
Nobilitacja sieci neuronowych. 
Czy to droga do sztucznej 

ǏǿƛŀŘƻƳƻǏŎƛΚ

²ƱƻŘȊƛǎƱŀǿ 5ǳŎƘ
Katedra Informatyki Stosowanej, INT WFAiISUMK

Laboratorium Neurokognitywne, ICNT UMK 

Google: ²ƱƻŘȊƛǎƱŀǿ Duch

Copernicus ChannelΣ YǊŀƪƽǿ тΦммΦнлнп



Inteligencja biologiczna i elektroniczna

1. Nagrody Nobla 2024

2. LƴǘŜƭƛƎŜƴŎƧŀ ƛ ƳƽȊƎƛ

3. ¢ǎǳƴŀƳƛ !L Χ 

4. !ƎŜƴŎƛ ƛ ǏǿƛŀŘƻƳƻǏŏΦ 

5. 5ƻƪŊŘ ȊƳƛŜǊȊŀƳȅΚ 

bƛƎŘȅ ǿŎȊŜǏƴƛŜƧ ƴƛŜ ōȅƭƛǏƳȅ ǏǿƛŀŘƪŀƳƛ ǘŜŎƘƴƻƭƻƎƛƛ 
ƻ ǘŀƪ ǘǊŀƴǎŦƻǊƳŀŎȅƧƴȅƳ ǇƻǘŜƴŎƧŀƭŜΣ ƻōƛŜŎǳƧŊŎȅŎƘ 
ǇǊȊŜƪǎȊǘŀƱŎƛŏ ƴŀǎȊ Ǐǿƛŀǘ ǿ ǎǇƻǎƽōΣ ƪǘƽǊȅ ȊŀǊƽǿƴƻ ōǳŘȊƛ 
ǇƻŘȊƛǿΣ Ƨŀƪ ƛ ƻƴƛŜǏƳƛŜƭŀ όaǳǎǘŀŦŀ {ǳƭŜƧƳŀƴύΦ



Droga do nobilitacji

1. Korzenie: model Isinga, ǎȊƪƱŀ ǎǇƛƴƻǿŜ, ǇŀƳƛťŏ skojarzniowa
Hopfielda.

2. Kreatywne maszyny Boltzmanŀ ƛ ƎƱťōƻƪƛŜ ǎƛŜŎƛ ƴŜǳǊƻƴƻǿŜΦ 

3. GPT, Generative Pretrained Transformers. 

4. !ƭǇƘŀCƻƭŘ ƛ ǎǘǊǳƪǘǳǊȅ ōƛŀƱŜƪ.

ChatGPT<< AI. Ponad 100 ǇǳōƭƛƪŀŎƧƛκŘȊƛŜƵ ǿ arxiv.cs.ai!
²ƛŘȊƛƳȅ ƴŀ ǊŀȊƛŜ ǿƛŜǊȊŎƘƻƱŜƪ ƎƽǊȅ ƭƻŘƻǿŜƧΣ ƴŀŘŎƘƻŘȊƛ ǘǎǳƴŀƳƛΧ

bƻǿƻǏŎƛ AIκaƽȊƎƛna moimFlipboard. 

5ƻƪƱŀŘƴƛŜƧǎȊŜ ƻƳƽǿƛŜƴƛŜΥ ǎŜƳƛƴŀǊƛǳƳ tƻƭǎƪƛŜƎƻ ¢ƻǿŀǊȊȅǎǘǿŀ CƛȊȅŎȊƴŜƎƻΣ 
¦ƴƛǿŜǊǎȅǘŜǘ WŀƎƛŜƭƭƻƵǎƪƛΣ тΦммΦнлнпΣ ƎΦ мсΥмрΦ 

https://flipboard.com/@Wlodzislaw


Sieci HopfieldaŘƻ ǇŀƳƛťŎƛ ǎƪƻƧŀǊȊŜƴƛƻǿŜƧ ƛ ȊŀƎŀŘƴƛŜƵ ƻǇǘȅƳŀƭƛȊŀŎȅƧƴȅŎƘ. 
Prace Hintona na temat propagacji wstecznje(1986) ƛ ƎƱťōƻƪƛŜƎƻ ǳŎȊŜƴƛŀ (2015). 



From IsingƳƻŘŜƭ Χ 

100 years of Isingmodel: 800 new papers are based on the Isingmodel every year! 

Wilhelm Lenz(1920) gave a problem of onset of ferromagnetism to his student Ernst Ising. 

Amodelof ferromagnetismin statistical mechanics, withdiscrete variablesthat represent
magnetic dipole moments of atomic spinssi = ҕ1. Summing over nearest neighbors:  

Ὄ„ ὐВ„Ὥ„

The 1D ferromagnetic model (Jij > 0) was solved in 1924 Isingthesis;it has no phase transition. 

T. Ising, R. Folk, R. Kenna, B. Berche, and Y. Holovatch, The Fate of Ernst Isingand the Fate of His 
Model, arXiv:1706.01764.

Pauli, Peierls, Kramers, Wannier, Potts, worked on 2D models. The 2D square-lattice Isingmodel 
was solved analytically byLars Onsagerin 1944 in the absence of external magnetic field.

L. Onsager, Crystal Statistics. I. A Two-Dimensional Model with an Order-Disorder Transition, 
Phys. Rev. 65, 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


ǘƻ ǎǇƛƴ ƎƭŀǎǎŜǎ Χ 

Philip Warren Andersonwas awarded the1977 Nobel Prize in Physics (with NevillMott 
andJohn van Vleck) 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: Met. Phys. 5, 965 (1975)

7 papers in Physics Today on spin glasses, 1988-90.

Spin glasses random Heisenberg Hamiltonian:

Spins are in alattice, local structure repeats periodically in all directions, and interact with neighbors. 
The 2D square-lattice Isingmodelis the simplest statistical models showing aphase transition. 
Depending on temperature this system may assume different structural phases, allowing for 
identification ofphase transitionsin a simplified physicalmodel. Potts modelsgeneralize this.

Such models were applied to sociophysics, evolution of language, voting, econophysics, tumor 
modelling, seismic-hazard assessment, volatility in financial markets, mood swings, scientific 
collaboration, and asymmetric hysteresis in political polarization (NpjComplex 1, 2024). 

Ὄ„ ὐὭὮ„Ὥ„Ὦ

Jij > 0 or Jij < 0)

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


From spin glasses to Hopfield network

Anderson (1988): investigation of Mn-Cu spin glasses led to new ideas in optimization, 
neuroscience, statistical mechanics and protein structure.  

Replica method(SamEdwards, 1971)to calculate partition function ὤ ВὩ Ⱦ

for random Hamiltonian has been extended to the replica symmetry breaking (RSB) 
scheme by Giorgio Parisi, who was awarded the 2021 Nobel Prize in Physics (with 
SyukuroManabe, for CO2 warming effects; and Klaus Hasselmann, for human-induced 
climate change). RSB trick was needed to obtain physical results due to breakdown ofergodicity.

David SherringtonandScott Kirkpatrickdeveloped in 1975Isingmodelwith long range frustrated 
ferro- and antiferro-magnetic couplings that corresponds to amean-field approximationof spin 
glasses describing the slow dynamics of the magnetization and the complex non-ergodic 
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, 
ultrametricityand non-selfaverageness. Energy 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 networkΧ 

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

ύὭὮ ύὮὭ

ƳƛƴὉ В ύὭὮὼὭὼὮ

Learning: adjust ύὭὮ
to create local minima. 
Inference: find ὼὭpatterns
minimizing energy. 

Artem Kirsanov

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




Hopfield networkas associative memory

To reach minimum update ὼὭvalues summing all inputs reaching this node.
This will decrease energy, iterations will lead to a pattern ὼὭ} corresponding to 
a local minimum, depending on initial pattern.

This leads to pattern completion, noise cleaning and optimization.  

Learning: for a single global minimum set  ύὭὮ ὼὭὼὮ, so for N neurons: 

ƳƛƴὉ В ὼὭὼὮ
ς= N2

Storing several patterns: sum all weights for each patter 
ύὭὮὯ ὼὭὯὼὮὯ

Memory capacity is 0.14 N2     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. 
‌=Np/N. A ςstable, B ςshallow local, C ςfew broad, D ςone global minimum.  

Hopfield Networks is All You Need | Hopfield-layers

Good intro by Artem Kirsanov(YouTube)

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


{ǘƛƭƭ ǊŜƭŜǾŀƴǘΣ ŀŦǘŜǊ ŀƭƭ ǘƘŜǎŜ ȅŜŀǊǎ Χ

ωH. Ramsauer+ 15 coauthors, Hopfield Networks Is All You Need, arXiv:2008.02217.

Hopfield network with continuous states and update rule equivalent to the attention 
mechanism used in transformers can store exponentially many patterns, retrieves the 
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 pattern. 

ωC. Zanoci, N. Dehghani, and M. Tegmark, Ensemble Inhibition and Excitation in the Human Cortex: 
An IsingModel Analysis with Uncertainties, arXiv: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 wake-sleep cycle. Information-theoretic measures reveal that the Ising
model captures neuronal collective behavior, explaining ~ 80%-95% of the correlations, depending 
ƻƴ ǎƭŜŜǇ ǎǘŀǘŜ ŀƴŘ ƴŜǳǊƻƴ ǘȅǇŜΦ ¢ƘŜǊƳƻŘȅƴŀƳƛŎ ƳŜŀǎǳǊŜǎ ǎƘƻǿ ǎƛƎƴŀǘǳǊŜǎ ƻŦ ŎǊƛǘƛŎŀƭƛǘȅ Χ 

ωHopfield models can be used for optimization: construct Hamiltonians with proper constraints. 

ω J.aŀƵŘȊƛǳƪ, Sieci neuronowe typu HopfieldaΥ ǘŜƻǊƛŀ ƛ ǇǊȊȅƪƱŀŘȅ ȊŀǎǘƻǎƻǿŀƵ. AOW 2000. 

https://ml-jku.github.io/hopfield-layers/
http://arxiv.org/abs/1810.07253
https://scholar.google.com/citations?user=KHxnO24AAAAJ&hl=en&oi=sra


Χ ǘƻ .ƻƭǘȊƳŀƴƴ ƳŀŎƘƛƴŜǎ

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 
patterns and create similar ones. 

From perfect reproduction to jazz improvisations. 

Hopfield network + hidden units + stochastic exploration.

Prob. of transitioning between two energy states:

ὖЎὉ ὩЎȾ

ὖὛὸὥὸὩὉ Ὡ Ⱦ

Partition function Z=ВὩ Ⱦ

Update state of neuron ὼὭcalculating energyὉὭ В ύὭὮὼὭὼὮ
with probability based on energy difference for ὼὭ ρ, 
given by sigmoidal function 

ὖὼ ρ
Ὡ Ⱦ

Ὡ Ⱦ Ὡ Ⱦ

ρ

ρ Ὡ Ⱦ



Χ ŦǊƻƳ .ƻƭǘȊƳŀƴƴ ƳŀŎƘƛƴŜǎ Χ

Calculate input to neuron ὼὭfrom connected neurons В ύὭὮὼὮ
Calculate update probability using sigmoidal function 

Generate random number: if it is smaller than ὖὼὭ 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 learning: changing probability of one pattern will influence partition function. 

Maximize joint probability of training data { x(1), x(2),é x(n)}  

Minimization of partition function will increase energy of spurious states. 
Calculation of gradients leads to a contrastive Hebbian rule: 

Clamp inputs, run network, weights reinforce data encoding, second part 
reduces dreaming, run starting from random inputs. 
RBMs, Restricted Boltzmann machines, have only input-hidden units connections. 

ὖὼὭ ρ
ρ

ρ Ὡ Ⱦ

ÌÏÇὖ$ÁÔÁ
ρ

Ὕ
ȢȢ

ÌÏÇὖὼ ὲÌÏÇὤ

ῳύ ᶿ ὼὼÄÁÔÁὼὼÍÏÄÅÌ

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


Χ ǘƻ ƻǘƘŜǊ ƭŀǘŜƴǘ ǇǊƻōŀōƛƭƛǎǘƛŎ ƳƻŘŜƭǎ Χ

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

Algorithmic(Kolmogorov) 
complexity is the key. 



Attractor neurodynamics

Hopfield networks and Boltzmanmachines belong to a larger 
category of dynamical systems called attractor 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 
networks have been associated with different functions, such 
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 become 
ƳŜƳŜǎΣ άǳƴƛǘǎ ƻŦ ŎǳƭǘǳǊŀƭ ƛƴŦƻǊƳŀǘƛƻƴέ (Dawkins, 1976), 
integrated into conceptual framework of memory system.

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

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


Brain-inspired modular training

Brain large scale anatomicnetwork sparsity 0.1-1%,functional 1-5%. 

Y. Li, E. J. Michaud, D. D. Baek, J. Engels, X. Sun, and M. Tegmark, 
The Geometry of Concepts: Sparse Autoencoder Feature Structure (10/2024).

Z. Liu, M. Khona, I.R. Fiete, and M. Tegmark, Growing Brains: Co-Emergence 
of Anatomical and Functional Modularity in Recurrent Neural Networks (2023)

Mod-Cogcognitive multi-task 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. 
Brain-inspired modular training (BIMT) model trained to solve a set of compositional cognitive tasks 
grows brain-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


Alpha, Alpha!



wƻȊǿƽƧ ǘŜŎƘƴƻƭƻƎƛƛ !LΥ 

od GOFAI, 
modeli symbolicznych, 
ǊŜƎǳƱ ifςthen - else

do sieci neuronowych,
ŘǳȍȅŎƘ ƳƻŘŜƭƛ ƧťȊȅƪƻǿȅŎƘ ό[[aύ

ƛ ƎŜƴŜǊŀǘȅǿƴȅŎƘ ǿǎǘťǇƴƛŜ ǿȅǳŎȊƻƴȅŎƘ 
ǘǊŀƴǎŦƻǊƳŜǊƽǿ όDt¢ύ

do inspiracji i strategii poznawczych.

+ biliony 1012

ǇŀǊŀƳŜǘǊƽǿΗ

aƽȊƎ Ƴŀ 
ƻƪƻƱƻ млл ōƭƴΣ 
synaps w 
samej korze.  



Nano 
Fizyka Kwantowa 

Info
Informatyka, inteligencja obliczeniowa/sztuczna,

uczenie maszynowe, sieci neuronowe

Kogni
Nauki kognitywne

Bio

Lab 
neuro-

kognitywne

Biohybrydy

Egzaflopowekomputery 
1018ς1021 op/sek
Karty graficzne GPU, TPU
Meta: 600 000 kart H100
Komputery neuromorficzna,
optyczne, kwantowe.
StarGate- 100 mld $ ?

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


AI to nie tylko Chat

aƛƭƛŀǊŘȅ ǳȍȅǘƪƻǿƴƛƪƽǿΦ     м҈Ґнрл ƳƭƴΦ
Rozmawiamy, piszemy, tworzymy obrazy, wideo, 
ƳǳȊȅƪť Χ ǊƻȊǿƛŊȊǳƧŜƳȅ ǇǊƻōƭŜƳȅΦ  

Moi ulubieni filozofowie (character.ai)

Naukowe: 

Perplexity, Elicit, Consensus,  SciSpace, Iris.ai, 
Insightful, Open knowledge maps, Litmaps, 
Explainpaper, ScienceOpen, X-mol, SciMat,  
InfraNodus, ChatPDF, 
ǇƻƴŀŘ мллΩǎ ƛƴƴȅŎƘ ǿ TAPoR.  

https://www.perplexity.ai/
https://elicit.com/
https://consensus.app/
https://typeset.io/search?
https://iris.ai/
https://inciteful.xyz/
https://openknowledgemaps.org/index
https://www.litmaps.com/
https://www.explainpaper.com/dashboard
https://home.scienceopen.com/diy-with-scienceopens-fully-loaded-publishing-platform/
https://www.x-mol.net/
https://sci2s.ugr.es/scimat/
https://infranodus.com/
https://www.chatpdf.com/
https://tapor.ca/home


!DLΚ !L Ƨǳȍ ŘȊƛŀƱŀ ƭŜǇƛŜƧ ƴƛȍ ƭǳŘȊƛŜ  
Rozumowanie: 1997ςszachy, DeepBlue (GOFAI) wygrywa 
w szachy; 2016 ςAlphaGowygrywa w Go;2017 ςAlphaGoZero.

Strategia: 2017ςOpenAIwygrywa w Pokera, Dota 2; StarcraftLL Χ 

Percepcja: 2021ςAI rozpoznaje obrazy,ǘǿŀǊȊŜΣ ŎŜŎƘȅ ƻǎƻōƻǿƻǏŎƛΣ

ǇǊŜŦŜǊŜƴŎƧŜ ǎŜƪǎǳŀƭƴŜΣ ǇƻƭƛǘȅŎȊƴŜΣ ǊŜƭƛƎƛƧƴŜ ȊŜ ȊŘƧťŏ ƭŜǇƛŜƧ ƴƛȍ ƭǳŘȊƛŜΦ

YǊŜŀǘȅǿƴƻǏŏƛ ǿȅƻōǊŀȋƴƛŀ: Dall-E, SORA obrazy/wideo, projektowanie 
ǇǊȊŜƳȅǎƱƻǿŜΣ {¦bh ǘǿƻǊȊȅ ŘƻǿƻƭƴŊ ƳǳȊȅƪťΦ 

WťȊȅƪ: 2011ςIBM Watson, 2018ςWatson Debater, 2022 ςChatGPT.
нлнлΥ .9w¢ ƻŘǇƻǿƛŀŘŀ ƴŀ млл ллл ǇȅǘŀƵ SQuAD.

Robotyka: 2020 parcourBoston Dynamics, Tesla, roboty RT-X.

Nauka: 2020-!ƭǇƘŀCƻƭŘ н ȊǿƛƧŀ нму Ƴƭƴ ōƛŀƱŜƪΦ 
Coscientistlab (CMU), 2023-GNoME (DeepMindύ нΦн Ƴƭƴ ƳŀǘŜǊƛŀƱƽǿΦ  

Cyborgizacja:ƻǇǘȅƳŀƭƛȊŀŎƧŀ ƳƽȊƎƽǿΚ

https://aiartists.org/ai-generated-art-tools
https://robotics-transformer-x.github.io/


AlphaGo½ŜǊƻ ǳŎȊȅ ǎƛť Dƻ ƻŘ ȊŜǊŀΗ

Nadludzki poziom w Go: ELO 5185  w 2017 vs 3877 (Jinseo)Φ tǊƻƎǊŀƳ ƎǊŀ ǇǊȊŜŎƛǿƪƻ ǿƱŀǎƴŜƧ ƪƻǇƛƛΦ 
Ludzka wiedza tylko przeszkadza! LƴǘǳƛŎƧŀ ǿȅƴƛƪŀ Ȋ ŘƻǏǿƛŀŘŎȊŜƴƛŀΣ 
!L Ƴŀ Ǝƻ Řǳȍƻ ǿƛťŎŜƧΦ ½ŀǎƪŀƪǳƧŊŎŜΥ ƴƛŜ ǘǊȊŜōŀ ƻōƭƛŎȊŜƵΣ ǿȅǎǘŀǊŎȊŊ ǎƪƻƧŀǊȊŜƴƛŀΗ
RuossΧ ϧ Genewein, T. (2024). Grandmaster-Level Chess Without Search(270M GPT).  

https://doi.org/10.48550/arXiv.2402.04494


YƛŜŘȅ ƳƽǿƛƳȅ ƻ !LΚ

/ƻ ǘŜ ǇǊȊȅƪƱŀŘȅ ƳŀƧŊ ǿǎǇƽƭƴŜƎƻΚ /Ȋȅ ǘƻ Ƴƻȍƴŀ ȊŀǇǊƻƎǊŀƳƻǿŀŏΚ  
bƛŜ Ƴŀ ŜŦŜƪǘȅǿƴŜƎƻ ŀƭƎƻǊȅǘƳǳΣ Ȋŀ Řǳȍŀ ȊƱƻȍƻƴƻǏŏΣ ŘǊƻōƴŀ ȊƳƛŀƴŀ ǿŀǊǳƴƪƽǿ 
ǿȅƳŀƎŀ ƛƴƴŜƎƻ ǊƻȊǿƛŊȊŀƴƛŀ Χ  ǇƻǘǊȊŜōƴŀ ƧŜǎǘ inteligencja. 
{ǘŊŘ αƛƴǘŜƭƛƎŜƴŎƧŀ ƻōƭƛŎȊŜƴƛƻǿŀέ ό/LύΣ ƭƛŎȊŊ ƳƽȊƎƛ Ƨŀƪ ƛ ƪƻƳǇǳǘŜǊȅΦ 

ωDef: Sztuczna Inteligencja (Artificial Intelligence, AI) to dziedzina nauki 
ȊŀƧƳǳƧŊŎŀ ǎƛť ǊƻȊǿƛŊȊȅǿŀƴƛŜƳ ȊŀƎŀŘƴƛŜƵΣ Řƭŀ ƪǘƽǊȅŎƘ ƴƛŜ ƳŀƳȅ 
ŜŦŜƪǘȅǿƴȅŎƘ ŀƭƎƻǊȅǘƳƽǿΦ 

¢ƻ ƴƛŜ ȊǿȅƪƱȅ ǇǊƻƎǊŀƳ ƛƴŦƻǊƳŀǘȅŎȊƴȅΣ ƴƛŜ ǘȅƭƪƻ ǳŎȊŜƴƛŜ ƳŀǎȊȅƴƻǿŜΦ 
{ȊǳƪŀƴƛŜ ŀƴŀƭƻƎƛƛΣ ƻŘƪǊȅǿŀƴƛŜ ǊŜƎǳƱΣ ƪƻƳǇǊŜǎƧŀ ƛƴŦƻǊƳŀŎƧƛΣ ŜƪǎǇƭƻǊŀŎƧŀ ƳƻȍƭƛǿƻǏŎƛΦ 

VDef. EU: ϦǎȅǎǘŜƳ !LϦ ǘƻ ǎȅǎǘŜƳ ȊŀǇǊƻƧŜƪǘƻǿŀƴȅ Řƻ ŘȊƛŀƱŀƴƛŀ ƴŀ ǊƽȍƴȅŎƘ ǇƻȊƛƻƳŀŎƘ ŀǳǘƻƴƻƳƛƛΣ 
ƪǘƽǊȅ ƳƻȍŜ ǿȅƪŀȊȅǿŀŏ ȊŘƻƭƴƻǏŏ ŀŘŀǇǘŀŎƧƛ Ǉƻ ǿŘǊƻȍŜƴƛǳ ƛ ƪǘƽǊȅΣ Řƭŀ ŎŜƭƽǿ ƧŀǿƴȅŎƘ ƭǳō ǳƪǊȅǘȅŎƘΣ 
ǿƴƛƻǎƪǳƧŜ ƴŀ ǇƻŘǎǘŀǿƛŜ ƻǘǊȊȅƳȅǿŀƴȅŎƘ ŘŀƴȅŎƘ ǿŜƧǏŎƛƻǿȅŎƘΣ ǿ Ƨŀƪƛ ǎǇƻǎƽō ƎŜƴŜǊƻǿŀŏ ŘŀƴŜ 
ǿȅƧǏŎƛƻǿŜΣ ǘŀƪƛŜ Ƨŀƪ ǇǊƻƎƴƻȊȅΣ ǘǊŜǏŎƛΣ ȊŀƭŜŎŜƴƛŀ ƭǳō ŘŜŎȅȊƧŜΣ ƪǘƽǊŜ ƳƻƎŊ ǿǇƱȅǿŀŏ ƴŀ ǏǊƻŘƻǿƛǎƪƻ 
fizyczne lub wirtualne. 

Termostat? Klimatyzator?  



AlphaStar- Gra strategiczna

Deepmind.googlealphastarςgra czasu rzeczywistego Starcraft-II  (2019)
Otwarta gra strategiczna, jak gry wojenne.  

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


AlphaChip

AI ǇƻȊǿƻƭƛƱƻ ƴŀ ǎǘǿƻǊȊŜƴƛŜ ƭŜǇǎȊȅŎƘ ƻōǿƻŘƽǿ ǎŎŀƭƻƴȅŎƘ όsuperhuman chip layouts)ǳȍȅǿŀƴȅŎƘ ǿ 
ƻōŜŎƴȅƳ ǎǇǊȊťŎƛŜΣ ƴǇΦ ǿ ǘǊȊŜŎƘ ƻǎǘŀǘƴƛŎƘ ƎŜƴŜǊŀŎƧŀŎƘ ŀƪŎŜƭŜǊŀǘƻǊƽǿ Google,Tensor Processing 
Unit (TPU). AI ǇƻƳŀƎŀ ǿ ǿƛŜƭǳ ȊŀǎǘƻǎƻǿŀƴƛŀŎƘ ǇǊȊŜƳȅǎƱƻǿȅŎƘ. 

Mirhoseini, A., Goldie, A., Yazgan, M. et al.A graphplacementmethodologyfor fast chip design.Nature594, 207ς212 (2021), 
Addendum 26.09.2024

https://cloud.google.com/tpu?hl=en
https://deepmind.google/discover/blog/how-alphachip-transformed-computer-chip-design/


Deep Mind



hŘ ǘǊŀƴǎŦƻǊƳŜǊƽǿ Řƻ ȊǿƛƧŀƴƛŀ ōƛŀƱŜƪ

R. B. Altman, A Holy Grail τThe Prediction of Protein 
Structure, New England J. of Medicine 389 (2023)

Google Deep Mind AlphaFold 2 ƻǎƛŊƎƴŊƱ 
ŘƻƪƱŀŘƴƻǏŏǇƻǊƽǿƴȅǿŀƭƴŊdo eksperymentalnej na 
100000 ōƛŀƱŜƪ ƻ ȊƴŀƴŜƧ ǎǘǊǳƪǘǳǊȊŜ ƛ ǳŘƻǎǘťǇƴƛƱ 
218 mln ǎǘǊǳƪǘǳǊ ōƛŀƱŜƪ 3D. 



AlphaFold 3

J. Jumper + 32 coauthors + DemisHassabis, Highly accurate protein structure prediction with AlphaFold, 
Nature 596, 583 (2021).
Wersja 3 znacznie rozbudowana: J. Abramson + 56 coauthors,  Accurate structure prediction of 
biomolecular interactions with AlphaFold 3, Nature630, 493 (2024).

AlphaFold 3ǇǊȊŜǿƛŘǳƧŜ ǎǘǊǳƪǘǳǊť ƛ ƻŘŘȊƛŀƱȅǿŀƴƛŀ Ȋ ǿƛŜƭƻƳŀ ƳƻƭŜƪǳƱŀƳƛ, AlphaProteoprojektuje nowe 
ōƛŀƱƪŀ Řƻ ȊŀǎǘƻǎƻǿŀƵ ōƛƻƳŜŘȅŎȊƴȅŎƘ ǇǊȊȅǎǇƛŜǎȊŀƧŊŎ ǊƻȊǿƽƧ ōƛƻƭƻƎƛƛ ƛ ƳŜŘȅŎȅƴȅ.  

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/


Leki w badaniach klinicznych 

[ƛŎȊōŀ ƳƻƭŜƪǳƱ ƻŘƪǊȅǘȅŎƘ ǇǊȊŜȊ AI-first Biotechsƴŀ ŜǘŀǇƛŜ ǘŜǎǘƽǿ ƪƭƛƴƛŎȊƴȅŎƘΣ ǿ ǘȅƳ ǇƻǿǎǘŀƱȅŎƘ ǿŜ 
ǿǎǇƽƱǇǊŀŎȅ Ȋ ŦƛǊƳŀƳƛ ŦŀǊƳŀŎŜǳǘȅŎȊƴȅƳƛΣ ōŜȊ ƳƻƭŜƪǳƱ ǇǊȊȅŘŀǘƴȅŎƘ ǿ ƭŜŎȊŜƴƛǳ COVID-19.

(a)aƻƭŜƪǳƱȅ ǿ п ŦŀȊŀŎƘ 
ǘŜǎǘƽǿ ƪƭƛƴƛŎȊƴȅŎƘΦ 

(b)aƻƭŜƪǳƱȅ ǊƽȍƴȅŎƘ ǘȅǇƽǿ 
ƻŘƪǊȅǘȅŎƘ Ȋŀ ǇƻƳƻŎŊ ƴŀǊȊťŘȊƛ 
AIΥ ŎŜƭƻǿŀƴŜΣ ŀƴǘȅŎƛŀƱŀΣ  
ǎȊŎȊŜǇƛƻƴƪƛΣ ƳŀƱŜ ƳƻƭŜƪǳƱȅΦ



Tsunami NN



LLM/LMM: kompresja informacji

Llamaтл.Σ ƪƻƳǇǊŜǎƧŀ мпн ǊŀȊȅΣ ǘƻ ǳƳƻȍƭƛǿƛŀ ƻŘƭŜƎƱŜ ǎƪƻƧŀǊȊŜƴƛŀΣ ƪǘƽǊŜ ǘǊǳŘƴƻ ƧŜǎǘ ƻŘƪǊȅŏΦ  
KompresjaуΣ пΣ н ōƛǘȅ ҐҔ ǿƛťƪǎȊŀ ƪǊŜŀǘȅǿƴƻǏŏΣ ƭǳȋƴŜ ǎƪƻƧŀǊȊŜƴƛŀΣ ǿƛťŎŜƧ ƘŀƭǳŎȅƴŀŎƧƛΦ 
²ƛťŎŜƧ ǎȊǳƳǳόǿȅȍǎȊŀ ǘŜƳǇŜǊŀǘǳǊŀύ ҐҔ ǿƛťƪǎȊŀ ƪǊŜŀǘȅǿƴƻǏŏΣ ǿƛťŎŜƧ ƘŀƭǳŎȅƴŀŎƧƛΦ 

Kontekst, RAG, promptyΥ ŀƪǘȅǿǳƧŊ ƛƴǘŜǊŜǎǳƧŊŎŜ ƴŀǎ ƻōǎȊŀǊȅ ǿƛŜŘȊȅΦ 

¢ǊŜƴƛƴƎ Ҕмл ллл D. ǘŜƪǎǘƽǿ                      мн Řƴƛ ǇǊŀŎȅ сллл ƪŀǊǘ Dt¦ ±млл parametry º70 GB 
2 mln $, 1024 mld mld mld operacji.  



Wczytaj ė Zinternalizuj ėWygeneruj
tƻǘǊȊŜōƴŀ ƧŜǎǘ ǿƛŜƭƪŀ ǎƛŜŏ ƛ Řǳȍƻ ŜƴŜǊƎƛƛ Řƻ ǘǊŜƴƻǿŀƴƛŀΦ

Generacja jednego obrazu º10 WhºƴŀƱŀŘƻǿŀƴƛŜ ǎƳŀǊǘŦƻƴŀΗ 
{ȊŎȊŜƎƽƱƻǿŜ ǇȅǘŀƴƛŜ όҌprompt) wzbudzi w LLM odpowiednie skojarzenia. 
hŘǇƻǿƛŜŘȋ Ƴŀ ǎŜƴǎΣ ƴƛŜ ƧŜǎǘ ǘȅƭƪƻ ǿȅƴƛƪƛŜƳ ǇǊȊŜǿƛŘȅǿŀƴƛŀ ƪƻƭŜƧƴŜƎƻ ǎƱƻǿŀΦ 



LƴǘŜƭƛƎŜƴŎƧŀ ōƛƻƭƻƎƛŎȊƴŀ Ґ ǿƛŜƭƪŀ ǎƛŜŏ ƴŜǳǊƻƴƻǿŀ 

² ƳƽȊƎǳ nie ma magiiΣ ǎŊ ƴŜǳǊƻƴȅΗ
100 mld (1011ύ ƴŜǳǊƻƴƽǿΤ ƻƪΦ мс ƳƭŘ ǿ ƪƻǊȊŜΣ 
млл ōƛƭƛƻƴƽǿ όмл14ύ ǇƻƱŊŎȊŜƵ ~ǇŀǊŀƳŜǘǊƽǿ. 

²ƛŜƭƪƛŜ ƳƻŘŜƭŜ ƧťȊȅƪƻǿŜ ό[[aύ ǘŜǊŀȊ ƳŀƧŊ 
ok. 1 bln = 1000 mld (1012ύ ǇŀǊŀƳŜǘǊƽǿ ~synaps.

²ƪǊƽǘŎŜ ƳƻŘŜƭŜ ōťŘŊ ƳƛŀƱȅ млл ōƛƭƛƻƴƽǿΦ 

LLMyƳŀƧŊ ǿƛŜƭŜ ǿŀŘ ƛ ȊŀƭŜǘ ǇǊȊȅǇƻƳƛƴŀƧŊŎȅŎƘ ǎƛŜŎƛ 
ƴŜǳǊƻƴƻǿŜ ǿ ƴŀǎȊȅŎƘ ƳƽȊƎŀŎƘΦ bƛŜ ƳŀƧŊ ƳƻŘǳƭŀǊƴŜƧ 
ǎǘǊǳƪǘǳǊȅ ƳƽȊƎƽǿΣ ŀƭŜ ǊŜǇǊŜȊŜƴǘŀŎƧŀ ƛƴŦƻǊƳŀŎƧƛ ƛ ǘǿƻǊȊŜƴƛŜ 
ǎƪƻƧŀǊȊŜƵ ƧŜǎǘ ǇƻŘƻōƴŜΦ

½ōȅǘ ǎƪƻƳǇƭƛƪƻǿŀƴŜ Řƭŀ ƪƻƳǇǳǘŜǊƽǿΚ 

WD: bŀ ƛƭŜ ǿƛŜƭƪƛŜ ǎƛŜŎƛ ƴŜǳǊƻƴƻǿŜ ŘȊƛŀƱŀƧŊ ǇƻŘƻōƴƛŜ Ƨŀƪ 
ƴŀǎȊŜ ƳƽȊƎƛΚ(SWPS, 3/2024)

Wszystkie sieci neuronowe 
to jednak wielka rodzina!

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


Niespodzianka!
aŀƪŀƪ ǇŀǘǊȊȅ ƴŀ ȊŘƧťŎƛŀ ǘǿŀǊȊȅ ƭǳŘȊƛΦ 
²ȅǎǘŀǊŎȊȅ нлр ƴŜǳǊƻƴƽǿ ǿ ƪƛƭƪǳ ƻōǎȊŀǊŀŎƘ 
ǿȊǊƻƪƻǿȅŎƘ ōȅ Ȋ ƛƳǇǳƭǎƽǿ ƻŘǘǿƻǊȊȅŏ 
prawie idealne obrazy twarzy (2017).

DƱƻǎΣ ƳȅǏƭƛ Ƴƻȍƴŀ ƻŘŎȊȅǘŀŏ ǿ ǇƻŘƻōƴȅ 
ǎǇƻǎƽōΦ 

aƽȊƎ ǘƻ ǎǳōǎǘǊŀǘ  ǿ 
ƪǘƽǊȅƳ ǇƻǿǎǘŀƧŜ Ǐǿƛŀǘ 
ǿŜǿƴťǘǊȊƴȅΦ 

Internalizacja obrazu 
ƛ ǿƛŜŘȊȅ ƻ ǏǿƛŜŎƛŜ 
Ҍ ŀǳǘƻǊŜŦƭŜƪǎƧŀ Ґ ǳƳȅǎƱΦ 



Inteligencja i kompresja informacji
Biologiczne sieci neuronowe ª Sztuczne sieci neuronowe 

Stany poznawcze  ª Aktywacje reprezentacji 

{ƛŜŎƛ ŘƻƪƻƴǳƧŊ ƪƻƳǇǊŜǎƧƛ ƛƴŦƻǊƳŀŎƧƛΥ analiza obrazu => etykieta, miliony pikseli => KOT, 
albo znana osoba, rozpoznanie sensu pytania i skojarzenia. 

YƻƳǇǊŜǎƧŀ Ǉƭƛƪƽǿ ǘŜƪǎǘƻǿȅŎƘ όȊƛǇύ ƴƛŜ ǘǊŀŎƛ ƛƴŦƻǊƳŀŎƧƛΣ 
ale kompresja muzyki (mp3) czy wideo (mp4) jest zwykle 
stratna, zachowuje tylko istotne elementy. 

ωaƽȊƎƛ ŎƛŊƎƭŜ ŘƻƪƻƴǳƧŊ ƪƻƳǇǊŜǎƧƛ ƛƴŦƻǊƳŀŎƧƛΣ 
ǿŀȍƴȅ ƧŜǎǘ ǎŜƴǎΣ ƛǎǘƻǘŀ ŀ ƴƛŜ ǎȊŎȊŜƎƽƱȅΦ 

ω¦ŎȊŜƴƛŜ ǎƛť ƭǳŘȊƛΣ Ƨŀƪ ƛ ǇǊȊŜǘǿŀǊȊŀƴƛŜ ǘŜƪǎǘƽǿ ǇǊȊŜȊ 
programy (NLP), to kompresja informacji: 
ǘŜƴ ǎŀƳ ǎŜƴǎ Ƴƻȍƴŀ ǿȅǊŀȊƛŏ ƴŀ ǿƛŜƭŜ ǎǇƻǎƻōƽǿΦ 

!ƭƎƻǊȅǘƳȅ ǳŎȊŜƴƛŀ ƳŀǎȊȅƴƻǿŜƎƻ ƻǇƛŜǊŀƧŊ ǎƛť ƴŀ ƪƻƳǇǊŜǎƧƛΥ 
AlgorithmicInformation Theory(AIT), Minimum DescriptionLength(MDL), itd. 
¢ƻ ǇƻƳŀƎŀ ƪƻƧŀǊȊȅŏ ǎŜƴǎ ƻōǎŜǊǿŀŎƧƛ ǿ ƻƪǊŜǏƭƻƴȅƳ ƪƻƴǘŜƪǏŎƛŜΦ 

Wiedza

kompresja

Nowa
bez 

kompresji



GenAIΥ ƻōǊŀȊȅΣ ǿƛŘŜƻΣ ƳǳȊȅƪŀ Χ 
2/2024: Soraby Open-!LΣ ƴƻǿȅ ǎȅǎǘŜƳ ǘŜƪǎǘ ҐҔ ǊŜŀƭƛǎǘȅŎȊƴŜ ǿƛŘŜƻ ƛ ƻōǊŀȊȅΣ ŘƻǎƪƻƴŀƱŜ ǇƻƱŊŎȊŜƴƛŜΦ 
Sotheby: aukcja sztuk cyfrowej. Ceny do 1 mln $? 
tǊƻƧŜƪǘƻǿŀƴƛŜ όŘŜǎƛƎƴύ ŘƻǿƻƭƴȅŎƘ ǊȊŜŎȊȅΣ ƻŘ ōǳǘƽǿ Ǉƻ ŀǊŎƘƛǘŜƪǘǳǊťΦ 

AIVA (2016), Suno, Udio(2024) ςƳǳȊȅƪŀΦ !ƪǘƻǊȊȅ ǿ IƻƭƭȅǿƻƻŘ ǇǊƻǘŜǎǘǳƧŊΦ  

½ƻōŀŎȊȅŏΣ ǳǎƱȅǎȊŜŏΣ ǳǿƛŜǊȊȅŏΚ aǳǎƛƳȅ ǿǊƽŎƛŏ Řƻ ǎǇǊŀǿŘȊƻƴȅŎƘ ȋǊƽŘŜƱ ƛƴŦƻǊƳŀŎƧƛΦ 



GameNGen

DŜƴŜǊŀǘȅǿƴŀ ƛƴǘŜƭƛƎŜƴŎƧŀ όƳŀƱȅ ƳƻŘŜƭ ŘȅŦǳȊȅƧƴȅύ ǘǿƻǊȊȅ ƎǊť Doomǿ ǎǿƻƧŜƧ ǇŀƳƛťŎƛΣ ǇƻȊǿŀƭŀ ǿ 
ƴƛŊ ƎǊŀŏ ōŜȊ ǳȍȅŎƛŀ ǇǊƻƎǊŀƳǳΦ 5ƻǘȅŎƘŎȊŀǎ ǘȅƭƪƻ ǎȊŀŎƘƛǏŎƛ ǇƻǘǊŀŦƛƭƛ ƎǊŀŏ ǿ ǎǿƻƧŜƧ ǿȅƻōǊŀȋƴƛΦ    

https://gamengen.github.io/


Halucynacje: ludzie i LMMy

/Ŝƴŀ ƪǊŜŀǘȅǿƴƻǏŎƛΥ ƪƻƳǇǊŜǎƧŀ 
ƛƴŦƻǊƳŀŎƧƛ ǿ ǎƛŜŎƛŀŎƘ ƳƽȊƎƽǿ 
ǳƳƻȍƭƛǿƛŀ ƴƻǿŜ ǎƪƻƧŀǊȊŜƴƛŀΣ 
ale ŎȊťǏŏ ōťŘȊƛŜ ȊŀǿǎȊŜ ōƱťŘƴŀ! 

{ƛŜŎƛ ƴŜǳǊƻƴƻǿŜ ǘŀƪ Ƨǳȍ ƳŀƧŊΦ 

[[a ǿȅǎǘŀǊŎȊȅ ǎƪǊȅǘȅƪƻǿŀŏ 
ƛ ǎƛť ǇƻǇǊŀǿƛΣ Ȋ ƭǳŘȋƳƛ ƧŜǎǘ ǘǊǳŘƴƛŜƧΦ 
Konieczna jest weryfikacja 
ǇǊŀǿŘȊƛǿƻǏŎƛ ƛƴŦƻǊƳŀŎƧƛΦ 

Na LLMachǿȅƳǳǎȊŀ ǎƛť ǇƻƭƛǘȅŎȊƴŊ 
ǇƻǇǊŀǿƴƻǏŏΣ ōȅ ƴƛƪƻƎƻ ƴƛŜ ǳǊŀȊƛŏΦ

[[a Ƨŀƪ ŘȊƛŜŎƪƻΣ Ŏƻ ǎƛť ƴŀǳŎȊȅ ǘƻ 
ƴŀ ǘȅƳ ŘȊƛŀƱŀΣ Ƴŀ ǘƻ ǿ ǎǿƻƧŜƧ ǎƛŜŎƛΦ   

LLM = nasze lustro. 

² ŎƛŊƎǳ у Řƴƛ Ǉƻ ǘŜƧ ǿȅǇƻǿƛŜŘȊƛ όпκ2020ύ ǇǊȊȅǇŀŘƪƛ ȊŀǘǊǳŏ ǿȊǊƻǎƱȅ ƻ 
121% ǿ ǇƻǊƽǿƴŀƴƛǳ Ȋ ǘŀƪƛ ǎŀƳȅƳ ƻƪǊŜǎŜƳ ǿ 2019roku, w 
ǇƛŜǊǿǎȊŜƧ ŘŜƪŀŘȊƛŜ ƳŀƧŀ ōȅƱȅ ǿȅȍǎȊŜ ƧŜǎȊŎȊŜ ƻ 69%.



GeminiǿȅƳǳǎȊŀ ǇƻƭƛǘȅŎȊƴŊ ǇƻǇǊŀǿƴƻǏŏ



Daniel Dennetti GPTchat

Creating a Large Language Model of a Philosopher
Eric Schwitzgebel, David Schwitzgebel, Anna Strasser
https://arxiv.org/abs/2302.01339

/Ȋȅ ŘǳȍŜ ƳƻŘŜƭŜ ƧťȊȅƪƻǿŜ ƳƻƎŊ ǘǿƻǊȊȅŏ ǘŜƪǎǘȅ ƴŀ 
ǇƻȊƛƻƳƛŜ ǇǊƻŦŜǎƧƻƴŀƭƴȅŎƘ ŦƛƭƻȊƻŦƽǿΚ 

Daniel DennettƴŀǇƛǎŀƱ ŜǎŜƧŜ ƴŀ ǘŜƳŀǘ мл ŦƛƭƻȊƻŦƛŎȊƴȅŎƘ 
ǇȅǘŀƵΣ Dt¢-о ƴŀǇƛǎŀƱ п ǊŀȊȅ ƻŘǇƻǿƛŜŘȊƛΣ ƧŜǎǘ ǿƛťŎ р ǿŜǊǎƧƛΦ 

пнр ƻǎƽō ǇǊƽōƻǿŀƱƻ ǿǎƪŀȊŀŏΣ ƪǘƽǊŊ ǿŜǊǎƧť ƴŀǇƛǎŀƱ Dennett.
tǊȊȅǇŀŘƪƻǿȅ ǿȅōƽǊ ǘƻ нл҈Σ ŘƻǎƪƻƴŀƱȅ ǘƻ млл҈Φ 

нр ŜƪǎǇŜǊǘƽǿ ǇƻǇǊŀǿƴƛŜ ǊƻȊǇƻȊƴŀƱƻ рл҈Σ ŎȊȅǘŜƭƴƛŎȅ filozoficnzych
ōƭƻƎƽǿ ǘǊƻŎƘť ǇƻƴƛȍŜ рл҈Φ  

Pozostali uczestnicy badania zgadywali na poziomie przypadku (24%). 

Czy GPT-оΣ ŎƘƻŎƛŀȍ ǘƻ ŘƻǏŏ ǎƱŀōȅ ƳƻŘŜƭΣ ƴƛŜ ǿȅƪŀȊŀƱ ǎƛť ǿȅǎƻƪŊ ƛƴǘŜƭƛƎŜƴŎƧŊΚ 

Duch W. Artificial intelligence and the limitsof the humanities. Er(r)go- Humanities(2024).

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


ChatGPTƻ ƳȅǏƭŜƴƛǳ

aȅǏƭŜƴƛŜǘƻ ŎƛŊƎƱȅproces poznawczyǇƻƭŜƎŀƧŊŎȅ ƴŀskojarzeniachi wnioskowaniuΣ ƻǇŜǊǳƧŊŎȅ 
elementamiǇŀƳƛťŎƛtakimi jaksymbole,ǇƻƧťŎƛŀ, frazy, obrazy iŘȋǿƛťƪƛ

ωhǇƛǎȊ ǊƽȍƴƛŎť ǇƻƳƛťŘȊȅ ǊƻȊǳƳƻǿŀƴƛŜƳΣ ŀ ƳȅǏƭŜƴƛŜƳ ǎƪƻƧŀǊȊŜƴƛƻǿȅƳΦ

aȅǏƭŜƴƛŜ ǎƪƻƧŀǊȊŜƴƛƻǿŜǘƻ ǇǊƻŎŜǎΣ ǿ ƪǘƽǊȅƳ ƴŀǎȊŜ ƳȅǏƭƛ ƛ ƛŘŜŜ ǎŊ ƱŊŎȊƻƴŜ ȊŜ ǎƻōŊ ǇƻǇǊȊŜȊ 
ǇƻǿƛŊȊŀƴƛŀ ƛ ǎƪƻƧŀǊȊŜƴƛŀΣ ŎȊťǎǘƻ ǎǇƻƴǘŀƴƛŎȊƴŜΦ aƻȍŜ ǇǊƻǿŀŘȊƛŏ Řƻ ǘǿƻǊȊŜƴƛŀ ƴƻǿȅŎƘ ƛŘŜƛ ƛ ōȅŏ 
ǳȍȅǿŀƴŜ Ƨŀƪƻ ǘŜŎƘƴƛƪŀ ǘǿƽǊŎȊŜƎƻ ƳȅǏƭŜƴƛŀΦ

Rozumowanie to proces, ǿ ƪǘƽǊȅƳ ǳȍȅǿŀƳȅ ƴŀǎȊȅŎƘ ƭƻƎƛŎȊƴȅŎƘ ƛ ŀƴŀƭƛǘȅŎȊƴȅŎƘ ǳƳƛŜƧťǘƴƻǏŎƛ Řƻ 
ŘƻŎƘƻŘȊŜƴƛŀ Řƻ ǿƴƛƻǎƪƽǿ ƴŀ ǇƻŘǎǘŀǿƛŜ ŘƻǎǘťǇƴȅŎƘ ƛƴŦƻǊƳŀŎƧƛΦ wƻȊǳƳƻǿŀƴƛŜ ǿȅƳŀƎŀ ȊƴŀƭŜȊƛŜƴƛŀ 
ǎƪƻƧŀǊȊŜƵ ƛ ŘŀƴȅŎƘΣ ǘǿƻǊȊŜƴƛŜ ƛ ǘŜǎǘƻǿŀƴƛŜ ƘƛǇƻǘŜȊ ƻǊŀȊ ǿȅŎƛŊƎŀƴƛŜ ǿƴƛƻǎƪƽǿΦ 

RƻȊǳƳƻǿŀƴƛŜ ƧŜǎǘ ōŀǊŘȊƛŜƧ ŀƴŀƭƛǘȅŎȊƴŜ ƛ ƭƻƎƛŎȊƴŜΣ ǇƻŘŎȊŀǎ ƎŘȅ ƳȅǏƭŜƴƛŜ 
ǎƪƻƧŀǊȊŜƴƛƻǿŜ ƧŜǎǘ ōŀǊŘȊƛŜƧ ƛƴǘǳƛŎȅƧƴŜ ƛ ǘǿƽǊŎȊŜ.  

D. KhanemanΥ {ȅǎǘŜƳ м ŀǳǘƻƳŀǘȅŎȊƴȅΣ ǊƽǿƴƻƭŜƎƱȅ ƛ {ȅǎǘŜƳ н ǏǿƛŀŘƻƳȅΣ ǎŜƪǿŜƴŎȅƧƴȅΦ 

Symbole i logika (GOFAI)=> skojarzenia, intuicja. GPT-ƻм ƱŊŎȊȅ ƻōȅŘǿŀ ŀǎǇŜƪǘȅΦ  

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


LLM/LMM



Klasyfikatory neuronowe

Pandemonium, wynalazek z 1959 roku, Selfridge.

Dame, ǎƱƻǿŀ, obrazy 
=> ǎƛŜŎƛ ƻŘƪǊȅǿŀƧŊ ǇǊƻǎǘŜ ŎŜŎƘȅΣ ȊƳƛŜƴƛŀƧŊŎ ǎƛƱť 
ǎǿƻƛŎƘ ǇƻƱŊŎȊŜƵ, 
=> ǘǊŜƴƛƴƎ ǇƻȊǿŀƭŀ ǊƻȊǇƻȊƴŀŏ ǿƛŜƭŜ ǿȊƻǊŎƽǿ, 
=> niezmiennicza klasyfikacja, ƴƛŜȊŀƭŜȍƴƛŜ ƻŘ ǎƪŀƭƛΣ 
ƻōǊƻǘƽǿΣ ȊƴƛŜƪǎȊǘŀƱŎŜƵΣ ǊŜƎǊŜǎƧŀ. 



Χ ǘƻ ŦŜŜŘŦƻǊǿŀǊŘ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪǎ Χ
DE Rumelhart, GE Hinton, RJ Williams, Learning representations by back-propagating errors

Nature 323, 1986, cited º40K.   
DE Rumelhart, GE Hinton, RJ Williams, Learning internal representations by error-propagation

Parallel Distributed Processing, Book chapter, 1986, cited º55K.

A Krizhevsky, I Sutskever, GE Hinton, Imagenetclassification with deep convolutional neural 
networks. Advances in neural information processing systems 25, 2012, cited º165 K.

Y LeCun, Y Bengio, G Hinton, Deep learning. Nature 521, 2015, cited º86 K.

Multi-layer perceptrons(MLPs) use a combination of sigmoidal functions, 
can learn to approximate arbitrary function.  

Much better convergence properties than polynomials. 
Forward pass, check errors at output, backpropagate errors updating 
weights using gradient of error function: 
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Knowledge in neural networks

Hopfield networks remember episodes, patterns. 

Semantic memory requires stable, latent representation. Networks 
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. 



Χ ǘƻ ŘŜŜǇ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪǎ Χ
For complex data, like images, networks with many 
layers are used, discovering simple features and than 
composing these features in increasingly complex ways.



From deep networks to transformers

Word2Vecfor embedding of words as vectors in the 
parameter space, preserving similarity. 

Transformer model publishedby Google in June 2017: 
Attention is all you need, started the generative AI era.

A key concept of the architecture is self-attention to 
understand relationships between tokens, linking each 
token in text to other tokens important to understand 
its meaning.

Vector representations of concepts that are 
semantically related become similar to each other 
=> GPT interprets inputs using meaningful synonyms.  

MatykiewiczP, PestianJ, Duch W, and Johnson N. 
(2006)Unambiguous Concept Mapping in Radiology 
Reports: Graphs of Consistent Concepts, AMIA 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


Transformers

Generative Pre-trained Transformersor GPTs are now most 
popular algorithms for construction of large models. 
Simple intro to GPT networks on Youtube. 

Attention: given a sequence of tokens (words, image 
patches), how relevant is each input token to other tokens? 

Attention vectors capture context (embedding, semantics) 
+ encode relative positions (syntax) of words.

Many blocks for input encoding, recurrent processing.   

Generation of words/images is not unique, so various 
outputs are selected to match whole context created 
by external prompts and current internal activity 
=> creativity + human alignment.  

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

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


Transformers and spreading activation

Predictive AI: search + heuristics. 

Generative AI: spreading activation networks, 
binding relevant information.

GPT= Generative Pre-trained Transformer

Convert input data into tokens, and embedthem 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 ςselect subgraphs of tokens.

LLM visualization    https://bbycroft.net/llm

List of 37320 variantsopen-source language models
(27/10/2024). 

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

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


GPT skojarzy wszystko


