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Background

Building foundation models for science requires massive, high-quality data sets. While large language
models (LLMs) are trained on internet-scale text, scientific data is often expensive and slow to generate.
For example, a single large-fluid simulation under realistic conditions can take a week on a
supercomputer. Generating the millions of data points needed to train robust models for fluid dynamics,
shape optimization or automated design is therefore prohibitively costly using conventional computational
methods. Physical experiments, however, offer a promising alternative, producing continuous high-volume
data when paired with high-speed imaging and flow sensing.

The Big Idea
Create reconfigurable, autonomous flow platforms that generate massive experimental datasets to train
scientific foundation models efficiently.

Why does this matter? Access to large, diverse, high-quality datasets is critical for models that generalize
across complex geometries and predict emergent fluid phenomena. Current limitations in computational
simulations slow progress and consume excessive resources.

What will you do? We propose robotics-enabled, reconfigurable flowtanks that autonomously adjust
geometries and collect thousands of flow measurements daily. Coupled with high-speed velocimetry and
embedded machine learning models, these platforms will produce data sets comparable in scale to
computationally prohibitive simulations.

How will you do it? The project integrates three components: machine learning to quantify uncertainty and
extrapolate across geometries; experimental techniques to rapidly and autonomously generate diverse
flows; and robotics to manipulate complex geometries while preserving measurement fidelity. Penn
Engineering’s expertise in robotics, experimental fluid dynamics and scientific machine learning positions
the team to lead this initiative. Initial work by investigators demonstrates the feasibility of extracting
predictive simulators directly from high-speed video of dense suspension flows.

Impact

This platform will provide the data backbone for next-generation scientific foundation models, accelerating
discovery in fluid mechanics, shape optimization and automated design. By combining robotics,
experimentation and Al, this approach offers a cost-effective, scalable pathway to train models with
real-world predictive power, far exceeding current simulation-based methods.
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