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Abstract: The high parameter count and computational overhead of deep convolutional neural networks have
long been structurally contradictory to the strict constraints on storage, power consumption, and computing power
of embedded devices, which have hindered the implementation process of edge intelligence. Model quantization
is currently one of the mainstream technological paths to alleviate this contradiction. There have been many
engineering validations in reducing memory usage and accelerating inference speed. However, when the bit width
is compressed to 4 bits or less, the problems of accuracy degradation and difficulty in training convergence have
not been fundamentally solved. This article proposes and implements a lightweight system called NeuroEdge
Quant for edge deployment. The LSQ-BN algorithm is used to combine the forward fusion mechanism of a single
CNN with the step size adaptive initialization of weight distribution perception. The system is validated on two
platforms, NVIDIA Jetson and Rockchip NPU. The ImageNet benchmark test shows that under the W4A8 (4—
bit weight, 8-bit activation) configuration, the ResNet—50 model volume is compressed to 1/8 of the original,
the inference delay is reduced by more than 60%, and the Top—1 accuracy loss is only 1.5%; Compared with
standard PTQ and traditional QAT baselines, the accuracy loss is reduced by 6.2 and 9.2 percentage points,
respectively, achieving high—precision low bit inference deployment under strict energy efficiency constraints.

Keywords: edge computing; Model quantification; LSQ-BN algorithm; BN folding; Convolutional neural

network; Real time reasoning; embedded system
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