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Introduction

TileCal working principle, geometry, and
degradation.




Introduction

The hadronic TileCal Calorimeter is one of the sub-detectors of ATLAS and contributes to
the measurement of jets, missing energy and in the trigger decision [1, 2].
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Geometry

Photomultiplier

Wavelength-shifting fibre

Steel

Scintillator

The detector consists of 64 modules
image). The detector’s readout unit is one cell:
A, B, D (right image).
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“The objective is to model the degradation of the TileCal scintillators
and optical fibres with Machine Learning regression to investigate
the dependencies on the specific detector design parameters and
run conditions.”
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Model
Training

Tuning the hyperparameters and training the
model




Selecting and clearing the data

np.random.seed(0)
tf.random.set seed(9)

data = pd.read_csv("https://www pt/~rut ng ss sv",delimiter=

train_cells=[]
test_cells =[]
counter=0

r cell in data['cell’].unique():
counter+=1
if cell in ['D5','D6']: co

even = (int(cell[-1])+1)%3==0

if even:
test_cells.append(cell)

s train_cellé.append(cell)

data_clean = data.query('li

print(f’'Clear

train_data
test_data
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Selecting and clearing the data

np.random.seed(0)
tf.random.set_seed(9)

data = pd.read csv("https: ww.lip.pt/~rute/TileAgeing/Lightloss 2015201620172018.csv",delimiter=" ")

input_features

train_cells=[]
test_cells =[]
counter=0
for cell in data['cell'].unique():
counter+=1
f cell in ['D5','D6"]:

even = (int(cell[-1])+1)%3==0

if even:
test_cells.append(cell)

se: train_cellé.append(cell)
train cells ['A1', 'A2', 'A4', 'A5', 'A7', 'A8', 'A12', ‘'A14', 'Al15', 'BC1’', 'BC2', 'BC4', 'BC(S', 'BC7', 'BC8', 'B11', 'B12', 'B14', 'B15', 'D1', 'D2', 'D4']

test cells ['A3', 'A6', 'A9', 'Al0", 'A13', 'Al6', 'BC3', 'BC6', 'B9', 'C1@', 'Bi13', 'D@', 'D3']
We have 35 usable cells train cells are|62.857142857142854 %, test cells are 37.142857142857146 %

train_data = data_clean.query('cell i
test_data data_clean.query('c




Scale the data

-om sklearn.preprocessing import StandardScaler

scaler=StandardScaler()

scaler.fit(train_data[input_features].values)
train_data_std f=scaler.transform(train_data[input_features].values)
test_data_std f=scaler.transform(test data[input features].values)

The activation function, namely the sigmoid, react better if the input data is
normalized between -1and 1.

Normalization ensures that the magnitude of the values that a feature assumes
are approximately the same, and consequently the weights of the inputs.




DNN creation

i-20

NN_model_array )3
(i<111):

NN_model - Sequential();

NN_model.add(Dense(i, kernel_ Lizer-"normal',input dim - train_data[input_features].shape[1], activ n="relu'))

NN_model.add(Dense(1i,
NN_model.add(Dense(1i,
NN_model.add(Dense(i,

r="normal’,a
‘normal’,a
~="normal’,a

‘relu'))
‘relu'))
‘relu'))

NN_model.add(Dense(1, kernel initiali

n

'normal’ ,activation

‘sigmoid”))

N

NN_model.compile{optimizer-tf.keras.optimizers.Adam(Llearning rate-0.0001), Loss-'mae', metrics-['mae’])
NN_model.build(train_data[input_features].shape)

NN_model_array.append(NN_model)
i+=10
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Fitting the model

NN_model-NN_model_array[5]
fit_model - NN_model_array[5].fit(train_data_std_f, train data['lightyield'].values, epochs-6, batch_size-32, verbose-1,validation split 0.5, shuffle=True, callbacks=EarlyStopping(pat
y_pred - NN_model_array[5].predict(test_data_std_f,verbose-8)

train_data_std f, train_data['lightyield'].values

callbacks=EarlyStopping(patience




Fitting the model

NN_model-NN_model_array[5]
fit_model - NN_model_array[5].fit(train_data_std_f, train data['lightyield'].values, epochs atch _size=3: erbose alidation split s shuffle=Tr cal Lbacks-EarlyStopping(patience-2
y_pred - NN_model_array[5].predict(test_data_std_f,verbose-8)

Batch size: 3
A Epoch: 1

Rtesation: 2

Batch size: 2
8 Epoch:1

Recation: 3
Batch size: 2

Epoch: 2

C
\ Iteration: §

Dataset of 6 images

2)




Fitting the model

NN_model-NN_model_array[5]
fit_model - NN_model_array[5].fit(train_data_std_f, train data['lightyield'].values, epochs-6, batch_size-32, verbose-1,validation split 0.5, shuffle=True, callbacks=EarlyStopping(pat
y_pred - NN_model_array[5].predict(test_data_std_f,verbose-8)

train_data_std f, train_data['lightyield'].values

callbacks=EarlyStopping(patience




Choosing the model

Tests done:
e Oto5layers
e 1to 101 neurons
o First layer fixed on 50 neurons and
others changing;
o All layers changing simultaneously.

i=1
NN_model_array [1;
(i<110):
NN_model - Sequential();

er="normal’,input_dim - train_data[input_features].shape[1],

NN_model.add(Dense(5¢

.add(Dense(i, *
NN_model.add(Dense(i, ke

on="relu'))
1="relu'))

1

desvio_padrao_esperado-test_data[ 'lightyield'].values.flatten().std()
duration_array -[1;

val_loss_array -[]1;

loss_array -[];

std_array -[1;

NN_model.add(Dense(1, & r="normal’,activation-"sigmoid"'))
i<len(NN_model_array):
np.random.seed(2)
tf.random.set_seed(2)
start - time.time()
NN_model. compile(optimizer-tf.keras.optimizers.Adam(Leary p0a1), fit_model - NN_model_array[i].fit(train_data_std_f, train_data['lightyield'].values,
io ‘mae’, met s=['mae']) epochs=1000, batch_size=32, verbose=8,validation_split 8.5, shuffle=True, callbacks=EarlyStopping(patience=2))
NN_model.build(train_data[input_features].shape) end - time.time()
y_pred - NN_model_array[i].predict(test_data_std_f,verbose-2)

y_pred_flat-y_pred.flatten()

NN_model_array.append(NN_model)
i+=10

std_array.append(abs(desvio_padrao_esperado-y_pred_flat.std()))

i
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0
0
4
0
0
5
0
0
5
0
0
5
0
0

minimo for encontrado
valor foi atingido ao

minimo for encontrado
valor foi atingido ao

minimo for encontrado
valor foi atingido ao

minimo for encontrado
valor foi atingido ao

minimo for encontrado
valor foi atingido ao

Choosing the model:

para um nimero de neurdnios=

0 valor foi atingido para
70

0 valor foi atingido para
60

0 valor foi atingido para
30

0 valor foi atingido para
30

O valor foi atingido para
70

[70, 60, 30, 30, 70]

70

60

30

30

0 valor minimo foi encontrado

20 com valor perda= 0.02195674739778042

final de 12 epoch de um total de 14

para um nimero de neurdnios=
final de 8 epoch de um total

para um nimero de neurdnios=
final de 6 epoch de um total

para um nimero de neurdnios=
final de 6 epoch de um total

para um nimero de neurdnios=
final de 6 epoch de um total

60 com valor perda= 0.014074659906327724
de 10

com valor perda= 0.012914612889289856

Q

de 8

70 com valor perda= 0.009086228907108307
de 8

70 com valor perda= 0.009933990842636156
de 8

valor minimo foi encontrado para 4 camadas com 70 neurdnios

neuronios

neuronios

neuronios

neuronios

neuronios

com valor

valor

valor

valor

valor

minimo

minimo

minimo

minimo

minimo

desvio

desvio

desvio

desvio

desvio

para 4 camadas com 30 neuronios

©.01004837826692663

0.00538934167107304175

0.0033344734831365187

4.847067541279004e-05

©.0007945383047422011




Tuning the Hyperparameters

The hyperparameters that correspond to a better performance of the model are:
e Four hidden layers;
e Seventy nodes for each layer.

Learning rate

The learning rate is the factor that controls the learning speed. The optimized value is
0,0001.

Activation Functions

For the input and hidden layers we use the RelLu function, and for the output layer we
use the sigmoid function.

Normalization
StandardScale Function.

Metric
Mean Absolute Error.




Model Prediction and Real
Measurement

Distribution of the ratio between the model prediction and the real measurement

m | m
Deviation
50 .
40 1 Predicted
g‘ values of 0.991219 0.017363
g lightyiedl
20 -
Measured
10 values of 0.995287 0.012725
lightyield

0 T T T T
0900 0925 0950 0975 1000 1025 1050 1075 1100
Ratio between the model prediction and the real measurement



Loss Function

Training and Validation loss

0.07 1 ~—— Taining loss

- yalidation loss
0.06 A

0.05 -
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Dependence
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Correlation Matrix

Correlation matrix
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def correlation_simul(min_
nr_short_fiber_tested-nr_intervals

min_value-data_matrix[:,tested colun].min()
max_value-data_matrix[:,tested colun].max()

interval_of_values-abs(min_value)+abs(max_value)
increment_short-(interval_of_values nr_short_fiber tested)

start_array-data_matrix[index]

start_matrix-np.zeros((nr_short_fiber_tested,15))

short_fiber_array-np.zeros(nr_short_fiber_tested)
real_short_fiber_array-np.zeros(nr_short_fiber_tested)

(i<len(start_matrix)):
start_matrix[i]-start_array
i+=1

i
nr_short_fiber-min_value

(i<len(short_fiber_array)):

short_fiber_array[i]-nr_short_fiber

real_short_fiber_array[i]-nr_short_fiber std_array[tested_colun]+ mean_array[tested_colun]
nr_short_fiber--increment_short

i+=1

nr_short_fiber-min_value
nr_short_fiber_ i-0
(nr_short_fiber_i<nr_short_fiber_ tested):
start_matrix[nr_short_fiber_i,tested_colun]-nr_short_fiber
nr_short_fiber+-increment_short

nr_short_fiber_i

y_pred_fiber - NN_model.predict(start_matrix)
y_pred_fiber_flat-y pred_fiber.flatten()

(short_fiber_array,y_pred_fiber_flat,real_short_fiber array)
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Lightyield depence on fibre size

Cell A2

Cell Ale

lightyield

lightyield

Lightyield em funcao do comprimento da fibra curta
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0.999 4

0.998

0.997 4

0.996

0.995 4

0.994 1

0.993 1

0.924642
—— 0.667723
—— 1.00995

T T T T T T T
160 170 180 190 200 210 220
Comprimento da fibra curta

Lightyield em funcao do comprimento da fibra longa

0.98 1
0.97 4
- 0.96 1
z
2z
=)
= 0.95 4
0.94 4
0.93 4
120 140 160 180 200
Comprimento da fibra longa
Lightyield em fungao do comprimento da fibra longa
1.000 |
0.998 -
5 0996
7]
z
£
el
0.994
9:992:1 — 0.924642
—— 0.667723
—— 1.00995
180 190 200 210 220 230

Comprimento da fibra longa




Lightyield depence on the number of fibres

Lightyield em fungao do n? de fibras curtas
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Cell A2
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Lightyield depence on dose

Lightyield em fungao da dose

Lightyield em fungao da dose rms
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Lightyield depence on dose rate

Lightyield em fungao da dose rate Lightyield em fungao da dose rate rms
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Lightyield depence on luminosity

Lightyield em fungao da luminosidade

Lightyield em funcao da intluminosity
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Lightyield depence on the number
of layers
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Lightyield depence on the number
of tiles
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Lightyield depence on tile width
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Lightyield depence on tile height
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Lightyield depence on date

Lightyield em funcao da data Lightyield em funcao da date

1.0000
0.9925
0.9995
0.9900 4
0.9990
0.9875 4
° 0.9985
3 0.9850 1 s
> = =
2 09825 2 0.9980
2 °
" 0.9800 - - 099751
0.9775 0.9970 4
—— 0.924642
0.9750 0.9965 - — Seers
09725 +— ; . . . 0.9960 — 1.00995
-1 0 1 2 3 4 145 1.46 147 148 149 150 151
Date (standardizado) date 1e9

Cell A2 Cell Al6




04

Conclusion

Interpretation of the obtained results




Conclusion

We trained the model with the training
dataset in order to predict the value for the
lightyield; then we tested with the test dataset
and the model was able to predict correctly.

In the real measurements all parameters
change simultaneously; therefore,
interpreting individual data changes s
complex and may not translate reality.




Conclusion

The model had issues predicting certain
lightyield values like for the Al6 cell and the 0.6
lightyield associated value.

There is a lack of measurements in that range,
the model was not able to predict them
correctly.

A further study on the range of predictions of
the model needs to be done.
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