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Al dla Fabryki Innowac]i
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Skojarzenia, rozumowanieksponencjalnyvzrost i superinteligencja.
Stateof-the-art (SOTA), czyli stan obecny.

Al dla nauki, odkrycia i wielkie plany.
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Dilemma Shouldl stay, or shouldl gonow?
If | go,there will be trouble, andif | stayit will be double
Socomeon andlet me know X

Duch W andDiercksenGHF (1994Neuralnetworks agoolsto solveproblemsin physicsand chemistry
ComputerPhysic€€ommunicatior82: 91-103



https://arxiv.org/list/cs.AI/recent
https://is.umk.pl/~duch/pubs/94-nnfit-abstract.html
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NVIDIA’s
Blackwell

New powerhouse
fueling the next
wave of Al
innovation.

() AKHETONICS

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

Cerebras Wafer-Scale Englne
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https://spectrum.ieee.org/biological-computer-for-sale
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Base Scaleup of Effective Compute

// » Automated Al
e Researcher/Engineer?

GPT-4:
Smart High Schooler

GPT-3:
Elementary Schooler

GPT-2:
Preschooler

2018 2019 2020 2021 2022 2023 2024 2025 2026 2027 2028

Based on public estimates

SITUATIONAL AWARENESS | Leopold Aschenbrenner
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Relative (inference) cost of ~50% performance on the MATH benchmark

1000
Minerva 540B (maj@64)

GPT-4 (on release, few-shot)

Relative Cost

Gemini 1.5 Flash
(few-shot)
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Transformers and spreading activation
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Predictive Alsearch + heuristics. | ),

Generative Alspreading activation networks, binding =/

relevant information.

GPT= Generative Prerained 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 interpretatic
¢ select subgraphs of tokens. S g

LLM visualization https://bbycroft.net/llm N

Over 51 550 variantsf opensource LLMs, including SRR
>3000for fine-tuning LLM Explorer24/10/25).

..

Processing clinical text with domaspecific spreading activation methods. US Patent US8930178B2 (1/2015)
Duch WMatykiewiczP, Pestian], Towards Understanding of Natural Language: Neurocognitive Inspirations. 2007


https://bbycroft.net/llm
https://llm.extractum.io/
https://llm-explorer.com/
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W Predyktywna Alanaliza danych, szukanie.

w Generatywna M a4 A SOA NEIT OK2F
F1G&g6l O2A X OMmBdmAadgé OK
WGPTOHAMTO I ISYSNrGegy.

transformery.

W5FyS ¢S 2 tokenry2>poSadzarie
(embeddlng W przestrzenl wektorowej tak,
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Gasyt 3/ue°[7\u g NbOyeOK

W¥%eNI OF2 dzgl It yI LI2JA
tokenamE R2RIF 2 GF 1N AyT?2
NELINBT Syl O2Asx domeéa i
aAS0 2RLIRgAFRIOG yI Lk
Wybierz podgrafy skojarzonych2 { S.y' 5 &

Duch et al., Towards Understanding of Natural Language:

LLMvisualizationhttps://bbycroft.net/lim N > Mt
Neurocognitive Inspirations. 2007



https://bbycroft.net/llm
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GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Kompresja | generatywna Al

Generator

G(2)

Decoder

y

po(x|2)

Inverse

Discriminator -
1 D)
x M Encoder
q4(z[x)
Flow
X — »| Z
f(x)

v

|72

Wiele metod kompresjii
reprezentacje w ukrytej
przestrzenilatent) z.

GAN(2014),VAK2022),
Flows(2019) modele
dyfuzyjne(2015),EBM,
Energybased models

Informacjajest znacznie
LINPAGAT X Yy,
mamy fragmenty

dzZl OF Ry X BA DI O
obrazy czyeksty.

Polecenigprompty)
ul O Rdg@ddy
g ailzel NI 2yn
asSyazesyn OF O


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
https://arxiv.org/abs/2406.13661

Wiele modeltext-to-image, lultext-to-videosystems korzysta z modeli dyfuzyjnych:
Stability! L { Gl 0f S S5AFFdzaA2y > hLISYy!L 5!/'[[i9 H
Language to Image Diffusion for Generation and Editing), Midjourney.

¢N) YAaTFT2NNYSNE [ [ atokednNI S
1 fS Y2RStS ReéTdd eg2yS
Take | { L2 2| ¢ Mle2d NI DSy
/T& Gl Y23an LRgaidl gl
w czasie dyskusjithception.ai Mercury family
Wideo @depthfirst naYT.



https://www.inceptionlabs.ai/introducing-mercury
https://www.youtube.com/@depth-first

Model size (billions of parameters)

Exponential growth of LLMs stopped
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Phi-4 offers high quality results at a small size
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The Power of PromptingMicrosoft Research

Ensemble

w/ choice shuffle Ej [J (+2.1%) 5x Choice-Shuffle Ensemble Layer

kNN, few-shot, [ (+0.8%) kNN Dynamic 5-Shot

chain-of-thought |

=

Random few-shot, @ [ (+3.4%) GPT Self-Generated CoT

T_, chain-of-thought

A
Random few-shot '\
= 0000
AN
Zero-shot @ s

[ (+2.2%) Random 5-Shot, One Token

MedQA Accuracy

B (Simple Prompt) Zero-Shot, One Token

Figure 4: Visual illustration of Medprompt components and additive contributions to performance on
the MedQA benchmark. The prompting strategy combines ANN-based few-shot example selection,

GPT-4-June
{Medprompt)

GPT-4-generated chain-of-thought prompting, and answer-choice shuffled ensembling (see details in

Dt ¢ &l dzZll ai122F NI SZX 02 VyI2LASNB YA LINJ & OK?2


https://www.microsoft.com/en-us/research/blog/the-power-of-prompting/

AlphaGo Zero: nadludzka inteligencja

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

2022 Strategg Diplomacy

0
llllll

tc b3 & 2]
e, e
nm

o

Elo Rating

''''''
ARARaN ANLELR:
ﬂﬂﬂﬂﬂﬂ

llllllll
AAAAAAAAAAAAAA
¥
ARARARS  FRAARIEAR

10 15 20 25 30 35

lllllll
L.

lllll
::::::
B e

=== AlphaGo Zero 40 blocks  s==+ AlphaGo Lee ssee AlphaGo Master

Nadludzki poziom w Go. Najlepsi ludzie 38300 ELOG0Zerdb500 ELCKataGQponad 6000 ELO.
MCTreeSearcb IOt 021l 20Syl 61 2NDs¢ bb 2F 12 KSdzNE
6Ol ay S[2dzZRI2ZILIA AdgbA SRI | A Gdz@ISS yaMS  fydeRSIAMaNI@K ya G NI
Shocking newsRuossX B@enewelin T. (2024)GrandmasteilLevel Chess Without Search.
arXiv:2402.04494Blitz Chesd1 NJ y 4 T2 NY SNJ Y 2 R S, fl-ErokHczystaaintuick NJ Y S { |

C
C
A



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

Basic Input-

Output (I0) [This work]

Input Backtracking
InPUt Branching out Y x from a chain
from a chain ; /‘/ ; ' \
! L)
- = 4

Output

Thoughts:
Unscored

‘ Aggrcgatlng

Aggregatin
Egha;:ns £ thoughts

Positive
score
@ Negative

S score : Key novelty
Abands hi Y
Dependencies Output A E}b eyo"g CoT-Ssa)l:
enerating seve;
between thoughts (Iﬁey no;t:l:tyT) Sclecting new thoug%ts based Intermediate
Key novelty: eyond Col): o on a given arbitr: thoughts are
Abandon thiought oo Hamessing multiple 2 hain with Y e also scored
LLM thoughts independent chains it further, and possibly
within a chain of thoughts backtracking from it

Key novelty (beyond ToT):
Arbitrary graph-based thought Output
transformations (aggregating

thoughts into a new one,

looping over a thought to

refine it)

.. Backtrack

Skojarzenia: Q=>A GOFAI! Skojarzenia LLM=> szukanie.
| Z O dzO CoTYkeok (o kroku.
5 NJ_S ¢ 2(Tod)&stukahie
D NJ ¥ & (Galgrbzumowanie.
{ OKSYlI (& YelftAo
Szukanie i skojarzenia jako heurystyki ael f A aludhd. sl yS



https://www.promptingguide.ai/techniques/cot
https://www.promptingguide.ai/techniques/tot
https://github.com/spcl/graph-of-thoughts
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MedQA Test Accuracy Over Time
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Zdalne porady Al kontra lekarze
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(2023). Comparing Physician
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https://is.umk.pl/~duch/ref/PL/25/2508-Psychoterapia.pdf
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https://youtu.be/-4SnyPWzxwE?si=9HOzvywroyZwtXus&t=1785
https://youtu.be/-4SnyPWzxwE?si=9HOzvywroyZwtXus&t=1785

in almost every technical task.
pERFURmHnGE Humans still lead in HullBReslEaE
understanding and reasoning]

IN TECHNICAL TASKS which involves questions across

disciplines that include charts,
maps, tables and images.

AI models have rapidly improved -
= and now exceed human performance AI C Lud Zle

Al performance vs human performance on select benchmarks

Perfomance relative to
the human baseline (100%)
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20% 2000 2004 2008 2012 2016 2020 2024
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“ Reading handwriting (MNIST) Basic English language understanding (GLUE)
2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 Speech recognition (Switchboard) @ Multi-task language understanding (MMLU)
@wsuAL Source: Stanford University, Image classification (ImageNet) “® General problem-solving (Big Bench)
CAPITALIST 2025 AI Index Report
COLLABORATORS  RESEARCH + WRITING Niccolo Conte | ART DRECTION + DESIGN Sabins Lo Basic-level reading comprehension (SQUAD 1.1) & Competition-level mathematics (MATH)
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Odkrywanie architektury nowych model
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Continuous Thought Machines (CTM)
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https://github.com/SakanaAI/continuous-thought-machines

Hierarchical Reasoning Model (HRM)
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Text Analysis. Neural Networks 21(10), 18600.
Processinglinical text with domairspecific spreading activation methods.US Patent 8,930,17818& here


https://doi.org/10.48550/arXiv.2510.09580
https://www.youtube.com/watch?v=xh6R2WR49yM
https://is.umk.pl/~duch/cv/WD-topics-exp.html#NLP

INBGS Yelfa
[ dZRT AS LRI GAFR2YAS 3ISYSNHz2ZN &aS{i¢Syoet aidl ys
Unconscioushoughttheory, ApDijksterhuig2004)b A ST 6 A R2YS Yeél f SYAS 2
Y20S LINRPogl RI A0 R2 tSLJAl eOK NRI gADI |2 YAO | gA
Coconut(Chain ofContinuouslhough) prowadzi rozumowanie w przestrzeni ukrytej.
W{d I'F2 SG If®dZ & ¢ Nlokiyuaug Batefit Bpaee GineH kwwSA HEIRY Ay |
W X Shenetal. Efficient Reasoning with Hidden ThinkiaKiv:2501.1920Heimamodel

w Zelikman E.iinn. (2024). Quie6TaRLanguage Models Can Teach Themselves to Think Before Speaking.
arxiv:2403.09629

W Feng, S., Fang, G., Ma, X., & Wang, X. (2025). Efficient Reasoning Models: Ardunz504.10903

Chain-of-Thought (CoT) Chain of Continuous Thought (CoconuT)

Last hidden states are used
as input embeddings
(sampling) A

last hidden state I : ' .\ .\ . .

output token [Answer]

Large Language Model
input embedding \-._,. \,, . \, .

input token [Question] <bot> <eot>



https://en.wikipedia.org/wiki/Unconscious_thought_theory
https://arxiv.org/abs/2412.06769
https://doi.org/10.48550/arXiv.2501.19201
https://doi.org/10.48550/arXiv.2403.09629
https://doi.org/10.48550/arXiv.2504.10903

Efficient/latent reasoning

A.I JUSt Hlt a wa". (lmpli(fit—l\'l) (Deng et al., 2023), Distill2-to-1 (Yu et al., 2024), CODI (Shen et al., 2025¢),
This Model Smashed Explicit CoT to LightThinker (Zhang et al., 2025a), CCoT (Cheng & Van Durme, 2024),
Right Through |t Implicit CoT HCoT (Liu et al., 2024c), SoftCoT (Xu et al., 2025c), SI (Deng et al., 2024),
RELAY (Yu et al., 2025a), Reasoning with Latent Thoughts (Saunshi et al., 2025)
\

Latent Roasuning]
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Implicit-KD (Deng et al., 2023), Distill2-to-1 (Yu et al., 2024), CODI (Shen et al., 2025c¢),

LightThinker (Zhang et al., 2025a), CCoT (Cheng & Van Durme, 2024),

fatent Space H(,:o'l' (.Liu' et al., 2024c¢), Soft(,'o'l".(.\n (.'t al., 2()2;’;('\). SI (Deng et :\!.t 2024),

Representations RILL:\.\ (\_u et nl..".?()‘.’.’;'m). Reasoning \\"xth Latent ‘1 hfmghts (Saunshi et al., 2025),
Planning-Token (Wang et al., 2024c), Filler-Token (Pfau et al., 2024),

() Coconut (Hao et al., 2024), Heima (Shen et al., 2025a),
\ Token Assorted (Su et al., 2025), Disentangling-Memory-and-Reasoning (Jin et al., 2024a)
o X

AwesomeEfficientReasoning
Models(Github), lista publikacji o

Sprawnym rozumowaniu.

FengS, Fang G, Ma X, & Wang X
EfficientReasoning Models:

A SurveyarXiv:2504.10903

Short chains of thoughts, small
models, fast decoding.
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https://github.com/fscdc/Awesome-Efficient-Reasoning-Models
https://github.com/fscdc/Awesome-Efficient-Reasoning-Models
https://doi.org/10.48550/arXiv.2504.10903

Reinforced Selplay,rozumowanie bez instrukcii
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Zhao, A. et al. (2025\bsolute Zero: Reinforced Salihy Reasoning with Zero DaaXiv.2505.03335
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https://sakana.ai/dgm/
https://sakana.ai/dgm/
https://doi.org/10.48550/arXiv.2506.10943
https://doi.org/10.48550/arXiv.2408.02666
https://doi.org/10.48550/arXiv.2506.01716

Dragon Hatchling
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Advances in Fuzzy Systems 2283
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https://arxiv.org/abs/2302.01339
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https://arxiv.org/abs/2307.08423v3
https://www.youtube.com/watch?v=JoFW2uSd3Uo

Alfy DeepMind

Nadludzki poziom:

AlphaGgAlphaZergAlphastarg gry strategiczne czasu rzeczywistego
Starcraftll (2019), i wiele innych, np. Gry wojenne.
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https://deepmind.google/technologies/alphazero-and-muzero/
https://deepmind.google/discover/blog/alphaearth-foundations-helps-map-our-planet-in-unprecedented-detail/
https://deepmind.google/discover/blog/alphaearth-foundations-helps-map-our-planet-in-unprecedented-detail/
https://deepmind.google/discover/blog/muzero-alphazero-and-alphadev-optimizing-computer-systems/
https://deepmind.google/science/
https://deepmind.google/discover/blog/millions-of-new-materials-discovered-with-deep-learning/
https://deepmind.google/discover/blog/alphaevolve-a-gemini-powered-coding-agent-for-designing-advanced-algorithms/
https://deepmind.google/discover/blog/how-alphachip-transformed-computer-chip-design/
https://deepmind.google/discover/blog/alphaearth-foundations-helps-map-our-planet-in-unprecedented-detail/
https://deepmind.google/science/weathernext/

AlphaFold 3 NatureLM

Nowy znacznie ulepszony modé&l Abramson + 56 coauthors, Accurate structure prediction of
biomolecular interactions witi\lphaFold 3, Naturé30, 493 (2024). Nobel 2024, D. Hassabislbdzy
AlphaFold3JNJ S6ARdz2S &G NXzZl GdzNY A AYUGSNI 102S gal eai
AlphaProtead Sy SNHz2S o0A 6 O1 12X LINJ eaLmASallanod ol RFYAL

15 S & Misrd@3oft, Nature Language Model: Deciphering the Language of Nature fqr Scierltific Discovery
NatureLM2 LJF N1 & yI &aS16Syo2l OK Y2RSt FdzyRI YSY U596
biologii/medycynie https://naturelm.github.io/
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