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Graph-based Planning Agents in Minecraft Ta keaway — Do not bllndly trust LLMs! XENON robustly learns knowledge from limited priors
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Limitations of previous graph-based planning agents :
P grap P 949 | Case 2 Environment: MineRL. Planner LLM: Qwen2.5-VL-7B,

Dependency knowledge: they often assume LLMs know it, or

that expert data is available.

Action knowledge: they either lack a knowledge correction mechanism or
cannot reliably correct wrong actions from feedback.
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truth Prior attempt Correction prompt Nextiaiampe If all actions fail for an item, XENON triggers dependency correction to seek a detour path.
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