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Abstract

Fusion simulations require accurate modeling of core turbulent transport in toka-1

maks, but state-of-the-art numerical simulators like TGLF (Trapped Gyro-Landau2

Fluid) are too slow for interactive device simulation due to coupling requirements3

with other components. Neural network surrogates offer speedup but require4

massive datasets to cover diverse transport flux variations, limiting adaptation to5

full-scale gyrokinetic simulations. We propose TGLF-SINN (Spectra-Informed6

Neural Network for TGLF) with three innovations: (1) principled Feature tuning7

to compress wide-ranging outputs, (2) physics-informed regularization using turbu-8

lent energy spectrum, and (3) Bayesian Active Learning (BAL) for smart training9

data selection. Our approach achieves 12.4% better accuracy than SOTA NN10

surrogates in the offline setting, while maintaining competitive performance with11

only 25% of training data via BAL. In flux matching with neoclassical simulations,12

we demonstrate 45× speedup compared to optimized numerical methods while13

preserving accuracy, enabling interactive device simulation, and accelerating fusion14

energy research.15
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1 Introduction16

Fusion energy centers around the simulation of turbulent transport behavior in the core plasma region17

of magnetic confinement devices—tokamaks, as turbulent transport (i.e., how energy and particles18

move through the plasma) directly impacts reactor performance [1, 2, 3].19

The full-scale approach for simulating turbulent transport is gyrokinetic simulation, which solves20

complex physics equations but requires hours of supercomputer time per evaluation [4, 5, 6]. To21

address this bottleneck, physicists developed reduced-order models like TGLF (Trapped Gyro-22

Landau Fluid) [7, 8, 9] that approximate gyrokinetic results in seconds. However, TGLF still becomes23

expensive in whole-device simulations that require hundreds of transport queries per time step.24

Neural networks as surrogate models to TGLF then offer a promising solution by cutting the single25

inference time to microseconds [10, 11]. However, existing approaches still rely on significantly large26

(2.5 million evaluations), clean datasets; this is because the wide variation in transport fluxes (values27

spanning many orders of magnitude) across different plasma conditions is hard to train and capture,28

and training tends to be unstable. These strong requirements thus make training for the full-scale29

method (gyrokinetic) impossible due to the prohibitive cumulative cost of simulation.30

Tackling these challenges, we propose TGLF-SINN (Spectra-Informed Neural Network) to address31

these data efficiency and stability challenges through three key innovations:32

• Feature tuning: Systematic preprocessing and loss design to handle the extreme variation33

in transport fluxes, making neural network training more stable.34

• Spectral Regularization: Leveraging physics knowledge by using intermediate turbulent35

transport spectrum information as additional training regularization.36

• Bayesian Active Learning (BAL): Smart sample selection to minimize training data37

requirements while maximizing information gain and maintaining accuracy.38

Our experiments demonstrate that TGLF-SINN achieves 12.4% better accuracy than the state-of-the-39

art baseline in the offline setting. The model also shows improved robustness against data noise and40

scarcity. Through Bayesian Active Learning, we achieve competitive performance using only 25%41

of the training data. In downstream fusion simulation workflows, flux-matching with neoclassical42

simulations, our surrogate provides a 45× speedup while maintaining accuracy comparable to the43

original numerical simulator.44

2 Related Work45

Physics-Based Transport Models. TGLF [7, 8] computes transport by simulating a linearized46

version of gyrokinetics, evaluated at different wavelengths, and applying empirical “saturation47

rules” to estimate nonlinear effects. It represents a careful balance between physics fidelity and48

computational efficiency, validated extensively on experimental data [10, 11]. TGLF serves as our49

numerical solver baseline in the flux-matching experiments.50

Neural Surrogates for Physics Simulations. Machine learning has shown promise for acceler-51

ating physics simulations across domains [12, 13, 14]. In fusion, two main approaches exist: (1)52

learning complete plasma evolution using CNNs and LSTMs [15, 16], which struggles with high53

dimensionality due to multiphysics coupling, and (2) surrogating individual components like transport54

models [17, 10, 11, 18], which offers more flexibility and easier data collection.55

The current state-of-the-art, TGLF-NN [10, 11], follows the latter approach using an encoder-ResNet-56

decoder architecture but requires ensemble averaging to handle output variation, leading to slow57

and unstable training. Alternative approaches like QuaLiKiz-NN [18, 19] have limitations in model58

assumptions (e.g., do not allow negative growth rates). TGLF-NN serves as our neural surrogate59

baseline in experiments.60

Active Learning for Expensive Simulations. Bayesian Active Learning strategically selects train-61

ing samples to maximize information gain, particularly valuable when data generation is expen-62

sive [20, 21]. This is highly relevant for fusion applications where generating training data requires63

substantial computational resources. We use BAL to study the data efficiency of our approach.64
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3 Methodology65

Figure 1: Overview of TGLF-SINN architecture. (a) TGLF-SINN takes 31 input features and splits
into 24 branches. Each branch produces 4 transport predictions for a specific wavelength. These are
summed for final predictions. (b) The shared neural network backbone.

Figure 1 shows our approach: TGLF-SINN takes 31-dimensional physics parameters consistent with66

TGLF-NN and the numerical solver, but we split a single flux prediction into 24 parallel branches,67

each predicting the contributions from one specific wavelength. These contributions are summed to68

produce the final flux predictions.69

3.1 Dataset and Preprocessing70

We generated datasets by systematically sampling the 31-dimensional physics parameter space and71

querying the TGLF numerical solver. Two dataset variations were created: a smaller 330,000-72

sample set and a comprehensive 3-million-sample set. Since TGLF simulations can fail and produce73

erroneous numbers, we apply iterative Median Absolute Deviation (MAD) filtering (see details in74

appendix C.1) to remove outlier problematic samples, reducing dataset size by 10-15%.75

3.2 Feature tuning for Extreme Value Ranges76

Transport predictions span many orders of magnitude, creating instability. Unlike previous ad-hoc ap-77

proaches, we adopt principled Feature tuning to handle the large variation in flux magnitudes. Let y =78

{Γe,Πi, Qe, Qi} denote the concatenated fluxes and yj = {Γe
j(kjy),Πi

j(kjy), Q
j
e(k

j
y), Q

j
i (k

j
y)}79

denote the contributions at the j-th wavenumber for j = 1, . . . , Ny. We apply inverse hyper-80

bolic sine (sinh−1) transformations followed by standardization to both the final flux predictions81

y′ = (S ◦ sinh−1)(y) and the per-wavelength contributions y′j = (S ◦ sinh−1)(yj), where S82

represents standardization across the training dataset. The choice of sinh−1 over log is motivated by83

the need to accommodate possible negative predictions in TGLF.84

3.3 Physics-Informed Spectral Regularization85

TGLF computes the total turbulent fluxes of particles Γ, momentum Π, and heat Q as sums over86

wavelength-specific contributions using quasi-linear theory and empirical saturation rules [8]:87

Γ =

Ny∑
j=1

Γj(kjy), Π =

Ny∑
j=1

Πj(kjy), Q =

Ny∑
j=1

Qj(kjy), (1)

where the superscript j denotes the contribution from the j-th wavelength kjy, and Ny = 24 is the88

total number of wavelengths considered.89

We leverage this physics structure by appending the wavenumbers {k1y, . . . , k
Ny
y } to the 31-90

dimensional input parameters x to enable per-wavenumber predictions. The supervised loss on91

the turbulent transport flux is defined as:92

Lf = ∥y′ −
Ny∑
j=1

fθ
(
x, kjy

)
∥2, (2)

where y = (Γ,Π, Q) is the prediction target, y′ is the value after Feature tuning in Section 3.2, and93

fθ is the neural network with trainable parameters θ. In addition, we impose a regularization term Ls94
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on the per-wavelength fluxes:95

Ls =

Ny∑
j=1

∥y′j − fθ
(
x, kjy

)
∥2. (3)

Combined, the overall objective function reads:96

L = Lf + Ls. (4)

Importantly, Lf and Ls are not redundant: Lf supervises the final aggregated flux prediction97

(post-summation), while Ls supervises each individual wavelength contribution before summation.98

This dual supervision acts as a physics-informed regularization that constrains the model to learn99

physically meaningful spectral decompositions. While a perfect model would theoretically minimize100

both losses simultaneously, in practice this regularization provides additional constraints that improve101

generalization, especially with limited training data, as demonstrated in our ablation studies (Section102

4.1).103

3.4 Bayesian Active Learning104

To reduce training data requirements, we employ Bayesian Active Learning with Expected Infor-105

mation Gain (EIG) acquisition. Starting with a small initial dataset, we iteratively: (1) use model106

uncertainty to identify informative candidate samples, (2) generate labels via physics simulations,107

and (3) retrain the model. We incorporate physics knowledge by sampling candidates according to108

parameter distributions at different spatial locations in the device, improving sample efficiency.109

4 Experimental Results110

(a) Offline model's performance gain (b) Robustness against noisy and sparse data

(c) Performance gain by BAL (d) Faster coupling using our method

Figure 2: Comprehensive experimental results. (a) TGLF-SINN achieves the lowest error across
all transport channels (FT = Feature Tuning, SR = Spectral Regularization). (b) it shows robustness
against datasets that are sparser and contain erroneous results. (c) Bayesian Active Learning ablation
results: (left) TGLF-SINN achieves the fastest error reduction, (middle) EIG outperforms random
sampling, (right) physics-informed candidate selection (RP = Radius-based Proposing) improves
performance. (d) Flux-matching convergence: TGLF-SINN converges in 129 iterations and enables
45× speedup for coupling between turbulent transport and neoclassical simulations.

4.1 Offline Performance and Robustness111

On the standard benchmark dataset, TGLF-SINN reduces root mean squared logarithmic error from112

6.66×10−2 to 5.83×10−2, achieving 12.4% improvement over the state-of-the-art baseline (Figure 2113

(a)). Feature tuning and spectral regularization contribute 11.0% and 4.1% improvements respectively.114

To test robustness, we evaluated performance using smaller datasets (major perturbations only)115

without outlier filtering to mimic real-world data limitations. While the baseline’s error increases116

4



363% with this data contamination, TGLF-SINN degrades only 51%, demonstrating superior ro-117

bustness (Figure 2 (b)). Comprehensive ablation studies across all model combinations and dataset118

contaminations are provided in Appendix A.119

4.2 Active Learning Results120

Bayesian Active Learning with EIG acquisition significantly reduces data requirements. Using121

only 25% of the full dataset, TGLF-SINN achieves error only 0.0165 higher than the baseline’s122

full-data performance—a 12.4% improvement over the baseline with the same active learning settings123

(Figures 2 (c)).124

In the end of this section, we note that while EIG acquisition incurs additional computational cost125

compared to random sampling, this overhead is justified by the significant reduction in required train-126

ing data (25% of full dataset vs. 100%). Furthermore, when extending this approach to higher-fidelity127

simulations such as CGYRO [22, 23]—where a single evaluation takes hours on supercomputers—the128

acquisition overhead becomes negligible compared to the cost saved by requiring fewer simulation129

evaluations. For TGLF, where evaluations are relatively fast (seconds), the benefit is less pronounced130

but still demonstrates the viability of the BAL framework for future high-fidelity applications.131

4.3 Downstream Application: Flux-Matching132

We integrated TGLF-SINN into fusion simulation workflows, and validated on real DIII-D tokamak133

experimental data. TGLF-SINN converges in 129-412 iterations compared to 251-364 for TGLF-NN,134

while the numerical TGLF solver fails to converge (Figure 2 (d)). The 45× speedup (20 seconds vs135

15 minutes) enables practical whole-device simulation while maintaining accuracy. We provide the136

complete results (including convergence analysis, profile analysis, stored heat energy calculation,137

etc.) in Appendix E.138

5 Conclusion and Future Work139

We presented TGLF-SINN, a neural surrogate for fusion transport modeling that addresses key140

challenges: handling extreme value ranges, leveraging physics-informed priors, and Bayesian active141

learning to reduce training data requirements while still achieving superior accuracy and robustness.142

In downstream fusion simulation workflows, TGLF-SINN enables a 45× speedup while maintaining143

accuracy comparable to the original numerical simulator. However, our method still has limitations.144

For example, the current implementation does not explicitly enforce fundamental conservation145

laws (energy, momentum, particle conservation) as hard constraints. Future work could construct146

constrained layers to guarantee physical consistency. Additionally, systematic biases observed in flux-147

matching applications stem from underlying TGLF ROM limitations in certain plasma regimes (e.g.,148

plasma edge regions with large ρ). Addressing these requires learning directly from higher-fidelity149

CGYRO simulations [22, 23] in regions where TGLF’s quasi-linear assumptions break down. Our150

demonstrated data efficiency and robustness make this extension tractable, establishing a pathway151

toward more accurate and physically faithful surrogates for fusion simulation.152
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A Complete Ablation Results343

This section presents comprehensive offline training results for all combinations of contributions344

(TGLF-NN, TGLF-NN + FT, TGLF-NN + SR, TGLF-SINN) across both datasets (Major + Minor345

perturbation, Major perturbation), with and without filtering. We evaluated the performance of the346

model using the root mean squared logarithmic error (RMSLE, Equation 5) for each flux channel and347

the average R2 in all channels.348

The RMSLE is defined as:349

RMSLE(y′,y) =

√√√√ 1

N

N∑
i=1

∥ln (1 + |y′
i|)− ln (1 + |yi|)∥2, (5)

where N is the number of test samples, y′
i represents the predicted fluxes, and yi represents the350

ground truth fluxes.351

The R2 metric is defined in Equation (6), where N is the number of test samples, y′
i represents the352

predicted fluxes, yi represents the ground truth fluxes and ȳ represents the mean of the ground truth353

fluxes test.354

R2(y′,y) = 1−
∑N

i=1 (yi − y′
i)

2∑N
i=1 (yi − ȳ)

2
, (6)

Table 1: Comprehensive ablation results across all experimental configurations. Performance
metrics are reported as Mean Squared Logarithmic Error (RMSLE) (×10−2) on test sets, except for
the final column which shows R2 values. Best results are highlighted in bold. Abbreviations: FT =
Feature Tuning, SR = Spectral Regularization, Ma. = Major perturbation, Mi. = Minor Perturbation,
F = Unfiltered, T = Filtered.

Model Dataset Filtered Γe Πi Qe Qi Avg. R2

TGLF-NN Ma. F 24.41± 5.67 41.8± 4.18 51.96± 5.69 36.55± 4.91 39.93± 4.72 -8.80E+11
TGLF-NN Ma. T 6.28± 1.75 9.12± 1.46 12.06± 2.35 8.82± 2.06 9.3± 1.45 0.9221
TGLF-NN Ma. + Mi. F 32.2± 9.62 47.74± 10.66 57.03± 9.62 44.69± 10.62 46.28± 10.54 -1.84E+19
TGLF-NN Ma. + Mi. T 4.23± 1.08 6.54± 0.94 8.76± 1.6 6.33± 1.41 6.66± 0.9 0.9685
TGLF-NN + FT Ma. F 10.75± 1.99 13.36± 2.43 15.46± 2.8 13.24± 2.08 13.31± 2 0.1022
TGLF-NN + FT Ma. T 6.02± 1.66 8.54± 1.5 11.38± 2.31 8.11± 1.95 8.73± 1.42 0.9178
TGLF-NN + FT Ma. + Mi. F 7.71± 1.3 9.64± 1.62 11.49± 2.18 9.59± 1.46 9.7± 1.46 0.4343
TGLF-NN + FT Ma. + Mi. T 3.9± 0.98 5.8± 0.97 7.86± 1.61 5.49± 1.22 5.93± 0.87 0.9646

TGLF-NN + SR Ma. F 21.51± 3.64 28.71± 3.73 31.34± 4.01 27.5± 3.54 27.5± 3.33 -4.62E+07
TGLF-NN + SR Ma. T 6.22± 1.69 8.96± 1.51 11.82± 2.37 8.68± 2.03 9.14± 1.43 0.9147
TGLF-NN + SR Ma. + Mi. F 21.59± 3.63 28.54± 3.33 30.8± 3.48 26.73± 3.14 27.13± 3.04 -1.37E+11
TGLF-NN + SR Ma. + Mi. T 4.16± 1.08 6.25± 0.89 8.42± 1.58 6± 1.32 6.39± 0.87 0.9679

TGLF-SINN Ma. F 9.97± 2 12.92± 2.97 14.53± 2.93 12.43± 2.21 12.57± 2.18 0.3760
TGLF-SINN Ma. T 5.93± 1.71 8.47± 1.56 11.4± 2.47 7.92± 2.03 8.66± 1.5 0.9016
TGLF-SINN Ma. + Mi. F 6.62± 1.32 8.33± 1.68 9.98± 2.09 8.18± 1.49 8.36± 1.43 0.6482
TGLF-SINN Ma. + Mi. T 3.85±0.99 5.68±0.92 7.75±1.55 5.35±1.18 5.83±0.84 0.9639

Table 1 presents a complete ablation of all variation of combinations (model components, dataset355

size, data filtering). Performance metrics are reported as RMSLE (×10−2) for each flux channel (Γe,356

Πi, Qe, Qi), along with the average RMSLE across all channels. The final column shows the average357

value of R2 calculated on all channels.358
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B Hyperparameter Search Results359
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Figure 3: Impact of latent dimensions on model performance. The graph shows the test RMSLE of
TGLF-SINN on the filtered Major + Minor perturbation dataset as a function of the number of latent
dimensions, with all other hyperparameters held constant. Lower RMSLE values indicate superior
performance.
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Figure 4: Effect of hidden layer depth on model performance. The graph illustrates the test RMSLE
of TGLF-SINN on the filtered Major + Minor perturbation dataset as a function of the number of
hidden layers, with all other hyperparameters held constant. Lower RMSLE values indicate superior
performance.

We conducted extensive hyperparameter searches for TGLF-SINN using the filtered Major + Minor360

perturbation dataset. We noted diminishing marginal benefits when the latent dimension exceeded361

256 and the number of ResNet blocks exceeded 4 (Figures 3 and 5). We also observed that the362

minimal loss was achieved with 4 hidden layers in the MLP (Figure 4). Collectively, these results363

guided our choice of hyperparameters in the implementation, balancing accuracy and computational364

cost. We choose 4 total ResNet blocks, 4 hidden layers per ResNet block, and 256 neurons per365

hidden layer. These hyperparameters remain consistent for all L-models, including TGLF-NN, as to366

eliminate the variable of parameter count.367

C Implementation Details368

C.1 Filtering Outliers369

Some input combinations and output solutions are rarely encountered in real experiments (i.e., a370

modeling gap exists between quasilinear theory and reality). Additionally, the numerical solver,371

particularly the approximate eigenvalue solver using Hermite basis functions, can converge to sub-372

optimal solutions due to truncation or numerical errors. As a result, the generated dataset inherently373
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Figure 5: Influence of ResNet quantity on model performance. The graph depicts the test RMSLE
of TGLF-SINN on the filtered Major + Minor perturbation dataset as a function of the number of
ResNets, with all other hyperparameters held constant. Lower RMSLE values indicate superior
performance.

contains noise or outliers that can destabilize training. To address this, we iteratively apply a Median374

Absolute Deviation (MAD) filtering approach. Specifically, we compute:375

m = med ({|x− x̃| , for x ∈ X}) , (7)

where x̃ = med(X) is the median of the dataset X, and m is the median absolute deviation (MAD).376

We then define a distance for each data point x as:377

d = κ
|x− x̃|

m
, (8)

where κ = 1.4826 is a scaling factor that approximates the standard deviation under normality378

assumptions. In each iteration, any sample with d > ϵ in any channel is removed, where ϵ = 200379

is a threshold hyperparameter. The iteration terminates when fewer than 1% of the data points are380

removed in a single iteration.381

D Mean and Standard Deviation of Inputs Across Radial Locations382

To obtain the statistics of input parameters for each radial location, we parsed the metadata of the shot383

data and grouped each shot into its corresponding radial location bracket. After parsing the entire384

dataset, we calculated the mean and standard deviation for each radial bracket. Figure 6 plots these385

statistics for each input variable against the radial profile.386

E Full flux-matching experimental results387

This section contains detailed flux-matching validation results on experimental DIII-D data, includ-388

ing both L-mode and H-mode scenarios across 4500 experimental cases. Due to complex figure389

formatting, the complete figures and analysis are available in the extended version of this paper.390

Experimental Setup. To assess the practicality of TGLF-SINN, we integrate it into the flux matching391

workflow of the FUSE integrated modeling suite [3], which couples the core turbulence, the pedestal392

(assumed to be fixed as experimental measurements) and the neoclassical transport components.393

Profiles (Te, Ti, ne, ω0), (electron temperature, ion temperature, electron density, and toroidal rotation394

frequency, respectively), are reconstructed at 16 uniformly spaced radial locations ρ ∈ [0.1, 0.85].395

We compare three core transport options: 1) numerical TJLF solver [24], 2) TGLF-NN, and 3)396

TGLF-SINN using two representative DIII-D cases: L-mode discharge (shot #161582 at time 2300397

ms) and H-mode discharge (shot #157955 at time 2700 ms).398

Convergence Performance. Both NN surrogates exhibit faster and more stable convergence than399

the numerical solver. As shown in Figure 7, TGLF-SINN converges in 129 iterations for the L-mode400
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and 412 iterations for H-mode, while TGLF-NN converges in 251 and 364 iterations, respectively.401

The numerical solver fails to converge after 1000 iterations in both scenarios.402

Examining individual transport channels reveals that the numerical solver exhibits poor convergence403

in the ω0 channel for the L-mode and struggles across all channels in the H-mode. We attribute the404

superior NN performance to its smoother function approximation compared to discrete operations in405

the numerical solver, resulting in reduced oscillations during gradient-based optimization.406

Reconstruction Quality. As shown in Figure 8, TGLF-SINN and TGLF-NN consistently produce407

lower final mismatch values between predicted and experimental transport fluxes in both L-mode and408

H-mode scenarios, while TJLF exhibits significantly higher flux mismatches. The reconstructed core409

profiles (Figure 9) show good agreement with the experimental measurements across all channels,410

with deviations observed in low ρ regions (near the magnetic axis) for Te in L-mode and both Te and411

Ti in H-mode, consistent with higher experimental uncertainty near the magnetic axis.412

Computational Efficiency Gain. Due to the faster inference time and fewer iterations required for413

convergence, the flux-matching procedure with TGLF-SINN takes 20 seconds compared to 15 minutes414

with the numerical solver using 128 threads, representing a 45× speed-up. TGLF-NN achieves a415

600× speed-up (1.5 seconds), likely due to its native Julia implementation being more optimized for416

this workflow. Nevertheless, the 45× speed-up of TGLF-SINN demonstrates substantial efficiency417

advantages, and its translation into a Julia implementation could enable further speed-up.418

Extended Dataset Validation. We extended validation to 3000 H-mode and 1500 L-mode DIII-419

D profiles. Figure 12a shows significant performance improvements in L-mode while H-mode420

performance remains comparable to TGLF-NN. Figure 12b shows that both neural surrogate models421

achieve 10 percentage point improvement in stored thermal energy predictions compared to the422

IPB98(y,2) scaling law at a typical ρmax of 0.8.423

The comparison of predicted and measured profiles shows similar performance between424

TGLF-NN and TGLF-SINN (Figure 10). Both H-modes exhibit slight underprediction of tem-425

perature and rotation in H-modes and systematic overprediction in L-mode core regions (ρ < 0.5).426

These systematic biases are observed in both surrogates, suggesting limitations in the original TGLF427

ROM rather than surrogate models. This may require additional CGYRO simulations to recalibrate428

TGLF’s saturation rules, which is beyond the scope of this work.429

The convergence error analysis (Figure 11) shows TGLF-NN consistently achieves smaller errors,430

possibly due to ensemble averaging (20 networks) versus our single network approach. Convergence431

errors remain stable until nonlinear increases above ρmax = 0.85 for H-modes and ρmax = 0.9 for432

L-modes, suggesting these as empirical upper limits for flux-matching applications.433
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and the y-axis displaying the parameter’s value. Blue bars indicate mean values, while orange bars
represent standard deviations at each radial location.
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Figure 7: Convergence of flux-matching in L-mode and H-mode scenarios. Comparison of
normalized flux mismatch across iteration steps for TGLF, TGLF-NN, and TGLF-SINN. (a) L-
mode: TGLF-SINN converges after 129 iterations, TGLF-NN after 251 iterations, while TGLF
fails to converge after 1000 iterations. (b) H-mode: TGLF-SINN converges after 412 iterations,
TGLF-NN after 364 iterations, while TGLF fails to converge after 1000 iterations.
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(a) L-mode flux profiles
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(b) H-mode flux profiles

Figure 8: Reconstructed flux profiles in L-mode and H-mode scenarios. Comparison of TGLF-
SINN, TGLF-NN, and TGLF for predicted transport fluxes (Qe, Qi, Γe, Π) over 16 ρ locations. (a)
L-mode reconstructed fluxes. (b) H-mode reconstructed fluxes. TGLF profiles are omitted due to
non-convergence in both scenarios.
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(a) L-mode core profiles
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(b) H-mode core profiles

Figure 9: Reconstructed core profiles in L-mode and H-mode scenarios. Comparison of electron
temperature, ion temperature, electron density, and toroidal rotation frequency profiles for experimen-
tal measurements, TGLF-NN, and TGLF-SINN. (a) L-mode scenario profiles. (b) H-mode scenario
profiles. TGLF is omitted due to non-convergence in both scenarios.

(a) Profiles for 3000 DIII-D H-mode plasmas. (b) Profiles for 1500 DIII-D L-mode plasmas.

Figure 10: Comparison of measured profiles to predictions by TGLF-NN and TGLF-SINN for (a)
3000 H-modes and (b) 1500 L-modes with ρmax = 0.80 (solid line: mean, shaded: variance). The
mean and variance of the predicted profiles are comparable, demonstrating similar performance
despite the added complexity of spectra informed training.
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(a) Convergence error for 3000 DIII-D H-mode
plasmas.

(b) Convergence error for 1500 DIII-D L-mode
plasmas.

Figure 11: Comparison of MSLE convergence errors of TGLF-NN and TGLF-SINN for (a) 3000 H-
modes and (b) 1500 L-modes. The convergence errors show a nonlinear increase above ρmax = 0.85
for H-modes and above ρmax = 0.9 for L-modes, suggesting these as empirical upper limits for the
ρ-range used for turbulent flux-matching.

(a) Relative error across varying radius (b) Stored thermal energy predictions

Figure 12: Extended dataset validation results. (a) Relative error comparison between TGLF-
SINN and TGLF-NN for reconstructed profiles in H-mode and L-mode across the DIII-D dataset.
Metrics are reported as mean absolute relative error for each reconstructed profile (Te, Ti, ne) as
a percentage. (b) Comparison of stored thermal energy predictions. TGLF-NN is more accurate
by 10 percentage points compared to the IPB98(y,2) scaling law at typical ρmax of 0.8, validating
flux-matched predictions over empirical scaling laws.

16


	Introduction
	Related Work
	Methodology
	Dataset and Preprocessing
	Feature tuning for Extreme Value Ranges
	Physics-Informed Spectral Regularization
	Bayesian Active Learning

	Experimental Results
	Offline Performance and Robustness
	Active Learning Results
	Downstream Application: Flux-Matching

	Conclusion and Future Work
	Complete Ablation Results
	Hyperparameter Search Results
	Implementation Details
	Filtering Outliers

	Mean and Standard Deviation of Inputs Across Radial Locations
	Full flux-matching experimental results

