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This project was funded by the United States Department of Energy, National Energy
Technology Laboratory, in part, through a site support contract. Neither the United States
Government nor any agency thereof, nor any of their employees, nor the support
contractor, nor any of their employees, makes any warranty, express or implied, or assumes
any legal liability or responsibility for the accuracy, completeness, or usefulness of any
information, apparatus, product, or process disclosed, or represents that its use would not
infringe privately owned rights. Reference herein to any specific commercial product,
process, or service by frade name, trademark, manufacturer, or otherwise does not
necessarily constitute or imply its endorsement, recommendation, or favoring by the United
States Government or any agency thereof. The views and opinions of authors expressed
herein do not necessarily state or reflect those of the United States Government or any
agency thereof.
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Harris and CI’ighTOﬂ (] 994) model: Time: 1.000000

« Simplistic and cannot directly predict the
possibility of particle clustering

«  “Phenomenological” and does not have a
physical basis

« The modelis low dimensional in the feature
space
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Sampling Data from DEM Simulations
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Time: 1.000000 °
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Discrete Element Method (DEM) simulations
are performed for a two-dimensional (2D)
fluidized bed configuration with different
inlet velocities

A 2D window of size 5cm x 5 cm is used to
spatially sample average particulate
properties such as volume fraction (g),
gradient of volume fraction (Ve), granular
temperature (8), particle velocity gradient
(Vu, ), and the deceleration due to collisions

(a)

Temporal averaging of the spatially sampled
data is performed over 50 DEM timesteps




Sampling Data from DEM Simulations

« Distinct dense and dilute regimes are

dir
a= <—p

dt collision
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observed
« Compaction of particles and high .
deceleration magnitudes are observed in
the dense regimes
« The DEM sampled data is observed to be
sparse and highly “mixed” in the
parametric space g

« The DEM sampled datais dependentona 2
higher dimensional input space as
compared to the Harris & Crighton criteria
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Need for an Informative Prior
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«  Asimple feed forward neural network (FNN), with dimensionality reduction, overfits the data

« There are no physics-based constrains to regularize the data loss (PINNs)
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Bayesian Neural Network (BNN) Model N=|Namonat
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{w;} Isotropic Gaussian Bayesian neural network (BNN) weights are

probability distributions contrary to deterministic
weights in FNNs

Isotropic Gaussian probability distributions are
used as the initial weights for the BNN
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Bayesian Neural Network (BNN) Model N=|NaTonaL
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{w;} Informative Prior *  BNN weights are probability distributions contrary to

deterministic weights in FNNs

« [sofropic Gaussian probability distributions are used
as the initial weights for the BNN

4 )
\ STAGE 1

Q Introduce the Harris & Crighton criteria as the base
and adjust the weight space
/ d This modified weight space called the informative
prior incorporates the constraints required to

improve the generalizability of the model

Harris & L )
Crighton

Criteria
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Bayesian Neural Network (BNN) Model
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W) Posterior weight BNN output at Vi, ;
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Bishop (2006) Inp(w|D)

« Approximate the true posterior weight space using
a joint Gaussian distribution

« Use Stochastic Variational Inference (Pyro library)
to maximize the Evidence Lower bound (ELBO)

« |terafively “move” the informative prior weight
space to approximate the posterior weight space

10000

p(D) = j g(w) In {pglzv,vv)v)} dw — j g(w)In {pc(lv("v!g)} dw e
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Incorporating ML Model in MFiX (Work in

Progress)

TL

« Export the tfrained BNN model as a pickle
element (Python)

« Use FlTorch library to convert the Python model
to a FORTRAN readable format

« Design User Defined Functions (UDFs) to
compute model input arguments for the model
and link the model output to the original MFiX

solver

« Develop physical limiters for computational
stability of the new model
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Time: 1.000000

pyTorch/pickle ]
1) Sampling spatially and 2) Combining Harris & 3) Incorporating
temporally averaged Crighton criteria with trained BNN model in
data from DEM sampled datapoints using MFiX code

simulations Bayesian approach
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The neural network architecture has two sections. Dimensionality reduction is used to map the high-
dimensional parametric space to a lower dimensional representation in the latent space. This

dimensionality reduction improves the convergence of the feed-forward network in the second
stage.

Learning

F/\—\

x@ >

dtml lisdon

Stage 1: Input space Stage 2: Non-linear mapping
dimensionality reduction from latent space to target
Linear/Non-linear latent ferm
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Backup Slides: Dimensionality Reduction
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An auto-regressor architecture is used to map the scaled high dimensional parametric space to a non-linear
latent space (z) of three-dimensions. The encoder-decoder architecture represents the input data with ~ 88%
accuracy and hence the lower dimensional latent space is a reasonable representation of the high dimensional
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Dense regime

« Better predictability than directly applying a feed-forward ' ~
neural network on the “raw” data

. . . . 2 X%
« Underpredicts the dense/compact regime collision term o d
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Backup Slides: Mapping BNN Weights onto a
“Deterministic” Network
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« The weight space in a BNN is probabilistic .
represented by a joint pdf

. ELBO loss -

« We have used guides or approximations to

ooooo

represent the weight space as a combination of i N
multiple uncorrelated Gaussians .. Weights Bayesian
« This facilitates the use of two parameters mean u ~Weights of an posterior
and standard deviation ¢ (X # of weights) to informative prior
represent the entire weight space .
» Since FTorch library is not compatible with a
probabilistic network, we have to convert the BNN 0
as a deterministic network by mapping the mean -4 -3 =2 -1 o 1 2 3 4

u of the BNN weight space

U.S. DEPARTMENT OF

x
2/ENERGY




