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Figure 1. Forward and Inverse Results of Poisson equation recov-
ered by 500 observation points using RBF Kernel.
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Figure 2. Forward and inverse results of Darcy Flow recovered by
500 observation points under a different data setting.
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Figure 3. Results of Navier-Stokes equation and Burgers’ equation
with 10 times smaller viscosity.
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Figure 4. Burgers’ equation using another PINNs model [1].
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Figure 5. Results of Poisson equation after optimizing baseline
methods.
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Figure 6. Different predictions of DiffusionPDE generated by dif-
ferent initial noise for non-bounded Navier-Stokes equation.
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Figure 7. Comparison between DiffusionPDE and Diffusion CFG
under different sampling patterns for non-bounded Navier-Stokes
equation.
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Figure 8. Comparison between DiffusionPDE and Diffusion CFG
regarding non-bounded Navier-Stokes equation.
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Figure 9. Comparison between DiffusionPDE and UNet regarding
non-bounded Navier-Stokes equation.
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Figure 10. Comparison between DiffusionPDE, Shu et al. [2], and
OFormer for non-bounded Navier-Stokes equation.



