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Figure1 The (a) components and (b) levels of automation or intelligence of the autonomous laboratory (modified from Ref. [49])
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Figure 2 (Color online) The autonomous materials research engine (AMASE) system[33]
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development of the organic solid-state lasers
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Table 1 The current intelligent or autonomous laboratories from the leading teams around the world and their respective features
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In recent years, with the rapid advancements in artificial intelligence (Al) and automatic technologies,
Al-driven self-driving or autonomous laboratories have shown great potential in the research and
development of new materials and are poised to become the "new infrastructure™ for the paradigm shift
in materials innovation. In this paper, the latest advancements in Al-driven self-driving laboratories
(SDL) for accelerating new materials discovery are overviewed, focusing on the current status
world-wide and the core challenges faced. Unlike automatic laboratories, a self-driving or autonomous
laboratory features the design module, the preparation and processing module, the characterization
module and the analysis and optimization module, which integrates laboratory automation, robotic
technologies, Al algorithms and databases into a whole system, forming a closed-loop feedback
workflow that efficiently optimizes target performance without human intervention. Depending on the
hardware and software employed, the level of autonomy of SDLs can be classified from level 0 to 5, in
which level 5 is the highest. Leading examples of SDL systems include the Mobile Robotic Chemist
developed at the University of Liverpool, Berkeley's A-Lab, Autonomous MAterials Search Engine by
the University of Maryland and China's Al Chemist platform, which have demonstrated remarkable
success in accelerating materials discovery. In addition, the concept of asynchronous cloud-based
delocalized closed-loop discovery to drive multiple geographically distributed platform has been
successfully applied in the search for small-molecule gain materials for organic solid-state lasers.
Data-driven is the foundation of Al technology, in which both data quantity and quality are
important. Data standardization emerges as a critical challenge and opportunity in SDL development.
In addition to the level of autonomy, SDL holds the character of an intelligent data factory, which are
not only the data producers but also the data users. The data standardization is the common language

understood by the laboratories and is the key to breaking down information silos in self-driving
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laboratories and transitioning from "isolated intelligence" to "collaborative intelligence”. International
efforts like OPTIMADE's API standard and NOMAD's metadata framework are paving the way for
global data interoperability, with China contributing through its Materials Genome Engineering Data
standards. The systematic development of a standardized materials data framework is currently
underway in China.

Despite remarkable progress, SDLs still face significant challenges that must be addressed to
realize their full potential. Current systems remain constrained by technical limitations, particularly
their predominant focus on solution and powder chemistry while struggling to incorporate more
complex processes, creating gaps in applications such as wide-bandgap semiconductors. While
substantial automation has been achieved, critical dependencies on human expertise persist for
cross-modal data integration and complex optimization tasks, preventing fully autonomous operation.
The exorbitant costs of customized SDL platforms, often exceeding $1 million, further restrict
widespread adoption.

Looking ahead, the future development of SDLs will require multi-faceted advancements
including expanded hardware capabilities to encompass vacuum-based techniques and bulk material
processing, integration of more sophisticated Al approaches like reinforcement learning and generative
models for true inverse design, implementation of cost-reduction strategies through modular "frugal
twin" systems with open-source components, and establishment of comprehensive data standards
following FAIR principles to enable seamless global collaboration.

This transformative approach has already demonstrated significant impact, such as reducing
discovery timelines from centuries to weeks and achieving 6-fold improvements in catalyst
performance. With continued advancement in Al integration and data standardization, SDLs promise to

become the foundational infrastructure for next-generation materials innovation.

Keywords: artificial intelligence, autonomous or self-driving lab, materials design, data

standardization, data-driven
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