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•  “Optimization of computational 
resources is necessary because a 
single high-fidelity simulation of a 
whole device will require a staggering 
amount of computational resources.” 

•  “The demands of scientific inference, 
uncertainty quantification, and control 
and design generally require many 
simulations.” 

•  “Intriguing ideas are to develop 
searchable databases describing 
simulation data and to create a data-
caching system to reuse results of 
large-scale simulation for V&V or 
reduced-model development.” 

Motivation: fusion whole device modeling and integrated 
simulations require models that are accurate and fast 
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The ability to reliably predict transport in magnetized 
plasmas is key to the success of future fusion reactors 

TURBULENT 
(dominant) 

NEOCLASSICAL 

Eg. Electron energy equation: 

Steady-State 

+ 

We use TGYRO to solve the steady state 
transport equations: 
1.  Start from an initial Te(Ze) profile 
2.  Use TGLF to evaluate turbulent flux qe(Te) 
3.  Iterate: change Ze(Te) until the flux 

matches sources Q 
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State of the art: 
●  Gyro-Kinetic models (eg. GYRO): 

○  Based on first principle theory 
○  ~20k CPU-h per point 

●  Reduced GK models (eg. TGLF): 
○  Designed to reproduce GK 
○  ~1 CPU-sec per point 

 
Still slow for transport simulations 
which require 1000’s of evaluations 
 
→ Artificial Neural Network reduces 
the computational time required for 
evaluating particle, energy, and 
momentum f luxes of ions and 
electrons (105 faster than TGLF) 

 

Today’s turbulent  transport models are slow for transport 
simulations and inadequate for real-time control 
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1. Neural Network for transport modeling 
 

2.  Implementation of TGLF-NN model into TGYRO 
 

3. Hybrid solution for real world application 

Enabling new possibilities by accelerating transport 
models using a neural-network approach  
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What are Artificial Neural Networks and how do they 
work? 

•  After training (adjust weights) 
NNs can accurately and 
efficiently approximate 
functions to an arbitrary 
precision 
 

•  Limited within training range  
...but we have a solution 

•  An Artificial Neural Network is an interconnected 
ensemble of elemental processing units: neurons 
 

•  The output of a neuron is the weighted sum of its 
inputs transformed by a threshold-like function 
 

•  Input and output layers are connected through 
processing hidden layer(s) 
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6 output neurons: ions and electron particle, energy, and momentum fluxes 

Neural network topology for transport modeling 

15 input neurons: TGLF input parameters for electrons and ions 

3 hidden layers: 
respectively with 
50, 25, and 50 
neurons 
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NN trained on database of TGLF simulations can 
accurately reproduce transport fluxes → TGLF-NN 

•  For today’s examples, the NN 
was trained on a database of 
TGLF simulations of DIII-D Ion 
Stiffness experiments 
 

•  Training takes only few minutes 
(~4000 TGLF simulations in 
database) and has to be done 
just once 
 

•  Evaluation takes order of µs 

TGLF 

TG
LF

-N
N

 

Electron Energy Flux 

INPUT 
TGLF-NN 

TGLF 
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We estimate the uncertainty in TGLF-NN prediction by the 
scatter in the outputs of multiple NNs 

•  Single NN → Prediction 
without level of confidence 
information 
 

•  Many NNs → Deviation of 
predictions provides level of 
confidence information 
(because each NN is trained 
with random initial weights → 
slightly different outputs) 

Electron Energy Flux 

TG
LF

-N
N

 

TGLF 

TGLF 

TGLF-NN TGLF-NN TGLF-NN TGLF-NN TGLF-NN TGLF-NN TGLF-NN 

INPUT 
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TGLF 
10 iterations 
~11 min 
 
 

We compared the solutions of the TGYRO transport solver 
when the TGLF and TGLF-NN models are used 

Iteration # 0 

Iteration # 10 
TGLF 

- - - Experiment 
----- Iteration 0 
----- Iteration 10 

TGLF 

# Iterations 

Te 

ke
V
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TGYRO profiles predicted from TGLF-NN are very similar 
to the ones from the full TGLF calculation but 60x faster 

Iteration # 0 

Iteration # 10 
TGLF-NN 

TGLF-NN 

TGLF-NN 
10 iterations 
~11 sec 

- - - Experiment 
----- Iteration 0 
----- Iteration 10 

# Iterations 

Te 

ke
V
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Perturbation study with different starting profiles shows 
TGLF-NN has excellent convergence properties 

•  TGYRO with TGLF-NN model converges quickly and robustly 
 
•  Important because convergence of transport codes (not only TGYRO) with 

TGLF has been a long standing issue 

125% Te 
100% Te 
  75% Te 

- - - -  TGLF 
          TGLF-NN 
 

# Iterations 

Te
 @

 ⍴
=0

.4
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TGYRO with TGLF-NN is converging faster than TGLF 
because model’s output is a smooth function of the inputs 

Iteration #30 
By TGLF 

Scan of Ion Temperature Scale length  
 
 

Iteration #30 
By TGLF-NN 

Ion Temperature Scale length  Ion Temperature Scale length  

Ions 
Electrons 

Ions 
Electrons 
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Iteration #30 
By TGLF 

Iteration #30 
By TGLF-NN 

Ion Temperature Scale length  Ion Temperature Scale length  

Ions 
Electrons 

Ions 
Electrons 

TGYRO with TGLF-NN is converging faster than TGLF 
because model’s output is a smooth function of the inputs 
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NN accuracy is known to get worse outside of training 
domain → range-of-validity problem 

Ion Temperature Scale length  

--- TGLF 
---  NN 

Ion Temperature Scale Length entries in DATABASE 

•  Repeated the scan with a 
much broader range of a/LTi 
 

•  Outside of the training 
domain TGLF-NN follows 
the trend of TGLF  
 

•  We expect that within the 
training domain the 
uncertainty in the NN 
prediction is small  
 

•  Higher probability of being 
in training domain where 
the database is more dense 
for 1 parameter 
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NN accuracy is known to get worse outside of training 
domain → range-of-validity problem 

•  Looking at only individual inputs training range is not enough to evaluate 
whether we are inside/outside of training domain → we would have to check in 
all parameters dimensions! 
 

•  Training domain can have a very complicated topology in 15 dimensions! 
 

Point in training 
database 

Ion Temperature Scale length  

Input training 
range 

Conceptual representation of a 
3D sparse “training domain” 

NNs  
deviation 



17 

We could try to uniformly fill the training domain: 
 

•  15 input parameters, to build a uniform training domain we should discretize 
each input parameter with (for example) 5 values:  
   
515=30 billion → even more if using more parameters (eg. more ions) 
 

–  TGLF requires ~1 CPU-s 
–  8M CPU-h → 1k CPU-y 

 
 

 
 

•  Too much computational time and memory 
 
•  We have a smarter strategy! 

Solve the range-of-validity problem: 
a mindless approach 

Like a Rubik’s cube with 15 dimensions 
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1.  Run TGLF-NN and evaluate accuracy of prediction 

Solved the range-of-validity problem: 
implemented a dynamic training database approach 

TGYRO: 
 
-> run TGLF-NN  
-> accurate results? 



19 

1.  Run TGLF-NN and evaluate accuracy of prediction 
2.  If results are not accurate TGLF is runned, otherwise done! 

TGYRO: 
 
-> run TGLF-NN  
-> accurate results? 

y
e
s 

no 
-> TGLF 

OUTPUT 

Solved the range-of-validity problem: 
implemented a dynamic training database approach 
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1.  Run TGLF-NN and evaluate accuracy of prediction 
2.  If results are not accurate TGLF is runned, otherwise done! 
3.  Every time TGLF is runned results of the simulation are stored in “the cloud” 

TGYRO: 
 
-> run TGLF-NN  
-> accurate results? 

y
e
s 

no 
-> TGLF 

OUTPUT 

Solved the range-of-validity problem: 
implemented a dynamic training database approach 
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1.  Run TGLF-NN and evaluate accuracy of prediction 
2.  If results are not accurate TGLF is runned, otherwise done! 
3.  Every time TGLF is runned results of the simulation are stored in “the cloud” 
4.  NN is constantly trained with the updated TGLF data 

Neural Network 

TGYRO: 
 
-> run TGLF-NN  
-> accurate results? 

y
e
s 

no 
-> TGLF 

OUTPUT 

Solved the range-of-validity problem: 
implemented a dynamic training database approach 
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1.  Run TGLF-NN and evaluate accuracy of prediction 
2.  If results are not accurate TGLF is runned, otherwise done! 
3.  Every time TGLF is runned results of the simulation are stored in “the cloud” 
4.  NN is constantly trained with the updated TGLF data 
5.  TGLF-NN with extended training range is  

used by TGYRO 

TGYRO: 
 
-> run TGLF-NN  
-> accurate results? 

y
e
s 

no 
-> TGLF 

OUTPUT 

Neural Network 

Solved the range-of-validity problem: 
implemented a dynamic training database approach 
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•  No need to run TGLF where NN performs well → speedup 
–  Avoid overfilling the database in areas where there is already data 

•  NN training database automatically expands where needed 
–  Fill in empty training areas 
–  Only a small fraction of 15 dimensional space! 

TGYRO: 
 
-> run TGLF-NN  
-> accurate results? 

y
e
s 

no 
-> TGLF 

OUTPUT 

Neural Network 

Solved the range-of-validity problem: 
implemented a dynamic training database approach 
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•  No need to run TGLF where NN performs well → speedup 
–  Avoid overfilling the database in areas where there is already data 

•  NN training database automatically expands where needed 
–  Fill in empty training areas 
–  Only a small fraction of 15 dimensional space! 

TGYRO: 
 
-> run TGLF-NN  
-> accurate results? 

y
e
s 

no 
-> TGLF 

OUTPUT 

Neural Network 

Solved the range-of-validity problem: 
implemented a dynamic training database approach 
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NN accuracy evaluated as the ratio of the deviation of NNs 
outputs to the range of the outputs observed during training 

Ion Temperature Scale length  
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σrange: Outputs 
deviation observed 
during training  

Ion Temperature Scale length  

NN accuracy evaluated as the ratio of the deviation of NNs 
outputs to the range of the outputs observed during training 
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σrange: Outputs 
deviation observed 
during training  

σ2: Large 
NN outputs 
deviation 

σ1: Small 
NN outputs 
deviation 

σ2/σrange>0.1   

Likely outside of 
training range!! 

σ1/σrange<0.1 

Likely inside of 
training range 

(or likely robust 
extrapolation 

anyways) 

Ion Temperature Scale length  

NN accuracy evaluated as the ratio of the deviation of NNs 
outputs to the range of the outputs observed during training 
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σrange: Outputs 
deviation observed 
during training  

σ2: Large 
NN outputs 
deviation 

σ1: Small 
NN outputs 
deviation 

σ2/σrange>0.1   

Likely outside of 
training range!! 

σ1/σrange<0.1 

Likely inside of 
training range 

(or likely robust 
extrapolation 

anyways) 

TGLF 

Ion Temperature Scale length  

TGLF-NN 

NN accuracy evaluated as the ratio of the deviation of NNs 
outputs to the range of the outputs observed during training 
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σrange: Outputs 
deviation observed 
during training  

σ2: Large 
NN outputs 
deviation 

σ1: Small 
NN outputs 
deviation 

σ2/σrange>0.1   

Likely outside of 
training range!! 

σ1/σrange<0.1 

Likely inside of 
training range 

(or likely robust 
extrapolation 

anyways) 

0.1 → input parameter chosen by user TGLF 

Ion Temperature Scale length  

TGLF-NN 

NN accuracy evaluated as the ratio of the deviation of NNs 
outputs to the range of the outputs observed during training 
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σrange: Outputs 
deviation observed 
during training  

σ2: Large 
NN outputs 
deviation 

σ1: Small 
NN outputs 
deviation 

σ2/σrange>0.1   

Likely outside of 
training range!! 

σ1/σrange<0.1 

Likely inside of 
training range 

(or likely robust 
extrapolation 

anyways) 

Fast, does not depend on # of dimensions or 
topology of training domain 

TGLF-NN 

TGLF 

Ion Temperature Scale length  

NN accuracy evaluated as the ratio of the deviation of NNs 
outputs to the range of the outputs observed during training 
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TGLF-NN enables transport whole device modeling and 
integrated simulations that are accurate and fast 

ITER 

DIII-D 

ITER 

DIII-D 
Same but in 

15 dimensions 
 
Dense 

 
Sparse 

1.  Neural network accelerated model accurately reproduces TGLF fluxes but 105 
faster than full calculation 

2.  Embedded TGLF-NN in TGYRO transport code, and can reproduce profiles 
predicted by full TGLF calculation 

3.  Implemented an innovative dynamic training approach, which creates a 
sparse database with only the data of interest 
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TGLF-NN enables transport whole device modeling and 
integrated simulations that are accurate and fast 

NN approach breaks the usual 
speed-accuracy tradeoff and the 
innovative dynamic training database 
approach addresses NN range-of-validity 
problem 

Techniques presented today are 
general and can be used to accelerate 
other numerical modeling problems 

Speed 

Accuracy 

TGLF-NN 

1.  Neural network accelerated model accurately reproduces TGLF fluxes but 105 
faster than full calculation 

2.  Embedded TGLF-NN in TGYRO transport code, and can reproduce profiles 
predicted by full TGLF calculation 

3.  Implemented an innovative dynamic training approach, which creates a 
sparse database with only the data of interest 


