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World models activity everywhere!

http://drive.google.com/file/d/1fPh9D4VsqmT4H6mSe2CdMNX0Yso3SoqV/view


… after 5 + 5 years
https://ai.meta.com/https://gemini.google.com/world models rebirth
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Talk based on the following papers

Nash learning from human feedback, ICML 2024 
Human alignment of large language models through online preference optimisation, ICML 2024 

A unified approach to offline alignment, ICML 2024 
Decoding-time realignment of language models, ICML 2024 
Metacognitive capabilities of LLMs for mathematical problem solving, NeurIPS 2024
Accelerating Nash learning from human feedback via Mirror Prox  2026

Understanding the performance gap between online and offline alignment algorithms, arxiv
Demonstration-regularized RL, ICLR 2024
A general theoretical paradigm to understand learning from human preferences, AISTATS 2024
RL-fine tuning LLMs from on- and off-policy data with a single algorithm 2025
Preference optimization with multi-sample comparisons 2025
 

Fast rates for maximum entropy exploration, ICML 2023, 
Adapting to game trees in zero-sum imperfect information games, ICML 2023, best paper

Optimal design for reward modeling in RLHF 2025
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Algorithmic alignment
Pairwise preference over ELO scores
Better than best response

live AI conversation

Cieľ: aby po 25 minútach nikto nepovedal 
iba: pekné farby.





Large Model Training Pipeline

Post-training

Sometimes called “mid-training” these days



Reinforcement Learning from Human Feedback (RLHF)

Given: pretrained model that can perform basic instruction following
Goal: “align” this model with human preferences.

Source: https://twitter.com/natfriedman/status/1625850766039842824 

Implementation:

1. Train reward model 
r from human 
preferences;

2. Use RL to maximize 
reward r;

https://twitter.com/natfriedman/status/1625850766039842824


Atari - Gemini - Llama - RL reality check

1e10
training steps

> 400 B 1e3-1e6
training steps



Traditional three-phase recipe

🌳 © Borealis AI



What data do we have?

Main secret of RLHF: allows to efficiently use data that previously was 
impossible to use!

For SFT:
- High-quality expert data        
- Expensive to scale!

For RLHF:
- Mid-to-low quality preference data            
- Very cheap to collect: 

generate two answers and ask a user to select the best

prompt high-quality answer

prompt
preferred answer

non-preferred answer



How to extract rewards?

reward (Elo-score)

prompt

answers to compare

preference probability sigmoid function

Question. Which assumptions do we use to train reward model in RLHF?
Answer: Bradley-Terry model



Reward modeling

Approach:

- Collect a dataset of triples (prompt, response 1, response 2);
- Use human annotators to compare response 1 and response 2;
- Learn reward model by maximum likelihood:

response-winner response-loser

Main idea: comparison data is MUCH cheaper than demonstrations!



(Naive) Reinforcement Learning from Human Feedback

Given: reward function

Goal: find a policy that maximizes its expectation

Could be done by any RL method, i.e. Proximal Policy Optimization (PPO), 
REINFORCE Leave-one-Out (RLOO), Shifted Q-learning (ShiQ).

Q: What are possible problems here?

policy i.e. probabilities of 
next predictions by LLM



            
 Reward model learning

Reward 
model

            
 Preference model learning

Preference 
Model

ELO

Learn a preference model          

● Initialise it with a LLM prompted:  
“Given this prompt ‘x’ and two responses 
‘y1’ and ‘y2’, which one do you prefer?”

● trained by SL with preference human data

Pairwise preference over ELO scores





What is reinforcement learning?

learning by trial and error

learning to act in an unknown, 
stochastic environment by maximizing 
some reward signal

Example: learning to bike without a 
perfect knowledge of physics



Prehistory of RL

 1900s: observation of animal behavior 
(e.g. Thorndike 1911 “Law of Effect”)

1920s: Pavlov work on conditionnal 
reflexes first occurrence of 
“reinforcement” in animal learning

Oak and Miller 1954: first experiments 
on electric brain stimuli for controlling 
mice behavior





Reinforcement learning

Making good decisions by learning from experience

GOAL

Agent Environment

OBSERVATIONS,
REWARDS

ACTIONS
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Making good decisions by learning from experience

GOAL

Agent Environment

OBSERVATIONS,
REWARDS

ACTIONS

next_timestep = environment.step(action)

action = actor.policy(timestep.observation)



The policy gradient

Compute returns

Generate data 
using the policy

Update the 
policy



Best response vs. probability of winning

f is a (deterministic) absolute scoring function

Probability of winning:



Best response vs. probability of winning

Probability of winning

Nash Equilibrium



Why stray away from Bradley-Terry
1. Diverse human preferences

Example:

● 3 types of humans with respective preferences  P1 , P2, P3

● Each type as has a different preference between action y1, y2, y3

● BT will select one action y1 deterministically

● Nash will selected a mixture policy proportionally

BT is also unstable: One datapoint can radically change the policy





Why stray away from Bradley-Terry
3. Sensitivity to the sampling distribution

A reward model depends on the data distribution:

Whereas a preference model essentially* does not:

essentially* =  infinite amount of data, no approximation



Why stray away from Bradley-Terry
4. Data comes from human pairwise preferences

Empirical argument: fits better



Solving for the Nash  

From IXOMD to NashLLMs



games

trees

self-improvement



Solving imperfect information games

101000

Scale
replay buffer

computation only 
along trajectories 



Regularizer

We can stray away

Loss estimate

We do not have full 
information

Balancing

Spent effort where it 
matters 

Magic Sauce

Craft the the interplay 
with no tree

A recipe for success in optimal play 
Self-play with follow-the-regularized leader

Quicky mention the first three ingredients Focus  on the magic



10 years to the solution

2014 2015 2016 2021 20222017 2018 2019 2020 2024 …2023

IX - Implicit eXploration
Kocák et. al 2014
Valko et al 2016, 
Lattimore and Szepesvári 2020



10 years to the solution

Obit: Michal Valko died in 20xx.
Whenever he saw a fraction a/b, he was 
known to quickly change it to a/(b+𝛄).
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If we look at the tree only one single time we can 
get the last ingredient 

We could calculate a balanced policy which 
samples w.p. 1/|all tree descendants|

Peaking at the tree once, when the tree has
101000 nodes - not really possible.

In 2014, we merely pretended to be exploring.
… in 2023, we merely pretend to see the tree

T

The quest for the 
magic ingredient

Guess the game from the moves of the opponent. 
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NashMD in LLMs

🌳 Full NashMD asks for best-response (BR) in every step 

🌳 NashMD-PG: follow the gradient - note the difference in the KL! 

🌳 y is generated from the current policy
🌳 y’ is generated from a (geometric) mixture between the current policy and a past 
checkpoint (such as the initial SFT policy): 



Experiment on a text summarizing task
Train preference model (T5X-L models) on TL;DR database, then compute the Nash 
using several methods: Self-Play, Nash-MD, Nash-EMA, Best-Response.

https://arxiv.org/abs/2312.00886  

https://arxiv.org/abs/2312.00886


Accelerating 
Nash Learning 
from Human 
Feedback via 
Mirror Prox

Joint work with 
Daniil Tiapkin, Daniele Calandriello, Denis Belomestny, Eric Moulines, Alexey Naumov, Kashif Rasul, Pierre Menard



Magnetic Preference Optimization (Wang et al. 2025)

Overall: no need for additional stabilization to have good convergence rates!

Convergence guarantees:



Our algorithm: Nash Mirror Prox

Our approach: adapt an accelerated algorithm to this setup.

Convergence guarantees. 



Naive Implementation of Nash Mirror Prox

Main question. How to implement this algorithm in the LLM setup?

Simple approach. Let’s just approximate steps

using policy gradients target policyonline policy



Scalable implementation of Nash Mirror Prox

Problem. Previous implementation requires to abruptly change the optimization 
target each T gradient steps for T large enough!

Idea. Let’s update the target more often (T times for the same “target model”) but 
each update with worse accuracy: 



Main idea behind of this approximation

Mirror prox = 2-step approximation of Proximal Point (PP) Method

Approximate Nash-MP: perform T gradient steps to approximate each of 2 
PP-approximation steps;

(Naive) Deep Nash-MP: perform 1 gradient step to approximate each of T         
PP-approximation steps;



DL Implementation of Nash Mirror Prox

Problem. Need to perform a lot of gradient updates and afterwards change the 
objective.

Question. Could we smooth the updating procedure?



Symmetrization trick

Additional small idea: since we are performing only one gradient update, then:

- We have a perfect baseline equals to ½
- We can utilize twice more generation without additional price
- Bonus: contrastive-style loss!



Nash Mirror Prox for contextual games

Problem. Low-rank contextual game



Nash Mirror Prox for LLM fine-tuning

Problem. Instruction-following, coding and math for Gemma-2 2B;
Evaluation. LLM-as-a-judge



Optimal Design for Reward Modeling in RLHF

w/ Antoine Scheid, Etienne Boursier, Alain Durmus, Michael I Jordan, 
Pierre Ménard, Eric Moulines

Michal Valko
Chief Models Officer of a Stealth Startup 



How to contrast?
● Cumulative reward vs. best policy identification

● RLHF rounds people cast their preference that we contrast

○ Are we doing the right?

● Active learning of preference pairs 

● Gamification of Pure Exploration for Linear Bandits, ICML 2020

● What is a different now?

○ Infinitely many arms 

○ Dueling nature

○ Part of a bigger loop  

● Next level: Active learning of prompts



Optimal Design for Preference Optimization



Language Generation with Replay

w/ Giorgio Racca, Amartya Sanyal



Stop the singularity of ensh*ttification!

● We train LLMs on internet
● We use LLM flood internet
● Does it make them dumb?

Current tricks: 
● Data cleaning
● Watermarking
● Blissful ignorance
● Output filtering



Complete characterization of replay 

● When reply matters
● When reply-resistant
● Hard instances 
● Output restriction



Open question: Multi-preferences

Nash Learning approach: a comparison gives just one number - which answer is better.

However: we care about more multi-dimensional objects:

Askell, Amanda, et al. "A general language assistant as a laboratory for alignment." arXiv preprint arXiv:2112.00861 (2021).

Open question: How to define a proper objective for it?


