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Abstract

To address the logical inconsistency among modalities in multimodal robot fault explanations, this paper proposes a
consistency method based on few-shot logical reasoning. The proposed framework consists of two core agents: a logical
judgment agent and a fault explanation regeneration agent. The former employs few-shot learning with pre-trained

models to infer pairwise logical relations (support, contradiction, or irrelevance) between modalities and integrates
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them through scenario-dependent weighting. The latter utilizes both the logical reasoning process and

the inferred relations to regenerate logically consistent and semantically coherent multimodal fault

explanations. Experimental results on the RoboC dataset demonstrate that the proposed method

improves logical judgment accuracy by 2.77% and regeneration accuracy by 19.88% over state-of-the-art

approaches. This method enhances the consistency, interpretability, and efficiency of robot fault

explanations, providing a new direction for trustworthy human-robot interaction.
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