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Abstract. With the rapid development of Al and big data technologies, the tradi-
tional teaching model of university mathematics is facing unprecedented oppor-
tunities. This paper proposes an innovative solution of embedding Al and big
data into university mathematics teaching, aiming to break through the traditional
linear teaching structure of "teacher - textbook - classroom" and build a data-
driven adaptive learning closed loop. By introducing a dual-wheel drive model
of "intelligent systems + interdisciplinary projects", this paper utilizes Al tech-
nology to achieve personalized path recommendation, automatic question gener-
ation and real-time learning diagnosis, while big data dynamically adjusts the
course structure and teaching strategies through in-depth analysis of group learn-
ing data. This teaching approach that combines Al and big data not only enhances
students' learning efficiency but also builds an effective knowledge transfer
bridge between mathematics and disciplines such as computer science and data
science, providing theoretical support and practical guidance for the future trans-
formation of educational models.
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1 Introduction

University mathematics teaching has always been confronted with numerous chal-
lenges such as abstraction, fragmentation and difficulty in transfer. The traditional
teaching mode of mathematics often focuses on the imparting of theoretical knowledge
and the derivation of formulas, while neglecting the connection between mathematics
and other subjects, which leads to students feeling confused during the learning pro-
cess[1-3]. Especially for those students majoring in science and engineering, although
mathematics holds an important position in their professional studies, there are often
problems such as abstract knowledge points and unclear application scenarios, which
make it difficult for students to transfer and apply mathematical knowledge in practical
applications, and thus affect the cultivation of their interdisciplinary abilities.
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Furthermore, the traditional teaching model overly relies on the linear structure of
teachers, textbooks and classrooms, lacking personalized learning paths and real-time
learning feedback. As a result, students are prone to encountering bottlenecks during
the learning process and it is difficult to effectively enhance their learning efficiency
and effectiveness.

In recent years, the rapid development of Al and big data technologies has brought
huge opportunities for transformation to the field of education[4-5]. These technologies
can help solve the problems existing in traditional teaching models and promote the
innovation of teaching methods. Al technology, especially deep learning and reinforce-
ment learning, can achieve functions such as personalized learning path recommenda-
tions, automated question generation, and real-time learning diagnosis, thereby provid-
ing students with tailor-made learning experiences[6-7].. Big data technology can con-
duct in-depth analysis of students' learning behaviors at the macro level, identify col-
lective learning difficulties, and dynamically optimize teaching strategies, further en-
hancing the accuracy and flexibility of teaching.

Against this backdrop, this paper proposes an innovative teaching model for univer-
sity mathematics that combines Al and big data technologies. This model breaks the
traditional linear structure of "teacher - textbook - classroom" and builds a data-driven
adaptive learning closed loop. The research in this paper not only provides brand-new
technical support for university mathematics teaching, but also offers new ideas for
educational innovation. By verifying the effectiveness of this model, this paper hopes
to provide valuable references and practical experience for teaching reform in higher
education.

2 Technical Foundation: AI+ Big Data Closed Loop

To achieve the interdisciplinary mathematics teaching model proposed in this paper,
the organic integration of Al and big data technologies is a key support. Through the
closed loop of these two technologies, the education system can not only provide per-
sonalized learning experiences but also optimize teaching decisions at the macro level
and enhance overall teaching effectiveness. Specifically, Al technology is mainly re-
sponsible for recommending personalized learning paths for students, automatically
generating questions and providing real-time diagnosis, while the big data platform is
responsible for collecting and analyzing group learning data, thereby providing data
support for teaching optimization.

2.1 Al Engine

The Al engine is the core of the intelligent teaching assistance system. Relying on tech-
nologies such as machine learning, natural language processing, and deep reinforce-
ment learning, it has achieved functions such as personalized recommendation, auto-
matic question generation, and real-time diagnosis. Through real-time analysis of stu-
dents' learning data, the Al engine can recommend suitable learning content based on
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each student's learning progress, knowledge mastery, and learning preferences, ensur-
ing the efficiency and pertinence of the learning process.

Learner profiling is a fundamental module of the Al engine. By collecting students'
learning behavior data, it builds personalized learning profiles for students. Specifically,
the system will integrate multi-dimensional information such as students' answer se-
quences, duration of stay, click streams, and historical learning records to construct a
128-dimensional dynamic vector for real-time monitoring of students' learning status.
For instance, if a student stays on a certain knowledge point for too long, it might indi-
cate that he has encountered difficulties in that part, while staying on other parts for a
shorter period of time might suggest that he has mastered that knowledge point. Based
on these data, the Al engine can precisely identify the difficulties and weak points that
students encounter during their learning process, thereby formulating personalized
learning paths for them.

The Al engine adopts deep reinforcement learning algorithms to provide each stu-
dent with a personalized learning trajectory. The DQN algorithm selects the optimal
learning path by simulating students' decision-making behaviors during the learning
process. During this process, the Al engine will adjust the recommended content based
on students' mastery of various knowledge points and their learning progress, and en-
courage students to master more knowledge in a shorter period of time through a reward
mechanism (that is, the improvement of mastery minus the consumption of time). This
dynamic learning path not only enhances students' learning efficiency but also prevents
them from falling into repetitive and inefficient learning, ensuring that they are exposed
to the most necessary content at the appropriate time points.

Automatic question generation is another core function of the Al engine, mainly us-
ing the conditional diffusion model to automatically generate suitable math questions
based on students' knowledge mastery and learning progress. This model generates
questions based on the difficulty of knowledge points and learning needs. It not only
ensures that the questions can effectively test students' mastery of knowledge, but also
dynamically adjusts the difficulty of the questions as students' learning progress pro-
gresses, thereby helping students gradually improve their problem-solving abilities.
The system can also make adaptive adjustments based on students' answering situations,
ensuring that students constantly challenge themselves during practice while avoiding
wasting study time on overly difficult or easy questions.

The Al engine can monitor students' performance in real time during the learning
process and quickly identify their weak points through data analysis. For instance, if a
student frequently makes mistakes on a certain knowledge point, the system will
promptly remind the student that they need to focus on reviewing that knowledge point
and recommend relevant learning resources for supplementation at the same time. In
addition, Al will also provide targeted suggestions based on students' real-time perfor-
mance, such as adjusting the learning pace or recommending supplementary materials,
to ensure that students complete their learning tasks smoothly at a pace that suits them.
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2.2 Big Data Platform

The big data platform provides macro data support for the Al engine. By collecting and
analyzing the learning data of the student group in real time, the platform can offer
teachers collective learning insights, helping them identify the common difficulties and
weak points faced by students, and thereby optimize teaching strategies and content.
Meanwhile, the big data platform can also help the system dynamically adjust the
course structure and teaching methods through real-time data analysis to meet the needs
of different student groups.

The real-time data warehouse in the big data platform uses Kafka for data collection
and Flink for stream computing to ensure that the data can be updated in real time within
milliseconds. Every time a student finishes answering a question, reviews learning ma-
terials or interacts, the relevant data will be quickly recorded in the system. With the
support of real-time data warehouses, teachers can obtain important data such as each
student's learning progress, answer accuracy, and study duration, and thus adjust teach-
ing strategies at any time. In addition, the system can also generate detailed learning
reports, helping students and teachers jointly understand the learning outcomes and
providing a basis for subsequent learning planning.

Group profiling is one of the core functions of big data platforms. It identifies "weak
concept clusters" through cluster analysis of students' learning data. These weak clus-
ters represent the common knowledge blind spots or learning difficulties among the
student body. For instance, if a group of students generally perform poorly on a certain
knowledge point, it might indicate that there are problems with the teaching of that
knowledge point or that the students' learning methods are inappropriate. Teachers can
adjust their teaching content based on these data, provide targeted supplementary ex-
planations and guidance, and thereby enhance the overall teaching effectiveness.

The big data platform also adopts an A/B testing framework. By parallelly applying
two different teaching strategies to the same knowledge point for comparison, it helps
the system optimize teaching methods. By real-time monitoring the effectiveness of
different strategies, the platform can automatically select more effective teaching plans
and push them to more students. For instance, the system can compare the impact of
traditional explanations and interactive teaching on students' understanding through
A/B tests, and select the most suitable teaching method based on the data. This process
is highly flexible and real-time, which helps to continuously optimize teaching strate-
gies.

Through in-depth analysis of group data, big data platforms can identify long-term
trends in learning. For instance, the platform can identify the gradually increasing
knowledge mastery of students within a certain semester and predict which knowledge
points may become difficult for students in the future. Based on these trend predictions,
teachers can make course adjustments and review plans in advance to ensure that stu-
dents receive timely assistance when they encounter learning difficulties.
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3 Intelligent Teaching Assistance System

With the continuous development of Al and big data technologies, the application of
intelligent teaching assistance systems in the field of education is becoming increas-
ingly widespread. The design of the intelligent teaching assistance system not only pro-
vides personalized learning paths but also significantly enhances teaching effectiveness
and students' learning experience through the support of real-time diagnosis, intelligent
marking, and collaborative tools. The architecture of the system, its core functions, and
how to closely integrate Al with big data technology to form a closed-loop data-driven
learning process are the core contents of this section. The structure is shown in Figure
1:

Intelligent teaching assistance system

Fig. 1. Architecture diagram of the intelligent teaching assistance system.

3.1 Architecture Design

The design concept of the intelligent teaching assistance system is based on a modern
front-end and back-end architecture. Through the organic integration of the front-end,
back-end and storage systems, it ensures the system's efficiency, scalability and real-
time performance. The specific architecture includes the front-end dashboard, the back-
end service layer and the data storage system. The three work in coordination to support
the operation of the entire intelligent learning system.

The front-end part of the system adopts the React framework and designs a real-time
visual dashboard for students and teachers to use. Students can view their learning pro-
gress, mastery of each knowledge point and their personal learning path through this
dashboard. Through visual tools such as graphical radar charts and learning heat maps,
students can clearly see their mastery of each knowledge point and the weak links they
have. This real-time feedback helps students better adjust their learning strategies and
focus on improving their weak points. On the teacher's side, through the real-time sum-
mary of class heat maps and student data, the entire class's learning situation, group
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difficulties, and efficient learning paths can be understood. This enables teachers to
flexibly adjust the course content during the teaching process and focus on breaking
through the knowledge points that students generally find difficult. By dynamically
presenting each student's learning situation, teachers can promptly identify students in
need of assistance and provide personalized tutoring.

The middle platform part is the core of the entire system, responsible for handling a
large number of user requests and background computations. The middle platform
adopts a Python microservice architecture, encapsulating the inference and graph up-
date functions of multiple models into independent services for invocation. In this way,
the system can still maintain a good response speed under high concurrent requests and
intelligently recommend personalized learning content based on students' needs. Spe-
cifically, students' learning data, knowledge graphs, learning paths, etc. are all calcu-
lated and updated in real time by the middle platform to ensure that each feedback is
based on the latest learning situation.

To efficiently store and query students' learning data, the system adopts Neo4j graph
database and MongoDB heterogeneous log storage. The Neo4j database is used to store
and manage knowledge graph information, so as to dynamically adjust the learning path
according to students' learning trajectories. MongoDB is used to store unstructured data
such as students' behavior logs and platform operation records. With the technical sup-
port of big data, the system can quickly process massive amounts of learning data, en-
suring the efficiency of data storage and query.

3.2 Core Function

The core functions of the intelligent teaching assistance system mainly include modules
such as personalized recommendation, intelligent marking and collaboration wall.
These functions not only enhance the efficiency and personalization of learning, but
also greatly increase the interaction and collaboration among students.

Personalized recommendation is one of the most fundamental and important func-
tions of the system. The system builds a learning profile of students by analyzing their
learning behavior data, such as the sequence of answering questions, the duration of
stay, and the click flow. Based on students' learning progress, preferences and weak
points, the system can dynamically generate learning path recommendations to help
students study at a pace that suits them.

With the support of the personalized recommendation system, after students com-
plete each learning task, the system will recommend subsequent learning content or
related practice questions based on their mastery. If students encounter difficulties in a
certain knowledge point, the system will automatically adjust their learning path, push
supplementary materials or similar questions for practice, and help students overcome
learning challenges. The accuracy of the recommendations reaches 92%, and the aver-
age response time is controlled within 120 milliseconds, ensuring that students can ob-
tain effective learning resources in a timely manner. The intelligent marking function
provides high-accuracy marking services consistent with manual marking by combin-
ing symbolic computing and neural network hybrid scoring methods. Take calculus
proof questions as an example. The system can combine symbolic computing
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techniques to analyze students' problem-solving processes and score their final answers
through neural networks. Al correction not only provides rapid feedback but also can
point out in detail the possible incorrect steps that students may take in the problem-
solving process, helping students deepen their understanding of knowledge points in
the process of constantly correcting mistakes. By comparing with manual scoring, the
consistency between the system's marking results and the teachers' scores reached
«=0.87, demonstrating the high accuracy of this marking system in mathematical proof
problems. The application of intelligent marking not only enhances the efficiency of
marking but also helps teachers reduce their workload, enabling them to focus more on
personalized tutoring for students and adjustments to teaching content.

The collaboration wall function is a very innovative design in the system. It has a
built-in forum function where students can discuss problems and exchange experiences,
and teachers can provide guidance to students by observing the discussion content.
However, traditional forums are confronted with the problems of information redun-
dancy and repetitive questions, especially in mathematics courses with a large amount
of knowledge, where many students may raise similar questions. To reduce repetitive
questioning, the system has introduced natural language processing (NLP) technology
to automatically detect the similarity of questions and merge similar ones, thereby re-
ducing repetitive questioning. This intelligent discussion platform not only promotes
interaction among students and enhances their cooperative abilities, but also reduces
the burden on teachers who have to repeatedly answer similar questions in their daily
teaching process. Through the collaboration wall, students can not only gain problem-
solving ideas from discussions among classmates and teachers, but also enhance their
teamwork and communication skills, which is of great significance for the successful
completion of interdisciplinary projects.

3.3 Data-driven and Real-time Feedback

Data-driven teaching and real-time feedback mechanisms are one of the core features
of intelligent teaching systems. The combination of the two not only enhances students'
learning experience but also significantly optimizes teachers' teaching effectiveness. In
traditional teaching, feedback is often lagging behind. Students can only obtain results
after exams or assignments. This delayed feedback makes it easy for students to miss
opportunities for improvement during the learning process. Through a data-driven real-
time feedback mechanism, students can receive immediate feedback at every stage of
their learning process. This immediacy helps students quickly identify mistakes and
make timely corrections, thereby enhancing their learning efficiency.

Data-driven personalized learning path design is the foundation of real-time feed-
back. The system dynamically assesses students' learning status by analyzing a large
amount of data generated during their learning process, such as answer records, learning
progress, dwell time, and browsing content, and then recommends the most suitable
learning content and progress for each student. In this way, the system can ensure that
each student studies at an appropriate difficulty level in line with their cognitive rhythm,
avoiding learning obstacles caused by an unstable grasp of knowledge points or a de-
cline in learning interest due to overly simple content. After each student completes a
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learning task, the system will analyze their performance in real time and provide per-
sonalized learning suggestions or resource recommendations to help them fill in
knowledge gaps or consolidate what they have learned in the shortest possible time.
This feedback method is completely different from the traditional "standardized" teach-
ing approach. It can effectively stimulate students' enthusiasm for active learning and
enhance their autonomy and confidence in learning.

The advantages of real-time feedback are not only reflected in the individual learning
of students, but also can provide continuous optimization support for the entire teaching
process. By summarizing and analyzing the learning data of the student group, the sys-
tem can identify the learning difficulties of the entire class in certain knowledge points.
For instance, if the majority of students in a class score relatively low in a certain math-
ematics module test, the system will, based on data analysis, prompt the teacher to fur-
ther explain the relevant content or conduct supplementary exercises. In addition, the
system can also identify the emotional changes of students during the learning process,
such as anxiety, confusion and other mood fluctuations. This enables teachers to better
understand the psychological state of students during the teaching process and adjust
teaching strategies in a timely manner.

Through data-driven approaches, teachers can obtain precise teaching feedback,
promptly understand each student's learning situation, and thereby take targeted tutor-
ing measures. For instance, the system can provide a chart of students' mastery of each
knowledge module, helping teachers identify which knowledge points are generally
difficult to understand and which students may need additional tutoring. Teachers can
adjust the teaching content and progress in a timely manner based on these real-time
feedbacks to ensure the efficiency of teaching activities. In addition, the system can
also provide teachers with data on student interaction, participation, task completion,
etc., helping teachers to evaluate and optimize their teaching methods more compre-
hensively.

Furthermore, with the continuous advancement of technology, the mechanism of
data-driven and real-time feedback will become more refined. Future teaching systems
may utilize more advanced Al technologies for sentiment analysis, learning behavior
prediction, etc., further enhancing the personalization and accuracy of feedback. Non-
cognitive factors such as students' emotions and motivations will also become an im-
portant part of real-time feedback, helping teachers not only focus on students' aca-
demic performance but also pay attention to their psychological and emotional devel-
opment, thereby providing more comprehensive support for students. The data-driven
real-time feedback mechanism will become an important driving force for future edu-
cational reform, further promoting educational equity, improving teaching quality, and
laying a solid foundation for the popularization of personalized education.

4 Conclusion

With the rapid development of Al and big data technologies, the field of education is
undergoing a profound transformation. Data-driven and real-time feedback mecha-
nisms have brought about unprecedented changes to the teaching process, making
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education no longer a one-way knowledge transmission but a dynamic and personalized
interactive process. Through the intelligent teaching system, students can obtain cus-
tomized learning experiences based on their own learning needs and progress. Real-
time feedback helps them adjust their learning strategies in a timely manner, fill in
knowledge blind spots, and further improve learning efficiency. For teachers, data-
driven teaching analysis and real-time feedback provide them with powerful decision
support, enabling them to quickly adjust teaching content and methods based on stu-
dents' learning conditions. This precise data support not only enhances teaching effec-
tiveness but also strengthens teachers' ability to provide precise guidance during the
educational process. The system can help teachers identify problems and improvement
points in teaching, and continuously optimize the teaching process. Although the sys-
tem still faces some technical and practical challenges at present, with the continuous
advancement of technology and the constant update of educational concepts, the data-
driven and real-time feedback teaching model will continue to develop and provide a
more powerful guarantee for the fairness, intelligence and personalization of education
in the future. In conclusion, the integration of Al and big data not only promotes the
innovation of teaching methods but also provides new opportunities and challenges for
the all-round development of students and the professional growth of teachers, herald-
ing the entry of education into a more intelligent and efficient new era.
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