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Basic Data-Gen.
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Transport Network

                                  

Planned Future Work

• Sample parameters from mapping and 

examine change in the network’s learning.

• Incorporate time-dependent transport.

• Map areas in transport parameter space to 

specific reactors, pedestal conditions.

• Build adaptive pipeline for any metrics and 

sparsity / dimensionality.

• Analyze complete latent mapping when done 

to identify ‘well-behaved’ areas.
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Mapping Out The Parameter Space
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• Transport Parameters (& Fueling) constrain 

pedestal structure, reactor performance. [1]

• Seek methods for inferring these parameters 

faster and with more accuracy than at present.

Numerical Model Quantifying ‘Feasibility’
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• Seek to define metrics to score the alignment 

of density evolutions with realistic conditions.

• Should have a defined ‘threshold’ and be 

dimensionless for easy comparisons.

• We use the T-SNE metric 

to evaluate similarity for 

high dimensional data

• Maps regions by density 

in parameter space.

• Each phase refines region.

Analyzing Mapping Score %

Cold Start:

‘Mapping’:

0.008%/

344,036

7.520%/

59,187
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• Put the generated profiles 

into numerical model to 

get the time-evolved N.

• Majority not aligned.
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