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Abstract With the continuous advancement of computer vision technology, real-time object detection has found
widespread applications in autonomous driving, intelligent surveillance, and augmented reality, among other
domains. The YOLO (You Only Look Once) architecture has garnered significant attention due to its high
detection speed and satisfactory accuracy. However, the computational complexity and latency during the
inference phase of YOLO models remain challenges that hinder their deployment in resource-constrained
environments. This paper presents a systematic inference acceleration technique for the YOLO architecture,
primarily achieved by modifying the architecture of convolutional neural network (CNN) layers and optimizing
the attention head structure. Specifically, depthwise separable convolutions are used to replace traditional
convolutional layers in the YOLOvV5 model to reduce computational load, while an improved multi-head
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self-attention mechanism is introduced to enhance feature extraction efficiency. Experimental results indicate that
these optimizations lead to a 69.3% increase in inference speed with only a 10.1% decrease in detection accuracy.
The research demonstrates that the acceleration techniques proposed in this paper provide an effective solution

for the practical application of the YOLO architecture.
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