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Let F(x) be the unit step activation function:
f(x)=0, x<0
fix)=1 x20

I

1 e
g9,(x)=x +x,- 3 T

Observe that the classification problem is then sclved by

1
f[y,—yz—g] a.(x) = %+ x, ; .

where
¥, = F(g,x) and y, = (g, (x))

This calculation can be implemented sequentially:
Compute y, and y, from x, and x.

Compute the decision from y, and y,.
Each layer in the sequence consists of one or more linear classifications.

This is therefore a two-layer perceptron.
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one neuron: @ 1. Neuron (in Machine Learning)

A neuron (also called an artificial neuron) is a basic computational unit in a neural network
@ — inspired by biological neurons.

wy
4 General structure:

Each neuron:
@ ) W2 » : + Takes multiple inputs z1, 9, ..., T,
. » Multiplies each input by a weight w;
Wn « Adds a bias b
@ : ] « Passes the sum through an activation function f(-)

Output y = f(wiz; + wezz + ... + Wz, + b)

4 Key point:
[ is an activation function.

= The activation function can be non-linear (like RelLU, sigmoid, tanh, etc.).
= Neurons are used in multi-layer neural networks.

= They can represent complex non-linear relationships.

{8 2. Perceptron

Ou r bra i ns are made of Neurons | The perceptron is a specific type of neuron — the simplest form of an artificial neuron,
Vsl introduced by Frank Rosenblatt (1958).

Presynaptic

terminal } 4 Formula:

{1 fw-z+b>0
y:

0 otherwise

Synapse # Characteristics:
Cell « Uses a step function as its activation (a hard threshold).
\ body » Produces a binary output (0 or 1).
Candits + Represents a linear classifier — it can only separate data with a straight line (or

hyperplane).

@ 3. Main Differences Summary

Feature Perceptron Neuron (in Neural Networks)
Invented by Frank Rosenblatt (1958) Evolved later in multi-layer networks
Activation Function Step (binary output) Any differentiable function (sigmoid,

RelLU, tanh, etc.)

Output Binary (O or 1) Continuous (real values)
Learning Capability Linear decision boundary Non-linear relationships
only
Used In Single-layer models Multi-layer neural networks (Deep
Learning)
Training Perceptron |learning rule Gradient Descent / Backpropagation

Neural Network

ey A feed wtd neuSel nedwntk.

This network is also called a Multi-layer Perceptron
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A Multi-Layer Perceptron (MLP) is a specific type of Feed-Forward Neural Network (FNN).

In other words:

@ All MLPs are feed-forward neural networks,
but not all feed-forward neural networks are MLPs.

@ Detailed Comparison

Aspect Feed-Forward Neural Network (FNN)

Definition A general class of neural networks where
information moves only forward — from input
to output — without cycles.

Structure Can include different kinds of layers (dense,

convolutional, dropout, etc.).

Flow of data Always one-way (no feedback or recurrence).

Connections May have specialized connections or
architectures (e.g., convolutional, residual).

Activation Functions Can vary (ReLU, softmax, etc.).

Example Use Cases Broad: CNNs, transformers (forwards), MLPs

all fall under this umbrella.

®* Conceptually

+ Feed-Forward Neural Network = the family

- describes how data flows (only forward).

Multi-Layer Perceptron (MLP)

A specific kind of feed-forward
network made up of fully
connected layers of perceptrons

(neurons).

Consists only of dense (fully

connected) layers.

Also one-way; it's a feed-forward

architecture.

Every neuron in one layer
connects to all neurons in the

next layer.

Typically non-linear (ReLU,
sigmoid, tanh, etc.) — but

traditionally sigmoid/tanh.

Classic tabular data, small-scale

regression/classification tasks.

» Multi-Layer Perceptron (MLP) = a specific architecture in that family

- describes how layers are connected (fully connected, stacked perceptrons).



®* 2. Types of Neural Networks That Are FNNs

These are examples that fall under the FNN umbrella:

Category

Fully Connected /

Dense

Convolutional

Transformer /

Attention-based

Autoencoders

Residual / Skip

Connection Nets

Example

Multi-Layer Perceptron (MLP)

CNN (Convolutional Neural
Network)

Transformers, BERT, GPT

Basic Autoencoder, Variational

Autoencoder (VAE)

ResNet

Description

Classic architecture; every neuron in
one layer connects to all neurons in

the next.

Feed-forward network specialized

for images; uses convolution +

pooling layers.

Feed-forward sequence models that

rely on attention, not recurrence.

Encoder-decoder structure, but still

feed-forward in flow direction.

Still feed-forward even with skip
connections — because no loops

exist.

Even though CNNs and Transformers look different structurally, their data still flows

forward only, so they qualify as FNNs.

£} 3. Neural Networks That Are Not Feed-Forward

These have feedback loops or recurrent connections, so they are not FNNs.

Type

Recurrent Neural Networks
(RNNs)

Recursive Neural Networks

Hopfield Networks

Boltzmann Machines / RBMs

Echo State Networks / Liquid

State Machines

Example

RNN, LSTM, GRU

Tree-RNNs (used in
NLP parse trees)

Classical associative

memory networks

Restricted Boltzmann

Machine

Reservoir computing

Why not Feed-Forward

Output from one timestep feeds
back into the network for the next

timestep.

Apply same weights recursively
along tree structures (feedback-
like).

Have cyclic connections — energy-

based, recurrent.

Use bidirectional connections — not

purely forward.

Include dynamic feedback within

reservoir layer.
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What is the output of the network forx; = 1,x, = 2.
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Activatlion Functions r!
v Rectified Linear Unit

Sigmoid ' RelLU

U(I) = I-F% max(01$)

tanh Leaky ReLU
tanh(zx) . ° max(0.1z, z)



Question:

What is the output of the
network for
xp=1x, =17

Assume sigmoid is being
used at al and a2.
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Question 6: Neural Networks (12 points) f/\\
Can a neural network be used to model the following machine learning algorithms? If so, Tf \7
state the neural network structure (how many hidden layers are required) and the activation /7 (\
function(s) used at the internal and output nodes. If not, describe why not in one or two ,/\
sentences. [

(a) (3 points) Linear regression
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(b) (3 points) Logistic regression
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Suppose that we are performing a prediction task using artificial neurons. Which of the following

statements about artificial neurons is TRUE?
—

®/ Linear regression uses the identity activation function with the squared error loss
function.

O Logistic regression uses the identity activation function with the binary cross entropy loss
function.

Question:

Consider the unit shown on Figure 1. Suppose that the weights correspond-
ing to the three inputs have the following values:

2
-4
1

w

wy

ws

and the activation of the unit is given by the step-function:
Ap— —

1 ifv>0 y =)

0 otherwise

o(v) = {

Calculate what will be the output value y of the unit for each of the following
input patterns:

Pattern | Py P, P3 Py Figure 1: Single unit with three inputs.
z|l 0 1
2| 0 1
z3| 0
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¥ i. Which of the following activation functions, when applied to the nodes in the hidden layers of a multilayer perceptron, is not
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Question 2: Neural Network Output (1 point)

What is the output probability prediction of the following neural network given the input
vector shown? Show your work.

Both hidden layers have RelLU activation applied to every node. The output layer uses
sigmoid activation (for binary classification).
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Q.43 | Consider a Multi-Layer Perceptron (MLP) model with one hidden layer and one
output layer. The hidden layer has 10 neurons, and the output layer has 3 neurons.
The input to the MLP is a 5-dimensional vector. Each neuron is connected to
every neuron in the previous layer, and a bias term is included for each neuron. = ‘7 9
oy P Y =

The activation function used is the sigmoid function. The total number of

trainable parameters in this MLP model is




Data Science and Artificial Intelligence (DA)
(A) P 6.9 24,r 24

Consider the two neural networks (NNs) shown n Figures | and 2, wah RelU (B) p=2

,¥z € R). R denotes the set of real mambers. The

actvaton (RelLU(z) max{0, z
comnections and ther comespondng weights are shown m the Figures
at every neuron are set to 0. For what vales of p.q.r n Figure 2 are the two NNs

X, are positive?

The bmses () p=18.9q=36r =24

equvakent, when x,,x,

Recall that the output of a perceptron is 0 or 1. For each of the two following data sets, select the
perceptron network with the fewest nodes that will separate the classes, and write the corresponding

letter in the box. You can use the same network more than once.
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(15 MARKS) Consider below a two-layer neural network with 3 neurons, which takes scalar input x

4.
and outputs y. Here £ denotes the summation operator and # denotes the activation function. The
" : B (1 X
symbols a, b, ¢, d, e, and [ represent the weights on their respective edges. Note that z; 1is the
S . . : 0 : o : .
bias input into the second hidden layer, while zj, ) =1 is the bias input into the first hidden layer
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weural network is used for binary classification, with 6(s) = sign(s) € {-1,+1} and

.\'ll]l])u.\s' the 1
On the real line, sketch the decision rule

a 1.5, b l,c=2,d 1.5, ¢ = 1, and f L.
the different regions for input  where we have output

accomplished by this neural network, i.e

y=-1and y=+1.
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iv. Let's say you have a MLP network which is trained on 5-dimensional input data. The — 0 r[q: (/KB
network has 3 hidden layers, with 50, 30, and 20 nodes respectively. The network is trained to \f\
predict a 10-way classification task using softmax activation. If we ignore bias terms, how 0 F(Ul . 9/}(}
many weights does this neural network have? (0.25 points) '[9 .
50 0 :
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¢ Suppose we have a deep feedforward neural network with two layers. The first layer has four
artificial neurons, and the second layer has one neuron. We want to use the network to perform
binary classification on the data that is not linearly separable. This means that the dataset cannot
be separated with a reasonable performance by just using a linear classifier. Which of the following

settings can help us achieve our task well?

1.0 point - Multiple choice - 4 alternatives

Swe have  ses dhet usmoq ;dﬁhh»‘a,

®/ Use the tanh activation function for all neurons and use the cross-entropy loss % O_M W S \Niu QJ’IOL Up

O Use the identity activation function for all neurons and use the cross-entropy loss

O Use the tanh activation function for all neurons and use the squared error loss

ooty o 34 pshy P
gt

O Use the identity activation function for all neurons and use the squared error loss

Neural network A consists of a single linear layer followed by a softmax output activation.

Suppose vou are training neural networks on 100 x 100 images to predict 5 classes. o
P g ges to p Ng Lhoden s bivake)

Neural network B consists of a sequence of layers with dimensions 128, 512, and 32, )
* s anchef nome

respectively, followed by a softmax output activation.

Assuming that both neural

networks are trained using an identical procedure (e.g. batch size, learning rate, epochs, d i on
etc), and neither contains hidden activations, what can you generally expect about the / '5'

relative performance of A and B on the test data?

(a) A will outperform B
(b) B will outperform A

A and B will perform roughly the same.

b
SN wen Unw«‘}b* inkoduted. = Just 2 ol

If a network has no hidden activation, that means: *

« There are no hidden layers, or

\9 &b\ k@@ « The activation functions in hidden layers are missing (i.e., purely linear).

So, effectively:

A
%Wé’ Ww Output = Wz + b

Two historians approach you for your deep learning expertise. They want to classify images
of historical objects into 3 classes depending on the time they were created:

* Antiquity (y = 0)
e Middle Ages (y=1)
¢ Modern Era (y = 2)

GG o B
A A A

(A) Class: Antiquity (B) Class: Middle Ages (C) Class: Modern Era
Figure 1: Example of images found in the dataset along with their classes
(3 points) Following the last FC-3 layer of your network, what activation must be

applied? Given a vector a = [0.3,0.3,0.3], what is the result of using your activation
on this vector?
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\ﬁ pts\ Below is a neural network with weights a, b, ¢, d, e, f. The inputs are x; and z3.
The first hidden layer computes r; = max(c e - ) & rp = max(d -z, + f - x3,0).

The second hidden layer computes s, —— S— —

. 1) 14exp(—b-ra)
The output layer computes y = s; + s;. Note that the weights a,b, ¢, d, e, f are indicated along the edges of
the neural network here.

Suppose the network has inputs x,
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Backpropagation Below is a deep network with input . Values x, hy, ha, z arc all scalars.

z),h fa(x), z = hyha
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i. (2.5 pts) Use the Chain Rule and the equations given to calculate &L/z,. You may use x and y, along with all

of the w, a, and z values. Note that the picture above only shows the neural network, i.e. does not include the loss
function L.

Consider the Il(’.\l[‘ll network below. Note that:

Each a; v alu: is the final output for neuron i in the network.

Each z, value is the pre-activarion value for neuron i in the network (i.e. the dot product).
w, is the weight used by neuron 1.

Let w;; be the weight from neuron i to neuron j.

The activation function for each neuron is the function g(x)

ii. (1.5 pts) Use the Chain Rule and the equations given to caleulate &L/6z; . You may use x and y, along with all

of the w, a, and z values. (Hinz: If you're comfortable with the Chain Rule, you should be able to do this quickly
by looking at your solution to Part A.)

A neural network has many layers, with the final two being X (with 4 nodes) and ¥~ (with one node)
Four weights {wy = 0.1, w2 = —0.5, w3 = 0.8, w4 = 0.6} connect z1, 22, Z3, Z4 to Y1.
On the most recent forward pass through the network, the outputted values of X are: 6 )_r + D 540

2=03, 2z4=-0.7, =z3=05 =z,=09.

S= 005F -0-35

o = bt>
%: ([Sf)“

The activation function for node y is:

1
1+e

W= S+ where s is the sum of weighted inputs into y,.

The error function is:

o O OO

1
(T ?'
2( )

) = ooRs

where T'is the target value. In this case. T = 0.8.

L
s = = (T

The learning rate is 0.05, and the minibatch size is 1. = T}
Tasks: (9 _ a L a \{ 5)5 %L =
o §
1. Compute the value of y; during the forward pass. aw{ a as & !

oL _ 0 bo-08=""0 :

&
(9 ( Q)

o = D'EELD‘Z%

0O 22715

2. Compute the gradients of w), w2, W3, W4 using backpropagation. —)D D v D&

c *05 7
3. Find the new values for the four weights after the backward pass. = - D N [) 5£Pl?
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Q. Which of the options are correct [MSQ] ? I @] G !L O
(=

will e +ye O~

———
You are solving a binary classification task, and the final two layers in your network are a ReLU
activation followed by a sigmoid activation. This leads to all predictions to be positive.

a

b

A 2-layer fully connected neural network with 5 neurons in each layer has a total of 60 parameters
(i.e. weights and biases)

(o

Vanishing gradient causes deeper layers to learn more slowly than earlier layers

d

The backpropagated gradient through a tanh non-linearity is always greater than in magnitude than
the upstream gradient.

&
ach gopoyaded_
— L gt
eprlt

Q. Which of the options are correct [MSQ] ?

a) Maximum value of local gradient when sigmoid is used as an activation function is 0.5
b) Minimum value of local gradient when sigmoid is used as an activation function is 0.25
¢) Maximum value of local gradient when tanh is used as an activation function is 1
d) Minimum value of local gradient when Relu is used as an activation function is 0

Q. Which one of the following statements on initialization is false?

a) Thevariances of layer outputs remain unchanged during training when Xavier initialization is used.

b) Initializing all weights to a positive constant value isn’t sufficient to break learning symmetry during
training.

c) Different activation functions may benefit from different types of initializations

d) It’s possible to break symmetry by initializing weights to be sampled uniformly from the set {-1, 1}.

Q. Which of the following activation functions can lead to vanishing gradients?

a) RelLU

b) Tanh

c) Sigmoid

d) All of the above
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For a multivariate Gaussian distribution, the contours for f of x equal to

some constant ¢ will be a spherical or circle-shaped i

s isotropic
covariance and it will be an ellipsoid if it will be an anisotropic
covariance. Is this statement true?

®# Yes, your statement is true — with a small clarification.
Let’s restate it precisely:

For a multivariate Gaussian distribution

i 1 -
1) = gy =~ x — W7 - )
the contours of constant density (i.e., where f(x) = c) satisfy:
(x — p)"B 7 (x — p) = constant

This defines a quadratic form, whose shape depends on the covariance matrix X:

4 Case 1: Isotropic covariance
If

=o'
then
(x—p)'= Hx—p)= lHx — p||* = constant
I #) = lx -l =

- The contours are spheres in higher dimensions (or circles in 2D).

4 Case 2: Anisotropic covariance
If
b

is not proportional to the identity matrix, then different directions have different variances (and possibly
correlated components).
(x — p)"= ! (x — p) = constant

now describes an ellipsoid in general (ellipse in 2D).

® Summary:

Covariance type Contour shape Description

Isotropic (X = o) Sphere / Circle Equal variance, uncorrelated directions
Anisotropic (£ # a’ly Ellipscid Unequal variance and/or correlated directions

So your statement is entirely correct — just note tha' \. herical" corresponds to higher-dimensional circles
(spheres) and "ellipsoid” is the general case.
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Further what difference can be observed if the matrix has unequal
variance and there is no correlation. means the covariance matrix is
entirely diagonal. but now compare this with the unequal variance and
correlated components in matrix. so what differences in contour can
be observed

Excellent question — this goes one step deeper into understanding the g y of contours &
Let’s consider the two cases you mentioned carefully.
I Case 1: Unequal variances, no correlation
Covariance matrix:
2
a.
E - [ ) 2}
0 oy
Then
_ 2 _ ;)2
(x—p)'=H(x—p)= (7‘2%) + M = constant
o ay

4 Contour shape:

« It's an axis-aligned ellipse (ellipse whose axes are parallel to the coordinate axes).
« The major and minor axes correspond to the variances 05 and crf.

« No rotation occurs because there are no cross-correlation terms.

M Case 2: Unequal variances, with correlation

Covariance matrix:

s | 9 poaoy
POLTy rri

with [p| > 0.

Now the term expands to:

(x— )" (x—p) = Alz — 1:)* + By — 1)” +2C(z — p:) (v — 1ty)

# Contour shape:

Still an ellipse, but rotated relative to the coordinate axes.

The rotation angle depends on the correlation coefficient p.

When p > 0: the ellipse is tilted along the line y =

.

When p < (:it'stiltedalongy = —z.

@ Summary Table

Covariance Matrix Type Variances Correlation Contour Shape Orientation

Isotropic (7, = ay) Equal None circle Not applicable

Diagonal, unequal variances Unequal None Ellipse Aligned with axes

Full (non-diagonal) Unequal Present Ellipse Rotated toward correlated

direction

® Intuitive takeaway:

= Unequal variances — Stretching (ellipse instead of circle).
= Non-zero correlation . Rotation (ellipse tilted). 10

= So correlation affects orientation, variances affect shape/scale
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o Fue class
¢ —Ve. class

LDA (Linear Discriminant
Aspect Analysis) QDA (Quadratic Discriminant Analysis)
Decision Linear: The decision boundary is a Quadratic The decision boundary is a quadratic
Boundary hyperplane. surface.
Covariance Asgumes all dasses share the Assumes each dass has its own covanance matrix
Assumption same covariance matrix (X). ()
Overfitting Risk Less prone to overfitting due to More prone to overfitting, especially with imited
fewer parameters. data, as more parameters are estimated.

‘LMl///Ha.M,;lﬂi% 6”’/#‘*"”{% 12,250 - 2]

Other choices are p\n\iHu by constraining 3. in various ways:

Covariance matrices Separate Shared

Full \ QDA LDA
Diagonal Naive Bayes Diagonal LDA
Spherical ‘Spherical QDA’ | Nearest centroid
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/__A
You want to train a dog identifier with Gaussian discriminant analysis. Your classifier takes an image vector as its
input and outputs 1 if it thinks it is a dog, and 0 otherwise. You use a certain dataset, modified such that all the classes
that are not "dog" have the label 0. Your training set has 5,000 dog images and 45,000 non-dog ("other"”) images.

Which of the following statements seems likely to be correct?

A. LDA has an advantage over QDA because the two classes have different numbers of training examples.

B. QDA has an advantage over LDA because the two classes have different numbers of training examples.

C. LDA has an advantage over QDA because the two classes are expected to have very different covariance matrices.

D. QDA has an advantage over LDA because the two classes are expected to have very different covariance matrices.

4 pts] Below are 1,000 sample points drawn from a two-dimensional multivariate normal
alnc

0
0 0.01

|‘\' .]} ___/_;:r.'\jﬂﬂ;‘%, <o

could (without extreme improbability) be the covariance matrix of the distribution?
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y attention o

aonte condt

" V£~
&4 ab
G

»-class Gaussi

y for class D

[3 pts] Which of the following are true about tv

parameters f for class C and jip

If ji

classifiers are identical

and # . then the LDA and QDA

T
Hi

If £, I (the identity matrix) and X, 51, then

the LDA and QDA classifiers are identical

h statements are true of
QDA)

minant analy

1 analysis linear discriminant an

QDA for isotropic (i.e., with the

saime var e in all directions) becomes the centroid
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How many discriminatory directions can we find?

one can only find at most ¢ — 1 discriminatory directions,
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Limitations of LDA

LDA produces at most C-1 feature projections

LDA is a parametric method since it assumes unimodal Gaussian likelihoods

LIDA pr T

LLDA will fail when the disciminatory informanon is not in the mean but

rather in the vanance of the data

Comparison between PCA and LDA

' ’ PCA LDA

Use labels? | no (unsupervised) yes (supervised)

Criterion variance discrimination

#dimensions (k) any <ec-—1

Computing SVD _generai;zed .e}genvectors_
Linear projection? || yes ((x —m)" V) yes (xTV)
Nonlinear boundary can handle* cannot handle

of the foll i




