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Abstract
The educational disparities among different regions
are remarkably significant. The educational re-
source platform can effectively bridge the educa-
tional capability gap among regions. Most of the
existing recommendation algorithms only consider
interaction history, while we argue that the depen-
dencies between knowledge points and education-
related features are crucial for education resource
recommendations. To address this, we propose
DFRP, an educational resource recommendation
platform based on knowledge graphs (KGs) and ed-
ucational scale feedback. DFRP employs a rec-
ommendation algorithm based on teaching path-
ways and educational dimensions to achieve accu-
rate recommendations and active feedback on edu-
cational resources. We also provide a detailed de-
scription of the system framework and present a
demonstration scenario that uses educational scales
for active feedback and KGs to show knowledge
point dependencies.

1 Introduction
The educational resources and the proficiency of educators
in remote areas often lag significantly behind their urban
counterparts. Bridging this educational gap requires inno-
vative approaches. The resource recommendation platform
provides educators in remote areas with high-quality teaching
resources such as lesson plans, teaching videos, PowerPoint
presentations, and after-school exercises, effectively narrow-
ing this gap.

Unlike commercial recommendation algorithms relying on
user preferences [Jimenez-Diaz et al., 2017; Balabanović and
Shoham, 1997], the teaching resource recommendation al-
gorithm needs to recommend resources based on educators’
teaching needs. These resources should be interactive, in-
dividualized, and adaptable to various learning levels. Re-
sources that cater to these specific needs can significantly en-
hance student engagement and proficiency. In the education
sector, evaluation scales serve as primary tools for assessing
the diversity, interactivity, and effectiveness of educational

∗Corresponding author

Technique

Databases

Users

Local Knowledge Graph

Data Sources

DFRP

Figure 1: The Architecture of DFRP.

resources. However, current teaching resource recommen-
dation algorithms heavily depend on collaborative filtering
and frequently overlook supplementary factors like teaching
objectives and resource validity assessment[Yu et al., 2015;
Toledo and Mota, 2014]. Hence, the development of a recom-
mendation algorithm seamlessly integrating knowledge de-
pendencies and scale feedback is crucial.

To address these challenges, we propose an innovative
teaching resource recommendation platform based on KGs
and educational scale feedback. This platform efficiently
utilizes KGs to reveal interdependencies among knowledge
points and structure course sequences appropriately. Fur-
thermore, our platform incorporates two distinct types of
feedback: passive and active. Passive feedback is derived
from click counts and user browsing history, while active
feedback is fostered by creating teaching scales grounded in
Bloom’s Educational Objectives Taxonomy. Finally, we de-
sign a multi-modal hypergraph neural network that integrates
both feedback mechanisms. This comprehensive approach
significantly enhances the accuracy of recommendations and
the overall effectiveness of the model. The platform, designed
as a web application, aims to assist and guide users in navigat-
ing the platform. Fig. 1 illustrates the architecture of DFRP,
detailing the main components of the front-end and back-end
and their interactions.

2 Framework

The framework of DFRP is illustrated in Fig. 2. We will give
a brief presentation of the methodology of DFRP and specify
each step in the following sections.
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Figure 2: The Framework of DFRP.

2.1 Data Source
The platform includes four types of teaching resources:
videos, lesson plans, PowerPoint, and exercises, encompass-
ing the majority of teaching needs. The majority of teaching
resources are sourced from the ’One Teacher, One Excellent
Lesson’ website. To achieve this, we utilize a web crawler to
pinpoint and access the relevant materials.

To construct KGs, we chose three mathematics textbooks
widely used in Chinese primary and secondary schools: Peo-
ple’s Education Press (PEP), Su Ke (SJET), and Beijing Nor-
mal University Press (BNUP). The knowledge points for each
chapter are indicated by the titles of these textbooks, we use
its original descriptions as knowledge point names and ex-
tract knowledge point entities to construct a mathematical
KG. The knowledge points within each chapter are linked
as sub-entities to the respective chapter entity. Furthermore,
each educational resource entity is associated with its corre-
sponding knowledge point entity.

2.2 Hypergraph-Driven Multi-Modal Fusion
To enhance the precision of search and recommendations, ac-
quiring multi-modal representations of teaching resources is
crucial. For text representations, we concatenate the title,
content, and knowledge sequences to create a prompt. Af-
ter processing with ChatGLM, we obtain the text represen-
tations by employing an average pooling strategy at the fi-
nal output layer. The knowledge sequence comprises intrin-
sic knowledge points from educational resources and linked
knowledge points within the same chapter in the KG. The
images are processed through the pre-trained EfficientNet-B0
model, followed by summation and averaging to generate vi-
sual representations. Audio representations are obtained us-
ing the pre-trained VGGish model. Then, the representations
of three different modalities are stored in the MySQL server.

Inspired by [Tao et al., 2020], we construct graph struc-
tures based on user-resource interactions, create input graphs
for each modality using multi-modal representations of edu-
cational resources and user embeddings, and update the node
representations within the graphs using graph attention net-
works. Due to the limitations of the graph attention net-

work in terms of smoothness, nodes are unable to acquire
information from distant nodes. We introduce the concept
of hypergraphs [Jiang et al., 2019], [Feng et al., 2019] to
realize higher-order connectivity. The node representations
obtained based on the graph attention network use the self-
gating module[Yu et al., 2021] to construct the incidence ma-
trix of the hypergraph. After obtaining node representations
from the hypergraph, the independent representations of vari-
ous modalities are fused to obtain the final representations of
educational resources and users.

2.3 Recommendation with Dual-track Feedback
Mechanism

When teachers perform keyword searches, they need to
choose the grade, version, and type of instructional material.
The system conducts a fuzzy search on the titles and knowl-
edge points using the provided keywords. The results of this
fuzzy search are subsequently processed through the afore-
mentioned hypergraph-driven multi-modal model to compute
the similarity between user and educational resources. This
similarity is calculated as follows:sim = euser · eitem. In
addition to computing user-resource similarity, it is essen-
tial to take into account the passive feedback factors such
as the click counts of resources, the total viewing time of
the user on the resource, and the evaluations for that re-
source through a rating scale as the active feedback (as de-
tailed later). The following formula can be used to calcu-
late an educational resource’s overall relevance to a user:
Relev(sim, cnt, time, scale) = W [sim||cnt||time||scl]. In
the formula, where sim ∈ [0, 1], cnt ∈ R, time ∈ R, and
scl ∈ [0, 1] represent the similarity, the click counts of re-
sources, the total viewing time of the user on the resource,
and the rating scale score. W represents the weight matrix.
The total viewing time is calculated from the user’s browsing
history, and the rating scale score is obtained through educa-
tional analytics methods. To avoid the randomness of active
feedback such as malicious clicks, we use the top-k off-policy
correction method[Chen et al., 2019] based on reinforcement
learning to reorder the top 50 recommendation results. Thus,
it achieves a more sophisticated, data-driven approach to per-
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Figure 3: Search Result of Educational Resource

sonalized content recommendations. The final recommenda-
tion results are sorted in descending order based on the rele-
vance score of educational resources.

In the scale, each question corresponds to a different di-
mension in Bloom’s Taxonomy of Educational Objectives,
which divides the cognitive process in education into six lev-
els, from low to high. We used a five-point Likert scale
method to quantify each question, with scores ranging from
one to five. During the quantification process, each question
is assigned a particular score weight based on its Bloom’s
Taxonomy level. This approach ensures that the final rating
scale score accurately reflects teachers’ evaluation of educa-
tional resources.

Bloom’s Taxonomy provides a well-defined hierarchical
structure of cognitive objectives, from basic knowledge to
higher-order thinking skills. This clarity facilitates the defini-
tion and organization of assessment objectives. As Bloom’s
Taxonomy provides specific cognitive objectives, it is easier
to develop measurement methods to assess educational re-
sources in these objectives accurately. The evaluation indi-
cators of the platform include four key dimensions: percep-
tion, interaction, collaboration, and evolution. Furthermore,
our rating scales comprise six influencing factors, covering
important aspects such as knowledge, comprehension, appli-
cation, analysis, synthesis, and evaluation. These elements
provide a comprehensive view of education, ranging from the
selection of materials to instructional design and from student
assessment to reflective practices.

3 Demonstration
The demonstration is available at tinyurl.com/DFRP. In the
demonstration, teachers can interact with DFRP to obtain de-
sired educational resources. First, the teacher browses the
”Hot Ranking” on the homepage of the platform. If the re-
source she wants is not in the ”Hot Ranking”, she can enter
keywords in the search box above the rankings and then se-
lect options to locate the specific resource she wants. Edu-
cational resources that satisfy the conditions of the entered
keyword and related options will be selected to calculate rel-
evance through the aforementioned model. Then, as shown
in Figure 3, the page displays the results in descending order
of relevance, with five video educational resources per page.
The four tabs at the top left of the educational resource list
allow users to switch between resource types. She can select
the resources of her interest and click on the cover to enter

Figure 4: Detail Page of Educational Resource.

Figure 5: On the left side, the teacher searched for resources related
to angles, and the video’s relevance was 0.7047. On the right side,
the teacher was dissatisfied with the video and completed the scale.
Then, when the teacher searched for ”angle” again, the video’s rele-
vance dropped to 0.5002.

the details page.
In the educational resource detail page, as shown in Figure

4, the platform displays the titles, knowledge points, and ed-
ucational resource content. On the right side are recommen-
dations for related educational resources of the same type.
The recommended educational resources are obtained based
on the constructed KG and ranked by relevance. The top
three video educational resources with the highest relevance
are marked with different colors. The KG below displays the
knowledge point presented in this video, along with its asso-
ciated knowledge points. This can be used to reveal depen-
dencies among knowledge points contained in diverse educa-
tional resources.

After browsing the educational resources, the teacher can
click the ”Survey” button to fill out the educational scale. The
teacher’s browsing history and scale results will influence his
search results in the subsequent search, generating a feed-
back loop. As depicted in Figure 5, the left side displays the
search results for the keyword ”angle,” while the right side
showcases the results obtained after the user has browsed the
videos and completed the scale. As a result, the relevance of
the same video has decreased from 0.7047 to 0.5002.
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