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IPrincipIes of Bayesian Optimization
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2. Applications of Bayesian Optimization

2.1 Applications in Laboratory



B Applications in Laboratory
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Applications In

Laboratory
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B Applications in Laboratory
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IAppIications in Industry
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§ Applications in Industry
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§ Conclusion & Outlook

Training set design Data collection Bayesian optimization Execution & Loop
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« A wide range of application scenarios  Fully autonomous "Self-Driving" laboratories
* Integrated with other technologies » Conquering high-dimensional chemical
spaces
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