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Application of dynamic neural networks in computer vision
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Abstract ; In the context of modern complex task scenarios, the large parameter volume and high computational cost of deep neural networks
pose significant challenges to model deployment. As a key technique for neural network lightweighting, existing N:M sparsity algorithms
primarily adopt a uniform approach to training sparse networks. However, under high sparsity conditions, these methods often suffer from
substantial accuracy degradation. To overcome the performance limitations of conventional N:M approaches, this paper proposes a novel
dynamic hierarchical sparsity framework for neural networks. The method is built upon a pre-trained dense deep neural network and employs
hierarchical optimization, whereby each layer adaptively learns and adjusts a trainable threshold vector based on data-specific features. This
enables the determination of optimal, layer-wise sparsity levels and facilitates the discovery of a dynamic hybrid N.M sparsity pattern. As a
result, the approach achieves fine-grained, precision-driven pruning, maximizing the compression of redundant parameters while preserving
the feature extraction capabilities of critical layers. To evaluate the effectiveness of the proposed method, comparative experiments are
conducted on the large-scale ImageNet image classification benchmark. Two widely used computer vision architectures, ResNetl8 and
ResNet50, are selected as baseline models, with top-1 classification accuracy serving as the primary evaluation metric, and performance is
compared against traditional pruning techniques. Experimental results demonstrate that, under identical high-sparsity conditions, the top-1
accuracy of the models using the proposed fine-grained dynamic hierarchical sparsity scheme significantly exceeds that of conventional
methods. These findings clearly validate the superiority and efficacy of the proposed approach, indicating its strong potential and broad
applicability in the field of computer vision.
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