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What ? UMNN is a new architecture to model monotonic functions.
How ? The strictly positive scalar output of a neural network is numerically integrated.
Applications ? We combine UMNNSs with autoregressive flows to perform density estimation.

Monotonicity Change of variables

Architecture

In theory Let g be a bijective function, x a random variable and let y defined as We combine the UMNN architecture with an autoregressive network to re-
d(x). The change of variables theorem states that: present multi-dimensionnal bijective transformations.
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é We combine UMNN with autoregressive transformations as: F U n FaCtS
UMNN Update G (X1.5:0) = F'(2;, W (x15_1: ¢'); ) = / Filt, (X1 1: 0°); D)+ B (R (x141; 01)) 1. The numerical integration is performed with static Clenshaw-Curtis
0 method which is proven to converge for Lipschitz continuous functions.
- ther integral coming from the Leibnitz integral rule which leads to:
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Z. 0 log p(x; 0) = log pz(g(x; 0)) + Y _log f*(xs, h'(x1-1))

P— VyF(x;1) :/0 Vi f(t;¥) + VyB.




