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Overview

e Motivation
Molecular Dynamics (MD) - sources of uncertainty
MD and heterogeneous data fusion
e Bayesian UQ in MD
Algorithms
Graphical probability models for Bayesian updating
Pooled data - Water/Graphite interactions
Structured data - Argon
Heterogeneous data - Water
HPC software - Pi4U
e Summary and Outlook
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Molecular Dynamics Simulations




Wetting Dependence on MD Potentials
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Sources of Uncertainty in Water-Graphite Systems

MODELLING PARAMETRIC COMPUTATIONAL MEASUREMENT
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MD Data is Structured

Structure in the data and predictions
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MD predictions are Heterogeneous

As stated above, the goal was to develop the simplest
potential function, which reproduces well the density
anomaly of liquid water, while simultaneously yielding good
thermodynamic and structural properties near 25 °C and 1
atm. Additional studies of three- and four-site models. in-

Mahoney & Jorgensen, J. Phys. Chem. 2000

Multiple + Pareto front
Obijective | e _
Functions | * Weighted sum of objective functions

'

How to
choose
weights?



“Everybody trusts an experiment, but the person that did Iit.

No-one believes a simulation but the person that did it

Why not combine the two and get results everybody can
mistrust a little?”

Tony Kordyban

Bayesian Inference and Uncertainty
Quantification



Embedding the model in a stochastic model class
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Describing the stochastic model class : Graphical
probabilistic models

Graph based models of a joint probability distribution

A way to describe conditional independencies- valid for any type of distributions (not just
Gaussians)

predictions

Types : 1) directed acyclic graphs (Bayesian networks)
2) undirected graphs (Markov Random Fields)



Bayesian UQ : Calibration and Model Selection

: Use observations to select the model classes
Experimental Data: ) and estimate their parameter values such that
the model predictions best fit the data

PARAMETER ESTIMATION MODEL CLASS SELECTION

f (DIMD;) Pr (MD;)
f (D)

DB | Pr (MD;|D) =

/ f (D|IMD;) I

Experiments Physical limitations
Past studies
Expert elicitation

Evidence of Model

£ (D|MD;) = /f(D\HZ-,MDi)w(Qi\MDi)d&



Bayesian Uncertainty Propagation
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Conditional PDF
Model class

QUANTITIES OF INTEREST: Posterior Robust Predictions: PDF

f (g|D, MD) = /f (¢|0, MD) f (0|D, MD) df

Conditional Posterior
PDF PDF

Sample Estimate:

f (gD, MD) = Zf (q|«9<” MD) ) ~ f(8|D, MD)

Samples drawn from Posterior PDF
Conditional P

PDF



Basic data structure : pooled data

DISCREPANCY BETWEEN
VIODEL PREDICTIONS AND
DATA

@ 6 Model parameter’s Measurement Error
e Computational Error e/ ~ N (47, %7)

e Model Error e A T 50

predictions

LIKELIHOOD: Assume independent model prediction errors 2(96) =

S 1 -

(27T)m/2 exp | —= [§ — [ (Om|MD) = u (6,)] % (0e) |9 — f (0| MD) — 11 (6e)]

p(D|0, MD) = -
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distribution of the
prior

BASIS

P = annealing parameter

YES

\rank according to likelihood

( Lo )

Select: Poisson sampling with replacement



[14U: HPC Framework for Bayesian UQ

Cluster Setup:

Simulation Software

: . Models+Dat
Piz Daint Cray (DEM, MD, FEM)

XC30, 512 nodes

Hybrid CPU/GPU Clusters
x 8-core Intel
Xeon E5-2670 + 1 | Algorithms and Tools for
Uncertainty Quantification Multi-core Clusters
Tesla GPU and Optimization

=> 4,096 cores + |} :
/!, Runtime Environment

96% efficiency
v Automatic Load balancing Algorithms implemented:
v Multi-level Nested parallelism v BASIS
v Extensible/ built upon tasking Library TORC v SubSet simulation
v Slurm/ LSF queuing systems compatibility v ABC-Subsim

v Intel Phi support v CMA-ES/AMalgam



“Hierarchical” Bayesian Framework

s Given N sets of heterogeneous data:
1. Calibrate 6; for each data set D; Future
2. Link all 8; with hyperparameters | Prediction
3. Combine heterogeneous data
sets based on Evidence of Dj in
Bayesian inference

Evidence combines
data-fitting & Ockham'’s razor




Pitfalls of more complicated probability graphs

pODy= B
\\" p(0|D) = /p(HW)p(wiD) d
Double
Integral o P(Dp\z%l)?(%b)
Nested -
MlCS B - 1—[1 Zb’ "@D')"Evzdence of D;

Very High N
Computational cost = H/P(Dilﬁi,w)p(@\w do

=1




Importance Sampling for marginal likelihood

p(DilY,0y) = /p(Di‘iz;Iyl)f)(eiW)W(Qi\Dz‘)d9

\e“ )P <9<”w>

Ng.

69 ~n(@D)] =

Basic idea: use posterior samples for each data Di to estimate the
integral with varying (,0oy)

Pros: Usefull to do UQ on individual data set anyway, HB becomes a
post-processing step with no extra likelihood evaluations

Cons: potentially high variance for the estimation



Data structure matters - Argon
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Ildentifying the plausible structure of the Data

Parameters: Lennard-Jones Pooled Data
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Effect of graphical model on prediction

without Hierarchical Data Structure

Effect on robust prediction
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EXAMPLE: MD Simulations for Water

Lennard-Jones Potential

o =sa (22" ()"

oD parameter calibration - 6

- O-O Lennard-Jones (&Ly, OLY)

» O-O, O-H Coulomb charges (q)




DATA for Water

» Heterogeneous Data Sets
(as a function of temperature)

« Diffusion coefficient @
» Density

=
.. o
- Radial Distribution Function ‘
(RDF) @
(o,

Data sources:
Holz et al. 2000; Jones & Harris 1992, Soper 2013



Bayesian Inference for pooled data

Calibrate for each data set individually...
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Posterior of Model Parameters

Compare Hierarchical Bayesian model with
Independent Likelihoods model

Independent
Hierarchical (HB i Model Selection
) Likelihoods (NB)

) Mpup - Mg

" (3) Range from R .  Model P(Model|D)

" "c{i_fferent water models i~ ' 3,000
- - / :*.'.m HB O 98

* “ ol ol

(2) 0 L00o
"» (same water model) | | » % NB 0.02

€Ll €LJ

(1) Mahoney & Jorgensen 2000 (2) Rick et al. 2004
(3) http://www1.Isbu.ac.uk/water/water models.html




Posterior of Measurement Noise

Results from Hierarchical Bayesian model overlaps
with results from individual data set

Dy: Diffusion D5y Density D4: RDF
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SUMMARY

* Bayesian UQ in MD: Data Structure and Computational
Intensity

e Data Structuring
» Calibration data for MD are heterogeneous ==p-
 Assuming independence for all data is NOT
ENOUGH to reach good calibration and prediction!
 Combine heterogeneous data based on Evidence
e palance data-fitting and information gain
e Computational intensity
* “Evolutionary” algorithms (BASIS/SMC)
 HPC framework for Bayesian UQ (['14U)
e Surrogate models

www.cse-lab.ethz.ch/software/Pi4U



http://www.cse-lab.ethz.ch/software/Pi4U

Thank you!
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