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Biological Neural Networks as a Functional Paradigm

- I’ve seen things you people wouldn’t believe. Attack ships on fire 
off the shoulder of Orion. 
- I’ve seen c-beams glitter in the dark near the Tannhauser gate. 
- All those moments will be lost in time… like tears in the rain. 
- Time to die.

Blade Runner
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Can an artifact be capable 
of analyzing, classifying, 
and retaining information, of 
learning continuously from 
experience without being 
explicitly programmed?

Can an artifact possess 
self-consciousness and be 
capable of thought?



Artificial Intelligence Between Myth and Reality
GSSI, Aquila 12-13 March 2026

The study of physical 
and functional 
characteristics 
constitutes the starting 
point for the 
formulation of an 
answer, an inquiry that 
is, by its very nature, 
interdisciplinary.
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Some Epistemological Considerations

•   Reductionism: all natural phenomena are reducible to physical 
laws, without independent languages or levels of description, but 
only to more or less detailed levels and languages.

•   Reductionism is employed not as an epistemological dogma, but 
as an extremely productive idea (D.O. Hebb, 1980).

•   Mental phenomena are nothing more than the expression of a 
highly complex structure operating according to fairly simple 
principles (A. Turing, 1950)
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•   Identifying a Standard Methodology
•   All sciences, …, depend on their philosophical 
assumptions, …, and it is very easy for philosophical 
ideas regarding the soul, …, or regarding determinism 
and free will, to influence the main directives of Theory 
(D.O. Hebb, 1980).

•   As long as these ideas remain implicit, they are 
dangerous. Make them explicit, and perhaps they can be 
neutralized.

Some Epistemological Considerations
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Biological Neural Networks: Structure

Structurally Highly Complex System
     

    109 -1010 Neurons
    104 -105 Sinapses/Neurons

The reaction time of a neuron is a few milliseconds
Structure: Input – Computation – Output
Stimulus → Sense → Transducer → Processing → Motor Neurons → Motor System → Spinal Cord → Muscle
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A difference in sodium and 
potassium ion concentrations creates 
an electric potential difference 
(approximately –70 mV) across the 
soma’s cell membrane.

If the electric potential V, resulting 
from inputs from other neurons, 
exceeds the membrane potential, the 
neuron emits, for a few milliseconds, 
a train of impulses along the axon.

Biological Neural Networks: Neuron
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When an electrical spike 
propagates along the axon, 
the vesicles present in the 
synaptic bouton rupture, 
releasing neurotransmitters
into the synaptic cleft, which
tend to excite or inhibit the 
postsynaptic neuron.

Biological Neural Networks: Sinapse
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Learning as an Alteration of Synaptic Physical Properties: changes in 
the number and/or shape of terminal boutons and variations in 
dendritic conductivity.

When the axon of Neuron A is sufficiently close to excite Neuron B and 
participates repeatedly or persistently in the activation of the latter, a 
growth process or a metabolic change occurs in one or both neurons, 
increasing the efficiency of A, since it is one of the neurons that
activates B (O.D. Hebb, 1949).

Biological Neural Networks: Sinapse
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Hebb’s proposal remains at a logical-functional level, but
it has served as a compass for the analysis of data on 
synaptic modifications.

Eric R. Kandel (Nobel Prize in Medicine, 2000), using
the nervous system of the sea slug Aplysia as an 
experimental model, demonstrated that changes in 
synaptic function are central to learning and memory.

Synaptic 
Plasticity

Memory 
Processes

Biological Neural Networks: Sinapse

Synaptic Memory

Processes



Artificial Intelligence Between Myth and Reality
GSSI, Aquila 12-13 March 2026

Dynamic Unsupervised Learning
• Ability to classify and store information
• Information retrieval and error evaluation
• Information processing based on experience

Processing and Storage Viewed as Parallel Processes
• A human sees a lion and runs away (in 0.1 s, 1,000 cycles)
• First love is never forgotten, even after a partial destruction of neurons

and synapses

Biological Neural Networks: Properties
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Experience-based Information Processing

Biological Neural Networks: Properties
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Extreme redundancy and functional plasticity
Compact size and low weight
Low power consumption

Biological Neural Networks: Properties
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1873: C. Golgi
The black reaction, a staining technique using 
silver nitrate to visualize individual neuron

1888: S. Ramon y Cajal
Demonstrated that the nervous system is 
composed of discrete units that communicate 
with each other

1891: H.W. Waldeyer
Introduced the term Neuron

Biological Neural Networks: History
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1943: W. McCullogh e W. Pitts
Formal neuron and propositional calculus

1949: D. J. Hebb
Synaptic modifications and memory processes

1950: F. Rosenblatt e N. Wiener
Cybernetics: Study of control and 
communication mechanisms in living beings 
and machines

Formal Neural Networks: History
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1958: F. Rosenblatt
Generalization of the formal neuron: 
Perceptron

1973: T. Kohonen e M. Ruohonen
Multiple Perceptron. Deep Feedforward 
Neural Network

Formal Neural Networks: History
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1958: F. Rosenblatt
Generalization of the formal neuron: 
Perceptron

The New York Times 
7 July 1958 
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• 400 photoreceptors
• 512 internal neurons

Each neuron receives input from 
40 randomly selected 
photoreceptors 

Eight output neurons, connected 
to all internal neurons, with 
weights adjustable via 
potentiometers

1958: F. Rosenblatt
Generalization of the formal neuron: 
Perceptron
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1974: F. Little, J. J. Hopfield e D. J. Amit
Attractor Neural Networks and associative memory. 
Dynamical systems and statistical mechanics

1985: G. E. Hilton
Learning rule for Deep Feedforward Neural Networks: 
Backpropagation

1990: The Neural Network Zoo
CNN: Convolutional Neural Networks, RNN: Recurrent 
Neural Networks,Attention Mechanism,LLM: Large 
Language Mode Dynamic

Formal Neural Networks: History
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Two Distinct Classes of Artificial Neural Networks

Feedforward Neural Networks have a small 
number of neurons and low connectivity: 
self-organizing computational devices

Attractor Neural Networks have a large 
number of neurons and high connectivity, 
are considered models of cognitive activity. 
They are complex dynamical systems, with 
attractors representing stable states of their 
dynamics
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Two Distinct Classes of Artificial Neural Networks



Artificial Intelligence Between Myth and Reality
GSSI, Aquila 12-13 March 2026

Traditionally, a program 
is written in order to 
obtain an output

A FFNN model is 
trained to extract rules 
from examples

Feed Forward Neural Network: Formal Neuron
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Feed Forward Neural Network: Formal Neuron

S = J1s1 + J2s2 + J3s3 + ... + Jnsn
The soma computes the sum of the contributions
of other neurons, weighted by synaptic efficacy

y = 1 f and only if S > h, otherwise y = 0
S is compared with the threshold h.
The neuron is active if and only if S > h
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How can we choose the 
synaptic weights and the 
threshold in such a way 
as to uniquely determine 
the desired mapping?

s1

s2

sn wN1

w21

w11

y

Feed Forward Neural Network: Formal Neuron
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Simple Case: N = 2. Let us assume:

Binary Logic

Feed Forward Neural Network: Formal Neuron
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Heaviside Function

0

1
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Networks of formal neurons capable of 
performing any propositional calculus operation

Feed Forward Neural Network: Formal Neuron
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Let’s start from the AND truth table

Evaluate S for the four input states

Use the Heaviside function.

s1 s2 y
0 0 0

0 1 0

1 0 0

1 1 1

AND

Formal Neuron: AND Logic
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AND

s1 = 0; s2 = 0  S = - q
s1 = 0; s2 = 1  S = w2 - q
s1 = 1; s2 = 0  S = w1 - q
s1 = 1; s2 = 1  S = w1 + w2 - q

s1 s2 y
0 0 0

0 1 0

1 0 0

1 1 1

Formal Neuron: AND Logic
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s1 s2 y
0 0 0

0 1 0

1 0 0

1 1 1

AND

00  0; S = - q  

01  0; S = w2 - q  

10  0; S = w1 - q  

11  1; S = w1 + w2 - q 

Solution

Formal Neuron: AND Logic
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Forward pass: 

𝑣! = 𝑓 $
"#$

%

𝑤!,"
' 𝑠! ; 	 𝑦( = 𝑓 $

)#$

*

𝑤(,)+ 𝑣)

𝑦( = 𝑓 $
)#$

*

𝑤(,)+ 	𝑓 $
"#$

%

𝑤),"
' 𝑠!

𝑓(	) is the activation function

Feed Forward Neural Network: Multi-Layer Perceptron 
The Multi-Layer Perceptron is a special 
case of a FFNN with nonlinear activation 
functions in all layers
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Iterative Algorithm
Iterative process in the weight space, aiming to 
minimize the quadratic function:

i.e. 

Feed Forward Neural Network: Learning
2N Configuration 
Space States

2M Configuration 
Space States
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Feed Forward Neural Network: Learning

Iterative Algorithm
Move along the path of steepest 
descent: Gradient-Based Update
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Backpropagation Algorithm: 
Gradient-based algorithm used
for training in Deep Learning (DL)

Reduces the cost function and 
computational complexity of the 
problem

( )∑∑ −=
! !

"!
!

!
! #$

"
%&

!"

Feed Forward Neural Network: Back Propagation
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Backpropagation involves two phases:

Forward Phase:
Present an input example
Compute the output
Calculate the error

Backward Phase:
Propagate the error backward
Adjust the weights of each layer
Update the network’s weights

Feed Forward Neural Network: Back Propagation
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Minimize D by adjusting
the weights {wi,j

B} while
keeping {wi,j

A} fixed

Once the new weights 
{wi,j

B }  are determined, 
adjust the weights {wi,j

A }

Feed Forward Neural Network: Back Propagation
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G. E. Hilton

Feed Forward Neural Network: Back Propagation

Prize motivation: “for foundational 
discoveries and inventions that 
enable machine learning with 
artificial neural networks”



Artificial Intelligence Between Myth and Reality
GSSI, Aquila 12-13 March 2026

Feed Forward Neural Network: Learning & Generalization

U

R

A

X

Let be U the set of all possible input-output rules, some of 
them are compatible with a given rule R
 

    Let be A the set used for the learning (p examples)
    Let be X the set used for the model validation.

    A e X are random choosen and are representative of R

The network has learned A and 
has no knowledge of X or R
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Feed Forward Neural Network: Learning & Generalization

U

A

G1

G2

G3

All 2#!$%	 possible generalizations are valid !

Finite p Training Examples → Correct Generalization

⟶

⟶
⟶

N input neurons

2% 	input patterns

2,! 	possible functions ⟶ p examples in A

2,!-.	compatible generalizations
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Feed Forward Neural Network: Learning & Generalization

U

A

G1

G2

G3

Finite p Training Examples → Correct Generalization
Generalization in Practice
• Theory predicts a critical number of examples 𝑝∗ ≪ 2" 	
• With 𝑝∗, correct generalization is possible
• In practice, when choosing	𝑝

• We do not know whether 𝑝 < 𝑝∗ or 𝑝 ≥ 𝑝∗
• We do not know if the examples are informative enough

Therefore, generalization is inferred from empirical 
indicators and inductive bias rather than guaranteed; no 
recipe exists that ensures correct generalization from a 
given set of examples
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Large number of neurons and 
sinapses, with a complex
synaptic connectivity topology

Dual dynamics
Neurons
	 s* = 𝐹(Σ* +𝐻* − ℎ*)

Sinapses

	 ̇𝐽*+= −𝑎𝐽*+ + 𝑓(s*s+)

Attractor Neural Network: Complex Dynamical Systems
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Sinapses

	 ̇𝐽!"= −𝑎𝐽!" + 𝑓(s!s")

Changes in synaptic 
weights modify the energy 
function landscape, 
creating (or destroying) 
new minima or reinforcing 
existing ones

Attractor Neural Network: Learning
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E
Attractor Neural Network: 
Learning

The network is trained to learn the 
following classes:

A = ( A, A, A, .... , A)
B = ( B, B, B, .... , B)
C = ( C, C, C, .... , C)
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APresenting the letter:
P = 1

E
Attractor Neural Network: 
Learning

The network is trained to learn the 
following classes:

A = ( A, A, A, .... , A)
B = ( B, B, B, .... , B)
C = ( C, C, C, .... , C)
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A

E
Attractor Neural Network: 
Learning

The network is trained to learn the 
following classes:

A = ( A, A, A, .... , A)
B = ( B, B, B, .... , B)
C = ( C, C, C, .... , C)

P = 2
Presenting the letter:
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B

E
Attractor Neural Network: 
Learning

The network is trained to learn the 
following classes:

A = ( A, A, A, .... , A)
B = ( B, B, B, .... , B)
C = ( C, C, C, .... , C)

P = 3
Presenting the letter:
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C

E
Attractor Neural Network: 
Learning

The network is trained to learn the 
following classes:

A = ( A, A, A, .... , A)
B = ( B, B, B, .... , B)
C = ( C, C, C, .... , C)

P = 4
Presenting the letter:
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B

Bacini di Attrazione

Attrattori

EE
Attractor Neural Network: 
Learning

The network is trained to learn the 
following classes:

A = ( A, A, A, .... , A)
B = ( B, B, B, .... , B)
C = ( C, C, C, .... , C)

P = 1000
Presenting the letter:
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Unsupervised Learning

Attrattori

E

A
B C

Bacini di Attrazione
Attractor Neural Network: 
Learning

The network’s state at the 
attractors represents the 
prototype of the class



Artificial Intelligence Between Myth and Reality
GSSI, Aquila 12-13 March 2026

Attrattori

E

A
B C

Bacini di Attrazione

Presenting a new class element 
creates a new attractor.

If elements of a class are no 
longer presented, the network 
forgets by removing the 
corresponding attractor.

Unsupervised Learning

Attractor Neural Network: 
Learning
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E

A
t = 1t = 2

A
La rete rilassa 
nell’attrattore
A  A

t = 0t = t*t = 3t = 4

Attractor Neural Network: 
Memory retrieval

Class Recognition
• Present to the network: A
• Dynamic relaxation toward a 

local energy minimum
• Learning and recall are not 

separate processes
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Unsupervised Learning

Attractor Neural Network: Memory retrieval
Learning and classification 
processes in real time and 
biologically plausible

Supervised Learning Name Retrieval
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̇𝐽!"= −𝑎𝐽!" + 𝑓(s!s")

Learning and recall are 
not separate processes

Synaptic weight dynamics

Learning Recall

Attractor Neural Network: Synaptic dynamics
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Associative 
memory and 

Hopfield Model
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Associative Memory: Definition

Associative memory is also known as 
content-addressable memory (CAM), 
associative storage, or associative array.

It is a type of memory designed to 
search through data, instead of 
providing direct access via addresses.



Artificial Intelligence Between Myth and Reality
GSSI, Aquila 12-13 March 2026

Associative Memory: Definition

Associative memory can be classified into two types:
• Auto-associative: recall patterns from partial or noisy inputs

• Hetero-associative: associate one set of patterns with another

Photo of 
Andrea’s 

graduation
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The retrieval of 
information is 
triggered by partial 
knowledge of the 
information

Associative Memory: Definition
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E

t = 0t = 1t = 2t = 3t = 4t = t*

Hopfield model as Associative Memory:
The network relaxes into the attractor

Associative Memory
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Large number of neurons and 
sinapses, with a complex
synaptic connectivity topology

Dual dynamics
Neurons
	 s* = 𝐹(Σ* +𝐻* − ℎ*)

Sinapses

	 ̇𝐽*+= −𝑎𝐽*+ + 𝑓(s*s+)

Attractor Neural Network: Complex Dynamical Systems
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𝑤%,' = 𝑤',%
𝑤%,% = 0
𝑖, 𝑗 = 1,2,3, … , 𝑁

Let assume a system with 𝑁 neurons 
𝑠%; 𝑖 = 1,2,3, … , 𝑁; 	𝑁 ≫ 1
and a synaptic network that is fully 
connected and symmetric.

Hopfield Model: Synaptic Network 
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The dynamics of the neurons are given by

No dynamics on the synapses:

s* = 𝑠𝑖𝑔𝑛 Σ* +𝐻*

Σ* =@
+,-

.

𝑤*,+𝑠+

s* 	 ∈ −1,1

𝑤̇*+= 0

Σ* =@
+,-

.
𝑤*,+𝑠+

Hopfield Model: Dynamics 
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Let be:

the state vector of the neurons. Let be

the synaptic matrix, and let there be

p memory patterns

𝑠̅ = s% ; 𝑖 = 1,2, …𝑁

2𝑤 = w%,' ; 𝑖, 𝑗 = 1,2, …𝑁

𝜉( = 𝜉(% ; 5
𝑖 = 1,2, …𝑁
𝜇 = 1,2, … 𝑝

Σ* =@
+,-

.
𝑤*,+𝑠+

Hopfield Model: Stored Patterns 
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𝜉( = 𝜉(% ; 5
𝑖 = 1,2, …𝑁
𝜇 = 1,2, … 𝑝

After defining the system, how should we design 
the synaptic matrix so that the network’s
dynamics produce attractors corresponding to 
the p stored memory patterns?

2𝑤 = w%,' ;
? ?

Hopfield Model: Stored Patterns 
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𝜉! = 𝜉!" ; ,
𝑖 = 1,2, …𝑁
𝜇 = 1,2, … 𝑝

Hopfield Model: Stored Patterns 
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Hopfield Model: Stored Patterns 
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The overlap 𝑂 45,46 between two vectors

with 𝑎% ∈ −1,1 	and b% ∈ −1,1 is

>𝑎 = 𝑎% ; 𝑖 = 1,2, …𝑁
>𝑏 = 𝑏% ; 𝑖 = 1,2, …𝑁

𝑂 45,46 =
1
𝑁
@

%78

9
𝑎% 𝑏%

Hopfield Model: Overlap 𝑂 45,46
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𝑂 01, 02 =
1
𝑁
@

*,-

.
𝑎* 𝑏*

Hopfield Model: Overlap 𝑂 45,46
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HOPFIELD MODELL: 
ASSOCIATIVE RECALL p = 1
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Single stored pattern

At time step t , the pattern 𝜉-	is presented
to the network. We have:

s* 𝑡 + 1 = 𝑠𝑖𝑔𝑛 @
+,-

.
𝑤*,+𝜉-+

Hopfield Model: Associative Recall p = 1

𝜉- = 𝜉-* ; 𝑖 = 1,2, …𝑁
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if 𝜉- is a dynamical attractor:

This suggests defining 𝑤!,# as

s* 𝑡 + 1 = 𝑠𝑖𝑔𝑛 @
+,-

.
𝑤*,+𝜉-+ = 𝜉-+ 	 ∀𝑖

𝑤%,' =
1
𝑁
𝜉8%𝜉

8
'

Hopfield Model: Associative Recall p = 1
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s* 𝑡 + 1 = 𝑠𝑖𝑔𝑛 @
+,-

.
𝑤*,+𝜉-+

= 𝑠𝑖𝑔𝑛
1
𝑁
@

+,-

.
𝜉-*𝜉

-
+𝜉
-
+

= 𝑠𝑖𝑔𝑛
1
𝑁
𝜉-*@+,-

.
𝜉-+𝜉

-
+

= 𝑠𝑖𝑔𝑛 𝜉-* =	𝜉
-
*

By substituting

Hopfield Model: Associative Recall p = 1



Artificial Intelligence Between Myth and Reality
GSSI, Aquila 12-13 March 2026

In summary, 𝜉8 is an attractor 
of the dynamics of the Hopfield 
model if and only if:

Hopfield Model: Associative Recall p = 1

𝑤%,' =
1
𝑁
𝜉8%𝜉

8
'
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Single stored pattern

At time step t , the pattern 𝑠̅ 𝑡 is presented to 
the network. We have:
𝑠̅ 𝑡 = s* 𝑡

s* 𝑡 = L
−𝜉-* 	 𝑖 = 1,2, … , 𝑛	
+𝜉-* 	 𝑖 = 𝑛 + 1,… ,𝑁

𝜉- = 𝜉-* ; 𝑖 = 1,2, …𝑁

Hopfield Model: Associative Recall p = 1



Artificial Intelligence Between Myth and Reality
GSSI, Aquila 12-13 March 2026

s% 𝑡 + 1 = 𝑠𝑖𝑔𝑛 @
'78

9
𝑤%,'s' 𝑡

= 𝑠𝑖𝑔𝑛
1
𝑁
@

'78

9
𝜉8%𝜉

8
's' 𝑡

= 𝑠𝑖𝑔𝑛
1
𝑁
𝜉8%@'78
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The key idea is to split the summation into 
two terms

Hopfield Model: Associative Recall p = 1

𝑤#,% =
1
𝑁
𝜉&#𝜉

&
%



Artificial Intelligence Between Myth and Reality
GSSI, Aquila 12-13 March 2026

@
'78

9
𝜉8's' 𝑡 = @

'78

:
𝜉8' −𝜉8'

+@
'7:;8

9
𝜉8'𝜉

8
' = −𝑛 + 𝑁 − 𝑛

Given the definition of 𝑠̅ 𝑡

Hopfield Model: Associative Recall p = 1

𝑤#,% =
1
𝑁
𝜉&#𝜉

&
%

s! 𝑡 + 1 = 𝑠𝑖𝑔𝑛
1
𝑁 𝜉

"
!-#$"

%
𝜉"#s# 𝑡



Artificial Intelligence Between Myth and Reality
GSSI, Aquila 12-13 March 2026

then

Sostituendo in

we have
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We have

if 𝑛 < ⁄. #	we obtain

and if 𝑛 ≥ ⁄. # we obtain
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HOPFIELD MODELL: 
ASSOCIATIVE RECALL p > 1
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p stored patterns

At time step t , the pattern 𝜉D	is presented to 
the network. We have
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𝜇 = 1,2, … 𝑝

Hopfield Model: Associative Recall p > 1
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For p = 1 we had defined

For p > 1 this can be generalized as
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Hopfield Model: Associative Recall p > 1
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Hopfield Model: Associative Recall p > 1
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Let us consider the argument of the sign 
function

Hopfield Model: Associative Recall p > 1
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Split the summation over 𝜇 into two terms:

Hopfield Model: Associative Recall p > 1

Crossover Term
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We obtain

There is an Associative Recall if

Or if 
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Hopfield Model: Associative Recall p > 1
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We obtain

there is an Associative Recall if

or if 
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How can we 
estimate the 

crossover term?
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Hopfield Model: Associative Recall p > 1



Artificial Intelligence Between Myth and Reality
GSSI, Aquila 12-13 March 2026

Random Walk

• We flip a coin

• Step right for heads, left for tails

• The probability of going right or left is ½

• After N flips, what’s the probability of 
being m steps from the origin P 𝑚,𝑁 ?
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How can we 
estimate the 

crossover term?

Hopfield Model: Associative Recall p > 1
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Perr p/N
0.001 0.105
0.004 0.138
0.010 0.185
0.050 0.370
0.100 0.610

0
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Perr vs p/N

For p < 0.185 N, less than 1% of the bits in the patterns are unstable

Hopfield Model: Associative Recall p > 1
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Phase transition: 
Neural Networs are complex Systems

Hopfield Model: Associative Recall p > 1

Phase diagram

Desired States: 
Global Minima

Spin Glass States: Global Minima

First-Order Transition

Second-Order Transition

Stable spin-glass states 
not correlated with the 
stored patterns
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J. J. Hopfield

Prize motivation: “for foundational 
discoveries and inventions that 
enable machine learning with 
artificial neural networks”

Hopfield Model
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Is Attention essentially a Hopfield 
Model in disguise ?
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• Paradigm shift in NLP: Transformer models revolutionized 
Natural Language Processing by replacing traditional 
sequential architectures with attention-based models, 
becoming the state of the art.

• Attention mechanism: The self-attention mechanism allows 
models to capture long-range dependencies and attend to all 
previous words in a sequence, providing an effective form of 
long-term memory.

• Scalability and efficiency: Transformers are highly 
parallelizable and well suited for training on large datasets 
using specialized hardware such as GPUs and TPUs.

• Real-world applications: They power many modern systems 
including machine translation, text generation, chatbots, 
search engines, and language understanding tasks.

Attention Is All You Need: Transformer
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Attention Is All You Need: Transformer

The input is a time series of 
varying values

Sentence

Time 
Numerical 
Series 

Hypothetical reference window of 
Attention, RNN’s, GRU’s & LSTM’s

The self-attention mechanism allows models to capture long-range 
dependencies and attend to all previous words in a sequence, providing an 

effective form of long-term memory
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Attention Is All You Need: Transformer

Attention mechanism focusing on different tokens while generating words 1 by 1

During training, the model learns which words to attend to
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Attention Is All You Need: Transformer

This is an attention-based Encoder-Decoder 
architecture.
• At a high level, the encoder transforms the 

input into an abstract, continuous 
representation.

• The decoder then iteratively generates the 
output, one step at a time, while 
simultaneously taking the previous output 
as input."
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Attention Is All You Need: Transformer

Spazio 
Astratto

Input

En
co

de
r

De
co

de
r

Ouput

Hi how are you 

I am fineAbstract, 
Continuous 

Representation
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Attention Is All You Need: Transformer
The self-attention mechanism begins by deriving query 
(Q), key (K), and value (V) vectors from the input.

Attention

Input: Given a sequence of token embeddings 𝑥$, 𝑥,, … , 𝑥2 ∈ 𝑅3 
three linear projections are learned (𝑊4 	, 𝑊5 , 𝑊6 are learned weight 
matrices):

Attention weights: The interaction between token 𝑖 and token 𝑗 is

Output: The updated representation, attention, is 

𝑞! = 𝑊.𝑥!          where       𝑞! = query
𝑘! = 𝑊/𝑥!                            𝑘! = key
𝑣! = 𝑊0𝑥!                            𝑣! = value

𝑎!# =
𝑒12"34#

∑- 𝑒12"34$
; 	 𝛽 =

1
𝑑

𝑦# =
∑% 𝑣#𝑒235456

∑6 𝑒235457

Interpretation: Each token becomes a weighted combination of value 
vectors, with weights that grow exponentially with query-key similarity.
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Continuous Hopfield Network & Attention
Compare the two update rules

Attention                                                  Identification 

Hopfield

Result: The attention mechanism is formally equivalent to 
the update rule of a continuous Hopfield network.

Interpretation: Attention performs associative retrieval from 
a set of stored vectors.

𝑥=>? =
∑! 𝜉!𝑒@AB2

+

∑! 𝑒@AB2
+

𝑦" =
∑# 𝑣"𝑒@C7BD8

∑E 𝑒@C7BD9 𝑥 ↔ 𝑞
𝜉- ↔ 𝑘%
	𝑣# ↔ 𝑆𝑡𝑜𝑟𝑒𝑑	𝑉𝑎𝑙𝑢𝑒𝑠

Attention as 
one-step 

associative 
retrieval

Hopfield 
Model

Transformer
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Attention Is All You Need

↔

Hopfield Networks Is All You Need
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Other conclusions, for 
what they’re worth.
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For Koyré, when he 
speaks of physics, he 
refers specifically to the 
modern introduction of 
mathematics into nature, 
transforming the natural 
world into a measurable 
and geometric entity.

The Galilean approach 
relies on precise 
measurement to 
distinguish between 
competing theoretical 
models.

Must be 2, not 2.0000000000 … 0000001
From the 
Approximate World 
to the World of 
Precision
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Chat Gpt
From the 
World of Precision to 
the Approximate 
World

?
Alexandre Koyré
From the 
Approximate World to 
the World of 
Precision
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At the global AI summit in 
Bletchley Park, representatives 
from 28 countries, debated 
alleged existential risks posed 
by advanced artificial 
intelligence. 

Vision of AGI (OpenAI)
Artificial General Intelligence is portrayed as a technology 
capable of elevating humanity — expanding economic 
abundance, accelerating scientific discovery, and providing 
universal cognitive tools that amplify human creativity and 
intelligence
Critical Perspective
When examined through a rigorous scientific lens, the 
catastrophic scenarios invoked in discussions of AGI 
remain closer to science fiction literature than to empirically 
grounded research
Closing Statement
The real danger does not lie in imaginary superintelligent 
machines, but in the political and economic ideologies 
underpinning these a-scientific approaches, and in their 
influence over the allocation of public research funding

The Power of AI Hype: Speculative Risks, Real Politics


