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Artificial Intelligence

ARTIFICIAL INTELLIGENCE

IS NOT NEW

ARTIFICIAL INTELLIGENCE

Any technique which enables
computers to mimic human
behavior
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Application of Artificial Intelligence

1- Automated customer support
2- Healthcare

3- Finance

4- Smart cars and drones

5- Social media

6- Smart home devices

7- Creative arts

8- Security and surveillance

9- Education

10-Agriculture
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Two main class of problems we deal with

e (Classification

- Identify if an object belongs to one of

N subgroups

- Divide objects into distinct classes and

find the discriminating feature(s)

- Identify outliers / class of interest in a
dataset

* Regression

- Estimate the relation between
observables and quantities of interest

- Both parametric (eg. fitting a line to
data) and nonparametric (eg. splining /

kriging)
- Interpolation and extrapolation
- Prediction and forecasting.
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Example of handwritten digit recognition
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Example of handwritten digit recognition
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Can we use deep learning to study symmetry energy?

: - Brain/CNN
i .
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Three
terms:
[Training,

Testing,
Validation]
database

Training - giving data to your method and
letting it find a mapping between input
and output variables.

Validation - checking to see if this mapping
still works when applied to data not in the
training set.

Testing - after the training is done, this last
piece of data is used to check if the
mapping we’ve got works - determines the
predictive power.

Train Validation Test




Overfitting

Training data

Underfitting Optimal Overfitting



Overfitting
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* Y; represents predicted values



Overfitting

Training data

Validation data

Testing data

Underfitting Optimal Overfitting
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*n is the number of data points
* Y; represents observed values
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* Y; represents predicted values



Data Zoo

Au+Au, b=5 fm 120
1|——EOQOS0

E,.,=0.4 GeV/nucleon 1004 ——EOS1

800, 000 events for each ||—Eos3
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(MeV)

EOSO 60% 15% 25%
EOS1 44.3 60% 15% 25%
EOS2 81.2 60% 15% 25%
EOS3 106.4 60% 15% 25%

EOS4 159 60% 15% 25%



Elliptic flow
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y,: -2.0 to 2.0 with 40 bins
p,: 0 to 1 GeV/c with 20 bins || =+
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Data Zoo: y .vs. p, of
proton from 1 events

20*40=800 pixels




Data Zoo: from 1 events

Epoch: The number times that the learning algorithm will work through

the entire training dataset.
Normalized confusion matrix
Training and validation accuracy
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One epoch means that each sample in the training dataset has had an opportunity to
update the internal model parameters.




from 1 events
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Fluctuation is very large, thus it is very different to determine weights and biases.
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Comparison of EOSO and EOS4




Data Zoo :
y .vs. p, for

proton
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Convolution neural network (CNN)
architecture

Particle 64 128 Flattened=6400 FC=128 Output layer Output
Spectra features features
20*40 pixels 20%40 10*20
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5%5 conv,64 5%5 conv,128

Dropout(0.1), BN, Dropout(0.1), Dropout(0.1)
LeakyReLU, avgpool LeakyReLU, avgpool LeakyRelLU ,softmax

Two hidden layers




(12888, 28, 48, 1) (3898, 28, 48, 1) (12808, 5) (3888, 5)

Layer (type) Qutput Shape Param #

conv2d_1 (Conv2D)

batch_normalization_1 (Batch (Mone,

leaky re_1u_ 1 (LeakyRelU) {None,

dropout_1 (Dropout) {Mone,

average_pooling2d_1 (Average (Mone,

conv2d_2 (Conv2D) {None,

leaky_re_1lu_2 (LeakyRelU) {Mone,

dropaut_2 (Dropout) {Mone,

average_pooling2d_2 (Average (Mone,

flatten_1 (Flatten) {Mone,

dense_1 (Dense) {None, 8193238

leaky_re_1lu_3 (LeakyRelU) {Mone,

dropout_3 (Dropout)

dense_2 (Dense)

Total params: 1,826,725

o e a5 One million parameters

Train on 12888 samples, validate on 3888 samples




Results: y .vs. p, for protons

Adeindoy
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Results: y .vs. p, for neutrons

Adeindoy
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Normalized confusion matrix
Training and validation accuracy
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Results: y .vs. p, for protons

Regression
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Results: y .vs. p, for neutrons

Regression
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|
Dotted line is True value
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Summary

* Deep learning can be used to study nuclear
symmetry energy.

* 100 events = 1 samples, with proton y-p, data,
accuracy is about 55%, but with neutron data,
accuracy can reach to 70%.

* For regression task, mean squared error are
about 22 and 15 MeV for proton and neutron
data, respectively.



Outlook

Collecting different data, e.g., y-p,-v,/V,,p,-0/®
Collecting more data from different models
Using data from experiments

The use of Al in heavy-ion physics has yet to
reach its full potential.




