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Useful Links

* Indico page:
I;ttps://indico. ph.gmul.ac.uk/indico/conferenceDisplay.py?ovw=True&confld=54

- Kaggle page for the pulsar dataset:
https://www.kaggle.com/pavanrajl59/predicting-a-pulsar-star

* Github repo with all the code from these tutorials:
https://github.com/adrianbevan/GRADnet-ML/tree/master/Pulsars

* Misc useful links for more information on machine learning:
- https://towardsdatascience.com/
» https://www.coursera.org/learn/machine-learning

- https://elitedatascience.com/learn-machine-learning
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The Data

- Data is based on a Kaggle
set investigating pulsars

* Pulsars are highly
maghnetized neutron stars
that emit radiation from
their magnetic poles e

9.class of pulsar star. 1 for
1.Meanof theintegrated 1. Standard deviation of 1. Excesskurtosisof the 1. Skewness of the 1.Meanof the DM-SNR  1.Standard deviation of 1. Excesskurtosisof the 1. Skewness of the DM~ pulsar star,0 for not a star
profile the integrated profile. integrated profile. integrated profile. curve. the DM-SNR curve. DM-SNR curve. SNRcurve.

- Data contains 8 columns A& 0 ' .

i I d i tl i I i k
I n c u I n g m e I C S I e 1 148.5625 55.68378214 -0.234571412 -0.699648398 3.199832776 19.11842633 7.975531794 74.24222492 €

2 162.5078125 58.88243001 6.465318154 -60.515087989 1.677257525 14.86014572 10.57643674 127.3935796 €

= - - 3 163.015625 39.34164984 0.323328365 1.851164429 3.121257458 21.74466875 7.735622015 63.17198911 €
urtosis an ispersionof = - o oo omoom o o oo |

5 98.7265625 48.67200541 0.600866079 1.123491692 1.178929766 11.4687196 1426957284 252..5673058 ¢

] ] 6 93.5703125 46.60811352 0.53199485 0.416721117 1.636287625 14.54507425 106217484 131.3948043 €

ra d I a t I o n m ea s u re S 7 119.484375 48.76505927 0.63146022 -0.112167573 0.99916388 9.279612239 19.26623018 479.7565669 €
8 130.3828125 39.84405561 -0.158322759 0.389540448 1.226735786 14.37894124 13..53945602 188.2364565 ¢

9 167.25 5262707834 0.452688025 6.170347382 2.331939799 1448685311 9.001084441 167.9725056 ¢

10 107.2578125 39.49648839 0.465881961 1.162677124 4.079031438 24.98041798 7.397079948 5778473789 €

- 11 142.078125 45.28807262 -0.320328426 0.283952506 5.376254181 29.00989748 6.076265849 37.83129335 ¢

[ ] I h e d ata a I So c o n ta I n s a 12 133.2578125 41.05824378 -0.081050862 0.115361506 1.632107623 1206780568 11.97206663 1055434476 i
12 124.9689375 49.55022662 -0.135383833 -0.880469602 10.69648829 11.34284361 3.93934139 14.13120625 ¢

18 1179453125 45.50657724 0.325437564 6.661459458 2.836126401 23.11834971 8.343211912 §2.47559167 €

t t I ] 0 1 15 138.1796875 51.5244835 -0.031852329 0.046797173 6.336267559 31.57634673 5.155939859 26.14331017 ¢
a rg e C a S S ] o r 16 1143671875 51.94571552 -0.894498904 -0.287984087 2.738204314 1719189679 9.050512454 96.61198318 ¢

17 189.648625 49.01765217 9.13763583 -0.256699775 1588361204 12.67299134 1336792556 223.4384192 €

= 18 100.8515625 51.74352161 0.393636792 -0.011240741 2.841137124 21.63577754 8.302241891 71.58436993 €

e e n I n o n n ot- a - u S a r 18 12689375 51.60100464 -0.645908926 -0.271816353 9.342800365 38.09639955 2.345438138 18.67364854 ¢

20 99.3671875 41.57220008 1.547196967 4154106043 27.55518395 61.71981588 2.20880796 3.662680136 1

21 100.898625 51.89839426 0.627486528 -0.026497802 3.883779264 23.04526673 6.953167635 52.27944038 €

o r u I Sa r 22 105.4453125 41.13996851 0.142653801 .320419676 3.551839465 20.75501684 7.739552295 68.51977061 €
p 23 95.8671875 42.05992212 0.326386917 0.803501704 1.82277592 12.24896949 11.249331 177.2387712 ¢

2 117.3671875 53.90861351 0.257953441 -0.485040077 6.018304649 24.76612335 1.807783224 25.52261561 ¢
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What are we doing?

* Create 3 machine learning algorithms that
identify pulsars from the data

 Understand how to use specific python
modules to do this

e Get an idea of when to use and not use each
algorithm

- sklearn, pandas, matplotlib, numpy, keras,
tensorflow
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Logistic Regression

- Statistical model that uses a logistic function to (usually) model a binary
variable (0O or 1)

« An example of this function is the sigmoid:
1

) = —
317 l4+e”*
* Uses gradient descent for the meat of the regression

* An issue with this approach is that extreme cases are presumed to become
progressively rarer at a specific rate

* Not very good if one doesn’t have much data
Linear Regression . Logistic Regression
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Logistic Regression

Example file: pulsar_logistic_sklearn.py

Data Preperation

ddtd df.drop(columns= )]
t numpy as np data-np.min(x_data))/(np.max(x_data)-np.min(x_data)) #s
t pandas as pd =df.target_class.values
t matplotlib.pyplot as plt
klearn.model_selection rt train_test _split ompare_score=[]
sklearn.linear_model fir - LogisticRegression
from scikitplot.estimators import plot learning curve L Lit
df=pd.read csv( | _test ain_test split(x, y, test size , random_state=

Model Creation

r=LogilsticRegrs¢
r.fit(x _train,

Visualization Leamingcine
_ r.score |:‘ X test . YV test : v —e— Cross-validation score
ompare_score.append(lr_score)

[ sesE——

print( .format(1lr_score)) § osss |
lot_learning_curve(lr, x_test, y test, s

1t.show()

500 1000 1500 2000
Training examples
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Decision Trees

Decision Tree Classification (Test set)

Advantages Disadvantages
Simple to understand and interpret Not very robust
Useful for classification and regression  Make locally optimal decisions

Requires little data preparation and can Prone to over-fitting
handle large data sets
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Boosted Decision Tree

Example file: pulsar_bdt.py

Data Preperation

t pandas as
arn.tre t DHCIHIDHTF:¢C1dﬂM1f1Hr
learn.ensembl ort DwtCla€§1f1Hr

1t

using train t
nport plot_learning_curve -

e split
y_test:train_test s
i

st
plLit(X, v,

test size , random_

cld sifier=classifier. flttf trdlﬂ y_train}

icting the

Visualization
score=round(metrics.accuracy_score(y_t 100
print( ,formdttbcgre}}

plot_learning curve(classifier, X test, y test) ! |
plt.show()

0.96 4 —@— Training score
—8— Cross-validation score

T T T T
500 1000 1500 2000
Training examples
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Artificial Neural Networks

N
OF,;
Wl = Wr — Y Y =
g—=1

N
OF;
Qr—l-l — 91" _’YZ 90
] |

Advantages Disadvantages

Among the most accurate of modelling Computationally intensive
approaches

Useful for classification and regression  Easy to over- or under-training data:.

Makes few assumptions about Results in a complex black box model

relationships in the data
n 14/01/20




Artificial Neural Network

Example file: pulsar _ann.py
Data Preperation

Lmport numpy as np
import pandas as pd
import matplotlib.pyplot as plt
from sklearn.preprocessing import StandardScaler
‘rom sklearn.model selection import train_test split
from keras import Sequential
keras.layers import Dense
‘rom sklearn.metrics import confusion matrix
‘rom scikitplot.estimators import plot learning curve
df=pd.read csv(

Model Creation

classifier=Sequential()

hidden layer

Hfirst
i input features,

have 8 1 output and the kernel_initializ

twe

.add(Dense(2, activation= , kernel_initializer=

.add(Dense(2, activation= , kernel_initializer=

.add(Dense(1, activation= ,
the network
.compile(optimizer= , Loss=
#fitting the data to the training set
history=classifier.fit(x _train, y train, wvalidation split=
#evaluate the loss value and metrics values for the model
eval model=classifier.evaluate(x train, y train)

eval model

kernel_initializer=

, batch size=

x_data=df.drop(columns= )
¥=StandardScaler().fit_transform(x_data)
y=df.target_class.values

x train, x test, vy train, y test=train_test split(X, v,
test_size= , random_state=42)

1 input layer, 1 hidden
layer, 1 output layer

normal distribution to

))

, lnput_dim=

8 features, 1 output
Minimum 8 neurons in the
hidden layer

Validation set to get an
idea of accuracy per
epoch

))

, metrics=[

1)

, epochs=15)

in test mode using evaluate funcn.
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Artificial Neural Network

Example file: pulsar_bdt.py

Visualization

=confusion_matrix(y_test, y_pred)
print(cm)

list all data in history
print(history.history.keys())

# summarize history for accuracy
.plot(history.history[ 1)
.plot(history.history[ 1)
title( )

.ylabel( )
.xlabel(

.legend([

.show()

summarize history for loss

.plot(history.history|[
.plot(history.history|[
title( )
.ylabel( )
.xlabel( )
.legend([ ;
,shcw()D
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GANSs
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Backup: Gradient Descent

* F(x) is differentiable around
point theta

* F will decrease fastest if
going in the direction of
negative gradient

« Gamma is some real, positive
number

« Converges to a local
minimum
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