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Research problem

Density estimation with small and high-dimensional data
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Density estimation with small and high-dimensional data
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Existing work

Non-parametric Bayesian prediction

Expensive and slow with the dimension!
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Recursive Quasi-Bayesian prediction

Hahn et. al (2018) + Fong et. al (2023): Recursive Bayesian Predictive (R-BP):

p(n)(ajlxln) :p(n—l)(aj|$1:n—1) '



Existing work
Recursive Quasi-Bayesian prediction

Hahn et. al (2018) + Fong et. al (2023): Recursive Bayesian Predictive (R-BP):

P(n) («’17|371:n) —|P(n-1) (2| T1:0n—1)|

New predictive density Old predictive density




Existing work
Recursive Quasi-Bayesian prediction

Hahn et. al (2018) + Fong et. al (2023): Recursive Bayesian Predictive (R-BP):

Py (2] 21:0) [ ZP—1) (@[T 1:0-1) - [c(m) (Pin—1)(2); Pln—1)(7))

New predictive density Old predictive density

/ No need for MCMC



Existing work
Recursive Quasi-Bayesian prediction

Hahn et. al (2018) + Fong et. al (2023): Recursive Bayesian Predictive (R-BP):

Py (@|21:0)  |Z|Po—1) (@T10-1)] €n) (Pn—1) (), Pin—1)(2n))

New predictive density Old predictive density

v/ Noneed for MCMC
\/ Nonparametric
\/ Quasi-Bayesian (nice Bayesian properties)

\/ Very fast density evaluation and sampling



Existing work

Recursive Quasi-Bayesian prediction
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Existing work
Recursive Quasi-Bayesian prediction

Hahn et. al (2018) + Fong et. al (2023): Recursive Bayesian Predictive (R-BP):

Py (2] 21:0) [ ZP—1) (@[T 1:0-1) - [c(m) (Pin—1)(2); Pln—1)(7))

New predictive density Old predictive density

/ No need for MCMC x Extensions to multivariate settings are non-trivial

\/ Nonparametric ¥ Restrictive assumptions on dependence structure

\/ Quasi-Bayesian (nice Bayesian properties)
x Computed sequentially with the dimension

\/ Very fast density evaluation and sampling
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Use Sklar’s Theorem to split the joint predictive density:
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* Onlyinterested in the final predictive density

Known univariate R-BP recursion

* Copularecursionis leftimplicit.
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\/ Only fit a single copula at final step

/ Very simple and fast Use a vine copula model

\/ Each marginal recursion is done in parallel \/ No restrictive assumptions needed!
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Final model: The Quasi-Bayesian Vine
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Experiments

Digits dataset

Regression
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WINE BREAST PARKIN IONO BOSTON

nld 89/12 97/14 97/16 175/30 506/13

KDE 13.6940.00 10.4540p.24 12.83+0.27 32.064+0.00 8.34+0.00
DPMM (Dlag) lT.‘lSi(}_G(] ].G.Qﬁj:(}_'yl 22'28:|:f}.ﬁf5 3530:[: 1.28 7'64:|:[].[]9
DPMM (Full) 32.88+0.82 26.674+1.32 39.9541 56 86.18+10.22 9.4540.43
MAF 39.6041 41 10.13+0.40 11.76+0.45 140.094 4 .03 56.01107.74
RQ-NSF 38'34:|:f}.ﬁ3 26.41i(}_57 :;l-Qﬁj:f}_Sl 5449j:(}65 _2.2[):‘:(]_11
PRiticle Filter 23.89,i(}_93 2598i 1.06 347q:tgq5 79'22:|:9.87 27.18i3_12
R-BP 13.57+0.04 7.45+0.02 9.1540.04 21.154+0.04 4.56+0.04
R4-BP 13.3240.01 6.1210.05 7.52+0.05 19.8210.08 —13.50+0.59
AR-BP 13.4540.05 6.18 £0.05 8.2940.11 17.1640.25 —0.4540.77
AR 4-BP 13.2240.04 6.1140.04 7.2140.12 16.484+0.26 —14.7540.89
ARnet-BP 14.41+0.11 6.87+0.23 8.2940.17 15.3240.35 —5.7T1+0.62
QB-Vine 13.764+0.13 4.67+0.31 4.93+0.20 —16.0813.12 —31.04+1 02

Classification
Regression Classification
BOSTON CONCR DIAB IONO PARKIN

nld 506/13 1,030/8 442/10 351/33 195/22
Linear 0.87+0.03 0.99+0.01 1.07+0.01 0.334+0.01 0.38+0.01
GP 0.421¢.0s 0.36+0.02 1.0610.02 0.30+0.02 0.4249.02
MLP 1424, 01 2.01:p.9s 3.3214.05 0.2640.05 0.3140.02
R-BP 0.76+0.09 0.87+0.03 1.05+0.03 0.26 £0.01 0.37+0.01
Ra4-BP 0.40+0.03 0.42+0.00 1.00+0.02 0.34+0.02 0.27+0.03
AR-BP 0.5210.13 0.4210.01 1.06 10.02 0.211¢. 02 0.2919. 02
AR4-BP 0.37+0.10 0.39+0.01 0.99+0.02 0.20+0.02 0.28+0.03
ARnet-BP 0.4540.11 —0.034+0.00 1.4140.07 0.244+0.04 0.26+10.04
QB-Vine —0.8141 26 0.54+0.34 0.87+0.20 —1.8541.16 —0.76+0.28
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Drop by Poster Session 6, Friday 13t
Chat & collaborate!

In a Quasi-Bayesian framework,
copulas are a useful tool for obtaining:
* More general models.

e Suitable for parallelisation.

* Effective on high-dimensional data.

Future directions include:

* Using more effective copula models.

* Applying the QB-Vine on dependent data
such as in time series, weather and RL.

* Integrate new Quasi-Bayesian methods. Paper and more!

https://warwick.ac.uk/fac/sci/statistics/staff/research_students/huk
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