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Nadchodzi czas symbiozy
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Technologiczne Tsunami

Czy innowacje i nauka bkez3 S y All masszanse?

ChatGPT << Al, 1800 publikacji varxiv.cs.al I 6 R
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Dilemma Shouldl stay, or shouldl gonow? ST iz
If | go,there will be trouble, andif | stayit will be double 2 S
Socomeon andlet me know X


https://arxiv.org/list/cs.AI/recent
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MIND THEORIES
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Substrat dla inteligencii

Tufts University MLevin Lab :

A Wider Continuum of
926{)\@270)\ LJ2 |

| D202y 80K aeaf
LYGSNF {102 (12Ys

Duch W (1994 TowardsArtificial
Minds. 1stConfb NemralNetworks
and Theirapplications, Kule.

Duch W (199¥Platonicmodel of

mind asan approximationto

e What will their
In: Brainlike computingand hahaviar be. it
Intelligentinformation systems ed. : ; anatomical as well
Si Amari, N.Kasabov \ Y as 3D spaces? If

we can't rely on
genetics+history...

What else is
there?!



https://as.tufts.edu/biology/levin-lab
https://is.umk.pl/~duch/pubs/96artmind.html
https://is.umk.pl/~duch/pubs/mind-2.html
https://is.umk.pl/~duch/pubs/mind-2.html

Michael L:evin: merphegenesis

w Imagine space of all stable physical/metal forms. 3D printer for passive or active materials.

w Anatomical compilertranslates instruction for active agential material, like cells.

Lacrymariaolor, single cell,
no brain, predator,
paralyzingts prey.

Passive material Active material Computational material Agential material é

100

Planarians with 3 heads.
Platonic spaces of new
organisms like Anthrobots.
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o Zmysty dziataja
natychmiastowo: Kijanka
widzi i uczy sie otoczenia bez
klasycznego potaczenia z
maozgiem.

* Brak koniecznosci ewolucji:
System rozwigzuje problem
nowej architektury ciata w
czasie rzeczywistym (Zero-shot
learning).

A NotebookLM



Platonski Model Umystu: Od Neuronow do Mysli

Wyjasnienie, w jaki sposéb Platoriski model umyslu stanowi pornost miedzy skomplikowang
neurodynamika mozgu a wysokopoziomowymi procesami psychologicznymi poprzez
geometryczne przyblizenia.

Obiekty Umyslowe to
Hi hia Przvblizeri M6 Cienie Atraktoréw
lerarchnia 1Zzen vMiozgu ) . To, co w mdzgu jest zlozonym
rzy g (™) Problem luki poznawczej (o) ZorCem pomdzet neuroncw
s : atraktorem), w modelu platoriskim
Neurodynamika jako fundament g f,‘ m@%aaﬁ'ﬁ?ﬁ ,{f,g"“,’,"n‘,’;‘,f;’?,;;‘,'"“ staje sie rozmytym “obiektem"
Na niekim poziomie mézg dziala jako stozony czesto zbiorem Yuz'no powigzanych | w przestrzeni cech.
system dynamiczny, w Morym abtywnosé tematow, Model Platonski ma stac si
neuronéw tworzy 'alraktofz' - stabline stany wspéinym jezykiem dla obu tych dziedzin.
reprezentujgce konkretne dane sensoryczne \

lub kognitywne. \

| Neurodynamic | Perspective

RO

0d Czasteczek do Symboli m: g:qi:tglps;.gnm
Funkcjonowania umyclu mozna badac na wynika bezposrednio

wialu posiomach, od poziemu molekularnego z ukezteltowanle przestrzeni cech
i cyneptycznege, prezz lonaine sieal neuronowe - szybkie, bes| nie reakcje s3
i mepy tapegrafiszne, ez 6o systemy skutkiem odiemosci i gestusc
operojace na symbolach i logice obiektow w tej przestrzeni.

Fundamenty Modelu Platonskiego

- Przestrzen Cech (Mind Space)
/ Wielowymiarowy ukled trzadn
operty na oech'z:h tepre“z'gg?a ’?(upy.ch
kolor. keztalt, dzwiek), sluzacy jako
arena dla zdarzen umyslowych.

- < § Stan Umyslu jako "Reflektor”

Aktualna mys! lub percepcja jest

. reprezentowana przez punst

\ ~N w przestrzeni cech, ktdry porusza sie,
‘ aktywujge koiejne obiekty umyslowe

niczym swiatlo reflektora.

Embeddingvectors

Struktura i Dynamika Umystu

Najwyzszy poziom - Przestrzeri Umysiu (Mind Space)
e Odpowiadajace pamieci Irdtkotrwalej

‘ e \‘ Czasowe
Ewolocyj
) i

| Uczenia sie Zjawisko Maskowania (Masking)
(sninnia topografil)  wyiaénione Jako bezwladnosé stanu

| A i kiotau (ponizej 500ms), stan umysiu

@ (szy!kjg nie zdezy dotrzec¢ do obiektu percepcii,
| stromienie my#i1) zanim zostanie wypchniaty w innym

J kierunku preez kolejny bodziee.

Realizacja: Feature Space Mapping (FSM)

i Sie¢ FSM - Statyczna weraja modelu
Neuroruzmyta sle¢ realiegjgca model poprzez

- = octymaci:g‘estcs’d prew i abledsggg. pozwala na
3 kategoryzacje danych i ekstrakcje regul logicznych.

a Pomiar Podobienstwa

BN
O mEE
Model wykorzystide trie Finslers,
/ gdzie omg»é’c mlegzy pojeslami zalezy od
/ czase potrzebnego na_pgz‘szde miedzy
é ich omkte;ekfl;\, ag;'eplgd . 3je
asymetri¢ skujarzefi ‘
A NotebooklM
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Inteligencja | kompresja informaciji

Biologiczne sieci heuronovite Sztuczne sieci neuronowe

Stany poznawcz@ Aktywacje reprezentacji _ “
w Inteligencja: skojarzenia i rozumowanie.
{ASOA R212ydz2enN 12YLINBa2A AYyT2NYI
FyEFEfATLF 206NYX1Tdz I'p YAt AZ2Ye LIA 1 & St

NRET LRTYlIYAS 20Nl 156> aSyadz LRGIl Y
Kompresja muzyki (mp3) czy wideo (mp4) jest zwykle stratna.
wasl IA OANIES R212ydzenN 12YLINBaz2A
gl oye 2SailzapmAisaingé Oa SWaE D e
Ol SYAS aat fdRIAZ 2F1 A LINI Si4 N,
2 12YLINBaal AYyTF2NXYIFO2AY &aiz2VYL} A\ Bk

I f 32NRBGYe dzO1 SyAl Yl aleyz2¢S32 2LAS
Algorithmicinformation Theory(AlT), MinimunDescriptionLength(MDL) ...

uuuuu



NVIDIA’s
Blackwell

New powerhouse
fueling the next
wave of Al
innovation.

...........
.............
.............
...............
..............

oooooooooooo
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Corebras Wafer-Scale Engine Metasurface

Nowe sposobyrzetwarzania informacjmetapowierzchnieptyczne Neurophog, neuromorficzne
(Intel/IBM), analogoweNlythic.a), kwantowe, organoidortical Labs CIZD0 000 cells chii

2 At 1all LI YAtozZ aleoal S 122F NI SYyAS> oNIF1 23N
Al: 3900 x mniejsze koszty/rqEpoch.gi. Telefon IW G OdzY I OT & yI o0ASdoNO2



https://flipboard.com/@wlodzislaw/computing-3ob4ptmsy
https://www.neurophos.com/
https://robocloud-dashboard.vercel.app/learn/blog/neuromorphic-robotics-2026
https://mythic.ai/
https://spectrum.ieee.org/biological-computer-for-sale
https://ai-2027.com/_next/image?url=%2F_next%2Fstatic%2Fmedia%2FepochLLMprice-nowatermark.824fa343.png&w=1920&q=75

The Physics of Grokking: Why Neural Nets Suddenly “Click”

Grokking is a phase transition where a model switches from rote memorization to discovering underlying rules,
often after a prolonged performance plateau, driven by the interplay of complexity, noise, and regularization.

THE TRAINING TIMELINE

100

~l
w

a
o

Accuracy (%)

25

/fTr'aining Accuracy

The Generalization Jump
(Grokking Point)

e e e e wn

{f“’—

The Memorization Plateau —‘j
. - L Test Accuracy |
2,000 4,000 6,000 8,000

Training Steps (in thousands)

Smooth  Stepped STATISTIC

LDaS = TeeRuIneY e accuracy looks like a
cliff, "loss" reveals a gradual
ramp toward generalization.

10,000

ENERGY LANDSCAPE (Loss Surface)

’ Optimization Noise
Memorization Valley (Temperature)
Wide, easy-to-find region
of "patchwork” solutions

Phase Transition
The model “drifts” until the rule-
based strategy becomes the

most stable, economical state Rule Basin
(The Tipping Point). Narrow, highly structured
rule region.

A NotebookLM



Smartsilicorn MIQ of Al

@ Offline Test hiensa Monway

Al 1Q Test Results o e = [

Mensa Norway 1Q Scores (Average of last 7 tests)
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é_. Dpendl GPT 54 Fra (Visian)

£ Opendl GPT 5.5 Pro (Vision)

& Opendl GPT 5.5 Pro
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2 Muse Spark Thinking

% Gemim 3.1 Pro Preview (Vision)
Kimi K2.6

£ Openal GET 5.5 Thinking

*. Gemini 3.1 Pro Preview

5 Opendl GPT 5.5

¥ Cwen 3.5

® Claude-4.7 Opus Adaptive Thinkine
@ Clsude-4.7 Opus

‘ Muse Spark

& Opendl GPT 5.5 Thinking (Vision)
& Muse Spark Thinking (Vision)
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@ ruse Spark (Vision)

@ Grok-4.20 Expert Mode (Vision)
o DeepSeak V3

E Openal GPT 5.5 (Wision)
Perplexty

= Gemini 3.1 Flash Preview

W DeespSeeck R1
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k} Bing Copilot
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& Claude-4.6 Sonnet (Vision)
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Superhuman chess, go, Reinforcement Learning with Verifiable Rewards (RLVR).

i

118
91

100 120 140 160

At the beginning of the 2024 highest results were < 100 points, now frontier models > 140 poir iz
They reach close to perfect scores on many benchmarks, including Turing test, and Dennett te

-


https://trackingai.org/home

GPQOA benchmark

Kata GO ELO >6000,

LARGE LANGUAGE MODELS + GPQA (SEP/2024)  M# ludzie 3,600i 3877
.. Dzi nki RLVR

GPT-35 Lo Y Clatiners opus hons St ~ 95.5% Gemini Pro 3.1

208 :
‘ 38.4% 46.5% 2T (40T)* 59.4% —» 67.2% A
== 50.4% —» 59.5% S 92.0% GPb.4

Llama 2 Gemini 1 Ultra \ ‘i :' 89 c 7 % C | au d e O p us

70B (1.4T) 1.5T (30T)*

2020 Sl ssw 5] EeBGen, U GPOA vals.ai

Qwen2 YiXLarge N S >
72BN SenseNovas g 5o L dzYl VAlUue Qa |

~ Liama3\E & Liama 3 sl 53.1% Claude Opus 4.6
70B (15 4058B X o .
R 305% >48% 51.4% Gemini 3.1 Pro

Human avg Chance PhD (general) PhD (domain expen)

=0-1%" 25% 34% 65% = 51.0% Klml K2
GPQA=10% GPQA=20% GPQA=30% GPQA=40% GPQA=50% GPQA=60% GPQA=T0% PQA=80%
W 2025<4% GPT 40

IQ=126 Po . Q=132 P IQ=138 Pyg . IQ=144 Py, 5 IQ=150 Peg ox

& LifeArchitect.ai/ig-testing-ai
w Rein, D et al. (2023EPQA: A Graduaieevel GoogkProof Q&A BenchmarkrXiv:2311.122

wnny S1adNBYFIfyAS GNIzRy@OK [T I RIFIZY fdzZRTAS I R
Internetu przez 30 min, eksperci z doktoratami w danym obszarze/d8%o



https://doi.org/10.48550/arXiv.2311.12022
https://lifearchitect.ai/iq-testing-ai/
https://www.vals.ai/benchmarks/gpqa
https://llm-stats.com/benchmarks/humanity's-last-exam

" &1 dzLJA B
0§St A3ISYyO2A R2 geéj
| Y5Adgl5k dovd)58. 2N 0S 2

I gey2ar 21202 T
1035 NBE T Faydzn f

Measurements above 16 hrs are unreliable
with our current task suite

16 hours Claude Mythos
ehoursa stimallv reduce the size of a languade model Claude Opus 4.6 @ Preview (early)
Models are succeeding at increasingly long tas ET1 ~ptimally requce the size of a language mode ) o

‘. {

4 hours -+ Train adversarially robust image model e (.-
4

o3¢, ,

o
ol@

ol-preview {p

Thour Train classifier

o
()]

Find fact on web o
®

Release Date

Success Probability
o
N

Count words in passage

o
N

GPT-35@

Answer question

1sec 4 sec 15 sec 1 min 4min  15min 1hr 4 hrs 16 hrs 2d GPT-3 8
Task length (human time-to-complete) '

=“lecpPT-2

2020 2021 2022 23 2024

Time Horizon 1.1 (Current) v Log Scale Linear Scale 50% Success



Classic reasoning benchmarks
like GPQA are saturating

Accuracy
100%
GPT-54 Pro
Gemini 3 Pro 7—’
@ —@
o
75% o1 ..9'
®
Claude 3.5 Sonneﬂ
50% J‘
P
et}
GPT-4
4 il
25% Random baseline
2023 2024 2025 2026
= EPOCHAI | CC-BY epoch.ai

MATH OLYMPIAD
(AIME / IMO Level)

\V/

Competition math:
number theory, geometry,
combinatorics, inequalities.

MILESTONES

» 2024: OpenAl ol achieves
B3-93% on AIME 2024
{qualifying exam).

+ 2024: DeepMind
AlphaPreof & AlphaGeometry 2
solve 4/6 IMO problems
{siver medal level).

Example IMO-style geometry
or oumber theory problam.

2024-2025

PHD LEVEL /
RESEARCH MATHEMATICS

.

Graduate-level theorems,
abstract algebea, real
analysis, topology. PDEs.

probability, etc.

« Al systems solve deep PhD-

lwwwd problems with step-by-
step proofs in many areas.

« Better at Merature search,

conjecture exploration,
and formal verification.

Example: Prove a nontrivial
leenma in algebraic topology.

TIER 4 FRONTIER

PROBLEMS
(FrontierMath Benchmark)

stk

Unpublshed, expert-level
problems at the edge of
human knowledge.

= FronteeMath Ter 4 containg

research-level problems
that requife crestivity,
deep insight and loag
'“wwd"‘ ‘

« Al systems begin solving &

subsat of Tier 4 probleems.

Exampie: Tier & problem in
mmbc!\tory.'ooml

— I

NEW DISCOVERIES
& ERDOS PROBLEMS

w3y

Contributing to open
problems, conjectures,
and mathematical
discoveries

* 2025-26: Al systeens
make progress on long-
standing open problems,

» 2026 Al (with human
varification) finds
counterexample to the
ErddSs Unit Distance
Conjecture.

Example: £rdds Unnt Distance
Conpetive (doaproven)

88%

Claude Fable 5 {(max)

GPT-5.4 (xhigh) +

GPT-5.2 (xhigh) +

5%
®

-

Oct. 2025

Jan. 2026

1

Apr. 20286

Al cﬂ-mathematic%n f



Model size (billions of parameters)

Exponential growth of LLMs stopped Nvidia GB10, modele 200B, Edge

10000 ' Comp

GPT-4
1000 Maqat T”"
agatron:-Turing
e x\ Grok Llama 3
GPT-3 | o *
./ \1 f[\\ / \\
100 p \ ;  Llama 3 70B f \\ Qwen2.5-72B
| / \
/ \ [ Q / \ Q
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1 \ \ \ ‘ ) \
,/’. I A GPT4-mini Mistral-NeMo-Minitron PLLUM-
" / L3 Gemmi 1 oFah sy /B/138
: f v | o
/ Gemma28 @ De;‘nt’.lbe emint 1.5 ash “he \ Mlnliﬁbﬂﬂ?B/llB
GF;T’Z ° Llama-3.1-Minitron ~ ,™ ~-@
1 . \ / Granite 2B
BE.F}’T 2024: development of SLMs ¢ Qwen 3.5,
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https://deepmind.google/models/gemma/gemma-4/
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Specialized
AGENTS
tside of

Future: humans with specialized multiagent teams.
ExamplesStanfordResearctBiomni Tsinghua Al Agent Hospi(@/2025)

Agent SocietyTsinghua) simulation of 10.000 agents!
SocioVerse 10minrealworld users derived from soctatedia data, profiles used

to instantiate agents that are statistically representative of actual populations.



https://www.tsinghua.edu.cn/en/info/1245/14224.htm
https://www.arxiv.org/abs/2502.08691
https://github.com/FudanDISC/SocioVerse

Inteligencja Kolektywna: Od Zespo’fow Ludzklch do Systemdw Multi-Agentowych Al

Fundamenty Inteligencji Kolektywnej

(\ Czynnik ,c" (C-factor)

Synergia ponad agregacjq
|

Istnieje ogblny czynnik inteligencii grupy,

ktory przswidoje (¢) sukces w roznych ercepci
zadaniech lepiej niz $tedule lub maksy- s:olecpq:i
maine 10 poszczegdinych czionkow Bez ieczm
pieczeristwo
Kluczowe predyktory sukcesu psychologiczne

WyRo'u czynnik

o jest slime
skoralowany
Z pragcryme
wiazinvascia
spoteczng czlonkow

réwnomiamym
rozklpdem
glosow

w dyskucii
(tum-tasing)

inteligencia kelzktywna to whasciwo$¢ grup, ‘% I-
w ktdrej wspelne d hatania jest =
systematycznie bardziej ef thywne niZ suma

dzielafi cztonkow pracujgeych w tzolec)i

Porownanie: Ludzie vs. Agenci Al (MAS)

Cecha Ludzka inteligencja htoligencjl Kolekty\ma
Kolektywna
Mechanizm koordynacji  Wrazliwosé spoleczna, emocje Standa JSONmAPl)
Model specjalizacji (mta mo;e.wls) Profile agentw (Agent Cards) w?::zp:l:ciy']‘:fé i
Zmeczenia komunikacyjne, Kaskadowe uczenie si

Gldwna stabosé ol ol e ol ¢
Podejmowanie decyzji Dynmménormy oeterm"ig'tmp;:tokofy
Skalowalnosé gvger?hniczona umz:'; Ogtaniczotiulaa;:;zneqp:stowoédq

Fundamentow
Inteligencji

Kolektywnej

Réznorodnosé
poznawcza
i Niezaleznosé

osqdow

10

Rownos$¢ komunikacji
i Przejrzystosé

Pulapka synchronizacji bledow

e

) chambeu (tzolacjq Info:macyinq)

Czynniki przejscia z Cl do CS

Kolektywna Glupota i Jak Jej Zapobiegaé
Soadek zaufania, wzrost lgku,
flwowanie mfommil onz presja na

ﬁ?f —

Mechanizmy mitygacji w Al
QL /2 stosowme i :Novetole il (o5a0 rtatec
ie podtodzem danych (pcovenance)

Piramida D keji Systemo
mmm y_if:n c]uSy emow

. Buak dboledel o wyoits
4, Unikanie odpowiedzialnosci
3. Brak zaangaiowania
2. Obawa przed konfitktom

1. Brak zaulonie

~ Rozwigzania systemowe
e A e ot

obiektywnych metryk weryhkacji wynikow.
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“When | talk to ChatGPT,
| feel as if another
neuroscientist is
speaking to me.”

- Terry Sejnowski

GIGO: The model reflects the prompter’s personality.



Synchronization of minds

Hyperscanninghows that:
(W Better synchronizatioe greater understanding.

Synchronization increases with shared activities:
narratives, reading, watching videos, performance.

Verbal/nonverbal, delayed/anticipatory.

Participation in social networks enables the predictiol
of joint social behavior. BCI

Shen, Y. L. et al. (11/2028)eural similarity predicts whether (braig
strangers become friend&Nature HumarBehaviouy 9(11).

Symbiosis: LLMrain synchronization via language?
Neurodynamic& substrate dynamics.
Hoel9 t & XononiG. (2016)Can the macro beat the micPo

Integrated information across spatiotemporal scales.
Neuroscience of ConsciousneX¥l 6(1)



https://www.nature.com/articles/s41562-025-02266-7
https://www.nature.com/articles/s41562-025-02266-7
https://doi.org/10.1093/nc/niw012

Resonance of Al agents with human brains

In humanrAl teams (HAT) mutual theory of mind can arigd ¢M).
Agents that solve Theory of Mind problems help us to understand our own intentions.

W Zhang, S. et al. (9/2028)utual Theory of Mind in HumaAl CollaborationAn Empirical Study with
LLMdriven Al Agents in a Ret@ine Shared Workspace Task.

W Duch W. (2025DigitalinteligentBeingsInt. Joint Conf. on Neural NetworddCNN 2025), Rome.

Stories of Humal
Connection
or bot addictions.

Japan: about 4000
symbolic marriages
with avatars.



https://doi.org/10.48550/arXiv.2409.08811
file:///D:/public_html/cv/25-DIB paper-5951.pdf
https://2025.ijcnn.org/
https://www.youtube.com/results?search_query=Stories+of+Human-AI+Connection
https://www.youtube.com/results?search_query=Stories+of+Human-AI+Connection

Human memory is not a filing cabinet; it is a gravitational field

%

,_/ﬂ/ls interacting with us r

Shepard (1987): Distances in
mental space equate to
similarity.

Tenenbaum & Griffith (2001):
Bayesian frameworks dictate
the depth of the wells.

eijlect our mental states (red basins).

|

Neurodynamics: Learning is the
physical carving of this topology
through repeated neural firing.




The Dynamical Microscope: Decoding Motion in Multivariate Signals

_dz] Fulimian + WD
THE ANALYSIS PIPELINE VALIDATING REGIME RECOVERY

CIRCULAR PHASE- GLOBAL REGIME
AMPLITUDE ENCODING (Fastest, Broadest) SENSITIVITY TO

Converts multichannel signals into TOPOLOGY CHANGES:
features that preserve phase geometry (Fé?orréae\'vg;k ‘g:gcs ;?l"r::nsmg;

and amplitude modulations. occupy overlapping space.

HIGH DISCRIMINABILITY
(n?>0.5)
Mean speed and
explored variance
show the strongest ability to
differentiate dynamical regimes.
MEAN SPEED: 4.14
EXPLORED VARIANCE: 26.7

.“.\

COMPLEX OSCILLATORY DATA
(Multichannel Signals)

EXAMPLE: KINETIC ENERGY
AS ACTIVITY PROXY:

Captures “reconfiguration effort”
and intermittent bursts that simple
mean speed metrics often obscure.

LATENT TRAJECTORY 7
CIRCULAR PHASE- MAPPING POST-HOC DYNAMICAL RING REGIME SPARSE REGIME

AMPLITUDE ENCODING An unsupervised autoencoder QUANTIFICATION (Slowest, Confined, Highest Curl) (Intermittent Bursts)
Converts multichannel signals into maps high-dimensional data Computes velocity, flow fields, MEAN SPEED: 3.26 MEAN SPEED: 3.45
features that preserve phase into a smooth, continuous latent and geometric metrics directly EXPLORED VARIANCE: 15.9 EXPLORED VARIANCE: 181
geometry and amplitude modulations. coordinate system. from the learned latent paths. CURL (Circulation): 16.5 CURL: 1.05
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The Neural Architecture of Conspiracy: How the Brain Encodes Distorted Beliefs

THE BUILDING BLOCKS—MEMES AS “ATTRACTORS"

i-Memes: Physical Brain States

Unlike cultural "e-memes,” "i-memes"” are intemal,
quast-stabls associative memory attractor states
within neural networks.

P P
A )
ol M-
Semantic Atlas of the Brain - | “,N“‘... \
Specific obLects and actions A
evoke synchronized &)
patterns across

across distributed brain
regions, forming a “map”
of categories and meanings.

¢

Object A Action B

The Strength of Associations:

Frequent transitions between neural patterns increase the
probabiiity of association, eventually blending aeparate memories
into a unified "memeplex.”

' Tu" ||h..

THE RFHN PROCESS—~HOW DISTORTIONS FORM

Phase 2:
Rapid Information Dverload

Phase 3:
The “Freezing" Event

A

Phase 1;
High Emotional Aronsal

Dopamine -/
L]

54 3
Serotonin S
Faithful Learning (Slow & Steady)
Slow learning with stable plasticity
allows neural "nopes” to distribuie evenly,
representing reality without gaps.

Plasticity Spike High Plasticity Plasticity Drop
Uncertainty or stress High plasticit{ allows the As emotions subside,
triggers the release of brain to quick lasticity drops shat})ly.
neurotransmitters, causing absorb potentially relevant ocking in the newly formod

a spike in neuroplasticity oues, even if they are (and potentially distorted)

for rapid learning. unverified or overlapping. neural connections.
Resistance to Contralliation
Confabulations Incroving Conspiracy

Facts Memeplex

Facts that disagree with the
memoplex acruss only weak
activations and are ignored or

pulled toward the stronger

The Result: Distorted *conspiracy” attractor stats.

Attraction Basins
The brain is left with a memeplex
where many neurons encode information
that was never actually presented, leading
to talse associations.

Confabulations

understanding the un

VISUALIZING THE DATA SPACE (FAITHFUL VS. DISTORTED)

Cape
. (Confabulations)

Distorted Learning (Rapid & Frozen)

Rapidly decreasing plasticity creates
high-deneity clusters (inemes? separated
by large gaps where up dele exists,
leading to “confabulations.”

The Stability of the Lie
Once these clusters are frozen,

they become “sinks" that attract and

distort all future incoming facts to
match the existing theory.

WHY CONSPIRACIES PERSIST

The “Big Lie" Effect

= FALSE e
INFORMATION Ji

Even false information, if repeated
frequently or learned during
high-arousal states, creates a
dominant attractor basin that
becomes “truth" to the brain.

&(i‘ As noted by Robert Sapolsky, we cannot understand complex
@ social behaviors like z(xiggression or belief without first
N erlying biology.
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Nowoczesne
Architektury Agentowe

> [

Agenci Al: Od Prostych Refleksow
do Sztucznych Spoteczenstw

Ewolucja Agentow: —
0d Prostoty do Ztozonosci N\ Rzl Daiisaia uszqcy slena Y
= ; o \ uodoh UM m Agent wytumlqo ~o
Agent z Funkcjq Uzyteczn 7’-.\ I.bqo,coposvnhn MMMMM
| Ocenie m u fmkcjl ’ '- m i interekeje mmw‘
» pode]mowmfe duﬁzgl w mhl
X sprzeoznysh celéw
\ "najlepszego” rozvdqzem RAG: Vlledu z Zowngtrz Tool Use: Agent jako
\ mo (Retrieval- ugm ed Uzytkownik Narzedci
\ 4. AgentzCelaml U UL o Bl sk @8 mmﬁ ogramy, wyszakiwackd),
\ cie poadane stany z zewngtrznci basy dsnych aby radama
» oo EIEEEE, | W R
° .06y o el smakinie i ' v

Czym jest Agent Al?

Kazdy system, ktéry odbiera informacje 3. Agent ze Stanami Agenci w Praktyce: Przyktady Zastosowan
z otoczenia i na nie reaguje. o Wewnetrznymi
i Posiada wewnetrzny model - —
) $wiata | pamieta poprzednie v _ \\
S

Sensory i Efektory: Poréwnanie

2 &

\: na
$rodowlsko z ;
Calowisk: _Robot: ~ Program: e s
Agent dziata w petii: postrzega kamesy, Z Gzias .
§rodm3§mko przetmr’rgl w}megakcje o A g e el i niea

Przyszios¢: Sztuczne
Spoteczenstwa Agentow

4&8@

\\><( /
&
Systemy Wieloagentowe
Grupy Wlm'
wspolpraoujq ze
del danie l i
:gyﬂi!c 23 *f;o wnhe )

Simulacrum:
Cyfrowe Bllzniaki Ludzi

ostagajac 93% diagnostyczne)
w chorobach oktadu ooilechowego
“obeluzeniu® 10088 pacjentdw. -
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