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Research Question:

average L  error of three test iterations for different scenarios2

BURGERS’ EQUATION: Long extrapolation FNO, Error 0.561

DARCY FLOW: Extreme low permeability  FNO Error 1.00 DARCY FLOW: super-resolution 128 → 512, PINO Error: 0.489

Parameter shifts: Similar performance for all methods, with
small outliers
Resolution shifts: Physics-Informed architectures PINO and
PiFNO show a marginally lower error.
Comparison of architectures: There is no absolute superior
architecture.
Future work: Investigate instance wise finetuning

06 Conclusion

PiFNO failed to optimize On Darcy Flow. Converging at “zero-solutions”. The
residual loss remained to high to train on.
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01 The Bottleneck of
Classical CFD

Traditional Computational Fluid Dynamics
(CFD) solvers are computationally
expensive and complex → Long runtimes
Surrogate models offer cheaper
approximations up to 1,000x faster than
traditional solvers
Goal: Analyze and compare generalization
behavior of surrogate model classes

02 Three approaches

Darcy flow: 

03 Partial Differential
Equations

1-D viscous Burgers' equation: 

04 Methodology

05 Results
Some noticeable results. All models exhibit struggles to adjust for scale
difference from training.
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Models

The evaluation pipeline

How does the performance of data-
driven, physics informed, and

hybrid models change when evaluated
outside the training distribution?

BURGERS’ EQUATION: High complexity, PINO Error 0.212


