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Abstract

In recent years, artificial intelligence (AI) has achieved numerous remarkable
accomplishments in frontier scientific and technological domains, such as Al-
phaFold2, intelligent control of nuclear fusion, and COVID-19 drug design,
demonstrating that AI for Science is emerging as a new research paradigm.
To realize fundamental scientific source innovation and its downstream major
technological breakthroughs in the intelligent era, two core issues must be ad-
dressed: (1) how to leverage the generality and creativity of new-generation
AT (particularly generative AT and large models) to drive the formation of new
paradigms; and (2) how to utilize AI to empower and transform traditional
scientific facilities. This paper proposes a conceptual framework for construct-
ing intelligent scientific facilities that addresses the dual-level requirements of
“highly intelligent new scientific facilities”and “Al-enabled existing large-scale sci-
entific facilities,” thereby building an Al for Science infrastructure system that
creates innovative capabilities including domain-specific large models, genera-
tive simulation and inversion, autonomous intelligent unmanned experiments,
and large-scale trustworthy scientific collaboration, accelerating major scientific
discoveries, transformative material synthesis, and significant engineering tech-
nology applications.

Full Text
Abstract

In recent years, artificial intelligence (AI) has achieved remarkable break-
throughs in frontier scientific and technological domains, exemplified by
AlphaFold2 for protein structure prediction, intelligent control of nuclear
fusion, and Al-accelerated drug design for COVID-19. These advances
demonstrate that AI for Science is emerging as a new research paradigm.
To realize fundamental scientific innovation and downstream technological
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breakthroughs in the intelligent era, two core challenges must be addressed: (1)
how to leverage the generality and creativity of next-generation Al, particularly
generative Al and large models, to foster new paradigms; and (2) how to
empower and transform traditional scientific facilities using AI. This paper
proposes a conceptual framework for constructing Al-enabled scientific facilities
that simultaneously addresses the need for “highly intelligent new scientific
facilities” and “Al empowerment of existing large-scale scientific infrastruc-
ture.” By building a comprehensive Al for Science facility ecosystem, we can
enable innovative capabilities including scientific large-scale models, generative
simulation and inversion, autonomous intelligent unmanned experiments, and
large-scale trustworthy research collaboration, thereby accelerating major
scientific discoveries, transformative material synthesis, and critical engineering
applications.

Keywords: Al for Science, generative Al, large language models, scientific
facilities

1. A New Paradigm for Scientific Research: AI for Science
1.1 Evolution of Scientific Research Paradigms

Artificial intelligence applications in frontier science and technology have already
yielded impressive results. In biology, Science magazine selected AlphaFold2 as
the top breakthrough of 2021 [?]. In materials science, AI has enabled efficient
plasma flow control in nuclear fusion tokamak devices [?]. In drug discovery,
AT has accelerated COVID-19 therapeutic design [?]. These breakthroughs and
broader trends indicate that Al for Science is becoming a new research paradigm.

In 2007, Turing Award laureate Jim Gray described the historical evolution of
scientific discovery through “four paradigms” : experimental observation, the-
oretical derivation, computational simulation, and data-driven discovery (data-
intensive science) [Figure 1: see original paper|. Thousands of years ago, humans
described natural phenomena through experimental observation and experience,
forming the empirical paradigm (first paradigm). Several centuries ago, scien-
tists began using theoretical derivation for research, explaining nature through
theories and models, exemplified by Newton’ s laws in the 17th century—this
became the theoretical paradigm (second paradigm). Since the mid-20th cen-
tury, scientists have used computer simulations to model complex phenomena
and verify theories, establishing the computational paradigm (third paradigm).
Over the past decade, the big data era has enabled understanding complex sys-
tems through large-scale data analysis, yielding previously unknown scientific
theories and forming the data-intensive paradigm (fourth paradigm). However,
limited by data acquisition and simulation capabilities, scientific hypotheses
in this paradigm remain dominated by expert experience. Moreover, the lack
of effective data sharing mechanisms and the localized nature of experiments
constrain large-scale, interdisciplinary research activities.

In recent years, deep learning—particularly generative Al—has advanced rapidly,
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enabling academia to model and mine high-dimensional research data, capture
scientific laws underlying multimodal data, and overcome limitations of experi-
mental observations and numerical simulations through data generation. This
expands the space of scientific hypotheses. Multimodal large language models
offer novel capabilities for literature comprehension, summarization, and exper-
imental protocol generation. Combined with unmanned experimental systems
and open scientific data platforms, these technologies can drive scientific re-
search toward a new “platform collaboration” model. Chris Bishop of Microsoft
Research Cambridge refers to Al for Science as the fifth paradigm of scientific re-
search—a novel approach using AI and machine conjecture for discovery. Unlike
the previous four paradigms, it not only relies on existing data and equations but
can also simulate natural phenomena through machine learning, infer unknown
laws, enhance research efficiency and accuracy, and explore broader possibility
spaces encompassing both problem and solution domains.

1.2 Domestic and International Initiatives for AI for Science

Recognizing AT’ s potential to revolutionize science, the UK launched the “Al
for Science and Government” program to apply Al to real-world natural and
social science problems. The U.S. National Science Foundation (NSF) initi-
ated an Al4Science research program in 2021 to advance scientific discovery in
mathematics and physics. In 2022, the French National Center for Scientific Re-
search (CNRS) established the Artificial Intelligence for Science, Science for Ar-
tificial Intelligence Center (AISSAI) to promote interdisciplinary exchange and
expand Al applications in scientific research. Since 2019, the Chinese Academy
of Sciences and its affiliated institutes have conducted Al for Science research
across multiple disciplines, including biomedicine, materials science, computa-
tional physics, and quantum computing.

In 2017, China’ s State Council issued the “New Generation Artificial Intel-
ligence Development Plan,” emphasizing the need to “focus on major frontier
scientific issues in AI, balance current needs with long-term development, prior-
itize breakthroughs in fundamental theoretical bottlenecks that may trigger Al
paradigm transformations, and promote interdisciplinary integration to provide
strong scientific reserves for sustainable Al development and deep application.”
In March 2023, the Ministry of Science and Technology and the National Natu-
ral Science Foundation of China launched a special deployment for “Al-driven
scientific research,” promoting AI model and algorithm innovation for major
scientific problems, developing Al for Science platforms for typical research do-
mains, and gradually building a new model for Al-supported basic and frontier
scientific research to accelerate China’ s research paradigm transformation and
capability enhancement.

2. AI-Enabled Scientific Facilities

While AI has achieved remarkable results in specific scientific domains—such
as AlphaFold2 [?], intelligent nuclear fusion control [?], Al-planned automated
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organic synthesis platforms [?], molecular dynamics simulation [?], COVID-19
drug design [?], and generative materials inverse design [?]—these efforts remain
limited to specific research groups addressing specific problems. The scope of
disciplines, scale of research scenarios, and reproducibility of research protocols
and results are all constrained. A “platform collaboration” model and infras-
tructure system for Al for Science remain to be established.

To achieve fundamental scientific innovation and major downstream technologi-
cal breakthroughs in the intelligent era, two core issues must be addressed. First,
how can we establish new scientific intelligence infrastructure for the AI for Sci-
ence paradigm to systematically and holistically unleash the creativity and gen-
erality of next-generation Al (especially generative Al and large models) in basic
science, enabling functions like spontaneous hypothesis generation, automatic
law deduction, autonomous unmanned experiments, and self-driven trustworthy
collaboration to facilitate ultra-large-scale, high-iteration scientific exploration?
Second, how can we use next-generation Al to empower traditional scientific
facilities? Scientific research primarily involves scientists proposing questions
and hypotheses, experimental personnel conducting verification, and institu-
tions and publishers disseminating and sharing results and data. Traditional
scientific facilities and research paradigms face difficulties in scientific communi-
cation, experimental operation, and data sharing [Figure 2: see original paper].
These challenges are particularly acute for sophisticated large-scale scientific fa-
cilities with highly complex research environments. Achieving an efficient closed
loop among “scientific questions (scientists)—experimental equipment (experi-
menters)—research data and literature (institutions and intermediaries)” using
next-generation Al is essential not only for new facilities but also represents new
requirements and opportunities for upgrading existing infrastructure.

In response to these challenges, in April 2023, the AI Institute at Shanghai
Jiao Tong University proposed the concept of an “Al-enabled scientific facility”
(AISF) at the Pujiang Innovation Forum’ s AI for Science special session. The
overarching vision targets world-class scientific frontiers and national strategic
needs, addressing both “creating highly intelligent new scientific facilities” and
“empowering existing large-scale scientific infrastructure” to build a comprehen-
sive AT for Science facility ecosystem that accelerates major scientific discoveries,
transformative material synthesis, and critical engineering applications [Figure
2: see original paper].

Al-enabled scientific facilities integrate cutting-edge technologies including gen-
erative Al, large language models, big data, and blockchain to create a human-
in-the-loop scientific intelligence infrastructure with a three-layer architecture
[Figure 3: see original paper]. The foundation layer provides computational
support through high-performance computing and computing networks. The
scientific model layer constructs cross-disciplinary, cross-modal scientific large-
scale models and “Al research assistants.” The experimental application layer
enables autonomous unmanned experiments and multi-party research collabora-
tion through Al-operated robots and intelligent experimental environments.

chinarxiv.org/items/chinaxiv-202403.00358 Machine Translation


https://chinarxiv.org/items/chinaxiv-202403.00358

ChinaRxiv [$X]

Based on this architecture, Al-enabled scientific facilities can deliver four major
innovative functionalities beyond traditional paradigms [Figure 4: see original
paper]. First, scientific large-scale models enable cross-modal research content
generation, literature review synthesis, automatic task decomposition, and ex-
perimental protocol generation, constructing an “Al research assistant” system
with comprehensive scientific capabilities. Second, generative simulation and
inversion provide scientific phenomenon generation for complex fluids, multi-
physics fields, and complex material structures, along with Al-accelerated ultra-
large-scale simulation capabilities to mitigate the curse of dimensionality and
stimulate scientific intuition. Third, high-throughput autonomous unmanned
experiments combine automated laboratories with AI models to achieve “wet-
dry closed-loop” autonomous experimental verification in synthetic chemistry,
synthetic drugs, and materials genomics. Fourth, large-scale trustworthy re-
search collaboration uses blockchain and swarm intelligence technologies to en-
able on-chain traceability, rights confirmation, sharing, and circulation of scien-
tific models and datasets, accelerating the dissemination of new scientific ideas
and methods.

3. Scientific Large-Scale Models

ChatGPT-like conversational large language models represent a disruptive new
generation of AI technology. Building upon foundation models and training
them with scientific big data can embed scientific knowledge and capabilities.
Through “scientist-in-the-loop” reinforcement learning for scientific norm and
ethics alignment, we can create research-oriented large models that may estab-
lish an interactive, mutually reinforcing, and accelerating innovation mechanism
between Al and basic science.

First, Al drives basic science forward. On one hand, Al enhances research
speed, accuracy, and knowledge integration capabilities, explores broader sci-
entific hypothesis spaces, and promotes deep interdisciplinary integration and
major discoveries. On the other hand, AI serves as a valuable supplement to
traditional research paradigms, effectively enhancing experimental observation,
theoretical derivation, simulation, and data-driven capabilities.

Second, basic science drives Al development in return. Scientific large-scale mod-
els will set technical benchmarks for domain-specific large models. While founda-
tion models primarily target natural human language and common programming
languages, scientific AI models must also handle mathematical formulas, phys-
ical equations, chemical formulas, material structures, and genetic sequences
across disciplines and modalities, serving as a demonstration for other large
models. Compared to internet-oriented foundation models, domain-specific sci-
entific large-scale models enable faster training and iteration. Moreover, their
user base of researchers and students generates massive scientific questions and
answers, accumulating knowledge and guiding new hypothesis generation. Fi-
nally, the high energy consumption of large models due to big data and com-
puting demands requires solutions from both supply and demand sides. On
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the supply side, we must promote energy technology progress to improve en-
ergy efficiency in collection, generation, storage, transmission, and usage. On
the demand side, we must reduce computing system energy consumption and
pursue green, energy-efficient solutions. As energy costs decrease and Al com-
puting architectures improve, both foundation and scientific large-scale models
will unleash greater potential.

To construct scientific large-scale models [Figure 5: see original paper|, we need
to develop four specialized capabilities on top of foundation models and estab-
lish corresponding evaluation benchmarks. First, cross-disciplinary and cross-
modal unified input capability. While language models have been applied to
biomedicine [?], materials science, and chemistry for entity recognition, rela-
tion extraction, and domain classification, scientific data includes not only text
but also formulas, charts, and molecular structures. Unifying these cross-modal
inputs for joint modeling of interdisciplinary expertise is a critical challenge.
Second, effective invocation of external scientific tools. Despite strong language
understanding, generation, and reasoning capabilities, large models can produce
plausible but incorrect content. Scientific large-scale models demand higher pro-
fessionalism and accuracy. A viable solution is using large models as planning
and reasoning engines that call different external scientific tools to improve
credibility and accuracy. Third, continuous feedback and evolution capability.
Just as human scientists improve through experience and feedback, scientific
large-scale models can leverage high-quality researcher feedback to enhance do-
main expertise, scientific knowledge modeling, and inference capabilities, while
using experimental feedback to improve hypothesis generation and protocol op-
timization. Fourth, hallucination elimination. Current models suffer from hal-
lucinations where generated content contradicts real-world facts or user inputs,
failing to meet scientific precision requirements. Effectively screening expert
knowledge and using high-precision professional knowledge for reinforcement
learning is crucial for eliminating scientific hallucinations. Additionally, tar-
geted optimization and ensemble of base models can enhance credibility and
accuracy in specific domains. Fifth, evaluation benchmarks for scientific large-
scale models. To accurately assess capabilities and promote rapid iteration, we
need comprehensive scientific knowledge test benchmarks covering multiple dis-
ciplines. These should test cross-modal, cross-disciplinary data understanding
and modeling capabilities, as well as the ability to use scientific tools accurately
and robustly for complex tasks, and the capacity to refuse generating false and
harmful content.

In summary, scientific large-scale models serve as “Al assistants” to support hu-
man scientists, requiring interdisciplinary knowledge backgrounds, cross-modal
data processing, external tool invocation capabilities, and continuous evolution
through feedback and evaluation. It is important to emphasize that scientific
hypotheses proposed by these “Al research assistants” are merely suggestions
for human scientists that require careful verification before subsequent scientific
demonstration or experimental exploration.

chinarxiv.org/items/chinaxiv-202403.00358 Machine Translation


https://chinarxiv.org/items/chinaxiv-202403.00358

ChinaRxiv [$X]

4. Generative Simulation and Inversion

Simulation and computer modeling represent important paradigms for “theory-
to-phenomenon” deduction. Simulation space bridges hypothesis space and ob-
servation space through human sensory intuition [Figure 6: see original paper].
In fields like nuclear physics where laws and theories are well-established, data
quality is high, and observation costs are substantial, computer simulation in-
creasingly serves as an effective experimental supplement. However, traditional
numerical simulation methods face at least two limitations: slow iterative com-
putation speeds, especially for large-scale problems requiring massive computing
power; and incomplete underlying theoretical models for many complex phe-
nomena, necessitating approximations or ignoring complex high-order physical
relationships, which may yield results contradicting actual observations.

Generative Al technology promises to overcome these speed and accuracy limi-
tations. By transforming numerical solving problems into data fitting problems
using generative neural networks, we can establish efficient mappings from hy-
pothesis space to simulation space, thereby accelerating solutions. Generative
rendering technology can generate scientifically plausible phenomena from sim-
ulation space to observation space, enabling closed-loop learning across three
spaces and driving law inversion [Figure 6: see original paper].

4.1 Mapping Scientific Laws from Hypothesis Space to Simulation
Space

For phenomena with relatively complete theoretical models, generative Al can
map hypothesis space to simulation space to accelerate equation solving. The
key challenge is embedding theoretical models accurately and effectively into
neural network training. One approach trains neural networks on simulation
data from traditional numerical simulators, indirectly embedding scientific laws
[?]. A more direct method converts mathematical equations into neural network
loss functions, using scientific priors to rapidly converge solutions near theoret-
ical values [?]. However, these methods heavily depend on numerical simulator
accuracy. For complex phenomena with incomplete theoretical models, training
data may deviate from reality due to oversimplified boundary conditions and as-
sumptions, leading to inevitable error accumulation in trained machine learning
solvers.

4.2 Closed-Loop Learning Across “Hypothesis-Simulation-Observation”
Spaces

For complex phenomena with incomplete theoretical models, generative Al can
learn data mappings from simulation space to observation space [?], generating
signals and information that are statistically consistent with observed distribu-
tions and sensorily realistic. This allows scientists to invert simulation space
states from actual observation data as “posterior information” for comparison
with “prior information” from simulations, enabling correction of existing scien-
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tific laws and even discovery of new phenomena by expanding hypothesis space.

Generative Al has been widely validated to dramatically accelerate solving ultra-
large-scale scientific computing problems and mitigate the curse of dimension-
ality. Taking fluid simulation as an example [Figure 6: see original paper],
NeuroFluid [?] uses generative Al inversion methods where machine learning
solver-based fluid particle simulations drive neural radiance field (NeRF) ren-
dering, mapping physical laws hidden in data from observation space back to
simulation space that scientists can understand and control via state parame-
ters, enabling high-precision inference of fluid motion around complex geome-
tries from natural images. However, generative AI’ s interpretability and ro-
bustness still lack sufficient theoretical guarantees. Future work must focus on
embedding complex fluid dynamics, multi-physics fields, and complex material
structures into machine learning solvers, and exploring how to further utilize
generative Al for reasoning across the three spaces, particularly for problems
with incomplete theoretical models, to stimulate scientific intuition and achieve
theoretical model improvement or correction.

5. Autonomous Intelligent Unmanned Experiment Systems

Autonomous intelligent unmanned experiment systems aim to integrate Al and
robotics with scientific experimentation, standardizing, scaling, and automating
experimental workflows to improve efficiency and reproducibility. MIT" s Coley
et al. [?] proposed an Al-planned automated chemical synthesis workflow in 2018,
and the Jiang Jun team at the University of Science and Technology of China
[?] proposed a literature-reading-based robotic automated synthesis system in
2023. Building on these foundations, Al-enabled scientific facilities emphasize
creating an “open collaboration, human-in-the-loop” human-machine fusion ex-
perimental model [Figure 7: see original paper]. The unmanned experimental
platform and intelligent system workflow includes three steps: (1) automatic
protocol optimization, where Al autonomously designs models and optimizes
protocols based on scientific hypotheses; (2) autonomous task planning, inte-
grating scientific large-scale models to convert experimental procedures into
formal robot operation instructions for complete autonomous planning; and
(3) unmanned experimental execution, where robotic platforms execute instruc-
tions to conduct autonomous experiments while researchers remotely monitor
via human-machine interfaces. Based on individual platforms, we can expand
to safe, parallel, collaborative large-scale open experimental platforms.

5.1 Unmanned Experimental Operation Platforms

By operation precision, unmanned experiments operate at micro and macro spa-
tial scales. Micro-scale operations target microscopic particles like living cells
and proteins, typically using fixed platforms where the core challenge is increas-
ing high-precision operation throughput. Macro-scale operations emphasize
workflow completeness, using mobile robots with manipulators to autonomously
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move between equipment and complete multi-task, full-process automated ex-
periments. Additionally, humanoid robots can mimic high-precision dexterous
manipulation skills more directly in human-machine collaborative environments,
promising further improvements in unmanned experimental effectiveness.

5.2 Intelligent Systems for Unmanned Experiments

Beyond hardware platforms, constructing intelligent system software is funda-
mental for autonomous unmanned experimental platforms. Software drives
processes including self-state perception, external environment perception, mo-
bile navigation, instrument localization, experimental operation planning, and
control execution. Deep reinforcement learning and imitation learning enable
autonomous learning from environmental interaction or expert demonstration
trajectories, building mappings between observations and optimal actions [?].
Recently, language models like ChatGPT offer new approaches for unmanned
experiment intelligence systems, enabling end-to-end mapping of language in-
structions and observations to robot actions, and automatically decomposing
complex tasks into manageable subtasks upon receiving human language com-
mands.

5.3 Multi-Robot Collaborative Open Experimental Platforms

Current automation methods mostly use single robotic arms or mobile robots,
lacking long-sequence task scheduling capabilities and exhibiting low experi-
mental throughput. Multi-robot platforms adopt parallel workflows and col-
laborative scheduling with standardized batch operations, data processing, and
disaster recovery protocols to improve efficiency, reduce uncertainty, optimize re-
source allocation, and enhance flexibility. When platforms cannot autonomously
complete complex unseen tasks, researchers can manually guide robots to accom-
plish macro-micro operations through human-robot collaboration, forming an
“open collaboration, human-in-the-loop” fusion model. Experimental result eval-
uation requires designing appropriate metrics for specific domains, including: (1)
success rate consistency with manual experiments; (2) whether operations meet
required standards (e.g., precision and positioning accuracy); (3) throughput
and efficiency of collaborative platforms; and (4) safety assurance. Safety for
large-scale open platforms can reference autonomous driving technology, pro-
gressing from fully enclosed environments to researcher-present environments
where robots move safely, ultimately achieving human-robot collaborative inte-
gration with high autonomy.

6. Efficient, Trustworthy, Large-Scale Research Collabora-
tion
Under the new Al for Science paradigm, large-scale cross-domain collaboration

has become essential. Al-enabled scientific facilities support data sharing for
AT model development and testing, but require measures to protect intellectual
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property rights and interests. Decentralized Science (DeSci) has gained atten-
tion for using Web3 tools including smart contracts and blockchain to address
IP issues and promote data sharing. In the Al-enabled scientific facility architec-
ture, blockchain provides the foundation for secure, trustworthy collaboration
environments; federated learning addresses data silos in decentralized settings
while ensuring security and efficiency; and internet-based collective intelligence
integrates different research modules into unified platforms for efficient large-
scale collaboration [Figure 8: see original paper].

First, blockchain-based trustworthy computing enables traceability and rights
confirmation for contributions in collaborative research, providing an effective
method for building trustworthy environments. AI can enhance blockchain pre-
dictability and detect vulnerabilities in smart contracts, while blockchain can
solve distributed data sharing and training issues for Al models.

Second, federated learning enables decentralized scientific computing through
compatible incentive mechanisms for multi-user collaborative model training
and inference. By keeping data local and using iterative model aggregation,
federated learning satisfies decentralized requirements for scientific data and
models in large-scale collaboration.

Third, collective intelligence in cyberspace. Integrating internet of data, group
decision-making, and language models, research communities can form large-
scale collaborations that break traditional spatiotemporal limitations. Key tech-
nologies include: (1) Internet of data based on digital objects, which connects
distributed data platforms and supports heterogeneous scientific data interop-
erability [?]; (2) collective intelligent decision-making strategies where human-
machine collaboration through “exploration-fusion-feedback” mechanisms [?] en-
hances decision efficiency in open-source communities; and (3) language model-
based agents. With knowledge, reasoning, and chain-of-thought capabilities,
language models like ChatGPT can serve as agents for autonomous manage-
ment and scheduling in complex collaborative tasks, enabling machine-machine
collaboration for scientific research.

7. Conclusion and Outlook

AT for Science is becoming a new paradigm driving scientific research, attracting
significant attention from governments, universities, and research institutions
worldwide. This paper proposes constructing Al-enabled scientific facilities,
elaborating a three-layer architecture of “computing support—scientific engine—
unmanned experiments” and four innovative functionalities: scientific large-scale
models, generative simulation and inversion, high-throughput autonomous un-
manned experiments, and large-scale trustworthy collaboration. This forms a
new generation of highly digitalized and intelligent scientific facilities while em-
powering existing major scientific infrastructure.

Building Al-enabled scientific facilities will help solve complex scientific prob-
lems, promote interdisciplinary innovation, open new scientific frontiers, and
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drive engineering technology and future industries. In engineering, these facil-
ities can improve simulation and reasoning capabilities for large-scale complex
problems, make more accurate predictions for complex scenarios, and enhance
reliability and operational efficiency of major engineering equipment. Industri-
ally, they will facilitate transferring basic research outcomes to industry, enable
low-cost, high-trust, standardized CRO (Contract Research Organization) col-
laboration models using Al and blockchain, and establish “risk-sharing, benefit-
sharing” incentive mechanisms to improve transformation efficiency and quality
of major scientific achievements, thereby supporting future industrial develop-
ment.
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