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[Abstract]  With the emergence of the Transformer attention mechanism, general-purpose large models rep-
resented by GPT have achieved the "emergence" of intelligence , bringing a dawn to the advancement towards higher
levels of autonomous driving. Limited by the traditional from-scratch pre-training approach, which requires large-
scale, high-quality, diverse autonomous driving data and incurs high training cost, the "large model + alignment
technology" paradigm has been derived. As a bridge between general-purpose large models and autonomous driving,
alignment technology, through customization methods such as fine-tuning or prompt engineering, achieves efficient
and professional solutions to engineering problems within the field of autonomous driving. Alignment technology has
become a hot research topic in the development of large models in vertical fields, but it lacks systematic research re-
sults. Based on this, this article firstly provides an overview of the development of autonomous driving and large
model technology, thereby deriving alignment technology. Then, it reviews from the perspectives of fine-tuning and
prompt engineering, systematically reviewing and analyzing the structure or performance characteristics of each clas-

sification technology, while providing actual application cases. Finally, based on existing research, the research
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challenges and development trends of alignment technology are proposed, offering references for promoting the ad-

vancement towards higher level of autonomous driving development.

Keywords: autonomous driving; large model; review; alignment technology; fine—tuning; prompt

engineering
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