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Old Faithful Geyser in Yellowstone National Park





2-component GMM
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How to �t the model parameters?
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• 
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θ = (π, μ, σ )2



If we knew the latent variables...
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Expectation-Maximization



p(x, z∣θ) θ



Evidence lower bound
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Expectation-Maximization algorithm
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□
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EM for the Old Faithful Geyser model
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Empirical Bayes
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Learning diffusion priors by EM (Rozet et al, 2024)
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