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Abstract: Machine learning courses combine theoretical depth with practical complexity,while traditional teaching models
have evident limitations in addressing student diversity,engineering training, and the cultivation of innovative thinking.
Grounded in the deep integration of Al with education, this paper proposes a comprehensive reform framework aimed at
cultivating machine learning talent who are 'theoretically grounded, practically proficient and innovation-oriented. 'By
synergistically integrating four core modules-curriculum reconstruction,pedagogical optimization, experimental paradigm
enhancement, and assessment reform-and implementing a closed-loop' pre-class, in-class, post-class, and summary' workflow,
this approach embeds Al across the entire learning lifecycle. The result is a systematic and goal-oriented teaching model that

ensures continuous improvement and personalized learning."
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1. Introduction

As a core course in the field of artificial intelligence,the
machine learning course systematically teaches knowledge
modules including supervised learning, unsupervised
learning,ensemble learning, reinforcement learning, deep
learning, and model evaluation and optimization. The course
requires students to possess both a solid mathematical
foundation in probability and statistics, linear algebra, and
optimization theory, and strong programming implementation
and problem analysis abilities. Therefore, the machine
learning course places high demands on teachers' abilities in
instructional design,case organization,experiment guidance,
and classroom regulation.

However,the current machine learning course under the
traditional teaching model still faces many challenges[1-3].
The knowledge content is abstract and algorithm derivations
are complex, making it easy for students to remain at the level
of memorizing formulas; students' foundations vary
significantly, making it difficult for a unified pace to
accommodate learners at different levels; the workload of
experimental teaching is heavy, with teachers spending
substantial time on code debugging and basic question
answering;and course assessment overemphasizes final
examinations,with  insufficient = process-oriented  and
developmental evaluation.These problems constrain the
improvement of teaching quality and make it difficult to meet
the talent cultivation needs in the context of emerging
engineering education.

In recent years,the rapid development of generative
artificial intelligence and intelligent teaching tools has
provided new opportunities to address the above
difficulties[4-5].Al can not only assist teachers in generating
teaching resources,analyzing learning situations,providing
homework feedback,and intelligent question answering,but
also promote the reconstruction of course content and the
redesign of teaching processes.In this context,this paper
explores the logic of teaching paradigm transformation for
Al-empowered machine learning courses from the
perspective of teachers' teaching reform,proposes specific
reform and implementation paths,and aims to provide useful
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references for the teaching reform of machine learning
courses in universities.

2. Exploration of the AI-Empowered
Teaching Paradigm for Machine
Learning Courses

To address the pain points in machine learning courses-
abstract theory that is difficult to understand,practical
operations that are hard to implement,student differences that
are difficult to accommodate,and single-dimensional
assessment methods-this teaching reform takes Al
empowerment as the main thread and constructs a four-in-one
teaching reform framework of"'goals—modules—
implementation—support." The framework of the Al-driven
teaching paradigm for machine learning courses is shown in
Figure 1.

Centering on the training goal of cultivating"machine
learning talents who understand principles,can apply
them,and are capable of innovation,"with the teaching reform
objectives of deepening course understanding,enhancing
engineering  practice  ability,promoting  personalized
learning,and cultivating innovative thinking,the reform
promotes the coordinated advancement of four core modules-
curriculum  content  reconstruction,teaching  method
optimization,experimental paradigm reform,and assessment
mechanism upgrading.It relies on implementation support
systems such as teacher capability improvement,Al tools and
platforms,teaching resource repositories,and data
analysis,ultimately achieving reform outcomes where
students gain deeper understanding,stronger practice,more
personalized learning,and more comprehensive
assessment.Meanwhile,the framework embeds a "pre-class—
in-class—post-class—summary" practical closed loop at each
teaching unit level: pre-class uses Al for diagnostic preview
and differentiated guidance;in-class focuses on higher-order
cognition and collaborative practice;post-class consolidates
and extends learning through automated assessment and
personalized feedback;and the learning analytics results are
fed back into the next round of teaching,forming a continuous
improvement cycle of'using learning to guide teaching,using



teaching to promote learning,and using evaluation to optimize
teaching,"ensuring that the teaching reform truly lands in

every class and for every student.
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Figure 1. The framework of Al-driven teaching paradigm for machine learning courses

3. Design of Core Modules for
Teaching Reform

To achieve the above teaching reform objectives,this
paradigm designs four core modules:curriculum content
reconstruction,teaching method optimization,experimental
paradigm  enhancement,and  assessment  mechanism
upgrading. The four modules are not isolated parallel entities
but rather interpenetrate each other around the main thread
of"" Al empowerment,"constituting an organic whole.

3.1. Curriculum Content Reconstruction

Course content is the fundamental carrier for achieving
teaching objectives.Traditional machine learning courses
often take algorithms as the main thread,taught in the order
of"linear models—neural networks—ensemble learning,"where
the connections between knowledge points are not
sufficiently explicit,and students easily fall into local formula
derivations while neglecting the overall logic.This module
carries out reconstruction from four aspects:

Modular organization:According to knowledge attributes
and ability goals,the course is divided into modules such
as"Machine Learning Foundations,""Supervised
Learning,""Unsupervised Learning,""Deep Learning and
Representation Learning,"and"Model Interpretation and
Deployment."Within each module,knowledge remains self-
consistent,and between modules,a knowledge graph is
formed through prerequisite dependency
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relationships,facilitating students' on-demand selection and
flexible combination.

Case-based teaching:Real industrial cases(such as user
churn  prediction,image  classification,text  sentiment
analysis,etc.)are used as carriers,embedding algorithm
principles into case-solving processes,enabling students to
understand the applicable conditions,advantages,and
disadvantages of algorithms through"learning by doing."

Integration of principles and applications:Each knowledge
point presents both mathematical principles and code
implementation simultaneously,breaking the"two separate
skins"phenomenon where theory and practice are
disconnected.In  addition,two  types of  extended
columns,"Principle Reflection"and" Application
Challenges,"are set in the teaching materials to guide students
to understand the same problem from multiple perspectives.

Al resource assistance:Large language models are used to
automatically generate case drafts,supplement background
materials,and generate variant practice problems;knowledge
graph tools are used to organize course context and provide
students with recommended learning paths based on
knowledge point associations.Al-generated resources are
reviewed and revised by teachers to ensure content quality
and academic accuracy.

3.2. Teaching Method Optimization

Teaching methods determine the efficiency of knowledge
transmission and the depth of student engagement.This



module deeply embeds Al technology into the teaching
process,constructing a"human-machine
collaborative"blended teaching model.

Human-machine collaborative teaching:Al does not
replace teachers but rather plays the roles of'teaching
assistant,""coach,"and"feedback  provider."Teachers are
mainly  responsible for instructional design,value
guidance,and in-depth question answering;Al is responsible
for repetitive question answering,homework grading,resource
recommendation,and other routine tasks,thereby liberating
teachers from lower-order labor and allowing them to invest
in higher-value teaching interactions.

Task-driven approach:Each unit designs a chain of tasks of
increasing  difficulty around real problems.Students
internalize knowledge and exercise engineering thinking by
completing tasks such as"data preprocessing—model training—
result analysis—optimization and improvement."

Differentiated teaching: Through pre-class
diagnosis,students are divided into three
levels:foundation,standard,and challenge.Both classroom

instruction and homework design provide differentiated
options:the foundation level focuses on wunderstanding
algorithm flows,the standard level encourages independent
implementation,and the challenge level targets model
optimization and innovative applications.

Intelligent question answering: Al question-answering bots
handle high-frequency basic knowledge questions,supporting
students'24/7 inquiries.Complex questions that Al cannot
answer are automatically transferred to teachers,and after
answering,labels are archived to enrich the teaching
knowledge base.

3.3. Experimental Paradigm Reform

Experiments are a key component of machine learning
courses. Traditional experiments mostly adopt the model
of"distributing experimental guidebooks-students complete
steps according to instructions-submitting reports,"resulting
in low student engagement and widespread plagiarism.This
paradigm reconstructs the experimental teaching process into
a  strengthened path  of'intelligent  programming
assistance+modular experiments+automated
feedback+closed-loop improvement."

Intelligent programming assistance:Al-assisted tools such
as code completion,syntax error correction,and runtime error
prompts are integrated into the  experimental
environment,reducing students' programming frustration and
allowing them to focus their main energy on the algorithms
themselves.

Experimental module support:Unified containerized
experimental templates are developed,covering different
algorithm types and difficulty gradients.Students can launch
standard environments with one click,avoiding time
consumption caused by differences in local environment
configuration.The experimental templates support multi-
stage use of "pre-class rehearsal-in-class debugging—post-
class iteration."

Automated feedback diagnosis:Through unit tests,static
code analysis,model metric evaluation,and  other
means,students' experimental code is automatically assessed
and improvement  suggestions are  provided.For
example,when a model exhibits overfitting, the system
prompts"you  may try regularization or  data
augmentation,"helping students locate the root cause of the
problem.
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Closed-loop improvement mechanism:Common problems
exposed by students in experiments are fed back to the
maintainers of course content and experimental templates,and
the question bank and experimental cases are regularly
updated,enabling experimental teaching to form a virtuous
cycle of self-optimization.

3.4. Assessment Mechanism Upgrading

Assessment methods directly influence students'learning
behavior.This paradigm breaks the single assessment model
of'one final exam determines the grade"and establishes a
diversified assessment system supported by data.

Process-oriented assessment:Pre-class preview
completion,in-class discussion participation,frequency and
pass rate of experiment submissions,and other factors are
incorporated into grade evaluation,emphasizing sustained
performance throughout the learning process.

Project-based assessment:Course projects serve as an
important assessment carrier.Students complete an end-to-
end machine learning project as a team,including problem
definition,data exploration,model construction,result
presentation,and other stages,comprehensively evaluating
overall competence.

Multi-stakeholder assessment:A combination of teacher
evaluation,peer evaluation,and self-evaluation is
introduced.In particular,Al-assisted code similarity detection
is used to ensure fairness and academic integrity in project
evaluation.

Data-driven  assessment:The learning management
platform automatically collects students'behavioral data(such
as video viewing duration,code submission times,and
distribution of errors in assessments),which is presented to
teachers through visual dashboards,assisting them in making
objective and precise teaching interventions.

4. Exploration of Teaching
Implementation Paths

To implement the reform modules into daily teaching, a
closed-loop implementation path with the"teaching
unit"(usually one unit or one week)as the cycle is
constructed,divided into four stages:pre-class,in-class,post-
class,and summary.

4.1. Pre-class:Preview and Diagnosis

The goal of this stage is to activate prerequisite
knowledge,clarify the learning starting point,and reduce
classroom cognitive load.Specific implementations include:

Knowledge graph recommendation:Based on the course
knowledge graph,prerequisite knowledge points and related
review resources for the current unit are pushed to
students,forming a personalized preview map.

Personalized preview tasks:Through micro-lecture videos
and automatically graded preview questions,students are
guided to preview independently.The system dynamically
pushes supplementary materials based on students'
answers,achieving differentiated preparation.

Pre-class learning analytics:Data generated during
students' preview,such as accuracy,time spent,and dwell
time,are automatically aggregated into a learning
report.Teachers can understand students' weaknesses before
class and adjust classroom teaching priorities accordingly.



4.2. In-class:Interaction and Optimization

The in-class stage focuses on higher-order cognitive
goals,deepening understanding and promoting application
through diversified interactive activities.A typical teaching
process includes:

Case discussion and collaboration:Based on pre-class
diagnostic results,students are grouped to discuss real
cases.Each group proposes modeling approaches,and the
teacher guides comparison of the pros and cons of different
solutions,cultivating critical thinking.

Al-guided inquiry:Al tools are embedded in the
classroom,such as using interactive visualization platforms to
dynamically demonstrate algorithm convergence processes,or
using Al assistants to provide real-time feedback on
classroom exercises,guiding students to discover patterns
independently.

Real-time question answering and feedback:The Al
teaching assistant handles basic questions,while the teacher
provides focused explanations on common problems.
Meanwhile,classroom interaction systems can instantly
generate word clouds of students'learning hotspots,helping
teachers adjust teaching pace in a timely manner.

4.3. Post-class:Consolidation and Extension

The post-class stage achieves knowledge consolidation and
ability extension through differentiated tasks and automated
feedback.

Differentiated homework:Three tiers of homework are
designed:"foundation—standard—challenge."The foundation
tier covers core concepts and simple implementations;the
standard tier requires independent completion of medium-
difficulty tasks;the challenge tier encourages students to
improve algorithms or pursue innovative
applications.Students can choose independently according to
their own level,or complete higher-tier homework in a"level-
passing"manner.

Intelligent programming-assisted experiments:Post-class
experiments use an intelligent experimental platform that
supports automatic code evaluation,error location,and
hints,helping  students complete experimental tasks
independently and receive real-time feedback.

Automated diagnosis and feedback:For high-frequency
errors in homework and experiments,Al tools are used to
generate a whole-class learning summary and individual
diagnostic reports,along with recommended targeted
exercises.Based on the reports,teachers arrange the next
question-answering session or record supplementary micro-
lectures.

4.4. Summary:Analysis and Optimization

This stage is the key to the closed-loop operation,ensuring
continuous improvement of the teaching reform.

Process data collection:The system automatically
aggregates multi-dimensional data such as preview
completion rates,classroom participation,homework pass
rates,code submission records,and Q&A logs.

Learning analysis:Through data mining and visual
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analysis,groups with learning difficulties,knowledge weak
points,and deficiencies in teaching links are identified.

Adjustment of subsequent teaching plans:The analysis
results are transformed into decision-making basis for the
next round of instructional design.For example,if the error
rate for knowledge points related to"backpropagation"
remains high,corresponding preview materials and in-class
review sessions are added before the next unit,and the
question bank and case library are updated.

Through the four-stage cycle of'pre-class diagnosis—in-
class  optimization—post-class  consolidation—summary
improvement,"the teaching reform is implemented from the
macro framework to micro operations,achieving spiral
improvement of each teaching unit.

5. Conclusion

The teaching reform of machine learning courses is an
important component of artificial intelligence talent
cultivation.Generative Al provides new possibilities for
solving traditional teaching problems,but technology is only
a means;the core remains promoting students' deep learning
and ability growth.This paper constructs a four-in-one
teaching reform framework of"goals—modules—
implementation—support," uses the "pre-class—in-class—post-
class—summary"closed loop as the implementation path,and
is guaranteed by support systems,systematically responding
to the current problems in machine learning courses of
difficult theory,difficult practice,and difficult accommodation
of differences.In the future,with the further development of
Al technology,teaching reform still requires continuous
exploration and deepening.Teachers should proactively
embrace technological change,take student development as
the center,continuously promote innovation and improvement
of machine learning course teaching models,and contribute to
cultivating high-quality artificial intelligence talents.
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