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History, The First Artificial Neuron

1943

• Warren McCulloch and Walter Pitts

• Proposed the first influential mathematical model of an 
artificial neuron.

• The unit summed binary inputs and activated when a 
threshold was reached.

• This showed that neural networks could be studied 
mathematically.
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BINARY THRESHOLD UNIT

x₁

x₂

Σ ≥ θ

y ∈ {0,1}

Weighted inputs cross a threshold → binary output
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FIXED LOGIC — NO LEARNING

inputs threshold unit output

1 1 θ = 2 1 AND

1 0 θ = 1 1 OR

1 − inhibit 0 NOT

The designer set every weight and threshold by hand

History, From Neurons to Logic

1943

What could the model do?

•  Different thresholds and inhibitory inputs produced 

AND, OR, and NOT operations.

•  Networks of neurons could therefore represent Boolean 

computations.

•  But the weights and thresholds were fixed—the 

network did not learn.
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History, Rosenblatt Invents the Perceptron

1957–1958

• Frank Rosenblatt invented the perceptron

• A weighted sum of the inputs passed through a threshold 
to make a prediction.

• Unlike the 1943 model, its input weights were adjusted 
from labeled examples.

• The Mark I Perceptron demonstrated this learning 
procedure in hardware.
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THE PERCEPTRON = MODEL + LEARNING RULE

x₁

x₂

x₃

Σ step

wᵢ ← wᵢ + η(y − ŷ)xᵢ

w₁

w₂

w₃

prediction error

η: learning rate   y: target   ŷ: prediction
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History, Optimizing the Weights

1960

• Bernard Widrow and Marcian Hoff

• Introduced ADALINE and the least-mean-squares learning 
rule.

• Training became an optimization loop: predict, measure 
error, update the weights, and repeat.

• This established a practical gradient-based method for 
learning weights.

Ali Ghodsi 67

LEAST-MEAN-SQUARES LOOP

Predict
ŷ = wᵀx

Error
e = y − ŷ

Update
w ← w + 
ηex

repeat until mean-squared error is reduced
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THE PERCEPTRON DREAM

“ an electronic computer that the Navy 
expects will be able to

walk, talk, see, write, reproduce 
itself

and be conscious of its existence.”

The New York Times · July 8, 1958

Public expectations ran far ahead of capability

History, The Perceptron Dream

1958–1960s

The ability to learn created enormous optimism.

•  Press reports predicted machines that could see, 

speak, write, and become conscious.

•  Many expected perceptron-like systems to solve broad 

artificial-intelligence problems.

•  The expectations grew much faster than the 

technology.
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XOR IS NOT LINEARLY SEPARABLE

x₂

x₁

0

1

1

0

No single straight boundary works

History, The Limitation of Single-Layer Perceptrons

1969

Marvin Minsky and Seymour Papert

•  Showed important limitations of single-layer 

perceptrons.

•  A single linear boundary cannot represent the XOR 

function.

•  Multilayer networks could solve XOR, but an effective 

training method was not yet widely available.

•  The gap between the dream and reality became 

clear.
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History, Backpropagation Brings Neural Networks Back

1974–1986

The missing piece was training hidden layers.

•  Paul Werbos described backward gradient computation 

for multilayer models in 1974.

•  Rumelhart, Hinton, and Williams popularized 

backpropagation in 1986.

•  Errors could now update hidden-layer weights, 

launching a connectionist revival.
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BACKPROPAGATION TRAINS HIDDEN LAYERS

INPUT
LAYER

HIDDEN
LAYER

OUTPUT

forward prediction

error gradients adjust hidden-layer weights

The chain rule carries the error signal backward
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History, Popularity Fades Again

1990s–early 2000s

• Neural networks again lost relative popularity.

• Deep and recurrent networks remained difficult to optimize, 
partly because gradients vanished.

• Datasets and computing power were limited, while methods 
such as SVMs performed strongly.

• Research continued through CNNs and LSTM, but neural 
networks were no longer the dominant approach.
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LONG CHAINS WERE HARD TO TRAIN

t1 t2 t3 t4 t5

gradient signal fades

LSTM gated memory path

A protected state path helps information persist
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History, Deep Learning Resurgence

2006–2011

• Several developments brought deep networks back.

• Layer-wise pretraining made deep models easier to 
initialize and optimize.

• Larger datasets, faster GPUs, better activations, and 
improved training methods removed earlier barriers.

• Deep learning was ready for a large-scale demonstration.
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GREEDY LAYER-WISE PRETRAINING

Layer 3

Layer 2

Layer 1
1

2

3

fine-tune
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History, AlexNet Changes Computer Vision

2012

• Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton

• Achieved 15.3% top-5 error in ImageNet 2012, versus 
26.2% for the runner-up.

• Key ingredients included convolutional networks, ReLU, 
dropout, data augmentation, and GPU training.

• The result accelerated adoption of deep learning 
throughout computer vision.
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ALEXNET / IMAGENET 2012

image

CONV
CONV

FC
1000
classes

GPU 1 GPU 2
15.3%
top-5 error

large CNN + ReLU + dropout + data augmentation
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Perceptron
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The perceptron is the building block for neural 

networks.

It was invented by Rosenblatt in 1957 at Cornell 

Labs, and first mentioned in the paper ‘The 

Perceptron – a perceiving and recognizing 

automaton’.

Perceptron computes a linear combination of 

factor of input and returns the sign.

Perceptron
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Perceptron

xⱼ is the j-th feature of a sample and βⱼ is 
the j-th weight. β₀ is defined as the bias.

The bias alters the position of the 
decision boundary between the 2 
classes.

From a geometrical point of view, 
Perceptron assigns label “1” to 
elements on one side of βᵀx + β₀ and 
label “−1” to elements on the other 
side.
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Perceptron
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Distance between the point and the decision boundary hyperplane
(black line).
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Learning Perceptron
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Separability and convergence
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Feedforward neural networks
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Feedforward Neural Network
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Feedforward Deep Networks
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Feedforward Deep Networks

Ali Ghodsi 94



Deep Learning

Feedforward Neural Network

• A neural network is a multistate regression model which is
typically represented by a network diagram.
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Feedforward Neural Network
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Feedforward Neural Network

• Consider a feed forward neural network 
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𝑈1 𝑈2 𝑈3
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Backpropagattion
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Backpropagation
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• Nodes from three hidden layers within the neural network are considered for the 
backpropagation algorithm.

• Each node has been divided into the weighted sum of the inputs  𝑎 and the 
output of the activation function  𝑧. The weights between the nodes are denoted 
by  𝑢.
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• Take the derivative w.r.t weight 𝑢𝑖𝑙
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• Take the derivative w.r.t weight 𝑢𝑖𝑙
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Chain rule
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• Take the derivative w.r.t weight 𝑢𝑖𝑙
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• Take the derivative w.r.t weight 𝑢𝑖𝑙
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• Take the derivative w.r.t weight 𝑢𝑖𝑙
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Chain rule
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•  whereas 𝛿𝑖  is unknown but can be expressed as a recursive definition 
in terms of 𝛿𝑗.
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•  whereas 𝛿𝑖  is unknown but can be expressed as a recursive definition 
in terms of 𝛿𝑗.
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Chain rule
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• The recursive definition of 𝛿𝑖 can be considered as a cost function at 
layer 𝑖 for achieving the original goal of optimizing the weights to 
minimize 𝑦 −  ො𝑦 2
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Now consider         
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𝑎𝑘

ො𝑦

𝑘
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• Where               because an activation function is not applied in the 
output layer
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𝑎𝑘

ො𝑦

𝑘
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• Since 𝑦 is known and ො𝑦 can be computed for each data point.

• assuming small, random, initial values for the weights of the neural 
network in the beginning.

• Therefore the 𝛿 values for the layer before the output layer can be 
computed using 𝛿𝑘 and then the 𝛿 values for the layer before the 
layer before the output layer can be computed and so on.
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• Once all 𝛿 values are known, the errors due to each of the weights 𝑢 
will be known and techniques like gradient descent can be used to 
optimize the weights.
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Backpropagation
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Epochs
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