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INTELLIGENCE DEVELOPS THROUGH OUR SENSORS AND CAPABILITIES

Language with its high level of abstraction came 
orders of magnitude later than other “inputs”.



INFORMATION PROCESSING SYSTEMS AND PLANNING

Planning (reasoning) is visible millions of years before language.



ENORMOUS RECENT PROGRESS IN AI THROUGH LANGUAGE

• Massive language corpora on the internet (training data)
• Huge models trained with simple objective (next token prediction)

The human brain contains about 86 billion neurons 

– for reference.

Images taken from 
https://cloudxlab.com/blog/gpt-4-and-its-advancements-over-gpt-3/

GPT4 – unknown, estimated around 1.75 trillion parameters

GPT5.6-Sol – speculated at 4 trillion

Claude Fable – 10 trillion parameters ?



NEXT TOKEN PREDICTION

Image from https://wikidocs.net/178448

Image from https://www.cyber.nj.gov/guidance-and-best-practices/artificial-intelligence/chatgpt-and-its-impact-on-cybersecurity



DATA, DATA, DATA!

• Massive language corpora on the internet (training data)
• Huge models trained with simple objective (next token prediction)

GPT4 – unknown, but estimated around 

1.75 trillion parameters

GPT5.6-Sol – speculated at 4 trillion

Claude Fable – 10 trillion parameters ?

GPT4 was trained on about 13 trillion tokens (~10^13).

GPT5-Sol: 70 trillion tokens, Claude Fable 100 trillion (10^14) (unconfirmed estimate).



LLMS EVERYWHERE…

LLMs are now writing essays, chatting like a human, generating art, doing math, coding, 

and even designing proteins …



A BRIEF (PRE) HISTORY OF LLMS
Pre-2020: “Pre-train then fine-tune” (GPT-1, GPT-2)
 Improving Language Understanding by Generative Pre-Training (Radford et al., 2018)

 GPT-2 hinted at “zero-shot” abilities: model could perform tasks it wasn’t specifically trained on

2020: In-Context Learning (ICL)
 Language Models are Few-Shot Learners (Brown et al., 2020)

At 175B parameters GPT-3 could learn patterns/take instructions from a prompt

2022: Chain-of-Thought (CoT) “Let’s think step-by-step”
 Chain-of-Thought Prompting Elicits Reasoning in Large Language Models (Wei et al., 2022)

 For math/logic ICL wasn’t enough. Prompting the model to "show its work" or "think step-by-step" 

skyrocketed performance on reasoning tasks



A BRIEF HISTORY OF LLMS FOR REASONING
Pre-2020: “Pre-train then fine-tune” (GPT-1, GPT-2)
 Improving Language Understanding by Generative Pre-Training (Radford et al., 2018)

 GPT-2 hinted at “zero-shot” abilities: model could perform tasks it wasn’t specifically trained on

2020: In-Context Learning (ICL)
 Language Models are Few-Shot Learners (Brown et al., 2020)

At 175B parameters GPT-3 could learn patterns/take instructions from a prompt

2022: Chain-of-Thought (CoT) “Let’s think step-by-step”
 Chain-of-Thought Prompting Elicits Reasoning in Large Language Models (Wei et al., 2022)

 For math/logic ICL wasn’t enough. Prompting the model to "show its work" or "think step-by-step" 

skyrocketed performance on reasoning tasks

2025: Reinforcement learning from verifiable rewards (RLVF)
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning (DeepSeek-AI, 

2024/2025 / OpenAI o1 /Kimi)

Use RL & verifiable outcomes (math/code) to force the model to develop internal reasoning and self-

correction



A BRIEF HISTORY OF LLMS FOR REASONING
2025: Reinforcement learning from verifiable rewards (RLVF)

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning (DeepSeek-AI, 

2024/2025 / OpenAI o1 /Kimi)

Use RL & verifiable outcomes (math/code) to force the model to develop internal reasoning and self-

correction

2026: Agents. 
  Training-free (in context) RL. 
  “In skills”-Learning.
  “In harness”-RL. 
  Meta-harness learning. 
  Self-improvement.

…



REINFORCEMENT LEARNING FOR LLM POST-TRAINING

Fantastically successful!  The O1 (Sep 2024) and DeepSeek/Kimi (Jan 2025) “Revolution”

Open Source / open method (GRPO)



REINFORCEMENT LEARNING FOR LLM POST-TRAINING

 
Group Relative Policy Optimization (GRPO) & “Test-time compute paradigm”

• The model generates a group of multiple CoT outputs (say, 16 different attempts) for 

the same prompt and compares them against each other. The outputs that are better 

than the group average are rewarded; the ones below average are penalized.

• For reasoning tasks the reward is rule-based (“verifiable”), no “critic” model or “human-

in-the-loop” needed. 



GRPO FOR RLVF

● LLMs use lots of test time tokens to reason and improve the performance.

● From train-time scaling to test-time scaling



LEARNING OR RETRIEVING?

“The intelligence already exists in the pre-trained model,  it is all about 

extracting it.”

Sebastian Bubek (November 2024)



LEARNING OR “SHARPENING”?

Image credit: Yue et al. “Does Reinforcement Learning Really Incentivize Reasoning 

Capacity in LLMs Beyond the Base Model?”, NeurIPS’25



DIVERSITY COLLAPSES DURING TRAINING

Image credit: Yue et al. “Does Reinforcement Learning Really Incentivize Reasoning 

Capacity in LLMs Beyond the Base Model?”, NeurIPS’25

Diversity is measured as pass@k (roughly, is there a correct answer among k CoT rollouts?)

Often synonymous with exploration.



Diversity is measured as pass@k (roughly, is there a correct answer among k CoT rollouts?)

Often synonymous with exploration.

Can we add an “exploration bonus”?

DIVERSITY COLLAPSES: EXPLOITATION VERSUS EXPLORATION

Idea: 

Encourage the policy to visit as many “outcomes” as possible

Add exploration bonus that is inversely proportional to 

number of visits



Results (omitting lots of technical detail):

• Slower diversity degradation

• Better peak accuracy

DIVERSITY COLLAPSES: EXPLOITATION VERSUS EXPLORATION

ours (with exploration bonus)



EXPLORE IN LATENT SPACE

Token rollouts are very costly (long)

Diversity collapses, exploration is limited

Can we explore in latent (representation) space (not token space)?

ICLR’26



EXPLORE IN LATENT SPACE

Token rollouts are very costly (long)

Diversity collapses, exploration is limited

Can we explore in latent (representation) space (not token space)?

ICLR’26

Results (roughly): 

• We can scale latent inference and RL 

• Training with latent chain-of-thought gives better 

diversity (pass@32) → more exploration

• Better performance on out-of-domain tasks → better 

generalization



RLVR’S “INVISIBLE LEASH”*:

“CRITICAL CONSENSUS”:

● THE RLVR RECIPE PRIMARILY PRESERVES RATHER THAN EXPANDS THE BASE MODEL’S 

SOLUTION COVERAGE.

○ Learning process is largely confined to re-weighting probabilities within the base model’s pre-existing 

trajectories

○ Cannot discover fundamentally new reasoning trajectories outside this initial capability.

○ Diversity of answers declines.

*Wu et al.’25, “THE INVISIBLE LEASH? WHY RLVR MAY OR MAY NOT ESCAPE ITS ORIGIN”
Image credit: https://labelstud.io/blog/reinforcement-learning-from-verifiable-rewards/

● HARD PROBLEMS CANNOT BE LEARNED

○ What happens when a model gets stuck on problems it fails 100% of the time? There is no 

learning signal to begin. “Reasoning plateau”.



META-RL: HOW TO SOLVE HARD PROBLEMS

Edge of Learnability:

● RL training often plateaus, “hard” problems in the training set remain unsolved

● Low initial success rate (e.g. fail@128) means no training signal and no learning

● Recall: RLVF learns in a sparse reward world , “wanders indefinitely” without positive reward

How to escape the “All-Zero” region?



META-RL: HOW TO SOLVE HARD PROBLEMS

Edge of Learnability:

● RL training often plateaus, “hard” problems in the training set remain unsolved

● Low initial success rate (e.g. fail@128) means no training signal and no learning

● Recall: RLVF learns in a sparse reward world , “wanders indefinitely” without positive reward

How to escape the “All-Zero” region?

● RL training on simpler questions can kickstart learning on hard datasets

● But how to design a “stepping stone curriculum” ?

○ Curated additional data (expert-driven process, doesn’t scale)

○ Filtering of existing data (but what criteria? How do we know what easier questions 

transfer learning to hard ones? Also doesn’t scale.)

Pretrained LLMs themselves  are an untapped resource (teacher) for learnable questions 

to unlock learning on hard datasets. RL on the teacher can “mine” pretraining corpus.



CAN A MODEL TEACH ITSELF TO SOLVE PROBLEMS THAT ARE, INITIALLY, 
COMPLETELY OUTSIDE ITS CAPABILITIES?

ICML’26

Spotlight



META-RL: 
HOW TO TEACH MODELS TO TEACH THEMSELVES

ASYMMETRIC SELF-PLAY:

Has proven to be a powerful engine for 

skill-discovery and exploration in physical 

domains (mazes, robotics).

RL

RL

OpenAI’21: “Asymmetric Self-Play for 

Automatic Goal Discovery…”

Sukhbaatar et al.’17:  Intrinsic motivation and

automatic curricula via asymmetric self-play



GROUNDING SELF-PLAY IN MEASURABLE PROGRESS



SOAR (SELF-OPTIMIZATION VIA ASSYMETRIC RL): 
 GROUNDING SELF-PLAY IN MEASURABLE PROGRESS



TEACHING MODELS TO TEACH THEMSELVES: TARGETED EXPERIMENTS

Technical details:

Model: LLAMA-3.2-3B-INSTRUCT

Create Hard Dataset: Filter from MATH or HARP  

 for failure to pass @128

Setup: inner student loop – 10 steps of GRPO  

          outer teacher loop – sample 4 groups of 

 64 (q,a) pairs (GRPO with group size 4),

  reward is student improvement over 

 untrained student

The ability to generate a useful curriculum does not require the pre-existing ability to 

solve the target problem!



TEACHING MODELS TO TEACH THEMSELVES: TARGETED EXPERIMENTS

Learned curricula transfer out of domain!

The learned stepping-stone curriculum transfers out of domain.



WHAT MAKES A GOOD “STEPPING-STONE” PROBLEM?



REASONING IMPROVEMENTS REQUIRE GROUNDING!

INTRINSIC (NON-GROUNDED) REWARDS

ITERATIVE SELF-IMPROVEMENT WITHOUT GROUNDING (REWARDS NOT USING GROUND TRUTH)



SELF-PLAY: INTRINSIC VERSUS GROUNDED TEACHER REWARDS

● Contemporary “zero-data” LLM self-play studies (R-Zero, AbsoluteZero, Language-Self-Play (LSP), 

Self-questioning LLMs (SQLM), Self-Play RL (SeRL)  …) use intrinsic  teacher rewards (learnability, 

uncertainty,…). 

● Lead to “Reward Hacking”: Curriculum can “drift”, generating interesting but irrelevant tasks, 

stalling student progress or collapsing it completely



ITERATIVE REASONING WITHOUT GROUNDING LEADS TO COLLAPSE

REWARD HACKING

DIVERSITY COLLAPSE

REMINISCENT OF MODEL COLLAPSE WITH SYNTHETIC DATA



MODEL COLLAPSE …

Shumailov et al. ’23 (Nature ‘24) 



MODEL COLLAPSE …







MODEL COLLAPSE …

Image from: https://www.reddit.com/r/ArtistHate/comments/

1ecx32v/this_chart_explains_the_ml_model_collapse_in_a/#lightbox

https://www.reddit.com/r/ArtistHate/comments/


SELF-CONSUMING FEEDBACK LOOP…



CAN WE SALVAGE SYNTHETIC DATA?

Checking the data and throwing out 

the “bad” helps !!!

Which is what GRPO/RL does. 

“A Tail of Tails: Model Collapse as a change of scaling laws”, Dohmatob, Feng, Yang, Charton, JK, ICML’24

“Model Collapse Demystified”, Dohmatob, Feng, JK, NeurIPS’24

“Strong Model Collapse”, Dohmatob, Feng, Subromanian, JK, ICLR’25 Spotlight

“Beyond Model Collapse”, Feng, Dohmatob, Yang, Charton, JK, ICLR’25 



SYNTHETIC DATA ALONE – NO
SYNTHETIC DATA WITH CHECKING – YES!

BUT WHO IS GOING TO CHECK???



SYNTHETIC DATA ALONE – NO
SYNTHETIC DATA WITH CHECKING – YES!

BUT WHO IS GOING TO CHECK???

• HUMANS? (RLHF)

Image from ChatGPT with prompt: Make a cartoon picture of a human sorting peas into good and bad 



SYNTHETIC DATA ALONE – NO
SYNTHETIC DATA WITH CHECKING – YES!

BUT WHO IS GOING TO CHECK???

• HUMANS? (RLHF)

• COMPUTERS?

Image from ChatGPT with prompt: Now give me the same picture, but replace the human with a computer



SYNTHETIC DATA ALONE – NO
SYNTHETIC DATA WITH CHECKING – YES!

BUT WHO IS GOING TO CHECK???

• HUMANS? (RLHF)

• COMPUTERS?

• OTHER LLMS ???

Image from: https://memo.d.foundation/llm/llm-as-a-judge 



ALPHAGO

Image: https://www.bbc.com/news/technology-35785875



ALPHAGO – HOW WAS IT TRAINED?

• ON A LOT OF RECORDED GAMES?



ALPHAGO – HOW WAS IT TRAINED?

• ON A LOT OF RECORDED GAMES?

• ON SELF-PLAY! SELF-GENERATED GAMES !!!!



ALPHAGO – HOW WAS IT TRAINED?

• ON A LOT OF RECORDED GAMES?

• ON SELF-PLAY! SELF-GENERATED GAMES !!!!

• WAIT A MINUTE! WHAT ABOUT MODEL COLLAPSE ????

Image from https://imageresizer.com/meme-generator/edit/Wait-a-minute-Never-mind



ALPHAGO – HOW WAS IT TRAINED?

• GO HAS RULES

• THEY CAN BE CHECKED

Images https://www.reddit.com/r/baduk/comments/823jwk/i_made_a_a2sized_how_to_play_go_poster_for_my/

https://www.kiseidopublishing.com/ff.htm

https://www.reddit.com/r/baduk/comments/823jwk/i_made_a_a2sized_how_to_play_go_poster_for_my/


ALPHAGO – NO HUMAN DATA AT ALL!

Image by ChatGPT with prompt: Draw a cartoon of two machines or computers playing the game of go. Also show a go board

• GO HAS RULES

• THEY CAN BE CHECKED AUTOMATICALLY BY AN 

AUTOMATED RULE CHECKER

• GAMES CAN BE SCORED AUTOMATICALLY

• THIS WAY, WE CAN GET LOTS OF CHECKED 

SYNTHETIC DATA



ALPHAGO – NO HUMAN DATA AT ALL!

Image by ChatGPT with prompt: Draw a cartoon of two machines or computers playing the game of go. Also show a go board

• GO HAS RULES

• THEY CAN BE CHECKED AUTOMATICALLY BY AN 

AUTOMATED RULE CHECKER

• GAMES CAN BE SCORED AUTOMATICALLY

• THIS WAY, WE CAN GET LOTS OF CHECKED 

SYNTHETIC DATA

• …AND TRAIN OUR MODEL ON THE BEST GAMES

• AND HAVE IT PLAY AGAIN

• AND REPEAT….

Image from https://imageresizer.com/meme-generator/edit/Wait-a-minute-Never-mind



ALPHAGO – HOW WAS IT TRAINED?

AND MANY OTHER INGREDIENTS….

• MONTE-CARLO TREE SEARCH 

• TO LOOK FOR STRATEGIES

Image from: https://www.researchgate.net/figure/Monte-Carlo-tree-search-in-AlphaGo-a-Each-simulation-traverses-the-tree-by-selecting_fig3_292074166



ALPHAGO – HOW WAS IT TRAINED?

AND MANY OTHER INGREDIENTS….

• MONTE-CARLO TREE SEARCH 

• TO LOOK FOR STRATEGIES

• REINFORCEMENT LEARNING 

• TO LEARN FROM GOOD GAMES AND “UNLEARN” FROM BAD ONES

• …



ALPHAGO

Image: https://www.bbc.com/news/technology-35785875



HOW LLMS WON GOLD MEDAL AT THE 2025 IMO



July 20, 2026     JACOBIAN CONJECTURE

May 29, 2026     ERDOS UNIT DISTANCE CONJECTURE REFUTED





HOW LLMS WON GOLD MEDAL AT THE 2025 IMO
… AND STARTED TO SOLVE RESEARCH MATH IN 2026

• THE “TRICK” ?

• MATH CAN BE VERIFIED!!! 

• IT IS ARGUABLY EASIER TO VERIFY A PROOF THEN TO FIND IT….



• MATH CAN EVEN BE AUTOMATICALLY VERIFIED…   WITH LEAN

HOW LLMS WON GOLD MEDAL AT THE 2025 IMO
… AND STARTED TO SOLVE RESEARCH MATH IN 2026

AUTOMATED PROOF VERIFICATION = GROUNDING IN “TRUTH”



CREATING A LARGE LEAN CORPUS AND AN AUTO-FORMALIZATION HARNESS 

AUTO-FORMBOT AND ATLAS



LLMS NOW

2026: Agents, Harnesses, “Self-Improvement” 
• Harnesses and multi-agent workflows

• (Some form of) continual learning and differentiation through contexts and skill.md files

• Allows for “meta-RL” frameworks

Image credit: Requena et al. “A Minimal Agent for Automated Theorem Proving”, 

arXiv 2602.24273

Image credit: Lee et al. “Meta-Harness: End-to-End Optimization of Model 

Harnesses”, arXiv 2603.28052



HARNESSES AND PROVER AGENTS

FROM PROOF SEARCH TO PROVER AGENTS

A good harness can achieve SOTA on 

math benchmarks, beating special 

purpose models like AlphaProof.



LLMS CAN NOW STATE, PROVE AND VERIFY MATHEMATICAL THEOREMS 

  → CREATE NEW MATH ? SCIENCE?

AUTOMATIC THEOREM DISCOVERY

“Science is built up with facts, as a house is with stones. But a collection of facts 

is no more a science than a heap of stones is a house.” 

Science and Hypothesis, Poincaré (1905)



START WITH KNOWN PREMISES

HAVE THE MODEL CONJECTURE AND PROVE 

NEW THEOREMS

PRUNE FOR “INTERESTINGNESS” ( A LEARNED 

VALUE FUNCTION)

RESTART… 

AUTOMATIC (INTERESTING) THEOREM DISCOVERY



BACK TO MORAVEC’S PARADOX

“It is comparatively easy to make computers exhibit adult level performance 

on intelligence tests or playing checkers, and difficult or impossible to give 

them the skills of a one-year-old when it comes to perception and mobility.”

Hans Moravec (1988)

“The main lesson of thirty-five years of AI research is that the hard problems 

are easy and the easy problems are hard“

       Stephen Pinker (1994)



GROUNDING IS KEY

LLMs are not grounded in the physical world

Physical Feedback Loop: observe → act → get feedback → update

Exploration: Babies drop things on purpose to practice new motor skills, learn 

about gravity, and test cause and effect in a tight signal-feedback loop

“RLVF (on LLMs) is like sucking bits of supervision through a straw.”

Andrej Karpathy, 2025

Bottlenecked by inefficiency compared to humans



PREDICTIVE CODING IN THE BRAIN

LEARNING SEMANTICS FROM THE PHYSICAL WORLD
PLANNING IN LATENT SPACE

World Model Architectures

• Cognitive learning theories suggest that humans learn an internal model of the 

world by integrating low-level sensory inputs to represent and predict future states

• This world model shapes our perception at any given moment

• The ability to predict the effects of our actions on future states of the world is also 

essential for goal-oriented planning

For reasoning and planning we do not need to reconstruct/render every pixel (or 

every token)!



LEARNING SEMANTICS FROM THE PHYSICAL WORLD
PLANNING IN LATENT SPACE

World Model Architectures

“Self-Supervised Learning from Images with a Joint-Embedding Predictive Architecture”, Assran et al., CVPR 2023    

“Revisiting Feature Prediction for Learning Visual Representations from Video”, Bardes et al., ICLR 2025

“V-JEPA 2: Self-Supervised Video Models Enable Understanding, Prediction and Planning, Assran et al., arXiv 2506.09985

“V-JEPA 2.1: Unlocking Dense Features in Video Self-Supervised Learning”, Mur-Labadia et al., arXiv 2603.14482

from Meta,

(not my works)



PLANNING IN LATENT SPACE

Joint Embedding Predictive Architecture (JEPA)

TRAIN A PREDICTOR IN LATENT SPACE

FOR PLANNING (REASONING) SIMULATE AND OPTIMIZE 

ACTIONS IN LATENT SPACE (WORLD MODEL)



HIERARCHICAL PLANNING IN LATENT SPACE

Joint Embedding Predictive Architecture (JEPA)

“Hierarchical Planning with Latent World Models”, Zhang et al., arXiv 2604.03208



THANKS !
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