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Abstract

As the scale of education expands and personalized needs grow, the traditional manual grading
model faces significant challenges due to its low efficiency, strong subjectivity, and delayed
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feedback. This study addresses these issues by proposing an intelligent grading system based on
large language models (LLMs). The system aims to enhance grading efficiency, fairness, and explain-
ability through technological innovation. At its core is a Transformer architecture, which employs
a hybrid scoring algorithm combining “instruction fine-tuning + rule constraint reinforcement
learning”. By integrating historical test data and expert scoring rules, the system optimizes the LLM
for domain-specific tasks, effectively addressing the challenge of consistent scoring for subjective
questions. Through modular design, the system automates the entire process, from data prepro-
cessing to multi-stage scoring, error tracing, and personalized feedback generation. The innova-
tions are reflected in three key areas: first, by integrating LLM semantic understanding with the
rigid constraints of rule engines, it balances algorithmic flexibility with assessment rigor; second,
by implementing a mechanism for visualizing attention weights and highlighting scoring criteria, it
breaks down the “black box” trust barriers in educational settings; third, by constructing a light-
weight fine-tuning and vector database collaborative architecture, it ensures the system’s engineer-
ing feasibility in high-concurrency scenarios. This system provides technical support for large-scale
exams and personalized teaching, facilitating the transition of educational assessment from “expe-
rience-driven” to “data intelligence”. Future research will expand to multi-modal answer analysis
and dynamic learning situation tracking, further enhancing the practical value of Al in education.
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