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1. Introduction to the problem
2. Case study: from ASDEX Upgrade to JET*
2.1 — Diagnostics
2.2 — Predictor
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3. Conclusions

*Murari A., Rossi R., Peluso, E., Lungaroni M., Gaudio P., Gelfusa M., Ratta, G., Vega, J. and JET contributors “On the transfer of
adaptive predictors between different devices for both mitigation and prevention of disruptions”, Nuclear Fusion 2020
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Possible solutions
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Solution #1
Rendering the training set and test
set as “similar” as possible:

* Dimensionless signals Signal normalisation , Scaling laws
(same behaviour — different machines) ' (Scale indicator between tokamaks )
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Possible solutions

Solution #2
Updating the training set with the evolution
experimental campaign:

* Adaptive learning
The training set is continuously updated

(pulse after pulse) to achieve the best
performances

Adaptive Machine Learning
(From scratch training, evolves after each pulse)
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A.Murari et al “Prototype of an adaptive disruption predictor for JET based on fuzzy logic and regression trees” Nuclear Fusion 48(3) 2008
A. Murari et al “Adaptive predictors based on probabilistic SVM for real time disruption mitigation on JET” Nuclear Fusion, Volume 58, Number 5, March 2018
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Case study from ASDEX-Upgrade to JET : Methodology

Diagnostics

Plasma current
Internal inductance

Locked mode
Normalized with respect to the plasma
current and tokamak geometry (similarly
to P.C. de Vries et al 2016 Nucl. Fusion 56
026007)

Radiation (bolometers)
Normalized indicators
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Case study from ASDEX-Upgrade to JET : Methodology @
Predictor Dataset | 7 /7 7/
Ensemble of classifiers based on Classification and A ) S
Regression Trees (CART) Diversified datasets EZZZ} [ 22277 Eﬁﬂ?
Each classifier is trained with a diversified training set. Weak classifiers i i

A decision function is used to provide a unique

¥
. . . . Decision function
decision (disruptive or safe) ' Y

Output i

Trees per ensemble (Random Forests) = 40

Y 4
Number of Ensembles = 11 / \
Total weak classifier = 440 / > / \
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Case study from ASDEX-Upgrade to JET : Results

Results on ASDEX-Upgrade
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Case study from ASDEX-Upgrade to JET : Results

Results on JET without any specific training -
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Conclusions

/{
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Prediction on JET starting from a training on ASDEX-Upgrade has been tested and it has
been demonstrated that acceptable prediction performances can be obtained if we use:

* Dimensionless signals;
* Adaptive approaches with transfer learning .

Moreover, predictors can be optimised to increase the warning time, but at the price of
slightly lower accuracy.

Use of multiple predictors for different tasks (mitigation, prevention, and avoidance) may
be a good solution, as also recently investigated by G. Ratta et al.
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Appendix B — Decision functions and Obsolescence 8

Adaptative learning

At each pulse, the dataset may be updated, and the classifiers retrained.

Real-time logic:
Disruption Dataset updated with the last well
predicted predictect no-disruptive shot

‘ Disruption Dataset updated with the missed
‘ missed disruption

Classifier

No disruption no
D prediction

No retraining

Adaptative de-learning

Oldest shots are removed from the datasets
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Appendix C — Classification And Regression Tree (CART)
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