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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 € T KhighelRaYl N Lt 28nb depehders

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

PCA: correlation matrix

L =0.0044, 0.00048, 0.00032, 0.00025, 0.00024

first & eigenvectors
of covariance matrix

Dow Jones 29 companies, 10 year daily
arXiv:1807.04119
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https://arxiv.org/pdf/2003.02149
https://en.wikipedia.org/wiki/Student's_t-distribution
https://arxiv.org/pdf/2304.03069
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with EMA: exponentially weakening weights \_0.003
arXiv: 2304. 03069

Adaptive Student’s t-distribution

with moving estimators of .u, 5.(V)

agnostic alternative to ARMA-ARCH-like:

don’t assume arbitrary dependence type,
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we getjoint distribution of missing coordinates (conditionals avoiding Bayes)
Imputation z modelling missing values, e.g. axpected valuefor each coordinate

However, sometimesambiguity , e.g. circle as sample below we can handle.
Here we canmodel distribution of each missing coordinate as polynomial,

or evenjoint distribution of multiple missing coordinates
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https://arxiv.org/pdf/1804.06218

polynomial

e.g.J -radius Gaussian in each pomti;;;f
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https://en.wikipedia.org/wiki/Kernel_density_estimation

Hierarchical correlation reconstruction: p(x) = X
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p > 2 region: ~14% of volume, ~62% of cases:

Also 'an) in higher dimensions , e.gQ o©:

N FQ‘ FQ‘ AN AN AN S R

i 1.0 0.0

t conditional dlstrlbutlons without Bayes
MSE estimated from dataset® O s

(I}t::i:::: —— "n d\ “.(-\ d\ ,‘O d\

L B VS b3 0.5

For consideredstatistical dependencies:
basisO of considered mixed moments
w:describes e.gvariance -variance between

--------------------- YY"

hierarchical eg.Q wé6si mmmmme o 10

¢ H'1'HI1®™ & 8™ & over dataset- entire or:

- over a subsetfor missing data - we need only’Q mcoordinates asQ p
- G _= p _'6e parameter evolution for nonstationary time

independent  ~ correlation coef. further statistical dependencies var-var
_—
paiF-Wise + ' + ' +
. . . ~ a . a . a .
joint density 11 o 12 21
—




Having density mode[ .+ . ..
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normalize

e.g. to uniform e
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Generalizationproblem: e.g. could wevoid splitting into training + validation?
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Economists~copula theory plots

Guess onérom usuallysingle parameter.
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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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