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Near-Field X-ray Holography
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Conditional Wavelet Flow Training
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Schematic diagram of a normalizing flow model. Training path of Conditional Wavelet Flow. t ﬁ |
Loss function is based on negative-log likelihood: Reconstruction =
_log £(6) BPD: bits-per-dimension  To reconstruct images with the trained model, (”orma"z'”gﬂow) _________________________________
BPD = 5 L(0) = pg(x) the “flow™ is simply reversed (from z to x). Note: Poisson noise is added to the
H-W-C-log2 6: model parameters * The path of the hologram remains the same.

H, W, C: height, width, channel simulated holograms.
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