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Previously on COM1011:

overfitting train-test split R2

Y = a1xr1 + a9x9 + a3xr3 + b



Yamir Moreno

Our results clearly show that higher vaccine hesitancy ratios lead to larger
outbreaks. This, however, cannot be translated directly |nto deaths since
age plays a very important. Work with A. de Miguel & @ ta. Data from
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Today:

e Introduction to classification
e Logistic regression
e Linear classifiers

e The perceptron algorithm



“ EN EFECTO,

FUNES NO SOLO RECORDABA CADA HOJA DE CADA

ARBOL, DE CADA MONTE, SINO CADA UNA DE LAS

VECES QUE LAS HABIA PERCIBIDO O IMAGINADO.
RESOLVIO REDUCIR CADA UNA DE SUS JORNADAS
PRETERITAS, A UNOS SETENTA MIL RECUERDOS,

QUE DEFINIRIA LUEGO POR CIFRAS. LO DISUADIERON
DOS CONSIDERACIONES: LA CONCIENCIA DE QUE LA TAREA
ERA INTERMINABLE, LA CONCIENCIA DE QUE ERA INUTIL”

FUNES EL MEMORIOSO - FICCIONES DE BORGES




Train-test split y

e Train your algorithm
on part of the data

e Test it on another part

e Splits are usually around
80% train, 20% test

e This can be used with all

sorts of ML algorithms




Classification

e Using xand y only

e Canvyou predict which dots
are red and which ones are
blue’
OR:

e Canvyou classify the (x,y)

pairs into red or blue?




Regression

Classification

prim



Regression

What is the temperature going to
be tomorrow?

DATA
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PREDICTION
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DATA

DATA

7773

Regression

What is the temperature going to
be tomorrow?

PREDICTION
84°

Fahrenheit

°F % 40 90 2 10 0 10 D 30 40 5 60 N B0 90 100 110 120 130 40 150 160 10 180 190 O 210 220 20
Classification
Will it be Cold or Hot tomorrow?
coLD m

........................

OF 0 <40 30 0 W0 0 10 20 30 40 5 60 0 80 9 00 110 120 130 140 150 160 10 180 190 A0 210 220 20



Classification is used everywhere

INBOX

N
AT

CLASSIFIER

SPAM FOLDER

¢

]




Classification is used everywhere

Z N
A'-.k A
T A
e il I w.
New York New York San Francisco San Francisco
beds bath price year_built sqft price_per_sqft elevation city
20 1.0 999000 1960 1000 999 10 New York
20 2.0 2750000 2006 1418 1939 0 New York
20 1.0 695000 1923 1045 665 106 San Francisco
3.0 2.0 1650000 1922 1483 1113 106 San Francisco

1.0 1.0 649000 1983 850 764 163 @ -



Image classification

Rhodesian
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Image classification

Chihuahua or blueberry muffin




Image classification

Chihuahua or blueberry muffin




Image classification
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Classification is supervised learning.

BANANAT ' @ | 1. You train the algorithm
=N

using some correct examples,

or “ground truth data”

i S Ji# 2. A trained algorithm can make

il Lea predictions about new data

lllustration by @Ciaraioch



Classification is supervised learning.

1. You train the algorithm
using some correct examples,

or “ground truth data”

2. A trained algorithm can make

Input: smells predictions about new data

Output: banana or apple?



Regression is also supervised learning.

A ® o 1. You train the algorithm
y o © o ° using some correct examples,
o o or “ground truth data”
® O
® o 2. A trained algorithm can make
® > predictions about new data
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Regression is also supervised learning.

A ® o 1. You train the algorithm
y o © . ° using some correct examples,
o - or “ground truth data”
® O
® o 2. A trained algorithm can make
® > predictions about new data




First classifier: Logistic Regression

Is it a star? The input:

ves A © 60 © 08800 X = continuous data

y = binary data

no -epo®@-e0® >
Luminosity



Logistic Regression

The input:

ves A © 60 © 6880 X = continuous data
y = binary data

no -eseo®@-0@ >



Logistic Regression

The input:

p <

X = continuous data
1 (X N NI

y = binary data




Logistic Regression

y The input:
. A 080 - ceeey  X-continuousdata
y = binary data
The model:
oLc~~=— L0 —> Y =
1 e (az+b)

Play with the parameters at: desmos.com/calculator



Logistic Regression

y The input:
. A 000 0o X = continuous data
y = binary data
The model:
0\ o0 > —
X Y =

Play with the parameters at: desmos.com/calculator



Logistic Regression

y The input:
. A o X = continuous data
y = binary data
The model:
O == P -
X Y =

Play with the parameters at: desmos.com/calculator



Logistic Regression

y The input:
. A ° 00 X = continuous data
y = binary data
The model:
o—C 7 e > —
X Y =

Play with the parameters at: desmos.com/calculator



Logistic Regression

y The model:
A
1 e ___) Yy =
The interpretation:
o e > The model gives the

probability of y = 1,

for a given value of x



Logistic Regression

y The model:
A B 1
! 0= T e Ciani+h)
The interpretation:
o e > The model gives the

probability of y = 1,

for a given value of xi



Fory=0

Cost function:
log _reg.fit(X_train, y_train) g
y
A
1 ‘ “ '/ v vooo Fo:(;)=1
(0 R m— > 0



Fory=0

Cost function:
log reg.fit(X _train, y train)

Cost(h(x), y)

h(x)

Fory =1

Cost(h(x), y)

h(x)



The score is also different: no more R2

score = log reg.score(X test, y test)

y

A
1 00~ wvousd
(0 R m— >




The score is also different: no more R2

score = log reg.score(X test, y test)

decision_function(X) Predict confidence scores for samples.

densify() Convert coefficient matrix to dense array format.
fit(X, y[, sample_weight])  Fit the model according to the given training data.
get_params([deep]) Get parameters for this estimator.

predict(X) Predict class labels for samples in X.

predict_log proba(X) Predict logarithm of probability estimates.

mnadlat manabhal(V) NDueAlhalhilidi i ActimA A+ AaAn

score(X, y[, sample_weight]) Return the mean accuracy on the given test data and labels.
SetT_params( “pdidiiy) S€EL ne pdrametLers or tnis esurmator.

sparsify() Convert coefficient matrix to sparse format.



Actual Actual
Positives Negatives
ez True False
Positive . s
Predictions Positives Positives
(TP) (FP)
. False True
Negative ) .
- Negatives Negatives
(FN) (TN)
Accuracy =

Here’s our score:

TP+TN

TP+TN+FP+FN



Second example: the Perceptron




The Perceptron




Perceptron in more dimensions




The Perceptron




The Perceptron
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The Perceptron




The Perceptron

R S W Step ] |

X, w, function =

Input o
put ,, f

W Y
Output
Xy WE 10ro

Parameters



The Perceptron

K
W .. ,
1 Y = j b+ Z W; T;
W, i=1
W, f Y
Output:
Wy given Xi, ..., Xk,

Y=0 Or Yy=1



Training a perceptron

1. Initialise the vector w at O.
2. Keep cycling through the data
3. For every x, try classifying it:
yred = f(wex+Db)
4. Update w:
Wr+ = We + g(ydata - ypred)y

5. If the prediction is correct,
w is not updated.



Training a perceptron

X4 Wi (xl)xz) = (x9y)

Xy~ W,

Learning the wi weights

= learning the coefficients of the line



Training a perceptron
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Learning the wi weights

= learning the coefficients of the line



Training a perceptron
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= learning the coefficients of the line



Training a perceptron

X4 Wl (xl)xz) = (x)y)

Xy~ W,

Learning the wi weights

= learning the coefficients of the line



Perceptron in more dimensions




The weakness of perceptrons: linear separability

t A .- t B
® ® g @
o © & J— &
09 - ® @ /0,00
® . X b B
- o * e ® -0 O ¢
g ® | T
- & o ® ® .o
> >

Perceptron can do Perceptron can’t do



The solution: Multi Layer Perceptron



The solution: Multi Layer Perceptron

(a) (b)
/ .
dendrites O )y \2xon
= |
=
cell body /{@
T
terminal axon (d)
Input 1%t hidden 2nd hidden Output
layer layer layer layer

% *&J

synapse




The MLP is the simplest neural network.

input layer ¢




The MLP is the simplest neural network.

input layer

X XHA
LRGP

’( Q‘t«.
AN /QA‘\‘ ' O

€very neuron.




Neural networks

output layer
input layer
hidden layer



Neural networks

input layer
hidden layer 1 hidden layer 2



output layer

zim
(RAK)
0\ Ao‘w
zw.w
4\?&\ R

AN

input layer




(:) Backfed Input Cell

: Input Cell

A Noisy Input Cell

@ Hidden Cell

. Probablistic Hidden Cell
. Spiking Hidden Cell

@ output cell

‘ Match Input Output Cell
. Recurrent Cell

. Memory Cell

. Different Memory Cell

Kernel

-

O Convolution or Pool

Markov Chain (MC)

Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM)

A mostly complete chart of

Neural Networks

©2016 Fjodor van Veen - asimovinstitute.org

Deep Convolutional Network (DCN) Deconvolutional Network (DN)

Deep Feed Forward (DFF) Echo State Network (ESN)

Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)

S

Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
) ) ) [

Recurrent Neural Network (RNN)
) )

Y NN N TN
N B8 B A TATAY
Koidonk RIS REAKD SIRTRRIRIS
g IS
Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)

Deep Residual Network (DRN)

Deep Convolutional Inverse Graphics Network (DCIGN)

Kohonen Network (KN)  Support Vector Machine (SVM

\
)

S

SERK

Deep Belief Network (DBN)
Neural Turing Machine (NTM)

.0 ©




