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Abstract Probing valuable scientific phenomena is very important for revealing the laws of the universe and
verifying the proposed scientific hypothesis. The rare scientific phenomena prompt people to build many
large-scale scientific devices or carry out large-scale scientific experiments to collect a lot of scientific data for
analysis, which is called data-intensive scientific discovery. In this paradigm, relying solely on the expertise of
scientists is no longer feasible and scientific discovery needs a kind of more efficient method. As a result, a kind
of key artificial intelligence(Al) technique, machine learning, plays a more and more important role in it. In other
words, "Al for Science" is booming. Scientific big data and scientific discovery tasks are different from general
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big data and tasks on the Internet. For example, scientific big data has a more long lifecycle, more uncertainty,
and hard to get be repeatedly. Scientific discovery tasks are not only innovative but also rigorous. Because of the
above characteristics, there are a lot of tough and common problems when different machine learning methods
meet scientific discovery. However, the existing work only focused on specific machine learning algorithms to
accomplish specific scientific discovery tasks, rather than giving a general research framework of Al-driven
scientific discovery to solve these common problems. In this paper, we first summarize the latest development of
intelligent scientific discovery in six scientific fields, in which machine learning has been widely used. On the
one hand, we analyze frequently-used methods in scientific discovery tasks from machine learning and deep
learning two perspectives. On the other hand, we classify scientific discovery tasks into 5 kinds of
machine-learning problems from basic science and applied science two perspectives. Secondly, we propose a
general research framework for intelligent scientific discovery as an example of "Al for Science". It describes an
efficient mode of applying machine learning to scientific discovery and helps scientists make sense of how to use
machine learning efficiently in scientific tasks. Corresponding to the scientific discovery pipeline, this
framework is composed of six components. Every component solves several challenges when scientific
discovery meets machine learning. These six components are scientific data integration and sharing, scientific
discovery task transformation, scientific data pre-processing, scientific discovery method, scientific discovery
verification, and domain knowledge constraints, respectively. Thirdly, we verify this framework through a series
of experiments. We choose time-domain astronomy as a typical scientific field of "Big Data + Al". In this field,
we aim at discovering a kind of transient event, which is called a stellar flare. To compare different discovery
methods, we use seven machine-learning methods and a classical method in time-domain astronomy. One of the
most important conclusions is that machine learning is not omnipotent. Only when combined with domain
knowledge, will machine learning reach its full potential. Lastly, we summarize three challenges that need to be
solved in the future and three lessons learned. Machine learning has its advantages and disadvantages for
scientific discovery. Scientists should make more efforts in science-oriented machine learning, not only
developing machine learning applications for scientific discovery.

Key words scientific discovery; machine learning; scientific big data; transient event discovery; intelligent
scientific discovery
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Background

"Al for Science" has received extensive attention from
academia and industry and has become a research hotspot. With
the construction of large-scale scientific devices and the
development of major scientific experiments, scientific
discovery research cannot completely rely on expert experience
to capture and study rare scientific phenomena from massive
data. Using machine learning technology to discover rare
scientific phenomena, study complex objects, and solve
complex problems from massive scientific data has become the
preferred solution in the scientific field.

However, the current research only focuses on specific

machine learning algorithms and has not abstracted a general
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machine learning research framework for Al-driven scientific
discovery tasks.

Therefore, this paper first comprehensively summarizes
the research status of machine learning in various scientific
fields and discusses the common problems and challenges.

Secondly, on this basis, this paper proposes a general
research framework of intelligent scientific discovery based on
machine learning. It describes an efficient mode of applying
machine learning to scientific discovery and can guide scholars
in various scientific fields. At the same time, it opens a window
for scholars related to machine learning to further understand

scientific discoveries.
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Finally, this paper conducts a case study to verify the
effectiveness of the framework. It is a time-domain astronomy
scientific discovery mission: celestial transient event discovery.
A series of experiments demonstrate that only when domain
knowledge is properly combined, machine learning algorithms
can better serve intelligent scientific discovery. Before this
paper, the authors analyzed and managed scientific big data
since 2016 in the National Key R&D Program "Scientific Big
Data Management System". They have developed a relatively
deep understanding of scientific discoveries during working

with astronomers. A series of related works are published in
ICDE, TKDE, EDBT, etc. In the process of participating in the
National Natural Science Foundation of China project
"Intelligent Analysis of Astronomical Big Data for Large
Field-of-View Short-Timescale Sky Survey", the authors have
further thought about the scientific discovery of intelligence,
thus completing this paper.

This work was partially supported by grants from the
National Natural Science Foundation of China (62172423,
91846204, U1931133)



