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https://arxiv.org/pdf/1702.02144
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https://en.wikipedia.org/wiki/Copula_(probability_theory)

Basic applicatiormany mixed-moment featurese.g. for time series classification
Standardpairwise orrelationd mm € = KhigheiSiYl NI Laf 2B depehders

HCR: each variable normalized to ~uniform distribution with Laplace CDF,

PCA: correlation matrix
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https://en.wikipedia.org/wiki/Generalized_normal_distribution
https://en.wikipedia.org/wiki/Laplace_distribution
https://en.wikipedia.org/wiki/Stable_distribution
https://en.wikipedia.org/wiki/Student%27s_t-distribution
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https://en.wikipedia.org/wiki/Autoregressive%E2%80%93moving-average_model
https://sixfigureinvesting.com/2016/03/modeling-stock-market-returns-with-laplace-distribution-instead-of-normal/
https://arxiv.org/pdf/1807.04119
https://reference.wolfram.com/language/ref/ExponentialPowerDistribution.html
https://en.wikipedia.org/wiki/Copula_(probability_theory)
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substituting known coordinatesto ” e B @ ™

we getjoint distribution of missing coordinates (conditionals avoiding Bayes)
Imputation z modelling missing values, e.g. aaxpected valuefor each coordinate
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https://arxiv.org/pdf/1804.06218
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https://en.wikipedia.org/wiki/Kernel_density_estimation
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Economists~copula theory plots
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https://en.wikipedia.org/wiki/Copula_(probability_theory)
https://www.semanticscholar.org/paper/2-Copula-Theory-2-.-1-Sklar-%E2%80%99-s-Theorem-and-Copulas-Smith/e8a59cf14a861f23f8d69015ec093f6b04b86ea1/figure/1
https://en.wikipedia.org/wiki/Vine_copula
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https://arxiv.org/abs/1911.02361
https://sit.stat.gov.pl/SiT/2020/5/gus_sit_2020_05.pdf
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1) predict valueas linear combma’umpU"X) 1+f1(y] al(x)+fé[y) az(x)+f3[y) a;(x)+ f,(v)-q,(x)

normalization ~exp.value ~variance ~skewness ~kurtosis
each modeled separately using linear regression of mixed moments of ble

each separately as linear comition
"R MMw T Qow

2) HCRpredict first few moments

interceptterm  exp. of X var. of X; exp. of X, var.of X,  XjX,correlation
model example (3 matrlx] 8 moments of Y from 53 mixed moments of x
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[FX, model: 123,
log-likelihood: 0.86

IFX, model: 123+,
log-likelihood: 1.23
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log-likelihood: 0.78
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Large differences between companiedndividual models give much better evaluation
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37k householdsGUS datgarxXivi812.08040ICOAI
Findconditional distribution of equivalentincome
from 31 discrete variableand 4 continuous
normalized to uniform on [0,1] by sorti&DF:

1/2 is median, 10% is 10% of population

Credibility evaluatione.g. 70years oldclose to median
How to model it with standard machine learning?
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https://arxiv.org/pdf/1812.08040
https://link.springer.com/chapter/10.1007/978-3-030-38253-7_6
https://en.wikipedia.org/wiki/Empirical_distribution_function

