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Introduction

We are interested in understanding thermal evolution of terrestrial planets like Mars and Earth.
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Introduction

We are interested in understanding thermal evolution of terrestrial planets like Mars and Earth.

Mantle convection is an important driver of it.
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Introduction

Over geological time scales, rocks behave likes fluids.
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Introduction

Over geological time scales, rocks behave likes fluids.

Hence we use fluid dynamics simulations to study mantle convection. 
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Inputs

Viscosity

Initial temperature

Radiogenic elements

⁞

Outputs

Surface heat flux

Radial contraction

Crustal thickness

⁞

In-house C++ code

Conservation of mass:
𝜕𝜌

𝜕𝑡
+ ∇ . 𝜌𝑢 = 0

Conservation of momentum:

𝐷𝜌𝑢

𝐷𝑡
= −∇𝑃 + ∇. 𝜏 + 𝜌 Ԧ𝑔

Conservation of energy:

𝜌𝑐𝑝
𝐷𝑇

𝐷𝑡
− 𝛼𝑇

𝐷𝑃

𝐷𝑡
= ∇. 𝑘∇𝑇 + 𝜌𝐻 + 𝜙

• Mantle convection is governed by several poorly constrained parameters and initial conditions
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Inputs

Viscosity

Initial temperature

Radiogenic elements

⁞

Outputs

Surface heat flux

Radial contraction

Crustal thickness

⁞

• Mantle convection is governed by several poorly constrained parameters and initial conditions

• In planetary science, the outputs are observable (…sometimes)
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Inputs

Viscosity

Initial temperature

Radiogenic elements

⁞

Outputs

Surface heat flux

Radial contraction

Crustal thickness

⁞

• Mantle convection is governed by several poorly constrained parameters and initial conditions

• In planetary science, the outputs are observable (...sometimes)

• Need Machine Learning for rapid inversion in high-dimensional spaces; Monte Carlo methods are 

computationally unfeasible

[3]
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Dataset

• Generated some 3200 2D, quarter-cylinder evolution simulations for Mars, with:

oCompressible convection (Extended-Bousinessq Approximation)

oHeat production from core and radiogenic elements

o Temperature and pressure dependent viscosity (Arrhenius)

o Temperature and pressure dependent thermal conductivity and thermal expansion

oSolid phase transitions
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Dataset

• Generated some 3200 2D, quarter-cylinder evolution simulations for Mars, with:

oCompressible convection (Extended-Bousinessq Approximation)

oHeat production from core and radiogenic elements

o Temperature and pressure dependent viscosity (Arrhenius)

o Temperature and pressure dependent thermal conductivity and thermal expansion

oSolid phase transitions

• ~800 GB of data generated using 60,000 CPU hours; ~800 MB used for ML
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Parameters

Ra (ηref ϵ [1019, 1022 Pa s])

RaQ (Λ ϵ [1, 50], ηref) 

Tinitial ϵ [1600, 1800 K]

E ϵ [105, 5x105 J mol-1]

V ϵ [4x10-6, 10x10-6 m3 mol-1]

“Observables”

Temperature profile

Radial contraction 

Elastic lithospheric thickness

Core heat flux

Surface heat flux
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“Observables”

Temperature profile

Radial contraction 

Elastic lithospheric thickness

Core heat flux

Surface heat flux
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Results

• Mixture Density Network (MDN) is promising for inverse problems.
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Results

• Mixture Density Network (MDN) is promising for inverse problems.

• Based on the algorithm by Bishop [6]
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• Mixture Density Network (MDN) is promising for inverse problems.
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Using loss as a measure of ‘constrainability’
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Asymptotic behavior of loss shows number of simulations is sufficient for this set of parameters and observables 
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σ = 0% noise σ = 1% noise σ = 10% noise
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Future steps
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Future steps

• Generate a new dataset with more parameters and observables

o Increased degeneracy and uncertainty expected
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0.628

Parameters

Ra (ηref ϵ [1019, 1022 Pa s])

RaQ (Λ ϵ [1, 50], ηref) 

Tinitial ϵ [1600, 1800 K]

E ϵ [105, 5x105 J mol-1]

V ϵ [4x10-6, 10x10-6 m3 mol-1]

Δ Tcmb ϵ [0, 300 K]

Kregolith, Dregolith ϵ [[const], [0, 5km]]

Observables

Temperature profile

Radial contraction 

Elastic lithospheric thickness

Core heat flux

Surface heat flux

Crustal thickness

Duration of volcanism



Future steps

• Generate a new dataset with more parameters and observables

• Investigate higher-dimensional observables
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Future steps

• Generate a new dataset with more parameters and observables

• Investigate higher-dimensional observables

• Explore some algorithmic modifications
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Future steps

• Generate a new dataset with more parameters and observables

• Investigate higher-dimensional observables

• Explore some algorithmic modifications

• Quantify precision requirements for each observable
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Future steps

• Generate a new dataset with more parameters and observables

• Investigate higher-dimensional observables

• Explore some algorithmic modifications

• Quantify precision requirements for each observable

• Build a parameter-dimensional marginal PDF [4]
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