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A Bit About Me…
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Project Mascots

Houdini, age 1.5yr.Leo, age 10mo.

Very helpful when coding…

Peanut, age 7mo.



Project Overview
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Experimental

Reactor Data
Transport

Profiles
Data-Driven

ML Pipeline

Matching

Generated 

Training Data



Why Does This Matter?
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Current SOTA

Rigid

ML Benefits

Knowledge of Transport Conditions 

and their effect on Pedestal 

Formation is key to improving 

performance and will only become 

more important on future machines.

Physics Importance 

Implementation Benefits

[1]



Project Structure

5

Dataset 

Construction
Preprocessing

Network TrainingInference & Results



Questions?
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Dataset Construction Overview
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Data Challenges

• Largest hurdle is a lack of data

• Transport Profiles not able to be 

measured directly

• On the scale of data required, 

performance becomes essential
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Transport Parameters

Diffusion(D)

Spreading Out

No “Direction”

Convection(V)

Moving Around

One “Direction”

The Strengths of D&V Determine Plasma Behavior 

Generation Distribution Types of Profiles

Source(ρ,t) Initial Density(ρ)

Diffusion(ρ) Convection(ρ)



Dataset Construction
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Selecting Free Params.

• Source & Initial Density fit to known 

functional forms, varying function 

input parameters

• Diffusion and Convection created 

by interpolating between varying 

knot points (PCHIP Interpolation)

Generation Process

PCHIP Interpolation

Determine 

Spanning

Parameter 

Boundaries

Select 

Distribution 

Parameters

Generate 

Randomized 

Free Params.

Construct 

Initial 

Profiles

[2]



Dataset Construction
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Example Generated Parameter Spaces

Modeled

After



Dataset Construction
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Goals Behind Process

• Form a spanning space of all 

reasonable experimental 

conditions.

• Enforce reasonable bounds, 

but keep dataset broad

• ‘Map Out’ experimental 

transport parameter space

Spanning Spaces

Spanning Space

Subset of

Interest

Need To Ensure 

Alignment With 

Realistic Conditions



Preprocessing
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Needed Before Model Training

What We Have

Initial 

Condition

Database

What We Need

Solved

Density

Evolutions

Solver Framework
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D-V Ansatz

Implementation

1. Finite Diff. Method

2. 1D Radial C-D Ansatz

3. Solved In Matrix Form

4. GPU Accelerated

Behavior Validation
• Benchmarked to numerical errors 

against existing finite diff PDE solvers

• Achieves ~2000x faster results than 

naïve CPU SciPy approach

• Accepts all uniform grid shapes for rho 

& time, stability verified within reason

Example Density Evolution



Questions?
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Convolutions

• Enforced Locality

• Useful for Spatial or 

Temporal Data

• Often on Images

Network Training Overview
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Network Inputs

Rho: 1D

Time: 1D

Source: 1D

Density: 2D

Network Outputs

Diffusion: 1D

Convection: 1D

Network Characteristics

❑ Non-Linear Activation Functions 

❑ Split Output Data Pathways

❑ Learning-Rate Scheduler

❑ Huberloss Criterion (delta = 0.75)

❑ AdamW optimizer function

❑ Data Standard Scaling

❑ Optimized Runtime

Network Architecture A Primer on Neural Nets

Structure Training

Process Inputs

Infer Outputs

Score Model

Update Weights

Parameter Tuning

Iterative 

Hypothesis 

Testing

Optimization 

Schemes
OR



Network Training
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Network Training
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Network Training
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• Training/Validation/Test Split of 70/10/20 Implemented

• Trains in ~1hr, 120 epochs (RTX 4090, 7950x3d, 128GB RAM)

Training Process

Training Loss Validation Loss Test Loss

0.0042 0.0159 0.0168

• Gap between losses 

suggests overfitting

• Saturated at ~60 

epochs training

• Model error is 

exceedingly low

Results
All samples below selected at random from 

testing set (Model has not seen this data before)



Inference of Exp. Transport
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Inference Process

Exp. N & S 

Profiles
Trained 

Model
Calc. D & V

Profiles

Example Profiles

Locally Weighted Regression
[3]



Scoring Inference Results
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Inferred transport profile & exp. Initial conditions time-

evolved using solver and compared to exp. data



Questions?
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Fixing Data Alignment
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Experimental Density Evolution

Generated Density Evolution

Generation Modifications
• Add a Sink Term to solver past the Separatrix

• Move Convection crossing point inward

• Widen parameter space, more samples



Fixing Data Alignment
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Filtering
• Use another NN to ‘predict’ 

evolution of initial conditions

• Use these results to filter the 

‘naïve’ parameter choices

• Just predict a few statistics 

to optimize performance

Filtering Process Diagram

Generate 

Small ‘Naïve’ 

Parameter Set

Solve

Parameter 

Set

Train 

Change 

Network

Generate 

Massive 

Parameter Set 

Filter 

Massive 

Set

Train 

Transport 

Network

Infer Exp. 

Transport 

Profiles

Score 

Inferred 

Profiles

Interpret 

Results and 

Tweak Pipeline

*Not all subprocesses included*



Future Work
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• Finalize Filtering Process

• Tune Data Generation

• Allow Time-Dependent Transport

• Add Transport Density Link

• Examine Parameter Map and Region Deviance

• Incorporation Dimensionless Parameters

• & Much more…



Thanks For Listening!
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Resources

Adapted From APS DPP 2024 Conference Poster

• PPPL Intro to Plasma Course

• A Short Introduction to Plasma

• Github Site (Under Construction)

https://pubs.aip.org/aip/pop/article/29/6/062103/2847827/Progress-toward-fusion-energy-breakeven-and-gain
https://pubs.aip.org/aip/pop/article/29/6/062103/2847827/Progress-toward-fusion-energy-breakeven-and-gain
http://www.ece.northwestern.edu/local-apps/matlabhelp/techdoc/ref/pchip.html
https://www.cs.cmu.edu/afs/cs/project/jair/pub/volume4/cohn96a-html/node7.html
https://iopscience.iop.org/article/10.1088/1741-4326/ab8d04/meta
https://pubs.aip.org/aip/rsi/article-abstract/87/11/11E536/362541/Fitting-of-the-Thomson-scattering-density-and?redirectedFrom=fulltext
https://iopscience.iop.org/article/10.1088/1741-4326/ad17f5/pdf
https://hdl.handle.net/1721.1/142810
https://suli.pppl.gov/2024/course/
https://arxiv.org/pdf/1404.0509
https://jvslone.github.io./
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