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1. Tutorial 1
Which of the following problems is a suitable application for pattern recognition?
• ✗ Classifying numbers into primes and non-primes. — can be more easily and more accurately

performed analytically
• ✓ Detecting potential fraud in credit card charges.
• ✗ Determining where a cannon ball is likely to land given information about elevation and

direction of the barrel, wind direction, etc. — better to do it analytically, i.e. Newton’s equations
• it depends – Identifying the species a newly discovered “bug” belongs to. — some species are

defined by simple rules; other data, such as images of different bugs, are a good application

What types of learning best describes these scenarios?
• measurements of a large number of coins is taken, algorithm finds these measurements fall in

several ‘bins’; it finds decision boundaries that separate these binds and uses these to classify new
coins — unsupervised learning (clustering)

• measurements of each coin presented to classifier which makes a decision; classifier changes its
decision boundaries based on whether decision was correct or incorrect — reinforcement
learning

• measurements of a large number of coins are taken; algorithm uses data with known class labels
to infer decision boundaries which is used to classify new coins — supervised learning
(classification)

Identify which of these datasets are in the given categories

Dataset 1
Class Features
1 5
2 2
1 4
1 7
2 1

Dataset 2
Class Features
1 5.5
2 2.3
1 4
1 7
2 1.8

Dataset 3
Class Features
1 (5,4)
2 (2,9)
1 (4,3)
1 (7,4)
2 (1,5)

Dataset 4
Class Features
1 (5.3,4)
2 (2.3,9.1)
1 (4,3)
1 (7,4.1)
2 (1.8,5.5)

1. univariate-continuous — dataset 2
2. multivariate-discrete — dataset 3
3. multivariate-continuous — dataset 4
4. univariate-discrete — dataset 1
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1 Tutorial 1

Draw a confusion matrix for the following data
A classifier is designed to determine if a feature vector is or is not in a certain class. The output
produced by the classifier is 1 if the sample is predicted to be in the class, and 0 otherwise. The
following table shows the feature vectors for the samples in the test set, along with the class labels
predicted by the classifier and the true class labels of each sample.

Features Predicted Class True Class
(5.3, 4) 1 1

(2.3, 9.1) 0 1
(4, 3) 1 0

(7, 4.1) 1 1
(1.8, 5.5) 0 0
(6, 3.1) 1 1

(4.5, 3.5) 0 1

Confusion matrix is as follows:

predicted label
true false

true 3 2
true label

false 1 1

Given the confusion matrix, calculate performance metrics

predicted label
true false

true 3 2
true label

false 1 1

• error-rate:

FP + FN
TP + TN + FP + FN

= 1 + 2
3 + 1 + 1 + 2

= 3
7

• the accuracy:

TP + TN
TP + TN + FP + FN

= 3 + 1
3 + 1 + 1 + 2

= 4
7

• the recall:

TP
TP + FN

= 3
3 + 2

= 3
5

• the precision:

TP
TP + FP

= 3
3 + 1

= 3
4

• the 𝑓1-score:

2 ⋅ TP
2 ⋅ TP + FP + FN

= 2 ⋅ 3
2 ⋅ 3 + 1 + 2

= 6
9

= 2
3

equivalent to 2× recall × precision
recall + precision
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1 Tutorial 1

The following table shows exemplars from two classes. Sketch the feature space, and suggest a
suitable location for a decision boundary that will minimise the number of mis-classifications. If the
cost of erroneously choosing class 1 is higher than the cost of erroneously choosing class two, how
will this effect the location of the decision boundary?

Class Features
1 (3, 4)

1 (4, 7)

1 (7, 5)

2 (2, 5)

2 (3, 9)

0 1 2 3 4 5 6 7 8 9 10
x

0

1

2

3

4

5

6

7

8

9

10

y
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2. Tutorial 2
Consider dichotomizer defined using linear discriminant function 𝑔(𝒙) = 𝒘𝑇 𝒙 + 𝑤0 where 𝒘 =
(2

1) and 𝑤0 = −5. Plot decision boundary and determine class of feature vectors:

𝒙1 = (1
1), 𝒙2 = (2

2), 𝒙3 = (3
3)

0 1 2 3 4
x

0

1

2

3

4

y

𝑥1 is class 2, 𝑥2 and 𝑥3 are class 1
Note! 𝒘 is the vector normal to the hyperplane, pointing towards class 1!

In augmented feature space, a dichotomizer is defined using 𝑔(𝒙) = 𝒂𝑇 𝒚 where 𝒂𝑇 = (−5, 2, 1) and
𝑦 = (1

𝒙). Determine class of feature vectors:

𝒙1 = (1
1), 𝒙2 = (2

2), 𝒙3 = (3
3)

(
((
(1

1
1)
))
)(−5, 2, 1) = −5 + 2 + 1 = −2

(
((
(1

2
2)
))
)(−5, 2, 1) = −5 + 4 + 2 = 1

(
((
(1

3
3)
))
)(−5, 2, 1) = −5 + 6 + 3 = 4

𝑥1 is class 2, 𝑥2 and 𝑥3 are class 1

Consider a 3-dimensional feature space and quadratic discriminant function:

𝑔(𝒙) = 𝑥2
1 − 𝑥2

3 + 2𝑥2𝑥3 + 4𝑥1𝑥2 + 3𝑥1 − 2𝑥2 + 2

which defines two classes 𝜔1, 𝜔2 s.t. 𝑔(𝒙) > 0 if 𝑥 ∈ 𝜔1 and 𝑔(𝒙) ≤ 0 if 𝑥 ∈ 𝜔2.
Determine the class of the feature vectors: 𝒙1 = (1, 1, 1)𝑇 , 𝒙2 = (−1, 0, 3)𝑇 , 𝒙3 = (−1, 0, 0)𝑇 .

(1, 1, 1)𝑇 ⇒ 12 − 12 + 2 ⋅ 1 ⋅ 1 + 4 ⋅ 1 ⋅ 1 + 3 ⋅ 1 − 2 ⋅ 1 + 2 = 9

(−1, 0, 3)𝑇 ⇒ (−1)2 − 32 + 0 + 0 + 3 ⋅ (−1) − 0 + 2 = −9

(−1, 0, 0)𝑇 ⇒ 1 − 0 + 0 + 0 − 3 − 0 + 2 = 0

𝑥1 is class 1, 𝑥2, 𝑥3 are class 2
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2 Tutorial 2

A linear discriminant function, 𝑔(𝒙), is used to define a dichotomizer such that 𝒙 is assigned to class
1 if 𝑔(𝒙) > 0, and 𝒙 is assigned to class 2 otherwise. Use batch perceptron learning algorithm
with augmented notation and sample normalisation to find parameters for linear
discriminant function when data set is:

𝒙𝑇 (1, 5) (2, 5) (4, 1) (5, 1)
class 1 1 2 2

Assume initial values 𝒂𝑇 = (𝑤0, 𝒘𝑇 ) = (−25, 6, 3) and use a learning rate of 1.

Using augmented notation and sample normalisation, the dataset is:

𝒙𝑇 (1, 5) (2, 5) (4, 1) (5, 1)
𝑦𝑇 (1, 1, 5) (1, 2, 5) (−1, −4, −1) (−1, −5, −1)

The update rule is

𝒂 ← 𝒂 + 𝜂 ∑
𝑦∈𝒳

𝒚

where 𝜂 = 1

The dichotomizer is defined as

𝑔(𝒙) = 𝒂𝑇 𝒚

Epoch 1, 𝒂𝑇 = (−25, 6, 3)

𝒚𝑇 𝑔(𝒙) misclassified? — 𝑔(𝒙)
(1, 1, 5) −4 yes
(1, 2, 5) 2 no

(−1, −4, −1) −2 yes
(−1, −5, −1) −8 yes

Make adjustments to 𝒂:

𝒂 ←
(
((
(−25

6
3 )

))
) + 1 ⋅

(
((
(

(
((
(1

1
5)
))
) +

(
((
(−1

−4
−1)

))
) +

(
((
(−1

−5
−1)

))
)

)
))
) =

(
((
(−26

−2
6 )

))
)

Epoch 2 finds misclassified sample 2, hence:

Make adjustments to 𝒂:

𝒂 ←
(
((
(−26

−2
6 )

))
) + 1 ⋅

(
((
(

(
((
(1

2
5)
))
)

)
))
) =

(
((
(−25

0
11 )

))
)

Epoch 3 finds no misclassified samples. Learning has converged.
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2 Tutorial 2

A linear discriminant function, 𝑔(𝒙), is used to define a dichotomizer such that 𝒙 is assigned to class
1 if 𝑔(𝒙) > 0, and 𝒙 is assigned to class 2 otherwise. Use sequential perceptron learning
algorithm with augmented notation and sample normalisation to find parameters for
linear discriminant function when data set is:

𝒙𝑇 (1, 5) (2, 5) (4, 1) (5, 1)
class 1 1 2 2

Assume initial values 𝒂𝑇 = (𝑤0, 𝒘𝑇 ) = (−25, 6, 3) and use a learning rate of 1.

Using augmented notation and sample normalisation, the dataset is:

𝒙𝑇 (1, 5) (2, 5) (4, 1) (5, 1)
𝑦𝑇 (1, 1, 5) (1, 2, 5) (−1, −4, −1) (−1, −5, −1)

The update rule is

𝒂 ← 𝒂 + 𝜂 ⋅ 𝒚𝑘

where 𝜂 = 1

The dichotomizer is defined as

𝑔(𝒙) = 𝒂𝑇 𝒚

Epoch 1, 𝒂𝑇 = (−25, 6, 3)

𝒚𝑇 𝑔(𝒙) 𝒂𝑇

(1, 1, 5) −4 (−25, 6, 3) + (1, 1, 5) = (−24, 7, 8)
(1, 2, 5) 30 (−24, 7, 8)

(−1, −4, −1) −12 (−24, 7, 8) + (−1, −4, −1) = (−25, 3, 7)
(−1, −5, −1) 3 (−25, 3, 7)

Epoch 2, 𝒂𝑇 = (−25, 3, 7)

𝒚𝑇 𝑔(𝒙) 𝒂𝑇

(1, 1, 5) 13 (−25, 3, 7)
(1, 2, 5) 16 (−25, 3, 7)

(−1, −4, −1) 6 (−25, 3, 7)
(−1, −5, −1) 3 (−25, 3, 7)

Learning has converged.

Write pseudocode for sequential perceptron learning algorithm
• Initialise 𝜂, learning rate parameter
• Initialise 𝒂 to random values
• While solution has not converged (𝒂 is still changing):

‣ For each sample 𝒚𝑘:
– Calculate 𝑔(𝒙𝑘) = 𝒂𝑇 𝒚𝑘
– If sample 𝒚𝑘 is misclassified by 𝑔(𝒙) (i.e. ≤ 0):

𝒂 ← 𝒂 + 𝜂 ⋅ 𝒚𝑘
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2 Tutorial 2

Consider linearly separable dataset:

𝒙𝑇 (0, 2) (1, 2) (2, 1) (−3, 1) (−2, −1) (−3, −2)
class(𝜔) 1 1 1 −1 −1 −1

Apply sequential perceptron learning algorithm to determine parameters of linear
discriminant function that will correctly classify the data. Assume initial values 𝒂𝑇 =
(𝑤0, 𝒘𝑇 ) = (1, 0, 0) and learning rate 𝜂 = 1.

To apply sequential learning, we must:
• Until 𝒂 stops changing (converged):

‣ For each sample:
– Calculate 𝑔(𝒙) = 𝒘𝑇 𝒙 + 𝑤0
– If misclassified, update 𝒂 ← 𝒂 + 𝜂 ⋅ 𝝎𝑘 ⋅ 𝒙𝑘

Epoch 1, 𝒂𝑇 = (1, 0, 0)

class(𝜔) 𝒙𝑇 𝒚𝑇 = (1, 𝒙𝑇 ) 𝑔(𝒙) = 𝑤0 + 𝒘𝑇 𝒙 𝒂𝑇

1 (0, 2) (1, 0, 2) 1 (1, 0, 0)
1 (1, 2) (1, 1, 2) 1 (1, 0, 0)
1 (2, 1) (1, 2, 1) 1 (1, 0, 0)

−1 (−3, 1) (1, −3, 1) 1 (1, 0, 0) + (−1)(1, −3, 1) = (0, 3, −1)
−1 (−2, −1) (1, −2, −1) −5 (0, 3, −1)
−1 (−3, −2) (1, −3, −2) −7 (0, 3, −1)

Epoch 2, 𝒂𝑇 = (0, 3, −1)

class(𝜔) 𝒙𝑇 𝒚𝑇 = (1, 𝒙𝑇 ) 𝑔(𝒙) = 𝑤0 + 𝒘𝑇 𝒙 𝒂𝑇

1 (0, 2) (1, 0, 2) −2 (0, 3, −1) + (1)(1, 0, 2) = (1, 3, 1)
1 (1, 2) (1, 1, 2) 6 (1, 3, 1)
1 (2, 1) (1, 2, 1) 8 (1, 3, 1)

−1 (−3, 1) (1, −3, 1) −7 (1, 3, 1)
−1 (−2, −1) (1, −2, −1) −6 (0, 3, 1)
−1 (−3, −2) (1, −3, −2) −10 (1, 3, 1)

Epoch 3, 𝒂𝑇 = (1, 3, 1)

class(𝜔) 𝒙𝑇 𝒚𝑇 = (1, 𝒙𝑇 ) 𝑔(𝒙) = 𝑤0 + 𝒘𝑇 𝒙 𝒂𝑇

1 (0, 2) (1, 0, 2) 3 (1, 3, 1)

Learning has converged!
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2 Tutorial 2

Consider linearly separable dataset:

𝒙𝑇 (0, 2) (1, 2) (2, 1) (−3, 1) (−2, −1) (−3, −2)
class(𝜔) 1 1 1 −1 −1 −1

Apply sequential perceptron learning algorithm with sample normalisation to determine
parameters of linear discriminant function that will correctly classify the data. Assume
initial values 𝒂𝑇 = (𝑤0, 𝒘𝑇 ) = (1, 0, 0) and learning rate 𝜂 = 1.

To apply sequential learning, we must:
• Until 𝒂 stops changing (converged):

‣ For each sample:
– Calculate 𝑔(𝒙) = 𝒘𝑇 𝒙 + 𝑤0
– If misclassified, update 𝒂 ← 𝒂 + 𝜂 ⋅ 𝝎𝑘 ⋅ 𝒙𝑘

To normalise the samples: generate 𝒚𝑘 = 𝜔𝑘 ⋅ (1, 𝒙𝑇 ) for each sample

Learning summary:
Results will converge on 𝒂𝑇 = (1, 3, 1) as seen before with the same values.
Our weight updates are simply 𝒂𝑇 ← 𝒂𝑇 + 𝜂 ⋅ 𝒚𝑘 when misclassification occurs.
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2 Tutorial 2

A dataset contains exemplars from three classes,

Class 1: (1
1), (2

0),  Class 2: (0
2), (−1

1 ),  Class 3: (−1
−1)

Use sequential multi-class perceptron learning algorithm to find parameters for three
linear discriminant functions that will correctly classify the data. Assume all initial
parameters are zero and learning rate is one. Note: when more than discriminant function produces
maximum output, choose function that represents the largest class label.

The procedure works as follows:
• Until parameters stop changing:

‣ Predict class 𝑐 = arg max𝑘(𝒂𝑇
𝑘 𝒚𝑘)

‣ If true class 𝑘 is not predicted class 𝑐:
– Adjust 𝒂𝑇

𝑘 ← 𝒂𝑇
𝑘 + 𝜂 ⋅ 𝒚𝑘 — add to real

– Adjust 𝒂𝑇
𝑐 ← 𝒂𝑇

𝑐 − 𝜂 ⋅ 𝒚𝑘 — remove from pred.

𝒂𝑇 ←
Epoch 𝜔 𝒚𝑘 = (1, 𝒙𝑘)

𝑔(𝒙) =
arg max𝑘(𝒂𝑇

𝑘 𝒚𝑘) 𝒂𝑇
1 𝒂𝑇

2 𝒂𝑇
3

initial (0, 0, 0) (0, 0, 0) (0, 0, 0)
(1, 1, 1) 1 [0, 0, 0] → 1 (1, 1, 1) (0, 0, 0) (−1, −1, −1)
(1, 2, 0) 1 [3, 0, −3] → 1 (1, 1, 1) (0, 0, 0) (−1, −1, −1)
(1, 0, 2) 2 [3, 0, −3] → 1 (0, 1, −1) (1, 0, 2) (−1, −1, −1)

(1, −1, 1) 2 [−2, 3, −1] → 2 (0, 1, −1) (1, 0, 2) (−1, −1, −1)
1

(1, −1, −1) 3 [0, −1, 1] → 3 (0, 1, −1) (1, 0, 2) (−1, −1, −1)
(1, 1, 1) 1 [0, 3, −3] → 2 (1, 2, 0) (0, −1, 1) (−1, −1, −1)
(1, 2, 0) 1 [5, −2, −3] → 1 (1, 2, 0) (0, −1, 1) (−1, −1, −1)
(1, 0, 2) 2 [1, 2, −3] → 2 (1, 2, 0) (0, −1, 1) (−1, −1, −1)

(1, −1, 1) 2 [−1, 2, −1] → 2 (1, 2, 0) (0, −1, 1) (−1, −1, −1)
2

(1, −1, −1) 3 [−1, 0, 1] → 3 (1, 2, 0) (0, −1, 1) (−1, −1, −1)
3 (1, 1, 1) 1 [3, 0, −3] → 1 (1, 2, 0) (0, −1, 1) (−1, −1, −1)

Learning has converged.

INCOMPLETE  ex. 14–16
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3. Tutorial 3
A neuron has a transfer function which is a linear weighted sum of its input and an activation
function that is the Heaviside function. If the weights are 𝒘 = [0.1, −0.5, 0.4], and the threshold
zero, what is the output of this neuron when the input is: 𝒙1 = [0.1, −0.5, 0.4]𝑡 and 𝒙2 =
[0.1, 0.5, 0.4]𝑡?

𝑦𝑗 = 𝐻
(
((
(

transfer function
⏞⏞⏞⏞⏞⏞⏞∑

𝑖
𝑤𝑗𝑖𝑥𝑖 − 𝜃𝑗

)
))
)

⏟⏟⏟⏟⏟⏟⏟⏟⏟
activation function

where 𝐻(𝑢) = heaviside step function = {1, if 𝑢 ≥ 0
0, otherwise

𝑦1 = 𝐻(0.01 + 0.25 + 0.16 − 0.00) = 𝐻(0.42) = 1
𝑦2 = 𝐻(0.01 − 0.25 + 0.16 − 0.00) = 𝐻(−0.18) = 0

A Linear Threshold Unit has one input, 𝑥1, that can take binary values. Apply sequential Delta
learning rule so that the output of this neuron, 𝑦, is equal to 𝑥1 (i.e. ¬𝑥1), such that:

𝑥1 𝑦
0 1
1 0

Assume initial values of 𝜃 = 1.5 and 𝑤1 = 2, using learning rate of 1.

Augmented notation: 𝑦 = 𝐻(𝒘𝒙) where 𝒘 = [−𝜃, 𝑤1] and 𝒙 = [1, 𝑥1]
𝑇

Sequential (online) update is: 𝒘 ← 𝒘 + 𝜂(𝑡 − 𝑦)𝒙𝑇

Epoch 𝒙𝑇 = [1, 𝑥1] 𝑡 𝑦 = 𝐻(𝒘𝒙) 𝜂(𝑡 − 𝑦)𝒙𝑡 𝒘
initial [−1.5, 2]

[1, 0] 1 𝐻(−1.5) = 0 [1, 0] [−0.5, 2]
1

[1, 1] 0 𝐻(1.5) = 1 [−1, −1] [−1.5, 1]
[1, 0] 1 𝐻(−1.5) = 0 [1, 0] [−0.5, 1]

2
[1, 1] 0 𝐻(0.5) = 1 [−1, −1] [−1.5, 0]
[1, 0] 1 𝐻(−1.5) = 0 [1, 0] [−0.5, 0]

3
[1, 1] 0 𝐻(−0.5) = 0 [0, 0] [−0.5, 0]
[1, 0] 1 𝐻(−0.5) = 0 [1, 0] [0.5, 0]

4
[1, 1] 0 𝐻(0.5) = 1 [−1, −1] [−0.5, −1]
[1, 0] 1 𝐻(−0.5) = 0 [1, 0] [0.5, −1]

5
[1, 1] 0 𝐻(−0.5) = 0 [0, 0] [0.5, −1]
[1, 0] 1 𝐻(0.5) = 1 [0, 0] [0.5, −1]

6
[1, 1] 0 𝐻(−0.5) = 0 [0, 0] [0.5, −1]

Learning has converged.
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3 Tutorial 3

A Linear Threshold Unit has one input, 𝑥1, that can take binary values. Apply batch Delta
learning rule so that the output of this neuron, 𝑦, is equal to 𝑥1 (i.e. ¬𝑥1), such that:

𝑥1 𝑦
0 1
1 0

Assume initial values of 𝜃 = 1.5 and 𝑤1 = 2, using learning rate of 1.

Augmented notation: 𝑦 = 𝐻(𝒘𝒙) where 𝒘 = [−𝜃, 𝑤1] and 𝒙 = [1, 𝑥1]
𝑇

Sequential (online) update is: 𝒘 ← 𝒘 + 𝜂 ∑𝑝(𝑡𝑝 − 𝑦𝑝)𝒙𝑇
𝑝

Epoch 𝒙𝑇 = [1, 𝑥1] 𝑡 𝐻(𝒘𝒙) (𝑡 − 𝑦)𝒙𝑡 𝜂 ∑𝑝[…] 𝒘
initial [−1.5, 2]

[1, 0] 1 𝐻(−1.5) = 0 [1, 0]
1 [0, −1] [−1.5, 1]

[1, 1] 0 𝐻(0.5) = 1 [−1, −1]
[1, 0] 1 𝐻(−1.5) = 0 [1, 0]

2 [1, 0] [−0.5, 1]
[1, 1] 0 𝐻(−0.5) = 0 [0, 0]
[1, 0] 1 𝐻(−0.5) = 0 [1, 0]

3 [0, −1] [−0.5, 0]
[1, 1] 0 𝐻(0.5) = 1 [−1, −1]
[1, 0] 1 𝐻(−0.5) = 0 [1, 0]

4 [1, 0] [0.5, 0]
[1, 1] 0 𝐻(−0.5) = 0 [0, 0]
[1, 0] 1 𝐻(0.5) = 1 [0, 0]

5 [−1, −1] [−0.5, −1]
[1, 1] 0 𝐻(0.5) = 1 [−1, −1]
[1, 0] 1 𝐻(−0.5) = 0 [1, 0]

6 [1, 0] [0.5, −1]
[1, 1] 0 𝐻(−1.5) = 0 [0, 0]
[1, 0] 1 𝐻(0.5) = 1 [0, 0]

7 [0, 0] [0.5, −1]
[1, 1] 0 𝐻(−0.5) = 0 [0, 0]

Learning has converged.
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3 Tutorial 3

INCOMPLETE  ex. 5–10
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4. Tutorial 4
Draw the diagram of a 2-input-3-output feedforward fully-connected neural network having 2
hidden layers with 4 and 5 units (nodes), respectively, and bias terms in the input and all hidden
layers. How many connection weights does it have in total?

i1

i2

h1

h2

h3

h4 h5

h6

h7

h8

h9

o1

o2

o3bias1

bias2

bias3

No. of connection weights = (2 + 1) ⋅ 4 + (4 + 1) ⋅ 5 + (5 + 1) ⋅ 3 = 55 connection weights

Derive the equation for the number of weights in a multi-layer feedforward fully-connected
neural network including biases in the input and all hidden layers in terms of:
• 𝑑 - no. of inputs
• 𝐿 - no. of hidden layers
• 𝑛ℎ - no. of units in ℎ-th hidden layer
• ℎ = 1, 2, …, 𝐿
• 𝑧 - no. of outputs

(𝑑 + 1) ⋅ 𝑛1 + ∑
𝐿−1

ℎ=1
(𝑛ℎ + 1) ⋅ 𝑛ℎ+1 + (𝑛𝐿 + 1) ⋅ 𝑧

INCOMPLETE  ex. 3–8
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5. Tutorial 5
The following array shows output produced by mask in convolutional layer of CNN:

net𝑗 =
(
((
( 1

−1
0.1

0.5
−0.5
−0.1

0.2
−0.2

0 )
))
)

Calculate values when applying:
• ReLU:

net𝑗 =
(
((
( 1

0
0.1

0.5
−0.5

0

0.2
0
0 )

))
)

• LReLU when 𝑎 = 0.1:

net𝑗 =
(
((
( 1

−0.1
0.1

0.5
−0.05
−0.01

0.2
−0.02

0 )
))
)

• tanh:

net𝑗 =
(
((
( 0.7616

−0.7616
0.0997

0.4621
−0.4621
−0.0997

0.1974
−0.1974

0 )
))
)

• heaviside with threshold 0.1, let 𝐻(0) = 0.5:

net𝑗 =
(
((
( 1

0
0.5

1
0
0

1
0
0)
))
)

tanh activation function Graph

𝛿(net𝑗) = 𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 + 𝑒−𝑥
x

y

0

Var(𝑥) = 1
𝑁

∑
𝑛

(1 − 𝑥𝑛)2
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5 Tutorial 5

Following arrays are input to convolutional layer of a CNN:

𝑋1 =
(
((
(0.2

−1
0.1

1
0
0

0
−0.1
0.1 )

))
), 𝑋2 =

(
((
( 1

−1
0.1

0.5
−0.5
−0.1

0.2
−0.2

0 )
))
)

Calculate (flashcard note: describe how to get) the output of mask 𝐻  where:

𝐻1 = (1
1

−0.1
−0.1), 𝐻2 = ( 0.5

−0.5
0.5

−0.5)

For the following configurations:
• padding = 0, stride = 1

𝑋1 ⋅ 𝐻1 + 𝑋2 ⋅ 𝐻2 = ( −0.9 + 1.5
−0.9 + 0.75

1.01 + 0.7
0.0 − 0.3 ) = ( 0.6

−1.65
1.71
−0.3)

e.g. (−0.9) = 1 ⋅ 0.2 + 1 ⋅ (−0.1) − 1 ⋅ 1 + 0 ⋅ (−0.9)
• padding = 1, stride = 1

𝑋1 ⇒

(
((
((
((

0
0
0
0

0
0.2
−1
0.1

0
1
0
0

0
0

−0.1
0.1

0
0
0
0)
))
))
))

,  similarly for 𝑋2

as before 𝑋1 ⋅ 𝐻1 + 𝑋2 ⋅ 𝐻2 with padding in 𝑋𝑛

• padding = 1, stride = 2 → use same methodology but move mask across by two units each time
• padding = 0, stride = 1, dilation = 2

[0.2 ⋅ 1 + 0 ⋅ (−0.1) + 0.1 ⋅ 1 + 0.1 ⋅ (−0.1)]
+[1 ⋅ 0.5 + 0.2 ⋅ 0.5 + 0.1 ⋅ (−0.5) + 0 ⋅ (−0.5)]

= [0.29] + [0.55]
= [0.84]

Following arrays show feature maps that provide input into convolutional layer of CNN:

𝑋1 =
(
((
(0.2

−1
0.1

1
0
0

0
−0.1
0.1 )

))
), 𝑋2 =

(
((
( 1

−1
0.1

0.5
−0.5
−0.1

0.2
−0.2

0 )
))
), 𝑋3 =

(
((
(0.5

0
0.5

−0.5
−0.4
0.5

−0.1
0

0.2 )
))
)

Calculate output by 1x1 convolution when the 3 channels of the 1x1 mask are [1, −1, 0.5]

𝑌 = 1 ⋅ 𝑋1 − 1 ⋅ 𝑋2 + 0.5 ⋅ 𝑋3

=
[
[
[(0.2 ⋅ 1) + (1 ⋅ −1) + (0.5 ⋅ 0.5)

…
…

(1 ⋅ 1) + (0.5 ⋅ −1) + (−0.5 ⋅ 0.5) + …

]
]
]

=
[
[
[−0.55

0
0.25

0.25
0.3
0.35

−0.25
0.1
0.2 ]

]
]
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5 Tutorial 5

Given input to pooling layer of CNN:

𝑋1 =

[
[
[
[
[0.2

−1
0.1
0.4

1
0
0

−0.7

0
−0.1
−1

−0.5

0.4
−0.1
−0.5

1 ]
]
]
]
]

Calculate the output when using:
• average pooling with region of 2x2 and stride = 2

𝑌 = 1
4
[ 0.2 + 1 − 1 + 0
0.1 + 0 + 0.4 − 0.7

0 + 0.4 − 0.1 − 0.1
−1 − 0.5 − 0.5 + 1]

= [ 0.05
−0.05

0.05
−0.25]

• max pooling with region 2x2 and stride = 2

𝑌 = [ 1
0.4

0.4
1 ]

• max pooling with region 3x3 and stride = 1

𝑌 = [ 1
0.4

1
1]

Input to convolutional layer of CNN consists of 6 feature maps each of which has a height of 11 and
width of 15. What is the size of output produced by a single mask of size 3x3 with 6
channels when using stride of 2 and padding of 0?

[
[
[
[
[
[
[
[
[
[
[
[
[
[ 1

2
3
4
5
6
7
8
9
10
11

2
x

x

x

x

x

3 4
x

5 6
x

7 8
x

9 10
x

11 12
x

13 14
x

15

]
]
]
]
]
]
]
]
]
]
]
]
]
]

Horizontal, 7, vertical, 5. Therefore, output is 5x7x1.

For any convolutional layer, the output dimension is given by:

outputdim = 1 + inputdim − maskdim + 2 ⋅ padding
stride
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5 Tutorial 5

A CNN processes an image of size 200x200x3 using the following sequence:
1. convolution with 40 masks of size 5x5x3, stride = 1, padding = 0
2. pooling with 2x2 pooling regions and stride = 2
3. convolution with 80 masks of size 4x4 with stride = 2, padding = 1
4. 1x1 convolution with 20 masks

What is the size of the output once it has been flattened?
1. Create 40 channels of size 200 − 5 + 1 = 196x196; 196x196x40
2. Retain 40 channels, shrink size to 196 = 96x96; 98x98x40
3. Create 80 channels of size 1 + 98−4+2⋅1

2 = 48x48; 48x48x80
4. Retain 20 channels of equivalent size; 48x48x20

The following images show exemplars from two datasets.

Each is expanded using data augmentations, which are appropriate?
• ✓ rescaling
• depends horizontal flip (✗ for MNIST; ✓ for FashionMNIST)
• ✓ rotation (only small rot. for MNIST)
• ✓ cropping
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6. Tutorial 6
INCOMPLETE  ex. 1–3
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7. Tutorial 7
Note

Skipped 1-4.

The eigenvectors and eigenvalues of some 𝑪 (covariance matrix) are:

𝑽 =
(
((
(0

0
1

−0.8817
0.4719

0

0.4719
0.8817

0 )
))
), 𝑬 =

(
((
(0

0
0

0
0.0986

0

0
0

1.9015)
))
)

What is the proportion of variance explained by the first 2 and 1 principal components?
The proportion is given by the sum of eigenvalues for selected components divided by sum of all of
the eigenvalues.

1.9015 + 0.0986
1.9015 + 0.0986 + 0

= 1

1.9015
1.9015 + 0.0986

= 0.95

Given the data (0
1), (3

5), (5
4), (5

6), (8
7), (9

7) which has mean 𝜇 = (5
5), project on to first

principle component using the KLT method.

The covariance matrix is given by:

𝑪 = 1
𝑁

∑
𝑁

𝑖=1
(𝒙𝑖 − 𝜇)(𝒙𝑖 − 𝜇)𝑇

= 1
6
((−5

−4)(−5 − 4) + (−2
0 )(−2 0) + …)

= 1
6
((25

20
20
16) + (4

0
0
0) + …)

= ( 9
5.67

5.67
4.33)

The eigenvalues/eigenvectors of 𝑪 are given by:

𝑽 = ( 0.5564
−0.8309

−0.8309
−0.5564), 𝑬 = (0.5384

0
0

12.7949)

Hence, choose eigenvector corresponding to largest eigenvalue, 𝑽 = (−0.8309
−0.5564).

The projection on to the subspace spanned by first principal component is given by:
Multiply the transpose eigenvector by the zero-mean data to find projected data!

𝒚𝑖 = 𝑽 𝑇 (𝒙𝑖 − 𝜇)

= (−0.8309 −0.5564)(𝒙𝑖 − (5
5))

= [6.3801 1.6618 0.5564 …]
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7 Tutorial 7

Given the data (0
1), (3

5), (5
4), (5

6), (8
7), (9

7), apply Oja’s learning rule using a learning rate of 0.01
and an initial weight vector of (−1, 0).

Batch update rule is:

𝒘 ← 𝒘 + 𝜂 ∑
𝑖

𝑦(𝒙𝑇
𝑖 − 𝑦𝒘)

Briefly describe the optimisation method performed by Fisher’s LDA to find a projection of
the original data onto a subspace.

LDA searches for a discriminative subspace in which exemplars belonging to the same class are as
close together as possible while patterns belonging to different classes are as far apart as possible.

For the data given:

feature vector 𝒙𝑇 (1, 2) (2, 1) (3, 3) (6, 5) (7, 8)
class 1 1 1 2 2

Use Fisher’s LDA method to determine which of the following projection weights is more
effective at performing LDA: (i) 𝒘𝑇 = (−1, 5), (ii) 𝒘𝑇 = (2, −3)

Fisher’s method maximises 𝐽(𝒘) = sb
sw = between class scatter

within class scatter

sb = |𝒘𝑇 (𝒎1 − 𝒎2)|

sw = ∑ (𝒘(𝒙1
𝑖 − 𝒎1))

2 + ∑ (𝒘(𝒙2
𝑖 − 𝒎2))

2

So where 𝒘𝑇 = (−1, 5), sb = 324, sw = 140, 𝐽(𝒘) = 2.3143.
So where 𝒘𝑇 = (2, −3), sb = 20.25, sw = 38.5, 𝐽(𝒘) = 0.526.

Hence, the first weights are more effective.
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7 Tutorial 7

INCOMPLETE  ex. 11–13
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8. Tutorial 8
A support vector machine is employed to classify the following points:

class 1: 𝑥1 = (1
1), 𝑥2 = ( 1

−1)

class 2: 𝑥3 = (−1
1 ), 𝑥4 = (−1

−1)

Are these two points linearly separable? Yes.
Design an SVM classifier to correctly classify all given points, identifying support vectors.

INCOMPLETE  ex. 1–5
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9. Tutorial 9
INCOMPLETE  ex. 1–3
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10. Tutorial 10
INCOMPLETE  ex. 1–6

revision 3 ⋅ rendered on 2025-05-10 ⋅ source code notes by izzy ⋅ insrt.uk

https://git.is.horse/insert/university/typst-notes
https://insrt.uk

	Tutorial 1
	Tutorial 2
	Tutorial 3
	Tutorial 4
	Tutorial 5
	Tutorial 6
	Tutorial 7
	Tutorial 8
	Tutorial 9
	Tutorial 10

