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Figure 1: Shape interpolation from a cow to a duck to a torus via convolutional Wasserstein barycenters on a 100 X 100 x 100 grid, using the
method at the beginning of §7.
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scEGOT: single cell trajectory inference framework by Entropic Gaussian mixture Optimal
Transport D FAF (github: https://github.com/yachimura-lab/scEGOT)
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Entropic Gaussian mixture OT(EGOT)
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Entropic Gaussian mixture OT(EGOT)
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Entropic Gaussian mixture OT(EGOT)
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scEGOT: Single cell trajectory inference framework based on Entropic Gaussian
mixture Optimal Transport
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