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Discussion
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Typical simulation of a turbulent flow Loss Functions Results Discriminator output for generated data saturates at 0.5 and
of B. Olson. LLNL The flow field is constrained by the continuity and pressure Comparison to tricubic interpolation and the ground truth the physics loss of TEGAN is smaller than that of the original
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of the enriched fields shows correlation of the enriched
how much of the sub-scale  fields shows inter-scale energy
kinetic energy is captured by interaction processes.

the enrichment process.

e Low-resolution data is generated by filtering the HR data generator to high frequency content

down to 16 x 16 x 16 using the explicit filter shown below @ Physics loss: L) gics

that’s derived as a best approximation to the sharp Residuals of the continuity (Leontinuity) and pressure
spectral filter Poisson (Lpressure) equations given above similar to [3]
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