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Problem and Key Idea

Model-Based Reinforcement Learning works by 
learning a world-model of env. Dynamics

Policy is learnt using either imagined rollouts or 
value-based methods

Error in imagined rollouts can lead to compounding 
errors leading to brittle policy  learning

These errors are exacerbated due to policy state-
action visitation distribution drift.

Can enforce a regularization with strong PAC-
Bayesian guarantees?



Sharpness-Aware Minimization

Models converging to flat minima exhibit lower 

test error and robustness to distribution shifts.

Sharp minima Flat minima



Our Theoretical Contribution



Our Theoretical Contribution



Empirical Results
We evaluate TD-MPC2 w/ SAM on HumanoidBench,

Which is a high dof env. (21) degree continuous action space



Empirical Results

On Atari-100k with the TWISTER world-model, 

adding SAM boosts mean human-normalized score 

by 27.6%, with standout gains on Frostbite 

(+315%), Gopher (+97%), BattleZone (+88%), 

and Road Runner (+58%). 

SAM helps most when applied to the dynamics loss

(≫ policy) and is harmful on reward/value heads

because it can corrupt targets. 

Limitations: Results are simulation-only, use 4–5 

seeds, are ρ-sensitive, and add ~1.7× wall-clock. 

Bottom line: a one-line optimizer swap on the 

world-model measurably flattens the loss landscape 

and improves control across modalities without

touching the planner or policy.
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