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Abstract Personalized learning resource recommenda-
tion aims to provide learners with appropriate learning
resources to alleviate information overload caused by the
explosive growth of data on online learning platforms.
Current research predominantly utilizes student interac-
tion data to enhance the quality of recommendations.
However, this approach neglects the intricate depen-
dency networks among learning resources, which
directly influence the effectiveness of knowledge acquisi-
tion pathways, and lacks the capacity to model individ-
ual learning abilities and objectives. To address these
limitations, this study introduces a unified learning
resource recommendation method (ULRRM), which
integrates multidimensional graph information and
employs conceptual graphs as an intermediary frame-
work to unify resource representations across varying
levels of granularity. Specifically, a resource dependency
graph is established to guide resource-dependent learn-
ing through conceptual dependency relationships,
thereby encoding the topological constraints of
resources. Then, a local-global dual view is constructed
using session history to capture both short-term behav-
ioral patterns and the evolution of long-term interests,
thereby enabling the recommendation of learning
resource sequences that incorporate multidimensional
graph information. Extensive experiments conducted on
real datasets demonstrate that the proposed ULRRM
method surpasses baseline approaches across several
widely recognized evaluation metrics.
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1 Introduction

Artificial intelligence (AI)-enabled online learning plat-
forms provide a large number of easily accessible
resources and intelligent services (Bobko et al., 2024;
Wang et al., 2022b), making online learning a widely
adopted mode of teaching in many countries (Chang &
Dao, 2026). However, statistics show that the overall
completion rate for learning on online learning plat-
forms ranges from 3% to 10% (Rahimi & Ghorbani,
2025), and this low completion rate is partly attributed
to information overload caused by the large number of
online resources, which fail to accurately match
students’ learning needs. Personalized learning resource
recommendation is a promising solution to this prob-
lem and has attracted attention in both academia and
industry (Lin et al., 2023; Ma, 2025).

Recommendations based on collaborative
filtering methods that analyze the similarity of users or
items are an early strategy used for the recommenda-
tion of learning resources (Lee et al., 2017). However,
such approaches model user-item interactions in a
static way, ignoring the dynamic nature of user prefer-
ences and the dependencies between behaviors during
the learning process (Premalatha et al., 2022). Session
sequences can address changes in user preferences,
yielding promising results across many domains and
driving the development of multiple sequential recom-
mendation models (Saraswat & Srishti, 2022). Most
existing models employ recurrent neural networks
(RNNs) to build session-based recommender systems,
achieving satisfactory results (Kumar & Kumar, 2024;
Zhang et al,, 2021). Although RNN-based recommen-
dation methods rely on sufficient user behavioral data
to extract user representations, the behavioral data
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implied in session sequences are often limited, espe-
cially for newly enrolled users, for whom such data tend
to be sparse. In addition, RNN-based methods may
perform poorly when there is no dependency between
neighboring actions, such as accidental clicks on the
wrong item or joining a course out of curiosity; these
actions lack clear contextual relationships (Wang et al,,
2021). Sequential-based recommendation models per-
form well in handling temporal dependencies of user
actions but have limitations in capturing complex trans-
formational relationships between items and global
contextual information.

In contrast, graph neural network (GNN)-
based recommendation models can better capture
complex transformational relationships between items
and contextual information through graph structures,
which have shown significant advantages in recommen-
dation accuracy and diversity, and have received
increasing attention (Pu et al., 2024; Xiong et al., 2024).
However, unlike general resources, such as movies and
music, there are inherent dependencies between learn-
ing resources (Hriez & Al-Naymat, 2021), of which
prior learning dependencies are the most common. For
example, the course Data Structures is clearly a prereq-
uisite for Algorithm Design and Analysis, and data
structures such as arrays, chain lists, and trees form the
basis for the realization of various algorithms.

This study focuses on a relatively stable
curriculum system, assuming that the logical dependen-
cies among learning resources are relatively consistent
within a given curriculum structure. This assumption
reflects many real educational application scenarios;
that is, the prerequisite relationships and resource
dependencies of courses are usually predefined at the
course outline or teaching plan level and remain
unchanged during the model training and evaluation
process (Zhou & Wang, 2025). Logical dependencies
necessarily impose constraints on learning resource
recommendations, and only after the prerequisite
course is completed can subsequent courses be recom-
mended (Sun et al, 2024). However, traditional

Resource
set

oo

dependency
learning

A

| Resource
I

recommender systems often assume that recom-
mended objects are independent of each other, ignor-
ing the existence of logical dependencies (Dong et al.,
2024a). In educational scenarios, diverse dependencies
are common among learning resources, and most exist-
ing recommendation algorithms based on GNNs do not
take into account inherent logical dependencies
between learning resources, resulting in insufficiently
explored correlations in the data and reduced accuracy
and relevance of recommendations (Chen et al., 2025).

To address the problems of missing logical
dependencies inherent in learning resources and insuf-
ficient global context in sequential recommendation,
this study proposes a unified learning resource recom-
mendation method (ULRRM) that integrates multidi-
mensional graph information to capture both logical
and behavioral dependencies among resources and
enhance the semantic richness of resource representa-
tion. As shown in Figure 1, the model consists of two
main components. The first is resource dependency
learning (RDL), which is dedicated to automatically
mining the logical dependencies between resources and
generating dependency representations by analyzing
prior modification relationships and the logical order
among resources. The second is sequence representa-
tion enhanced by a local-global dual view to capture
complex behavioral relationships between resources
using local session information and global context
information and is denoised with a sparse attention
mechanism. On this basis, the logical dependency
representation is incorporated into the sequential
recommendation model to improve the practical feasi-
bility of the recommendations.

The main contributions of this research are as
follows:

This study proposes a unified representation
and dependency mining method for diverse learning
resources. Through dependencies between concepts, it
further deduces the logical dependencies between
resources and extracts the corresponding dependency
representations, thereby significantly enhancing the
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Figure 1 Simple framework of unified learning resource recommendation method.
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potential connections between learning resources.
Based on this, logical dependencies are incorporated
into the sequential recommendation model.

To further mine contextual information and
interest transitions in session history, this study models
both local and global perspectives, learning behavior-
dependent representations via GNN-based local and
global modules, respectively, and mining session-level
and global contextual information to enhance the
learned representations. In addition, a sparse attention
mechanism is introduced to minimize interference
from irrelevant items in the session on recommenda-
tions.

Comprehensive experiments on real datasets
show that ULRRM enhances sequential recommenda-
tion by integrating multidimensional graph informa-
tion and outperforms classical and state-of-the-art
models on several key metrics. Further analysis
confirms the effectiveness of the proposed approach in
improving the performance of learning resource recom-
mendation models.

The rest of the paper is organized as follows.
Section 2 briefly reviews related work. Section 3
describes the ULRRM method proposed in this study in
detail. Section 4 presents extensive experiments on real
datasets, comprehensive performance comparisons with
existing state-of-the-art and classical recommendation
methods, and visual analysis. Section 5 summarizes the
findings and discusses the limitations of the proposed
approach, as well as future work.

2 Related work

In this section, we briefly review the existing work on
learning resource recommendation. Then, we present
the classical paradigm for sequential recommendation
methods as well as work related to the representation of
learning resources.

2.1| Learning Resource
Recommendation

Among various learning resources, courses provide
structured and systematic approaches to acquiring
knowledge (Aljunid et al., 2025). Course recommenda-
tion has gained significant attention in recent years
(Bhatt et al., 2024; Wu et al., 2024).

Traditional content-based or collaborative
filtering methods make recommendations according to
users’ static preferences. To capture the dynamics of
these preferences, researchers tend to model users’
sequential behavior, which clearly helps improve the
accuracy of recommendations. For example, Liang
(2025) proposed a deep learning-driven course

recommendation system based on gated recurrent units
and constructed a time-sensitive modeling framework
for student behavior that addresses the bottleneck of
traditional recommendation models in long-term
reliance modeling. Volk et al. (2020) proposed an RNN-
based method to explore how the temporal sequence of
courses affects student grades and facilitates course
planning for college students. Chen and Ye (2024)
utilized a bidirectional recurrent neural network model
to obtain contextual semantic features of embedded
courses and dynamically allocated weights through an
attention mechanism, thereby enhancing the effective-
ness of the course recommendation model.

Another line of research incorporates addi-
tional side information from users or resources. For
example, Ren and Wu (2023) simulated long short-term
memory, including repeated time-point marking and
event repetition, demonstrating that the correlation
between user behavior and occurrence time can signifi-
cantly enhance model performance. Tian and Liu
(2021) tracked users’ learning capacity and integrated it
into an online course recommendation system to
enhance model performance. Gong et al. (2020)
constructed a heterogeneous information network
based on various entities—such as students, concepts,
courses, videos, and teachers—and further proposed
the attention heterogeneous graph convolutional deep
knowledge recommender ACKRec. However, depen-
dencies among resources are somewhat ignored, so the
recommendations may be infeasible in practice (Zhao
et al., 2020).

2.2| Sequential Recommendation

Sequential recommendation takes as input a user-item
interaction sequence and learns the item transition
patterns hidden within it (Levy et al., 2023). From a
technical perspective, sequential recommendation
methods can be divided into three main categories:
Markov chains, latent representations, and deep neural
networks.

Traditional methods are built on Markov
chains. The central task is to learn the transition proba-
bility underlying the sequence of interactions. Due to
the limitations of Markov chains, these methods have
difficulty in capturing long-term or higher-order
dependencies (Wang et al., 2022a).

The rationale of latent representation methods
is that implicit relations (e.g., dependencies) may
emerge if objects are properly mapped into a latent
space. Hence, they are committed to learning latent
representations for users and items. Latent factor-based
methods (Liang et al., 2016) decompose the observed
interaction transition matrix into latent vector repre-
sentations that are susceptible to data sparsity. Distribu-
tion representation-based methods (Wang et al., 2018)
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embed interactions into a low-dimensional space to
learn the latent distribution. Although simple and effi-
cient, these methods are not designed to handle ordered
or heterogeneous sessions (Wang et al., 2022a).

Deep neural network models have been domi-
nant in sequential recommendation in recent years
(Deeva et al., 2022). GNNs are a promising direction
due to their strength in modeling complex transitions
between items. For example, they achieve outstanding
performance in session-based recommendation (Wu
et al.,, 2019). In addition to session-level information,
Wang et al. (2020) further exploited global context (e.g.,
global neighbor information) to improve recommenda-
tion. Nevertheless, introducing a global context into the
system may increase the risk of noise and overfitting.
Furthermore, other studies have explored heteroge-
neous graphs for recommendation (Wang et al., 2024a).
Zhang et al. (2026) enhanced course recommendation
by meta-path sampling in heterogeneous networks and
improved recommendation accuracy by integrating
users’ multi-interaction semantic information. They
utilized the varied relationships and entities in educa-
tion to construct heterogeneous graphs, on which
GNNs were employed to enhance the model. However,
challenges remain in effectively managing complexity
and integrating domain knowledge.

2.3| Representation Learning of
Resources

In recent years, various representation learning meth-
ods have been proposed to enhance recommendation
performance (Dong et al., 2024b). For instance, some
studies have employed RNNs to learn representations
of user preferences, although they face challenges
related to long-term dependencies. Others have utilized
autoencoder techniques for representation learning, but
such methods can be sensitive to noise and constrained
by assumptions about data distributions. In addition,
some studies have utilized GNNs or large language
models to learn representations of user—item interac-
tions (Wang et al., 2024b; Zha et al., 2026). While some
of these studies captured item representations by
considering complex behavioral dependencies in
sessions in sequential models (as discussed in Subsec-
tion 2.2), they often neglected logical dependencies.
Existing studies on learning dependency rela-
tions in educational data can be broadly divided into
explicit dependency modeling and implicit dependency
modeling approaches. Early representative research
focused on explicitly identifying prerequisite relations
using statistical measures or supervised learning meth-
ods, such as reference distance-based metrics (Liang
et al., 2015) and feature-driven classifiers (Pan et al,,
2017). These methods provide interpretable depen-
dency structures but often rely on handcrafted features

or static assumptions, limiting their scalability and
adaptability.

More recent studies have tended to implicitly
capture dependency information through representa-
tion learning frameworks, including GNNs and sequen-
tial models (Nakagawa et al., 2019; Shin et al., 2021), in
which relational patterns are encoded into latent repre-
sentations rather than explicitly constructed graphs.
Such approaches have been widely adopted in educa-
tional recommendation and knowledge tracing tasks,
demonstrating strong predictive performance (Ghosh
et al., 2020). However, learned dependencies are often
implicit, entangled with behavioral signals, and difficult
to interpret or control (Guo et al., 2025).

It should be noted that the literature focuses on
predicting concept-level dependency. In contrast, learn-
ing resource recommendation works on learning
resources—such as courses and exercises—that are of
coarser granularity than concepts. Hence, methods
should be proposed to mine resource-level dependen-
cies.

3 Methodology

In this section, we introduce the proposed ULRRM in
detail. Figure 2 shows the overall architecture of
ULRRM, which is mainly composed of three core
modules: RDL, context-enhanced resource representa-
tion, and resource recommendation incorporating
multidimensional graph information. First, in the RDL
module, concept maps are used as a unified intermedi-
ate language to standardize the representation of multi-
ple types of learning resources. Through concept map
learning, partially observable premise relationships are
used to capture logical relationships among resources.

Resource representations are then obtained and
enhanced with multidimensional graph information
derived from the construction of local, global, and
dependency graphs. Local representations originate
from the current session, while global resource repre-
sentations span all sessions, allowing for resource
crossover between sessions to enhance contextual infor-
mation. The dependency graph is built based on
resource dependencies to learn the dependency repre-
sentations between resources. More comprehensive
resource representations are obtained through repre-
sentation learning of multidimensional graphs.

Finally, sequential representation of the current
session is obtained by integrating multidimensional
graph representations, and a sparse attention mecha-
nism is used to aggregate the representations according
to item importance, thus representing user preferences
in the current session and incorporating rich contex-
tual information. Resource recommendation is
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Figure 2 Workflow of the unified learning resource recommendation method. GNN: graph neural network.

achieved based on the similarity between sequential
representation and candidate resource representations.

3.1] Problem definition

Definition 1 (resource dependency prediction). Let U
denote the set of learners and R represent the set of
learning resources. The dependency relationships
between resources are modeled as a directed graph
G = (R E), where vertices correspond to resources and
edges e; = (v; — v;) indicate that resource v; depends
on v; (e.g., as a prerequisite). Given a subset of known
dependencies Ej,own C E, resource dependency predic-
tion is to predict the complete edge set E through link
prediction by learning a mapping function
¢: Rx R — [0, 1] that estimates the probability of the
existence of unobserved edges.

Definition 2 (learning resource recommenda-
tion). Given a set of students U, a collection of learning
resources R, and a set of resource types T (e.g., video,
audio, and exercises). For each learner u € U, the inter-
action history with resources of type 7€ T is repre-
sented as a session sequence: S= (v, v,,...,v;). The
learning resource recommendation task aims to predict
Ve = argmax, P(v|S), where P(v|S) estimates the

probability that learner u will interact with resource v
as their next engagement.

3.2| Resource Dependency Learning

We use conceptual space as an intermediate language in
the unified representation of resources and then
perform conceptual graph learning to predict depen-
dencies between resources.

3.2.1 Unified Resource Representation

Diversified learning resources are carriers of specific
knowledge concepts, and each resource covers one or
more knowledge concepts (Gong et al., 2020). Drawing
on the idea of the bag-of-words model, which repre-
sents a sentence as a collection of words, this study
maps resources to a more detailed conceptual level and
uses conceptual space as a common feature space to
obtain a unified representation of different types of
resources. There is a many-to-many mapping relation-
ship between resources and concepts. Therefore, an
overall relationship diagram of concepts and resources
at two different levels in the multiscale dependency
reasoning framework is naturally formed, as shown in
Figure 3.



6 Shufei Li et al. Unified Learning Resource Recommendation with Multidimensional Graph Information

Video graph

Exercise graph

Figure 3 Schematic
mapping.
The set of resources can be represented as a
matrix X € R"?, where n is the number of resources; p
is the dimension of the general concept space; each row
of the matrix corresponds to the conceptual representa-
tion of each resource; Y is an #n X n matrix, where each
unit represents the binary relationship between
resources i and j; and y; = 1 indicates that resource i is
the precursor of resource j, otherwise y; =0. In this
way, resource-dependent learning can be transformed
into a link-prediction problem in conceptual space.

diagram of resource-concept

3.2.2 Resource Dependency Prediction

The challenge is that the underlying dependencies
between concepts are unknown, so we sampled a small
set of resource pairs O and domain experts annotated
whether there is a dependency between each pair of
resources based on professional knowledge. Labels were
then used to predict potential dependencies between
concepts.

The link prediction score between resources i
and j can be expressed as J;:

where B is a p X p matrix, each element represents the
weight of the directed connection between concept
pairs, and the goal of concept graph learning is to opti-
mize the model parameter matrix B according to the
objective function (Eq. (2)). xiTij represents the sum
of weights of all paths in the graph from node i to node

The objective function of the learning stage of
the resource dependence relation is defined as

Lip=min ¥ (1 yu((x)Bx)) +3IBE @
(uv)€O
where the first term maximizes the consistency of the
predicted and true values, the second term is the regu-
larization term where ||B||r denoting the Frobenius
norm to prevent overfitting, and A is the hyperparame-
ter.

In this way, the weights of directed connec-
tions between all concept pairs are obtained, and since
all resource representations are mapped to a unified
concept space, the dependencies between resources in
the test set can be predicted by Eq. (1). The dependency
matrix between resources provides the basis for
constructing the dependency graph.

3.3| Multidimensional Graph
Representation Learning

In this section, we construct a multidimensional graph
of resources and extract node representations based on
GNN to incorporate valuable global contextual infor-
mation.

3.3.1 In-Session Local Information Learning

Following the settings in SR-GNN (Wu et al., 2019), a
local graph G is built for the session S. G is a
directed graph; its set of vertices R is a subset of the
set of resources R, and the edges are denoted as adja-
cent within the session, as shown in Figure 4. Because
resources may recur in a sequence of sessions, the
normalized weight of each edge is computed by defin-
ing the number of occurrences of an edge divided by
the out-degree of the starting node of that edge. The
gated GNN is then applied to G to learn the local
representation h"" € RY.
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Figure 4 Construction of the local graph.

However, the 1-hop neighbor-based aggrega-
tion approach can aggregate only directly adjacent node
representations, which is insufficient for learning the
multi-hop neighbor context. Therefore, a multi-hop
diffusion mechanism (Figure 4) is designed with a hop
count of 2, for example, where each node will be
directly connected to its second-order neighbors,
which, on the one hand, takes into account all the possi-
ble paths between connected nodes to enhance the
model’s ability to learn the graph structure and, on the
other hand, enhances the ability to capture the relation-
ships between nodes that are not directly connected.

Specifically, the m-order adjacency matrix A,
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is constructed according to the respective session graph,
the graph structure information corresponding to
different hop counts is preserved, the respective m-
order local embedding representations of the nodes are
learned, and dynamic aggregation is performed to
obtain the final session-level node vector representa-
tion B

Ultimately, the local representation of any
resource v € R is defined as

N M
hi’ocal _ Z Z hT,n’
n=lm=1
where m € [, M] is the number of hops of the aggre-
gated neighbors and n € [1, N] denotes the number of
independent sessions of the student.

The advantage of introducing the multi-hop
diffusion mechanism lies in two aspects. On the one
hand, it expands the neighborhood receptive field of a
single layer of the GNN, thus lowering the risk of gradi-
ent disappearance. On the other hand, it reduces high-
frequency noise due to the low-pass effect.

3.3.2 Global Context Representation Learning

In this subsubsection, we obtain the global representa-
tion of a resource node through global graph construc-
tion and global representation learning.

Construction of the global graph. To generate
a global representation of the resource, we construct an
undirected global graph G&°* for all sessions in the
dataset, with the vertex set R, and create an undirected
edge between each node and its m-hop neighbors. A
simple schematic is shown in Figure 5. The weights in
the global graph are then computed based on the
number of edges and the distance between items. The
initial weight wy,,,,,,) of each edge is set to 0. For each
item v; € S, its m-hop neighboring nodes in all sessions
update the weight of the corresponding edge to
Wvaviom) = W(vpvien) +1/m, where m denotes the number
of hops separated between v, and v;.,, in the sequence.
The weights are then normalized:

M =2 2-hop neighborhoods
Vit vy, Vs, Vy, V)
Vo: {Vy, V3, Vs, Vs, Vo)
V3i Vi, Vo, Vg, Vs)
vy: {1, v, V3)
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ve: {Va, Vs, 7} E
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V)= V) — V= V3 v,/ \Vs

R

V> Vs> Vg —V; = I I
)% () (1
V= V; = Vs v

Session dataset Local graph Gelov!

Figure 5 Construction of the global graph.

1 1
thxvt+m = th»VHm + > (3)
<deg(vt) deg(Vitm) )

where deg(v,) refers to the degree of v, in G&°",

Global representation learning. In this
section, we design an L-layer GNN to generate global
representations of the resources, where L is a hyperpa-
rameter. Each item x € R is encoded into a unified
embedding space; that is, x € R4, The initial embed-
ding x is based on 1-hot encoding and is then trans-
formed into a d-dimensional latent vector space using
the trainable matrix W, € R¥*IRl

For any 0<I<L, layer /41 transforms the
output of layer [ (h%l()bal”)) in two steps.

Step 1: Neighborhood aggregation. To differ-
entiate the importance of the neighboring nodes, a
session-aware attention mechanism is used to aggre-
gate the neighboring context representation of the
nodes. In general, the item that is closer to the current
session preference is more important for recommenda-
tion, so the importance level can be computed from the
current session features:

() = g o(W,[(hY @ B [w,]), (@)

where o represents an activation function; hél) denotes
the characteristics of the current session, computed
from the average of all item representations in the
session; and W, and q are learnable parameters. The
operator “®” refers to the Hadamard product of
vectors, while “||” denotes concatenation. Then, the
importance coefficients 7(u,v) of all neighbors connec-
ted to node v are normalized using the softmax func-
tion to obtain 7(u,v), the normalized attention weight
of neighbor u with respect to node v.

Finally, the neighborhood context representa-
tion of a node is obtained by linearly combining neigh-
boring nodes based on the session-aware attention
score:

=Y, n(wv) B, (5)
ueNn,
where N, is the neighborhood of v in G&'°b.

Step 2: Representation update. For any v € R,
combining the node representations of the layer [ with
the aggregated neighborhood information yields the
node representations of the layer /4 1:

BE — (W, [RE0 1)), ©)

where W), is alearnable parameter.

In the above manner, the aggregator can be
extended from one layer to multiple layers to further
explore the higher-order connectivity information of
the graph and merge more information related to the
current session into the current representation.

For notational simplicity, h%k)bal“) is denoted

, olobal
simply as b5
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3.3.3 Dependency Graph Representation Learning

Given that the dependency relationships among learn-
ing resources naturally form graph-structured
data—that is, resources correspond to graph nodes and
the directed dependency relationships among resources
correspond to the directed edges in the graph, which
has a very similar structure to the global graph
constructed by the global module in the sequential
recommendation basis model—the structure of the
global module can be borrowed to construct the static
dependency graph G*P based on the dependency rela-
tionship matrix. The same GNN structure as the global
representation learning layer is adopted to learn the
static dependency relationship representation hiep of
the resources. The process is shown in Figure 6.

3.4| Resource Recommendation with
Multidimensional Representation

In this section, we integrate the resource representation
from the multidimensional graph and consolidate the
representation of the session sequence accordingly for
resource prediction.

3.4.1 Multidimensional Representation Fusion

The in-session and inter-session representations
learned from the local module and the global module,
respectively, are added as the dynamic features at the
sequence level and then connected to the resource
dependency representation h%™, and a linear transfor-
mation is performed to obtain the final hybrid embed-
ding representation J, .

First, for any resource v € S, the final represen-
tation of v is defined as

h, = Wa[(h" + R || hy), (7)

where the matrix Wy, € R%<2 jg a learnable parameter,

which is used to compress the two combined embed-
ding vectors into the latent space R?.

Then, we apply the feed-forward network to
inject more nonlinearity into the representations:

Zy = 0( Whvhv + bhv); (8)

where W), and by, are learnable parameters.

The final representation hg can be obtained by
weighted averaging of the node representations in the
session. The weights should be properly defined to
weaken the effects of interest offset and noise pollution.

We use entmax, attention (Peters et al., 2019)
of & =2 in the attention mechanism (i.e., sparsemax) to
steepen the smooth curve so that the items with less
weight are directly mapped to 0, reducing the negative
impact of unrelated items. The attention weight can be
expressed as follows:

B, = sparsemax(q, 6(W,,z, + Wishg+ bs)), ()

where K is obtained by directly averaging the node
representations in the session and W,,, Wy, 9, bﬁv S
R? are learnable parameters.

Finally, we obtain the sequential representation
of §:

hs=Y B,h..

veSs

(10)

3.4.2 Learning Resource Prediction

The goal of learning resource prediction is to predict
the next resource, s,.;, given a session S=s55s,.
Our prediction is based on the similarity of hg to the
representation x, of any resource v, with softmax as the
activation function. Specifically, the probability that
Sp+1 = v is predicted to be

(11)
In the model training phase, the loss is defined
as the cross-entropy of the predicted values with the

Py = softmax(hng).

Resource dependency

graph G

dep

Resource concept
mapping relationship

U f

Resource dependency
learning

=>

N hdcp
Gated GNN layer —> E

&

Dependency
representation

Dependency matrix D,,,

Figure 6 Dependency graph representation learning process.
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ground truth. Suppose the ground truth of session § is

Sopp=Vv. y,=1 if u=v, and y,=0 for any
u € R\ {v}. The loss is defined as
-Erec = Z ()’ulog(),\/u) + (l_yld)log (l_j\/u))
ueR
=—log(y,) — Z log(1—7,). (12)

ueR\{v}

The algorithm is shown in Electronic Supple-
mentary Material.

4 Experiments

In this section, extensive experiments are conducted on
real datasets to evaluate the performance of the
proposed ULRRM method.

4.1| Datasets

The effectiveness of the proposed method was verified
on the real dataset MOOCCube (Yu et al., 2020).
MOOCCube is a comprehensive large-scale MOOC
dataset that includes 706 online courses, 38,181 teach-
ing videos, hundreds of thousands of course registra-
tion records, and video watching records from 199,199
users. The concept terms and entity description data
come from Baidu Baike and Wikipedia, and the course
data and student behavior data come from the real
learning environment of XuetangX.

The MOOCCube dataset is divided into
MOOCCube_course and MOOCCube_video. Perfor-
mance is evaluated on both subsets to evaluate resource
recommendation across different levels of granularity.

As in SR-GNN (Wu et al., 2019), we removed
resources that appeared fewer than five times and
sessions of length 1. For each of the remaining sessions
S=(s152:-s4), we adopt the Leave-One-Out Cross-
Validation method to generate sub-sequences
((s1,825 -+ »Sk-1), k), 1 < k < n. We used the latest sample
for testing, and the remaining samples for training.

To supervise concept graph learning, we manu-
ally marked whether or not a prerequisite relation
existed for 232 pairs of MOOCCube courses. This was
done by analyzing the course prerequisite descriptions
using standard text processing techniques, such as stop-
word removal, term frequency-based term weighting,
and the removal of rare words.

In addition, to show that our techniques work
even when dependency information is unavailable, we
verified the sequential part of ULRRM (i.e., the module
of globally enhanced GNN with sparse attention, abbre-
viated as ULRRM-seq) on MOOC2019 (Zhang et al.,
2019).

MOOC2019 covers user-enrolled behaviors
from October 1, 2016, to March 31, 2018 in XuetangX.

The specific statistics of the datasets after preprocessing
are shown in Table 1.

Table 1 Statistics of the datasets used in the experiments

s s [ St e
MOOCCube_course 682,753 681 406,455 44,723 3.26
MOOCCube_video 1,765,080 17,466 1,390,550 154,304 8.76
MOOC2019 458,452 912 343,264 31,341 5.54

42| Baselines

We selected classical traditional recommendation
models and recently performed recommendation
models as benchmarks, including three traditional
recommendation models, four sequential recommenda-
tion models, and three graph-based sequential recom-
mendation models. The models are described as
follows:

(1) Traditional models

POP recommends the top-N frequent items in
the training set.

Item-KNN (Sarwar et al.,, 2001) recommends
items similar to the last item in the session.

BPR (Rendle et al., 2009) optimizes a pairwise
ranking objective function in a Bayesian way.

(2) Sequential-based models

GRU4Rec (Hidasi et al., 2016) uses RNNs to
model sessions for session-based recommendation.

STAMP (Liu et al., 2018) captures the user’s
general interest in the current session and current inter-
est in the last click.

BERT4Rec (Sun et al., 2019) employs deep bidi-
rectional self-attention to model user behavior for
sequential recommendation.

LightSANs (Fan et al., 2021) introduces a low-
rank decomposition self-attention mechanism to map
users’ historical behavior sequences into potential inter-
ests.

(3) Graph-based models

SR-GNN (Wu et al., 2019) uses GNNs to learn
item and session representations for sequential recom-
mendation.

GC-SAN (Xu et al., 2019) combines GNNs and
self-attention networks for sequential recommendation.

DGNN (Li et al., 2023) utilizes dual GNNs to
decouple explicit dependencies and implicit associa-
tions between items for session recommendation.

43| Experimental Settings

Parameter setup. Following previous methods (Xu
et al., 2019), we set the dimension of latent vectors to
100 for both datasets. All parameters were initialized
using a Gaussian distribution with a mean of 0 and a



10 Shufei Li et al. Unified Learning Resource Recommendation with Multidimensional Graph Information

standard deviation of 0.1. We used the mini-batch
Adam optimizer with an initial learning rate of 0.001,
which decayed by 0.1 after every 3 epochs. The batch
size and the L2 penalty were set to 100 and 10°, respec-
tively, and the neighborhood radius § in constructing
the global graph was set to 2.

Evaluation metrics. We followed the literature
(Wu et al,, 2019) and adopted two widely used ranking-
based metrics for recommendation: P@N and MRR@N,
where N is 10 or 20.

P@N (precision) measures the percentage of the
ground truth instances that are successfully recom-
mended in top-N positions in a ranking list. MRR@N
(mean reciprocal rank) is the average of reciprocal
ranks of the correctly recommended instances, which
considers the order of recommendation ranking list.

4.4| Performance Comparison

All baselines and our model were trained and evaluated
on the same set. Note that the MOOC2019 dataset
contains only the user—course registration sequence and
does not support resource-dependent learning. There-
fore, we used it only to verify the validity of the sequen-
tial part of ULRRM (named ULRRM-seq), which does
not contain resource-dependent learning and the repre-
sentation learning part of the dependency graph.
Performance comparisons are shown in Tables 2 and 3.

Table 2 Performance comparison of ULRRM with other base-
line methods on the MOOCCube dataset

Performance score in
MOOCCube_video

Performance score in
MOOCCube_course

Method

P@10 MRR@10 P@20 MRR@20 P@10 MRR@10 P@20 MRR@20
POP 0.1973 0.0621 0.3389 0.0755 0.0445 0.0171 0.0774 0.0198
BPR 0.2633 0.1059 0.3779 0.1147 0.1209 0.0354 0.1734 0.0452

Item-KNN0.3559 0.1799 0.4765 0.1885 0.3093 0.1324 0.4189 0.1450

STAMP  0.2641 0.1126 0.3769 0.1203 0.6167 0.3811 0.6988 0.3868

BERT4Rec 0.3203 0.1427 0.4420 0.1510 0.6194 0.3835 0.7013 0.3893

GRU4Rec 0.4232 0.2064 0.5403 0.2144 0.6078 0.3784 0.6902 0.3856

LightSANs 0.4362 0.2351 0.5674 0.2377 0.6432 0.3970 0.7125 0.4133

SR-GNN 0.4649 0.2432 0.5825 0.2513 0.6456 0.4175 0.7186 0.4226

GC-SAN 0.4562 0.2367 0.5756 0.2449 0.6376 0.3836 0.7040 0.4112

DGNN  0.4730 0.2406 0.5742 0.2508 0.6511 0.3987 0.7210 0.4355

ULRRM 0.4831 0.2533 0.5988 0.2581 0.6617 0.4308 0.7344 0.4359

Notes. Underlined results repersent the best scores across all baseline models except
ULRRM. The scores of ULRRM are in bold.

Tables 2 and 3 show that GNN-based sequen-
tial recommendation baselines (SR-GNN and GC-SAN)
substantially outperformed other baselines. This indi-
cates that sequential models and GNNs are suitable for
learning resource recommendation. A possible reason
for this is that sequential models inherently capture the

dynamics of user preference in a session and that GNNs
are capable of transforming items with complex rela-
tions. Our models—ULRRM and ULRRM-seq—outper-
formed both SR-GNN and GC-SAN on all datasets in
all metrics, with an average improvement of over 4%.

Table 3 Performance comparison of ULRRM-seq with other
baseline methods on the MOOC2019 dataset

Performance score

Method
P@10 MRR@10 P@20 MRR@20

POP 0.0951 0.0471 0.1503 0.0488
BPR 0.0859 0.0292 0.1308 0.0317
Item-KNN 0.2951 0.1345 0.3898 0.1363
STAMP 0.2421 0.1064 0.3418 0.1132
BERT4Rec 0.2344 0.0920 0.3447 0.0995
GRU4Rec 0.2492 0.1123 0.3483 0.1193
LightSANs 0.2876 0.1672 0.3754 0.1446
SR-GNN 0.3508 0.1705 04634 0.1783
GC-SAN 0.3160 0.1500 0.4354 0.1582
DGNN 0.3692 0.1677 0.4562 0.1822
ULRRM-seq 0.3711 0.1826 0.4829 0.1904

Notes. Underlined results repersent the best scores across all baseline models except
ULRRM. The scores of ULRRM are in bold.

In conclusion, our model takes into account the
dependencies between resources and the global context
within session sequences in recommendation. In the
comparative experiments, ULRRM achieved strong
performance, and the results suggest that incorporating
multidimensional graph information may be beneficial
for improving recommendation effectiveness.

4.5| Ablation Study

In the ablation experiment, to study the contribution of
each module to the ULRRM, we compared the perfor-
mance of three variants of the ULRRM obtained by
deleting the modules one by one, which are outlined as
follows:

ULRRM-w/o-dep: ULRRM without the module
of RDL—namely, ULRRM-seq.

ULRRM-w/o-global: Removal of global graph
learning based on ULRRM-w/o-dep.

ULRRM-w/o-local: Removal of in-session local
information learning based on ULRRM-w/o-dep.

As shown in Table 4, performance declined
with the reduction of modules. This suggests that each
module contributes to the performance of ULRRM: The
local module captures the dynamics of the users’ prefer-
ence in the session, the global module exploits the rich
global context information, and dependency integra-
tion leverages the dependency relations that may
support recommendation.
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Table 4 Contributions of each module to the performance of
ULRRM

Performance score in
MOOCCube_video

Performance score in
MOOCCube_course

Method

P@20 MRR@20 P@20 MRR@20
ULRRM-w/o-dep 0.5931 0.2567 0.7294 0.4312
ULRRM-w/o-global 0.5900 0.2557 0.7243 0.4259
ULRRM-w/o-local 0.5743 0.2448 0.7004 0.4054
ULRRM 0.5988 0.2581 0.7344 0.4359

Note. The scores of ULRRM are in bold.

To verify the effectiveness of the mechanism for
fusing dependency information mentioned in Subsec-
tion 3.4, we designed two other ablation variants:

ULRRM-emb: Only the fusion at the node re-
presentation level is considered, and the learned
resource dependencies are fused into the final embed-
ded representation of the project.

ULRRM-att: Considering only the fusion at the
attention coefficient level, the learned resource depen-
dencies are integrated into the calculation of the impor-
tance attention coefficient of each item in the session
representation.

The experimental results are shown in Figure 7.
ULRRM, which considers both item embedding fusion
and attention coefficient fusion, achieved the best
performance. The variants ULRRM-emb and ULRRM-
att fused only in either aspect, missing some depen-
dency information. However, both were better than
ULRRM-w/o-dep which does not consider resource
dependency at all. The comparison confirmed the effec-
tiveness of fusing dependency.

4.6| Hyperparameters

In this section, we begin by discussing the impact of two
core hyperparameters—the number of neighbors and
the number of hops—on model performance during
GNN aggregation. The attention coefficients computed

== ULRRM-w/o-dep
ULRRM-emb

0.6000
0.5750
0.5500
0.5250
0.5000
0.4750
0.4500
0.4250
0.4000

ULRRM-att
== ULRRM

P@10

P@20
(a)

Figure 7

from two different transformation functions in «-
entmax attention are then visualized.

Number of sampled neighbors. Considering
the computational efficiency and the risk of overfitting,
we sorted the neighboring nodes of each item into
descending order of weight and kept only the first
N ={4,8,12} neighbors. Experiments were conducted
on the MOOCCube_course and MOOQOCCube_video
datasets, and the results are shown in Figure 8.

Figure 8 shows that the best performance was
achieved when N = 8. This is because a value that is too
small leads to insufficient global context information,
while one that is too large leads to global information
diluting local information. When N was increased from
8 to 16, performance decreased slightly. This suggests
that introducing too much global context may intro-
duce redundant or irrelevant information and also lead
to over-smoothing of the representation. Therefore, in
our model, N was set to 8.

Number of neighbor hops. The hop count of
neighbors refers to the furthest neighbor hop that a
node can access during the aggregation process of the
GNN. Table 5 compares the two cases of hop count M =
1 and M = 2. It shows that the difference in perfor-
mance was almost negligible (about 0.1%). This might
be because a larger M helps capture high-order global
information while bringing more noise.

Visualization of the attention coefficient. We
further visualized the attention coefficients for different
hyperparameter « values in entmax, as shown in
Figure 9, where the vertical axis is labeled with 20
randomly selected sessions and the horizontal axis is
labeled with the resources in the sessions. The rows
represent a sample of sessions, and the columns repre-
sent the different interaction items in the session. The
cells represent the level of interest of the item in the
session; the higher the level of interest, the darker the
color. Figure 9(b) has a stronger color contrast, which
means that 2-entmax allocates attention in a more

0.2600
0.2575
0.2550
0.2525
0.2500
0.2475
0.2450
0.2425
0.2400

== ULRRM-w/o-dep
ULRRM-emb

ULRRM-att
== ULRRM

MRR

MRR@10
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(b)

Analysis of the effectiveness of the fusion mechanism. (a) P@10 & P@20; (b) MRR@10 & MRR@20.
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Figure 8 Performance for different numbers of sampled neighbors. (a) P@10; (b) P@20; (c) MRR@10; (d) MRR@20.

Table 5 Effect of parameter M (hops)

Score in MOOCCube_course Score in MOOCCube_video

Method

P@20 MRR@20 P@20 MRR@20
1-hop 0.5988 0.2581 0.7338 0.4350
2-hop 0.5974 0.2576 0.7344 0.4359

Note. The higher scores are in bold.

focused way. The increased « brings more sparsity,
which means that only a few items receive high atten-
tion, while the others receive low attention, and irrele-
vant or noisy items can be filtered to improve the
recommendations.
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47| Case Study

Dependency prediction analysis. To further explore
the reasonableness of the resource dependency predic-
tion, some of the dependencies were extracted, the
course IDs were converted to course names, and local
dependencies were visualized, as shown in Figure 10.
Among the computer courses shown, Advanced
Language Programming and Data Structures were the
prerequisites for most courses, and the prediction
results were in line with general cognition in the context
of realistic scenarios.

Resource recommendation analysis. In this
section, a case from the recommended results is
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Figure9 Visualization of the attention coefficient. (a) 1-entmax (equivalent to softmax); (b) 2-entmax (equivalent to sparse-

max).
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Figure 10 Visualization of the results of course-resource relationship projections (partial).

analyzed to demonstrate the validity of the proposed
ULRRM. We selected student U_10770703 in the
MOOCCube_course dataset as the subject of analysis,
who studied several courses, among which physics
courses accounted for a large proportion. The learning
history and ULRRM recommendations are shown in
Figure 11. The dashed circle above the user sequence in
the figure indicates the course resources that have a
prerequisite dependency on the course resources that
the user has interacted with historically, and the arrows
indicate the prerequisite relationship. For example,
Electrical Technology is a prerequisite for Fundamen-
tals of Digital Electronics and Fundamentals of Analog
Electronics. According to the recommendations of the
ULRRM model in this study, the courses in blue on the
list reflect the model’s ability to learn the dependency
characteristics of resources and can guide the user’s
learning path to a certain extent while recommending
highly relevant resources according to the user’s
personalized preferences.

Conclusions

5

In this study, we proposed a ULRRM that enables the
recommendation of different kinds of learning
resources. Inspired by the bag-of-words model, knowl-
edge concepts were used as an intermediate language to
unify the representations of different learning resources
and provide static structural semantics for multidimen-
sional resource information acquisition. Specifically,
dependencies between concepts were extracted through
concept graph learning, which in turn predicted
resource dependencies based on dependencies between
concepts. Further, static resource representations were
extracted based on resource dependency graphs, while
local session graphs and global session graphs were
built based on students’ historical session information
to introduce rich contextual information in terms
of learning dynamic behavior. Ultimately, the
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Figure 11 Visualization of the results of resource recommendation analysis (partial).

multidimensional resource representations were inte-
grated, and sequence representations were obtained for
resource recommendation by capturing student prefer-
ences through sparse attention and suppressing noise
interference. We conducted extensive experiments on
real datasets to validate the superiority of the proposed
approach.

While this work demonstrates the effectiveness
of dependency-aware representation learning for learn-
ing resource recommendation, several promising direc-
tions remain for future research. To better support
online learning scenarios, future work will investigate
model optimization strategies, such as incremental
graph updates, parameter sharing across graph compo-
nents, and efficient graph sampling, with the goal of
improving scalability and real-time performance. In
addition, incremental and continual learning strategies
will be explored to progressively update dependency
representations from accumulated interaction data,
thereby enhancing robustness and reducing reliance on
static annotations. To address data sparsity in GNN-
based recommendation models, future studies will
explore the use of large language models (LLMs) as data
enhancers to generate potential learner-resource inter-
actions, helping alleviate insufficient deep relationship

learning. Meanwhile, by leveraging the generative capa-
bilities of LLMs, we will investigate their potential role
in producing semantic identifiers to enrich resource
representations and improve the diversity of recom-
mended content.
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