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[Abstract]

In this paper, we propose a system for recommending lecture videos at the chapter level, addressing
the balance between accuracy and processing speed in chapter-level video recommendations. Specifically,
it has been observed that enhancing recommendation accuracy reduces processing speed, while
increasing processing speed decreases accuracy. To mitigate this trade-off, a hybrid approach is
proposed, utilizing techniques such as TF-IDF, k-meanst++ clustering, and Graph Neural Networks
(GNN). The approach involves pre-constructing clusters based on chapter similarity to reduce
computational load during recommendations, thereby improving processing speed, and applying GNN to
the graph of clusters as nodes to enhance recommendation accuracy. Experimental results indicate that
the use of GNN resulted in an approximate 19.7% increase in recommendation accuracy, as measured
by the Mean Reciprocal Rank (MRR) metric, and an approximate 27.7% increase in precision defined
by similarities. These findings are expected to contribute to the development of a learning system that

recommends more suitable video chapters in response to learners' queries.
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[Step 4] Applying GNN(Graph Neural Networks)
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V. Experimental Comparisons

1. Experiment Facilitations and Dataset
Preparations
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Table 1. Experimental Facilitations

Category Specification
cPU Intel(R) Core(TM) i5-10400 CPU @
2.90GHz 2.90GHz
RAM 16GB
HHD/SSD SSD
0S Windows 10 Pro 64 bit
Development Tool Google Colaboratory, Python3,
3.8.16
Lecture
7 7
Video(Chapters) 12774(5087H)
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Fig. 2. Edge Recovery Experiments
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Table 2. Question Lists for Experiments

No Questions
How does Hadoop address the challenges posed by

1 big data, particularly in terms of storage and
processing?

2 How can understanding Python help individuals
interested in image processing?

3 What inspired Rachel to pursue a career in AWS, and
what challenges did she face along the way?

4 How many weights and biases are involved in the

network discussed, and why are they important?
In what ways does Google Cloud's combination of
5 infrastructure and software as a service offerings
provide a competitive advantage in the market?
Where is RAM located in relation to the
motherboard?

7 What is natural language processing (NLP)?

What are some of the key themes and concepts that
the Professor of International Art Education at Alto
University will explore in his talk, particularly in
relation to art education, visual culture, critical
pedagogy, media studies, and the concept of culture
jamming?

Why is it suggested to implement a few algorithms
9 from scratch in Python using only pure Python and
NumPy?

How does the TF upgrade V Two tool assist in
transitioning existing TensorFlow 1.12 Python scripts
10 | to TensorFlow 2.0, and where can users report any
issues they encounter during the conversion
process?

How does TensorFlow Extended (TFX) assist in
putting machine learning models into production, and
what does Google's decision to open source TFX
mean for the broader machine learning community?
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VI. Demonstration System
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