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Discussion
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• Understanding Density Pedestal is key to 

performance of high-power reactors [1]

• Through Machine Learning the Pedestal’s structure 

can be probed and its contributing terms analyzed
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• Machine Learning needs LOTS of Data

• Wide Truncated Gaussian used for generation

• Function Parameters and Knots augmented

• Density modeled through Continuity and the 

Radial Convective-Diffusive Ansatz [3]:
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• Network written/trained with                &

• ‘Compressing’ network shape performs best

• 200x speedup from naïve                solver

• spsolve used to compute results

• Validate fitted & non-fitted experimental data

• Have model infer non-constant D and V profiles

• Allow for inference in real-time with exp data

• Extract new physics from model connections

• Test inference on multiple devices for generalization

• Examples below selected at random from test set

• Model accuracy high, with slight deviations at core

• Match to ground truth already better than 

experimental measurement errors

• Train/Val/Test split of 70/10/20, 120 Epochs

• Train Data = 100k profile sets (no repeats used)

• Model Training takes ~5hrs total (Single 4090)

Training Loss Validation Loss Test Loss

0.0042 0.0159 0.0168

• Train Loss << Test Loss indicates overfitting

• Opportunity for Regularization to fix ↑
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Boundary Conditions

𝑛 𝑡 = 0𝑠 = 𝑛0
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(𝑟ℎ𝑜 = 0) = 0

𝑛 𝑟ℎ𝑜 = 1.1 = 𝐶

• GPU Accel used to optimize run time

Rho & Time Grid

𝑟ℎ𝑜 ∈ 0 < 𝑟ℎ𝑜 ≤ 1.1

𝑡 ∈ 2.9𝑠 ≤ 𝑡 ≤ 4.0𝑠

𝑛𝑟 = 50 𝑆𝑡𝑒𝑝𝑠

𝑛𝑡 = 1000 𝑆𝑡𝑒𝑝𝑠

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

❑ Adaptive Layer Size

• 100k unique profiles for each of the above generated

• Density function distilled from [2]

• Other base forms in accordance with [3]

• Solver benchmarked to existing solvers within 

machine residual error (10-16)

• Near-zero rho values replaced to avoid NaN’s

• Below is randomly selected profile set
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