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Abstract Vision-language-action (VLA) models constitute a fundamental technical pathway toward embodied in-
telligence. However, existing approaches are hindered by their heavy reliance on large-scale data and high-perform-
ance computing platforms, which limits deployment in resource-constrained settings such as edge devices. To ad-
dress this, we propose a comprehensive optimization framework that spans the entire development cycle: Data,
model, training, and deployment. At the data level, we analyze synergistic optimization mechanisms across three
primary pathways: Real-world collection, simulation generation, and video transfer; At the design level, we system-
atically review efficient model techniques including lightweight architectures, state-space models, hierarchical dual
systems, conditional computation, and flow matching; At the system level, key deployment acceleration strategies
are explored, such as input pruning, model compression, dynamic inference paths, and hardware-software co-optim-
ization. Finally, we discuss future research directions and application prospects for resource-constrained VLA mod-
els.
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Table 4  Comparison of hardware specifications of

typical edge computing platforms
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Fig.7  Visual Token pruning and sparse inference

based on attention heatmap
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