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Optimization Layout

‘ Initial design ‘ I '4 Design objective
variables

evaluation

|
e Design simulation in g4bl :
.

Update design

T T \C/\(/)ﬁakly-focusing Electiode HV variables
Injection 1000 mm
tubes \ H HM H\IIHI‘{ 1 ” m Longitudinal field at r = 31 mm
il
P PR
E(?I’g solenoid MUOH track é‘i‘gctrode
Ground
Design parameters: 7
* Injection coordinates 8
« Magnetic field strength
» Correction coil features
» Weak-focusing coil features “F Soenid + meakly ocusingeld |
» Kicker pulse features s v At i, 1t
e ... 2'8—54[)0 —-300 —-200 —-100 [0 , 100 200 gOO 400



Optimization Layout

« Sampling input variables

* Sobol distribution

* Maximum uniform spread
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Optimization Layout
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Initial design Design objective |
variables ) | evaluation )

« Maximize injection efficiency

* Minimize power dissipation of setup

* Minimize polarization spread in stored muons Update design
. variables
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Optimization Layout

Update design variables based
on objective evaluation

‘ Initial design
variables

Design objective
) evaluation

Repeat until optimal solution found

Upglate design
Required to run simulation thousands of times 1 variables

- computationally expensive ~ TEEEsEEsEes

Replace physics simulation with approximation
— surrogate model
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- Many ways
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PCE Surrogate Model

« Polynomial Chaos Expansion (PCE) :
Y = Z a;¥,; (%)
i=0

Y - Model response (injection efficiency), ¥. — Orthogonal polynomials
X — input variables, a. — expansion coefficients

* Polynomial basis based on input variable distribution

« Coefficients determined using regression based methods

| N P-1 2
= Argminﬁ Z {f(gj) = Z ;¥ (F)}



NN Surrogate Model

« Use the input (design) and
output (objective) to train a Input layer Hidden layers
neural network ' i

* Need to make choice for Hpub]

hyper parameters:

— no. of hidden layers

—

A

no. of neurons
learning rate
optimizer
scheduler
activation functions

i Output layer
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Model Performance

Model performance for a 6 dimensional input space
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Genetic Algorithm: NSGA-II
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Non-dominated Sorting Genetic Algorithm-I|

Evaluate objective (e.g Rank the individuals based on

injection efficiency) for ~__g, non-domination
Generate initial ¥ each individual in initial —a Select individuals for the next
population in given population Non-dominated individuals form generation based on rank, i.e
input space. Each mem- first pareto front. from higher pareto fronts

ber is called an individual /
Apply crossover and

Replace the current .
mutation to create

population with the Repeat steps for a :
combined population of -~ predetermined number of / ic;]f(fjsisignglfrom the selected
parents and offspring generations or until Hals

convergence criteria is met
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Surrogate model based NSGA-Il performance
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A look at Solutions: Magnetic Field Profile
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A look at Solutions: Storage phase space at Injection
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px [mm]
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A look at Solutions: Transverse Storage Phase Space
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Summary

Running simulations iteratively is bottleneck in optimization process

Orders of magnitude speed up can be achieved by replacing physics simulation
by surrogate model

Genetic algorithm NSGA-II used to run multiobjective optimization

PCE and NN surrogate models based GA investigated,;
~103speed up for PCE, ~10*for NN

No significant difference in storage phase space at injection or storage for 3 kicker
timings

Possibility to improve efficiency with bigger pulse coil separation

Plan to expand into optmization where higher dimensional input space can be
iImplemented with straightforward uncertainty quantification techniques
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Total phase space after collimation
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Neural Net hyperparameters

def init (self, input_dimension, output dimension, n_hidden_layers,
neurons, regularization_param, regularization exp):
super(net, self). init_ ()
# Number of input dimensions n
self.input_dimension = input_dimension
# Number of output dimensions m
self.output_dimension = output_dimension
# Number of neurons per layer
self.neurons = neurons
# Number of hidden layers
self.n_hidden_layers = n_hidden_layers
# Activation function
self.activation = nn.LeakyReLU()
=
self.regularization param = regularization param
#
self.regularization exp = regularization exp

self.input layer = nn.Linear(self.input dimension, self.neurons)
self.hidden layers = nn.ModulelList([nn.Linear(self.neurons, self.neurons) for _ in range(n_hidden layers)])
self.output layer = nn.Linear(self.neurons, self.output dimension)

self.dropout = nn.Dropout(@.1)

# Model definition

my network = net(input dimension=x_train norm.shape[1l], output dimension=y train_norm.shape[1],
n_hidden_layers=8, neurons=512, regularization_param=0,
regularization exp=0) #2 Ie-5

# Random Seed for weight initialization
retrain = 134

# Xavier weight initialization

init xavier(my network, retrain)

optimizer_ = optim.Adam(my_network.parameters(), lr=le-3)#, weight decay=le-5)
#optimizer = optim.LBFGS5(my network.parameters(), lr=8.1, max iter=1,
= max_eval=58000, tolerance change=1.@ * np.finfo(float).eps)

scheduler = optim.lr scheduler.ReduceLROnPlateau(optimizer , mode='min‘, factor=0.5, patience=580080)
#scheduler = optim.lr_scheduler.SteplLR(optimizer=optimizer , step size=50, gamma=0.5)

n_epochs = 200



Neural Net activation function

= Leaky RelLU
h
0 Sigmoid / Logistic
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6-d optimization parameter bounds

bounds = {"T Offset": [80, 98],
"BPI": [6.35,0.86],
YEC Len®™: [88, 1548],
g R - [40, 84],
“CC_ThiCI-(":[?,lE],
"CC Pos":[166,241]}
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