Reinforcing Good Experiences: AWAC—DreamerV3
with Confidence-Aware Policy Gating
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/We aim to collect and reinforce good experiences by integrating Advantage-Weighted Actor-Critic[ 1] (AWAC) into DreamerV3[2]. Our approach adds\
a second policy network trained using AWAC to emphasize high-value transitions from replay data. Because DreamerV3 relies heavily on
imagined rollouts that can drift when the learned dynamics are imperfect, the AWAC head serves as a grounding mechanism that amplifies reliable

behavior directly from real replay. To intelligently choose between the original Dreamer policy and the AWAC policy, we introduce a gating
mechanism that evaluates policy confidence through normalized entropy and measures distributional agreement via symmetric KL divergence.

The gate dynamically selects the more confident policy while being conservative when policies disagree significantly. This dual-policy architecture
with intelligent gating enables the system to effectively leverage both the robust world-model learning of DreamerV3 and the experience-focused
learning of AWAC. Our method provides formal analysis of gate properties including boundedness and monotonicity. Experiments on DMC[3]
proprioceptive control and Crafter[4] demonstrate stable gating behavior and competitive sample efficiency, showing effective reinforcement of good
@periences while maintaining robust performance.
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Crafter 1s a survival-style environment requiring exploration, resource gathering, and tool K /

crafting. It is a long-horizon task combining navigation, combat, and strategic planning.
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We propose an intelligent gating mechanism that integrates AWAC[ 1] with
= DreamerV3[2] by using entropy-based confidence and KL divergence to
N = -ttt B L dynamically choose between policies. Across DMC[3] proprioceptive control,
S e D m T et DMC cup-catch, and Crafter[4] tasks, the method shows domain-dependent
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strengths: improved sample efficiency on walker-walk, Dreamer-level
performance on cup-catch, and stable, conservative mixing in exploration-
heavy Crafter.
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The core finding 1s that the gate autonomously determines when advantage-
weighted learning 1s beneficial and when the world model should dominate,
reducing the need for manual tuning and improving robustness across tasks.
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Our future work may extend this adaptive selection framework to other
policy combinations and explore richer confidence measures to further test its
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