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Complete Beginner
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Docker and Jupyter Notebook

Docker

Never Encountered It 81%
Heard of It, Not Installed 9%
—

Installed, Still Working on It 3%
]

Have Run a Container 6%
—

Build Containers Regularly 1%
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Demo 1: Notebook Workspace
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Three Ways to Learn
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No supplied answers
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Known answers
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Known answers
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Training vs Prediction

Training

Past days with known answers

CH(O

Weather + calendar Recorded rentals

LI —_—
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Training vs Prediction

Training

Past days with known answers

O, fit()
= T @@ > [ Trained Model J

|
Weather + calendar Recorded rentals E
|
|

Prediction i
Y- o predict()
@ - > [ Trained Model ] A
Unseen day 1,467 rentals
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What Kind of Answer?
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Predict a Number Predict a Category
Rentals Petal length
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L
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o ® [ )
>
Temperature Sepal length
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What Kind of Answer?
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Examples, Features, and Labels

Length and width

Iris Dataset * Fisher (1936) - UCI Machine Learning Repository
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https://archive.ics.uci.edu/dataset/53/iris

Examples, Features, and Labels

Measurements in cm

Sepal Sepal Petal Petal Class
length width length width label
1 5.1 3.5 1.4 0.2 Setosa
2 4.9 3.0 1.4 0.2 Setosa
51 7.0 3.2 4.7 1.4 Versicolor
150 5.9 3.0 5.1 1.8 Virginica

Length and width
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Examples, Features, and Labels
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(instances, observations)
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Sepal Sepal Petal Petal Class
length width length width label
1 5.1 3.5 1.4 0.2 Setosa
2 4.9 3.0 1.4 0.2 Setosa
51 7.0 3.2 4.7 1.4 Versicolor
150 5.9 3.0 5.1 1.8 Virginica

Length and width
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Examples, Features, and Labels

Samples

(instances, observations)
Measurements in cm

Sepal Sepal Petal Petal Class
length width length width label
1 5.1 3.5 1.4 0.2 Setosa
2 4.9 3.0 1.4 0.2 Setosa
51 7.0 3.2 4.7 1.4 Versicolor
150 5.9 3.0 5.1 1.8 Virginica
| |
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(inputs, attributes, measurements, dimensions)
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Examples, Features, and Labels

Samples

(instances, observations)
Measurements in cm

Sepal Sepal Petal Petal Class
length width length width label
1 5.1 3.5 1.4 0.2 Setosa
2 4.9 3.0 1.4 0.2 Setosa
51 7.0 3.2 4.7 1.4 Versicolor
150 5.9 3.0 5.1 1.8 Virginica
R | | 1 | .
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(inputs, attributes, measurements, dimensions) (targets, outcomes)
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From a Table to X and y

Sepal length Petal length Species
(cm) (cm)
5.1 1.4 setosa
4.9 1.4 setosa
7.0 4.7 versicolor
6.4 4.5 versicolor
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X

y

Species
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51 1.4
4.9 1.4
7.0 4.7
6.4 45

4 examples x 2 features

setosa
setosa
versicolor

versicolor

4 labels
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Sepal length Petal length
(cm) (cm)
51 14
4.9 1.4
7.0 4.7
6.4 45

4 examples x 2 features

setosa — 0 versicolor — 1

y

Species
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From a Table to X and y

X

— Same flower
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Sepal length Petal length
(cm) (cm)
5 1.4
4.9 1.4
7.0 4.7
6.4 4.5

4 examples x 2 features

setosa — 0 versicolor — 1

y

Species

0
0
1
1

4 labels
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Regression

main.py

1 krnm sklearn. linear_model import LinearRegression
2 # Toy temperatures (°C) and daily rental counts

3 X = [[10],

4 [20],

5 [30]]

6 y = [100,

7 200,

8 300]

9 model = LinearRegression()
10 model.fit(X, y)
11 print(f"Training:\n{'X"':<14} y")
12- for x, label in zip(X, y):
13 print(f"{str(x):<14} {label}")
14 temperature = 25
15 prediction = round(model.predict([[temperaturell)[0])
16 print("\nPrediction:")

=
~J

Slide 18 - Stage 1/1

print(f"{temperature}°C - {prediction} rentals")

Download: maib7002.dirk.hk/lec_02_regression.py
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https://maib7002.dirk.hk/lec_02_regression.py

Classification

main.py

1 [from sklearn.tree import DecisionTreeClassifier
2 # Sepal length and petal length (cm)
3 X = [[5.1, 1.4],

4 [4.9, 1.4],

5 [7.0, 4.7],

6 [6.4, 4.5]]

7 y = ["setosa",

8 "setosa",

9 "versicolor",
10 “versicolor"]
11 model = DecisionTreeClassifier(
12 max_depth=1, random_state=0)
13 model.fit(X, y)
14 print(f"Training:\n{'X"':<14} y")
15- for x, label in zip(X, y):
16 print(f"{str(x):<14} {label}")
17 flower = [5.0, 1.5]
18 prediction = model.predict([flower])
19 print("\nPrediction:")
20 print(f"{flower} - {prediction([@]}")
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Download: maib7002.dirk.hk/lec_02_classification.py
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https://maib7002.dirk.hk/lec_02_classification.py
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ML Roadmap

[ Raw Data Collection ]
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ML Roadmap

! e [ Raw Data Collection ]
Preprocessing Pipeline 1 :

* Missing data handling v
¢ Initial feature extraction [ Dataset ]
and selection
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¢ Initial feature extraction [ Dataset ]
and selection

[ Training Dataset ]
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Test Dataset
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Preprocessing Pipeline 2 v
Processed
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Preprocessing Pipeline 1

* Missing data handling
¢ Initial feature extraction
and selection

» Feature scaling

* Dimensionality reduction:
+ Feature selection
« Feature extraction

ML Roadmap

[ Raw Data Collection ]
1

L 4

[ Dataset ]

[ Training Dataset ]

[ Training Dataset ]

Test Dataset
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Preprocessing Pipeline 1
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¢ Initial feature extraction
and selection

» Feature scaling
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|

L 4

[ Dataset ]

[ Training Dataset ]

Training Dataset
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Machine Learning
Algorithm

Test Dataset
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Preprocessing Pipeline 2
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ML Roadmap

Preprocessing Pipeline 1

[ Raw Data Collection ]

* Missing data handling

¢ Initial feature extraction
and selection

v
[ Dataset ]

[ Training Dataset ]

» Feature scaling

v

Processed
Training Dataset

* Dimensionality reduction:
+ Feature selection
« Feature extraction

v

Machine Learning
Algorithm

Hyperparameter choice + training — —

v

Predictive Model
Candidate

Test Dataset
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ML Roadmap

[ Raw Data Collection ]
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Preprocessing Pipeline 1

* Missing data handling
¢ Initial feature extraction
and selection

v
[ Dataset ]

Preprocessing Pipeline 2

» Feature scaling

* Dimensionality reduction:

Hyperparameter choice + training = —

Iterate and evaluate |
via cross-validation i

+ Feature selection
« Feature extraction

{

Training Dataset ]
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* Missing data handling

¢ Initial feature extraction
and selection

ML Roadmap

[ Raw Data Collection ]

Preprocessing Pipeline 1

Preprocessing Pipeline 2

» Feature scaling

* Dimensionality reduction:

Hyperparameter choice + training = —

Iterate and evaluate |
via cross-validation i

v
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ML Roadmap

[ Raw Data Collection ]
1

Preprocessing Pipeline 1

* Missing data handling v
* Initial feature extraction [ Dataset ]
and selection B
( Ir[ Training Dataset ] [ Test Dataset ]
— |
R . ..
Preprocessing Pipeline 2 r v ﬁ [ Final preprocessing pipeline ]
. Processed
* Feature scaling _ Training Dataset
* Dimensionality reduction: +
+ Feature selectlc.)n ™ Machine Learning )
Feature extraction B | Algolrlthm ) Evaluate
Hyperparameter choice + training = — v
Iterate and evaluate [ Predictive Model |
via cross-validation N Candidate )

v

Final
Predictive Model
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ML Roadmap

[ Raw Data Collection ]
|

Preprocessing Pipeline 1

* Missing data handling v
¢ Initial feature extraction [ Dataset ]
and selection B
( Ir[ Training Dataset ] [ Test Dataset ]
— |
R . . ..
Preprocessing Pipeline 2 r v ﬁ [ Final preprocessing pipeline ]
: Processed
* Feature scaling | Training Dataset
* Dimensionality reduction: +
+ Feature selectlc.)n O Learning )
Feature extraction B | Algolrlthm ) Evaluate
Hyperparameter choice + training — v
Iterate and evaluate [ Predictive Model |
via cross-validation N Candidate )

v

Final
Predictive Model

r

Apply
P[ New Dataset ]

[ + Final preprocessing pipeline J
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Assignment 1

Demo 3

21



Slide 22 - Stage 1/5

Matrix and Vector Notation

Measurements: X € R1°0*4
(D oD N 2D
el 2 e e
x&lfﬁ()) mglfif]) 33';(7)15{]) 335115(})

22



Matrix and Vector Notation

Measurements: X ¢ R1°Vx4
One Entry 2\ iV e 2
:L.gz) 3:52) $(22) 33:(32) mf)
i example (row)
j : feature (column) xgw()) :1:%150) 3;;)150) 9351150)
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Matrix and Vector Notation

Measurements: X ¢ R1°0x4
1 1 1 1
One Entry xﬁ ) :Bé ) .Eé ) 1“51 )
J;(Z) :Egz) $(22) mgz) mf)
J
i example (row)
| feature (column - - - .
J ( ) x%lu()) mgloﬂj J;gloﬂ) xilui})
Row Vector - 4 Features
20 — M) QIO ng)}
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Matrix and Vector Notation

One Entry
()
o)

i example (row)

j : feature (column)
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Measurements: X &
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Row Vector - 4 Features
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Column Vector
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Matrix and Vector Notation

Measurements: X € R1°0x4

One EIltl'y .’Egl) :13‘{21) Qjél) 33511) Column Vector
: [ (1) ]
T
o $2 o | WP P :,
J —> :1’:5-2)
Ly =
i example (row)
: feature (column - - - - (150)
J ( ) xgluu) mglou) J;gloﬂ) xilu()) Enad
) + ) 150 Examples

Row Vector - 4 Features

y : Species Labels (4) (4) (4) (4) (4)
y\) e {Setosa, Versicolor, Virginica} L' = 12 Lo L3 Ly
150 Labels - 3 Classes

Slide 22 - Stage 5/5



Slide 23 - Stage 1/4

From Biological to Artificial Neurons

Biological Neuron

Receive — Combine — Transmit
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From Biological to Artificial Neurons

Biological Neuron 1943 - McCulloch—Pitts

P De
Signals  —»
— Combine  Threshold Output

Inputs

Receive — Combine — Transmit
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From Biological to Artificial Neurons

Biological Neuron 1943 - McCulloch—Pitts

Axon
terminals

Myelin sheath

_’_ .- "
) =

— | ) —»
lOPUt Dendrites _ I — OS:;::;T; O / El_’ 0 Or 1
Signals — = S

—» -/ - Combine  Threshold Output

—_— Cell nucleus Inputs

Receive — Combine — Transmit 1958 - Perceptron

Learns Weights from Examples
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From Biological to Artificial Neurons

Biological Neuron 1943 - McCulloch—Pitts

—s ()
Sig —
. Combine  Threshold Output
- Inputs
Receive — Combine — Transmit 1958 - Perceptron

Learns Weights from Examples

Inspired by biology. Built from mathematics.
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Perceptron Prediction

Inputs Weights

O—8
O—
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Bias

I}

)

Combine

[ T H—

Threshold

Y

Prediction
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Weights b
_ T
O—y
@ . >
@/%/Combine Threshold

Perceptron Prediction

Bias

Y

Prediction
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Perceptron Prediction

Bias

Inputs Weights
z=w'x+b=wix) + woxo + b

@\*@\‘ E‘ ;
@/G/Comblne Threshold Prediction
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Perceptron Prediction

Inputs Weights

o—3 1
O

Slide 24 - Stage 4/6

Bias

? z=w'x+b=wix) + woxo + b

(=10 2
y= 0, z<0

Combine Threshold Prediction

0: Setosa - 1: Versicolor

24



Perceptron Prediction

Bias

Inputs Weights
z=w'x+b=wix) + woxo + b
@\O\’Q {0 %o
_’y:

0, z2<0

@/%/Combme Threshold Prediction

0: Setosa - 1: Versicolor

A
o O
71 =0
o Y
y=1 e
] o
p L1
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Perceptron Prediction

Bias

Inputs Weights
-

z=w x+b=wix1 +woxo+0b
@\Q\’ i1 <o
_>y:
0, z2<0

@/%/Combme Threshold Prediction

0: Setosa - 1: Versicolor

A
o O
71 =0
o Y
y=1 e
o L
» L1

Prediction uses fixed weights and bias
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Weights b
@\%\‘ ? z=w'x+b
OO

Perceptron Learning

Bias

0,

z <0
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Perceptron Learning

Inputs Weights

O—35 1
O

Slide 25 - Stage 2/3

Bias

L

s=w'x+b

o[ T

|

1,
0,

Update Rules

wj < wj +n(y — 9)x;

b b+n(y—9)

z >0
z <0

25



Perceptron Learning

Bias

Inputs Weights
r=w'x+b

@\O\’ ’ 1, =20
@/9/' S i i

Update Rules

wji — w; +n(y —9)x;
b b+n(y—9)

n Learning Rate
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Perceptron Learning Example

Inputs Weights

M)

y=20

Slide 26 - Stage 1/5

Bias

b=20
s=w'x+b
o >

S

|

1,
0,

Update Rules
Wi < Wj + T)(y — ;i))x?
b b+n(y—17)

n = 0.5 Learning Rate

z >0
z <0
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Perceptron Learning Example

Bias

Inputs Weights b=20
wr =1 z = 1)1)+( 05)(4)
@\0\, Pl o oo
0

v , 2<0

Yy = 0 Update Rules
wj —wj + 1y — ),
b b+n(y—17)

n = 0.5 Learning Rate
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Perceptron Learning Example

Bias

Inputs Weights b=20
wr =1 z = 1)1)+( 05)(4)
@\‘@\’ g A { 23>0
v 0

, 2<0

Yy = 0 Update Rules
wj —wj + 1y — ),
b b+n(y—17)

n = 0.5 Learning Rate
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Perceptron Learning Example

Bias

Inputs Weights b=20
wr =1 z = 1)1)+( 05)(4)
@\O\’ g A { 23>0
v 0

, 2<0

y =0 Update Rules
wj = w;j +0.5(0)z; = w;
b+ b+0.5(0)=b

n = 0.5 Learning Rate

Slide 26 - Stage 4/5 26



Perceptron Learning Example

Bias

Inputs Weights b=20
? 2= (1)(1) + (~0.5)(4) +

'w1—1
S — {0 i<
_ky
././’ 0, 2<0
Wo =

Yy = 0 Update Rules

w; = wj +0.5(0)z; = w;
Correct Prediction — No Update b< b+ 05(0) =b

n = 0.5 Learning Rate
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Perceptron Learning Exercise

Inputs Weights

@\@\’ ?b:g—wTa:er
@ L,

wy =1
©

Bias

@YourTurn y:1

1. Predict the class
2. Update both weights and the bias

3. Predict again

One Submission per Group on Ed

Update Rules
wj —wj + 1y — ),
b b+n(y—19)

n = 0.5 Learning Rate

Slide 27 - Stage 1/1
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Linearly Separable vs. Not Linearly Separable

V'S

Linearly separable

Slide 28 - Stage 1/3

T Not linearly separable

'S

Not linearly separable
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Linearly Separable vs. Not Linearly Separable

1 Linearly separable

Perceptron Converges

Fixed Positive Learning Rate
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T Not linearly separable

'S

Not linearly separable

28



Linearly Separable vs. Not Linearly Separable

1 Linearly separable

Perceptron Converges

Fixed Positive Learning Rate
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T Not linearly separable

'S

Not linearly separable

Updates Can Continue Indefinitely

Limit the Number of Epochs

28
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maib7002.dirk.hk/1.2.zip

Demo 4: perceptron.ipynb
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https://maib7002.dirk.hk/L2.zip
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Weights b
@\%\‘ ? c=w'x+b
O

Adaptive Linear Neuron

Bias
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Adaptive Linear Neuron

Bias

Inputs Weights b
(1)

Perceptron

y—y

Slide 30 - Stage 2/4
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Adaptive Linear Neuron

Bias

Inputs Weights
z=w'x+b

@\O\, ’ e
D R

Perceptron Adaline

y—Y » Y
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z > 0.5
z < 0.9
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Adaptive Linear Neuron

Bias

Inputs Weights
r=w'x+b

@\O\, ’ At
D R

Perceptron Adaline

y—y » Y=z

Learning Uses the Continuous Output

Bernard Widrow and Ted Hoff - 1960
Slide 30 - Stage 4/4

z > 0.5
z < 0.9
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Adaline Learning: Measure the Error

Bias

Inputs Weights ? b
z=0.2
wh
@\@\, Q E]—’ {1, z > 0.5
> >

0, 2<0.5

(w1, 22) =y O Target y ® Output 2 Squared Error
Example 1 (—1,0) —» 0 O o
0 0.2 1
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Adaline Learning: Measure the Error

Bias

Inputs Weights ? b
z=0.2
wh
D H s B
)3 >

. z > 0.5
* y —
0, 2<0.5
w2
(w1, 22) =y O Target y ® Output 2 Squared Error
Example 1 (—1,0) =0 o e Ji = (0—-10.2) =0.04
0 0.2 1
Slide 31 - Stage 2/6
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Adaline Learning: Measure the Error

Bias

Inputs Weights ? b
z=0.4
wH
@\O\, Q E]—’ {1, z 2> 0.5
> >

0, 2<0.5

(w1, 22) =y O Target y ® Output 2 Squared Error
Example 1 (—1,0) =0 O @ J1 = (0 — 0.2)2 = 0.04
0 0.2 1
Example 2 (0,1) =0 %) 0‘4 , Jo = (0 - 0.4)2 = 0.16
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Adaline Learning: Measure the Error

Bias

Inputs Weights ? b
z = 0.6
wh
oS S
2. >

A z > 0.5
* y —
0, 2<0.5
w2
(w1, 22) =y O Target y ® Output 2 Squared Error

Example 1 (—1,0) — 0 o o ] Ji =(0-0.2)2 =0.04

Example 2 (0,1) =0 %) 0‘4 , Jo = (0 - 0.4)2 = 0.16

Example 3 (1,0) — 1 o o) J3 = (1 — 0.6)2 = 0.16

0 0.6 1
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Adaline Learning: Measure the Error

Bias

Inputs Weights ? b
z=0.6
wq
@\O\, Q E]—’ {1, 2> 0.5
> >

0, 2<0.5

(w1, 22) =y O Target y ® Output 2 Squared Error
Example 1 (—1,0) =0 O @ J1 = (0 — 0.2)2 = 0.04
0 0.2 1
Example 2 (0,1) =0 o) o Jo = (0 - 0.4)2 = 0.16
0 0.4 1
Example 3 (1,0) — 1 o o) J3 = (1 — 0.6)2 = 0.16
0 0.6 1

.04 1 1
:00 —|—036—|—0 620.12
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Adaline Learning: Measure the Error

Bias

Inputs Weights ? b
z=0.6
wq
@\O\, Q E]—’ {1, z > 0.5
> >

0, 2<0.5

(w1, 22) =y O Target y ® Output 2 Squared Error

Example 1 (—1,0) =0 O @ J1 = (0 — 0.2)2 = 0.04
0 0.2 1

Example 2 (0,1) =0 o) o Jo = (0 - 0.4)2 = 0.16
0 0.4 1

Example 3 (1,0) — 1 o o) J3 = (1 — 0.6)2 = 0.16
0 0.6 1

n n
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Gradient Descent: Move Downhill

J Other Parameters Fixed
A wog =0, b=04
w1 = 0.200
0.24 - @
J = 0.120
0.12 A o
0.06 -
» 11

0.2 0.5 0.8

Slide 32 - Stage 1/14
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Gradient Descent: Move Downhill

J Other Parameters Fixed
A wog =0, b=04
w1 = 0.200
0.24 - @
J =0.120
0.12 A o
0.06 -
0.1 0.3
«— —>
. . . » W1
0.2 0.5 0.8

Which Value Should We Try Next?
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Gradient Descent: Move Downhill

J Other Parameters Fixed
A wog =0, b=04
w1 = 0.100
0.24 -
J =0.167
@
J = 0.167
0.12 A °
0.06 -
0.1 0.3
«— —>
. . . » W1
0.2 0.5 0.8

Which Value Should We Try Next?
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Gradient Descent: Move Downhill

Other Parameters Fixed

A wog =0, b=04
w1 = 0.300
0.24 A
J = 0.167
®
J = 0.087
0.12 1 ° J = 0.087
®
0.06 A
0.1 0.3
«— —>
. . . » W1
0.2 05 0.8
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Which Value Should We Try Next?
32



Gradient Descent: Move Downhill

Other Parameters Fixed

wg =0, b=04

0.24 -
015 J =0.120
0.06 A

» 11

0.2 0.5 0.8
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Gradient Descent: Move Downhill

Other Parameters Fixed

we =0, b=0.4

D

J =0.120

> N

0.24 -
Move Against the Slope

0.12 A

0.06 -

» W1

0.2 0.5 0.8
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Gradient Descent: Move Downhill

J Other Parameters Fixed

A wg =0, b=04
0.24 A

Move Against the Slope
: J = 0.120
0.12 A . 0J
w1
0.06 A
» W1

0.2 0.5 0.8
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Gradient Descent: Move Downhill

J Other Parameters Fixed
A wg =0, b=04
0.24 -
Move Against the Slope
) e] — 0-082
0.12 - . aJ
dwy
0.06 -
" 0J
Wy ¢ Wy —N——o
» 11 )8w1

0.2 0.5 0.8
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Gradient Descent: Move Downhill

J Other Parameters Fixed
A wg =0, b=04
w1 = 0.392
0.24 -
Move Against the Slope
) e] — 0-068
0.12 - - 0J
Ow1q
0.06 -
" 0J
Wy ¢ Wy —N——o
» 11 )8w1

0.2 0.5 0.8
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Gradient Descent: Move Downhill

J Other Parameters Fixed
A wg =0, b=04
w1 = 0.435
0.24 -
Move Against the Slope
: J = 0.063
0.12 A o
dw1q
0.06 - ®
" 0J
Wy +— Wy — N——
» 11 / 8%’1

0.2 0.5 0.8
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Gradient Descent: Move Downhill

J Other Parameters Fixed
A wg =0, b=04
w1 = 0.461
0.24 -
Move Against the Slope
-~ J = 0.061
0.12 A O
w1
0.06 A @
" 0J
Wy — Wy —N—o
» 11 / 8%’1

0.2 0.5 0.8

Slide 32 - Stage 11/14
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Gradient Descent: Move Downhill

J Other Parameters Fixed
A wg =0, b=04
w1 = 0.461
0.24 A
Move Against the Slope
) J =0.061
0.12 A . 0J
0.06 A Bk
" 0J
Wy +— Wy — N——o
T T T hwl ) awl
0.2 0.5 0.8
When Should We Stop?
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Gradient Descent: Move Downhill

Other Parameters Fixed

A wg =0, b=04
w1 = 0.495
0.24 -
Move Against the Slope
) e] — 0-060
0.12 1 _ 0.J
dw1q
0.06 - @
" 0J
w1 wy —N—
T T T hwl ) awl
0.2 0.5 0.8
When Should We Stop?

When the Derivative Is Sufficiently Close to Zero
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Gradient Descent: Move Downhill

> N

0.24 -
Move Against the Slope

0.12 - - 0J
Owy
0.06 - -

0.2 0.5 0.8

Slide 32 - Stage 14/14 i=1

Other Parameters Fixed

wg =0, b=04
w1 = 0.495

@

J = 0.060

0J
w, < W, — T]%
1
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Learning Rate Matters

Too Small Too Large
= 0.03 n = 1.55
J J
A A
0.24 - 0.24 \
0.12 - o 0.12 - o
0.06 - 0.06 -
. . . » W1 . . . » W1
0.2 0.5 0.8 0.2 0.5 0.8
J =0.120 J =0.120
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Learning Rate Matters

Too Small Too Large
= 0.03 n = 1.55
J J
A A
0.24 - 0.24 -
0.12 - ® 0.12 - B
0.06 - 0.06 -
. . . » W1 . . . » W1
0.2 0.5 0.8 0.2 0.5 0.8
J =0.115 J = 0.128
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Learning Rate Matters

Too Small Too Large

~0.03 n=1.55
J J
A A
0.24 - 0.24 -

0.12 A o 0.12 A N
0.06 - 0.06 -
. . . » W1 . . . » W1
0.2 0.5 0.8 0.2 0.5 0.8
J =0.111 J =0.138
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Learning Rate Matters

Too Small Too Large
= 0.03 n = 1.55
J J
A A
0.24 A 0.24 A
— @
0.12 - o 0.12 - \/
0.06 A 0.06 A
. . . » W1 . . . » W1
0.2 0.5 0.8 0.2 0.5 0.8
J = 0.107 J = 0.148
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Learning Rate Matters

Too Small Too Large

= 0.03 n = 1.55
J J
A A
0.24 - 0.24 -

® «—
0.12 - o 0.12 -
0.06 - 0.06 -
. . . » W1 . . . » W1
0.2 0.5 0.8 0.2 0.5 0.8
J =0.103 J = 0.161
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Learning Rate Matters

Too Small Too Large
= 0.03 n = 1.55

J
A
0.24 - 0.24 \ /
+ @
0.12 - 0.12 - \/
i
0.06 - 0.06 -

I I I h wl I I 1 h wl
0.2 0.5 0.8 0.2 0.5 0.8

J = 0.100 J =0.174
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Learning Rate Matters

Too Small Too Large

= 0.03 n = 1.55
J J
A A

0.24 - 0.24 \
0«
0.12 - 0.12 -
o
0.06 - 0.06 -
. . . » W1 . . . » W1
0.2 0.5 0.8 0.2 0.5 0.8
J = 0.097 J =0.190
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Learning Rate Matters

Too Small Too Large

= 0.03 n=1.55
J J
A A

0.24 A 0.24 A /
—> @
0.12 - 0.12 -
o
0.06 - 0.06 -
. . . » W1 . . . » W1
0.2 0.5 0.8 0.2 0.5 0.8
J = 0.094 J = 0.208
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Learning Rate Matters

Too Small Too Large

= 0.03 n = 1.55
J J
A A

0.24 - 0.24 -\.‘_
0.12 - 0.12 -
o
0.06 - 0.06 -
. . . » W1 . . . » W1
0.2 0.5 0.8 0.2 0.5 0.8
J = 0.091 J = 0.229
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Batch Gradient Descent (BGD)

All Training Examples

9 n | ‘ ‘
w4 w—n { S - Z(a))w(a)}

n -
=1
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Gradient Descent with Two Weights

Demo 5§
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maib7002.dirk.hk/1.2.zip

Demo 6: adaline full batch.ipynb
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https://maib7002.dirk.hk/L2.zip

Stochastic Gradient Descent (SGD)
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Stochastic Gradient Descent (SGD)

BGD
All Training Examples
9 n | - -
_n = (1) _ (1)) p(2)
w 4 w 77{ n;(y FARL }
ow
b+ b—n 2 i(y(i) ()
" 1=1
0.

Slide 37 - Stage 2/4



Stochastic Gradient Descent (SGD)

BGD SGD
All Training Examples One Training Example
9 | . . . | .
R (i) _ (1)) (0) _ [_2;(1)__,@) (z)]
w — w 77{ n;(y FARL } W — W 77\; (y 2\ |
aJ -
Jw W
) | | . .
bebon|_2 (i) _ ,(4) b b_ [_2 (i) _ (z)}
= n{ n;(y 2 )} =b—n |20~ =)
01 o
b "
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Stochastic Gradient Descent (SGD)

BGD SGD
All Training Examples One Training Example
9 | . . . | .
R (i) _ (1)) (0) _ [_2;(1)__,@) (z)]
w — w 77{ n;(y FARL } W — W 77\; (y 2\ |
57 0J;
il MBGD Ow
Jw
) | | . .
bebon|_2 (i) _ ,(4) b b_ [_2 (i) _ (z)}
= n{ n;(y 2 )} =b—n |20~ =)
01 o
b "

Mini-Batch Gradient Descent (MBGD) Uses a Small Group of Examples per Update
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3.2

3.8 -
3.0 -

3.4 -

3.0+
2.8 7
2.6 -

2.4 -

—m— Stochastic
—+—  Mini-batch
—e— Batch

250

2.75  3.00

3.25

3.50

W

375

4.00

4.25

4.50
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Adaline’s Origins

Bernard Widrow and Ted Hoff

Adaline - 1960
https://www.youtube.com/watch?v=hc2715511zU

The LMS Algorithm and ADALINE
Partl
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https://www.youtube.com/watch?v=hc2Zj55j1zU

References and Suggested Reading

Core Reading

Machine Learning with PyTorch and Scikit-Learn
Raschka, Liu and Mirjalili - 2022

Chapter 1: Giving Computers the Ability to Learn from
Data

Chapter 2: Training Simple Machine Learning
Algorithms for Classification

Further Reading

Hands-On Machine Learning with Scikit-Learn
and Pylorch

Aurélien Géron - 2025
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Math Refresher

Linear Algebra Review and Reference

Zico Kolter, updated by Chuong Do

Python Refreshers

NumPy Introduction

10 Minutes to pandas
Matplotlib Quick Start
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https://www.cs.cmu.edu/~zkolter/course/linalg/linalg_notes.pdf
https://sebastianraschka.com/blog/2020/numpy-intro.html
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Exit Ticket
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