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

Towards autonomous ethical Al agents

Few thoughts on Al: computing, intelligence, cognition.
Superintelligence and exponential growth.

Al4Science autonomous agentic Al science factories.
Ethicalside: Al too human?

= A

t ' YR2N} Q& O02EY
should we be more afraid that Al will turn against us,
or that we turn against Al and others will enslave us?

ChatGPT << A150-300papers in thearxiv.cs.aeach day!
NeurNIP2025, 15 000 papers, 5 290 accepted.

Duch W DierckserGHF (1994)eural networks as tools to solve problems in physics and chemistry
Computer Physics Communicati8a 91-103



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

A European Strategy for Atrtificial Intelligence in Science.
Paving the way for the Resource for Al Science in EURDESE

Announced at Al in Science Summit in Copenhagendah32025 with pilot funding 108 M EUR.
In 2018 communicatiofrom the EUCommissisopromised 20 B EUR/yea)

RAISE is launched as a virtual European institute that pools, aligns and coordinates essential Al
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 Al systems beyond the
current state of the art, that arethical, explainable, transparent, accountable, reliable, safe, human
centric and aligned with human rights and societal values

81% of researchers have concerns relating to Al models (ethics, accuracy, security/privacy, and/or
lack of transparency) and 63% to the lack of guidelines, hindering the adoption of Al (survey . The
| 2YYAaaArzy gAft O2yiAydzS G2 LINRPY20S GKS aSOK
resources with the scientific community (training, tools, etc.).

TheEuropean Group on Ethics in Science and New Techno(&§#S will evaluate this program.
Naukao Al, Adlanauki



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 ATHINKING

What is really important: not how we call it but what it can do!
If we haveeffective algorithms we can write programs, no need for Al.
No effective algorithms?2ntelligence is needed.

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

What cannot be successfully programmed but can be learned from
experience may be replicated irsapervisedway, discover imnsupervised
way, or strategies may be developed usiagpforcementlearning

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

Al cannotalwaysbe perfect, but it can be better than humans.




May the Force

ANNOUNCING NVIDIA BLACKWELL PLATFORM
,- FOR TRILLION-PARAMETER SCALE GENERATIVE Al
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New hardware has no constraints of wetware. Photonleschichiplet160 TOPS/\WD.antphotonic
chip,Lightmatter3D Photonicc00-1000 TOPS/WsrogLinear Processing UiPU, 400 TOPS/W.
CerebrasCIMs, spintronics, neuromorphic computing, Cortical Labs organoid80Gk tells chip
LLM inferenceost fall between D00x/year depending on the taskfpoch. .

Energy may soon not be a problem. Should our Al 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

LLM inference prices have fallen 9x to 900x/year, depending on the task

Price (USD per million tokens)
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Who needs

B GPT-3.5 Turbo level or better on
general knowledge (MMLU)

M GPT-4 level or better on Ph.D.
level science questions (GPQA)

B GPT-40 level or better on Ph.D.
level science questions (GPQA)

B Other benchmarks and
performance levels

GWs?

Relative (inference) cost of ~50% performance on the MATH benchmark
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Data source: Epoch Al, Artificial Analysis
CC-BY

Gemini 1.5 Flash

(few-shot)

1
Jul 2022 Nov 2022 Mar 2023  Jul 2023 Nov 2023 Mar 2024  Jul 2024

AL AWARENESS | Leopold Aschenbrenner
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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.

Vectoss of concepts that are semantically related
become similar to each other
=> GPT interprets inputs using meaningfsgociations

Associative thinkingcreative heuristics for reasoning

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

embeddings, po sitional encoding
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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 ac

‘ /.
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tivation

Predictive Alsearch +heuristics supercalculatar

Generative Alspreading activation networks,
bindingrelevant information.

GPT1= Generative Prrained Transformer

InputdataY tokensY embedin vector spacepreserve
similarity of meaning(semantics) in different contexts.

Analyzerelations between tokens, create
structured knowledgeraphs.

LLM visualization https://bbycroft.net/llm - .‘..?.“';‘; )

Over 51565 variantsof opensource LLMs, R
over 3000for fine-tuning LLM Explored4/12/25). ‘ SN

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/

Model size (billions of parameters)

Exponential growth of LLMs stopped

10000 '

GPT-4
1000 /"
Magatr/C).n;Tur{ng Srok Llama 3
\
GPT-3 ‘ ® ,’
o \x f“ ! \\
100 / \ / \ Llama 3 70B L Qwen2.5-72B
|
// \\ f/ \\ /’\ fi \\ ’q\
Tuning‘NLG C F / ' /o
5 e Y A N .
0 ,/ L \ ' GPT4-mini Mistral-NeMo-Minitron
) L Phi3 | e 1 e 8B S
/ Gemma28 ®  papipe @  Miniggral 38
GF;TfZ ° Llama-3.1-Minitron ;= ~-@
1 / \ / Granite 2B
BE.F}T 2024: development of SLMs o
Qwen2.5-0.5B

/
/

0.1 Tr.arfsformers

A S 9 O Q Q N Jo) ™ D ™ D D ™ ™ D D D ™ ™ D ™ ™
CRUIIR IR IR LR S SR S S R SR R I SO SRR I S SR
R N I N N i R R R A AN R S NS PGS

Year



Phi-4 offers high quality results at a small size

MMLU Aggregate
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Prompt optimization

GPTs/LLMeeedMedpromptto achieve SOTA performance on a wide range of mepiocalems
Microsoft Researclools for thought promptions Best prompt libraries

Ensemble

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

KNN, few-shot, . : [ (+0.8%) kNN Dynamic 5-Shot
chain-of-thought v
Random few-shot, ? o= — [ (+3.4%) GPT Self-Generated CoT

Cf chain-of-thought

A
Random few-shot '

o ecooeo XXX [ (+2.2%) Random 5-Shot, One Token
Zero-shot @ & <

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

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

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

Diffusion models

AN AN P PEPE PN N SN NN Y YAV RS R PP N ms e one T} foh gy At oA an) IO A a3 ol ST SN
BEEee MR M T A7 45 PR TR VAT IR 60 57 A7 LA Sl gl oslstsr s o 8 S0t 650 450 560 40 0 & & 101 AL,
i R £ T2 1 NSRS R A Pl sstale (44 S A S A A 87 T AT s a7,
[ S LT AR RS 7 7 e s 5 ST S S AT LA,
EEm e NN BRIV f RA s s s Y L P P 7 2 2 7 A
\\\\H;\v‘/'*g«rr’.\\\\\\\\\.*.«~\\\\\\\\\\
Bty U N 0 N i naaaCar e R TR IR I R SO S A

T N U RERERERS o o~ =~ NN LS
afafaftalteledodeds PN o ————— SNNANYL P22 2222t ts
] R e VSNNNNX YV LS LA -
. R e SKSAN L P PP AL
DN NSNS S S S S s

N~ 4 e~~~

!

1

f

t

t

t -

f = g

[ 1 \ NSRANNANNS TSI D2 L L LSS

i it N AN NGNS /S S A A

] F 38 NSNS N ENERRSRRE. o & =

f \\\\‘ =ttt AN S A A
““““ v D

Britirss oo |

i Jrae o 2R . . .

! s eewev f # 7 & ~

N
e O P T
PR T P v e o
DU Y |

e e
N T e S
e

- T T S T o
-

!
!
!
!
!
!
!
!

Almost all image/audio/video systems are based on diffusion. A few sentence generation are based or
continuous diffusionSometimeswe try to complete a sentence, but sometimes it comes all at once.

Creategradient field towards attractor basins where images/concepts linked to prompts are stored.

See videos at th@depthfirst YT channel. Diffusion hdseprootsin statistical physics.

Nobelizationof Neural NetworksDeep Roots and Insane Future of Neural Networks (INNS 12/2024).



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

AlphaGaZeroand verifiable rewards (RLVR)

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

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

Superhuman levein Go. Best humans 3,668,860 EL(KataGOver 6000 ELO, playing against itself!
Human knowledge becomes irrelevadecreasing Al competenc€an we do it in other domains?

Reinforcement learning with Verifiable Rewards, RLVR continuousgetivement.
Shocking newsRuossX Benewelin T. (2/2024)GrandmasteilLevel Chess Without Search

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



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

Basic Input-
Output (10)

Input
\
Output

Thoughts:
Unscored

Positive
score

O Negative
score

Dependencies
between thoughts
Key novelty:
Intermediate
LLM thoughts
within a chain

Abandon thought

.. Backtrack

Associationsinput =>output.

Reasoning cognitive inspirations

Input

Key novelty
(beyond CoT):
Harnessing multiple
independent chains
of thoughts

Selecting
a chain with
the best score

Tree of Thoughts (ToT)

Backtracking

Branching out from a chain

from a chain

Key novelty

(beyond CoT-SC):
Generating several
new thoughts based
on a given arbitrary
thought, exploring

it further, and possibly
backtracking from it

Intermediate
thoughts are
also scored

Graph of Thoughts (GoT)

[This work]

Refining

Backtracking

/
AR

gy

chains
Output

Key novelty (beyond ToT):
Arbitrary graph-based thought
transformations (aggregating
thoughts into a new one,

looping over a thought to
refine it)

This ISGOFAILLM associations heuristic search

Chain of though{Co'l): step by step
Tree of ThoughtéToT): parallelthinking via RL.
Graph of Thought&oT): like human reasoning.
Sketchof-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 Al

1Q Test Results

@| Show Offline Test | | Show Mensa MNorway

Mensa Morway 10 Scores [(Average of last 7 tests)

\
» §

[ = [ [ [ [
50 60 LY, a0 90 110

@ Grok-3 [ Mistral

C.J Llama-3.2 {Vision) *. Gemini Advanced (Vision)
GPT-4o (Vision)

OpenAl o1 Pro

OpenAl o1 (Vision)

4. Gemini 2.5 Pro Exp.
, ..;Z Bing Copilot PRO
pe OpenAl ol Pro (Vision)

W DeepSeek R1 Openal o3 mini high

)&

1/2W

[ [ FRO

130 140

€3 Claude-3 Cpus

¥ Gemini 2.0 Flash Thinking Exp.

150

@ crr-40
Opendl ol

& DeespSeek V3
Openal o3

=1 1

2 OpenAl GPT 5 Pro

*. Gemini 2.5 Pro

£ OpenAl GPT 5 Thinking
OpenAl GPT 5 Pro (Vision)
5 OpenAl GPT 5

& Grok-4

@ Claude-4 Sonnet

g Claude-4 Opus

¥ DeepsSeek R1

#® Manus

@ Llama 4 Maverick

@ Perplexty

@ Grok-4 (Vision)

L Gemini 2.5 Pro (Vision)
" Gemini 2.5 Flash Thinking.
& DeepSeck V3

Claude-4 Sonnet {(Vision)

M Mistral

L) Bing Copilot

® GrT-40

& Claude-4 Opus (Vision)

¥ GPT-5-Thinking-Vision

£ Openal GPT 5 {Vision)

& GPT-40 (Vision)

Llama 4 Maverick (Vision)

Mensa Norway

143
135
135
12g
12g
127
119
17
114
102
100
a7
96
94
a3
a3
93
/N
a9
a8
az
76
70
64
60

At the beginning of the 2024 highest results were < 100 po@¢snini 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

LARGE LANGUAGE MODELS + GPQA (SEP/2024)

GPT-3.5 =
208 IHESHRIRES " GPT-4 Turbo Claude 3 Opus 3.5 Sonnet
281% SES0 46.5% 2T (40T)*  59.4% - 67.2%
50.4% = 59.5%

Llama 2 Gemini 1 Ultra
) 15T (30T)" Geminl1.5Pr0 W GPT-40

1.5 Flash
26.26% 35.7% 395% A 41.5% = 46.2%

Qwen2 5
72B(3T) SenseNova 5 “ﬁgﬁ
37.9% 600B (10T) Model name

( ens)
Llama 3 EBE 1ama 3
>, 70B (15T) 4058
Qﬂ 39.5%
Human avg Chance PhD (general) PhD (domain expen)
=0-1%* 25% 34% 65%
GPQA=10% GPQA=20% GPQA=30% SPQA=40% 5PQA=50% GPQA=60% GPQA=70%
IQ=120 Pg 2 1Q=126 Pqy ¢ Q=132 Pyy 4 994 Q=1 994 0.9 IQ=156 Pog s

& LifeArchitect.ai/ig-testing-ai

Rein, D et al. (2023EPQA: A Graduateevel GoogProof Q&A BenchmarkrXiv:2311.122
448 extremely difficult questions: highly skilled rexpert validators reach 34% accuracy with >30 minutes
of web access, experts pursuing PhDs in the corresponding domains readi4%5%



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@C finals

Team: 3 students. Task: solve 12 algorithmic problems within 5 Outsngedge 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 teamsfrom Saint - _
Petersburg State University, Gemini vs human times
the University of Tokyo, Beljing
Jiaotongsolved 11 problems
GPT5 solvedall 12 problems

11 onthe first try,laston 9th
submission12/12.

Gemini 2.5 Deep Thirdolved
10/12, includingoroblemthat
no human team could solve

E F G H | J



https://icpc.global/
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Success Probability

Software-engineering tasks where selected

I—Ong tasks LLM achieves a 50% success rate
SRR e A O e B EE LGS Average task duration for humans, log scale
Al performance in terms of the length of tasks A 15 hes
agents can completé&sPT5: 2h15m.5h -
0 >
This metric has been consistently exponentially 9“:)/" CT”ﬂdence GPT-5 i 4 hrs
Increasing over the past 6 yeavath a doubling bl A 1hr
time ofless than/ months {>Model
Grok 4 15 min
In less than a decade Al agents shotdanplete
Independentlya large fraction of tasks that take GPT—4{>,CP 4 min
humans days or weeks. P GPT-40 ,
Models are succeeding at increasingly long tasks /// 1 m|n
; bl CPGPT-3-5 15 sec
_~T GPT-3 4 sec
...................................... 5| ¥ GPT-2 1sec
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- N Release date
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LT (hﬁéi”a‘nu'?n';;lo_cézl!p|et$)"“ lehrs  2a Source: Model Evaluation & Threat Research



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

GDPvateal work test

Most benchmarks do not show real value of Al models.

GDPvais based on realorld work from44 occupations.
In pairwise comparisons some Al models approach parity with industry ex@ert$4 years
experience) on th&DPvagold subset (220 task3)inrate of GPT 5.%560% with ties 74%

Real Estate and Rental and
Leasing

« Conclerges
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Medical Secretaries & Administrative Assistants

Wholesale Trade
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Artificial IntelligenceEnabled Medical Devices

11/2025: Al/MLELEnabled FDA approved 12K&dical Device List
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56 Neurology

'

22 Anesthesiology

19 Hematology
17 Gastroenterologyrology
10 Ophthalmic

43 Remaining


https://www.fda.gov/medical-devices/software-medical-device-samd/artificial-intelligence-and-machine-learning-aiml-enabled-medical-devices
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https://doi.org/10.48550/arXiv.2503.10970

Do you really want a human doctor?

W Goh E. +1%oauthors(10/2024).LargeLanguage Moddhfluence onDiagnostidReasoning
A RandomizedClinicalTrial. JAMA Network Oper7(10), e2440968e2440969.

50 physicians, median diagnostic reasoning score was 74% (1QR483%withthe help of
GPT4/6%(IQR, 66%87%) and_.LM alone 92% (IQR, 8&1%).

DOCTOR VS CHATGPT
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https://doi.org/10.1001/jamanetworkopen.2024.40969

Tsinghua Hospital Simulacrum

Simulacrumbased Evolutionary Agent Learning (SEAL). "‘° \I/ﬁﬁllll'JJaTAl 5 @! L {52" == m
1t h = || EENE S (| EE || Bl
Hospital with 25 GR3.5 agents, 16 functional areas, | =15 " —1° i

( i

21 clinical departments, covering 339 diseases, simulates
the entire process of treating disease.

Autonomous agents as patients, nurses and doctors.
Agentdoctorslearnaccumulatingexperience.

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

)
3 x ’ GJEG JE(J FJEF%

Follow up 3', fRegistration [=k 2y}
Room Window , Pharmacyl

After thousandsf patients AgentDoctor reaches high =*m che = R
competencewithout any manually labeled training data. | |

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

5/2025: TsinghudAl AgentHospitalwas openedstrategic initiative

transforming healthcare delivery, clinical education, and medical resee
through deeply integrated Al systems with agents trained in >20 specia
D21 fY GNIFAYAY3I AlcolmmtivapBygiSadddi A 2 v

BR.2

Ace. on the MedQA dataset

Base MedAgents CoT Medprompt Ours


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

ComputerUse Agents (CUA)

Accuracy vs. Cost Trade-off on WebVoyager

SoM Agent (GPT-5) pass@3

95 - SoM Agent (GPT-5) pass@2
[Fara-?B pass@B]

0 -
[Fara-7B pass@Z] SoM Agent (GPT-5) pass@1

9

= SoM Agent (GPT-40) pass@3 OpenAl computer-use-preview pass@3

UI-TARS-1.5-7B pass@3

SoM Agent (GPT-40) pass@2 OpenAl computer-use-preview pass@2

UI-TARS-1.5-7B pass@2 .

)
)
>
]
o
=
(v}
(v}
<

[Fara-?B pass@l]

Fara-7B
[C] UI-TARS-1.5-7B
OpenAl computer-use-preview pass@1 SoM Agent {GPT-40)
SoM Agent (GPT-5}

UI-TARS-1.5-7B pass@l OpenAl computer-use-preview

. SoM Agent (GPT-40) pass@1 Model Type

Computer Use
SoM Agent w/ Ax Tree

$0!50 $1f00 $1f50 $2'.50
Average Cost per Task



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

Stateof-the-Art



Ranking of new Al models

Ranking of Promising Al Model Paradigms

self-evolving agentic models
Continuous / latent thought
Causal world models
State-space (Mamba) models
Diffusion models

Modular / MoE

Metacognitive models
Neuro-symbolic hybrids
Multi-agent systems

Pure transformer scaling

2 3

Expected Long-Term Impact

Combination: Statspace dynamics + latent reasoning + causal models-e\s#@ifing agents.



Efficient/latent reasoning

Al Just Hit a Wall.
This Model Smashed

nght Through 't (lmplicit—l\'l) (Deng et al., 2023), Distill2-to-1 (Yu et al., 2024), CODI (Shen et al., 2025¢),
Explicit CoT to LightThinker (Zhang et al., 2025a), CCoT (Cheng & Van Durme, 2024),
[lmplicit 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)

\

p
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),

HCoT (Liu et al., 2024c¢c), SoftCoT (Xu et al., 2025¢c), SI (Deng et al., 2024),

RELAY (Yu et al., 2025a), Reasoning with Latent Thoughts (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)

(§3.1.4)

‘.
. iy ‘ f [fotcnt Roasuning]
‘v tJ

Latent Space
Representations

Hao S et al. Training Large -

Models to Reason in a Continuous
Latent SpaceChain of Continuous
Thoughtmodel (Coconuj,emergence
of advancedreasoningpatterns.

Feng S, Fang G, Ma X, Wang X. 2C
Efficient Reasoning Modela Survey.

Githubpaperson efficient reasoning
GithubLatentCoTHorizon — Pk ——
GithubAwesamlLatentCorl S

Snall models, fastdecoding short
chains of thoughts, chunking

fficient Hmﬁuning]

{

i



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

w Darlow, L., Regan, Risj S., Seely, J., & Jones, L. (5/2026ntinuous Thought Machines

W He, J., Bai, R. H., Willilamson, S., Pan,Jhi#y,N., & Zhang, Y. (11/2025).
CLaRaBridging Retrieval and Generation with Continuous Latent Reasoning

W »%2dzz2 WO X | | LatanECollaldoratiom im MHdmenpSystems
LatentMASransforms tensor of keys/values to other agents, enabling collaboration within the latent space.

Latent Collabomﬁon (LatentMAS)
Latent Communication Latent Communication

@ — [, ey @ — ) — @ £o LIMX DYNAMICS
£o LIMY. DYNAMICS

Latent Reasoning Latent Reasoning Latent Reasoning
4o LIMX DYNAMICS

Latent Thoughts of A, . , e
(Last-Layer Hidden States) ! i Tem f H !
Latent Working ‘ 2

Agent 4, | Memory of 4,

Key-Value (KV) Pairs
. Condition Generated on

Both 4, and A,

Input Sequence m latent steps



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?

NEURALINK'S BRAIN-AI INTERFACE

L iy :
NECROMANCY. %
Al AND THE RESURRECT IN N

e .

1 BN
A - | ;

Przeprovwada



Beyonadtransformersg brain inspirations

SakanaAtontinuousthoughtmachines (20255ithub SakanaAl
ContinuousThought Machine (CT)¥lsynchronization oheural activity over timeas a latent
representationfor taking actions in a world

Performstasksthat require complex sequential reasoning
at humanlevelin biologically plausible way

KosowskiA. et al. (9/2025)The Dragon Hatchling' he Missing Link
between the Transformer and Models of the Bratathway.com

Interesting neural architecture, learns during reasoning proc
Shojaeeet al. The lllusion of Thinking/2025. Really?

1000 training examples 1000 training examples

Wang, G. et aHierarchical Reasoning Modé&/2025. : 55.0 80

HierarchicaReasoning Mod€HRM) recurrent architecture.
A highlevel module for abstract planning, lelevel for details.

JE—
o

o3-mini-high

27M model withoutpre-training,using only 1000 training samples, :
solvescomplexSudokuwuzzlesfindsoptimal pathin large mazes >

| } LS | (il | ] i (i
0 0.0 0.0 0.0 0.0 0.0 00 00 0.0

Direct prediction, small-sample learning


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

Seltevolving Al agents

Cl y' =3 WD X Paradigm Interaction & Feedback Key Techniques Diagram

(2025). A Comprehensi e Transformer Pretra.irﬁn]g (Causal
: Model Offline & Static data LM, Masked LM, NSP loss
Survey of SG"EVO'Vlng Al Pretraining (MOP) (loss/backprop) e BPE / SentencePiece Model

Static data

Agents: A New Paradig
Bridging Foundation

MoE & Pipeline Parallelism

Model A

Models and Lifelong . EE{ Fi:}e-tﬂﬂin:g
: . ruction Tuning
Age_ntlc SyStemS' Model Online < Supervision e LoRA / Adapters / Prefix-Tuning Model Model B
arxiv:2508.07407 Adaptation (MOA) (labels/scores/rewards) ® BLHF (RLAIF, DPO, PPO)
o Multi-Modal Alignment
Gao, H et al. (7/2025). A ¢ Human Alignment ~ .
Survey of SefEvolving Model
Aents On Path to e Multi-Agent Systems
i~ : ) elf-Reflection
Artificial Super Multi-Agent Agent; < Agents *S A
. P Orchestration (MAO) (message exchange) e Multi-Agent Debate
Intelllgence. e Chain-of-Thought Ensemble
e Function / Tool Calling / MCP

4 LLMcentric learning
paradigms, from static
offline model training to e S v ane
dynamic online, multi Self-Evolving (MASE) (signals from env.)
agent orchestration, and

selfevolving agent

Behaviour Optimisation
Prompt Optimisation

Memory Optimisation

Tool Optimisation

Agentic Workflow Optimisation

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

Seltevolving Al agents

What to Evolve? When to Evolve?

Context

= E Task Completion
Memiory L?

Prompts | »-

D |ntertesttime

Intra-test-time
(E{} Self-evolution

Store / Retrieve Salf-evolution

Instruct

e

Call / Return

@

Methods ICL SFT RL

Agent

How to Evolve?

Plan, Reason

Models @ Tools x

arcneacture G

Single Agent Multi-Agent
Query Query

Imitation &
Demonstration

Reward-based Population-based

Textual Self-Generated Single Agent
Internal
. | Cross-Agent
xterna
Multi-Agent

Implicit Hybrid

)
E = % Cross-cutting Evolutionary Dimensions
Answer

Online/Offline %, On/Off-policy . Granularity

Answer

Where to Evolve? Evaluation

Goals & Metrics
Adaptivity

General Domain

..ri.' General-purpose Applications Retention

Generalization Efficiency

Specific Domain

)
ﬂFma ncial

[£) Education | &%0thers

B cul

Static  { ~Shori-horizon

Self-evolving Agent

When 1o evolve

How to evolve

Where 1w Evolve

—,
_(\"r"p'lm 10 EVOlve

—

Policy SCA [1], Self-Rewarding Self-Improving []. SELF |
. PAG |1 2], TexuGrad [1 7], AwoBule [ 1], SRLM [17]

. SCoRe [ 1], )

) SCA [4], AgentGen [ ©]. Reflexion || 7], AdaPlanner SICA [ 1Y),
rlf—RrI]l:u [20], Leam-by-interact [ 1], RAGEN | ID‘IJE'].'JL [25)
Ny SAGE | Memd [2°], Memlnsight [ -], REMEMBER [ ], Expel [22],
|:.'\.-1-an|:_-. :I Agent WorkAow Memory [ 1], Richelien diplomacy agem [ 1], l{'k[ |

-)_ APE [ 2], ORPO [ 7], ProTeGi [ ], PromprAgent |
Prompt E"l:ml:l siBreader l | DEPy [*7], Trace [*4]), TexiGrad |
AL Jlff [0]. EvoAgent [11]

|. REVOLVE [ 7],
. SPO ], LLM-

Woyager [ 1], Alita |

CRAFT [17]

Creation

| ATLASS [1], CREATOR [ 7], Skill'Weaver | D

—('-Tl.lul

)— _(-M.usﬂn ¥

)—[:-L,L.mlA\.LI |, BRAFT [ 1], ToolLLM [50]), Toolfermer [ 1], Gorilla | I-)

ToolGen |
TOOLRET |

|. AgentSquare |
|. ToolRerank |

Selection

!

|. Darwin Gasdel Machine |
|, FTR [“0], 880 [=0]

| COLT | |J

|. Darwin Godel Machine |

AgentSquare |
|, Texvlrad [17], EvoFlow |

Simgle-Agent alphaEvolve |

—(_All:h:bcl.'[ml.‘

g

|, ScoreFlow |

|. Giidel Agent [1],
|, MASS [0)
AFlow [+1], ADAS [0], AwoFlow [], GPTSwarm | |
FlowReasoner [07), ReMA [ ), GIGPO [ 1]
-)_@LHLA:II.III [17), SELF [ 7], AdaPlanmer || ©], TrustAgent [ 7]

Intra-test-time
self-evolution

—(SPr

HSn:If-.-\thmc LM [ ). TTT-MM [ ], SIFT [ 7]

Inter-tesi-time
self-evolution

Reward-based

Self-Evolution

Inmitstion & Demonstratio
LIL';II nng

A

HL.-\DIJEM I, Tuel [ 5]

-:]—[:-E-;ELH . STaR [70], Quiet-STaR [20], SiriuS [£1], Chen et al. [£7]

HR—‘IJE"\- 23], LA:qu!lllg-L:kl:-Hu:l!u:la [#]. WebRL [+]. lJlLlRL [E5])
Reflexion [ 7], AdaPlamer [ ], AgentS2 [-]. SELF |
Teiial Reaachiac Refine | 2], SCoRe [ /). PAG 1], TexiGrad [ 1)
CISC [+7], Self-Ensemble [©-), SRSI [V], Self-Cenmainty [-7],
Intsmal Remsdy Self-Rewarding Language Models [20]

|. Self-

Self-Train LM [V ], MM-UPT [], CoVo |
SICA V7] Feedback Fricton [V0], USEagent [ ], DYSTIL |
e e OTCPO [ 4], AutoRule [ 1], EGSR [ '], LADDER [ 7], Ii:N.:[-h. I

SPIRAL []

—l:!l:l!pl:ll.‘:ll. RE“NﬂHE“mﬂ 15 Enough |
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Seltimproving neural architectures

2 | y33 SchmichubarHuxleyD | RSt  aHu@dalieyeSCoding Agent Developmegtan
Approximation of the Optimal Sdthproving Maching(10/2025).github.comimetauto-ai/HGM

Seltimprovement of coding agents that edit their own codebases based on the approximation to the
DI RSt YIOKAYS gKAOK | OOSLIJia 2yfeé Y2RAt&m Qility1 A 2 Yy

Zhao, A. et alAbsolute ZeroReinforced Sefflay Reasoning with Zero Dat&2025.
Verifiable rewards (RLV&)ow selfplay to reach supernuman levels, but needs curated Q/A pairs.

Absolute Zero Reasoner (AZRIFevolves its training and reasoning ability using a code executor to
validate code reasoning tasks and verify answers, serving as source of RLVR to guetelegdemet
grounded learninglrained entirely without externalata AZR achieves SOTA performance on coding
and math reasoning tasks, outperforming models that rely on tens of thousandslomain human
curated examples.

[ Adz Wd X Abge’t@VL ExploriogiSeEvphond
Agent for Toclntegrated VisioAdLanguage Reasoning
Agent that achieves continual improvement with
tool-integrated reasoning, sefvaluation, enabling|s
the model to introspect, verify, and refine its
reasoning through evidenegrounded 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

Seltimproving LLMs

Sakana.a5/2025)

Evaluate on v

The5 F NBAY DI RSt al OKAYSY 'L GKIFG AYLNER T R O T

DGMiteratively builds a growing archive of agents by harnessing principles ofeymbad exploration.
New agents are created and scored by interleavingmetification with downstream task evaluation.

ZweigeE ! Xgrawa) P. (6/2025)SeltAdaptingLanguagdvodels

SelfAdapting LLMs (SEAL), a framework that enables LLMs-adsgif by generating their own
finetuning data and update directives, may restructure the information, optimize its hyperparameters,
or invoke tools for data augmentation and gradidyatsed updates.

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

SeltChallenging framework for training an agent on heglality 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 theybaghy tasks.

Wang TX & Li, X. (8/2024)SeltTaughtEvaluators

STE useynthetic training data onjystarting from unlabeled examples. e
Iterative selfimprovementscheme generates contrasting model outputs and
trainsan LLMasa-Judgeo produce reasoning traces and final judgments,
usingthe improvedpredictions 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

[ AdzZ | & AlpghaGo Mpmediar Modé Architecture DiscovergrXiv:2507.18074
The pace of Al research itself remains linearly bounded by human cognitive capacity.

ASHArch is the first demonstration &rtificial Superintelligence for Al research (ASI4Al)
a fully autonomous system enabling Al 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 o\&),000 GPWours,
discoveredlO6 state-of-the-art (SOTAlinear attention architectures,
creating designs thaystematically surpass humaesigned baselines
and illuminate new pathways for architectural innovation.

Jankowski N, Duch VB, NI 6 O IK3/éta-lgakning in Computational
Intelligence Studies in Computational Intelligence, Vol. 358, Springer 2011.


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

