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http://www.google.com/search?q=Wlodzislaw+Duch

From physics to intelligence

Al and brains.

Roots Ising model, spin glasses, Hopfie&tworks, Boltzmann machines
Neural networks, transformers, internal representations and LLM/LMMs
Generative Al.

SOTA, Statef-the-art.

Networkfor science.

LMM agentsg new intelligent digital beings

s 0 D =

ChatGPk< Al. Over 1000 papers in theiv.cs.ain one week!
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My ElipboardAl news, presentations ak@ my web paggjust search foWlodzislawDuch

YouTube recordingf the annual lecture for thénternational Neural Network Society
Here, more emphasis on recent developments.



https://arxiv.org/list/cs.AI/pastweek?skip=344&show=25
https://flipboard.com/@Wlodzislaw
https://is.umk.pl/~duch/ref.html
https://www.inns.org/webinar-series
https://www.inns.org/

Al vs brains,
similarities andifferences

PRO ROBOTS

Uyl g
WHO'S GONNA WIN? 4




Brain® huge neural network

Brains® 100 bin neurons (18), connected by 100 trillion synapses {3@nd biesupport.
Lifetime of trainingjnternalizinginformation about the world, constructing model of self.
Brain structure determines function ¥reurodeterminism

Effortless activityperception, memory, associations, emotional reactions, control of movement.
Foundation model based on years of our experience, automatic (Systeéahthemai

Learning neuronscount spikessynaptic connections form accordingttoe Hebb principle:
neurons that fire together wire togetherCognitiorrequiresassociatte memory

Associationism dominated psychology since John Locke (16803, not the whole story.
It hasbeen extended byhe cognitive science in XX centuMind is not like software.



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

Cogni
Cognitive sciences

Biohybids
_ Nano
=][0 Quantum
Neuroscience Technologies
Organoids Exaflop speed 10¢ 102t

op/sec, GPU, TPU, NU
Nano LLMs in phones.
Stargate 100B project?
Nvidia NIMs revolution!
Neuromorphic computers

Info

Artificial/Computational Intelligence
Machine Learning, Neural Networks


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

Defining artificial intelligence © oo opatli
If there iseffective algorithm we can write program to perform the task. ; to el

Al solves problems for which there are effective algorithms
Problems aréoo complex(NP hard), or we do not even know how to
formulate the problem. Such problems require intelligence.

Brains solve such problem&lshould toa They need hardware, a substrate
that can internalize knowledge of real world phenomena in a large
networks, in the space of billions of parameters.

| I NRgINB O2dzZf R 0S oA2f23A0I f X Sf 5| ALGORITHMIC
THINKING

Def Al is a branch of computer science that creates algoritinaiscan
learn howto solve problems where no effective algorithms are known.

What we cannot program we can learn to replicate sugervisedway,
discover inunsupervisedway, or usaeinforcement learningstrategies.

Alcannot be perfect but it can be better thdrumans learnmore and
faster,analyzingexts, images, videos, sensor signals, observing behavior.
dzi KdzYlya FNB YS3Fft2YFyAl Oa X



Al based on large language or multimodal models (LLM/LMM) acts like mind.

ElERcENE £ £ €

€ €

€ €

Ale Brains

Languages common medium of communicatioBut LLMs can use faSibberLink ,'_'.? e
LMM brains learn about the world by reading, listing, viewing, interacting with othe._. ..~ * .+
Learning requires foundational modetsnceptual networksacquired by training

LMMs/brains are tuned to specific knowledge. But Als have much broader knowledge.
Questions are answered in a contalépendent ways, but Al is faster and more precise.
Detailedcontext helps to recall relevant knowledge, prepares the notgrovesanswers.

Neural associative amoryis not precise, details may @ong,leading to confabulations
andhallucinations. Verificatiors alwaysnecessarybut Al can do it faster.

LLMs show similar cognitive illusions and biases as humans.

Prompts (events) activate LLM working memory, but associations are impossible to predict
(irreducible complexity), they cannot be programmed. Same with brains.

Critique of answers leads to attempts to correct errors, dialog improves responses.

Robotslearn by acting, making errors, and correcting their behaviioz,babies,
but embodiment is not always needed for high intelligence.



https://www.youtube.com/watch?v=vzgE3yED8x8

LLM Persona, our mirror

llya Sutskever CEA@DpenAl maybe we are reaching the point when language of
psychology is appropriate to describe the behavior of our models.

Sutskeverargues that LLMs create internal models.

: \
TerrySejnowskj UC San Diego, Francis Crick Chair, Salk Institute. : &1
G[ I y3adza 38 Y2RStas tA1S /KFEGDtes a8 " )
YANNRNBR o0FO1 X 2KSy L GlFt1] 42 [/ KIFIaGaDt¢ A
Aad GlFft1Ay3a 6101 02 YSO® LUQA FlLaoAylGAay3a
The Mirror ofErisedreflects the deepest desires of those that look into it, never yielding
knowledge or truth, reflecting what it believes the onlooker wants to $é¢aily Potte).

W
ANy

a
Y R

LLMsmirror ourselves Bad answers are largely the fault of the user.
GIGQorinciple Garbage In, Garbage Out



https://www.youtube.com/watch?v=FQ8l6hyKRNA&t=180s

AlphaGaZera see what is coming

1997, Deep Blu&asparov.
2016, AlphaGad.ee Sedol
2017, Alph&soZero
2017, Poker, Dota 2;
2019, Starcraftll,

2022 Strategg Diplomacy
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=== AlphaGo Zero 40 blocks  s==+ AlphaGo Lee ssee AlphaGo Master

Superhuman level in Go. Best humans 3¢)800 ELGG0Zerdb500 ELCKataGQpver 6000 ELO.

MC Tree Search + deep NN pattern evaluation as heuristics + reinforcement learning, playing again
Its own copy. Human knowledge becomes irrelevant, teaching human strategies decreases final lev
Shocking newsRuossX Benewein T. (2024)Grandmasteilevel Chess Without Search.
arxiv:2402.04494Blitz Chess: 270M parameter transformer modedtep intuitive decisions



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




NOBELPRISET | FYSIK 2024
THE NOBEL PRIZE IN PHYSICS 2024

PRoto: Usiversty of Torondo

John J. Hopfield Geoffrey E. Hinton
Princeton University, NJ, USA University of Toronto, Canada

"for grundldggande upptédckter och uppfinningar som mojliggér maskininlarning med artificiella neuronnatverk”

“for foundational discoveries and inventions that enable machine learning with artificial neural networks” THE

NOBEL
PRIZE

Theory of complex systems: physics, computer science, neural networks, machine learning intertwinec

Hopfieldnetwork model of associative memory and optimizatmmoblens (physics can compute)

Hinton discovery of backpropagation (1986) and deep network (2015) training algorithms + other.modkt
See myNNS Webinafor more physics.



https://youtu.be/4fb_qrsOdI4?si=Lx3fiMAYVSnBcWdr

FromlsingY 2 RSt X

100 years of the Ising modattli° 800 papers are based on this model each year!
Wilhelm LenZ1920) gave his student Ernst Ising the problem of the onset of ferromagnetism.

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

The 1D ferromagnetic model;(> 0 was solved in Ising thesis (192#lias no phase transitions.

T.Ising R. Folk, R. Kenna,Herche Y.Holovatch(2017),The Fate of Ernst Ising and the Fate of His
Model arXiv:1706.01764

In 1944Lars OnsagdiNobel in Chemistry, 1968) solved analytically the 2D sqiadfiee 1sing model
without an external magnetic field, the simplest model with phase transitions. L. Onsager (1944),
Crystal Statistics. I. A Tvilmmensional Model with an Ord@&isorder TransitionPhys. Rew5

Pauli,Peierls Kramers Wannier, Potts, and other famous physicists worked on 2D model variants.
3D Ising model has not been solved analytically, despite a lot of efforts.



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

U2 alLAy 3t &

Philip Andersonvas awarded thd 977 Nobel Prize in Physics (wWNbvillMott and
John varVlecK for the theory of electronic structure of magnetic and disordered
systems, such as spin glasses, with local magnetic domauhnCaharacterized
globally by randomness, freeziagin arrangement below the critical temperature.

S.F. Edwards, P.W. Anderson (19149ory of spin glasses
Spin glass random Heisenberg Hamiltonian:

Cx” ) ol A e ‘ : down spin
‘Jij > O or J'J < O, Si — Nl - : ferromagnetic interaction
-== ! antiferromagnetic interaction
SPIN GLASS
Potts modelgeneralize this to mukvaluedspins G.Parisigot the Nobel prize in 2021 ggfgﬁgmné

Such models have many applicationg@nophysicssociophysicsevolution of language Sl

tumor modeling, seismtbazard assessment, volatility in financial markets, mood swirgEllZI=Coss
scientific collaboration, voting, asymmetric hysteresis in political polarization ... |

Macy, M.W., Szymanski, B.K. & 0, 8.A. {2024 he Ising model celebrates a century
of interdisciplinary contributiongNpj Complexity 1, 48



https://en.wikipedia.org/wiki/Potts_model
https://doi.org/10.1038/s44260-024-00012-0

to Hopfield networls X

J.J. Hopfield (1982leural networks and physical systems with emergent collective computational
abilities PNAS 79(8), 2554, presented spin network (binary activation functions) with couplings
that encode information in the network energy landscape. Cit@@K

LY mMpynE KS SEGSYRSR (KA&a (2 aySdokkya 6A0GK 3
It became a standard model to study neural networks through statistical mechanics,

and implemented in electronic hardware.

Hopfield network: @ -1
= . e
fully connected, @ 1 /
symmetric connections: \ K
\

. @
U "0°0 0) "0°0 //).(»—*’ . S

| ’ AN o | — /‘\ 1"“"
YAG B Ugen e
Learning: adjusb -4 @

to create local minima.
Inference: findwgatterns that minimize energy.

Artem Kirsanov



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

X to assoclative memaes

P — Z Wi X
To reach minimum updateyalues summing all inputs reaching this node : oy L8
This will decrease energy, iterations will lead to a pattesy corresponding i

to a local minimum, depending on Initial pattern. o +1 ifh; >0
This leads to pattern completion, noise cleaning and optimization. 1 -1 it h; <0
Learning: for a single global minimum set,, wg, So for N neurons: T "'

w; T
YAG B g N Y& © |\ O

prt

Storing several patterns: sum all weights for each patter
00t 06

Hebb rule: neurons that fire together wire together, justifies averaging.
Memory capacity wasyl, 0.14 N but now it has been greatly increased. |
Use simulated annealing to explore the energy landscape => 4 phases in diag

depending on =N/N: stable, shallow local, few broad minima (spin glass), anc
one global minimum (paramagnetic).

ot

Good intro by ArtenKirsano\YouTube)



https://www.youtube.com/watch?v=1WPJdAW-sFo
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dLet physics do computatich Y |j dzI y G dzY O2 Y LJdzd S
lons, superconducting qubits, nanomagnetiet arrays, spintronics,
hardware neural networks, photonics and reservoir computers.

Time evolution of physical systems may perform speech and image recognition, data mining,
and solve optimization problengsmany papers in Nature Communications.

W Imoto, T. et al. (2024 niversal quantum computation using quantum annealing with
the transversdield IsingHamiltonianarXiv:2402.19114

CoherentisingMachines (ClMare hardware solvers that simulate the Ising model and find optimal
solutions to combinatorial optimization problems. Their popularigrsving quickly ArXiy).
They have significant applications in finance, logistics, drug design, and machine learning.

W Honjg T. + 11 coauthors (2021)00,000spincoherent Ising machin&cience Advances

CIMs are networks of coherent optical oscillators simulating the Ising model.
CIM network has solved maximum cut (MAX CUT) problems of the fully cond@t&t@dOnodegraph
D1000 times faster than those obtained with best supercomputers.

W Lu, B., Fan, R, Liu, L., Wen, K., & Wang, C. (2028¢eeup coherent Ising machirveth
a spiking neural networlOptics Express, 31(3), 3&BAH84.



https://doi.org/10.48550/arXiv.2402.19114
https://arxiv.org/search/?query=Coherent+Ising+Machines&searchtype=title&abstracts=show&order=-announced_date_first&size=50
https://doi.org/10.1126/sciadv.abh0952
https://doi.org/10.1364/OE.479903

B Connectome-based Hopfield Network

Hopfield models in neuroscience P~

W Englert, R. +10 eauthors (2024)ConnectoméBased Attractor Dynamics
Underlie Brain Activity in Rest, Task, and DisdasBxiv
The model uses a functional connectotfingsed Hopfield artificial neural networfcHNN
F NOKAGSOUdzNE G2 O02YLIziS NBOdzNNEB Y lregians OG A A &

W Gustafsson, L. (2022).NIi A F A O A I civisublizing kn& procesNdDriemory decay,
confusion and death in a simple Neural Network Model of Associative MepnamRxiv

Loss of weak connections increases the time needed to recognize distorted symbols, while the
recognition performance stays surprisingly high for a long time.

W Weber, M., Maia, P. D., Rutz J. N. (2017Estimating Memory Deterioration Rates Following
Neurodegeneration and Traumatic Brain Injuries khopfield Network Model
Frontiers in Neuroscience, 11, 623.

X 2dzNJ NBSadzZ da tAy] UKS YSY2NE NBOIFff FoAfAGE

W Duch, W. (2007 omputational Models of Dementand Neurological Problems
In C. JCrasto& S. HKoslow(Eds.)Neuroinformaticqpp. 30%336). Humana Press.



https://doi.org/10.1101/2023.11.03.565516
https://doi.org/10.1101/2022.05.20.492604
https://doi.org/10.3389/fnins.2017.00623
https://doi.org/10.1007/978-1-59745-520-6_17

a2zZNBE NXftSOIyld G§KIFYy S

Hopfield networks are increasingly relevant from theoretical and practical perspectives.

W Krotoy, D., & Hopfield, J. J. (201Bense associative memory for pattern -] npfield Networks
recognition NeurlP&9. is All You Need B

W Widrich et al. (2020)Modern Hopfield Networks and Attention for Immur bl 15 14 | X f;f‘jjf”'
Repertoire ClassificatioarXiv:2007.13505 o )/_7

W H.Ramsauer 15 coauthors (2021Hopfield Networks Is All You Ne¢dRL EEEEE 4

Modern Hopfield network with continuous states and update rule is equivalent to the attention
mechanism used in transformers, which can stexponentially many patterngetrieve the pattern
with one update, and have exponentially small retrieval errors.

w Millidge, B.,Salvatorj T., Song, Y., Lukasiewicz, TBogaczR. (2022)Universal Hopfield Networks:
A General Framework for Singdaot Associative Memory ModedsXiv:2202.04557

W Hoover, B., Chau, D. trobelt H., &Krotoy, D. (2022)A Universal Abstraction for Hierarchical
Hopfield NetworksNeurlPS5, The Symbiosis of Deep Learning and Differential Equations Il.

W Hoover, B. et al. (2023tnergy transformeiNeurlPS36.
HAMUXJAX frameworkor Hierarchical Hopfield Networks.

W Santos, et al. (2024%parse and Structured Hopfield Netwoeiv:2402.13725



https://proceedings.neurips.cc/paper_files/paper/2016/hash/eaae339c4d89fc102edd9dbdb6a28915-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2016/hash/eaae339c4d89fc102edd9dbdb6a28915-Abstract.html
https://doi.org/10.48550/arXiv.2007.13505
https://ml-jku.github.io/hopfield-layers/
https://doi.org/10.48550/arXiv.2202.04557
https://openreview.net/forum?id=SAv3nhzNWhw
https://openreview.net/forum?id=SAv3nhzNWhw
https://proceedings.neurips.cc/paper_files/paper/2023/hash/57a9b97477b67936298489e3c1417b0a-Abstract-Conference.html
https://en.wikipedia.org/wiki/Google_JAX
https://doi.org/10.48550/arXiv.2402.13725
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Constraintsatisfaction allows for construction of internal generative models at higher abstraction leve

W Ackley, IH., Hinton, GE, & SejnowskiT.J (1985) A learning algorithm for Boltzmann machines
Cognitive Scienc®(1), 14€169. e ——

N 5 0000 Bolzmann

Add randomness to computations, find probability ”
distributions that generalize memory patterns and T Machines
create internal representations of data. l 1985
Hopfield network + hidden units + stochastic exploratior .~ 20 V 4
Proh of transitioning between two energy states: |' ﬁ : ”@
6 Sl/O ‘Q y 7 6 “YC‘) (.;’éc‘) !Q_‘Q 7 \\\\ \_1 ~ ,"” Geoffrey Terry

: . : . Hinton Sejnowski
Normalizepartition function Z=B Q 7
Update state of neuromygalculating energp, B U465, :
with probability based on energy difference fay, p, Pon Weighted input 1~ ¢7

given by sigmoiddlnction (neural transfer function):

0(w  p)



https://doi.org/10.1016/S0364-0213(85)80012-4

X TNRY .2ft01YFyYyy YI C

Calculate input to neuromfrom connected neuron8 0 -dx, :

Calculate update probability using sigmoidal functiffics,  p) ; = : |
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 dafax®, x@), éxm}

[

| T0Cs ADA = 1 T0G) &l Tdg  Visible

Y e 000!
Minimization of partition function will increase energy of spurious states. @@ 1) |
Calculation of gradients leads to a contrastive Hebbian rule: @ &

W QWA A O D) EOA A

Clamp inputs, run network, weights reinforce data encoding, second part _ .
reduces dreaming, run starting from random inputs. A & @ &/
RBMsRestricted Boltzmann machindsave only inputhidden units connections. Hidde



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

Attractor neurodynamics

Hopfield networks and Boltzmann machines belong to a larger
category of dynamical systems calkstiactor networks ~ A rajectories

Landscape

pattern 1

In the Hopfield network system settles in a point attractor, patemt  Goncentration

of Ach

In Boltzmann machines stochastic dynamics can lead to metasggl i iy
AN

:ﬂlll,j;’

states, blended states, cyclic or stochastic states. o 3

In theoreticalneuroscience, different kinds of attractor neural
networks have been developed for simulating different function
iIncluding variousypes of memory, perception, and motor actiony

Networks CUP.

Thoughts are chains of transitions between attractor states.

Attractor networks explain why some information may become
YSYSAX adzy Al a 27T (Donkhsil®nd), ¢ Ay
Integrated into a conceptual framework of the memory system. ——— ongoing transitive dynamics

effect of top-down glutamatergic spike volleys to layer1

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



http://www.scholarpedia.org/article/Attractor_network
https://doi.org/10.1016/j.patter.2021.100353

Multifield Coherent Ising Machine

Bos, D. deSerraGarcia M. (2025)Learning in a Multifield Coherent IsiMachine arXiv2502.12020

Physicalnformation processorsan learn learning potential
from examplesncodes the learning rule in HLES H Yy
the Hamiltonian of the system

A physical model for selearning consisting W  dddd® “Miiille W
of a network ofmulti-modalresonators ihibels “hiikaa.
One of the modes in a4stable regime forms

a coherent Ising machin€{M) providing the
long-term memory that stores learned
responses (weights). Additional spinor field
acts ashort-term (activation) memory.

In the presence of suitable nonlinear — ,

. . inter-site potential
Interactions between the lonterm memory Hy = M(t) [co + (03 — 03)2] 979
Ising machine and the shetérm memory effect of spin on coupling
auxiliary field, the system autonomously -

learns from examples.
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https://doi.org/10.48550/arXiv.2502.12020

Generative Al



For complex data, like images, networks with many
layers are used, discovering simple features and tha
composing these features in increasingly complex wag = - | 3rd Iayer

“Objects”

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

- 5

2nd layer
“Object parts”

1st layer
llEdgeS”

. . . . L
=1 Orisntation —m Direction i Pattern (olaid} oz puray: eya
iy Seatial oy Disparity Wi motior @ mavements .
et fraquency Fay .
"R ' - ; | %, Man-Cartesian
VAV S ik wWavelength ¥
{highilow) Lé‘ a "E/#mojinn |Xe S
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Cognition as Compression

Computing® Cognition, Artificiaf Biological

Machine Learning model selection is based on Algorithmic Information Theory (AIT):
Minimum Length Encoding (MLE), Minimum Description Length (MDL),
Minimum Run Length Encoding, Minimum Messhgergth Encoding, etc.

(compressed)

W Language Learning and atlgnition is based on compression

Two kinds of memory systems: fast but small, and vast, stable but slow.

Episodic memonallows one to remember events after a single exposure.
The hippocampugncodes episodic information, but has a small capacity, (not compressed)
contains < 100 min neurons, while the cortex has 160 times more.

It can recreate activity of the cortex similar to that of past experiences.

Consolidation of episodic memory is slow, and takes part during sleep. Contrastive learning?
Knowledge is internalized, and associations are automatic.

Associative thinkin@_LMs, LMMSs) is intuitive and creative, but needs verification.

Inspired by compression in neural syste@latGP;IPerplexity Llama Grok, ClaudeizeminiX
Reasoninganalytical and logical verification guided by associative thinking. Inspired by cognitive
processesGPT4ol, 03,DeepSeelrR,Qwen2.5, Claude 3.7, Grok Gemini2.0, MistralLargeH X




Latent probabilisticmodels

Compressedternal
GAN: Adversarial = = ) Discriminator - Generator | representatlondpdfs)
55 g X
training D(x) G(z)
GAN(2014),VAE2022),
Flows(2019) diffusion
models(2015).
.t Encoder Decoder
VAE: maximize X > | N - x/
variational lower bound q¢(z|x) po(x|2z) EBM’ Enerqbased models
Manymodels based on
the idea of information
Flow-based models: ol Jiz Jriyores o x! compression create vectors
Invertible transform of f(x) f~(2) in the latent space
distributions . . .
capturing meaning in
different contexts.
Diffusion models: = Il %l . 00 , J z Algorithmic(Kolmogor)
Gradually add Gaussian .-< : - - -1 - - - ) ) .
noise and then reverse | Information with low

complexity is the key.


https://en.wikipedia.org/wiki/Generative_adversarial_network
https://en.wikipedia.org/wiki/Variational_autoencoder
https://en.wikipedia.org/wiki/Flow-based_generative_model
https://en.wikipedia.org/wiki/Diffusion_model
https://arxiv.org/abs/2406.13661

Many textto-image, or textto-video, use latent diffusion models:
{fO0FroAfAGEe 'L {dGFofS B5AFFdzAaA2Y S hLISYy!L 5!
Language to Image Diffusion for Generation and Editing), Midjourney.
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Generative Afor digital artand music

"Edmond deBelamy -The
first Akgenerated portrait A
sold (432,5008) at Christie's f
art auction in 2018.

b¢ KSNGNBIHNIG A I |
winner of the digital art at thefiis
Colorado State Fair's annual
art competition, 2022.

W dLP D2RD t 2NI NI AG 2 F-Dd { It
soldfor$1.32vyAf t A2y |G | {20KSO0Gg
This portrait is actually just one part of gp&neled |
polyptych which was showcased earlier in 2024 at a
United Nations global summit on A.l. in Geneva

I L+x! A& NBO23IYyAT SR la |y
music rights society SACEMing Udio, SoundfulMubert



GameNGennetwork imagery as software

Generative intelligence (a small difftusion model) creates and executes a Doom game and interact
with users, without writing a line of code. This is imagdrnitbs://gamengen.github.io

move forward open door move forward



https://gamengen.github.io/

Gene2: Imagery, virtual worlds

Genie 2: A largscale foundation world modelGoogle DeepMind

Generative Al systems had problems maintaining consistency creating images and videos.
Google Genie 2 is a foundation world model that can create an endless variety of consistent,
action-controllable, playable 3D environments for training and evaluating embodied agents.

These agents may interact with each other and with humans.
Now Genie 2 agents may dream, moving in the virtual world they create.

= 0 PHILIP K. DICH ’
Burchi M., &Timofte, R. (2025)Learning =22 i }Hl -
Transformesbased World Models with — ) éJJ? A
Contrastive Predictive Coding 7 = |l
arX|V250304416 < DO nnnnnnnnnnnnnnn o8 BLADE RUANER
HﬂDQOIDS

TheDreamerV3algorithm learns an accurate ﬁ DREAM oF
world model based on Recurrent Neural 2 ELEC_TQlC_

Networks (RNNs) and transforrAeased e HEERY
world models using masked salftention. \ I% “”


https://deepmind.google/discover/blog/genie-2-a-large-scale-foundation-world-model/
https://doi.org/10.48550/arXiv.2503.04416

CreatingLLM/LMM:information compression
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parameters® 70 GB

Training>10 000 GEext 12 days of works000 GPU V10nits

2 min $, 1&* or trillion trillons operations
Llama® aSdl Qa 2LISYy Y2RSt0 K& 2yt & 71 Hl4dtings!
Stronger compressiogmore errors but greater creativity, unusual associations.
Precise questions (+prompt) activate LLM parameters allowing for correct associations.

Energyone image® 10Wh° smartphonecharge, 1/4 cent, but half an hour of human brain energy use!
Games and crypto mining still use much more energy than Al, but energy use has become significant.

LI NJ Y S


https://en.wikipedia.org/wiki/Llama_(language_model)

Hardware: speed, energy

ANNOUNCING NVIDIA BLACKWELL PLATFORM

‘ ' FOR TRILLION-PARAMETER SCALE GENERATIVE Al
- ¥ . ; .
| & - =

. . o

() AKHETONICS

The World's First
All-Optical
General-Purpose
Processor

Cerebras Wafer-Scale Englne

Bigger memory, faster processing and associative power, no constraints of biological brains.
New ways of computing, much more energy efficient, include neuromorphic computing,
photonics, CIMSCerebrasattempts to implement reversible computingxtropic.a)!

Taichi chiget, 161 TOPS/VQ.antphotonic chip Lightmatter3D Photonic&00-1000TOPS/W



https://www.extropic.ai/future
https://qant.com/
https://lightmatter.co/

From deep networks to transformers

encouragement

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

Each word is encoded in a large number of contexts.

Transformer modebublishedby 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 to other tokens important for semantics.

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

MatykiewiczP, Pestiand, Duch W, and Johnson N. (2006)
Unambiguous Concept Mapping in Radiology Reports:
Graphs of Consistent ConceAMIA Ann.SympProc. 1024.

embeddings, po sitional encoding

L TR LS CREELERRAT WIRE N

Self-Attention

OG0 O T O

Encoded ocutput



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
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=1839614

Output

T Fan Sf(_) Frmers Probabilies
Generative Prerained '_I'ransformersor GPTs,_ are now
the most popular algorithms for the construction of LLMs
Simple intro to GPT networks Moutube “’}‘-"j‘jj "_‘f”’”
eed
Attention: given a sequence of tokens (words, image o
patches), how relevant is each input token to other tokens?
Multi-Head
Attention vectors capture context (embedding, semantics) Attention
+ encode relative positions (syntax) of words. L
Many blocks for input encoding and recurrent processing. e
. ) . . Multi-Head Multi-Head
The generation of words/images is not unique, whole Attention Attention
context created by external prompts and current internal
activity => creativity + human alignment. Positional Bositional
Encoding o ‘r Encoding

GPT is not a deterministic algorithm, even if it was trained
to say soNetworks are containers of knowledge, GPTs are St e Sz il i
data flow systems, not programs that follow instructions. T

Inputs Qulpuls

This is why brains are not algorithmic systems. (shifted right)

Figure 1: The Transformer - model architecture.


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

Transformers and spreading activation

Predictive Alsearch + heuristics. | == e
Generative Alspreading activation networks, / L s

binding relevant information.

GPT1= Generative Prrained Transformer

Convert input data intéokens andembedthem
In numerical vectors space that preserves similarity-
of meaning(semantics) in different contexts.

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/lim

39332 variants of opesource language models \ N S\
(LLM Explorer, 16/12/2024). \ SN\ Ny

Duch WMatykiewiczP, Pestian], Towards Understanding of Natural Language: Neurocognitive Inspirations. 2007


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

OthelloGPT

Superficial statistics or coherent and grounded neural representations?

W A GPT variant OthelGPT was trained to extend a list of moves with legal
moves. The model has r@oprioriknowledge of the game or its rules.
It only predicts the next move.

W A 2layer MLP classifier takes as input internal activations of
a network, and outputs the next position. Activattortervention
technique was used to create latent saliency maps.

W Internal board representation emerged as a result of compressio i
It is the most parsimonious description of the training data.

The network plays Othello roughly like a human: by keeping a game &
02FNR Ay Alad GYAYRQ&a -GRTSeards tdniake
strategically good moves

W GPT perceives what appears in its imagery.

Black empty box: Tep prediction by the model.
Contribution to prediction: red=high, blue=low



Claude internal representations
XAl =eXplainableAl. Anthropic Claude .3

Immunology feature

@ 34Mrun @ 4Mrun 1M run

Can we understand internal representations
of LLMs/LMMs?

Immunology: activation pattern found in
multiple contexts, patches of concepts that
fit to a specific context.

A separate neural network was trained to

reconstruct the activations of LLM.
Activation patterns are treated as features o
concepts that the model has learned,
visualization shows meaningful clusters.

Duch WSetionoR,Zuradal.M. (2004)
Computational intelligence methods for
understanding of dataProc. of the IEEE 92, 771

Michaud, E. J. et al. (2029 pening the Al Black
Box: Distilling Machineearned Algorithms into
CodeEntropy, 26(12), 1046.



https://transformer-circuits.pub/2024/scaling-monosemanticity/index.html

INTRODUCING

LLM/LMM world

List of 141LLM/LMMmain models (12/2024), including 42 open source models. Hieta

HuggingFac®pen LLM_eaderboard,
from 10 min to 238 bin parameters.

Most popular LMMs, with many variants:

Google Deep Mind: Gemini 2.0, Ultra

OpenAl GPT4, GP4o, GPT41,
used in Microsoft Copilot

Meta: Llama 3.1 405B;hameleon 34B,
NvidiaNemotron4, 340B

Qwen72B (Alibaba), Deep Search
Mistral 141B

Falcon 40B (UAE).

SLM: IBM5ranitel-13B, MS PH,
Google GemmdB, Mistral 7B, ++



https://llmmodels.org/
https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard

LLM,LMM

e Nano @ Small @ Medium 808 Large 3008
Gemini-Nano-11.8B Falcon 218 Command-R 358 Qwen2,570B Command R+ 1048 Grok 23148

Inflection-2.5

Mamba-2 278 Gemini Flash 8B Mixtral 8x78 Llama 3 70B Qwen-1.5 1108
Llama 3.1405B

Phi-3-mini 3.88 Mistral 78 Gemma 2 278 Luminous Supreme Titan 200B

9 Parameters

. Al lab/group ‘ X o -
¢ LifeArchitect.ai/models & 450+ more models at LifeArchitect.ai/models-table

Multimodal systems, all modalities in training data simultaneously: Anthropic Glaude
Google GeminiPro/Ultra, severalsPT4 versions, much larger GBIcoming?
La aoOlFlfAy3a GKS o0Saild azftfdziAzyK [/ aZX fF


https://lifearchitect.ai/models/

Performance vs. training size

Performance on knowledge tests is measured with the MMLU benchmark’ . Training computation is measured in total petaFLOP,
which is 10" floating-point operations® .

100%

Developer of Al system
GPT-4 M Bloomberg

B Deephind
Pal M= B Eleuther

B Google Research

B HuggingFace, BigScience
B Meta Al

B OpenAl

W Tsinghua KEG

s Chinchila ¢ 3LM (5408)

o
—
=)
=

.l.‘ Lahia (1 ":J}

40% Lot 7y © CoRoereeRT
adivls | F )

GPT-2 (finetuned) e 8 Training dataset size

‘F’a.Lr-ﬂ (8B) 2019 ————=——= 3023

Parformance on knowledge tests

v
=
=)
=

0% _—
100,000 1 million 10 million 100 million 1 billion 10 billion
Training computation [petaFLOP)

MMLUdatabase* 16K questions in 57 subjects, from history to math.
Average human 34.5%, expert in a single domain 89.8%4 G3614%.
G/ Crrramy )

Mostly associative thinking, poor reasoning abilities. Scaling works, & OpenAl
but autoreflectionand longer deliberation is even more effective.


https://paperswithcode.com/dataset/mmlu
https://ourworldindata.org/grapher/ai-performance-knowledge-tests-vs-training-computation
LLM-grow.gif

Transformers Sparse,
LongRangelLongContext
Enhancementdylemory-
Augmented Universal
TransformersMultimodal
TransformersKnowledge
GraphTransformers
Adaptive,Parameter
Efficient Transformers
Federated Transformeys
TransformerRNN Hybrids
TransformerGAN Hybrids
and many others.
Cataloqg is here

Beyond transformers

Transformer
ALBERT RoBERTa |

DistiBERT
DQ-BART mBART

GPT-Neo

DialogGPT

Vanilla y GPT-J Dolly
Transformer

OpenAssistant
LLaMA

Figure 5: Transformers Family Tree


https://arxiv.org/abs/2302.07730v4#S2

Transformer Memory

7 iy

Cetin, E., Sun, Q., Zhao, T., & Tan{,0¥2024). An Evolved Universal Transformer Memory!‘b ,ﬁ »‘__’.

Neural Attention Memory Models (NAMMSs), a learned network for memory management that improves
performance/efficiency of transformers. We evolve NAMMSs to provide different latent contexts focusing
on the most relevant information for individual layers and attention heads.

NAMMSs achieve substantial performance improvements across multipledongext benchmarks while
OdziiAy3a (GKS Y2RSftfQa AyLlzi O2y il SEulazedzsbotirgnsférof ¥ N.
NAMMSs trained only on language to entirely new transformer architectures even across input modalitie

Behrouz, A., Zhong, P. Mirrokni, V.(12/2024). Titans: Learning to Memorize at Test Time

Recurrent models compress the data into a fesgre hidden state, attention capturing the direct
dependencies of all tokens. Neural leteym memory module learns to memorize historical context and
helps to attend to the current context while utilizing long past information.

Attention due to its limited context but accurate dependency modeling performs as a-t&nort

memory, while neural memory due to its ability to memorize the data, acts as adéomgpersistent,
memory. A new family of architectures, called Titans is introduced. In tests on language modeling,
commonsense reasoning, genomics, and time series tasks, it is more effective than GPTs.

Titans effectivelyscale to larger than 2M tokert®ntext window size with higher accuracy.



https://doi.org/10.48550/arXiv.2501.00663
https://doi.org/10.48550/arXiv.2410.13166

New architectures

Mambamodification ofstate-spacemodelsfor lineartime inference, highly parallelized training
and strong performance in tasks requiring lecmntextprocessing

Mamba (12/2023): Combines selectigtate-space models (control theory ideasith a dynamic
memory mechanism. Much faster throughput than transformers, long context up to 1M tokens,
great reasoning in posd¥lamba2 updates in 2024.

MoE-Mamba(1/2024), Selective State Space Models with Mixture of ExpaiXsv:.2401.04081

Jamba(2/2025),a hybrid TransformeMambaSSMmixture of experts architectureopen model
reasoning boost for longhain problems.

Highly quantized architecturef?arameter, +1, - 1 may be sufficient.

Ma, S., Wang, H., Ma, L., Wang, L., Wang, W., Huang, S., Dong, L., Wang, R., Xue, J., & Weli, F.
(2/2024). The Era of -bit LLMs: All Large Language Models ark %8 Bits arXiv2402.17764

Duch WAdamczalR,D N1 6 O IKSAmaw methodology of extraction, optimization and
application of crisp and fuzzy logical rulesEE Trans. on Neural Netwo2s(2001) 278306

MLP2LNalgorithm enforces quantization, converting MLPs to interpretable logical networks.


http://arxiv.org/abs/2401.04081
https://doi.org/10.48550/arXiv.2402.17764
https://is.umk.pl/~duch/pubs/00-TNN.html

Diffusion language models

Transformers work in sequential waysing masidiffusion

W Nie, S., Zhu, F., You, Z., Zhang, X., Ou, J., Hu, J., Zhou, J., Lin, YR.V&ehi, L. (2025).
Large Language Diffusion ModedsXiv:2502.09992
LLaDAa diffusion model demonstrates strong scalabilitycamtext learning.

W Inception.ai Mercury familgf diffusion large language modet#L. (. Mg runs >1000 tokens/sec.
Opens thewvayfor deepreasoninghat takesalongtime and is costlyMercury Coder available
to test code generation is working supist.

/\ Artificial Analysis

@
\Claude 3.5 Haiku
Codestral (Jan '25)

P
GPT-4¢" mint
® ©

Gemini 2.0 Flash-Lite (Preview) Mercury Coder Small

Mistral Sma%

DeepSeek Coder V2 Lite
@bmmand-R+ Qwen2.5 Coder 7B Mercury Coder Mini

x
o
o
=
o
=
=]
=]
(8]
0
7]
£
[
c
<
S
o
K
E
)
<

& _LIama 3.18B

Nova Micro

| I I
200 500 600 700 800

Output Speed (Output Tokens per Second)


https://youtu.be/W2gVx1PIbF4?si=87Fr2zgQPwTatXOf
https://arxiv.org/abs/2502.09992
https://www.inceptionlabs.ai/news




GPIn LJd aasSa Yl ye SEI
GPT4 performance on academic and professional exaexshicalreport, 03/2023.
Emergent properties, and the use of tools (plugins). Neural transformers.

. GPT-3.5 Exam Results



https://arxiv.org/pdf/2303.08774.pdf

GPQA benchmark

LARGE LANGUAGE MODELS + GPQA (SEP/2024)

GPT-3.5 =
208B PRESESIRS GPT-4 Turbo Claude 3 Opus 3.5 Sonnet
281% SE 2T (40T)*  59.4% -» 67.2%

50.4% =* 59.5%

Llama 2 Gemini 1 Ultra
70B (1.4T) 15T (30T)"
357% ‘SFlesh

Yi-XLarge
72B(3T) SenseNova 5 >48 .2996

379%  600B(10T)
42.93%
Llama 3 Llama 3

7 708 (15T) 4058
bﬂ 39.5% >48%
Human avg Chance PhD (general) PhD (domain expen)
=0-1%"* 25% 34% 65%
; GPQA=20% GPQA=30% GPQA=60%
1Q=126 Pqy . Q=132 Pqg IQ=150 Peg ge

& LifeArchitect.ai/ig-testing-ai

Rein, D et al. (2023EPQA: A Graduateevel GoogProof Q&A BenchmarkrXiv:2311.12022
448 extremely difficult questions: highly skilled rexpert validators reach 34% accuracy with >30 minutes
of web access, experts pursuing PhDs in the corresponding domains readid 5%



https://doi.org/10.48550/arXiv.2311.12022
https://lifearchitect.ai/iq-testing-ai/

Reasoning cognitive inspirations

Associationsinput =>outpult. This ISGOFAILLM associations heuristic search
Chain of though{Co'l): step by step
Tree of ThoughtéToT): search for solutions
Graph of Thought&oT): like human reasoning.



https://www.promptingguide.ai/techniques/cot
https://www.promptingguide.ai/techniques/tot
https://github.com/spcl/graph-of-thoughts

