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This talk has three parts

1) Motivation

2) Methods

3) Results
– The transport equation can be solved using a 

neural network (NN). 
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Can we use what GPUs were 
designed for?
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Can we improve previous results?

4-2 Discrete Ordinates Quadrature Sets 159 

Figure 4-2 A level symmetric S8 discrete ordinates set (adapted from ret. 4). 

Due to the symmetry constraints, not all of the fxn are independent. On 
the contrary, it may be shown that there is only one degree of freedom in 
choosing the direction cosines, for once /АХ is chosen, М2»Мз'--->Млг/2 a r e 

determined. This property may be demonstrated as follows. Suppose the 
discrete direct cosine sets {/A,, TJ7, £k}, /, j\k = 1 ,2 , . . . , N/2 can only take 
on the value fil9 f i 2 , . . . , nN/2- Then Eq. 4-3 becomes 

M? + M? + Mi - I- M ) 

We now take another direction {/ir, y\r,$k,} for which /A, remains constant 
but y\jf = fi .+1. From Fig. 4-2 it is clear that the z direction cosine, $k>9 must 

Motivation

http://mike.pozulp.com/2019nnPaper.pdf

http://mike.pozulp.com/2019nnSlides.pdf

http://mike.pozulp.com/2019nnErrata.pdf

Lewis & Miller, 1984
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We added Het, Hyp, and GPUs

4-2 Discrete Ordinates Quadrature Sets 159 

Figure 4-2 A level symmetric S8 discrete ordinates set (adapted from ret. 4). 

Due to the symmetry constraints, not all of the fxn are independent. On 
the contrary, it may be shown that there is only one degree of freedom in 
choosing the direction cosines, for once /АХ is chosen, М2»Мз'--->Млг/2 a r e 

determined. This property may be demonstrated as follows. Suppose the 
discrete direct cosine sets {/A,, TJ7, £k}, /, j\k = 1 ,2 , . . . , N/2 can only take 
on the value fil9 f i 2 , . . . , nN/2- Then Eq. 4-3 becomes 

M? + M? + Mi - I- M ) 

We now take another direction {/ir, y\r,$k,} for which /A, remains constant 
but y\jf = fi .+1. From Fig. 4-2 it is clear that the z direction cosine, $k>9 must 

Motivation

http://mike.pozulp.com/2019nnPaper.pdf

http://mike.pozulp.com/2019nnSlides.pdf

http://mike.pozulp.com/2019nnErrata.pdf

http://mike.pozulp.com/2021hhg.pdf

https://github.com/llnl/narrows

Lewis & Miller, 1984
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A neural network is a function 
approximation technique

  Input

  Output

  Non-linear activation 
function

 Weights

 Biases

Methods
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The neural network minimizes a 
loss function

  Input

  Output

  Non-linear activation 
function

 Weights

 Biases

Methods

827462



9
LLNL-PRES-xxxxxx

Hyperparameters affect 
convergence

Methods
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We solved a 1D mono-energetic transport 
equation with linearly anisotropic scattering

Methods
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Heterogeneity means multi-material
Methods
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We used this loss function
Methods
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We solved for scalar flux, current
Methods
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We used this convergence criterion
Methods
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We used this NN architecture
Methods
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We used a 6-step procedure
Methods
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We used a 6-step procedure
Methods
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We ran six problems
Results
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We made progress in understanding NN accuracy for 
heterogeneous problems but failed to accurately solve the most 
heterogeneous problem

Results
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But we released our code...
Results

github.com/llnl/narrows
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github.com/llnl/narrows

...and Ravi Kumar solved it!
Results

ir.library.oregonstate.edu/concern/graduate_thesis_or_dissertations/zs25xg841
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Kumar went deeper than we did
Results
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Hyp study found 
sensitivities to 

Pozulp et al.
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(d) Same data as plot (c).
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(f) Varied activation function & RNG seed, n = 2669.

Figure 3: Hyperparameter study results for Problem 1.
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Hyp study found 
sensitivities to 

 RNG seed (a-f)

 Number of hidden layer 
nodes (b)

ResultsPozulp et al.
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Hyp study found 
sensitivities to 

 RNG seed (a-f)

 Number of hidden layer 
nodes (b)

 Learning rate (c-d)

ResultsPozulp et al.
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Hyp study found 
sensitivities to 

 RNG seed (a-f)

 Number of hidden layer 
nodes (b)

 Learning rate (c-d)

 Optimizer (e)

ResultsPozulp et al.
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Hyp study found 
sensitivities to 

 RNG seed (a-f)

 Number of hidden layer 
nodes (b)
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ResultsPozulp et al.
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We observed a GPU slowdown

Runtime Slowdown

1 P9 core 2 min 3 sec 1x

V100 GPU 5 min 44 sec 2.8x

Results

827462
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A bigger network could help

 NN is serial w.r.t. optim iters

=> available concurrency limited by:
 Number of parameters
 Number of training data points

Runtime Slowdown

1 P9 core 2 min 3 sec 1x

V100 GPU 5 min 44 sec 2.8x

Results

827462



34
LLNL-PRES-xxxxxx

AlexNet >> Narrows

 NN is serial w.r.t. optim iters

=> available concurrency limited by:
 Number of parameters
 Number of training data points

Runtime Slowdown

1 P9 core 2 min 3 sec 1x

V100 GPU 5 min 44 sec 2.8x

Parameters Training data 

Narrows 34 50 scalars

AlexNet 60 million 1.2 million images

Results
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Kernel launch and runtime API 
overheads dominate execution

Results
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We have action items

Action items

 Add depth
– Verify Kumar

 Run big (S32, 10k)
– Reduce GPU 

slowdown

Results
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We have a wish list

Action items

 Add depth
– Verify Kumar

 Run big (S32, 10k)
– Reduce GPU 

slowdown

Wish list

 Performance

 Multigroup

 2D

 Conservation

 Symmetry preservation

Results
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These are the paper authors

Action items

 Add depth
– Verify Kumar

 Run big (S32, 10k)
– Reduce GPU 

slowdown

Wish list

 Performance

 Multigroup

 2D

 Conservation

 Symmetry preservation

Results
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