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Abstract. We present AdaGrad-Prune, a training-time method that
co-optimises sparsity and gradient flow in deep neural networks, tar-
geting sub-milliwatt inference on microcontroller-class hardware. By
coupling a differentiable threshold gate with a magnitude-sensitive
gradient rescaling rule, our method achieves up to 87% weight sparsity
while matching dense-model accuracy within 0.6% top-1 on ImageNet.
Across five edge platforms, AdaGrad-Prune reduces arithmetic opera-
tions by a factor of 5.2 and energy consumption by 4.7x versus the
uncompressed baseline with no custom silicon required. RESULTS
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Table 1: Top-1 accuracy at 80% sparsity (ResNet-50, ImageNet).

1 2 Method Top-1 (%) FLOPs|
Dense baseline 76.8 1.0x
Magnitude (one-shot) [1] 73.4 4.1x
GMP [4] 749 4.4x
Lottery-ticket [3] 75.2 4.6x
3 AdaGrad-Prune (ours) 76.2 5.2x
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Figure 1: Energy per inference on STM32H7 vs. sparsity level.

CONCLUSION
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