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Gappy data 𝑢! &𝒙 , 𝑢" &𝒙 ,⋯ Compute expansion coeff. 𝑎!, 𝑎", ⋯

Gappy POD 
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Reconstruction and error analysis
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GAN
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Reconstruction Loss (L2 norm)

ℒ!"# = 𝔼𝒙∈& 𝑢'()* 𝒙 − 𝑢+(,) 𝒙 -

Discrimanator, wants to MAXimize the Adversarial Loss

Generator, wants to MINimize the Total Loss

Adversarial Loss (Binary Cross-Entropy)

ℒ./0 = 𝔼1!"#$∈& log 1 − 𝐷 𝑢'()*
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A loss function measuring the distance between PDFs of 
the original and generated data



MSE+,- 𝑢 = .
/ ∫/ 𝑢-012 𝒙 − 𝑢3041 𝒙
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Gappy POD vs GAN

p Different gap geometries
• One square gap
• random-pixel gap

p Different gap sizes

p Estimation
• Reconstruction error
• Statistical quantities



Gappy POD vs GAN

Measure of the similarity between two 
probability distributions

Kullback-Leibler divergence
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Gappy POD vs GAN
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Scatter plot of the maximum values inside the reconstructed region
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Correlation coefficient



GAN: Effects of adversarial ratio ℒ232 = 1 − 𝜆./0 ℒ!"# + 𝜆./0 ℒ./0
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Jensen-Shannon divergence



Summary

pGappy POD
• Error can be optimized, by tuning 𝑵! to reach a balance 

between different components

pGAN
• Adversarial ratio controls the trade-off between MSE and 

statistical quantities

pGappy POD vs. GAN
• Gappy POD: less computation, medium random-pixel mask
• GAN: small MSE and good turbulent statistical properties
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