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AWAC-DreamerV3
with Confidence-Aware Policy Gating
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Abstract

We aim to collect and reinforce good experiences by integrating Advantage-Weighted
Actor-Critic (AWAC) into DreamerV3. 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 proprioceptive control and Crafter demonstrate stable
gating behavior and competitive sample efficiency, showing effective reinforcement of good
experiences while maintaining robust performance.

Our method opens up new possibilities for lifelong learning by letting DreamerV3
handle open-ended internal imagination, while AWAC focuses on consolidating high-quality
experiences from real interactions. This complementary “imagination % experience” dynamic
allows the agent to explore broadly yet learn stably from its past. With the dual-policy
architecture and gating mechanism, the system can continually accumulate useful behaviors,
reduce catastrophic forgetting, and maintain robust, long-term adaptability in evolving

environments.
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2. Related Work
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2.3.6 it R i* % (Normalized Entropy)

Entropy values depend on the number of classes (discrete) or variance scale (continuous).
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3. Research Methodology
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3.2.2 Gating Mechanism
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5. Conclusion
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7. Review and reflections
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https://maps.app.goo.gl/fwvoUMnC2rQwlL9Xxpb
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https://maps.app.goo.gl/fwoUMnC2rQwL9Xxp6

8. Plan Management and Teamwork
AR AR B, Rk, WL (45%)

AR AN B, F %, 2 (55%)

EeoRFE eV 5Y o HRIEEE 33 B

https://github.com/faidavid7/Reinforcing-Good-Experiences-AWAC-DreamerV 3-with-

Confidence-Aware-Policy-Gating
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