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Brief Description

* | used Gaussian process regression to model relative sea level

* Robert DeConto and David Pollard modeled global mean sea
level (GMSL) using measures which quantify different oceanic
and atmospheric processes (1]

* Emulate their model to decrease run time and get a full posterior
distribution

* Effectively visualize emulator results
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Overview

* Visualize data

e Build emulators for:
* Pliocene and Last Interglacial GMSL
* GMSL for each RCP (2.6, 4.5, and 8.5) separately

using data from simulations of a model by DeConto and
Pollard

* Visualize emulator GMSL predictions and error through
various plots and time series




GMSL Contour Plots
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Time Series Plots
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Time Series Progression
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RCP predictions for parameters: 0=3, C=100, V=0
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GMSL

RCP predictions for parameters: 0=3, C=100, V=1
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GMSL
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RCP predictions for parameters: 0=3, C=100, V=2
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GMSL

RCP predictions for parameters: 0=3, C=100, V=5
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Cross Validation




A good result:
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A not-so-good result:
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Next Steps

* Look at more covariance functions to improve emulator
results

* Further generalize code to run with other sea-level data
* Make future predictions for times outside of the data range
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