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What is the MOOSE-STM?

* An open-source MOOSE module available to all MOOSE-based
applications.

« Provide a MOOSE-like interface for performing stochastic analysis
on MOOSE-based models.

« Sample parameters, run applications, and gather data that is
both efficient (memory and runtime) and scalable.

Required failure
threshold F

« Perform UQ and sensitivity analysis with distributed data and
leveraging advanced variance reduction methods.

Intermediate failure
threshold F3

» Train meta-models to build fast-evaluating surrogates of the o et
high-fidelity multiphysics model and provide
a pluggable interface for these surrogates.

Retraining

« Harness machine learning capabilities through the C++ front end of B e { esinput
PyTorch, i.e. LibTorch. m — Sl

Input space ML model with Decision makmg Parallel inputs putational
uQ with a q sitio model

« Use active learning models for building surrogates. wluati

— Il MOOSE

Best input P

U.S. DEPARTMENT | Office of

of ENERGY | Nuclear Energy




plications of the MOOSE-STM

Design optimization of PBRs using surrogates Sensitivity analysis of NTP startup
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Parameter Nominal Full model PR GP ANN
Kemnel radius 0.2125 0.28117 0.17307 0.22652 0.17988 _co ? Integrated power
Filling factor 9.344 5.9473 12.707 8.5034 10.389 - -
Enrichment 15.5 16.505 17.554 16.565 16.973
Feed rate 1.5 1.758 21557 2.955 1.1119
Burnup limit 147.6 157.64 163.97 163.75 163.86 L9
Total power 200 219.97 219.95 219.53 219.56 b i
Core radius 1.2 1.2754 1.2512 1.2635 1.2873
Core height 8.93 9166 99708 9.1133 9.1428 § §
Quantity Full order evaluation Surrogate model evaluation with relative error % -‘2
Kege 0.99961 1.0281 1.0146 + 0.0172% 1.0081 — 0.296% 1.004 - 0.514% 06 2 06 8
Max pebble power 2.6742 2.6981 2.5166 + 0.0887% 2.6054 + 0.718% 26764 +1.63% % g g g
Peaking factor 2.0145 1.9804 21305 - 1.03% 1.9303 +1.57% 2.0864 + 0.493% EX 2 g 2
Fissile Pu fraction 63.158 61.012 65.267 - 0.0865% 63.69 - 0.66% 60.569 — 0.429% & £ & &
U utilization 984.18 970.77 980.57 - 1.23% 1020.8 - 0.497% 1028.2 - 0.223% 04 E 04 E
Max operating fuel temp 1006.2 1099.5 1041.2 +0.23% 1063.3 +1.79% 1080 + 0.695% g 2
Max DLOFC fuel temp 14384 14749 14223 + 0.301% 1454.5 - 0.247% 1515.5 + 0.357% 2 $
Max DLOFC RPV temp 321.97 337.84 327.06 + 0.121% 334.46 — 0.118% 347.86 — 0.217%
Cost metric Value (million USD) 02 02
Revenue 2994 3293 3292 3286 3287 X
Fabrication 250.4 262.2 244 2479 240.2
Enrichment 98.97 111.2 110.8 105.6 1051 o !
Conversion 8.941 9.977 9.884 9.47 9.405
Source 59.15 66 65.39 62.65 62,22 32 42 75 32 a2
Total cost 417.4 449.3 4301 +1.24% 4256 + 0.499% 417 +0.223% Thne {secondsl e seconds)
Profit 2576 2843 2862 -~ 0,187% 2861 - 0.0743% 2870 - 0.0324%

(@) (b)

Prince, Z. M. et al. Sensitivity analysis, surrogate modeling, and optimization of pebble-bed reactors considering normal and accident conditions, 2024.
Harter, J. R. and Dehart, M. D. Uncertainty quantification and sensitivity analysis of a nuclear thermal propulsion reactor startup sequence, 2025.
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Applications of the MOOSE-STM (cont.)

Active learning variance reduction for very
rare events analysis with Sockeye

Inverse UQ of TRISO fission
product release with BISON

Dimensionality reduction for
additive manufacturing simulations

Laser beam
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Hot channel factor calculation of LFRs with Griffin

and Cardinal
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Model calibration of Tritium migration with TMAPS8
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Dhulipala, S. L.N. et al. MOOSE ProbML: Parallelized probabilistic machine learning and uncertainty quantification for computational energy application, 2026.
Yu, Y et al. High fidelity multiphysics tightly coupled model for a lead cooled fast reactor concept and application to statistical calculation of hot channel factors, 2025
Simon, P. A. et al. MOOSE-based Tritium Migration Analysis Program, Version 8 (TMAPS8), 2025
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Compute Stochastic Input
(Re)Compute a matrix of stochastic data,
each row in the matrix represents the
data for a sub-application (e.g., sample
known distributions for uncertain
simulation parameters)

Transfer stochastic input to

sub-applications
Apply each row of stochastic data to the
sub-applications, as dictated by the main
application

General pattern of

execution for stochastic

simulations using the
MOQOSE-STM

Execute sub-applications
and compute Qol(s)

Perform simulations (complete or single
timestep) and compute the desired

9 guantities of interests (Qols)

Perform analysis of Qols
Analyze and output the QOls (e.g.,
compute statistics or train reduced order
model), results obtained here can inform
the main application if additional
stochastic runs should be computed

Transfer Qols from sub-

applications
Extract Qols from sub-applications and
transfer to the main application and
store in distributed vector(s)

Workflow for Common Use-Cases of the MOOSE-STM

Sub-applications are complete
MOOSE simulations (e.g., compute
the intensity of a single ray of light

as it reflects and refracts within a
porous structure), as such the
possibilities are limitless and can
even include additional sub-
application performing multiscale
or even other stochastic
simulations.

Slaughter, A. E. MOOSE Stochastic Tools: A module for performing parallel, memory-efficient in situ stochastic simulations, 2023.
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Sampling Methodology

e Sampling matrix « Parallelism

) ) 5 rows / 8 Ranks
11 T2 ... T1M 5 rows / 3 Ranks 5 rows / 8 Ranks Every row = 2 ranks
I21 L2 2 “oe T2,M 11 ... zym| — CPUO (211 ... z1m| — CPUO/1 11 ... xm| — CPUO0/1
X = z21 ... z2m| — CPUO 31 ... xam| — CPU2/3 z21 ... zam| — CPUO/1
T z31 ... xzz3m| — CPU1 z31 ... z3m| — CPU4/5 z31 ... zzm| — CPU2/3
T4l .- TaM| — CPU1 Ta1 ... Tapm — CPU®G6 T41 -.- TaM| — CPU 455
CPU 2 ' ’ T51 ... T, — CPU6/7

N1 IN2 ... INM B 75 o @su] = CPUT N -

-« Random sampling using * Mode of execution
distributions and Monte Carlo or
Latin Hypercube Normal mode Batch mode
(217 ... zy| — CPUO Sub-app0 (211 ... zim| — CPUO Sub-app0
° T21 --- ToaM — CPUO Sub—app 1 To1 .- ToM — CPUO Sub-app 0
Tensor prOdUCt Or sparse z37 ... x3y| — CPU1l Sub-app2 31 ... @3m| — CPU1l Sub-appl
g uadrature T41 ... Tam| — CPU1L Sub-app 3 z41 ... xym| — CPU1l Sub-appl
51 ... xs5M| — CPU2 Sub-app4 | z51 ... @sm| — CPU2 Sub-app 2

« Explicitly defined matrices with
CSV or input syntax
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Surrogate Modeling

 STM Trainers/Surrogates provide a way of
building reduced-order models that emulate
high-fidelity multiphysics models.

 These surrogates are meant to be much

faster to evaluate than the high-fidelity model.

« Usages for these surrogates:
» Uncertainty quantification
« Sensitivity analysis
« Parameter optimization
* Multi-scale modeling
« Controller design

« Digital twins

Process:

—_—

4.

Produce response data using sampling/multiapp strategy

Use Trainer object to compute meta data from predictor and
response data

Load trainer data to create Surrogate object and perform cross
validation.

Pick up Surrogate object to evaluate at inputted predictor values.

Available surrogates:

Polynomial regression
Polynomial chaos

Proper orthogonal decomposition
Gaussian process regression

Libtorch artificial neural network
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Torch Integration

* LibTorch is the C++ backend for PyTorch, enabling GPU- Gopenr &Y. Y

NS
capable machine learning within MOOSE l-b o
I Q) DeepMind
Chainer RL
MOOSE Moose: : LibtorchTorchScriptNeuralNet
MOOSE-based
Framework Applications 1. Can read trained neural networks using Torch- X
EbiorchABAINermiiiet Script format
Sl TR Dot BISON | 2. Allows MOOSE to use networks trained using .
LibtorchArtificialNeuralNetTrainer tho ‘ \ {J C '
LibtorchNeuralNetControl Griffin i s MOOS}E letorCh O
Y Webserver APls

Moose: :LibtorchNeuralNet

A !

Pronghorn Moose: :LibtorchArtificialNeuralNet \

Marmot

Physics Modules

Tensor Mechanics Module

Navier Stokes Module

o
o

il

< 1. Parameters can be read from previous training N
Stochastic Tools Module Grizzly N
session
LibtorchDRLControl > p \ A
9 Y, > 2ine v 1 E g
e 2. Can be trained within MOOSE by /) 4
LibtorchNeuralNetControl Transfer Moose: :LibtorchArtificialNeuralNetTrainer |

which requires:

e Moose::LibtorchDataSet \ e
e Moose::LibtorchTrainingOptions -y M@@S)E

Libtorch (Tensor, Optimizers, etc.)
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Bayesian Uncertainty Quantification

« Bayesian UQ is used to calibrate model parameters based on experimental

results

« MOOSE-STM implements massively parallel algorithms
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Active Learning

« Active learning is the process of training a surrogate while performing sampling

« Gaussian processes are used to determine the surrogate’s uncertainty of a given sample

Uncertainty

v

Input space

Retraining
|
v

A Bestinput 1
i i @ >
L . I MOOSE

Bestinput P
ML model with Decision making Parallel inputs Computational

uQ with acquisition model
function evaluation

|

Prediction Local
- Global surrogate development lizati
(Credit: Cornell University) - Bayesian UQ benaflaation
L - Rare events analysis
- Optimization
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Python Interface with StochasticControl

 Utilize the massive parallelism of MOOSE-STM within Python

import numpy as np
from stochastic import StochasticControl, StochasticRunOptions

from scipy.optimize import shgo

executable = "/path/to/moose-app-opt" # MOOSE app with STM from stochastic import StochasticControl
physics_input = "physics.i" # Your base physics input
parameters = ["Materials/K/value",

with StochasticControl(executable, input_file, params, qois, opts) as runner:

"Kernels/convection/alpha", runner.configCache() # avoid recomputation of identical inputs
"beta"] # Parameters to sample # Bounds for inner radius and thickness
gois = ["pp/value"] # Reporter(s) to collect as Qols

bounds = [(0.1, 10), (0.01, 10)]
# Create lambdas since there needs to be a separation of Qols

# Confi how the stochasti i ted . . .
Sl e s s e i # for the objective and constraint

opts = StochasticRunOptions(

L e objective = lambda x: runner(x)[:, O] # max temperature

multiapp_mode=StochasticRunOptions.MultiAppMode .BATCH_RESET, eq_constraint = lambda x: runner(x)[:, 1] # volume
)

result = shgo(
with StochasticControl (executable, physics_input, parameters, qois, objective,
options=opts) as runner: bounds=bounds,
# x: N-by-P matrix (N samples, P parameters) constraints=[{"type": "eq", "fun": eq_constraint}],
x = np.array([ # StochasticRunner provides a callback to interface with

[1.0, 0.1, 0.2],

[1.1, 0.1, 0.25],

[0.9, 0.12, 0.2], )
D

y = runner (x) # -> shape (N, Q) if multiple QolIs, vector if omne QoI

# SciPy's parallel workers feature
workers=runner.parallelWorker

https://mooseframework.inl.gov/modules/stochastic_tools/python/StochasticControl.html
https://mooseframework.inl.gov/modules/stochastic_tools/examples/annulus_shape.html
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https://mooseframework.inl.gov/modules/stochastic_tools/python/StochasticControl.html
https://mooseframework.inl.gov/modules/stochastic_tools/examples/annulus_shape.html

NEAMS-Funded Goals

« “ ..increased robustness and speed of stochastic tools”
e FY26

« Enable stateless sample generation
« Make stochastic runs “recoverable”

* Improve handling of failed runs

* And beyond
« Enable GPU-acceleration with libTorch
» Expand usability of batch-restore

» Create verification and validation cases
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Sampling Methodology

« Samplers define a “sampling matrix” Product samplers

used for stochastic analysis S S : -
ml,l $1,2 ¢ m].,JM- Zj :o ° ° ° ° e o Zj - N :. ) : ) .: o -
mzil mz')z b mzﬂM O-z :o ° ) ° ° ° ) O.Z:uo e o o0 oo : [ I ] 0 o o 00
* * ) : :Z:: :. ) ) ) ) C :Z::: ' % o ! o o o0
N1 IN2 ... TN M| _0_8,: : : . : : : R

« Random sampling - .
Dt — « Explicitly defined samplers

[uniform] [mc] [Samplers]
type = Uniform type = MonteCarlo [csv]
lower _bound =1 distributions = ‘uniform normal’ type = CSVSampler
upper_bound =9 num_rows = 10 samples_file = data.csv
[l [l (]
[normal] [lhs] [matrix]
type = Normal type = LatinHypercube type = InputMatrix
mean=1 distributions = ‘uniform normal’ matrix = ‘11 12 13; 21 22 23’
standard_deviation = 0.1 num_rows = 10
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