55244 55 104 LGRS Vol. 24 No. 10
20254F 10 H Software Guide Oct. 2025

EFLLM Agent I EZERRS
it 5

j{]]ﬂ:fb

IR

(BT R AR KSR, LR &% 210007)

H OEEREEREBARBARAORE T EAD BT LR E T EA G R TR %" P8, E 0 THEEH
AR, R B H S R ARG 3B A P AR PR AR R KR SRR R R E KA PR SR 2. B
%, AR AT LLM 8 Agent 5 SUK 5 £ AER 5 RAG 4L A% AL 3742 5 3 0k AR 35 19 4 o K 25 R 3k A Agent 093210 R 25
ROAMKEBZHERERZGER L RG, EERFIINK TR P R0 52405 5T AUH], AL Agent 0992 1L A & &
WERALERBS . FREAN, E Agent ER P IINIAS LA TN P LR, AR R AR 68 A T4l 5%
WEIPH BRIEMT AGALE AR P ihEEAMER P XL RRA,

S Agent; TAS K BALE T KB THA b F A KBS B0 AR S
DOI: 10. 11907/rjdk. 251195 Eﬁiﬁﬂl"ﬂﬁiéi:ﬁ 2
FE S %S TP319 X ERARIREG : A XEHS:1672-7800(2025)010-0149-06

Design and Implementation of Academic Affairs Inquiry System
Based on LLM Agent

LIU Zhizhong
(School of Communication Technology, Communication University of Nanjing , Nanjing 210007, China)

Abstract: The integrated retrieval enhanced generation technology for large language models can effectively solve the problems of knowledge
updating and "illusion" in large language models, and is suitable for the field of academic inquiry. Considering the general and specific issues
in the field of academic inquiry, the system is continuously optimized based on the different needs of the big language model and user feed-
back. Firstly, use LLM based agents to combine the text classification model with RAG to form a processing flow ; Secondly, based on the clas-
sification results of the problem, integrate the memory content of the agent; Again, call the big language model to generate system responses
Finally, a reinforcement learning mechanism based on user feedback is introduced into the framework to optimize the memory content, query
results, and result fusion of the agent. Experiments have shown that introducing text classification models into the Agent framework can im-
prove user interaction efficiency and reduce the overhead of calling large models; Although reinforcement learning mechanisms increase sys-
tem complexity, user satisfaction rates will continue to improve with user interaction.
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Fig. 1 Large language model with text classifier
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Fig.2 Enhanced large language model based on
reinforcement learning
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