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Standard approaches to LLM-based decision making

LLMEnv ActionLLM-as-policy

FEnv ActionCode-as-policy
(online eval)

Code-as-policy
(Offline training) LLMTrajectories def F(...):

  ...



Our approach 1: Code as world model*

CWM
(Offline training) LLMTrajectories def F(...):

  ...

MCTS + F(...)
CWM
(Online eval) Env Action

WM =  F: P(s(t+1) | s(t), a(t)) [and F’: P(o(t) | s(t) for POMDP]

*In this talk, we ignore the issue of temporal abstraction, so focus on one-step models 



Our approach 2: Code-as-harness

Code-as-harness
(Online training) LLMEnv def F(...):

  ... Action

LLM + F(...)
Code-as-harness
(Eval) Env Action



Code-as-world model: Why? 

● Why not use LLM-as-policy?
○ Low quality actions, especially in adversarial multi-player games and/or novel (OOD) games
○ Slow at test time
○ Training LLM using RL is very slow and sample inefficient

● Why not use LLM to learn code-as-policy?
○ This can work well for simple environments
○ But it can be hard to learn a parametric function that does well in adversarial multi-player games 

(due to non-stationarity and need for strategic reasoning)

CWM
(Offline training) LLMTrajectories def F(...):

  ...

MCTS + F(...)
CWM
(Online eval) Env Action



Code-as-world model: How?

action

CWM F

CWM F Planner

Offline learning

Online decision-making using MCTS

state

For single player games, we also tried model-based RL (cf Dyna, Dreamer), that 
learns an amortized policy using F as a simulator, which avoids MCTS at run time.



Why use both rules and trajectories?

Natural language rules Trajectories

Code World Model



Consistency between representations can be a powerful cue

Natural language rules Trajectories

Code World Model

LLM check

LLM generate

CWM generate
LLM check

LLM generate
Unit 
tests



How to learn F? 

-Search over python functions to find one that fits the transition data

- Blackbox opt with scalar feedback is too inefficient. Add text feedback!
- Need an optimizer that does “Text gradient descent” 



Score(F) = #passing unit tests (tic tac toe)

X
O

X
O

X

Textual feedback to LLM optimizer!



Tree search (Rex)

0.30.5 0.6

?0.50.4

0.1
Critic

Refiner

Rollout

Evaluate

Envs

F (old)

Replay BufferF' (new)

Heuristic 
Value

-Nodes contain previously generated functions
-Use Thompson sampling to decide which
 node to expand next at each step
- LLM improves node using
Scalar and text feedback

*"REx: Code Repair with LLMs gives an Exploration-Exploitation Tradeoff".
 Tang et al, 2024.



Population Based search (AlphaEvolve)

*Novikov, A., et al. (2025). “AlphaEvolve: A coding agent for scientific and algorithmic 
discovery” (arXiv:2506.13131).



Gemini 2.5 Pro results on CWM learning



Planning with CWM: Monte Carlo Tree Search (MCTS) 

● CWMs allow computationally efficient expansion of search space
● For rollouts, we use self-play, ie we assume the opponent uses the same 

policy as us (with roles flipped). So s' = F(s, (a1=pi(s), a2=pi'(s)). Source:
wikipedia

Random rollout

https://www.chessprogramming.org/File:MCTS_(English).svg


Speedup: learn code value fn for leaf nodes

Source:
wikipedia

Replace MC rollouts with 
value function V

We prompt LLM to propose V.
Multiple functions are generated and the
best one is selected through a tournament
(since no GT to regress on)

https://www.chessprogramming.org/File:MCTS_(English).svg


Perfect info game results

Out of distribution games

In distribution  
games

Opponents:
● Gemini (not cheating)
● GT: running MCTS on 

ground truth model 
(cheating)

● Random - picks valid 
actions (cheating)



Partially observed multi-player games

Chance player, e.g. deal cards
Player 1 
action

Fixed initial 
state

Observation 
for player 1

a0 a1 a2 a3 a4

o3

s1 s2 s3 s4 s5s0

All transitions are deterministic

…

Observation 
for player 2

o4

Player 2 
action

a4

s6

Player 1 
action

Observation 
for player 1

o5



Partially observed multi-player games (eg Poker)

Need to learn world model and obs model - for open deck, same algo as before, 
but need different unit tests for obs model

Also need to learn inference function, to impute all hidden actions (including for 
chance player), from which all hidden states can be computed (causal world model)



Given only player observations/actions, infer all actions

Chance player, e.g. deal cards
Player 1 
action

Fixed initial 
state

Observation 
for player 1

a0 a1 a2 a3 a4

o4

s1 s2 s3 s4 s5s0

All transitions are deterministic

…

Player 2 
action

a4

s6

Player 1 
action

Observation 
for player 1

o4



Reminder - Fully observed setting: unit tests for F

X
O

X
O

X

Textual feedback to LLM optimizer!



Unit tests (open deck: states are observed)

Replay resampled actions, 
check for consistency with 
observations per agent

Cf. “LLM-guided probabilistic program induction for POMDP model
Estimation.” Curtis et al, 2026



Overfitting starts to be an issue.

Synthesizing CWM and I Gin rummy is just too hard



D(s) is a distribution over ground states h in s

1. Sample a ~ I(obs_history), generate h0 = M(a)

2. TreePolicy:

a. Simulate                                 until hk is not in the 

tree    (i.e. using UCB(s))

b. Add hk to the tree

3. Use random rollout or  V value function

 ● Some seeds fail at inference (e.g., unshuffled cards)
○  => Do tournament between seeds to pick good I

Planning with Information State MCTS (IS-MCTS)
 (Cowling et al. 2012)

https://eprints.whiterose.ac.uk/75048/1/CowlingPowleyWhitehouse2012.pdf


Win Draw Win

Win Lose

Out of distribution



Fixed initial 
state

a0 a1 a2 a3 a4

o4

s1 s2 s3 s4 s5s0
…

a4

s6

o4

Encode with I: Resample history of actions

Fixed initial 
state

a0 a1 a2 a3 a4

o4

s1 s2 s3 s4 s5s0
…

a4

s6

o4

Decode with M: Deterministically replay states given actions

Fixed initial 
state

o4

s1 s2 s3 s4 s5s0
…s6

o4

a0 a1 a2 a3 a4 a4

Validate: Do we generate correct observations?

Learning imperfect information games, closed deck

Cf autoencoder



Unit tests (closed deck:  states are hidden)

Replay resampled actions, 
check for consistency with 
observations per agent



CMW1: True model
Has dice with 4 sides

1 2 3 4

Actual game dynamics:

● Support size = 4
● Probability mass is concentrated
● Observations perfectly matched

CWM2: mis-specified model 
Uses dice with 6 sides

1 2 3 4 5 6

Model assumptions:

● Support size = 6 (too many options)
● Probability mass "leaks" to impossible 

outcomes
● Lower bound is loose due to poor modelling of 

chance events

● Encoder/Decoder are under-specified
● Consider a simple dice game with 4 sided dice.

Deriving a log-likelihood lower bound on the model



Closed deck learning is a lot more challenging

● Needs 100s of attempts to get code right
● Promising verifiable target for RLEF?  



Draw/Narrow win? Draw Draw?

Win Win



[Golf-v0]
[GAME] You are playing Golf (Card Game) - Player 0.
Goal: Get the lowest total score in this single round. If 
columns share the same value, they are summed as 0.
Card Values: A=1, 2-10=face value, J/Q=10, K=0

Actions (use exact brackets):
- '[draw]' - Draw from deck
- '[take]' - Take from discard pile
- '[swap X Y]' - Swap drawn card with position X (row) Y 
(column)
- '[discard]' - Discard the drawn card

[GAME] Your hand:
  Col:   1    2    3
Row 1:   ?    ?    A♦ 
Row 2:   ?    ?    7♦ 
Discard pile: A♥
Your options: [draw], [take]

[LinesOfAction-v0]
[GAME] You are Player 0 in game of LinesOfAction.
Your pieces are 'O', opponent pieces are 'X'.
Move format: `[b1b3]` (from-coord to-coord). A legal move travels horizontally, 
vertically, or diagonally a number of squares equal to the total pieces (any colour) in 
that line. You may jump over your own pieces, but not opponent pieces; landing on an 
opponent captures it.  Win when all your pieces are 8-neighbour connected.
[GAME] Board:

    a   b   c   d   e   f   g   h
  +---+---+---+---+---+---+---+---+
8 |   | O | O | O | O | O | O |   | 8
  +---+---+---+---+---+---+---+---+
7 | X |   |   |   |   |   |   | X | 7
  +---+---+---+---+---+---+---+---+
6 | X |   |   |   |   |   |   | X | 6
  +---+---+---+---+---+---+---+---+
5 | X |   |   |   |   |   |   | X | 5
  +---+---+---+---+---+---+---+---+
4 | X |   |   |   |   |   |   | X | 4
  +---+---+---+---+---+---+---+---+
3 | X |   |   |   |   |   |   | X | 3
  +---+---+---+---+---+---+---+---+
2 | X |   |   |   |   |   |   | X | 2
  +---+---+---+---+---+---+---+---+
1 |   | O | O | O | O | O | O |   | 1
  +---+---+---+---+---+---+---+---+
    a   b   c   d   e   f   g   h

[KuhnPoker-v0]
[GAME] You are Player 1 in a 3 round game of Kuhn Poker.
Game Rules:
- Kuhn Poker uses a 3-card deck with J, Q, K (J lowest, K highest)
- Each player antes 1 chip and receives 1 card each round (note 
that the cards are dealt without replacement, so you cannot have 
the same card as your opponent).
- Game continues for 3 rounds
- The player with the most chips after all rounds wins

Action Rules:
- '[check]': Pass without betting (only if no bet is on the table)
- '[bet]': Add 1 chip to the pot (only if no bet is on the table)
- '[call]': Match an opponent's bet by adding 1 chip to the pot
- '[fold]': Surrender your hand and let your opponent win the pot

[GAME] ### Starting round 1 out of 3 rounds. Your card is: 'K'
[GAME] Your available actions are: '[check]', '[bet]'

[Chess-v0]
[GAME] You are playing White in a 
game of Chess.
 Make your moves in UCI format 
enclosed in square brackets (e.g., 
[e2e4]).
[GAME] Current board:
   +-----------------+
 8 | r n b q k b n r |
 7 | p p p p p p p p |
 6 | . . . . . . . . |
 5 | . . . . . . . . |
 4 | . . . . . . . . |
 3 | . . . . . . . . |
 2 | P P P P P P P P |
 1 | R N B Q K B N R |
   +-----------------+
    a b c d e f g h 

Hard to learn world models for TextArena etc…

https://github.com/LeonGuertler/TextArena


Solution: Code-as-harness

Code-as-harness
(Online training) LLMEnv def F(...):

  ... Action

LLM + F(...)
Code-as-harness
(Eval) Env Action

     

● Why not use LLM to learn code-as-world-model?
○ It is hard to learn reliable world models for complex environments such as text games
○ MCTS on a world model can be slow

● Why not use LLM-as-policy?
○ Low quality actions - sometimes selects illegal actions! (Immediately lose in a multi-player game setting.)

● Why not use LLM to learn code-as-policy?
○ Hard to do strategic reasoning in multplayer games using fixed code policy (need test-time inference/search)

● Solution: code as harness
○ Use LLM as base policy
○ Learn partial world model to filter out bad action proposals



Why need LLM harness?

Ref: https://www.kaggle.com/datasets/kaggle/chess-text-gameplay Ref: Chess as a Benchmark for AGI

● LLMs play illegal moves even on chess!
● GameArena Chess competition: 78% of 

2.5-Flash's losses were due to illegal move
● 2.5-Pro still makes illegal moves even with 

dedicated Chess pre-training data in the mixture

https://www.kaggle.com/datasets/kaggle/chess-text-gameplay
https://docs.google.com/document/d/1m92_bbPt00v61SlurD9mcHU9D7sWR2AftC0iHvj1Oa4/edit?tab=t.0
https://www.kaggle.com/blog/introducing-game-arena


Code-as-harness: What?

Feedback on previous failed attempts

Check if proposed move is valid before trying

F is a "partial world model":
predict validity bit, not entire next state



Code-as-harness: how? CodeProp once again

0.30.5 0.6
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0.1 Critic

Refiner

Rollout

Evaluate

Envs

F (old)

Replay BufferF' (new)

Heuristic 
Value

-Tree search over python functions, using LLM as proposal given 
online trajectories
-Use Thompson sampling to decide which
 node to expand at each step
- cf "REx"
-Use immediate validity feedback from
env. to learn F (no delayed reward) 



[Golf-v0]
[GAME] You are playing Golf (Card Game) - Player 0.
Goal: Get the lowest total score in this single round. If 
columns share the same value, they are summed as 0.
Card Values: A=1, 2-10=face value, J/Q=10, K=0

Actions (use exact brackets):
- '[draw]' - Draw from deck
- '[take]' - Take from discard pile
- '[swap X Y]' - Swap drawn card with position X (row) Y 
(column)
- '[discard]' - Discard the drawn card

[GAME] Your hand:
  Col:   1    2    3
Row 1:   ?    ?    A♦ 
Row 2:   ?    ?    7♦ 
Discard pile: A♥
Your options: [draw], [take]

[LinesOfAction-v0]
[GAME] You are Player 0 in game of LinesOfAction.
Your pieces are 'O', opponent pieces are 'X'.
Move format: `[b1b3]` (from-coord to-coord). A legal move travels horizontally, 
vertically, or diagonally a number of squares equal to the total pieces (any colour) in 
that line. You may jump over your own pieces, but not opponent pieces; landing on an 
opponent captures it.  Win when all your pieces are 8-neighbour connected.
[GAME] Board:

    a   b   c   d   e   f   g   h
  +---+---+---+---+---+---+---+---+
8 |   | O | O | O | O | O | O |   | 8
  +---+---+---+---+---+---+---+---+
7 | X |   |   |   |   |   |   | X | 7
  +---+---+---+---+---+---+---+---+
6 | X |   |   |   |   |   |   | X | 6
  +---+---+---+---+---+---+---+---+
5 | X |   |   |   |   |   |   | X | 5
  +---+---+---+---+---+---+---+---+
4 | X |   |   |   |   |   |   | X | 4
  +---+---+---+---+---+---+---+---+
3 | X |   |   |   |   |   |   | X | 3
  +---+---+---+---+---+---+---+---+
2 | X |   |   |   |   |   |   | X | 2
  +---+---+---+---+---+---+---+---+
1 |   | O | O | O | O | O | O |   | 1
  +---+---+---+---+---+---+---+---+
    a   b   c   d   e   f   g   h

[KuhnPoker-v0]
[GAME] You are Player 1 in a 3 round game of Kuhn Poker.
Game Rules:
- Kuhn Poker uses a 3-card deck with J, Q, K (J lowest, K highest)
- Each player antes 1 chip and receives 1 card each round (note 
that the cards are dealt without replacement, so you cannot have 
the same card as your opponent).
- Game continues for 3 rounds
- The player with the most chips after all rounds wins

Action Rules:
- '[check]': Pass without betting (only if no bet is on the table)
- '[bet]': Add 1 chip to the pot (only if no bet is on the table)
- '[call]': Match an opponent's bet by adding 1 chip to the pot
- '[fold]': Surrender your hand and let your opponent win the pot

[GAME] ### Starting round 1 out of 3 rounds. Your card is: 'K'
[GAME] Your available actions are: '[check]', '[bet]'

[Chess-v0]
[GAME] You are playing White in a 
game of Chess.
 Make your moves in UCI format 
enclosed in square brackets (e.g., 
[e2e4]).
[GAME] Current board:
   +-----------------+
 8 | r n b q k b n r |
 7 | p p p p p p p p |
 6 | . . . . . . . . |
 5 | . . . . . . . . |
 4 | . . . . . . . . |
 3 | . . . . . . . . |
 2 | P P P P P P P P |
 1 | R N B Q K B N R |
   +-----------------+
    a b c d e f g h 

Benchmark: 
TextArena++
Why TextArena?

● Large amount of games: 100+ 
games in total

● High diversity of games
○ Single/multi-players
○ Poker, board, number, 

probability, etc.
● Complex and heterogeneous 

action formats
● Extremely long context
● Output LLM-ready text format

Game selection and modification

● Only consider 1-player and 
2-player games

● Skip games with free text 
negotiation or LLM as judge

● ++: Remove any hints of 
available moves

https://github.com/LeonGuertler/TextArena


Agents in evaluation

LLM-as-policy:

● Gemini-2.5-Flash
● Gemini-2.5-Pro
● Gemini-2.5-Flash + harness (Ours)

Results

● Learned harness achieved 100% legal move 
accuracy on all 145 2P/1P games.

○ Evaluated on 10,000 steps for 10 envs 
(random seeds) per game.

Main Results:
Making legal moves lead to improved 

TextArena 2P/1P game plays

env_id Gemini-2.5-Flash Ours
Stratego-v0 76.12% 100.00%
LinesOfAction-v0 76.16% 100.00%
SantoriniBaseFixed-v0 80.52% 100.00%
Checkers-v0 83.40% 100.00%
Chess-v0 83.98% 100.00%
Alquerque-v0 84.08% 100.00%
Othello-v0 87.68% 100.00%
Breakthrough-v0 89.52% 100.00%
LiarsDice-v0 90.56% 100.00%
Tak-v0 92.04% 100.00%
NewRecruit-v0 92.44% 100.00%
Crusade-v0 94.48% 100.00%
Chopsticks-v0 94.48% 100.00%
SpiteAndMalice-v0 94.92% 100.00%
Golf-v0 95.56% 100.00%
SimpleBlindAuction-v0 96.60% 100.00%
QuantumTicTacToe-v0 96.64% 100.00%
UltimateTicTacToe-v0 96.64% 100.00%
GermanWhist-v0 97.28% 100.00%
Poker-v0 97.48% 100.00%
Battleship-v0 97.96% 100.00%
KuhnPoker-v0 98.52% 100.00%

TextArena 2P Games with <99% legal action accuracy (Gemini-2.5-Flash)



[TextArena 2P Games]
Won 9/16 games Vs Gemini-2.5-Pro
Won 12/16 games Vs Gemini-2.5-Flash

Arena settings:
● 40 matches per game (split even as 1st and 2nd player)
● Selected 16 relatively long games (e.g. no Tic-Tac-Toe)
● Reward: 1.0 if win, -1.0 if lose, 0.0 if draw

XIDs: 221050838, 220973835, 221065003, 221016458



[TextArena 1P Games]
Harnessed Gemini-2.5-Flash Outperformed 
Gemini-2.5-Pro and Gemini-2.5-Flash

Agents in arena:
● Gemini-2.5-Flash
● Gemini-2.5-Pro
● Gemini-2.5-Flash+Harness

Arena settings:
● 20 runs per game
● Reward: [-1.0, 1.0]



Agents in evaluation

LLM-as-policy:

● Gemini-2.5-Flash
● Gemini-2.5-Pro
● GPT-5.2 (no thinking)
● GPT-5.2-High (high thinking)

Ours:

● Gemini-2.5-Flash distilled harness

Results

● Beat GPT-5.2-High in average 
reward: 0.870 Vs 0.844

● Beat Gemini-3-Flash in average 
reward: 0.870 Vs 0.833

● Test time cost:
○ ~$0.0 (ours) Vs $640 for  

GPT-5.2 + GPT-5.2-High

Special highlight:
Outperform GPT-5.2-High 
in TextArena 1P Games

XIDs: 213329356, 213314820, 214313487, 214542593, 214546192, 214499807



Chess demo

https://docs.google.com/file/d/1V0IZqSkbiAr3S3QGOt7zaLllFJa01uTz/preview


Summary

Standard approach Our approach


