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Statistical methods in high-rep-rate LWFA — genetic algorithm
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Apply machine learning to LWFA experimental data

 Machine learning vs. genetic algorithms?

*  GA provides only local optimum while ML allows feature analysis
*  GA throws away 90% of the data while ML utilizes all
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SuperV|sed learning architectures

Input: age, gender, occupation, . Like the computer game X
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IHumbird, Kelli D., et al. "Deep neural network initialization with decision trees." IEEE trans. on neural networks and learning systems 30.5 (2018): 1286-1295.

5 IV UNIVERSITY OF MICHIGAN



Feature dimensionality reduction
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Feature Importance of Zernike coefficients

Importance

 Calculate prediction error of model f:

e =Ly, f(X)) Model 157 [2nd [ 3rd [ 47h
O For each feature i:

O Permute data values in feature i F‘”ﬁf(ﬂ]?m F?IEE’T 1 Oj6]1]10
0 Generate permuted feature matrix xP¢"™ Gaussian Process| 1 | 101 0 | 6
O Calculate prediction error of model f: Neural Network | 0 | 10| T | 3
eberm — L(y,f(Xperm)) DJINN 1 1 10] 0|6
O Obtain importance of the it" feature = Correlation O[10) 1113
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O Sortimportance of features in descending order

_ _ _ Order of Zernike polynomials
Molnar, Christoph. Interpretable Machine Learning. Lulu. com, 2020.
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Evaluate model performance on every datapoint

Low-qualit} datapoint
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Model performance against virtual measurement errors

Random Forest
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Measure. Error Mean a ‘Within o ‘Within 24 Within 30

1% 1.47E-03 1.11E-04 67.8% 95.2% 99.6%

3% 1.64E-03 2.65E-04 69.8% 95.9% 99.3%

5% 2.04E-03 4.40E-04 70.8% 95.1% 99.2%

10% 3.83E-03 1.21E-03 70.2% 95.7% 99.4%
Measure. Error Mean a ‘Within o ‘Within 2a ‘Within 3o

1% 1.88E-03 8.34E-05 69.0% 96.1% 99.5%

3% 2.07E-03 2.72E-04 70.4% 97.0% 99.6%

% 2.46E-03 4.6TE-04 68.5% 95.5% 99.5%

10% 4.37E-03 1.22E-03 69.6% 95.6% 99.5%
Measure. Error Mean o Within o Within 2o ‘Within 3o

1% 2.9E-03 1.6E-03 91.3% 93.2% 97.4%

3% 3.2E-03 2.0E-03 90.1% 94.1% 98.3%

3.6E-03 2.0E-03 88.3% 94.8% 98.4%

10% 5.3E-03 2.0E-03 74.6% 96.6% 98.7%
Measure. Error Mean o ‘Within o ‘Within 2o ‘Within 3o

1% 1.73B-03 1.60B-04 69.8% 96.3% 98.9%

3% 2.14E-03 4.15E-04 74.1% 95.8% 98.9%

5% 2.83E-03 8.05E-04 75.2% 96.0% 98.2%

10% 5.93E-03 2.00E-03 70.9% 96.8% 98.9%
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Summary

e Built four supervised learning regression models to predict the electron
beam charge from the laser wavefront change

« Evaluated model prediction : MSE < 2 x 1073 for all models

 Random Forest fit our dataset better considering performances and
computational cost

ML enables feature analysis beyond just optimizing a target
 Ranked the importance of Zernike coefficients in this LWFA process

* Analyzed data quality by evaluating models on every datapoint

* |Included virtual measurement error

http://arxiv.org/abs/2011.05866 linjinp@umich.edu
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