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Abstract:
and constructed anomaly detection models. We created the dataset by collecting videos of human-

In this study, to detect anomalies in human-robot interactions, we created a dataset

robot interactions in a framework where humans intervene when a dialogue breakdown occurs, and
labeled the scenes where humans intervened as anomalies. Additionally, we constructed anomaly
detection models by fine-tuning existing video and audio classification models. Beyond the con-
ventional classification approachs, we applied deep metric learning to fine-tuning methods and

evaluated its effectiveness.
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