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EC-MIIP . Efficient Fine-tuning Small-parameter Large Language Model for Intellectual Property
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Abstract In recent years,large language models have been developing rapidly,demonstrating excellent capabilities in several na-
tural language processing tasks,and providing strong technical support in the field of intelligent justice. Combining model pre-
training and fine-tuning techniques, this paper constructs a database of MIPLD(Micro-model Intellectual Property Learning Di-
rection) intellectual property directions under small parameters,and realizes an algorithmic framework for distributed pre-training
according to the characteristics of the discipline of law and the characteristics of the intellectual property systems. Subsequently,
based on the database of MIPLD, high-quality fine-tuned Q&-A pairs of each direction are constructed,and EC-MIIP,an intellec-
tual property problem analysis model with high capacity density under small parameters,is realized, which can be used for tasks
such as intellectual property doctrine quizzing.analysis the nature of the act,judicial case analysis,and legal document writing.
Experimental results show that EC-MIIP performs better than Owen3-4B,Qwen3 full-parameter and Deepseek-R1 full-parameter
models. This study not only explores the application of large language models in the intellectual property domain.but also pro-
vides a reference for realizing the applicability of small parameter models in the judicial domain.
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Table 3 Benchmark results
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Table 4  Analysis case of EC-MIIP results after fine-tuning and optimization
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Fig. 4 Comparison of model loss curves
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