromorphic
computing is the development of silicon hardware to emulate neural systems. On the other
hand, neurotechnology involves the development of devices to interface with the nervous
system. Recent technologies, such as neuropixels, allow the simultaneous recordings of
hundreds of neurons, which could potentially be enhanced to allow the recording of thousands
of neurons across many regions3?'.

There are two possible ways of achieving biologically-plausible Al: (a) Emulating human
behaviour, and (b) Emulating human brain circuitry. Al models that emulate human behaviour
seek to mimic manifestations of human cognitive function — such as Neural Turing
Machines332. The concept of attention (the cognitive process of selectively focusing on some
information) has influenced an entire subfield of deep learning architectures®3. On the other
hand, Al models that emulate human brain circuitry refer to those that seek to mimic certain
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aspects of brain circuitry that support human cognitive functions. For example, convolutional
neural networks (CNN) mimic the hierarchical structure of visual processing in human brains.
Spiking neural networks (SNN) are artificial neural networks (ANNs) that are considered more
biologically realistic than other ANNs33* and are known to achieve higher computational
efficiency3%®.

Al has improved understanding of human intelligence in at least two ways: (A) Using Al models
as models of brain function and behaviour, and (B) Using Al to make sense of brain data.
There is an influential perspective that suggests that to understand biological intelligence, it is
necessary to figure out the underlying objective function, learning rules and biological
architecture that subserve animal cognition33. One approach is to correlate the activity of
ANNSs with actual brain activity in humans and non-human primates. There are also efforts to
compare the mistakes of ANN with animal behaviour in order to gain insights into diverse
cognitive functions.

Increased understanding of biological intelligence, better sensors for recording brain signals
and advanced Al techniques have led to advances in BCI. As an example, the brain signals
of participants silently miming sentences have been successfully decoded into synthesized
speech that human listeners can make sense of%¥’. Brain signals of participants imagining
handwriting have also been successfully decoded to text at a rate comparable to smartphone
typing speeds3%®. Artificial DNNs have been used to predict visual stimuli that maximally control
the activity of certain brain regions33% 340,

Recommendations

Many aspects of current Al remain quite different from humans. For example, human
intelligence is more robust in partially observable or perturbed environments, changes of
contextual information and distributional shifts. These might be due to missing top down
cognitive processes (e.g., executive control, world model, beliefs, motivations, goals,
intentions). Moreover, current Al models are also quite domain-and-task-specific (e.g., distinct
models for computer vision and natural language understanding). Although there are
increasing attempts to build multimodal and multitask Al (e.g., text-image models), these
models are still “passive observers”. This is in contrast with human intelligence, which
emerges from the interaction of agents with their environments and other agents across multi-
modalities as a result of sensory-motor activities.

State-of-the-art Al remains biologically non-plausible. It is currently unknown what aspects of
biological brain circuitry are quirks of evolution, rather than key components of intelligence.
So far, efforts to include more biologically-plausible components have led to Al models that
are more similar to brain data, but task performance is at best similar to (but not better than)
state-of-the-art Al models. However, it is unclear whether the added biological components
are not necessary for intelligence or whether the implementation is lacking additional key
elements. After all, feedforward deep neural networks languished for decades not because
the idea was bad, but because the required components (data and computing power) were
not ready. Therefore, given that the human brain is still one of the few sources of general
intelligence, such efforts should be continued.

There have been significant recent efforts to build datasets that can be used to train Al models
with accompanying brain and behavioural data. This facilitates the evolution of more
biologically realistic Al models. These efforts are in the right direction, but are mostly restricted
to processing in the ventral visual stream. Testbeds in other areas of brain function (e.g.,
language, reasoning) will be important.
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Using Al to analyze brain data involves processing followed by analysis. ML has been
increasingly important for both these stages. However, while deep neural networks have been
increasingly successful for processing, classical ML remains dominant for analysis. One
reason is that in pre-processing (e.g., segmentation), goals and “ground truth” are often well-
defined. However, in analysis, a key component is the interpretation of the results, and modern
Al models remain harder to interpret than simpler classical ML models. For BCI systems,
developing stable systems that can be continuously used for long periods without model
retraining remains a challenge. Non-stationarity in brain signals occurs due to tissue scarring,
micromotion of electrodes and changes in environmental noise. Adaptive Al methods and new
advancements in signal processing could address some of these issues. There has been
increasing interest in the intersection of Al and cognition/neuroscience. A notable recent
funding initiative on the global stage was from Priscilla Chan and Mark Zuckerberg to Harvard
to create the new “Kempner Institute for the Study of Natural and Artificial Intelligence, which
is a new University-wide programme seeking fundamental principles that underlie both human
and machine intelligence.”

In Singapore, funding opportunities for such research are mainly through health-related funds
(e.g., Singapore National Medical Research Council) and MOE Tiers 1-3. At present, the vast
majority of cognition/neuroscience projects are focused on healthcare applications such as
mental health, but not immediately on how Al can be involved in the studies. The research
challenges and opportunities discussed previously could serve as potential areas for more
funding and government support. The study of cognition and neuroscience in Al is a highly
interdisciplinary one, requiring expert knowledge in both areas. While there are promising local
researchers in Singapore, they are spread out across multiple institutes, which poses
operational difficulties for these researchers to collaborate in a truly interdisciplinary fashion.

Curated dataset (e.g., ImageNet) have been critical to rapid development of Al, but are much
less common in areas involving cognition and neuroscience. Developing open Al-ready
testbeds for this topic will be equally important. These should have standardized inputs,
outputs and data. Further, they should be available under open licenses that allow researchers
to seamlessly inspect, reuse, standardize, and extend the open-source data repositories,
which also reduces redundancy of efforts and cost.

A barrier to the development of such efforts is that collecting and sharing of human/animal
data necessarily involves navigating significant regulations involving institutional review
boards (IRB), institutional animal care and use committees (IACUC) and research
collaborative agreements (RCA). Given the lack of experience of most computer scientists or
engineers in dealing with IRB/IACUC, this is a major barrier for collaborations between Al
researchers and neuroscientists. Streamlining of IRB, IACUC and RCA procedures for the
collection and sharing of de-identified data is recommended.

Even though current Al technologies are not near human-level intelligence, they are shown to
have profound impacts in multiple industries, such as healthcare, manufacturing,
transportation, education and others. Following the pervasiveness of Al in everyday life, it is
essential to consider the topic of HAS in the next section, which looks at humans working
together with Al towards greater goals of economic and societal benefits.
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HUMAN-AI SYNERGY

Al has exceeded human performance in various recognition tasks, but its brittleness (caused
by the lack of robustness to contextual changes for instance) often hampers its wider adoption
in real world-tasks, especially when there are safety implications and user acceptance
considerations. This is why collaborative human-Al workflows become more important to
achieve large-scale deployment and adoption of Al technologies. This gives rise to the topic
of Human-Al Synergy (HAS), which involves humans and Al working together to achieve a
complementary combination of human intelligence and artificial intelligence, so that this
collective intelligence significantly expands the capabilities of both machines and humans, and
achieves shared goals.

Human-Al Synergy is envisioned to herald a new era in the development of Al characterized
by trust and understanding between humans and Al. Al working with humans can deliver
improved quality and performance while reducing human workload and stress®*! in areas such
as medical diagnosis®#?, copywriting®*® and customer service3*. Compared to autonomous Al
which is often perceived as opaque “black-boxes” lacking human understanding, collaborative
Al that understands and works with humans would be much more likely to receive greater
acceptance. The idea of Al working with people rather than replacing them in jobs would also
increase society’s confidence in using these technologies at work and in their daily lives.

Figure 6 below from Deloitte3*' shows the improved outputs and capacity that can be achieved
when humans and Al work together. At the first stage, substitution, new outputs result in
reduced costs and improved efficiency. At the second stage, augmentation, a greater degree
of transformation delivers greater value and expanded opportunities in addition to reduced
costs and improved efficiency. At the third stage, collaboration, an even greater degree of
transformation lets the work and outputs take on more meaning for workers and customers,
as well as delivering greater gains in costs, efficiency and value34°,

Transformation of
Outputs

A

Collaboration

Augmentation

Substitution

_ Freed Human
~ Capacity

Figure 6: Stages of human-Al synergy and their levels of output and capacity
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Scientific Background

HAS is an emerging multidisciplinary field346. Current research (other than Al itself) is scattered
across different communities. On one hand, the study of humans involves the fields of
cognitive science, psychology, linguistics, organizational behaviour, etc®*’. On the other hand,
the development of Human-Al systems themselves is currently carried out in the areas of
human-computer interaction348, human factors engineering34°, human-robot interaction3®, etc.

Examples of human and social science, and human factors topics are: a) Implicit
understanding of humans (including theory of mind and commonsense knowledge about
human abilities) for non-verbal interaction; b) Rapport building for establishing trust, pre-
empting human needs etc., to ensure fluent co-ordination; and c) Negotiation, persuasion, etc.
(including affective understanding, motivation theory, empathetic communication, and theory
of negotiation) for smoother social interaction.

Examples of interaction topics are: a) Goal alignment and constraint identification (including
task and goal representation and tracking, and understanding of human abilities); b)
Sensemaking (such as task and situation understanding); c) Interface design (including
models and theories of human-machine interaction use and conceptual frameworks for the
design of interfaces); and d) Planning and control (such as (re)allocating tasks/subtasks
between humans and Al).

It is worth noting that many of these topics have an underlying goal of building trust and
understanding between humans and AI%'. Trust and understanding are also necessary for Al
to become more usable (e.g., human-centric explainability, natural interaction with
commonsense) and useful (e.g., for Al to be applied to a wider range of real-world tasks that
include complex social interactions). Human understanding also extends beyond individuals
to social understanding of groups and social contexts. Related work can be found in social
robotics, social computing3®? and the newly-proposed field of socio-neuro Al3%3,

Some of the recent research trends related to HAS include Human-Robot Collaboration35+ 355,
Human State Sensing, Human-Al Multiplayer Competitive/Collaborative Games and Multi-
Agent Reinforcement Learning, Humans Adapting to Chatbots and Software Agents, Human-
Agent Collaboration3%, and Al Assistants.

Recommendations

As previously highlighted, HAS research covers multiple disciplines and fields involving human
and machine cognition. Apart from engineering efforts required to integrate across different
modalities and intelligences (visual, auditory, spatial, etc.), there are additional aspects of how
collaboration arises from human and machine cognition that are still not well understood and
require systematic scientific investigation and research.

The research challenges in HAS can be organized into three categories, namely, Explicit
Challenges, Underlying Challenges, and Practical Challenges. Explicit Challenges relate to
functional capabilities needed for effective human and Al collaboration. Underlying Challenges
include lack of commonsense and context (where background knowledge about the
world/social situations that is shared by humans is lacking in Al), insufficient progress in
embodiment (Al with a physical body) and embodied sensing (real-world perception), the lack
of shared mental models, and heterogeneous entities at the individual and group level.
Practical challenges include safety concerns, computational resource constraints, and the
need for remote, asynchronous and non-stepwise collaboration capabilities.
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For Singapore, HAS allows Al to be deployed to address critical national challenges such as
its ageing population and labor shortage. Although Al has made significant advances in the
past decade, human-like Al capable of handling complex real-world challenges has not been
realized. This is why harnessing Al capabilities in synergy with humans to address complex
issues is important. Furthermore, Singapore’s educated workforce is a key competitive
advantage that can help the country increase its innovation speed and capability through HAS.
Its advantages include an existing pool of researchers in various disciplines, supportive
governmental measures, a pragmatic and rigorous approach to investment in research and
capability development, and a trustworthy brand name and reputation as an attractive location
for expats which helps in talent attraction and retention.
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LEARNING AND ARTIFICIAL EVOLUTION

The human brain is a prime specimen of the power of evolutionary natural selection. It is
among the most potent enablers of intelligence and lifelong learning in the natural world,
serving as a primary inspiration to the field of Al as a whole. From a computer science
perspective, biological evolution can be thought of as an outer-loop optimization algorithm
that, over many generations/iterations, has shaped increasingly fit brains. The Baldwin
effect®™, in evolutionary biology, describes how this notion of fithess may stem not only from
capabilities derived from the brain’s inherent structure — such as in precocial species whose
young already possess certain skills from the moment of birth — but also its capacity to
engender inner loop learning during an organism’s lifetime. Drawing parallels to the field of
deep learning, a brain’s structure loosely translates to the architecture of a deep neural
network model, whereas inner loop learning typically takes some form of backpropagation via
stochastic gradient descent (SGD) for tuning the network’s parameters under observational
data.

It is this interaction between randomized EAs and gradient-based optimization that lies at the
heart of the proposed synergy between learning and artificial evolution. Just as (slow)
biological evolution has been responsible for shaping intelligence in real life, fast in silico
neuroevolutionary algorithms (i.e., EAs for training deep neural networks) are expected to play
a role in shaping the future of Al in artificial life.

Scientific Background

The growing literature synergizing learning and evolution in Al can be categorized into three
sub-topics, namely, (a) artificial evolution alongside gradient-based learning, (b) evolutionary
reinforcement learning, and (c) evolution of ML subsystems.

The success of DL is driven by the observation that under sufficient training data and
processing power, simple backpropagation which applies stochastic gradient descent (SGD)
to minimize a differentiable error/loss function is effective for training neural networks with
billions of parameters. However, SGD is no silver bullet. It is susceptible to stumbling blocks
such as local optima, saddle points, and error plateaus®®. Such shortcomings illuminate the
scope of gradient-free global optimization for training neural networks. Neuroevolution is a
dominant example of this algorithmic class3%°.

Beyond attempts to arrive at substitutes to SGD, a concurrent research track proposes to
synergize global evolutionary search alongside local gradient signals — thus inheriting the
advantages of both approaches. For example, researchers from Google DeepMind revisited
the Baldwin effect through the lens of neuroevolution, showing its ability to shape initial
parameters of deep learning algorithms to enable rapid (few-shot) adaptation to empirically
challenging tasks via gradient-based finetuning®®°. Likewise, researchers from the IBM T. J.
Watson Centre proposed to hybridize SGD with gradient-free EAs as complementary
algorithms within a single framework for optimization3¢'; the motivation is to meld SGD'’s ability
to exploit curvature information of error functions, with an EA’s capacity to explore complex
function landscapes.

Evolutionary Reinforcement Learning:
Reinforcement learning (RL) forms a class of problems where Al agents are trained to act in

dynamic environments. An agent’s behaviour is governed by a policy function (the agent’s
brain) which computes the action to be taken in each situation. In deep RL, these policy
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functions take the form of deep neural network models trained with the objective of maximizing
cumulative rewards. OpenAl’'s recent demonstration of the effectiveness of evolution
strategies for deep RL — attaining competitive results on Atari games after just one hour of
training in a distributed setting®¢? — has given the field a fillip.

Efficient use of sampled data could also be achieved via iterative procedures that optimize
surrogate objective functions, providing monotonic improvement guarantees3¢3. Randomized
evolutionary operators following principles of imitation learning have been designed to
preserve the hierarchical relationships of neural network parameters, lessening the danger of
catastrophic performance drops?%4. The hybridization of reward-guided evolution with explicit
search for novelty®® is yet another approach where RL agents are encouraged to exhibit
different behaviours, hence reducing the danger of being stuck indefinitely (and hence
wastefully) in local optima of deceptive reward functions.

Evolution of ML Subsystems:

In evolutionary biology, the Baldwin effect describes how natural selection is affected by an
organism’s ability to learn during its lifetime, lending selective advantage to those traits that
enhance learning3®. In the context of Al, this theory motivates a range of techniques for outer-
loop optimization of ML subsystems3¢” — also referred to as AutoML. Applications include
hyperparameter optimizations of ML models®8, the search for optimized neural network
architectures to be trained via SGD?3¢°, evolutionary compression of massive pre-trained neural
networks37% 371 and even the discovery of complete learning algorithms from scratch using
only basic mathematical operations as building blocks32. A related research track explores
the evolution of embodied Al, where morphologies of artificial agents (e.g., soft robots) are
evolved in an outer optimization loop to facilitate the learning of tasks (e.g., via an inner RL
loop) in challenging environments?8°.

Recommendations

As alluded to earlier, the potential of synergizing evolutionary search alongside local gradient
signals — thus producing Al that inherits the best of both worlds — has garnered global attention.
However, the construction of such integrated frameworks poses fundamental challenges in
specifying precise interaction mechanisms between gradient-based and gradient-free
learning. Notably, the study of such interaction mechanisms forms an integral part of memetic
computation with EAs — a subject with a rich history and pioneering work ongoing at
Singaporean institutes of research and higher learning®73 374,

Given the increasing interest towards creation of general-purpose Al systems, there is also a
shift from “internet Al” that deals with learning from datasets of images, videos and text curated
from the internet, towards embodied Al which enables artificial agents to learn through
interactions with their surrounding environments®®. Embodied intelligence is the belief that
true intelligence emerges through the interplay of an agent with physical environments
characterized by multimodal data streams (e.g., simultaneous vision and audio), mediated by
the constraints of its body (i.e., its morphology), sensory and motor system, and brain. Notably,
today’s Al models and applications are mostly limited to processing data of only a single
modality at a time. In contrast, actualizing the envisioned future of multimodal embodied Al
systems could have unprecedented impact on strategic domains of Singapore’s RIE2025 plan
—including advancing robotics technologies to transform the built environment in a sustainable
manner or enable innovation and enterprise talents to leverage robotics for various industry
needs. The synergy between learning and evolution to embody Al into adaptive robots is
expected to play a central role in taking this vision to reality. Just as natural evolution has
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shaped a variety of specialized organisms occupying different environmental niches, artificial
evolution may also be capable of generating diverse structures for body and brain, optimized
to carry out different tasks jointly or independently.

Despite the immense impact potential of this overarching idea in the real-world, as of today,
embodied Al research has largely been focused on learning only in virtual environments. This
trend has led to significant advances in simulation engines that aim to faithfully replicate the
physical world. These simulated worlds serve as virtual testbeds to collect task-based
datasets®7® and to train and test Al frameworks, alleviating the threat of deleterious outcomes
in unknown physical environments. Several simulators have therefore been developed over
the past four years®” - 30 providing realistic representations of the world. Most of these
simulators minimally comprise a physics engine, Python application programming interface
(API), and an artificial agent that can be controlled or manipulated within the environment.
While this fosters immediate technical advancement, open questions have however arisen in
terms of closing the reality gap, for safely transferring evolved agents from simulation into the
real world3®!.
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Al INFRASTRUCTURE

A common theme that has been observed among the major Al R&D initiatives worldwide is
the substantial global investments in High-Performance Computing (HPC). For instance, Meta
is currently building the world’s fastest Al supercomputer, made up of 16,000 GPUs with a
capacity of 5 exaFLOPS. Asia’s largest Al data centre has opened in Shanghai in 2022 with a
compute capacity of 3.74 exaFLOPS.

The National Supercomputing Centre (NSCC)32-38 is home to Singapore’s national petascale
supercomputers known as ASPIRE 1 and ASPIRE 2 (Advanced Supercomputer for Petascale
Innovation Research & Enterprise (ASPIRE)). ASPIRE 1 was benchmarked at 1 PetaFLOPS
(PFLOPS) and provides 275 million core hours of usage per year. It contains a 13-Petabyte
high performance data storage system and is interconnected to other facilities via advanced
networks: locally (40-100G), regionally (10-100G) and globally (10-100G) through partnership
with Singapore Advanced Research and Education Network (SingAREN). ASPIRE 2 is
expected to provide up to 10 PFLOPS of computing capacity and is 8 times more powerful
than ASPIRE 1. While ASPIRE 2A is designed for HPC applications, its CPUs and 352 x
Nvidia A100 GPU cards can also run high throughput computing (HTC) and Al applications.

These two supercomputers are crucial to Singapore’s future supercomputing resources which
will support research in areas such as climate change, biomedical research and smart nation
activities. The NSCC plays an important role in facilitating sustainable Al infrastructure. As a
centralized HPC resource, NSCC’s ability to optimize its entire operation and achieve energy
efficiencies can be translated to carbon footprint reduction for its ecosystem of users. It could
also help to reduce the redundancy of each individual user's HPC cluster hence reducing the
corresponding carbon footprint.

Scientific Background

HPC-based computer simulation is often referred to as the “third pillar” of scientific discovery,
complementing traditional theory and experimentation. The usage of HPC resources has
spread from its established strongholds in the physical sciences to social sciences and the
humanities, enabling significant impacts such as saving lives and property by predicting
severe storms, reducing the time-to-market, and increasing safety and reliability in the
automotive and aerospace industries. For these reasons, leading nations are investing
substantially in supercomputing®> and emerging disruptive infrastructures such as Al
accelerators and Quantum technologies. In contrast, Singapore’s HPC investments have
remained lower than those of other nations over the last decade — which urges the need to
consider both the benefits of increased investments and the risks involved by not doing so.

High-Performance Computing:

To democratize the use of HPC and Al, investments in software and applications need to
dovetail with hardware. Some of the recommended focus areas would include areas that
Singapore is already strong such as Smart Cities and Finance. While Singapore has taken the
lead in Smart Cities, the same rate of progress has not been observed in HPC applications to
support such initiatives including vehicle traffic management, smart buildings and power grids,
for instance. This is a crucial aspect to reduce Singapore’s potential reliance on foreign
capabilities to support HPC-based research.
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Singapore’s infrastructure investments need to be dramatically increased to maintain its
competitiveness in Al R&D. As an example, Hyperion38® has recommended that Singapore
should consider growing its largest 2 to 3 supercomputer investments by at least 30% to 40%
a year for each of the next 3 years. Moreover, the need for greater Al infrastructure
investments is also motivated by the increasing interdependency among government
agencies, IHLs and industry partners — which necessitates a national infrastructure such as
NSCC to allow joint collaborations and access to infrastructure. This will also provide the ability
to aggregate resource demands and to negotiate with global vendors for the latest technology
in the market (e.g., Nvidia’s GPU technology). A national shared HPC system will also address
the need for a sustainable Al infrastructure as it will reduce the need to build multiple clusters
that cause higher carbon footprint, while achieving the best ROI for Singapore. To further
empower sustainability, it would be good to build on the ASPIRE 2A supercomputer’s
significant efforts in this space such as its ‘warm water cooling system’ that captures 60-80%
of the servers’ heat and reduces data centre cooling costs by over 50%. The upgrading of
national supercomputers, Cloud infrastructure and availing the latest HPC applications are
also critical to accelerate Al R&D in key domains such as advanced manufacturing,
healthcare, built environment and fintech.

Global partnerships can be further encouraged. An example of an ongoing global partnership
is the NSCC'’s collaboration with Japan’s Research Organization for Information Science and
Technology (RIST) which enabled Singapore researchers to regularly access supercomputing
resources from the world’s most powerful supercomputer, Japan's Fugaku system. This
contributed to the development of HPC in both countries. Furthermore, establishing
partnerships with regional and global HPC centres can help broaden the experience of the
Singapore HPC community by getting access to HPC technologies which may not be available
in Singapore. Similar partnerships should continue to be established.

Quantum Atrtificial Intelligence:

A potentially disruptive and useful computing technology which Singapore should pay
attention to is the emerging area of Quantum machine learning (QML)3% — which synergizes
theories of quantum mechanics with ML methods. QML extends the pool of quantum
computing hardware for machine learning by utilizing an entirely different class of computing
device known as the quantum computer — which uses properties of quantum mechanics such
as superposition, interference and entanglement for processing information®”. QML is mainly
motivated by the huge volume of data required to ML systems. With the size of datasets
constantly increasing and Moore’s Law tapering off, current computational tools may no longer
be sufficient for the future38. Hence quantum computing (QC) provides a promising alternative
for the scalability of Al research with the growing abundance of knowledge and data available.
QC'’s ability to interpret data far more effectively than ordinary computers results in a shorter
learning curve for Al robots®°. QC also promises to render today’s data encryption methods
obsolete through new encryption technologies such as the Quantum Key Distribution
(QKD)3®.

There are four ways to combine QC and ML, based on whether the data is generated from a
quantum (Q) or classical (C) system, and if the information processing device is quantum (Q)
or classical (C). Hybrid Classical-Quantum (CQ) ML involves converting classical data into
quantum data and going through the 3 phases of encoding, processing and measuring. Data
is obtained from observations from classical systems such as text, images and time series
data, which are input into a quantum computer for analysis. Purely Quantum (QQ) ML is similar
to CQ and considers quantum data processed by a quantum computer. The data could be
obtained from a measurement of a quantum system in a physical experiment and transferring
the measurements into a separate quantum computer. Alternatively, the dataset could
comprise of quantum states®® such as the final quantum states of a quantum dynamical
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simulation®'. Quantum-Inspired (CC) ML uses the conventional approach to ML, where the
classical data is being processed by classical computers. However, unlike conventional ML,
CC ML borrows methods from quantum information theory, for example by utilizing tensor
networks. In the past, CC ML catalogued a body of literature with different degrees of quantum
mechanical rigour. ML-aided (QC) Quantum Computing looks at how classical ML can aid
quantum computing. It largely employs classical ML techniques to analyze quantum states3°2.
Some of its methods include using artificial neural networks to represent variational quantum
states®%, and using fully connected and convolutional neural networks to identify phases,
phase transitions and non-trivial crossovers between topological phases3%.

Recommendations

Continued research and innovation in Al require ongoing investments into Al infrastructure
including a comprehensive data strategy, more advanced supercomputers and emerging
technologies, and training and development of talent, software and applications. Powerful and
advanced Al infrastructure is pivotal to the talent-attraction and retention ability of Singapore
and therefore its continued leadership position in Al. As such, investments into computing
infrastructure for Al research can enable Singapore to strengthen its position as the Global-
Asia node of technology, innovation and enterprise, as well as to reap economic gains from
investments into its current research infrastructure.

Data is fundamentally important to Al development and innovation. Contemporary Al and ML
systems are trained by ingesting enormous quantities of data. This means their benefits are
dependent on the quantity and quality of data. As such, the development and maintenance of
datasets is an important priority for Singapore. Government policies are needed to facilitate
the access and sharing of data to enable the further development of Al in a collaborative and
international manner. One way governments can do this is by developing a unified data policy
that allows researchers across agencies access the same high-quality data via a centralized
and secured data lake. It would also be good to survey Singapore datasets that are currently
available in various key sectors such as transport, healthcare and the economy, and to make
an effort to develop representative, unbiased, contextually aware datasets in areas currently
lacking.
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LIST OF ACRONYMS

A*STAR: Agency for Science, Technology and Research
AGI: Artificial General Intelligence

Al: Artificial Intelligence

AIGC: Artificial Intelligence Generated Content
AISG: Artificial Intelligence Singapore

ANN: Artificial Neural Network

AutoML: Automated Machine Learning

BAAI: Beijing Academy of Artificial Intelligence
BCI: Brain-Computer Interface

BO: Bayesian Optimization

CC: Quantum-Inspired Machine Learning

CF: Catastrophic Forgetting

CFAR: Centre for Frontier Al Research

Cl: Computational Intelligence

CL: Continual Learning

CNN: Convolutional Neural Network

CQ: Classical-Quantum Machine Learning
CSIRO: Commonwealth Scientific and Industrial Research Organization
CV: Computer Vision

DAI: Design and Atrtificial Intelligence

DBS: Development Bank of Singapore

DNN: Deep Neural Network

EA: Evolutionary Algorithm

EPFL: Ecole Polytechnique Fédérale de Lausanne
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ESG: Environmental, Social and Governance
ETHZ: Eidgendssische Technische Hochschule Zirich
FICO: Fair Isaac Corporation

FL: Federated Learning

FRC: Foundation Research Capabilities
FWCI: Field Weighted Citation Index

GAN: Generative Adversarial Network

GCN: Graph Convolutional Network

GDPR: General Data Protection Regulation
GNN: Graph Neural Network

GP: Gaussian Process

GPT-3: Generative Pre-trained Transformer 3
GPU: Graphics Processing Unit

HAIC: Human-Al Collaboration

HPC: High Performance Computing

l0T: Internet of Things

LLM: Large Language Model

LSTM: Long Short-Term Memory

MAML: Model-Agnostic Meta-Learning

MAS: Multi-Agent Systems

MeL: Meta Learning

MFEA: Multifactorial Evolutionary Algorithm
ML: Machine Learning

MOH: Ministry of Health

MTL: Multi-Task Learning
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NGO: Non-Governmental Organization

NSCC: National Supercomputing Centre

NLP: Natural Language Processing

NRF: National Research Foundation

NTU: Nanyang Technological University

NUS: National University of Singapore

OoD: Out of Distribution

PDPA: Personal Data Protection Act

QC: Quantum Computer

QC ML: Machine Learning Aided Quantum Computing
QFT: Quantum Fourier Transform

QKD: Quantum Key Distribution

QML: Quantum Machine Learning

QPE: Quantum Phase Estimation

QQ: Purely Quantum Machine Learning

R&D: Research and Development

RIE2025: Research, Innovation and Enterprise 2025
RL: Reinforcement Learning

SC: Supercomputer

SDG: Social Development Goals

SGD: Stochastic Gradient Descent

SL: Supervised Learning

SMU: Singapore Management University

SNN: Spiking Neural Network

SSL: Self-Supervised Learning

STEM: Science, Technology, Engineering and Mathematics
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SUTD: Singapore University of Technology and Design
SVM: Support Vector Machine

TinyML: Tiny Machine Learning

TL: Transfer Learning

TPU: Tensor Processing Unit

UQ: Uncertainty Quantification

WEF: World Economic Forum

XAl: eXplainable Artificial Intelligence
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