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Primary motor cortex involved
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The soma, sums the
incoming signals.
When sufficient input
is received, the cell
fires; that is it transmit
a signal over its axon
to other cells
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Auditory cortex learns to see
[Roe et al., 1992]

Somatosensory cortex learns to see

[Metin & Frost, 1989]
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Feature Human (Brain) Computer

100 billion in modern chips (like Apple

Processing Elements ~86 billion neurons M2).

~10,000 synaptic connections per

Interconnects a few interconnects per transistor.
neuron
Bl ~200 Hz to 1000 Hz (neuron firing Up to 5 GHz
rate)
Memor Dynamic and associative (estimated  Explicit, structured
y ~2.5 PB) (up to terabytes).
2X Improvement Evolved over millions of years ~1.5-2 years
Neuron
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Sigmoid (logistic) activation function
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Outputs

Y,
\ Myelin sheat

— Myelinated axon
Inputs

Z=WyX, + WX, + WX, +..

if z>20 , y

¥y = activation(z) f Jj
if z<0 , y

Error=Ay=y

Artificial intelligence

» From biological neuron to artificial neuron (perceptron)
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Linear Separability

*Examples (two dimensions):

OR function AND function
151 | 1 1 C\
X X
) ON 2 0 0 0
0o 1 0 1
X4 X4
linearly separable linearly separable

This means that a single threshold neuron can
realize the OR and AND function.
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Training Error Over Epochs (OR Logic)
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OR Logic Decision Boundary
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Training Error Over Epochs (AND Logic) 150 AND Logic Decision Boundary
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Linear Inseparable

*Examples (two dimensions):

XOR function XNOR function
11110 110 |1
2001 510
0 1 0 1
X1 X1
linearly inseparable linearly inseparable

This means that a single threshold neuron cannot
realize the XOR and XNOR function.
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Logical XOR :a¥wa (g yuw 9 Jbio

First Iteration Final Iteration

~0.9+0.5%(-0.36) +0.8x0.29 = -0.85

o(x)= I =03

1
R

Wo
z = WO + wl'xl + W2x2
1
o(x)= l+e Artificial Intelligence 23

Mean Absolute Error

Logical XOR :a¥wa (g suw 9 Jlo

Training Error Over Epochs (XOR Logic) Lso Decision Boundary (XOR Logic)
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Mean Absolute Error
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Comparison of Activation Functions

Exponential Linear Unit (ELU)

. fale—1), ifz<0
@) {L ifz >0

Parameteric Rell

L Jaxz, ifz<0
”“)’{z, ifz >0

Sigmoid Function

SoftPlus

f(z)=In(1+e%)

; f(z) :3'::(1 t (rf(\’j))
. fle) =z ®(z)

Gaussian Error Linear Unit (GELU)

Rectified Linear Unit (ReLU)

. f(z) = max(0,z)

flz) =

Leaky RelU

zifz > 0;
azifz <0

Scaled Exponential Linear Unit (SELU)

flz)=2 {:("J Rl

A = 1.0507

Sigmaid-Weighted Linear Unit {SiLU) / Swish

Atrtificial Intelligence

o(z;) =

fl@) ==

ifz<0
ifz >0
and o = 1.67326

Saftmax Function

e

E; 1 €%

Mish Function

tanh (In (1 + €%))

27
Comparison of Activation Functions
Activation Function Range Use Case Advantages Limitations

o(x)= Sigmoid

l+e™

tanh(z) = — > Tanh

et +e *

f(z) = max(0,z) Linear Unit)

fe)=zife >0 Leaky ReLU
o) = E}'e% Softmax
f@) =z o) Swish
f(z)=z-o(2) GELU

ReLU (Rectified

Binary
classification
Hidden
layers

(0, 1)

LD

Hidden

[0, <) layers

Hidden
layers
Output for
multi-class
problems

(-00, Oo)

0,1

Deep

(o0, ) networks

Transformer-
(-0, o) based
architectures

Artificial Intelligence

Smooth, probabilistic
output

Zero-centered output

Efficient, avoids
vanishing gradient

Avoids dying neurons

Probabilistic
interpretation

Smooth and flexible

Smooth and efficient

Vanishing gradient,
not zero-centered

Vanishing gradient

Dying neurons

Arbitrary slope
choice

Expensive for large
datasets

Slightly more
computationally
intensive

Relatively new,
computationally
expensive

28
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Z = WXy WX, + WX, +..+ W X,

1+1 / 1 1
a(x)=b"+> w)a®
j

aj(l+ ) activation of unit i/ in layer /+/

w i Weight of unit i in layer /+1 receiving from unit in layer /
which control function mapping from layer / to layer /+/

Avrtificial intelligence 29

2) _ 1 ,.(D) (1) ,.(1) (1) ,.(1) 1) ,.(1)
a;” (x) =g (b "xy +wy X+ wy Xy Wy

2) _ 1.1 1) ,.(1) (1 ,.(1) 1) ,.(1)
a,” (x) = gD, xy + WX+ Wy X, Wy, X

2) _ 1 ,.(1) 1) ,.(1) 1) ,.(1) 1) ,.(1)
a;” (x)=g(by 'x, " + w3 X +wysx, +wiixs )

3 2) _(2) 2) (2 2) (2 2) (2
h,(x)=a” (x) = g(bay” +wa)” +wiay” + wilas”)
Learnable parameter for / layer
/-1
DN, DN, =N+ DN, + (N, +DN,..(N,_, + DN,
1

N, Number of neuronin/layer
Artificial intelligence 30
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pip install tensorflow
pip install intel-tensorflow Use Intel-optimized TensorFlow

import os

import numpy as np

import random

import matplotlib.pyplot as plt

from sklearn.datasets import

from sklearn.model selection import

from sklearn.preprocessing import StandardScaler

from sklearn.metrics import ConfusionMatrixDisplay

# Optional: Disable oneDNN custom operations to avoid floating-point warnings
os "TF_ENABLE_ONEDNN_OPTS" "o"

os "TF_CPP_MIN_LOG_LEVEL' "2’ #Suppress TensorFlow INFO and WARNING logs
import tensorflow as tf
from tensorflow import
from tensorflow import
# Set random seeds for reproducibility
np.random
tf.random
random
13 ANN.
Py Artificial intelligence 31

§ Generate a 2D dataset for visualization

# Standardize the dataset
N StandardScaler

# Split the dataset into training and testing sets

# Build the ANN model
def

Build a simple feedforward ANN model with two hidden layers.

# Exglicit Input layer
#

"relu’ neuron First hidden layer
"relu’ # 4 neuron Second hidden layer
. o (¢ . 'sigmoid’ # Output layer for
binary classification
return
Artificial intelligence 32
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rain, evaluate, and plot ANN

Train the ANN, evaluate on test data, and visualize results.
"Training Artificial Neural Network..."
# Build and compile the model

#T
def

: : ‘adam’ 'binary_crossentropy’
accuracy
# Train the model
# Evaluate on test set .
int
f"Test Accuracy: { T2

# Plot decision boundary

# Run the ANN training and visualization
if "__main__"
try

except Exception as

. 'An error occurred: {e}"
# Predict a new example 33

Artificial intelligence

Je

SVMM;:&.&@:Jbslﬁw&iJ”de&

J}‘Lgtf?‘ L4

Confusion Matrix
25
“ 20
15
N 10
5
1

ANN Decision Boundary (Accuracy: 0.88)

Feature 2
True label

-1

-3
-3 -2 -1 0 1 2 3 Predicted label
Feature 1

# Explicit Input layer

'relu’ # 4 neuron First hidden layer

'relu’ # 2 neuron Second hidden layer
'sigmoid’ # Output layer for binary classification
Artificial Intelligence 34
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070 Training Loss Training Accuracy
) — Training Loss — Training Accuracy
0.84
065
0.82
0.60 0.80
.
4 g
5 H
4078
055
0.76
0.50
o7
0.45
] 10 2 40 50 o 10 40 50
Epochs. Epochs
Artificial Intelligence 35

Feature 2

-3 -2 -1 0 1
Feature 1
‘relu’
'relu’

ANN Decision Boundary (Accuracy: 0.83)

Jse
SVMM;:&.&{&A:JEAL;\X#D@J”QJW&
4:.!}‘ .bi‘fbbg:,?»\.w' p9> LQ‘J" L

Confusion Matrix
25

True label

0 1
Predicted label

# Explicit Input layer
# 4 neuron First hidden layer
# 2 neuron Second hidden layer
'sigmoid’ # Output layer for binary classification

Artificial Intelligence 36
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e3> sl
Training Loss Training Accuracy
—— Training Loss —— Training Accuracy
08
0.70
0.7
0.65
5. 06
1 0.60 ]
L g
<
0.5
0.55
0.4
0.50
03
0 10 20 30 a0 50 0 10 20 30 40 50
Epochs Epochs
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Confusion Matrix

ANN Decision Boundary (Accuracy: 0.87)

20
& g
10
a0 .
-2 .
- -3 -2 -1 [ 1 2 3 o ) 1
Feature 1 Predicted label
Set Random Seeds:
*Fixing the random seed ensures reproducibility across runs.
g 1|:g rangom
ranaom
random 13 ANN replace SVM.py
Artificial Intelligence 38
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Training Loss Training Accuracy
0.70 —— Training Loss —— Training Accuracy
0.80
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0.60
>
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Jle
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Confusion Matrix
10
setosa 0
8
g 6
m .
° versicolor A
3
=
La
virginica A 0 M2
T T —-0
setosa versicolor virginica
Predicted label
Artificial Intelligence 40

Dr. Hasan Ghasemzadeh 20



K.N. Toosi University of Technology

Loss During Training

355 sl dlws J

Accuracy During Training

0.9

—— Training Loss 1.0
Validation Loss W\_ANW\

Accuracy

0.61

—— Training Accuracy

054 ! Validation Accuracy
] 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs
New Example Features: [5.9 3. 5.1 1.8]
Predicted Class: virginica
Avrtificial Intelligence 41

Example

1. Binary Classification
Input Features: 10
*Output Classes: 2

2. Multiclass Classification
Input Features: 20
*Output Classes: 5

3. Regression
Input Features: 5
*Output: Continuous value

*First hidden layer, the number of neurons is often: 77

5 san L 3n S (6 slane

input features ~ noutput targets

*Subsequent layers, try reducing the number of neurons progressively (e.g., 64 — 32 — 16).

*Suggested Architecture:
Input Layer: 10 neurons (input size).
*Hidden Layer 1: 16 neurons (capture interactions).
*Hidden Layer 2: 8 neurons (reduce complexity).
*Output Layer: 1 neuron (sigmoid activation).

*Suggested Architecture:
Input Layer: 20 neurons.
*Hidden Layer 1: 32 neurons (capture higher-level features).
*Hidden Layer 2: 16 neurons.
*Output Layer: 5 neurons (softmax activation).

*Suggested Architecture:
eInput Layer: 5 neurons.
*Hidden Layer 1: 10 neurons (nonlinear mapping).
*Output Layer: 1 neuron (linear activation).

Use learning curves to analyze underfitting (high training loss) or overfitting
(low training loss, high validation loss)

Artificial Intelligence
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Neural Network with 7 Hidden Layers
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[ ] ®
Feature GPT-3 GPT-4 (Speculated)
Number of Layers 96 Likely >120
Parameters 175 billion 500 billion to 1 trillion
Context Length 2,048 to 4,096 tokens  Up to 32,768 tokens (or more)
Training Data 570 GB of filtered text  Larger and more diverse dataset
Vector Dimension 12,288 Likely 16,384 or more
43
Artificial intelligence

°)9 1
ol g 1y 03l 1 &S a8 s 5 055k 0L @ sl 5 &S 2059
Aled Slas 1y 53550 (8 sme o 4K Ba) 4 3
Seed o )
Coluwe o i =Y
dus 2o —Y

Artificial Intelligence 44

Dr. Hasan Ghasemzadeh 22



