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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.

• Perform UQ and sensitivity analysis with distributed data and 

leveraging advanced variance reduction methods.

• Train meta-models to build fast-evaluating surrogates of the 

high-fidelity multiphysics model and provide 

a pluggable interface for these surrogates.

• Harness machine learning capabilities through the C++ front end of 

PyTorch, i.e. LibTorch.

• Use active learning models for building surrogates.

        

                 
           

       
      

                     
                                

           

        

        

      
     

                     
           

        



Applications of the MOOSE-STM

Design optimization of PBRs using surrogates Sensitivity analysis of NTP startup

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.



Applications of the MOOSE-STM (cont.)

Inverse UQ of TRISO fission 

product release with BISON

Active learning variance reduction for very 

rare events analysis with Sockeye
Dimensionality reduction for 

additive manufacturing simulations

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 (TMAP8), 2025

Model calibration of Tritium migration with TMAP8Hot channel factor calculation of LFRs with Griffin 

and Cardinal



Workflow for Common Use-Cases of the MOOSE-STM

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



Sampling Methodology 

• Sampling matrix

• Random sampling using 

distributions and Monte Carlo or 

Latin Hypercube

• Tensor product or sparse 

quadrature

• Explicitly defined matrices with 

CSV or input syntax

• Parallelism

• Mode of execution

5 rows / 3 Ranks 5 rows / 8 Ranks
5 rows / 8 Ranks

Every row ≥ 2 ranks

Normal mode Batch mode



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:

1. Produce response data using sampling/multiapp strategy

2. Use Trainer object to compute meta data from predictor and 

response data

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

validation.

4. 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



Torch Integration

German, P. and Yushu, D. Enabling scientific machine learning in MOOSE using Libtorch, 2023

Webserver APIs

• LibTorch is the C++ backend for PyTorch, enabling GPU-

capable machine learning within MOOSE



Bayesian Uncertainty Quantification

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

results

• MOOSE-STM implements massively parallel algorithms



Active Learning

- Global surrogate development

- Bayesian UQ

- Rare events analysis

- Optimization

Local 

penalization

• 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



Python Interface with StochasticControl

• Utilize the massive parallelism of MOOSE-STM within Python

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

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

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”

• 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





Sampling Methodology 

• Samplers define a “sampling matrix” 

used for stochastic analysis

• Random sampling
[Distributions]

  [uniform]

    type = Uniform

    lower_bound = 1

    upper_bound = 9

  []

  [normal]

    type = Normal

    mean = 1

    standard_deviation = 0.1

  []

[]

[Samplers]

  [mc]

    type = MonteCarlo

    distributions = ‘uniform normal’

    num_rows = 10

  []

  [lhs]

    type = LatinHypercube

    distributions = ‘uniform normal’

    num_rows = 10

  []

[]

• Product samplers
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• Explicitly defined samplers
[Samplers]

  [csv]

    type = CSVSampler

    samples_file = data.csv

  []

  [matrix]

    type = InputMatrix

         x = ‘11 12 13; 21 22 23’

  []

[]
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