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[Abstract] This paper systematically reviews Parameter—Efficient Fine—Tuning (PEFT) techniques, focusing on
their critical role in adapting large—scale pretrained models. PEFT significantly reduces the computational
complexity and storage requirements of fine—tuning by updating only a small subset of parameters or
introducing lightweight modules, while achieving performance comparable to full-parameter fine—tuning
across various downstream tasks. Its core methods include: Adapter, which inserts modular fine—tuning layers
into pretrained models for flexible task adaptation; LoR A, which employs low—rank matrix decomposition to
update only low—rank increments of weight matrices, balancing efficiency and performance; and Prompt
Tuning, which optimizes input prompts to adapt pretrained models without modifying their parameters. These
methods offer diverse adaptation strategies for different task scenarios, greatly enhancing model scalability and
deployment efficiency. PEFT demonstrates broad potential in tasks such as natural language processing and
computer vision, particularly excelling in resource—constrained environments.
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