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Exploring Statistical Approaches in Physics Simulation

Griffin et al. (2020) SPH experiment

One forward simulation:
10.1 million particles 

1,440 processors
178 hours
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Application Setting
Part 1: Data-Driven Physics Modeling



Motivation : Modeling Ship Motions/Loads

● Head seas: ship pointing into the waves

● Modeling heave(     ) and pitch (    ) motions.

The governing physics is the Newton’s equation

where m: ship mass,       : pitch mass moment, 

F_sth : respective forces..

Fig: ONR topsides flared geometry.



Motions
Z-axis through the center of mass

Y-axis

X-axis 

Wikipedia “Ship motions”



Forces

Hydrostatic Force

Hydrodynamic Force

Froude-Krylov Force Radiation Force Diffraction Force

FKHS force



Forces

Hydrostatic Force

Wave exciting forces.
Results from integrating 
the incident wave - 
pressure forces in the 
absence of the ship, over 
the surface of the 
immersed ship.

Hydrodynamic Force

Froude-Krylov Force Radiation Force Diffraction Force

FKHS force
Results from the 
oscillation of the ship.
Causes it to act as a wave 
maker.

Results from the 
diffraction of the incident 
waves by the presence of 
the ship.

Incident wave

Radiation force



Reduced Order Modeling

Radiation Force
=> Simplifies the effect of radiation forces to a set of constant added mass 
(in phase with acc.) and damping (in phase with vel.) coefficients

Diffraction Force

[with Pipiras, Reed, Weems]

=> Penalized regression involving frequencies and phases of the underlying 
wave elevation models.



Reduced Order Modeling

[with Pipiras, Reed, Weems]

Before the regression approach, 
constants were set manually 

based on simulation experience.



Statistical Perspective
Part 2: Statistical Methodologies, No Physics



Motivation

Q: How can we leverage the low- fidelity outputs to enhance the estimation of high-fidelity quantities?

seed

Model 1

Model 2

Expensive (hi-fi)

Cheap (lo-fi)



Problem 1

Q: How can we leverage the low- fidelity outputs to enhance the estimation of high-fidelity quantities?

Let Y be the record maxima from 30 min run.

The distribution of Y, especially the behavior of its tails 

(for extremal values) is of interest.

Objective
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Problem 1

Q: How can we leverage the low- fidelity outputs to enhance the estimation of high-fidelity quantities?

Let Y be the record maxima from 30 min run.

The distribution of Y, especially the behavior of its tails (for 

extremal values) is of interest.

One can obtain samples, but they are expensive.

One can generate samples for X easily.

Once generate a lot of data from X, we can look at the 

large values of X and its seed.

Issue

Naive Idea

Direction1: Specially sampled X can help!



Direction 1: How to sample lo-fi output

Setting: 

Once you have generated a lot of values from fX ...

Want to sample with putting more weights on extreme 

values of X

=> Importance sampling is employed.

[with O’Connor, Pipiras, Sapsis]



Direction 1: How to sample lo-fi output

Setting: 

Once you have generated a lot of values from fX ...

Q1. What is the natural estimate for fY?

In order to calculate the appropriate weight, fX 
should be known

[with O’Connor, Pipiras, Sapsis]



Direction 1: How to sample lo-fi output

Q1. What is the natural estimate?

Q2. What is the setting for sampling distribution, with 

special considerations for the distribution tails?

pX should be determined

[with O’Connor, Pipiras, Sapsis]



Direction 1: How to sample lo-fi output

Q1. What is the natural estimate?

Q2. What is the setting for sampling distribution, with 

special considerations for the distribution tails?

Q3. What is the optimal sampling distribution?

[with O’Connor, Pipiras, Sapsis]



Direction 1: How to sample lo-fi output

Q1. What is the natural estimate?

Q2. What is the setting for sampling distribution, with 

special considerations for the distribution tails?

Q3. What is the optimal sampling distribution?

Q4. Separate treatment in the tails where less or no 

data are available, based on extreme value theory. 

[with O’Connor, Pipiras, Sapsis]



Direction 1: How to sample lo-fi output

Case study

Extended to 

● piecewise-monotone m

● Homoscedastic noise

● Heteroscedastic noise

 

In practice, we do not know 
the relationship Y=m(X)+e.
We apply piecewise linear 
regression to estimate m.

[with O’Connor, Pipiras, Sapsis]



Direction 1: How to sample lo-fi output

[with O’Connor, Pipiras, Sapsis]

Case study

Role of threshold for GPD



Statistical Perspective
Part 2-2: Direction 2



Problem 2

Q: How can we leverage the low- fidelity outputs to enhance the estimation of high-fidelity quantities?

seed

Model 1

Model 2

Expensive (hi-fi)

Cheap (lo-fi)

Direction 2. To get a better hi-fi estimate, devise an estimator with low uncertainty by incorporating 
(a larger amount of) lo-fi observation.



Let the Quantity of Interest (QoI) be the unknown mean

Assume we have observed 

Given additional data for low-fidelity outputs, Multifidelity Monte Carlo (MFMC) 

estimator is defined as:

Literature

Direction 2: Incorporate larger amount of lo-fi data



Let the Quantity of Interest (QoI) be the unknown mean

Assume we have observed 

Given additional data for low-fidelity outputs, Multifidelity Monte Carlo (MFMC) 

estimator is defined as:

Direction 2: Incorporate larger amount of lo-fi data

Rationale

When X and Y are correlated, then the uncertainty of                              is expected to be smaller than that of 



Let the Quantity of Interest (QoI) be the unknown mean

Assume we have observed 

Given additional data for low-fidelity outputs, Multifidelity Monte Carlo (MFMC) 

estimator is defined as:

Direction 2: Incorporate larger amount of lo-fi data

When X and Y are correlated, then the uncertainty of                              is expected to be smaller than that of 

Q. Optimal choice of alpha and the optimal variance?

With holds

Note that this is the 
multi-fidelity data of interest!



Direction 2: Incorporate larger amount of lo-fi data

[with Brown, Pipiras]

Motivation: When QoI is about the extremal quantity, e.g.                        , it would be better to fit 

parametric distribution. 

Approach:  Assume parametric model for X and Y. 

           Devise a MFMC approach for estimation of the hi-fi parameter.



Direction 2: Incorporate larger amount of lo-fi data

[with Brown, Pipiras]

Motivation: When QoI is about the extremal quantity, e.g.                        , it would be better to fit 

parametric distribution. 

Approach:  Assume parametric model for X and Y. 

           Devise a MFMC approach for estimation of the hi-fi parameter.

Joint ML estimator

marginal ML MF 
estimator

We compare these MF estimators to baseline estimators that use only high-fidelity data.

moment MF 
estimator



Direction 2: Incorporate larger amount of lo-fi data

[with Brown, Pipiras]

Joint ML estimator

marginal ML MF 
estimator

moment MF 
estimator

These (multi-fidelity) estimators are devised to work with partially labeled datasets.

Question: What are these estimators for various parametric distributions?

Question: What are the theoretical efficiencies of these estimators? 

Question: How can we compare the efficiencies? 



Direction 2: Incorporate larger amount of lo-fi data

[with Brown, Pipiras]

Result1 : Marginal ML MF estimator is optimal for bivariate Gaussian distribution!

Result2 : Compare the ‘uncertainties’ across different approaches, e.g., for Gumbel distribution



Direction 2: Incorporate larger amount of lo-fi data

[with Brown, Pipiras]

Result1 : Marginal ML MF estimator is optimal for bivariate Gaussian distribution!

Result2 : Compare the ‘uncertainties’ across different approaches, e.g., for Gumbel distribution

Dashed lines denote 
baseline performance.

The MF estimators show 
better performance as the 

dependence increases.
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