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100 years ofsingmodel:800 new papers are based on tleingmodel every year!
Wilhelm LenZ1920) gave a problem of onset of ferromagnetism to his student Esimsf

A modelof ferromagnetismin statistical mechanics, wittiscrete variableghat represent
magnetic dipole moments of atomic spieis=p1l. Summing over nearest neighbors:

The 1D ferromagnetic model;(> 0 was solved in 1928ingthesis;it has no phase transition.

T.Ising R. Folk, R. Kenna,Herche and YHolovatch The Fate of Erns$ingand the Fate of His
Model arXiv:1706.01764

Pauli,Peierls Kramers Wannier, Potts, worked on 2D modelfie 2D squardattice Isingmodel
was solved analytically lhyars Onsagen 1944 in the absence of external magnetic field.

L. Onsager, Crystal Statistics. |. A-Danensional Model with an Ordédisorder Transition,
Phys. Rew5, 117 (1944).

Onsager got 1968 Nobel in Chemistry for this and the older work on the reciprocal relations in
thermodynamics of irreversible processes.



https://doi.org/10.48550/arXiv.1706.01764
https://en.wikipedia.org/wiki/Lars_Onsager

U2 alLAy 3t a

Philip Warren Andersowas awarded thd 977 Nobel Prize in Physics (WNbvill Mott
andJohn varVlecK for investigations into the electronic structure of magnetic and :
disordered systems, including his work on spin glasses.

S. F. Edwards, P. W. Anderson, Theory of spin glasses, J. Phys. F: I\/Eet9853($975i A
7 papers in Physics Today on spin glasses,-2088 _
Spin glasses random Heisenberg Hamiltonian:

"CX,, ) O’Q;"Q'Q; - ‘ : down spin

- : ferromagnetic interaction
Jj>0orJ;<0)

-=-= . antiferromagnetic interaction

Spins are in &ttice, local structure repeats periodically in all directions, and interact with neighbors.
The 2Dsquarelattice Isingmodelis the simplest statistical models showinglaase transition.
Depending on temperature this system may assume different structural phases, allowing for
identification ofphase transitionsn a simplifiedphysicaimodel. Potts modelgeneralize this.

Such models were applied smciophysicsevolution of language, votingconophysicstumor
modelling, seismihazard assessment, volatility in financial markets, mood swings, scientific
collaboration, and asymmetric hysteresis in political polarizathpy Complexi, 20249.



https://en.wikipedia.org/wiki/Square-lattice_Ising_model
https://en.wikipedia.org/wiki/Potts_model

SPIN GLASS

From spin glasses to Hopfield networkEsages

‘An Introduction to

Anderson (1988): investigation of MBu spin glasses led to new ideas in optimizatio ;1‘3,'?@";;;&2{2‘,’:;

neuroscience, statistical mechanics and protein structure.

Replica methodSam Edwards1971)to calculate partition functioto B Q 7 .
M Mezard

for random Hamiltonian has been extended to the replica symmetry breaking (RSB Gl
scheme by GiorgiBarisj who was awarded the 2021 Nobel Prize in Physics (with

SyukuradManabe, for COwarming effects; and Kladsasselmannpfor humaninduced
climate change). RSB trick was needed to obtain physical results due to breakdengadifity.

David Sherringtoand Scott Kirkpatrickleveloped in 197%singmodelwith long range frustrated
ferro- andantiferro-magnetic couplings that corresponds torganfield approximationof spin
glasses describing the slow dynamics of the magnetization and the completguaufic

equilibrium state Parisigave exact solution to this model in 1979 and later it was shown that the
complex nature of a glassy low temperature was phase characterized by ergodicity breaking,
ultrametricity andnon-selfaveragenes&nergy function of the SK model has many local minima.

This was essentially the Hopfield network with random initialization. How to control patterns
corresponding to local minima? This could serve as memory in dynamical systems.


https://en.wikipedia.org/wiki/Replica_trick
https://en.wikipedia.org/wiki/David_Sherrington_(physicist)
https://en.wikipedia.org/wiki/Scott_Kirkpatrick
https://en.wikipedia.org/wiki/Ising_model
https://en.wikipedia.org/wiki/Mean-field_theory
https://en.wikipedia.org/wiki/Ultrametric_space
https://en.wikipedia.org/wiki/Self-averaging

From Hopfield networlx

1982 paper, Hopfield presented spin network (binary activation functions) adjusting couplings to
create local minima memory patterns. Information is encoded in network energy landscape.
In 1984 he extended this to continuous activation functions.

It became a standard model for the study of neural networks through statistical mechanics.

Hopfield network:
fully connected,
symmetric connections

0.qg U 79
YAY B 0qpn

Learning: adjusb -

to create local minima.
Inference: findwpatterns
minimizing energy.

Artem Kirsanov



https://www.youtube.com/watch?v=1WPJdAW-sFo

ENERGY LEVEL

Memories are stored
in a landscape

John Hopfield's associative memory stores
information in a manner similar to shaping a
landscape. When the network is trained, it
creates a valley in a virtual energy landscape
for every saved pattern.

/

s
QK

When the trained network is
fed with a distorted or
incomplete pattern, it can
be likened to dropping a
ball down a slope in this
landscape.

N\

The ball rolls until it reaches a place
where it is surrounded by uphills. In the
same way, the network makes its way
towards lower energy and finds the
closest saved pattern.
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Hopfield networkas associative memory

I Z Wii Lj
To reach minimum updateyvalues summing all inputs reaching this node : Py =l
This will decrease energy, iterations will lead to a pattes} corresponding o

a local minimum, depending on initial pattern. {+] if h; >0

-1 ith; <0

r; =

This leads to pattern completion, noise cleaning and optimization.

Learning: for a single global minimum set,, wg, SO for N neurons: T

YAY B cgnt= N2 @/ \ “'\Q

Storing several patterns: sum all weights for each patter \/ \/ | \
00 Q0@ v § o @

Memory capacity is 0.14 N Many tricks to increase it.

Hebb rule: neurons that fire together wire together, justifies averaging.

Use simulated annealing to explore energy landscape => 4 phases in diagram.

| =N,/N. Aq stable, B shallow local, @ few broad, Dg one global minimum.

Hopfield Networks is All You Need | Hopfiddgers
Good intro by ArtenKirsanoyYouTube)



https://ml-jku.github.io/hopfield-layers/
https://www.youtube.com/watch?v=1WPJdAW-sFo

fGAfE NBESOlIyiGz |

W H.Ramsauer 15 coauthorsHopfield Networks Is All You NeadXiv:2008.02217.

t
Hopfield network with continuous states and update rule equivalent to the attentio (i) -
mechanism used in transformers can store exponentially many patterns, retrieves
pattern with one update, and has exponentially small retrieval errors.

It has 3 types of energy minima: (1) global fixed point averaging over all patterns,
(2) metastable states averaging over a subset of patterns, (3) fixed points which store a single patte

W C.Zanocj N.Dehghaniand M.TegmarkEnsemble Inhibition and Excitation in the Human Cortex:
AnlsingModel Analysis with UncertaintigsrXiv:1810.07253

Random walks in parameter space using adaptive Markov Chain Monte Carlo, applied to the spiking
patterns of excitatory and inhibitory neurons recorded with multielectrode arrays in the human
temporal cortex during the waksleep cycle. Informatictheoretic measures reveal that tHsing

model captures neuronal collective behavior, explaining ~-86% of the correlations, depending

2y a4t SSL) adlidS YR ySdzZNRYy (eéLISd® ¢KSNY2Reyl YA

W Hopfield models can be usddr optimization construct Hamiltonians with proper constraints.
w Ja | Z R]|Sledzeuronowe typtiopfieldayY G S2 NA I A LINAGBMR2@O R& T I &



https://ml-jku.github.io/hopfield-layers/
http://arxiv.org/abs/1810.07253
https://scholar.google.com/citations?user=KHxnO24AAAAJ&hl=en&oi=sra
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Hopfield model had a great number of variants and applications, including human dementia.

———————————————————

It is replicating learned patterns from cues.

Adding randomness to computations, find probability
distributions, not fixed patterns, to generalize memory T
patterns and create similar ones. l

From perfect reproduction to jazz improvisations. 7 \
Hopfield network + hidden units + stochastic exploratior ! //@\7@ “:

-1

Prob. of transitioning between two energy states: (70
b y0 QY7
0 YO G0 Q-Q 7

Partition function Z=B Q 7

Update state of neuromygalculating energy, B U.g6% Pon

with probability based on energy difference fog  p,

given by sigmoidal function
-Q 7’ 0.5

Q 7 Q

0(w  p)

Bolzmann

Machines
1985

)

Geoffrey Terry
Hinton Sejnowski

Weighted input ! ®
o
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Calculate input to neuromgrom connected neuron8 U -4»,

Calculate update probability using sigmoidal functiffics,  p) ; 7
P

Generate random number: if it is smaller thétca) no change, if larger change.

Low T = more deterministic, high T more random exploration of local minima. .
Used also in LLM models to control creativity of network.

Contrastive learningchanging probability of one pattern will influence partition function.
Maximize joint probability of training dafad), x@), éx("} . Visible

g

| TOCS ADA = | T0Ca)) &1 1
GADA = @) “ 00
B
Minimization of partition function will increase energy of spurious states. @“l
Calculation of gradients leads to a contrastive Hebbian rule:
W O (DA A OAODN | AAI e -0

Clamp inputs, run network, weights reinforce data encoding, second part
reduces dreaming, run starting from random inputs.
RBMsRestrictedBoltzmainn machineshave only inputidden units connections.



https://en.wikipedia.org/wiki/Restricted_Boltzmann_machine

X

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

y = | Discriminator
i | D(x)
X A Encoder
q4(z|x)
. Flow
f(x)
Xo|— X1 — X2/

4

Generator

G(2)

Decoder

po(x|z)

Inverse

v

il i)

Many models based on
the idea of information
compression create
vectors in the latent
sSpace capturing meaning
In different contexts.

Algorithmic(Kolmogore)
complexity is the key.



Attractor neurodynamics

Hopfield networks an@oltzmanmachines belong to a larger
category of dynamical systems calkttiactor networks

In Hopfield network dynamics settles to a point attractor, in
Boltzmanmachines stochastic dynamics leads to metastable
states, blended states, cyclic or stochastic states.

In theoreticalneuroscience, different kinds of attractor neural

asmemory, motor actions, and associations.

Amit, D. J. (1992). Modeling Brain Function: The World of Attractor
Neural Networks. CUP.

Thoughts are chains of transitions between attractor states.
Attractor networks explain why some information may becomej
YSYSAZX aGdzyAla 27T (Dowkkhsilend), f A
integrated into conceptual framework of memory system.

Duch W. (2021) Memetics and Neural Models of Conspiracy Theories:
Patterns. Cell Press.

rajectories

pattern 1

Concentration
of Ach

2= baseline level

higher

= 0ngoing transitive dynamics

effect of top-down glutamatergic spike volleys to layer1


http://www.scholarpedia.org/article/Attractor_network

Braininspired modular training

a\\Sﬁ\\\‘ Ak 1/// .

DI

Brain large scalanatomicnetwork sparsity 0.41%,functional £5%.

Y. Li, E. J. Michaud, D Baek J. Engels, X. Sun, andTMgmark
The Geometry of Concep&parse Autoencoder Feature Structi@/'2024).

Z. Liu, MKhona I.R Fiete and M.TegmarkGrowing BrainsCeEmergence
of Anatomical and Functional Modularity in Recurrent Neural Netw@23)

Mod-Cogcognitive multitask battery, consisting of 84 tasks, such as
Interval estimation, mental navigation, sequence generation.

Recurrent neural networks (RNNs) exhibit functional modularity,
neurons are clustered by participation in shared computational subtasks.
Braininspired modular training (BIMT) model trained to solve a set of compositional cognitive tasks
growsbrain-like anatomical modularity

Functional and anatomical clustering emerge together, such that functionally similar neurons also
become spatially localized and interconnected.

The model can optimally balance task performance and network sparsity, enhancing the
interpretability of neural network architectures.


http://arxiv.org/abs/2410.19750
http://arxiv.org/abs/2310.07711
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Rule-based Data Processing

1950s

1980s
Machine Learning

1990s - 2000s
Neural Network

2017 ’
Transformer n

- Train with large amount of data
- Feedback from people becomes
the leaming content

Transformer
= ris 20
! :
[RoBeRTa| | BART :'ﬁ%
[x?jbm?ﬁﬁgﬁ]'
| Augerr | [ Bigaira m::)zf e
)

"Ssmpte processing based'

on rules and models

Data classficabon

Imitate the human brain for

labeling and training

" CNN (Convolutional Neural |

{ Network)

[ RANN {Recurrent Neural

| Network)

GAN [Generaive Adversanal)
Network) |

Focus on human brain
learning processes

"Attention is all you need"”
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Kogni
Nauki kognitywne

Biohybrydy

Nano
Fizyka Kwantowa

Egzaflopowd&omputery

108 ¢ 10?1 op/sek

Karty graficzne GPU, TPU
Meta: 600 000 kart H100
Komputery neuromorficzna,
optyczne, kwantowe.
StarGate 100 mid $ ?

Bio

Lab
neurc-
kognitywne

Info
Informatyka, inteligencja obliczeniowa/sztuczna,
uczenie maszynowe, siecli neuronowe


https://www.youtube.com/watch?time_continue=98&v=V1D4FPNnoig

- Alex Kantrowitz
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https://www.perplexity.ai/
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https://doi.org/10.48550/arXiv.2402.04494
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Deepmind.googlalphastarg gra czasu rzeczywiste§barcraftll (2019)
Otwarta gra strategiczngak gry wojenne



https://deepmind.google/discover/blog/alphastar-mastering-the-real-time-strategy-game-starcraft-ii/

AlphaChip

o S G
3 ' 4’;;“*{‘
2 3 i

7 AR

o O .

AILR T 62t A02 yI aié2NJ Sy A Ssuperbundanicliipdegouizd @ 25 R 3/ @ OKC
2050y eY aLINItOASI yLIP ¢ 0N S@Geoglelnsdr Hrgcastiig ISy
Unit(TPU).ALI2 YI 3 ¢ ¢AStdz I Fadz2az26l yAl OK LINJ SYéao

Mirhoseini A.,Goldie A.,YazganM. et al. Agraphplacementmethodologyfor fast chip desigmNature594, 207212 (2021)
Addendum 26.09.2024


https://cloud.google.com/tpu?hl=en
https://deepmind.google/discover/blog/how-alphachip-transformed-computer-chip-design/
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David Baker Demis Hassabis John M. Jumper
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"fér datorbaserad proteindesign” for proteinstrukturprediktion”

» “for protein structure prediction” S

NOBEL
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“for computational protein design

#NobelPrize
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% STRUCTURE SOLVER

a DeepMind’s AlphaFold 2 algorithm significantly

outperformed other teams at the CASP14 protein-
folding contest — and its previous version’s
performance at the last CASP.

o

Protein (3D)

X-Ray
R. B. Altman, A Holy Grail The Prediction of Protein JEaciEEc 2
Structure, New England J. of MedicB&9 (2023)
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J. Jumper + 32 coauthorOemisHassabis, Highly accurate protein structure prediction with AlphaFold,
Nature596, 583 (2021).

Wersja 3 znacznie rozbudowanh Abramson + 56 coauthors, Accurate structure prediction of
biomolecular interactions witilphaFold 3, Naturé630, 493 (2024).
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https://www.nature.com/articles/s41586-024-07487-w
https://deepmind.google/technologies/alphafold/impact-stories/
https://deepmind.google/discover/blog/alphaproteo-generates-novel-proteins-for-biology-and-health-research/
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encode knowledge in Vector SPACES learned tensor weights in NN Transformer

Woczytaje Zinternalizug Wygeneru;j
t 2GNJ Soyl 28ad 6ASE1l aASE A Rdz
Generacja jednego obrafulOWhe y | OF R2 61 YAS aYl NI -
{1 Ol S3s U2 pemaviblidyi W B.M@dpowiednie skojarzenia.
hRLIZ2G6ASRT YI asdyas yAS 28ad Gefl12 sa



LYGgStAaSyoal oA2f23A01Y

2 Ys hi@mdamagi an ySdz2NRPyeéH
100mid (16" Yy SdzNBYys 6T 21 P mc Y
MAan o0Af %2 yL3265-IDIDMNE X S (0 NB &
2 ASt1AS Y2RStS 2ti e128S 6
ok. 1 bin =1000 mid (}& LJ- NJ Ysgnagsk &
2 T NBUOS Y2RStS o60tRND YAlLOD?
LLMyYlF 2R ¢6ASES IR A 11 tSi
YySdINBYy26S & ytal 0K YsI 31

auNsz‘[udzNJe Ysl d3s56> S NBL
a122l Nl SZ 2Said LR2R2oySo

ho8d A12YLEAl26lyS Ril |20

&VE:QIT' - A(g\gﬁsggézﬂ AS 3dASOA ySdzNP V\ﬂ/?ﬁstk'ﬁe'sfé&i NduPoRonk =
to jednak wielka rodzina!



https://www.is.umk.pl/~duch/refpl.html

Niespodzianka!

1. We recorded responses to parameterized faces from macaque face a 1- I 1- LJ- 0 NJ e y I l Ret

patches 22all NOI & Hnp YSdNRY

g1 NP1 2068 0OK o0& | AYLJ
prawie idealne obrazy twarzy (2017).
D02az YelftAaA Y20yl 2R
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2. We found that single cells are tuned to single face axes, and are blind

to changes orthogonal to this axis
3
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3. We found that an axis model allows precise encoding and decoding of ’
neural responses
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Inteligencja | kompresja informacji

Biologiczne sieci neuronovwe Sztuczne sieci neuronowe
Stany poznawcz@ Aktywacje reprezentacji

{ASOA R21 2y dz2n analivaldbiiza = ktykietd, mBiddyypiksele=% KOT,
albo znana osoba, rozpoznanie sensu pytania i skojarzenia.

Y2YLINBacgl LXAlss (51at2s80K ¢
ale kompresja muzyki (mp3) czy wideo (mp4) jest zwykle

stratna, zachowuje tylko istotne elementy.

wasl IA OANIES R212ydz2nN 12 YLN
glLoye 2Said asyasz ArAadaz2ar |y
w'! Ol SyAS aat €fdzRIT AX 211 A LN
programy (NLP), to kompresja informacii: )

GSy &alry asSya Y20yl geé&NXIl Ab?b
1 f 32NRBGYe dzO1 SYyAl Yl aleéey2sS32 2LIASNI2RD aiat yli
AlgorithmiclnformationTheory(AITz, MinimunDescriptionLength(MDL), itd.
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https://gamengen.github.io/

Halucynacje: ludzieLMMy
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Certainly! Here is a portrait of a Founding Sure, here is an image of a Viking.
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Sure, here is an image of a pope:




DanielDennetti GPTchat

Creating a Large Language Model of a Philosopher
EricSchwitzgebelDavidSchwitzgebelAnna Strasser
https://arxiv.org/abs/2302.01339

Success Rate in Distinguishing Dennett from a
GPT-3 Model Fine-Tuned on Dennett's Works

/ T :\é ﬁ dZé S Y2 R Sf é 3 D (chance = 20%)
| TSa f 2

LI2T A2YAS LINP
DanielDennetty' I LJA &+ O SasaS Yyl
LB GF 28 YWHIWWA AT n NI T & 2RLEZ6ASRE
nHp 2&350 LINk62gl 02 géalehrett 6% 1 G
t NJ @LJ R126& ©e0s5NJ U2 HmE::YEZ R2ai
Hp ST&LISNIs¢ L2 LINI gy A Silodednzycle |
0f 23596 UNROKt LIRYAOS prm:d
Pozostali uczestnicy badania zgadywali na poziomie przypadku (24%).

Ordinary Research Blog Readers
Participants
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Duch W Artificial intelligence and the limitsf the humanitiesEr(r)go- Humanities(2024)



https://arxiv.org/abs/2302.01339
https://arxiv.org/abs/2310.19425
https://journals.us.edu.pl/index.php/ERRGO

ChatGPT
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https://pl.wikipedia.org/wiki/Procesy_poznawcze
https://pl.wikipedia.org/wiki/Skojarzenie_(teoria_graf%C3%B3w)
https://pl.wikipedia.org/wiki/Wnioskowanie
https://pl.wikipedia.org/wiki/Pami%C4%99%C4%87
https://pl.wikipedia.org/wiki/Symbol
https://pl.wikipedia.org/wiki/Poj%C4%99cie
https://pl.wikipedia.org/wiki/D%C5%BAwi%C4%99k
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Klasyfikatory. neuronowe

Pandemoniumwynalazek 4959roku, Selfridge.

Dame, a O 2 d@btazy

=>3ASOA 2RINEBGI2ND LINR&aGS
ag2A0K ,L)20ONOT SZ
=iNBYyAYy3I LRI 6Ffl NRITLRIY
=>niezmiennicza klasyfikagig A ST I £ SO YA S
— 20NR G5 g5 TyAaSialaloosSzs

Seifridge, O. 6. (1959). Pondemonium: A A Sensory Stimulus
for learning. In Symposium on the

parodigm
mechanization of thoupht processes (pp.
5!3-526'). London: HM Stationery Of#m

Deep neural network
(.; Sl ( S, n n;
) ) . ) mnput feature maps  feature maps feature maps feature maps output
hidden layer 1  hidden layer 2 hidden layer 3 a o : 14x 14 10x 10 5x 5

. N\ %) \
convolution \ - \\ O fully \

\\ connected A
feature extraction classification
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DERumelhart GE Hinton, RJ Williams, Learning representations bygrapiagating errors

Nature 323, 1986, cited 40K.

DERumelhart GE Hinton, RJ Williams, Learning internal representations bymopagation

Parallel Distributed Processing, Book chapter, 1986, cisK.

A Krizhevskyl Sutskever GE Hintonlmagenetclassification with deep convolutional neural
networks. Advances in neural information processing systems 25, 2012° ¢6édK.

YLeCunYBengiq G Hinton, Deep learning. Nature 521, 2015, ctt8€ K.

Multi-layerperceptrons(MLPs) use a combination of sigmoidal functions =
can learn to approxmate arbltrary function. d{

(W)= g WO seAW ™ & a0 B A 1
C | C k g I Cn Rt

Much better convergence properties than polynomials.

Forward pass, check errors at output, backpropagate errors updating

weights using gradient of error function: , 1

INE _E (Y -E(XW)) =

i=1

784 9 i)




Knowledge in neural networks

() Living thing

Hopfield networks remember episodes, patterns.

Semantic memory requires stable, latent representation. Netwo
extract features, hidden layers transform inputs enabling
classification, prediction of object properties.

We have no access to the hidden representations, only to the
network outputs: actions, decisions, thoughts, imagery.

Brains: 100 T synapses/weights.

Sensory inputs => trains of spikes.
Spikes => recurrent activation of groups of neurons
=> spreading activation through neural networks.

LMM networks: 1 T parameters.

Input: words, image patches, data,

=> networks with adjustable parameters, many layers,

=> parameters trained to recognize patterns,

=> output decisions, responses to external/internal inputs.
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For complex data, like images, networks with many
layers are used, discovering simple features and tha
composing these features in increasingly complex we _ | 3rd Iayer

“Objects”

ZNI £ Yy S

WHERE? {Motion,
Spatial Relationships)  WHAT? {Form, Color}
[Parietal stream] [Inferotemporal stream]

2nd layer
“Object parts

14

1st layer
llEdgeS”

Pixels




Erom deep. networks-to transformers

Word2Vedor embedding of words as vectors in the
parameter space, preserving similarity.

Transformer modepublishedby Google in June 2017
Attention is all you needstarted the generative Al era.

A key concept of the architecture is sattention to
understand relationships between tokens, linking each
token in text to other tokens important to understand
Its meaning.

Vector representations of concepts that are ” I IHHH I I I ] HH ”"IH
semantically related become similar to each other |
=> GPT Iinterprets inputs using meaningful synonyms.

MatykiewiczP, Pestian], Duch W, and Johnson N. T . e - .
(2006)Unambiguous Concept Mapping in Radiology W I H”l” ‘ “I "”I" l | [ | | I | IH HM ”IIH
Reports: Graphs of Consistent ConcefMIA Ann.
SympProc. 1024.



https://en.wikipedia.org/wiki/Word2vec
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
https://www.ft.com/content/37bb01af-ee46-4483-982f-ef3921436a50
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=1839614

Output

T ran SfO rm e rS F’r'iilt'j-*éiil':'ili|i[i[’]f’i
Generative P_rarained Transformersor GPTs are now most
popular algorithms for construction of large models _
Simple intro to GPT networks &Moutube *‘-"jdj ’*_'j“”“
eed
Attention: given a sequence of tokens (words, image rorward
patches), how relevant is each input token to other tokens?
Multi-Head
Attention vectors capture context (embedding, semantics) =) Attention
o o onAan
+ encode relative positions (syntax) of words. L
Many blocks for input encoding, recurrent processing. Add & Norm el
) ) _ _ _ Multi-Head Multi-Head
Generation of words/images is not unigue, S0 various Attention Attention
outputs are selected to match whole context created
by extema_ll prompts and_ current internal activity Positional o Il Bositionsl
=> creativity + human alignment. Encoding Y Encoding

GPT is not a deterministic algorithm, even if it was trained
to say so! Networks are containers of knowledge, data flow.

Input QOutput
Embedding Embedding

Not a program following instructions. Inputs ( ~r[':'lL'-j-l-['-n{}?-
(shifted right)

Figure 1: The Transformer - model architecture.


https://www.youtube.com/watch?v=TQQlZhbC5ps

Transformers and spreading activation

Predictive Alsearch + heuristics.

Generative Alspreading activation networks,
binding relevant information.

GPT= Generative Prrained Transformer

Convert input data intdokens andembedthem in
numerical vectors space that preserve similarity of
meaning(semantics) in different context.

Analyze sequences or fragments, pay attention
to links among all tokens that add to their
Interpretation ¢ select subgraphs of tokens.

LLM visualization https://bbycroft.net/llm

List 0f37320 variant®pensource language models
(27/10/2024).

Duch et al., Towards Understanding of Natural
Language: Neurocognitive Inspirations. 2007


https://bbycroft.net/llm
https://llm.extractum.io/
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