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INTELLIGENCE &THE NEURON AND THE NEURAL-NET

•Basic building block of Neural network 
is a neuron (~100 Billion Neurons) and 
~100 trillion Synapses

•Electrical signal spike travels via axon.

•The Axon of neuron is connected to the 
dendrites of many other neuron.

•When axon is stimulated (more than 
threshold) it dumps vesicles into inner 
synaptic space.

Neuroscape, University of California San Francisco, https://neuroscape.ucsf.edu/

Every decision begins with millions of neurons firing in patterns of logic 

and inhibition

http://www.ucsf.edu/
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THE ARTIFICIAL NEURON - MCCULLOCH & PITTS – 1943 

McCulloch, a neurophysiologist, and Pitts, a 
neuroscientist, came together in 1943 to 
mathematical model how the brain might work, 

marking the birth of computational neuroscience 
and the earliest spark of artificial intelligence.

Source: Semantic Scholar
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FROM MCCULLOCH-PITTS TO THE MODERN ARTIFICIAL NEURON

All these “weights updates” constitutes “learning”.
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FROM MCCULLOCH-PITTS TO THE MODERN ARTIFICIAL NEURON

Malignant

Benign

𝒘𝟏𝒙𝟏 + 𝒘𝟐𝒙𝟐 + ⋯ ⋅ 𝒘𝒏𝒙𝒏 > 𝟎

𝒘𝟏𝒙𝟏 + 𝒘𝟐𝒙𝟐 + ⋯ ⋅ 𝒘𝒏𝒙𝒏 < 𝟎

𝒇  𝒙𝟏 + 𝒘𝟐𝒙𝟐 + ⋯ ⋅ 𝒘𝒏𝒙𝒏𝒘𝟏
Intelligence (artificial) lies in discovering the right weights

How to find weights?
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HOW DO THESE NEURONS LEARN?

• When neurons keep firing together, their 
connection grows stronger. Repeated activity 
forges a lasting bond, the brain’s way of 

learning through experience - Donald Hebb
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HEBBIAN LEARNING – 1949 

• The next big question emerged, how do these neurons 
learn?

• Donald Hebb (neuropsychologist -1949) proposed a simple 
but powerful idea: when one neuron consistently activates 
another, their connection grows stronger (synaptic plasticity).

•The core idea is often summarized as: “Neurons that fire 
together, wire together.”
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DELTA RULE (50S – 60S) 

Widrow and Hoff (electrical engineer) took “Hebbian learning”, 
neuroscience study to computers.  Don’t need pre-synaptic, post-synaptic 
calculations.  Need more concrete rule.
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WHAT AI ORIGINALLY AIMED FOR

Symbolic AI / GOFAI

Logic, rules, and explicit 
reasoning: mimic human 
thinking step by step

Turing's Vision (1950)

A machine that converses 
indistinguishably from a 
human: the Imitation Game

Minsky & McCarthy

General problem solving with 
common sense: machines that 
truly understand

The Grand Dream: AGI

Artificial General Intelligence : 
learn and reason across any 
domain like a human

1950s–1980s | The Founding Vision

DT, Expert System, Bayesian Net., Rule based etc. LLMs, Transformers, RNN/LSTM 

Knowledge Graphs, Neuro-symbolic AI, Cognitive Arch. domain agnostic learning …. RBM ?
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THE PERCEPTRON – 1958 

Frank Rosenblatt

The first model of neural network that could learn to 

classify inputs.
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THE PERCEPTRON – 1958 
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GRADIENT DESCENT – 1959 

•The method of Gradient Descent is much older (19th 
century, used by Cauchy in 1847 for optimization).

•1959, Arthur Samuel used gradient-descent–like methods 
in his checkers-playing program.

•His program is considered one of the first self-learning AI 
systems (temporal-difference learning, which much later 
influenced reinforcement learning).

•It adjusted weights based on minimizing error between 
predicted and actual outcomes of moves.

Arthur Samuel
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MULTI-LAYER PERCEPTRON (MLP) (60S – 70S) 

𝛴 𝑓

• Perceptron’s idea extended to include multiple layers, hoping to solve more 
complex, non-linear problems.

• Researchers knew multiple layers would help, but

•  they lacked the training methods.

•  we don’t know what features to use either. Obstacles
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BACKPROPAGATION – 1974 

• Backpropagation (“back 
propagation of errors” the method 
of propagating error backwards 
through the network) as a training 
algorithm for multilayer 
perceptrons.

• Cauchy (1847) gave the idea of 
gradient descent for optimization, 
while Werbos (1974) gave 
backpropagation to compute 
gradients efficiently in multilayer 
networks. 

Paul Werbos
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BACKPROPAGATION – 1974 

• Critics argued (and still do) that backprop doesn’t resemble how real brains 
learn, so its inspiration from neuroscience was weak.

• Paul Werbos published his work in “economics/systems theory”, not in AI or 
cognitive science and also didn’t have the practical neural-network training 
demonstrations (like Rumelhart, Hinton & Williams did in 1986), so the AI 
community didn’t immediately recognize its value.  Other issues : AI winter, 
lack of research in NeuralNet, compute power.

Backpropagation is the backbone of deep learning, without it, 

there would be no deep neural networks powering today’s AI
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HISTORIC OBSTACLE: MANUAL FEATURES

Humans had to manually design the features fed into models.

 Domain expertise required

 Generalization capabilities

 Models were not learning with more data

 A model is only as good as its features

 Another core idea is required!

Shape

Texture

Color

MLP



Dr. Rizwan A Khan (https://sites.google.com/site/drkhanrizwan17/home) 2026Brains, Algorithms, and Beyond

NEOCOGNITRON – 1980 

Fukushima (1980): Automated feature 
extraction (core idea) as done in visual 
cortex, inspired by work of Hubel and 
Wiesel – 1959 (Nobel prize 1981(Physiology); 
hierarchy of complex and simple cells).

1. Simple Cells (S-cells) 

 Detect local patterns (like edges, lines, 
corners).

2. Complex Cells (C-cells)

 Pool responses from multiple neighboring 
simple cells.

 Provide invariance to small shifts and 
distortions (translation tolerance).
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WHY NEOCOGNITRON FAILED?

1. Lack of effective learning algorithm

 Fukushima used unsupervised learning (Hebbian-like rules) for feature 
extraction, and hand-tuning for higher layers.

2. Computation complexity

 1980s hardware was far too slow to train large hierarchical networks.

3. Limited training data

4. Manual configuration

 The Neocognitron didn’t use backpropagation (Werbos’s idea was still obscure)
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IMPACT OF NEOCOGNITRON

Krizhevsky, Alex; Sutskever, Ilya; Hinton, Geoffrey. "ImageNet classification with deep 

convolutional neural networks". Communications of the ACM: 84–90. 

doi:10.1145/3065386. ISSN 0001-0782
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BOLTZMANN MACHINES – 1985 

• Introduced probabilistic, energy-based 
learning, leading to unsupervised pretraining 
methods that helped deep learning take off in 
the 2000s.

• It’s a stochastic RNN that can learn complex 
distributions.

• Boltzmann Machines are theoretically intriguing 
due to their Hebbian-style learning.

• Boltzmann Machine learns the data’s 
probability distribution by reducing the gap 
between what it sees in the data and what it 
generates itself through energy minimization 
and sampling.

* David H. Ackley, Geoffrey E. Hinton, Terrence J. Sejnowski ; A Learning Algorithm for Boltzmann Machines, Cognitive Science 1985
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BACKPROPAGATION RE-DISCOVERED – 1986 

• Core Idea: Backpropagation trains multilayer perceptrons efficiently by sending 

error signals backward using the chain rule.

• Breakthrough: Hidden layers enable networks to learn internal representations, not 

just input–output mappings.

• Impact: Solved the XOR problem, addressing a major criticism from Minsky & 

Papert (1969).

• Representation Learning: Networks can automatically discover features instead of 

relying on handcrafted ones.

Historical Role: Ended the “NeuralNet dark age”, paving the way for 
modern deep learning.

Rumelhart, D., Hinton, G. & Williams, R. Learning representations by back-propagating errors. Nature 323, 533–536 (1986). 

https://doi.org/10.1038/323533a0
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(ERROR) BACKPROPAGATION RE-DISCOVERED – 1986 

Error = Calculated – 

Desired output

The credit assignment 

problem was solved through 

backpropagation with 

gradient descent. The errors 

to be propagated backward 

through multiple layers, 

enabling efficient training of 

deep networks.

Credit assignment / 

weight update 
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CONVOLUTIONAL NEURAL NETWORK (CNN) – 1989 

Convolutional Neural Network (CNN) – Yann LeCun et. al (1989*) introduced 
network that uses convolutional layers, revolutionizing image and spatial data 
processing (predecessor of Neocognitron). 

*Y. LeCun, B. Boser, J. S. Denker, D. Henderson, R. E. Howard, W. Hubbard, L. D. Jackel; Backpropagation Applied to Handwritten Zip Code Recognition. Neural Comput 1989; 1 (4): 
541–551. doi: https://doi.org/10.1162/neco.1989.1.4.541

https://doi.org/10.1162/neco.1989.1.4.541
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Core Ideas of LeNet

1. Learning to filter (filter weights were learned)

2. Shared Weights (Convolution)

3. Divide & Conquer

CONVOLUTIONAL NEURAL NETWORK (CNN) – 1989 

Divide [Feature Extraction]    Conquer [MLP] 
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EARLY CONVOLUTIONAL NEURAL NETWORKS (CNN)

LeCun, Y., Bottou, L., Bengio, Y., & Haffner, P. (1998). Gradient-based learning applied to document recognition. Proceedings of the IEEE.
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RESTRICTED BOLTZMANN MACHINE (RBM) – 2006 

Boltzmann Machine, it’s a 3D structure like brain, learns 

probability distribution

If we remove internal connections b/w hidden and visible 

nodes

RBM, Looks like MLP but its not, built to learn 

probability distribution

• Solved the training barrier for deep networks (unsupervised pretraining) and vanishing gradient 

problem (Idea: don't initialize randomly and train end-to-end. Instead, pre-train each layer 

greedily, one at a time, using RBMs).

• Introduced generative modeling into practical neural nets.

• Established the principle of learned feature hierarchies → cornerstone of modern deep learning.
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AUTOENCODER – 2000S

In the mid-2000s:

•RBMs were used to pre-train deep networks layer by layer (Geoff Hinton, 2006).

•Later, it was shown that stacked autoencoders can do the same pretraining, but with easier optimization (no 
sampling needed).

•This transition from RBM pretraining → autoencoder pretraining was one of the steppingstones to modern 
deep learning

Geoffrey E. Hinton et al. - NeuraIPS'93
Bottleneck – Compressed 

Representation
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SUCCESS OF CNNS – ALEXNET - 2012
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SUCCESS OF CNNS –  2012 - 
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Goodfellow et al. 2014 (arXiv)

GENERATIVE ADVERSARIAL NETWORKS (GANS) – 2014 - 
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GENERATIVE ADVERSARIAL NETWORKS (GANS) – 2014 -  

Karras et al. 2019; A Style-Based Generator Architecture for Generative Adversarial Networks 

Real or Fake? 
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TRANSFORMERS – 2017 

• (Final core idea) A novel architecture that relies 
on self-attention mechanism, revolutionizing NLP 
and forming basis for BERT and GPTs. 

•Core idea coming from corporation, not from 
academia, new direction. 

•Most of the CNNs, LLM, Foundation models are 
coming from industry, any implications? 

Vaswani et al. 2017 (arXiv)
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TRANSFORMERS – 2017 

1. Long-range Dependencies → Captures 

global context in sequences better than 

traditional architectures.

• RNNs and LSTMs cannot retain information 
over long sequences due to vanishing 
gradients problem (decay of information 
through time). Thus, difficult to capture 
dependencies between distant words in a 
sentence.

• It means deep layers remains untouched, no 
training. 

• Problems : Hallucinations , lack of 
generalization etc. 



Dr. Rizwan A Khan (https://sites.google.com/site/drkhanrizwan17/home) 2026Brains, Algorithms, and Beyond

TRANSFORMERS – 2017 

2. Attention Mechanism Selective
Attention

•Brain amplifie relevant signal, suppresses noise.

•Transformer attention focusses on important 
tokens similarly.

3. Q–K–V Mechanism  Working Memory

•Mirrors content-addressable memory

•Query retrieves relevant stored information 
(key–value pairs).

4. Multi-Head Attention  Multiple Cognitive 
Streams

•Brain uses multiple simultaneous attention filters.

•Multi-head attention = parallel feature 
extraction channels.
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TRANSFORMERS

Statistical pattern matchers at massive scale

Trained on next-token prediction: not explicit 
reasoning

Extraordinary at language, perception & 
generation

Not truly reasoning — interpolating learned 
patterns

K E Y  F A C T S

2017

Year introduced

175B

GPT-3 parameters

~100T

Training tokens (GPT-4 est.)

Self-Attn

Core mechanism
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THE DEBATE: ARE WE ON THE RIGHT PATH?

O PTIMISTS

Hinton, Altman 

→  Scaling + data + architecture will reach 
AGI

→  Emergent capabilities suggest 
something deeper

→  May not need explicit reasoning to 
be intelligent

→  We may be closer to AGI than most 
think

SKEP TICS

Gary Marcus, Chomsky, early Minsky school

→  Sophisticated autocomplete not true 
understanding

→  Lacks grounding, causality, real world 
models

→  Brittle failures reveal pattern 
matching not reasoning

→  We may be on the wrong — or 
incomplete path
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AI WINTER - SUMMER TIMELINE

Perceptron 

limitation (1970s)

Revival: Backprop (1986) Expert system collapsed/ 

NeuralNet hard to train 

(1990s)

Revival: RBM/DBNs 

(2006)

AlexNet / 

CNNs (2012)

Transformers / 

GPTs(2017 - )
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CHALLENGES

Ethical Bias & Fairness Overhyped 
Expectations / Scaling 

limits

Data Privacy & 
Security Risks

Regulation & 
Governance Gaps

Energy Consumption 
& Environmental 

Impact

Job Displacement & 
Skill Gaps

Explainability / 
Transparency (“Black 

Box” issue)

Misinformation / 
Deepfakes / Trust 

Erosion
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HUBEL AND WIESEL – 1959 (NOBEL PRIZE (1981) IN PHYSIOLOGY)

Receptive fields of single neurons in the cat's striate cortex. J Physiol. 1959 148(3):574–591. 

doi: 10.1113/jphysiol.1959.sp006308; https://pmc.ncbi.nlm.nih.gov/articles/PMC1363130/

1959 marks the year when David Hubel 

and Torsten Wiesel (neurophysiologists ) 

began their landmark experiments on the 
visual cortex of cats at Harvard Medical 

School.

This study revealed:

1. Neurons in the primary visual cortex 
(V1) respond selectively to edges and 

oriented lines.

2. Visual processing occurs hierarchically, 

from simple to complex features.
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NEOCOGNITRON - 1980

https://www.cs.princeton.edu/courses/archive/spr08/cos598B/Readings/Fukushima1980.pdf
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NEOCOGNITRON - 1980

https://www.cs.princeton.edu/courses/archive/spr08/cos598B/Readings/Fukushima1980.pdf
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NUMBER CRUNCHING
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HANDCRAFTED FEATURES -1980S  

In the 1980s, most of machine learning 
and computer vision relied on 
handcrafted features (edges, corners, 
textures), and the main research 
challenge was designing the “right” 
features for each task. 

Around this time, Fukushima’s 
Neocognitron (1980) introduced the 
idea of a hierarchical, multi-layered 
neural network that could automatically 
learn features from data, an early 
inspiration for today’s convolutional 
neural networks (CNNs).

Receptive fields of single neurons in the cat's striate cortex. J Physiol. 1959 148(3):574–591. 

doi: 10.1113/jphysiol.1959.sp006308; https://pmc.ncbi.nlm.nih.gov/articles/PMC1363130/
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