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Objective

The QUESO library [PS12], from UT Austin, is a collection of parallel statistical algorithms and object-oriented programming constructs supporting research into the uncertainty quantification of
mathematical models. Its development began in 2008, under the auspices of the Predictive Science Academic Alliance Program (PSAAP) of NNSA, DOE. Since 2011, QUESO has been part of
the QUEST Institute, under the SciDAC3 program of SC, DOE. Some of its functionalities are also available to the DAKOTA toolkit [Eld13] from DOE.
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Numerical Libraries 

Model Library: 
  PDEs 
  Boundary Conditions 
  Initial Conditions 
  Discretized Deterministic Problem 

QUESO Library: 
  Random Variables, PDFs 
  Samplers (MC, Adaptive MCMC) 
  Bayesian Analysis of Models 
  Model Calibration 
  Emulation with GPs (GPMSA) Bayes’  

Formula 

Core Features: Object-Oriented and Parallel

Bayes’ formula: posterior knowledge = data + model + prior knowledge

πpost(θ|d)︸ ︷︷ ︸
posterior PDF

=

likelihood︷ ︸︸ ︷
f (d|θ) ·

prior PDF︷ ︸︸ ︷
πprior(θ)

πdata(d)

- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -

The Likelihood:

measurement + error = unknown reality = model output + model discrepancy

dN×1 + εdata = unknown reality = [y(θ)]N×1 + εmodel

εdata ∼ N (0N×1, σ
2
data · IN×N ); εmodel ∼ N (0N×1, σ

2
model · IN×N )

σ2 ≡ σ2data + σ2model⇒ πlike(d|θ) ∝
1√
σ2N

· exp

{
−1
2

‖d− y(θ)‖22
σ2

}

- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -

Problem Type Main Entities

Deterministic Vector and Matrix

Vector Random Variable
Joint Probability Density
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Covariance Matrix

Random Field
Covariance Function
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Sampling Algorithm
--> Create M Sub-communicators to generate M groups of                
      parameter samples using MCMC and model evaluations
--> Reschedule failed evaluations if necessary
--> Account for Nf failed processes
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Sampling of (Multimodal) Distributions

Parallel multi-level algorithm [PC12]

Computation of Model Evidences

Bayes’ Formula with Modeling Hypotheses
Intra Hypothesis:

π(θj|d,Mj)︸ ︷︷ ︸
posterior PDF

=

likelihood︷ ︸︸ ︷
f (d|θj,Mj)

prior PDF︷ ︸︸ ︷
π(θj|Mj)

π(d|Mj)
=

f (d|θj,Mj) π(θj|Mj)∫
f (d|θj,Mj) π(θj|Mj) dθj

Inter Hypotheses:

p(Mj|d,M)︸ ︷︷ ︸
posterior plausibility

=

evidence︷ ︸︸ ︷
π(d|Mj)

prior plausibility︷ ︸︸ ︷
p(Mj|M)

π(d|M)
=

π(d|Mj) p(Mj|M)∑m
j=1 π(d|Mj) p(Mj|M)

Extra Benefit: Information Theoretic Interpretation (Beck, Cheung, Ching,
Muto, Yuen, 2005-2007):

ln[π(d|Mj)]︸ ︷︷ ︸
log evidence

= E
[
ln[π(d|θj,Mj)]

]︸ ︷︷ ︸
how well the hypothesis

fits the data

− E

[
ln
π(θj|d,Mj)

π(θj|Mj)

]
︸ ︷︷ ︸

how much the hypothesis
“learns” with the data

(expected information gain;
EIG; model complexity;

overfitting; Occam’s razor)

Extra Benefit: Averaging of QoI Predictions:
With one hypothesis:

π(Q|d,Mj) =

∫
π(Q|θj,d,Mj)

“weight”︷ ︸︸ ︷
π(θj|d,Mj) dθj

With multiple hypotheses (averaging of QoI predictions):

π(Q|d,M) =

m∑
j=1

π(Q|d,Mj)

“weight”︷ ︸︸ ︷
p(Mj|d,M)

Mj Log Model Model Prior Posterior
Evidence Fitness Complexity Plausibility Plausibility

ln(π(d|Mj)) E[ln(πlike(·))] E
[
ln

πpost(·)
πprior(·)

]
p(Mj|M) p(Mj|d,M)

M1 18.74 27.50 8.76 0.5 ≈1
M2 -6.41 7.48 13.89 0.5 ≈0

Emulation with Gaussian Processes

Following GPMSA package from LANL [HGWR08]
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Bayesian Filtering

Prediction (obtain a prior knowledge of the state):

πpost(θ
(k)|d(k), . . . ,d(1)) −→ πprior(θ

(k+1)|d(k), . . . ,d(1))

πprior(θ
(k+1)|d(k), . . . ,d(1)) =

∫
πstate(θ

(k+1)|θ(k),d(k), . . . ,d(1)) · πpost(θ
(k)|d(k), . . . ,d(1)) dθ(k)

Correction (obtain a posterior knowledge of the state):

πprior(θ
(k+1)|d(k), . . . ,d(1)) −→ πpost(θ

(k+1)|d(k+1),d(k), . . . ,d(1))

πpost(θ
(k+1)|d(k+1),d(k), . . . ,d(1)) =

πlike(d
(k+1)|θ(k+1)) · πprior(θ

(k+1)|d(k), . . . ,d(1))
πdata(d

(k+1)|d(k), . . . ,d(1))
.

Other Ongoing and Planned Features

• Extreme-scale computing: load balancing and resilience (motivation for fault-tolerant versions of MPI).
• High dimensional parameter spaces: motivation to represent parallel vectors of parameters.
• Data mining and machine learning: motivation for nonparametric Bayesian.

Material Science

Peridynamics:

Proposed Hypothesis M2: ring has 8 homogeneous sections of same size, with properties
following a Gaussian distribution.

log10

(
s00,1
s00,ref

)
...

log10

(
s00,8
s00,ref

)
−−−−−−−−

log10

(
Y1
Yref

)
...

log10

(
Y8
Yref

)


∼


N (θ1 · 18,C(a, `))

−−−−−−−−

N (θ2 · 18,C(a, `))


; s00,ref = 0.18; Yref = 0.00176.

C(a, `)ij = a2 · exp

{
−1
2

(‖xi − xj‖
`

)2
}
, 1 6 i, j 6 8

Likelihood for M2:

f (d|θ2,M2) =

∫
R8

∫
R8
f (d|s00,Y ,θ2,M2) · π(s00,Y |θ2,M2) ds00 dY

≈ 1

NMC
·
NMC∑
k=1

f (d|s(k)00 ,Y
(k),θ2,M2)

∝ 1

NMC
·
NMC∑
k=1

1√
σ2N

· exp

−12‖d− y2(s
(k)
00 ,Y

(k),θ2)‖22
σ2



Stochastic Damage Monitoring:
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High Energy Physics

In collaboration with Tech-X, under the SciDAC3-HEP Community Petascale Project for Accelerator Science and Simulation (ComPASS).
Laser Plasma Acceleration (LPA); Direct Laser Acceleration (DLA).

(a) (b)
(a): W. Leemans and E. Esarey, “Laser-Driven Plasma-Wave Electron Accelerators”, Physics Today, 62(3), pp. 44–29, 2009

(b): C. G. R. Geddes et al., “Large Fields for Smaller Facility Sources”, SciDAC Review, Summer 2009, www.scidacreview.org

Accelerating fields: > 100 GV/m; Final energy: 100 MeV⇔ 1 mm; 1 GeV⇔ cm’s; 10 GeV⇔ 0.5 m.

Earthquake Seismology
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Various Other Models

• Nuclear reactors, in collaboration with ORNL-LANL-SNL, under the Consortium for Advanced Simulation of Light Water Reactors (CASL).
• Tumor growth, turbulence, aerothermochemistry, chemical reactions, thermocoupling, ....
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