DPAI: Differentiable Pruning At Initialization
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Introduction The figure below illustrates the details of algorithm: Results
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b 10: Outputs pruned network /(z,M © W) accuracy. In ViT-B/16 experiments, DPal also delivers
Node-Path  Balancing (NPB) principle  optimizing Figure 1. DPal Algorithm Details substantial improvements, showqqsmg its adaptability to
subnetwork’s topologies, shows better efficient sparse networks. transformer architectures. Additionally, DPal offers
However, current NPB implementations require solving Differentiable Calculation of the Effective Path: Denotes lower and more stable pruning time compared to
large-scale discrete optimization problems, limiting practical N . . existing methods, confirming its practical efficiency.
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