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Learning Outcomes

« Explain why linear models fail for certain problems and how neural networks learn
nonlinear decision boundaries

« Describe the perceptron model and its connection to logistic regression

« Understand the role of activation functions and hidden layers in increasing model
expressiveness

 Interpret neural networks as compositions of simple nonlinear units
« Explain the backpropagation algorithm using the chain rule and gradient descent
« Train and apply neural networks for binary and multi-class classification tasks

« Recognize common neural network architectures (CNNs, RNNs, autoencoders, GANS)
and their typical applications

» Understand why deep learning succeeds at scale and its key practical limitations
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Motivation & Historical Context



Main Approaches to Design Classifiers

Bayes rule + assumption for p(x|y = 1)

« Assume p(x|y = 1) is Gaussian
« Assume p(x|y = 1) is fully factorized

Geometric intuition
« K-nearest neighbor classifier
» Support vector machine

qi(x)
qj (x)

Directly apply decision boundary h(x) = —In

» Logistic regression
* Neural networks
— Philosophy: Learn flexible internal representations that
transform data to capture complex, nonlinear patterns

Logistic Regression
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Learning Nonlinear Decision Boundary

Linearly Separable Nonlinearly Separable 4
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Neural networks learn nonlinear feature o
transformations that make classification easier i 500 14 1000 1400

ISYE 4600 - S26 - W10: Neural Networks - #5



Early Artificial Intelligence

 The perceptron algorithm
was first invented in 1958 at
the Cornell Aeronautical Lab

* This machine was designed
for image recognition: it

RETNA

f”__"'/k_—‘__\

[ e

had an array of 400
photocells, randomly
connected to the “neurons”

SENSORY
UNITS
(S-UNITS)

RETINAL
UNITS
CIRCUITS

NETWORK OF
"RANDOM" CONNECTIONS

ASSOCIATION RESPONSE
UNITS UNITS
(A-UNITS) (R-UN1TS)

NETWORK OF
"MANY-TO-ONE" CONNECTIONS.
FEED-BACK LOOPS NOT SHOWN

Mark | Perceptron machine, the first implementation of the perceptron algorithm. It was connected
to a camera with 20x20 cadmium sulfide photocells to make a 400-pixel image. The main visible
feature is a patch panel that set different combinations of input features. To the right, arrays of

potentiometers that implemented the adaptive weights.
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Perceptron &
Single Neuron Models



Perceptron: Artificial Neurons

Neuron | Dendrites Biological — Artificial Mapping
I
\ * Dendrites — input x
4 \ s - Synaptic strength — weights w
\ In  Firing threshold — bias b
o ,, « Neuron firing — activation function
Synapses . . \ |
D 2 VAN ——— In Hidden Hidden 0
”/ | "/ Axon — LaF;/létr Layere#1 Laye re#2 Ll;typeurt
[} / -- OUt ENeurons Neurons
2 N | N

ij
\ Neuron

7€D~—> Output

Artificial neural networks

« Many neuron-like threshold switching units
« Weighted interconnections among units (feed-forward)
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Perceptron: NAND Gate Example

NAND (Not AND) Gate o X 0
: 0 0 01 o,
« Qutput true for every other input 0 : ’ |
combination 1 0
 OQutput false only when all its inputs are true 11 o o ) R
0,0 0,1
0 flagws +xw,) =y f@ 4 W) 1, foru>6
0 f(OW1 +OW2) =1 f u 0, foru<é
Wy W, —_—> f(OWl + 1W2) =1
@ Q f(lWl + OWz) =1 wy W,
S
f(Aw; +1w,) =0 6 Some possible < 020 035
values at 6 = 0.5 0.20 0.40
025  0.30
The perceptron computes: y = I(wyx1 + woxy, > 0) 040  0.20

ISYE 4600 - S26 - W10: Neural Networks - #9



Connecting Perceptrons

XOR (Exclusive OR) Gate ' 4 . TheXORGate
' I : : 0 ‘0,1 | .11
Stacking perceptrons introduces intermediate 0
representations for nonlinear classification . . (T
1 @ ' >
0,0 .0,1

6 = 0.5 for all units

‘ g ecision
: : layer Wy 0.6

WZ _06
W3 _07
W, 08
: : Feature W 1
: : detectors 5
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Expressive Power &
Activation Functions



Expressive Capability of Neural Networks

Boolean Functions (Binary Inputs & Outputs)

« Every Boolean function can be represented by network with single hidden layer
« But this may require exponential (in number of inputs) hidden units

Continuous Functions (Real Inputs & Outputs)

« Every bounded continuous function can be approximated with arbitrary small error, by
network with one hidden layer

« Any function can be approximated to arbitrary accuracy by a network with two hidden
layers

« Many recent developments for more general activation functions (e.g., ReLU)

Depth of a neural net trades off number of units vs. compositional structure
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Logistic Regression as a Single Neuron

The logistic regression model (the sigmoid unit) is a perceptron:

* |Independent variables = input variables Inputs
- Coefficients = “weights” + “bias” Age @
. . S Output
« Dependent variable = output variable
4 0.6
Gender @
8
p(y = 1|x) = g(w'x + b) Probability of
N Stage being alive
Sigmoid function Independent variables Coefficients Dependenft vgriable
X1, X9, X3 a, b, c p (prediction)

Neural nets generalize logistic regression by stacking multiple sigmoid units
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Connection to Logistic Regression

Let the original feature be denoted as u (n dimensional vector)

« We can define the augmented feature as x = [1;u']" (n + 1 dimensional vector)
« The weight vectoris w = [b,w"]T

« Assume that the posterior distribution p(y = 1|x) takes a particular form:

_ 1 - .
p(y = 1x,w) = [T oxp(—iTx) (W' x)
Logistic function _s, O'(U) — 1 6-5
(Sigmoid function) 1+ eXp(—u)

Logistic regression can be viewedasoneneuron - -4 -2 o 2 4 6
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Activation Functions

Inputs

Leaky ReLU

Linear Nonlinear
Combiner Transform Output

max(0.1 * x,x)

Threshold

 RelLU: sparse, fast, dead neurons

» Leaky RelLU: reduces dead neurons

« Tanh: zero-centered, vanishing gradients
» Binary Step: hard threshold, no gradients : | St
« Linear: no non-linearity, limits model expressiveness 4

« SELU: self-normalizing activations

« ELU: smooth negatives, faster convergence

« Sigmoid/Logistic: probabilistic, vanishing gradients
° Parametric ReLU: |earnab|e nega-tive Slope https://www.v7labs.com/blog/neural-networks-activation-functions
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Multilayer Networks &
Backpropagation



Deep Neural Network Model

Inputs
Age
0.6
Gender
Probability of
Stage being alive
Independent variables Coefficients Coefficients Dependent variable

* Input layer — Hldde.n layers —> Output layer i i exp(g(;rxl)
 Parameters = all weights + biases p(y: =cl|x*) = T i
- Last layer depends on task (e.g., classification: softmax) D ! exp( o' X )
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Combined Logistic Models

Inputs........
Age 00000000000
: 0.6
Gender
cs8 ==l .
: : 2 0.0 aeeseesenenenttt Y Probability o
Stage 1 : . AR PETTTI N being alive
Independent variables Coefficients Coefficients Dependent variable

Neural networks: nested logistic regressions—each hidden unit outputs a
transformed feature (a probabilistic prediction) used by the next layer
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Overall Structure

Inputs No direct supervision
Age
0.6
Gender
Probability of
Stage being alive
Independent variables Coefficients Coefficients Dependent variable

« Hidden layers have no direct supervision
« Learning happens via error propagation from the output layer
« Turn weights and thresholds such that the neural networks will give desired prediction results
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Learning Parameters in Logistic Regression

Find @ such that the conditional likelihood of the labels is maximized

__—» Training examples
m

max £(0) = log 1_[ p(yl- |xt, 9)
i=1

« Good news: #(0) is a concave function of 8 — there is a single global solution

« Bad news: No closed form solution exists — resort to numerical methods

Logistic regression — convex optimization
Neural networks — non-convex optimization
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Backpropagation

Find w, a, B such that the output unit values are close to the actual labels (0 or 1)

w: weights connecting hidden layer to output neuron

\

2
_ o z : i T i . Non-convex
vrvnci% f(W, «, ,8) - (y O-(W - )) objective function

a: weights connecting inputs to hidden neuron 1 L — f I ol
B: weights connecting inputs to hidden neuron 2 — y ) y
i
m

where zt

L
TAL
O'(CZ X ) Sigmoid functions
T..1 (intermediate activation)
a(,B x)

z3

Use gradient decent to find a local optimum
Backpropagation efficiently computes gradients for all parameters
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Gradient of the Loss ¢(w, a, 8)

v%% ow,a,B): = Z (yi _ O.(WTZi))z
zt = a(aTx?) z; = a(BTx")
Lot ul — T 90 _ (w(1 - a(w)
\
6£(W aﬁ) 22 yi—o(u )g(u)(1—a(u )zt

z' is computed using a and £ from previous iteration:

« Qutput-layer gradient = prediction error x sensitivity
« Hidden-layer gradients reuse downstream errors
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Chain Rule of Derivatives

Use chain rule of derivatives (backpropagation): The “error” at layer k depends on
the error at the next layer k + 1

Let vl = aTx!: |
oe(w, a0, B) 0L, a,B) 0z
da 9zl Oa

= — 2 2 (yi — J(ui)) a(ui) (1 — a(ui)) Wla(vi) (1 — a(vi)) x*

Forward pass: compute activations wew—nV,f
Backward pass: compute gradients —> a—a—nVyt
Update parameters using gradient descent p<p—nVpt

https://youtu.be/llg3gGewQ5U?si=thT3-0cNZPWAauuK ISYE 4600 - S26 - W10: Neural Networks - #23



Practical Examples



Handwritten Digits Classification

* The input data consists of 28x28
pixel handwritten digits, leading
to 784 features in the dataset

* One-hidden layer

* The first layer weight matrix
have the shape (784, hidden
layer size)

» We can therefore visualize
weight for each hidden node as
a 28x28 pixel image

« Each hidden unit learns a stroke
or pattern detector

olololo]olololololofslolelololo|O]a
NnnAnannanonnnpeangn
EEEHBENEEHNEERRAEEER
ElFEIEIBEIEEIEEIE R EIS A HER
4 1 K P P P R R FA C1 P Y EA P E1 B P
EENESNSESENEEGENANE
ololelelélelelolelolb]ilelele]lé]o]o
4 7A \vd Ir4 P2 V4 K1 51 kA 72 P 62 W vl A P il A
slelzlslglrlslelslelplslelalslols]s

https://scikit-learn.org/stable/auto_examples/neural_networks/plot_mnist_filters.html#sphx-gir-auto-
examples-neural-networks-plot-mnist-filters-py

\

(\)
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Wine Classification

« Data: Chemical analysis of wines grown in
the same region in Italy but derived from
three different cultivars

« 13 features, three types of wines 4

« Use multi-class classification in the last layer > jx\ |

* Neural networks reduce to flexible nonlinear j _ )- %;
classifiers even on small tabular data N/ 7 ) — E

* Risk of overfitting — need for regularization a4t \1 M

Why might a neural network overfit more s =

easily here than on MNIST? e 4 3 2 4 0 1 2 8 4 s
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Deep Learning



Why Deep Learning

* Representation learning: Deep Deep Neural Network
learning automatically learns meaningful
features from raw data, reducing the
need for manual feature engineering

« Scalability with data: Its performance
typically improves as more data
becomes available, making it well- e
suited for large datasets

Hidden Hidden Hidden
Layer 1 Layer 2 Layer 3

« GPU acceleration: Training and
inference are significantly faster by
leveraging GPUs for parallel f
com putation Edges Comtéiggtei‘s)”s °f  Object Models
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Common Neural Network Structures

Full Connected
Neural Network

Convolutional
Neural Network

Recurrent Neural
Network

Residual Neural
Network

All nodes in the kt" layer are connected to all
nodes in the (k + 1)t layer
Not practical

Good for image data

Nodes in one layer are only “locally” connected
to nodes in the next layer

Two types of layers: convolution & max pooling

Good for sequential / time series data
Neural network structure “repeats” itself

Attention mechanism, transformer

Very deep models
Jump over some layers

—— ;,ﬁ
Fully Connected NN

Fully Connected

Convolution ) O
Pooling .-~ .. Output

\ B2

Feature Extraction Classification
CNN
o @ 0 &
| w niol |w |w |w
”@ | g~ [ [ =
lu |u lu |u
o @ 0 @
RNN
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Generative Adversarial Networks

Generative model and better discriminator, trained
by competition, not likelihood max:

min maxV (D, G)
G D

= [Ex"’pdata(x) [lOgD(X)] + IIE':z~pz(z) [log(l _ D(G(Z)))]

An image generated by a StyleGAN that
looks deceptively like a photograph of a
real person, generated by a StyleGAN
based on an analysis of portraits.

Why does GAN competition help generate
realistic samples?

Random Input
Vector

oD Generator O/

Model G 6@; s

|

Generated Real
Example Example

Discriminator

MOdeI D < ................. :
| Update :
Update Model :
; Model . Binary Classification |..............:

Real/Fake?
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https://en.wikipedia.org/wiki/StyleGAN

Autoencoder

Autoencoder is a neural networks for unsupervised learning
to represent the data itself

Decoder parameters Encoder parameters
N N e
: . . 2
min > 1% = faee(fene (s e W)
WerWd :
= 2 N\
Decoder function Encoder function

Fashion MNIST dataset

Original
Image

Autoencoder
Reconstruction

PCA
Reconstruction
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https://en.wikipedia.org/w/index.php?title=Fashion_MNIST_dataset&action=edit&redlink=1

ImageNet

Image classification with 1.3M color images and 1000 classes—need large-scale
nonparametric methods to solve

mite _ container ship  motor scooter

mite container ship motor scooter leapard

black widow lifeboat go-kart jaguar
cockroach amphibian moped cheetah
tick fireboat bumper car snow leopard
starfish drilling platform golfcart Egyptian cat

.

.45 -
> .
b e

i
"

grille mushroom cherry Madagascar cat

convertible agaric dalmatian squirrel monkey

grille mushroom grape spider monkey

pickup jelly fungus elderberry titi

beach wagon gill fungus |ffordshire bullterrier indri
fire i dead-man’'s-fingers currant howler

Krizhevsky, Alex, llya Sutskever, and Geoffrey E. Hinton. "Imagenet classification with deep convolutional neural networks." Advances in neural
information processing systems25 (2012).

ImageNet marked the transition from feature engineering to feature learning
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Convolutional Neural Network (CNN)

8-layer CNN achieve state-of-the-art result, beating the second place by 10%

* First 5 layers: convolution + max pooling

* Next 2 layers: fully-connected, nonlinear neurons

« Last layer: multiclass logistic regression

Krizhevsky, Alex, llya
Sutskever, and Geoffrey E.
Hinton. "Imagenet classification
with deep convolutional neural
networks." Advances in neural
information processing
systems25 (2012).
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Convolution Layer

Source image I, destination image 0, Gonvolution  Pooling
convolving image with a kernel K of size
2d + 1

i+d  j+d
0N =) )y 1EIOKE))
i'=i—-d j'=j—d
/J
. L ol (4x0)
- Center element of the kernel is : P } o 0:0
placed over the source pixel Pixe T sf (0x0)
I l onvolution ! (0x1)
« The source pixel is then replaced Pemal ] X))
. \ . (Filter) ew Fixe : } %
with a weighted sum of itself and e oy L5

Pixel)

nearby pixels
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CNN Visualization

https://youtu.be/f0t-0CG79-U?si=2D5sRZRXbH30gZfg



Convolutional Feature

Convolutional features are local patterns (such as edges, corners, or textures)
extracted by sliding a shared filter across an image, enabling the network to detect

the same feature at different spatial locations

Feature Map

Source: https://i.imgur.com/TqTJCrz.png ISYE 4600 - S26 - W10: Neural Networks - #36



CNN Architecture

A 17

' q [] — bicycle
Input Cor\g)elllj_tbon Pooling Cor\lg;ﬂljon Pooling Flatten FC  Softmax
“ # A 7

Y Y

Feature Learning Classification

EAES T T

DB

NS SEE

« Convolution layers extract local features using shared filters, preserving spatial structure
« Pooling layers (typically max pooling) reduce spatial resolution while retaining salient information

« This architecture provides translation invariance, parameter efficiency, and strong performance
on image data
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AlexNet

« In 2012, a CNN called AlexNet achieved a top-5
error of 15.3% in the ImageNet 2012 Challenge,
more than 10.8 percentage points lower than that

of the runner up

* This was made feasible due to the use of GPUs
during training, an essential ingredient of the
deep learning revolution

ALEXNET

Trone

a6

|

cCwCcC A 0o

roaﬁn-u

YT

-

\
ol”

° 000
4,046 4,090

|

250

ImageNet Large Scale Visual Recognition Challenge results

In the competitio f'l ty
|— teams hd varyi g

Every team got at lea tZS/
wrong.

In2012, th team to first u

deep lea gwa th Iy
team to gtth rrat
below 25%.

The following year
nearly every team got

25% or fewer wrong.

In2017, 29 of 38
teams got less than
5% wrong.
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Final Thoughts

* Deep learning is one of the most
impactful and rapidly evolving areas
of modern machine learning

It has driven major breakthroughs
across domains such as computer
vision, speech recognition, and
natural language processing

« Despite its success, important
challenges remain, including
interpretability, reliability, and
deployment in safety-critical
applications

. PRINCE

Deep learning has transformed how machines learn
from data, but understanding why models work and
ensuring they can be trusted remain active and
iImportant research challenges
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What We Learned This Week

* Neural networks extend linear and logistic models by stacking nonlinear units to learn
complex decision boundaries

« Hidden layers and activation functions enable automatic feature learning and richer
representations

« Backpropagation with gradient descent efficiently trains many parameters despite non-
convex optimization

« Depth provides expressive power while requiring regularization, scaling, and sufficient
data to avoid overfitting

« Architecture should match data structure: fully connected for tabular, CNNs for spatial,
sequence models for temporal data

« Deep learning performance scales with data and compute but raises challenges in
interpretability, reliability, and deployment
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