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Abstract

State Space Models (SSMs), a classical methodology in control theory and system identification, have
been revitalized by recent advances in deep learning. In particular, the Mamba architecture intro-
duces input-dependent selective mechanisms and efficient parallel scan algorithms, achieving com-
petitive long-sequence modeling performance while maintaining linear complexity. This review
systematically surveys the migration, integration, and application of SSMs in computer vision. It an-
alyzes the principles and computational characteristics of structured SSMs, especially Mamba; sum-
marizes three major paradigms for integrating SSMs with vision architectures, including pure SSM
backbones, hybrid architectures, and multimodal fusion models; and discusses open challenges and
future research directions. The paper aims to provide researchers with a comprehensive perspec-
tive on applying SSMs to visual tasks and to promote the development of more efficient and power-
ful vision foundation models.
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Figure 1. Simplified workflow of the parallel scan algorithm: rewriting recursive state updates as associative affine-prefix
combinations
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Table 1. Comparison between SSM and self-attention mechanisms
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Table 2. Performance and design comparison of representative vision SSM/Mamba models
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Table 3. Comparison of space-to-sequence scanning strategies
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Figure 2. Schematic illustration of common space-to-sequence scanning strategies: different paths determine how SSMs “read”

two-dimensional images
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