
Adversarial Numerical Analysis

Introduction

Turbulence Modeling; Stock Prices; Numerical Weather Forecasting

I Many problems in science and engineering possess
a probabilistic nature.

I Solving inverse problems is challenging since we
need to measure the proximity between two
distributions and direct methods are usually
intractable.

I Recent development of generative neural nets
inspires us to create new tools to solve inverse
problems by minimizing the “distance” between
distributions.

I We introduce Adversarial Numerical
Analysis (ANA), a novel method for solving inverse
problems involving probabilistic inputs and
outputs, based on automatic di�erentiation and
neural networks.
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Adversarial Numerical Analysis for
Inverse Problems
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V(Fθ (UX),UY)

Three classes of probability metrics that allow a
supremum/infimum form: ∆ = maxD V.

1. Information-theoretical Metrics. The
minimum description of data.

2. Optimal Transport Metrics. The cost of
deforming one distribution to another.

3. Integral Probability Metrics. Feature mean
matching.
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Theoretical Analysis

drt = κ(θ − rt )dt +
√
rtσdWt CIR Process

rk+1 = rk+κ(θ−rk)∆t+σ
√
rk∆tWk Simulation Scheme

I Data: a sample path {Rk}Nk=1;
I (rk , rk+1) ∼ Fθ (UX);
I (Rk ,Rk+1) ∼ UY ;
I Let X0 = E[Rk], X−1 = E[1/Rk]; asymptotically,

X0 = θ , X−1 = 1/θ .
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I By manipulating the distribution of Rk so that
X0 , θ and X−1 , 1/θ , we recovered convergence
for κ.

I By increasing n, we reduced the variance.
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