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Build more expressive Fast scene rendering

generative models in computer vision
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Mixture models

K
p(X) = Z w; pi(X)  subjectto  w;
i=1

(Hao Tang)

McLachlan, Lee, and Rathnayake, “Finite mixture models”, 2019

9

1=1



Mixture models

K K
p(X) = sz pi(X)  subjectto  w; > 0, sz =1
i=1 i=1

X components can
only be added together!

(Hao Tang)

McLachlan, Lee, and Rathnayake, “Finite mixture models”, 2019
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Ground Truth w1 N1 + walNs

Far fewer components with subtractions
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Contributions

n How to learn subtractive mixture models?
“ How much more expressive subtractive mixtures are?

m What is the relationship with other probabilistic models?



Squaring mixtures

How to ensure p(X) is positive?



Squaring mixtures

p(X) o (Z w; pi (X)> = > wiw; pi(X)p;(X),

i=1 j=1

How to ensure p(X) is positive? By squaring!



Squaring deep mixtures

Choi, Vergari, and Broeck, “Probabilistic Circuits: A Unifying Framework for Tractable Probabilistic Modeling”, 2020
Vergari et al., “A Compositional Atlas of Tractable Circuit Operations for Probabilistic Inference”, 2021



Squaring deep mixtures
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Squaring deep mixtures

Choi, Vergari, and Broeck, “Probabilistic Circuits: A Unifying Framework for Tractable Probabilistic Modeling”, 2020
Vergari et al., “A Compositional Atlas of Tractable Circuit Operations for Probabilistic Inference”, 2021



Squaring deep mixtures
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Squaring deep mixtures




How much more expressive?

Martens and Medabalimi, “On the expressive efficiency of sum product networks”, 2014
Colnet and Mengel, “A Compilation of Succinctness Results for Arithmetic Circuits”, 2021
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How much more expressive?

Martens and Medabalimi, “On the expressive efficiency of sum product networks”, 2014
Colnet and Mengel, “A Compilation of Succinctness Results for Arithmetic Circuits”, 2021
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squared subtractive mixtures
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Unifying models via squaring
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Glasser et al., “Expressive power of tensor-network factorizations for probabilistic modeling”, 2019
Rudi and Ciliberto, “PSD Representations for Effective Probability Models”, 2021



Unifying models via squaring
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Positive Semi-Definite models

Glasser et al., “Expressive power of tensor-network factorizations for probabilistic modeling”, 2019
Rudi and Ciliberto, “PSD Representations for Effective Probability Models”, 2021 11
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