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Lightweight DNN models are essential for automotive Al processors due to constraints in power
and computational resources. However, recent high-accuracy DNNs tend to be larger and more
computationally intensive. This highlights the need for effective DNN compression techniques

suitable for automotive Al applications.

This study focuses on extremely low bit quantization (2 to 4bits) that reduces memory size and
computational complexity. Although various quantization methods have been proposed, their
performance has not been thoroughly compared under the identical experimental conditions. To
address this, we conducted a benchmark evaluation of promising existing quantization techniques
for image classification under fair settings, while also clarifying the essential components to suppress

accuracy degradation.
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