Young Universities .
forthe Future ° Europe

e f’ Py ‘-L_/_,/

2 02RI Aa0t g 5 dzC(yHEA >

Neuroinformatics and Artificial Intelligence, DAMSI Center
School ofPhysics, Astronomy, and Informatics,

bAO2ft ldza / 2LISNY AOdza ! YA DBSNBA G E

SearchWlodzislawDuch

23rd Int. Conf. on Artificial Intelligence and Soft Compuytd#6.06.2025


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

FromNeuroAlto Selfhood

NeuroAl

Current Associative Models.

Current Reasoning Models.

Generative Al.

SOTA, Statef-the-art.

LMM agentsand new intelligent digital bein@s
Selfhood.
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ChatGPT << Al, 1480 papers in tharxiv.cs.aeach day!
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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 and differences
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Brain wetware= neuralsubstrate of cognition

Brains® 100 bin neurons (118), 100 trillion synapses (39 + biesupport cells. Complicated!
Lifetime of trainingjnternalizinginformation about the world, constructing model of world/self.

Brain structure (including connectome) determines functiomegrodeterminism
Hebb principleneurons that fire together wire togetherNeuronscount spikes.

Associationseffortless activity, memory, emotional reactions, perception, control of movement.
Foundation model based on years of our experience, automatic (Systéahhemain

Reasoningsystematic sequential effort, requires education, learning procedures and strategies.
Thinking reasoning based on search guided by associations (heuristics).
Associationism dominated psychology since John Locke (1690), but is not the whole story.



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

Carebras Wafer-Scale Englne

No constraints of biological brains. New energy efficient computing paradigms: photonics:
Taichichiplet160 TOPS/WWD.antphotonic chip Lightmatter3D Photonicd00-1000 TOPS/W.
GrogLinear Processing UniPU, 400 TOPS/W. Neuromorphic computing, Cortical Labs organoid
CL1800 000 cells chifCerebrasphysics computing: CIMs, reversible computgdropic.a)!

LLM inference cost fall betweer@O0x a year, depending on the tagipOch.al.



https://www.science.org/doi/10.1126/science.adl1203
https://qant.com/
https://lightmatter.co/
https://groq.com/
https://spectrum.ieee.org/biological-computer-for-sale
https://www.extropic.ai/future
https://ai-2027.com/_next/image?url=%2F_next%2Fstatic%2Fmedia%2FepochLLMprice-nowatermark.824fa343.png&w=1920&q=75

Defining intelligence AHINKING

If there iseffective algorithm we can write program to perform the task.
Al solves problems for which there are effective algorithms
|  NRgFNE O2dz R 6S o0A2f23A0Ff X St S

Intelligence: ability to solve problems where no effective algorithms are
known. Al does it using hardware, humans use wetware.

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

Al cannot be perfect, but it can be better than humans, learn more and
work faster with texts, images, videos, sensor signals, control systems.
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Stochastic parrot

0 N T H E Can Stochastic

g \\\:” Understand :
PARROTS A\ hat They BUSINESS

Learn?

AS USUAL

Bender, E. M., Gebru, T., McMiltdajor, A., &Shmitchell S. (21).
On the Dangers of Stochastic Parrdfan Language Models Be Too Btd”ACM Conference

Large language models: BERT,-&BTSwitchC (1.57 T) achieved good results on benchmarks.

But text generated by an LM m®t groundedin communicative intent, model of the world, or model of
0KS NBIFIRSNRa adalagS 2F YAYRI auAuOKSa asSljdzsSyo
combine them, without reference to meaninigallucinates and confabulatei$ isa stochastic parrot
Risk: biases, absorbing hegemonic worldview from training data.

Abusive language: violent or defamatory, reinforcement of sexist, racist, ableist, etc. Ideology.

Fears LLMs may become similar to humans? But it is easier to mitigate than humans.



https://doi.org/10.1145/3442188.3445922

lllusion of thinking

Shojaed?,Mirzadehl, Alizadeh K, Horton M, Bengio Si-&ajtabaiM. The lllusion of Thinkindynderstanding the
Strengths and Limitations of Reasoning Models via the Lens of Problem CompfgigyML (5/25).

4 combinatorial problems.
03-mini, DeepSeeR1,

LLM Response Peg0 Peg1 Peg2

Claude3.7-Sonnet <think>
Move disk 1 from peg O to peg 2 ... Initial State
) . , 0, 21, /\[1, 0, 2]
Medla AI fallsl v Y r extract moves from thoughts (2, 0, 1]
e 2, 11, (for analysis) (1, 2, 1]
o @ , [3, 0, 2]
Yesassociative thinking 1, 2, Middle State J—é'—ll
is an illusion of thinking. - | S
Let me double-check this... r

</think> [1, 0, 2]

extract final answer
(for measuring accuracy)

No problem, time to write an
algorithm. Needs problem
description, LLM may not
remember details!

Target State

Claude 3.7

a 3.7
(+thinking)

th (Tokens)

Accuracy (%)

Marcus, G. (6/2025). A Knockout
Blow for LLM3¢ Com. of the ACM

Position within Thoughts

Response Leng

2345678910
Complexity (number of disks)



https://cacm.acm.org/blogcacm/a-knockout-blow-for-llms/
https://machinelearning.apple.com/research/illusion-of-thinking

*@L ChatGPBn thinking ”.‘

W Describe the difference between reasoning and associative thinking.

Associative thinkings the process by which our thoughts and ideas are linked together through
connections and associations. Associative thinking is ap@mtaneousand uncontrolled and can
lead to thecreation of new ideasand connections between different topics.

Reasonings a process based on logical and analytical skills to reach conclusions based on
available information. The goal of reasoning is to understand and explain phenomena, form and
test hypotheses and make rational decisions based on them.

Reasoning is more analytical and logical, while associative thinking is more intuitive and creative
Both processes are important in human thinking and are used in different situations.

This is Al future. Associative thinking (LLMs, ChatGPT) needs reasoning (Geashided Al,
GOFAI, Knowledge Graphs) based on logic (@PTiésttime computg and abstraction
L
%Qa



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 Messhgegth Encoding, etc.

(compressed)

W Language Learning and atignition 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, LMMS) is intuitive and creative, Imaeds verification

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




Intelligence: ability to solve problems, use knowledge to reach goals.
+71 other definitions What do we need to create an intelligent agent?

¢ zilliz

Intelligent Agent
Using LLMs

Intelligent agents

W Internalization of knowledge about the world.

w

e e & € £ &

Learning:
¢ Finetuning your model of the world, distilling knowledge, learning new data;
¢ searching for new information and adding it to the context, RAG (Retrieval Augmented Generation);
¢ the art of asking questions (prompting).

Compression of information in large multimodal LMM models => enables associative thinking.
Imagination, generative systems, stable inner world.

Deep reasoning, cognitive inspiration => thinking, combinatorial associative reasonlng
Creativity: reasonlng based on loose associations, filtered hallucinations. YA

Selfreflection and emergence of new personality traits.



https://calculemus.org/lect/08szt-intel/materialy/Definitions%20of%20Intelligence.html

Embedding + attention = transformers

encouragement

Word2Veg¢Glove FastTextembedding 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 GPT Is sattention to relationships
between tokens, linking each token to other tokens.

Vector representations of concepts that are
semantically related become similar to each other

=> GPT interprets inputs using meaningful synonyms.

Associative thinking: creative, heuristic step.

MatykiewiczP,Pestian], Duch W, and Johnson N. (2006)
Unambiguous Concept Mapping in Radiology Reports:
Graphs of Consistent ConceAIA 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://nlp.stanford.edu/projects/glove/
https://fasttext.cc/
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

CreatingLLM/LMM:information compression

mei— - Al 11 1 v . -
E : \ \‘i‘ \\l k’ /‘: ‘ '/._’:.‘::(;
2. SASTNY BRI 025 e
——— ﬁ . ’,':‘\\\ \ Y- .L\ S a %’{. >4
e . o - mn : \ - ] - - v
LI el = &= AS 8" ) 29 I /'/' "
MR L B (= IS ST e '.\ | £ % 'y
Rl - — L u =% = ol Gl
I A | — Mgerw, NSRRI we | A=
iFtT '\_T‘ bl ‘ " = IH_NLE N YR\ _ d - - 3‘5 E );’ R o ’ f: ,
TR | i = (7 = SN | R Ay~
A 1 Wl 2 = 7 B el W = WU S 7 yea
i mntun) S = P u . RSN ES ML | s v/ 22
g TG Y € pmaa | |l — e bt ;;_.,%" = \| =N Pk
§ Ty o "lllm 2 &
I !:‘#ﬂ“ H ::Izangfu‘ gﬁu@ L . | LY Lo r Y .‘: t,J >
| A‘W‘MM_‘; by o CAE Y CS
e Wi M ‘m”,l‘" e \ —:"_ ; ;’} l"’- 15 "_ .r: | - :: -
w& ) : NG e U s 4, &= 1R LA T8 SN
HM ' BN 3 S Yoo 35 - A = | .
| (425 A 0 LoBA - o Ly ¥ N\ T parameters.zip
g < ;: g _— Ned Fhoor > WA - Ty
> 1l e -~ NS I8 S .
i »“ r . :’? . - } Bl - : "- <2 ;o ‘N
7o bk P RS : } i AN S i) 1
L ¢ ' iy ,';"!" ’ . ¥ 4 > P N\ & > -
1] B B | i QUL Y . 4 -7 .‘ . . t~ . :
Mﬂa%mﬁ‘u it ; - ,;;,? ; }c . *‘,/ 3 T -
i . ; “u i) v » i e "
m-lﬂmlllmllln ' fi P - - LTS

12 days of work6000 GPU V10@nits
2 min $, 1&* or trillion trillons operations

Llama® aSdl Qa 2LISYy Y2RSt0 K& 2yt & 71 Hl4dtings!
Stronger compressiogmore nonsense, unusual associations, greater creativity.
Compression 1.58 bits = k33, see ouMLP2LN moddinvented at ICAISC in 1996).
Precise questions (+prompt) activate LLM parameters allowing for correct associations.

Energygames and crypto mining use much more energy than Al.

Tralnlﬁg>10 0[0]0) G&xt parameters® 70 GB

LI NJ Y S



https://en.wikipedia.org/wiki/Llama_(language_model)
https://is.umk.pl/~duch/cv/WD-topics-exp.html#MLP2LN

Transformers and spreading activation
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Predictive Alsearch + heuristics. | ,y

Generative Alspreading activation networks, binding 4

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

48274 variant®f opensource LLMs, including SRR E
2888for fine-tuning LLM Explorer20/06/25).

..

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/

Transformers:
Sparse, LonrBRange,

LongContext Enhancements

Memory-Augmented,
Universal Transformers,
Multimodal Transformers,
Knowledge Graph
Transformers, Adaptive,
ParameterEfficient
Transformers, Federated
Transformers, Transformer
RNN Hybrids, Transformer
GAN Hybrids, many others.

Cataloq is all models

A curated list of awesome
transformer models

Transformer families

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
https://github.com/abacaj/awesome-transformers

LLM/LMM reasoning

QuietSTaRLLMs Can Teach Themselves to Think (3/24)

An Evolved Universal Transformer MemaoNeural Attention Memory Models (10/24)
Multihead Latent Attention(DeepSeek5/24,V 3 reportl2/24).

Titans, Learning to memoriat test time (Google, 12/24)

Largescale multistagereinforcement learning@eepSeelR1, 1/25)
TransMambaFlexibly Switching between Transformer and Mamba SSM (TenCent, 4/25)

Self Rewarding Self ImprovirfdgjofuLabs5/25)

51 NBAY DI RGpenEndedEKaluios of Sdifnproving Agents (Sakana, 5/25)

Learning to Reason without External RewdBisrkeley, 5/25)

SelfChallengind.anguage Modehgents(Meta, 6/25)

EXPBench: Can Al Conduct Al Research Experim@d&®ni, 6/25)

V-JEPA 2SelfSupervised Video Models Enable Understanding, Prediction & Planning (Meta, 25)
Inductive Moment MatchinglL.uma, 6/25)

Training Grounded LLMs with Verifiable Rewd&lagapore, 6/25)



https://arxiv.org/abs/2403.09629
https://doi.org/10.48550/arXiv.2410.13166
https://www.youtube.com/watch?v=0VLAoVGf_74
https://arxiv.org/abs/2412.19437v1
https://www.youtube.com/watch?v=A6kPQVejN4o
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2503.24067
https://arxiv.org/abs/2505.22954
https://arxiv.org/abs/2505.22954
https://arxiv.org/abs/2505.19590v1
https://arxiv.org/abs/2506.01716
https://arxiv.org/abs/2505.24785
http://arxiv.org/abs/2506.09985
https://arxiv.org/abs/2411.00986
https://arxiv.org/abs/2506.15522v1

Generative Al



¢ zilliz

Intelligent Agent
Using LLMs

Intelligent agents

Intelligence: ability to solve problems, use knowledge to reach goals.
+71 other definitions What do we need to create an intelligent agent?

V Internalization of knowledge about the world.

V Learning:
V Finetuning your model of the world, distilling knowledge, learning new data;
V searching for new information and adding it to the context, RAG (Retrieval Augmented Generation);
V the art of asking questions (prompting).

V' Compression of information in large multimodal LMM models => enables associative thinking.

W Imagination, generative systems, stable inner world.
W Deep reasoning, cognitive inspiration => thinking, combinatorial associative reasonlng
W Creativity: reasonlng based on loose associations, filtered hallucinations. YA

W Selfreflection and emergence of new personality traits.



https://calculemus.org/lect/08szt-intel/materialy/Definitions%20of%20Intelligence.html

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



GenAi Latent probabilistic models

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Discriminator

x >
D(x) G(z)
X 4 Encoder 2 Decoder
q4(2[x) pe(x|z)
Flow g Inverse
X |I—» > > =
f(x) f~(2)
Xo|—= X1 —+Xo———— .. ... ,

Generator

Y

v

Compressed internal
representations (pdfs):

GAN(2014) VAK?2?2),
Flows(2019),diffusion
models (2015).

EBM, Energbased models

Many models based on

the idea of information
compression create vectors
in the latent space
capturing meaning in
different contexts.
Algorithmic(Kolmogore)

iInformation 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

Attractor neurodynamics

Attractor networksinclude Hopfield and Boltzmann networks.

Hopfield networks settle in a point attractor, Boltzmann machineggy,. :
show complex stochastic dynamics, with metastable, blended, c Landscape
or stochastic attractor states. patem Concentration

of Ach

SRR =, baseline level

Diffusion models start from noise, prompts => attractor patterns. R

rajectories

pattern 1

Attractor neural networks are used to simulate memory, percepti
and motor processes in the brain.

Thoughts are chains of transitions between attractor states.

Attractor networks explain why some information may become
YSYSAX adzyAla 27T (Donkhsil®nd), t Ay
iIntegrated into a conceptual framework of the memory system.

Amit, D.J. (1992Modeling Brain Function: The World of Attractor Neurale ¢ Wit
Networks CUP. "

Duch W. (2021Memetics and Neural Models of Conspiracy Theories ——— ongoing transitive dynamics
F)a-tte rns. Cel I P ress. effect of top-down glutamatergic spike volleys to layer1



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

Many textto-image, or textto-video, use latent diffusion models amaductive Moment
Matching (IMM) Luma PhotodMM, Midjourney, Stability Al Stable Diffusion, OpenAl
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https://lumalabs.ai/photon

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 ’
Burchj M., &Timofte, R. (25)Learning =2 il }Hl :
Transformesbased World Models with — ) éJJ? A
Contrastive Predictive Coding 7 = |l
arX|V250304416 < DO nnnnnnnnnnnnnnn o8 BLADE RUNNER
HﬂDQOIDS

The DreamerValgorithm 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

Diffusion language models

Transformers work in sequential way. BiiiMs may be based on diffusion mod&s IMMSs?

W Nie{ 2 X 9 |LakgE Lahgage Diffkisiop MotiedsXiv:2502.09992
LLaDAa diffusion model demonstrates strong scalabilitycamtext learning.

W Inception.ai Mercury familgf diffusion large language modetiL.{. M3 runs >1000 tokens/sec.
Opens the way for costly deep reasoning that was taking a long time.
Mercury Coder Mini is supdast and has rank 1 doeaderboard Copilot list

/\ Artificial Analysis

@
\Claude 3.5 Haiku
Codestral (Jan '25)
GPT-Bmi®?

Gemini 2.0 Flash-Lite (Preview) Mercury Coder Small

Mistral Sma%

DeepSeek Coder V2 Lite
@>mmand-R+ Qwen2.5 Coder 7B Meércury Coder Mini
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https://youtu.be/W2gVx1PIbF4?si=87Fr2zgQPwTatXOf
https://arxiv.org/abs/2502.09992
https://www.inceptionlabs.ai/introducing-mercury
https://lmarena.ai/leaderboard/copilot

Intelligent agents s

Intelligent Agent
Using LLMs

Intelligence: ability to solve problems, use knowledge to reach goals.
+71 other definitions What do we need to create an intelligent agent?

V Internalization of knowledge about the world.
V Learning:
V Finetuning your model of the world, distilling knowledge, learning new data;

V searching for new information and adding it to the context, RAG (Retrieval Augmented Generation);
V the art of asking questions (prompting).

V' Compression of information in large multimodal LMM models => enables associative thinking.
V Imagination, generative systems, stable inner world.

W Deep reasoningcognitive inspiration => thinking, combinatorial associative reasonlng

w Creativity: reasoning based on loose associations, filtered hallucinations.
W Tools for performing specialized tasks => performing procedures.

W Selfreflection and emergence of new personality traits.



https://calculemus.org/lect/08szt-intel/materialy/Definitions%20of%20Intelligence.html

AlphaGo Zerowhat iIs coming

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

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

Superhuman levein Go. Best humans 3,608,860 ELKataGQOnore than 1400 point more!

MC TreeSearch+deeplN pattern evaluation as heuristics + reinforcement learning, playing against its
Human knowledge becomes irrelevant, decreasing Al competéreelve do it in other domains?
Shocking newsRuossX Benewelin T. (2/24) GrandmasteilLevel Chess Without Search

270M parameter transformer model-step intuitive decisionsLike in Blitz Chess.



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

Reinforcement Learning

W Sim, S. H., Pala, T. Doh V.,Chiey H. L., Zadeh, A., Li, C., Majumder, NPpo&lg S. (6/25)Lessons from
Training Grounded LLMs with Verifiable Rewaadsv2506.15522v1

Reinforcement learning from Human FeedbaRkil-=> RL Verifiable Reward& (VIR
GRPO (Group Relative Policy Optimization) method for training models using verifiable cutcome
based rewards, targeting answer correctness, citation sufficiency, and refusal quality.

Reasoningaugmented models significantly outperform instructionly variants.

W Zhao, X., Kang, Z., Feng, A., Levine, S., & Song, D.l(B&tH)ng to Reason without External Rewards
arxiv2505.19590v1

Intuitor, based on Reinforcement Learning from Internal Feedldackrfeplaces GRPO by a
model selfcertainty KL divergence to uniform distributip@as its sole reward signh&nabling
unsupervised learning with superior generalization to-offlomain tasks like code generation,
without reference to the test cases or gold standards. Reinforcement Learning from Internal Feedback (RLIF)

Policy Update via RL

RLFI is a scalable alternative to RLVR for autonomous Al
systems, enables scalable and dormagmostic finetuning
of LLMs without human feedback or verifiable supervision.

https://qithub.com/sunblazeucb/Intuitor

Human-Defined Model's Internal
Tasks/Questions Feedback



https://arxiv.org/abs/2506.15522v1
https://arxiv.org/abs/2505.19590v1
https://github.com/sunblaze-ucb/Intuitor

AlphaStarand Strategic Games
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Deepmind.googlalphastar¢ mastering the reatime strategy gamétarcraftll (2019)
Many open, strategic games, like war games.



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

AlphaChip

Al has accelerated and optimized chip design, and its superhuman chip layouts are used in hardwa
around the world.{ dzOK f | é2dzia 6SNB dzaSR Ay GKS ftFada
accelerator, thel'ensor Processing UrfiEPU). Al is here a partner helping humans.

Mirhoseini A.,Goldie A.,YazganM. et al. Agraphplacementmethodologyfor fast chip desigmNature594, 207212 (21)
Addendum 26.09.24


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

Reasoning cognitive inspirations
Basc nput. J Chain-of Tree of Thoughts (ToT) [This work]

Output (10)
InPUt Input Backtracking Refining

InPUt Branching out from a chain
’ from a chain / ‘ \ J

Output

Backtracking

KR e
-i‘w;.,,g

Aggregatmg
chains thoughts

Thoughts: ‘
Unscored

Positive
score l

- Negative = . 0 t
score : ey novelty
_ Olltpllt (beyond CoT-SC): lltpll
Dependencies Generating several

Key novelty (beyond ToT):

Arbitrary graph-based thought OutPUt
transformations (aggregating

thoughts into a new one,

looping over a thought to

refine it)

between thoughts (Igey no‘;'eétyT) Selecting new thoughts based Intermediate
Key novelty: eyond Lol): A on a given arbitr. thoughts are

Abandon thought Intgrmediatg ngssjjng m‘l-‘llt!Ple s gig: ;T:lot{'le thouggljlt, explo:brit?;y alsogscored
LLM thoughts independent chains it further, and possibly

within a chain of thoughts backtracking from it

*..Backtrack

Associationsinput =>outpult. This ISGOFAILLM associations heuristic search

Chain of though{Co'l): step by step
Tree of ThoughtéloT): 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

Processhased verification

Processased Verifier Model (PRM) evaluates model responses during test time, without access
groundd NHzi K O2 NNBOlUySaa flFoSfta I &O02 NksteD préc&EsR 2
Bestof-N weighted, Beam search, and Lookahead search maodification, sstdpkrollout.
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Snell, C., Lee, J., Xu, K., & Kumar, A. (8/24). Scaling LENNMes&tompute Optimally can be More Effective than

Scaling Model ParameteraXiv:2408.03314



https://doi.org/10.48550/arXiv.2408.03314

Continuous Thought Machines

w Darlow L, Regan jsiS, Seely J, Jones L (5/Z&)ntinuous Thought Machines Xiv:2505.05522
W SakanaAtontinuousthoughtmachines. (25)GithubSakanaAl

Thought takes time, and reasoning is a process. By incorporating nawelmprocessing and
synchronization, we can effectively reintroduce neural timing as a foundational element.
Continuous Thought Machine (CTigla model of neural dynamics as its core representation.

(1) neurontlevel temporal processing, where each neuron uses unigue weight parameters to proces:
history of incoming signals; and

(2) neural synchronization employed as a latent representation.

CTM effectively captures essential temporal dynamics
remaining computationally tractable.

Performs tasks that require complex sequential reasonin
can stop earlier for simpler tasks, or keep computing to
solve more challenging instances.

i



https://doi.org/10.48550/arXiv.2505.05522
https://github.com/SakanaAI/continuous-thought-machines

Fractured Entangled Representations

W Kumar, A., Clune, J., Lehman, J., & Stanley, K. O. Q/[&5tioning Representational Optimism in
Deep Learningfhe Fractured Entangled Representatitypothesis

Does better performance => better internal representations?

Networks produce the same output behavior, but their internal representations differ dramatically.
SGDtrained networks exhibit fractured entangled representation (FER).
The operended learning creates a unified factored representation (UFR).

This is a divergent search process base@iobhreedeto generate a
population of images combined using Compositional Pattern Producing& s
Networks (CPPNs) with complex activation functions to create images -

FER may degrade model generalization, creativity, and (continual) lee
creatingredundant fractured states to model the same underlying cong Big ,
when a single instance of the concept would be sufficient. e A
This is only a toy model, but internal representation are important. .

Open-Ended |/
Search

Duch W. (2004) Visualization of hidden node activity in neural networks:
l. Visualization methods. LNAI 3070 (2004%138(ICAISC 2004)

Duch W. (2004) Visualization of hidden node activity in neural networks:
lI. Application to RBF networks. LNAI 3070 (20083 4ICAISC 2004)

-
.=


https://arxiv.org/abs/2505.11581v1
https://nbenko1.github.io/#/

Learning braidike modules

Brain largescale network sparsity 0:1%, functional connectivity-2%.
In biology functiore structure.

Ld [ A Begmadk (1&2B).Growing Brains: CEmergence of Anatomical
and Functional Modularity in Recurrent Neural NetwoakXiv:2310.07711

Baek D. D., Li, Y., &gmark M. (10/24).Generalization from Starvation:
Hints of Universality in LLM Knowledge Graph Learamxav:2410.08255

Braininspired modular training (BIMT) model is trained to solve a set of
compositional cognitive tasks, on a M@ubgcognitive multitask battery
consisting of 84 tasks, such as interval estimation, mental navigation,
and seguence generation.

Network grows braidike anatomical modularity-unctional and anatomical clustering emerge together,
functionally similar neurons become spatially localized, interconnected and participate in shared
computational subtasks, balancing task performance and network sparsity.

Betteti, S., Baggio, Bullg F., &ampierj S. (4/25)Input-driven dynamics for robust memory retrievalHopfield
networks. Science Advances, 11(17), eadu6991.



http://arxiv.org/abs/2310.07711
https://doi.org/10.48550/arXiv.2410.08255
https://doi.org/10.1126/sciadv.adu6991

SeltTaught Evaluators

Synthetic LLM-as-a-Judge Data Creation Optimization

Generate good Select
response correct

Prompt ‘Ut

5 {f

Sample | | training
judgments ./

Generate

similar L : Vi
| . V]
instruction Generate bad

response to 1’ Next iteration mode

STE is using synthetic training data only, starting from unlabeled examples.

lterative selfimprovement scheme generates contrasting model outputs and trains araslaMudge to
produce reasoning traces and final judgments, using the improved predictions at each new iteration. ST
improved Llamad 0BInstruct matched togoerforming reward models with humalabeled examples.

Wang TX & Li, X. (8/24)SeltTaughtEvaluatorsarXiv:2408.02666
J. Wu, et al. (11/24Beyond Examples: Higgvel Automated Reasoning Paradigm irClontext Learning via Monte

Carlo Tree Search (MCT&Xiv:2411.18478



https://doi.org/10.48550/arXiv.2408.02666
https://doi.org/10.48550/arXiv.2411.18478

SeltChallengingSeltAdaptingX

ZweigerA.,Pari J..Gug H.,! 1 & NEJKIm, Y., &grawa) P. (6/2025)SelfAdaptingLanguagéodels

SelfAdapting LLMs (SEAL), a framework that enables LLMs-&dsgif by generating their own

finetuning data and update directives. Given a new input, the model producesed#edf generation

that may restructure the information in different ways, specify optimization hyperparameters, or invoke
tools for data augmentation and gradiebfised updates. Through supervised finetuning (SFT), these
selfedits result in persistent weight updates, enabling lasting adaptation.

ZhouY,LevineS, Weston J, Li X,SukhbaataS (6/2025)SeltChallengind.anguage Modehgents

SeltChallenging framework for training an @ Challenger —|—> Verifier

agent on highguality tasks that are Action

generated by itself. e v e %) Environment
The agent first plays the role of challenger | | Oenaion

and generates a task after interacting with !

the given tools. The tasks take the form of [ gk

e.g., Exchange the kettle in my
latest order to a glass material

a novel general class of problems defined v e e s
by an instruction, a verification function, (), Excouor | | sesmsms st e
and solution and failure cases which serve

. . . . You need to complete the Observation
as tests, filtering the higlquality tasks. o2 Pomders: 46, 7T


https://doi.org/10.48550/arXiv.2506.10943
https://doi.org/10.48550/arXiv.2506.01716

SelfA YLINP DAY 3 51 NBAY DI R

¢KS 5FNBAY DIRSEt al OKAYSY 'L GKKIR2026)YLINR @Sa Al
https://sakana.ai/dgm/

DGM iteratively builds a growing archive of agents by harnessing principles eénged exploration.

New agents are created and scored by interleavingmetification with downstream task evaluation.

Godel + Darwinian Exploration

Task 2: rewrite I ' Open-ended
your own code l ! exploration of
self-improving
agents

: code '

Foundation
Model

Task 1: solve
downstream task



https://sakana.ai/dgm/
https://sakana.ai/dgm/

Complex reasoning GP-64

Huge improvement for problems that require complex reasoning (09/24).



