Chapter 06: Deep Learning

@ Biological Neuron vs & Artificial Perceptron

1. Biological Neuron (Real Brain Cell)

A biological neuron is a cell in the nervous system that processes and transmits information using electrical

and chemical signals.

@ Structure

+ Dendrites — receive signals from other neurons

+ Cell body (soma) — processes signals

* Axon — sends output signal

* Synapses — connections to other neurons
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» Receives multiple input signals

Inputs

= Each signal has a strength (synaptic weight)

» |f total signal exceeds a threshold, neuron fires
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(b) Artificial neuron

7 This behavior relates to the concept of a threshold activation.

2. Perceptron (Single Neurone Model)

@ Definition

The Perceptron is the simplest neural unit:

Where:

* & input vector
s« 1w weights

b bias

¢ activation function

T

z=uwax+b

y = ¢(z)
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Y =xwy +xowr+ b

Y

Step Function

“0ifz<0
1f r <
f(l.):% lifx>0
L -\
: Weighted Activation
Inputs ;
p Weights Sum sinotion Output

= Weights (w): Importance of each input

= Bias (b): Shifts activation (like offset voltage)
r Electrical analogy:

= Weight — amplifier gain

» Bias — DC offset

Biological Meuron Perceptron

Dendrites receive signals Inputs x;

Synapse strength Weights w;

Soma processes signals Summation > w;x;

Firing threshold Bias b + activation

Axon sends output Output y

@ Example (EE: Fault Detection)

Suppose:

« I :voltage
s g cuUrrent
We classify:

« J— MNormal

« 1 — Fault
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Given:
w=[0.6,04], b= -0.5

z=[1,1]
Solution:

z=0.6(1) +0.4(1) — 0.5 =05

If we use a step function:
e z >0 — Fault = 1
Single-Layer Perceptron vs. Multilayer Perceptron

1. Single-layer perceptron (only input — output).

2. Multilayer perceptron with one hidden layer (input — hidden — output). Hidden layers add non-
linearity and power.
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€ Structure

A neural network is composed of,
1. Input Layer

¢ Receives raw data

« MNo computation

2. Hidden Layers

« Perform transformations
¢ FExtract features

3. Output Layer

+ Produces final result
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3. Types of Architectures
@ 3.1 Feedforward Neural Network (FNN)

¢ Simplest architecture
» Data flows in one direction

Structure:

Input — Hidden — Cutput

@ 3.2 Multilayer Perceptron (MLP)
s Multiple hidden layers

+ Fully connected

@ 3.3 Convolutional Neural Network (CNN)

» Used for images and signals

« |local feature extraction
@ 3.4 Recurrent Neural Network (RNN)

* Handles time-dependent signals

* Has memory (feedback loop)

F Useful in EE for:

* Signal processing

+ Fault prediction

Different Types of Neural Network Architectures
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Recurrent Neural Networks Generative Adversarial Networks
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4, Common Activation Functions
1. Sigmoid Function

G’(Z’} 1 l: =

«’ Properties:
« Qutput range: (0, 1)

« Smooth and differentiable
« Derivative:
o'(z) = a(2)(1 - o(2))
¥ Use:

* Binary classification

« Output layer (probabilities)
2. Hyperbolic Tangent (Tanh)
tanh(z) = %
« Properties:

» Outputrange: (—1,1)

« Fero-centered

o Derivative:
tanh'(z) = 1 — tanh®(z)

o Use:

# Hidden layers (better than sigmoid in many cases)

3. ReLU (Rectified Linear Unit)
f{z) - Iﬂﬂx{ﬂ, Z)

+” Properties:
« Output: [0, +o¢)

= Very simple and efficient

«” Derivative:

e {1 2> 0

0 z=<10

o Use:

= Most popular for hidden layers
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4. Leaky RelLU

-2, 22

oz
« Properties:
« Fixes "dying RelU” problem
* ¢ is small (e.g. 0.01)

6. Linear Activation (Identity)

flz) ==
o Use:
» Regression problems (e.g. voltage prediction, system output in EE}
Function Formula Range Typical Use
Sigmoid 3 _:; - 0,1} Binary output
Tanh tanh(z) 1,1 Hidden layers
Reall max(0, z) [0,e0) Hidden layers
Leaky RelU piecewise [-oo,00) Deep networks
Softrnax normalized exp 01 Multiclass cutput
Linear z [-co,00) Regression
1 /7 1
1 7 i (N ]
2 B] v 1 F] Bl 1 o 1 ] —/ 1
Step Function Sigmoid tanh
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RelU Leaky RelLU Softmax Function

5. Softmax Function (Multiclass)

et

Softmax(z;) = ==

R

« Properties:

« Converts vector into probability distribution

« Sum =1

o Use:

« Output layer for multi-class classification
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@ Problem: Fault Detection in a Circuit

We measure:
« Voltage V
o Current
Goal;
Classify system:

« 0 — Normal

« 1 — Fault

@ Network Architecture

= |nput layer 2 neurons (V, 1)
= Hidden layer: 2 neurons

= Output layer: 1 neuron

@ Given:

Weights:

Hidden layer:

Bias:

Output layer.

Input;

0.5 —0.3
Wi = [u.a {1.2}
by = [0.1,-0.1]
Wy = [1.2,-0.7], by = 0.05
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@ Step-by-Step Solution

Step 1: Hidden Layer

Meuron 1:

71 =(2x05)+(1x—-03)+01=1-03+0.1=0.8

Meuron 2:

20=(2%x08)+(1x02)-01=16+02-01=17

Apply Rell):

Step 2: Output Layer

a; = 0.8,

iz — 1.7

z = (0.8 x 1.2) + (1.7 x —0.7) + 0.05

z =096 - 119+ 0.056 = —0.18

Apply Sigmoid:

y:

import numpy as np

# Input
x = np.array({[2, 1]}
# Weights and bias (hidden Layer)
W1 = np.array([[8.5, -8.3],

[6.8, 8.2]11)
bl = np.array([©.1, -8.1])

# Weights and bias (output Llayer)
W2 = np.array([1.2, -©.7]}
b2 = 8.85

# Activation functions
def relu{z):
return np.maximum({@, z)

@ Final Decision
1 « Output = 0.455

=~ 0.455

1+ el * Ifthreshold = 0.5 — Normal system

def sigmoid(z):
return 1 / {1 + np.exp{-2))

# Forward pass

z1 = np.dot(Wl, x) + bl
al = relu(zl)
z2 = np.dot(W2, al)} + b2

y_hat = sigmoid(z2}

# Classification
prediction = 1 if y_hat »>= 8.5 else @

print{"zl:", z1}

print{"al (RelLU):™, al}
print{"z2:", z2)

print("y hat (Sigmoid):", y hat)
print{"Prediction:", prediction)

z1: [8.8 1.7]

al (RelU): [8.8 1.7]

I2:

-8.156060a006a08881

y_hat (Sigmoid): ©.45512118762641994

Prediction:

8
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Single sigmoid perceptron trained on the AND gate

1. Dataset (AND gate)

¥l %2
0 o
0 1
1 o
1 1

2. Model (Single Neuron)

A single neuron with sigmoid:

Equations:

z = wnxy + waxrs + b

1
C 1l+4ec:

§=o(z)
Y=zwy+xowr+b
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Sigmoid Function
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< ,/ ;’ b \\\ . )= X
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Inputs Weights W?'Sl?jl:r:ed A}Etr:\éit(;(;n Output

3. Loss Function
1

E = “{y — 1 2
5y —9)

4. Detailed Gradient Derivation

:ompute:

Step 1: Apply Chain Rule

oK
ﬁ'w;-

JE

ﬁ’i_l'_?z;

aFE dy 0z
By 9z duw;
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Backpropagation

Error is sent back to

each neuron in backward
Gradient of error is .
direction

calculated with respecl' 1o
each weight

Outputs

_— Error
Predicted

output

Input Layer Hidden Layer Output Layer

Step 2: Compute Each Term

1. Loss derivative

Lo 9
=5 -9
dE
~ -y
2. Sigmoid derivative
]
= — 51 — 1
5, —91-9)
Step 3: Final Gradient Formula
oF
= (§ — y)ii(1 — i
9w, ~ @ wI —9)z;
oE . .
55 = -yl -19)

@ Define Delta

Son

Error - difference

between predicted

output and actual
output



& 6. Forward + Backpropagation (All Samples)

Sample 1: (0,0), y=0

Forward

Gradient step-by-step

Sample 2: (0,1), y=0

Forward

Gradient

Sample 3: (1,0), y=0

Forward

Gradient

z =10.1= ¢ = 0.5250

(§ — y) = 0.5250

(1 — 1) = 0.5250 x 0.4750 = 0.2494

dp = 0.5250 = 0.2494 = 0.1310

z =—0.2 = 4 =104502

(§ — y) = 0.4502
§(1 — §) = 0.4502 x 0.5498 = 0.2475

dp = 0.4502 = 0.2475 = ().1114

z =103 = 9§ =0.5744

(§ —y) = 0.5744
§(1 — ) = 0.5744 x 0.4256 = 0.2445

d3 = 0.5744 = (.2445 = 0.1405
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Sample 4: (1,1), y=1
Forward

z2=0=9=05

Gradient
{3‘} — y] = —(.5
(1 — i) = 0.5 x 0.5 = 0.25

8y = —0.5 x 0.25 = —0.125
@ 7. Gradient Aggregation (Batch Mode)

Weight w,
aF
— =0+ 0+ 0.1405 — 0.125 = 0.0155
ﬂwl
Weight w»
aFE
— =04+ 0.1114 + 0 — 0.125 = —0.0136
ﬂﬂ."g
Bias

1

b
€ 8. Parameter Update

wi®™ = 0.2 — 0.01(0.0155) = 0.199845

= 0.1310 + 0.1114 + 0.1405 — 0.125 = 0.2579

wy = —0.3 —0.01(—0.0136) = —0.299864

B = 0.1 — 0.01(0.2579) = 0.097421
9. Final Results

wy == 0.199845 |, weo = —0.299864 , b= 0.097421
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import numpy as np
import matplotlib.pyplot as plt

# ===

# 4. TRAINING

# ===

loss_history = []

# === === far epoch in range{epochs):
# 1. PARAMETERS (UPDATED)
# === === grad_wl = @
Wl = 8.2 grad_w2 = @
W2 = -8.3 grad_b =@
b =8.1 total_loss = @
learning_rate = 2.81 # ﬂ updated for i in range(len(x)):
epochs = 1288 = 6 updated wl, ®2 = X[i]
Yy = ¥[i]
# === —
# 2. DATASET (AND gaote) # Forward
# === === Z=wl*® ¥l +w2*x2+bh
X = np.array([ y_hat = sigmoid(z)
[2, 2],
[B, 1], # Loss (MSE)
[1, 2], loss = 8.5 * {y - y_hat) == 2
[1, 1] total_loss += loss
1

Y = np.arrayvi[e, &, &, 1]

# ===

# Backprop
de_dyhat = {y_hat - v}
dyhat_dz = y_hat * {1 - y_hat)

# 3. 5IGMOID
# ===

=== delta = dE_dyhat * dyhat_dz

deft sigmoid(z):
return 1 / {1 + np.exp{-z))

# Update

Wl -= learning_rate * grad_wl
w2 -= learning_rate * grad_wz
b -= learning_rate * grad_b

loss_history.append(total_loss)

# Print only first epoch

=== grad_wl += delta * x1
grad_wz += delta * x2
grad_b += delta

# ===

# 5, TEST RESULTS
# ===

print{"\nN=== TEST RESULTS ===")

for 1 in range{len(Xx)):
®1, %2 = X[1]

= {y_hat:.af}, pred = {pred},
true = {¥[1]}"}

if epoch == @: Z =Wl * Nl + w2 *x2+bh
print({“=== AFTER FIRST EPOCH ==="} y_hat = sigmoid(z}
print{f"wl = {wl:.&f}") pred = 1 if ¥ _hat »= 8.5 else @
print{f w2 = {w2:.5f}")
print{f"b = {b:.&6f}") print{f"Input {x[i]} -» y_hat
# === === # === ===
# FINAL PARAMETERS # 6. LOSS PLOT
# === === # === ===

print{"‘n=== FIMAL PARAMETERS ===")}
print{f"wl = {wl:.&6f}")
print{f"w2 = {w2:.6T}")

plt.figure()
plt.plot{loss_history)
plt.title{"Loss Convergence™)

print{f"b = {b:.&6Ff}"} plt.xlabel("Epoch™)
plt.ylabel({"Loss"™)

# === === plt.grid{}

# 5. TEST RESULTE plt.show(}

# === I
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plt.figure()

# Grid
¥1_wvals = np.linspace(-2.5, 1.5, 182)
¥2_wvals = np.linspace(-28.5, 1.5, 182)

¥¥, ¥y = np.meshgrid{xl vals, x2_wals)
I = sigmoid{wl * xx + w2 ¥ yy + b}
plt.comtourf(xx, yv, Z, levels=58, alpha=2.6)

Data points

for i in range{len{x)}):
#1, x2 = X[1i]
if ¥[i] == @:
plt.scatter{xl, x2, marker="o")}
glse:

plt.scatter{xl, x2, marker="x', s=18a)

# Derision boundary

¥_vals = np.linspace{-8.5, 1.5, 188)
yv_wals = -(wl * x_wvals + b) / w2

plt.plot{x_vals, y_wals)

plt.title{"Decisicon Boundary (AND Gate)")
plt.xlabel{"x1")

plt.ylabel{"x2")

plt.grid{)

plt.show()

Exercice:

Let it be a multilayer perceptron neural network with an input layer, one hidden layer, and an output
layer. The activation function used in this case is of the sigmoid type, the diagram of the neural network

is represented in the following figure:
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For the following dataset:

X1 X2 Od
0.1 0.3 0.03

» Determine the value of the quadratic error
» Using the backpropagation algorithm, compute the weights W1...Ws and b1...b3 after one
training epoch, given the following initial conditions:

W1 W> W3 W4 Ws We b1 b, bs
0.5 0.1 0.62 0.2 -0.2 0.3 0.4 -0.1 1.83

And a learning rate n=0.01.
Sol:

1. Problem Setup

We have a Multilayer Perceptron (MLP):
¢ Inputs:ax; = 0.1, &s = 0.3

« Hidden layer: 2 neurons fiy, hs

 Output layer: 1 neuron y 1
e flz) = ;

= Activation: Sigmoid l1+e ®
Initial Weights & Biases:
Parameter Value
W1 0.5
w2 0.1
ES 0.52
W4 0.2
W5 -0.2
Wi 0.3
b1 0.4
b2z -1

» Learning rate: 1} — (.01

b3 1.83 « Desired output: oy = .03
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2. Forward Propagation

Hidden Layer

Neuron h;:

Neuron hs:

Output Layer

,ZJ_—W].':BJ_—WE':BE—E}].

= (0.5)(0.1) + (0.1)(0.3) + 0.4 = 0.05 + 0.03 + 0.4 = 0.48

1

hy = 9(048) = g =~ 0.6177

20 =W3.20 +W4.2e + b2

= (0.62)(0.1) + (0.2)(0.3) — 0.1 = 0.062 + 0.06 — 0.1 = 0.022

hy = 0(0.022) = 0.5055

Zﬂ—Wﬁ'hL—Wﬁ'hg—bE
23 = (—0.2)(0.6177) + (0.3)(0.5055) + 1.83
z3 = —0.1235 4 0.1516 + 1.83 = 1.8581

y = o(1.8581) = 0.8651

3. Error (Quadratic)

1
E = (o4 —y)*
2( d—Y)

1 2

E = 5(0.03 - 0.8651)

1
E = E(—u.szisuz ~= (.3487

4. Backpropagation
Gradient Descent Update Rule

Once gradients are computed:

oE

Wm.'w =W - n- AW
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Goal of Backpropagation

We want to minimize the error

O So we compute:

for every weight in the network.

(04 — “y)z

[

E =

oE
ow

Backpropagation is just repeated use of the chain rule:

Qutput layer:

8E OE 8y 0=z

ﬁ_ﬂy 9z oW

- z::;—WEI-:'LJ_—Wﬁ-:'Lg—bE

o y=o(z3)

Hidden layer:

e z1 = Wley +W2ea + b1

« hy=o(z)

o 20 = W3z, + Wdas + b2

» hy = o(z)

@ STEP 1: Output Layer Gradient

We compute:

Apply chain rule:

1. Error derivative:

2. Sigmoid derivative:

3. Linear derivative:

oE
aWs

8E AE 8y 9z

aW5 8y 8z OWS5

AE

ﬁ_y - (H - d]

dy

1 =

Bon y(1l—1y)
r‘:_r‘z;.; I
aws U
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Final result:

r Define:

Then:

oE
aWs

=(y—oq) y(l—y)-hy

0y = (y —o4) - y(1 —y)

@ STEP 2: Hidden Layer Gradient

Mow we compute:

Compute each term:

K
1. 3—&1; = (y — od)
2. g_‘;*-“ =y(l—y)
3. gTT‘: = W5
4, % = hl{l — :'LL]
oF Define:
Then:

oF

aw1
§E AE 8y 08z 0hi 0z
W1 8y 8z3 Ohy 08z, W1

oF

WL (y—o4) - y(l—y) - W5-hy(1—hy)-xy

151 — J'} WEI'h-]_l[l — hl}

0B .
aw1 v
oF

awa ~ 01
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For neuron hs:

Weight Updates

03 = (y —oa) - y(1 —y)

152 — EE"; - W - :'12[1 — h.g)

08
m— 2 - I
o8

m— 2 - @I

151 = EE"; W-ﬁh-]_(l — hl)

d3 = (0.8651 — 0.03)(0.8651)(1 — 0.8651) 51 — 0.0973 - (—0.2) - (0.6177)(0.3823)

ds = 87 - W6 - flgl[l — hg}

by = 0.0973 - 0.3 - (0.5055)(0.4945)

Wﬁnew — WE -1 '53 . h'l

W5, = —0.2 — 0.01(0.0973)(0.6177) == —0.2006
W6ew = 0.3 — 0.01(0.0973)(0.5055) = 0.2995

b3 e = 1.83 — 0.01(0.0973) = 1.8290

W1

W2

W3

W4

W1, = 0.5 — 0.01(—0.0046)(0.1) = 0.5000046

W30 = 0.62 — 0.01(0.0073)(0.1) = 0.619993

Wdew = 0.2 — 0.01(0.0073)(0.3) == 0.199978
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bluew = 0.4 — 0.01(—0.0046) = 0.400046

b2 = —0.1 — 0.01(0.0073) = —0.100073

«r Python
import numpy as np
# Sigmoid function

def sigmoid(x):
return 1 / (1 + np.exp(-x})

lr = 8.61

def sigmoid_derivative(x):

return x * {1 - x) # ===== Forwgrd =====

hi_in = Wi1*x[@] + wW2*x[1] + bl

# Inputs hl = sigmoid{hl_in)

¥ = np.array([e.1, @.3])

target = 8.83 h2 in = W3*x[@] + wa*x[1] + b2
h2 = sigmoid(h2_in}

# Weights

W1, W2, W3, W4 = 8.5, 8.1, 8.62, 8.2 y in = W5*h1l + We*h2 + b3

W5, W6 = -B.2, 8.3 y = sigmoid{y_in)

# Biases # Error

bl, b2, b3 = 8.4, -8.1, 1.83 E = 8.5 * (target - y)**2

# ===== Backwgrd ===—==

delta3 = (y - target) * sigmoid derivative(y)

deltal = delta3d * WS * sigmoid derivative(hl)
delta2 = delta3d * wWe * sigmoid derivative(h2)

W5 -= 1r * delta3d * hl
We -= 1r * delta3 * h2
b3 -= 1r * delta3

Wl -= 1r * deltal * x[@] # Print results

W2 -= 1r * deltal * x[1] print{"Output:", y)

bl -= 1r * deltal print{"Error:", E)
print{"Updated weights:")

W3 -= 1r * delta2 * x[@] print{Wl, W2, W3, Wa, W5, WE)

W -= Ir * delta2 * x[1] print{"Updated biases:")

b2 -= 1r * delta2 print(bl, b2, b3)

Output: @.8658753756786712
Error: @.348675441532436%9
Updated weights:

9.5000046832229463 @.100013830066583887 ©.0199926906305043 @.199973871999512594 -8, 20000211868580833
8. 2995072895834133

Updated biases:

@.408046@8322294629 -2.10087389363435604 1.5290253802714283
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[IF] Definition of a Convolutional Neural Network (CNN)
A Convolutional Neural Network (CNN) is a type of deep neural network specifically
data that has a grid-like structure, such as:

= |mages (2D grids of pixels) [

« Signals or time series (1D sequences) [

designed to process

Phir
-

Paog

pGE[

by
o
=0
o
o
— 1 e . c
— o o
| o o
o -]
-] o
o o
. : o o
convolution + max pooling vec | o \2
| nonlinearity ] o
| |
convolution + pooling layers fully connected layers
€ Formal Mathematical Definition
A CHN is a function:
y = f(z; W, b)

Where:
» :input data (image or signal)
* i output (class, prediction, feature)
« W:set of convolution kernels (filters)

s b biases

The core operation is convolution, defined as:
(I * K][IJ j] - Z;r". En I{i + Tn!j + H)K{Tn! TI’)

€ Simple Explanation

oF A CNN works like a smart filter bank that:

1. Scans the input
2. Detects important patterns (edges, shapes, signal changes)

3. Combines them to make decisions
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] Example 1: 2D Convolution (Image / Signal Map)

€ Given
Input (3=3 signal/image):
1 2 0
I=10 1 3
2 1 0
kKernel (2=2):
1 ]
K= |i[] —1}

[, @ Step 1: Output Size

Formula:

Output size = (N — F 4+ 1)

Where:
« N = 3 (input size)
o F' = 2 (kernel size)

3—2+1=2
¢ Output is 2 x 2
€@ Convolution Formula
(L% K)(i,j) = X0 5, L(i +m, j + n)K (m,n)
@ Step-by-Step Solution
1. Position (0,0)

(1x14+2x04+0x0+1x(-1))=1-1=0
2. Position (0,1)

(2x1+0x0+1x0+3x(-1))=2-3=-1
3. Position (1,0)

0x1+1x04+2x0+1x%x(-1))=-1
4. Position (1,1)

(1x143x0+1x0+0x(-1))=1
@ Output Feature Map



@ Apply RelU
ReLU(xz) = max(0,z)

b

Solution with NumPy (Manual CNN)

import numpy as np
output_size = n - f + 1
# Input matrix

I = np.array([ # Initialize output

[1, 2, 8], output = np.zeros{{output size, output size))
[e, 1, 3],
[2, 1, 8] # Convolution
D for i in range(output_size):
for j in range{output size):
# Kernel region = I[1i:i+4f, j:j+f]
K = np.array([ output[i, j] = np.sum(region * K) Convolution Output:
[1.1 @'], [[ a. _1']
[e, -1] # Rell [-1. 1.]]
D output_relu = np.maxdimum(8, ocutput)
After RelU:
# Output size print{"Convolution Output:\n", output) [[e. @.]
n, f = I.shape[@], K.shape[@] print("After RelU:\n", output relu) [e. 1.11

................................... (https://co lab.research. goog le. Com/)
import torch
import torch.nn as nn

# Input (batch=1, channels=1, height=3, width=3)
I = torch.tensor([[[[1., 2., ©.],

[@., 1., 3.7,

[2., 1., 8.]1111)

# Define convolution Layer
conv = nn.Conv2d(in_channels=1, out_channels=1, kernel_size=2, bias=False)

# Set kernel manually
conv.weight.data = torch.tensor([[[[1., @.],

[2., -1.]11D

# Apply convolution
output = conv({I)

# Apply RelU
relu = nn.RelLU()
output_relu = relu{output)

print{"Convolution Output:\n™, output)
print{“After RelU:\n", output_relu)
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