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The problem and the goal
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« Write a software able to make a decent estimation of the output
parameters based on the input parameters in a faster way
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The purpose of ML

Why ML?

 Usual fit — when we know the
function

« ML fit — when we don’t know the
function

The goal for our ML
e Sparse dataset
« Every point matters

« Small simulation errors
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Methods and datasets

Methods: Datasets

* Neural network « All are for a simple gun with booster lattice

« Decision tree 1d initial charge scan

« Gradient tree boosting 2d charge and solenoid field grid-like scan

« Kernel ridge, linear models 2d random scan

« Voting (averaging of others) 3d charge, solenoid and electron gun fields scans
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A simple tree model example
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Fit results

Performance
* Qualitative match

* Red dots — simulation scan
points

« Can be plotted for each of
models
Models

« Linear models and kernel ridge
are not implemented for >1
dimension datasets

* NN fit on the top, Tree fit on the
bottom
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Fit results

Fit comparison

« Training accuracy of all models
~100%*

* Rigidity of the tree models

* NN + Boost — their averaging

Relative deviation
 Tree errors up to 40%*
« Best model average errors ~5%

NN + Boost is usually the best
choice
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Java automation program

Send a simulation task

« Convenient way to perform
ASTRA scans

« Two possible scan mods

 Predict
« Train different models
* Visualize the training results

« Set the input parameters and
obtain the estimation
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¥ Simulation Estimator

W Loadin file

| Make a prediction ‘

¥ Simulation Estimator

i load simulation results |

Make a simulation dataset

parameter | lowervalue | uppervalue |step (for ste... parameter Value parameter | value estimate? parameter prediction
QBUNCH 0.2 02 1.0 RUN 1.0 v X_pos 0.0
MAX_STEP 200000.0 v Y_pos 0.0
ZSTART 0.0 V| Z_pos 0.0
ZSTOP B.27T
ZEMIT 400.0 v alfa_x 0.0
ZPHASE 1.0 v alfa_Y 0.0
SCREEN(1) 24 v Charge 0.0
SCREEN(2) 5.277 v sigZ 0.0
NRAD 50.0 v sigX 0.0
NLOMG_IN 500.0 v sigY 0.0
M_MIN 200.0 v energy_spre...|0.0
MAX_SCALE 0.05 v emittance_Y |0.0
MAX_COUNT (200 v emittance_X |0.0
S POS{1) 0.0
MAXE(1) 60.5
MAXE(2) 16.0
C_POs({1) 0.0
C_POS(2) 2675
NUE(2) 13
PHI{1) 0.0
PHI(Z) 0.0
=l
=
samples number: ’_
Send stepped job | Send random-sampled job | predict | train and predict | cpoose model
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GUI visualization of the trained model

3d plots for 2d datasets (NN fit)
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Summary

Input parameters scan times can be significantly reduced with the usage of ML

* Multiple ML algorithms are implemented

* The models performance is tested on various datasets

* An error in the worst case is ~40%, but the usual relative divergence of the best model is ~5%

« The Java GUI program is written for ease of train, prediction, and scans
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Thank you



Contact
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