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Dynamic Retrieval-Augmented Generation for Mixed Task Scenarios Based on Large Language Models

YU ChuanMing LI HaoXuan
(School of Information Engineering, Zhongnan University of Economics and Law, Wuhan 430073, P. R. China)

Abstract: To address the problems of insufficient cross-domain knowledge integration efficiency and limited task generalization ability faced by large

language models in multi-task and multi-language scenarios, this paper proposes a dynamic retrieval-based knowledge enhancement framework for mixed task
scenarios to improve the content generation quality of large language models. A neural network classification tree model based on reinforcement learning is

proposed. Through the labeled tree structure, the heterogeneous knowledge base is modularly mapped to the leaf nodes, the optimal knowledge base is retrieved
as the target, and the data-enhanced knowledge is extracted from it and combined with the model, so as to achieve the effect of adaptively matching the optimal
external knowledge according to the input. The experimental design is carried out from two dimensions: knowledge retrieval and enhanced generation. On

the one hand, the retrieval accuracy is evaluated in the mixed task scenario. On the other hand, taking the Japanese text summarization task as an example,
an empirical study of performance improvement is conducted on two public datasets, XL-Sum and WikiLingua. Experimental results show that the proposed
framework has excellent accuracy in retrieving effective knowledge in mixed task scenarios with 24 datasets, and has a more significant improvement in the

ROUGE indicators on summary tasks than traditional retrieval enhancement methods. The proposed framework has good practicality and scalability, and
provides an effective solution for the adaptation of large language models in mixed task scenarios.
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