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A VLA Strategy Selection Framework via Global Physical
Environment Awareness in Robot Workcells
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Abstract

While Vision-Language-Action (VLA) models have primarily focused on low-level robot control, industrial
applications necessitate hierarchical decision-making based on global physical context. This study proposes a
framework utilizing VLA models as high-level strategic selectors and evaluates its efficacy. We compared the
proposed model with two rule-based systems across simulation scenarios involving normal, cautious, and defensive
strategies. In single-object environments, both approaches performed similarly; however, in multi-object settings, the
VLA-based model achieved perfect classification, whereas rule-based systems exhibited risk underestimation or
over-defense. These findings demonstrate that VLA models can effectively integrate physical contexts for strategic
decision-making, extending the scope of physical Al from action generation to high-level tactical judgment.
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