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Towards autonomous ethical AI agents

1. Few thoughts on AI: computing, intelligence, cognition. 

2. Superintelligence and exponential growth.

3. AI4Science ςautonomous agentic AI science factories.

4. Ethical side: AI too human?  

tŀƴŘƻǊŀΩǎ ōƻȄΥ 
should we be more afraid that AI will turn against us, 
or that we turn against AI and others will enslave us? 

ChatGPT << AI,  150-300 papers in the arxiv.cs.aieach day!
NeurNIPS2025, 15 000 papers, 5 290 accepted.  

Duch W, DiercksenGHF (1994)Neural networks as tools to solve problems in physics and chemistry. 
Computer Physics Communication82: 91-103

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


My Flipboards

https://flipboard.com/@Wlodzislaw
https://flipboard.com/@Wlodzislaw


EU RAISE Projects

A European Strategy for Artificial Intelligence in Science. 
Paving the way for the Resource for AI Science in Europe (RAISE).

Announced at AI in Science Summit in Copenhagen on 3-4.11.2025 with pilot funding 108 M EUR.
In 2018 communication from the EU Commissison promised 20 B EUR/year -;)

RAISE is launched as a virtual European institute that pools, aligns and coordinates essential AI 
resources, including computational power, data, excellence and talent, and research funding, across 
the EU, Member States and private sector. It will support the development of AI systems beyond the 
current state of the art, that are ethical, explainable, transparent, accountable, reliable, safe, human-
centric and aligned with human rights and societal values.

81% of researchers have concerns relating to AI models (ethics, accuracy, security/privacy, and/or 
lack of transparency) and 63% to the lack of guidelines, hindering the adoption of AI (survey . The 
/ƻƳƳƛǎǎƛƻƴ ǿƛƭƭ ŎƻƴǘƛƴǳŜ ǘƻ ǇǊƻƳƻǘŜ ǘƘŜ άŜǘƘƛŎǎ ōȅ ŘŜǎƛƎƴέ ŀǇǇǊƻŀŎƘ ŀƴŘ ŘŜǾŜƭƻǇ ŘƛŦŦŜǊŜƴǘ 
resources with the scientific community (training, tools, etc.). 

The European Group on Ethics in Science and New Technologies (EGE) will evaluate this program. 

Nauka o AI, AI dla nauki. 

https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A52025DC0724&qid=1762332390557
https://research-and-innovation.ec.europa.eu/strategy/support-policy-making/scientific-support-eu-policies/european-group-ethics_en
https://poland.representation.ec.europa.eu/news/nauka-o-ai-2025-11-06_pl


Defining intelligence

What is really important: not how we call it but what it can do!

If we have effective algorithms we can write programs, no need for AI. 

No effective algorithms? Intelligence is needed. 

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

What cannot be successfully programmed but can be learned from 
experience may be replicated in a supervised way, discover in unsupervised 
way, or strategies may be developed using reinforcement learning. 

Humans are megalomaniacs and believe in magic in their wetware, but 
understanding == compression of complexity into coherent patterns.
Transferring disorganized data => structure. 

AI cannot always be perfect, but it can be better than humans. 

IŀǊŘǿŀǊŜ ŎƻǳƭŘ ōŜ ōƛƻƭƻƎƛŎŀƭΣ ŜƭŜŎǘǊƻƴƛŎΣ ǇƘƻǘƻƴƛŎΣ ǎǇƛƴǘǊƻƴƛŎΣ ŀǘƻƳƛŎ Χ 



More substrates for thinking

New hardware has no constraints of wetware. Photonics: Taichi chiplet 160 TOPS/W, Q.ant photonic 
chip, Lightmatter 3D Photonic 500-1000 TOPS/W. Groq Linear Processing Unit LPU, 400 TOPS/W. 
Cerebras, CIMs, spintronics, neuromorphic computing, Cortical Labs organoids  CL1 800k cells chip. 
LLM inference cost fall between 9-900x/year, depending on the task (Epoch.ai). 
Energy may soon not be a problem. Should our AI factories use classical hardware? 

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://ai-2027.com/_next/image?url=%2F_next%2Fstatic%2Fmedia%2FepochLLMprice-nowatermark.824fa343.png&w=1920&q=75


Who needs 
GWs? 



Embedding + attention = transformers

Word2Vec, Glove, FastText: embedding of words as 
vectors in the parameter space, preserving similarity. 

Each word is encoded in a large number of contexts. 

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

A key concept of GPT is self-attention to relationships 
between tokens, linking each token to other tokens.

Vectors of concepts that are semantically related 
become similar to each other 
=> GPT interprets inputs using meaningful associations.

Associative thinking: creative, heuristics for reasoning.  

Matykiewicz P, Pestian J, Duch W, and Johnson N. (2006)
Unambiguous Concept Mapping in Radiology Reports: 
Graphs of Consistent Concepts, AMIA Ann.  Symp Proc. 1024.

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


Transformers and spreading activation

Predictive AI: search + heuristics, supercalculator. 

Generative AI: spreading activation networks, 
binding relevant information.

GPT = Generative Pre-trained Transformer

Input data Ý tokens Ý embed in vector space, preserve 
similarity of meaning (semantics) in different contexts. 

Analyze relations between tokens, create 
structured knowledge graphs.

LLM visualization    https://bbycroft.net/llm

Over 51 565 variants of open-source LLMs, 
over 3000 for fine-tuning (LLM Explorer, 14/12/25). 

Processing clinical text with domain-specific spreading activation methods. US Patent US8930178B2 (1/2015)
Duch W, Matykiewicz P, Pestian J, Towards Understanding of Natural Language: Neurocognitive Inspirations. 2007

https://bbycroft.net/llm
https://llm.extractum.io/
https://llm-explorer.com/






Prompt optimization

GPTs/LLMs need Medprompt to achieve SOTA performance on a wide range of medical problems. 
Microsoft Research tools for thought, promptions. Best prompt libraries. 

GPT finds associations: first thing that comes to mind/network. Needs verification, reasoning.  

https://www.microsoft.com/en-us/research/blog/the-power-of-prompting/
https://www.microsoft.com/en-us/research/project/tools-for-thought/
https://medium.com/towards-agi/the-best-prompt-libraries-you-should-explore-for-your-ai-projects-12f5c8423623


Almost all image/audio/video systems are based on diffusion. A few sentence generation are based on 
continuous diffusion. Sometimes we try to complete a sentence, but sometimes it comes all at once. 
Create gradient field towards attractor basins where images/concepts linked to prompts are stored. 

Diffusion models

See videos at the @depth-first YT channel. Diffusion has deep roots in statistical physics. 
Nobelization of Neural Networks: Deep Roots and Insane Future of Neural Networks (INNS 12/2024). 

https://www.youtube.com/@depth-first
https://is.umk.pl/~duch/ref.html


AlphaGoZero and verifiable rewards (RLVR)

Superhuman level in Go. Best humans 3,600ς3,860 ELO, KataGO over 6000 ELO, playing against itself!  
Human knowledge becomes irrelevant, decreasing AI competence! Can we do it in other domains? 
Reinforcement learning with Verifiable Rewards, RLVR continuous self-improvement. 
Shocking news: Ruoss Χ ϧ Genewein, T. (2/2024). Grandmaster-Level Chess Without Search. 
 270M parameter transformer model, 1-step intuitive decisions! Like in Blitz Chess.  

1997, Deep Blue-Kasparov. 
2016, AlphaGo-Lee Sedol 
2017, Alpha GoZero 
2017, Poker, Dota 2; 
2019, Starcraft II, 
2022 Stratego, Diplomacy

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


Reasoning ς cognitive inspirations

Associations: input => output. This is GOFAI! LLM associationsin heuristic search. 
 Chain of thought (CoT): step by step. 

 Tree of Thoughts (ToT): parallelthinkingvia RL. 
 Graph of Thoughts(GoT): like human reasoning.

Sketch-of-Thought: adaptive cognitive-Inspired sketching

https://www.promptingguide.ai/techniques/cot
https://www.promptingguide.ai/techniques/tot
https://arxiv.org/abs/2509.07980
https://github.com/spcl/graph-of-thoughts
https://doi.org/10.48550/arXiv.2503.05179


MIQ of AI

At the beginning of the 2024 highest results were < 100 points. Gemini 3 Pro, GPT 5.1 Pro > 140. 
29.09.2025: Claude Sonnet 4.5 shows 30+ hours of autonomous coding. 

https://trackingai.org/home


GPQA benchmark

Rein, D et al. (2023). GPQA: A Graduate-Level Google-Proof Q&A Benchmark. arXiv:2311.122
448 extremely difficult questions: highly skilled non-expert validators reach 34% accuracy with >30 minutes 
of web access,  experts pursuing PhDs in the corresponding domains reach 65%-74%. 

93.8% Gemini 3 DT

https://doi.org/10.48550/arXiv.2311.12022
https://lifearchitect.ai/mapping


International Collegiate Programming Contest (ICPC)
9/2025: teams from 139 universities in 103 countries participated in the ICPC finals.

Team: 3 students. Task: solve 12 algorithmic problems within 5 hours. Cutting-edge algorithms: 
graph theory, number theory, dynamic programming, combinatorial optimization, network flow ... 

Ranking depends on the number of problems solved and the time taken.

3 human teams, from Saint 
Petersburg State University, 
the University of Tokyo, Beijing 
Jiaotong, solved 11 problems.

GPT-5 solved all 12 problems, 
11 on the first try, last on 9th 
submission, 12/12. 

Gemini 2.5 Deep Think solved 
10/12, including problem that 
no human team could solve. 

Gemini vs human times

https://icpc.global/


Long tasks

Measuring AI Ability to Complete Long Tasks.

AI performance in terms of the length of tasks AI 
agents can complete. GPT5: 2h15m-4.5h. 

This metric has been consistently exponentially 
increasing over the past 6 years, with a doubling 
time of less than 7 months. 

In less than a decade AI agents should complete 
independently a large fraction of tasks that take 
humans days or weeks.

https://metr.org/blog/2025-03-19-measuring-ai-ability-to-complete-long-tasks/
https://evaluations.metr.org/gpt-5-report


GDPval real work test

Most benchmarks do not show real value of AI models. 
GDPval is based on real-world work from 44 occupations. 
In pairwise comparisons some AI models approach parity with industry experts (av. 14 years 
experience) on the GDPval gold subset (220 tasks). Win rate of GPT 5.2 is 60%, with ties 74%. 



Artificial Intelligence-Enabled Medical Devices

11/2025: AI/ML-Enabled FDA approved 1247 Medical Device List. 

956  Radiology

125  Cardiovascular  

  56  Neurology

  22  Anesthesiology  

  19  Hematology

  17  Gastroenterology-Urology

  10  Ophthalmic

  43  Remaining 

https://www.fda.gov/medical-devices/software-medical-device-samd/artificial-intelligence-and-machine-learning-aiml-enabled-medical-devices


TOOLUNIVERSE: 
211 biomedical tools

GaoΣ {Φ Χ ϧ Zitnik, M. (3/2025). TxAgent: 
An AI Agent for Therapeutic Reasoning 
Across a Universe of Tools. 

https://doi.org/10.48550/arXiv.2503.10970


Do you really want a human doctor?
ω Goh, E. +15 coauthors(10/2024). LargeLanguage Model Influence on DiagnosticReasoning: 

A RandomizedClinicalTrial. JAMA Network Open, 7(10), e2440969ςe2440969. 

50 physicians, median diagnostic reasoning score was 74% (IQR, 63%-84%), with the help of 
GPT4 76% (IQR, 66%-87%) and LLM alone 92% (IQR, 82%-97%). 

https://doi.org/10.1001/jamanetworkopen.2024.40969


Tsinghua Hospital Simulacrum
Simulacrum-based Evolutionary Agent Learning (SEAL).

Hospital with 25 GPT-3.5 agents, 16 functional areas, 
21 clinical departments, covering 339 diseases, simulates 
the entire process of treating disease. 
Autonomous agents as patients, nurses and doctors. 
Agent doctors learn accumulating experience. 

Evaluation: correct medical examination, diagnosis, 
and treatment plan recommendation.

After thousands of patients, Agent-Doctor reaches high 
competence without any manually labeled training data.

Li J. et al. (5/2024). Agent Hospital: A Simulacrum of Hospital with Evolvable 
Medical Agents. 

5/2025: TsinghuaAI Agent Hospitalwas opened, strategic initiative 
transforming healthcare delivery, clinical education, and medical research 
through deeply integrated AI systems with agents trained in >20 specialties.
DƻŀƭΥ ǘǊŀƛƴƛƴƎ ŀ ƴŜǿ ƎŜƴŜǊŀǘƛƻƴ ƻŦ άAI-collaborative physiciansέΦ

http://arxiv.org/abs/2405.02957
https://med-tech.world/news/chinas-ai-hospital-transforming-healthcare/


ComputerUse Agents (CUA)  

https://www.microsoft.com/en-us/research/blog/fara-7b-an-efficient-agentic-model-for-computer-use/


State-of-the-Art



Ranking of new AI models

Combination: State-space dynamics + latent reasoning + causal models + self-evolving agents. 



Efficient/latent reasoning

Hao S et al. Training Large Language 
Models to Reason in a Continuous 
Latent Space. Chain of Continuous 
Thought model (Coconut),emergence 
of advanced reasoning patterns.

Feng S, Fang G, Ma X, Wang X.  2025 
Efficient Reasoning Models: A Survey. 

Github papers on efficient reasoning.
Github LatentCoT-Horizon 
Github Awesam Latent CoT

Small models, fast decoding, short 
chains of thoughts, chunking.

Hao, S., Sukhbaatar, S., Su, D., Li, X., Hu, Z., Weston, J., & Tian, Y. (2024). Training Large Language Models to Reason in a Contihttps:/doi.org/10.48550/arXiv.2412.06769
https://doi.org/10.48550/arXiv.2504.10903
https://github.com/fscdc/Awesome-Efficient-Reasoning-Models
https://github.com/multimodal-art-projection/LatentCoT-Horizon/
https://github.com/EIT-NLP/Awesome-Latent-CoT


Continuous Thought Machines

ω Darlow, L., Regan, C., Risi, S., Seely, J., & Jones, L. (5/2025). Continuous Thought Machines.

ω He, J., Bai, R. H., Williamson, S., Pan, J. Z., Jaitly, N., & Zhang, Y. (11/2025). 
CLaRa: Bridging Retrieval and Generation with Continuous Latent Reasoning. 

ω ½ƻǳΣ WΦ Χ ¸ŀƴƎΣ [Φ όммκнлнрύΦ Latent Collaboration in Multi-Agent Systems. 
LatentMAS transforms tensor of keys/values to other agents, enabling collaboration within the latent space.

https://doi.org/10.48550/arXiv.2505.05522
https://doi.org/10.48550/arXiv.2511.18659
https://doi.org/10.48550/arXiv.2511.20639


Mind uploading?



Beyond transformers ς brain inspirations
SakanaAI/continuous-thought-machines (2025). Github SakanaAI 
Continuous Thought Machine (CTM): synchronization of neural activity over time as a latent 
representation for taking actions in a world.

Performs tasks that require complex sequential reasoning 
at human level in biologically plausible way.    

Kosowski, A. et al. (9/2025). The Dragon Hatchling: The Missing Link 
between the Transformer and Models of the Brain. Pathway.com

Interesting neural architecture, learns during reasoning process. 

Shojaee et al. The Illusion of Thinking. 6/2025.  Really?

Large Reasoning Models (LRMs) fail to solve complex problems.

Wang, G. et al. Hierarchical Reasoning Model. 6/2025. 

Hierarchical Reasoning Model (HRM) recurrent architecture.  
A high-level module for abstract planning, low-level for details. 

27M model without pre-training, using only 1000 training samples, 
solves complex Sudoku puzzles, finds optimal path in large mazes.

https://github.com/SakanaAI/continuous-thought-machines
https://pub.sakana.ai/ctm/
https://doi.org/10.48550/arXiv.2509.26507
https://arxiv.org/abs/2506.06941
https://doi.org/10.48550/arXiv.2506.21734


Self-evolving AI agents

CŀƴƎΣ WΦ Χ aŜƴƎΣ ½Φ 
(2025). A Comprehensive 
Survey of Self-Evolving AI 
Agents: A New Paradigm 
Bridging Foundation 
Models and Lifelong 
Agentic Systems. 
arXiv:2508.07407. 

Gao, H et al. (7/2025). A 
Survey of Self-Evolving 
Agents: On Path to 
Artificial Super 
Intelligence. 

4 LLM-centric learning 
paradigms, from static 
offline model training to 
dynamic online, multi-
agent orchestration, and  
self-evolving agent 
evolution.

https://doi.org/10.48550/arXiv.2508.07407
https://doi.org/10.48550/arXiv.2507.21046
https://doi.org/10.48550/arXiv.2507.21046


Self-evolving AI agents



Self-improving neural architectures

²ŀƴƎΣ ²Φ Χ ϧ Schmidhuber, J. Huxley-DǀŘŜƭ aŀŎƘƛƴŜ: Human-Level Coding Agent Development by an 
Approximation of the Optimal Self-Improving Machine. (10/2025). github.com/metauto-ai/HGM.  

Self-improvement of coding agents that edit their own codebases based on the approximation to the 
DǀŘŜƭ ƳŀŎƘƛƴŜ ǿƘƛŎƘ ŀŎŎŜǇǘǎ ƻƴƭȅ ƳƻŘƛŦƛŎŀǘƛƻƴǎ ǘƘŀǘ ǇǊƻǾŀōƭȅ ƛƴŎǊŜŀǎŜ ǘƘŜ ŜȄǇŜŎǘŜŘ ƭƻƴƎ-term utility. 

Zhao, A. et al. Absolute Zero: Reinforced Self-play Reasoning with Zero Data. 5/2025. 

Verifiable rewards (RLVR) allow self-play to reach superhuman levels, but needs curated Q/A pairs. 

Absolute Zero Reasoner (AZR) self-evolves its training and reasoning ability using a code executor to 
validate code reasoning tasks and verify answers, serving as source of RLVR to guide open-ended yet 
grounded learning. Trained entirely without external data AZR achieves SOTA performance on coding 
and math reasoning tasks, outperforming models that rely on tens of thousands of in-domain human-
curated examples.

[ƛǳ WΦ Χ ¸ŀƻΣ IΦ όнлнрύΦ Agent0-VL: Exploring Self-Evolving 
Agent for Tool-Integrated Vision-Language Reasoning. 

Agent that achieves continual improvement with 
tool-integrated reasoning, self-evaluation, enabling 
the model to introspect, verify, and refine its 
reasoning through evidence-grounded analysis. 

https://doi.org/10.48550/arXiv.2510.21614
https://github.com/metauto-ai/HGM
https://doi.org/10.48550/arXiv.2505.03335
https://doi.org/10.48550/arXiv.2511.19900


Self-improving LLMs

Sakana.ai (5/2025)

The 5ŀǊǿƛƴ DǀŘŜƭ aŀŎƘƛƴŜΥ !L ǘƘŀǘ ƛƳǇǊƻǾŜǎ ƛǘǎŜƭŦ ōȅ ǊŜǿǊƛǘƛƴƎ ƛǘǎ ƻǿƴ ŎƻŘŜ 

DGM iteratively builds a growing archive of agents by harnessing principles of open-ended exploration. 
New agents are created and scored by interleaving self-modification with downstream task evaluation.

ZweigerΣ !Χ ϧ Agrawal, P. (6/2025). Self-AdaptingLanguage Models

Self-Adapting LLMs (SEAL), a framework that enables LLMs to self-adapt by generating their own 
finetuning data and update directives, may restructure the information, optimize its hyperparameters, 
or invoke tools for data augmentation and gradient-based updates. 

ZhouY, LevineS, Weston J, Li X, & SukhbaatarS (6/2025). Self-ChallengingLanguage Model Agents.

Self-Challenging framework for training an agent on high-quality tasks that are generated by itself. 
It generates a task forming a novel general class of problems defined by an instruction, a verification 
function, and solution and failure cases which serve as tests, filtering the high-quality tasks. 

Wang, T Χ & Li, X. (8/2024). Self-TaughtEvaluators.

STE use synthetic training data only, starting from unlabeled examples. 
Iterative self-improvement scheme generates contrasting model outputs and 
trains an LLM-as-a-Judge to produce reasoning traces and final judgments, 
using the improved predictions at each new iteration.

https://sakana.ai/dgm/
https://doi.org/10.48550/arXiv.2506.10943
https://doi.org/10.48550/arXiv.2506.01716
https://doi.org/10.48550/arXiv.2408.02666


AlphaGo Moment for Model Architecture Discovery

[ƛǳΣ ¸Φ Χ ϧ [ƛǳΣ tΦ AlphaGo Moment for Model Architecture Discovery. arXiv:2507.18074. 

The pace of AI research itself remains linearly bounded by human cognitive capacity. 

ASI-Arch is the first demonstration of Artificial Superintelligence for AI research (ASI4AI), 
a fully autonomous system enabling AI to conduct its own architectural innovation. 

Conducts architecture discovery, autonomously hypothesizing novel architectural concepts, 
implementing them, training and empirically validating their performance through experimentation. 

1 773 autonomous experiments, used over 20,000 GPU hours, 
discovered 106 state-of-the-art (SOTA) linear attention architectures, 
creating designs that systematically surpass human-designed baselines 
and illuminate new pathways for architectural innovation. 

Jankowski N, Duch W, DǊŊōŎȊŜǿǎƪƛ K, Meta-learning in Computational 
Intelligence. Studies in Computational Intelligence, Vol. 358, Springer 2011.

https://doi.org/10.48550/arXiv.2507.18074

