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Abstract

Educational recommendation systems have been a fundamen-
tal component for alleviating learning disorientation in self-
paced learning. While existing studies mainly leverage cog-
nitive theories to guide learning motivation modeling, they
critically overlook the role of social influences. Through em-
pirical analysis, we identify social homophily as an additional
driver of learning behaviors, i.e., learners tend to adopt re-
sources validated by their social cohort. However, two chal-
lenges impede effective social homophily modeling: (1) the
absence and sparsity of predefined social relations in on-
line education, and (2) the deep entanglement of social ho-
mophily with cognitive homophily in behavioral data. To
tackle these challenges, we propose a graph-based frame-
work EdGCL that explicitly disentangles social homophily
and cognitive homophily. EdGCL infers implicit social rela-
tions from learners’ social behaviors and encodes them via
a graph transformer, generating social-view representations.
Simultaneously, it constructs a heterogeneous learning graph
to model cognitive homophily, which is enhanced by a type-
aware aggregator and cognitive diagnosis loss. To ensure the
semantic distinctiveness of dual-view homophily modeling,
a cross-view contrastive disentanglement mechanism is de-
signed to pull intra-view representations closer while push-
ing inter-view representations away. Evaluation on two real-
world educational datasets demonstrates the superior recom-
mendation performance of EAGCL, highlighting the neces-
sity of dual homophily modeling for understanding the moti-
vations behind learning behaviors.

Code — https://github.com/DaSESmartEdu/EdGCL

Introduction

Educational recommender systems aim to alleviate the prob-
lems of cognitive overload (Van Merrienboer and Ayres
2005) and learning disorientation (Chen 2008) due to the
overwhelming volume of resources in online learning plat-
forms such as MOOCs and Intelligent Tutoring Systems.
Current educational recommendation methods primarily ad-
here to the cognitive-guided paradigm, aiming to promote
continuous progress in learners’ mastery of complete knowl-
edge structure. Various cognitive and pedagogical theories,
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Figure 1: The illustration and analysis of social homophily
that influences learning behaviors in online education.

such as forgetting curve (Shen et al. 2021; Bai et al. 2025)
and difficulty consistency (Zhang et al. 2024), have been
extensively studied to interpret motivations behind learning
behaviors. However, we argue that existing studies largely
overlook the role of social influences in shaping learning
motivations. In educational contexts, learners usually en-
gage in various social activities, such as discussion forums,
peer assistance, study groups, resource-sharing communi-
ties and so on. Based on these activities, educational social
networks can be established to reveal peer influence, which
acts as a powerful catalyst in broadening learners’ awareness
of available learning resources.

Crucially, educational social networks reveal social ho-
mophily among learners, i.e., the inherent tendency to adopt
resources highly validated by one’s immediate social co-
hort. As illustrated in Figure 1(a), besides personal cogni-
tive needs, learning behaviors of students can be frequently
driven by social ties with other learners. For instance, af-
ter incorrectly answering a question (depicted in black), the
student is likely to join a relevant online discussion forum
and follow the high-quality resource suggestions from so-



cial friends as subsequent learning behaviors (depicted in
blue and orange). To substantiate the social homophily phe-
nomenon, we conduct an empirical analysis on real-world
educational datasets from two online learning platforms,
namely, MOOCCubeX (Yu et al. 2021) and MOOPer (Liu
et al. 2021). As shown in Figure 1(b), students with social
ties (i.e., social pairs) demonstrate significantly higher be-
havioral overlap than their isolated counterparts, i.e., stu-
dents without social connections. More precisely, analyzing
from 1-gram to 3-gram behavior subsequences of MOOPer
shows that higher behavioral overlap ratios consistently exist
among socially-tied students. Therefore, social homophily
modeling is essential for developing a holistic understanding
of learning motivations of students to enhance educational
recommender systems.

Social homophily modeling has been studied in social rec-
ommendation (Tang, Hu, and Liu 2013), which exploits so-
cial relations among users. Despite substantial progress in
social recommendation, we identify two critical challenges
in adapting it to the education domain. First, the absence
and sparsity of predefined social relations make it non-trivial
to extract and represent social homophily in online educa-
tion. Unlike explicit groups (e.g., classes or teams) preva-
lent in offline education environments (Liu et al. 2023; Yu
et al. 2024) or readily available social networks in other
domains (Sharma et al. 2024), online education typically
lacks well-labeled social connections, or the connections are
sparse, rendering it highly susceptible to the over-smoothing
problem (Chen et al. 2020). Second, social homophily and
cognitive homophily (reflected from learning activities, such
as video-watching and question-answering), as two inter-
twined drivers of learning behaviors, are deeply coupled
within behavioral data. To handle the intricate intertwining,
semantic disentanglement is necessary to derive informative
learner representations of different views.

To tackle the aforementioned challenges, we propose a
novel graph-based educational recommendation framework,
namely EdGCL, that explicitly disentangles social-view and
cognitive-view homophily modeling. From the social view,
EdGCL draws on learners’ social behaviors, e.g, discus-
sion forum co-occurrence, to infer implicit social relations.
A graph transformer module is adopted to encode the ho-
mogeneous social graph, aggregating individual-level and
community-level representations. From the cognitive view,
EdGCL constructs a heterogeneous learning graph among
learners and learning resources, such as courses, videos
and questions. To adapt graph transformer to heterogeneous
graph, we modify it by designing a heterogeneous tokenizer
and a type-aware neighborhood aggregator. Furthermore, to
clearly distinguish the dual-view homophily, we design a
cross-view contrastive disentanglement mechanism to re-
fine the view-specific representations. In addition, two auxil-
iary tasks, social link prediction and cognitive diagnosis, are
added to guarantee the capacity of mining social strengths
and knowledge proficiency, respectively.

Our main contributions are summarized as follows:

* We emphasize the importance of both social and cogni-
tive homophily modeling for understanding motivations
behind learning behaviors. To the best of our knowledge,
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our work is the first to consider social homophily model-
ing in educational recommender systems.

We effectively decouple learning motivations with dual-
view homophily modeling using graph transformers, and
design a cross-view contrastive disentanglement mecha-
nism and a multi-task training scheme to precisely refine
social-view and cognitive-view representations.

We conduct extensive experiments on two real-world on-
line education datasets. Experimental results show the
superior performance of EAGCL over comparative mod-
els. The ablation and visualization analysis further veri-
fies the effectiveness of our disentanglement mechanism.

Problem Definition

In online educational platforms, let V,, = {u;}; be a set
of students and V, = {r; ;Vil be the set of heterogeneous
learning resources, e.g., courses, videos and questions. Stu-
dents’ behaviors can be broadly divided into two categories:

Definition 1 (Learning Behaviors). For a student u, the
learning behaviors are denoted as {13, 1%, ..., [}* }, where each
term [} = (74, ¢y, t) represents that the student u has learned
the recourse r; of the type c; at the time ¢.

Definition 2 (Social Behaviors). Besides interactions with
resources, social ties or social activities also exist among
students, e.g., discussing on forums, studying in groups.
For a student wu, the social behaviors are denoted as
{s¥, Y, ..., s}, where each term s¥ (ug,t) represents
that a social activity occurs among w and wu, at the time ¢.

Problem Statement. Given learning behaviors {I¥,1%, ...,
13} and social behaviors {s{, s%, ..., si"} of the student u, the
goal is to predict the likelihood g, that u prefers to learn
each unobserved resource r, and generate a top-k resource
list that v will be most likely to learn.

Method

As illustrated in Figure 2, we present the details of our
proposed EAGCL approach, which mainly consists of three
components: (1) Behavior-driven graph construction mod-
ule, which leverages both social and learning behaviors of
students to establish corresponding graph structures. (2)
Dual-view homophily modeling module, which adopts ad-
vanced graph transformers to mine high-order homophily
from both social and cognitive views, respectively. (3)
Cross-view disentanglement module, which explicitly de-
couples dual views via an auxiliary cognitive diagnosis task
and a social link prediction task, and implicitly enhances se-
mantic disentanglement by designing cross-view contrastive
training loss. By fusing dual-view learner representations,
top-k recommendation lists of candidate educational re-
sources will be generated via estimated preference scores.

Behavior-Driven Graph Construction

The core foundation of graph-based recommendation lies in
the accurate and meaningful graph structure among users
and items. To effectively discern multifaceted learning mo-
tivations, we convert student behaviors into a homogeneous
social graph and a heterogeneous learning graph, providing
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Figure 2: The overall architecture of EAGCL. Both social graph and learning graph are constructed for dual-view homophily
modeling. The cross-view disentanglement module enhances semantical representation disentanglement across dual views.

distinct signals of social and cognitive views for subsequent
homophily modeling and disentangling.

Homogeneous Social Graph. The social graph is for-
mally defined as G, = {V,, &, As}, where V,, = {u;}¥,
represents the set of student nodes, and £ C V,, x V,, de-
notes the set of social edges connecting them. Each entry
in adjacency matrix A (i, j) signifies either an explicit so-
cial tie (e.g., membership in study groups) or an implicit so-
cial relation inferred from behavioral signals, such as co-
participation in discussion forums. For example, if students
u; and u; frequently participate in discussions on the same
question, their social connection strengths will be enhanced.

Heterogeneous Learning Graph. To encode diverse
learning behaviors with different types of resources, a
heterogeneous learning graph is constructed as G
WV, &, A, R}, where V = V,, UV, denotes the union set of
student nodes and resource nodes, and &; denotes the set of
student-resource interaction relations. To clearly represent
node heterogeneity, each node v € V is attached with a type
mapping function ¢(v) : V — R, with R; being the set of
node types (e.g., student, course, video and question). The
weighted adjacency matrix 4; encodes normalized interac-
tion frequencies, with each entry reflecting the cognitive en-
gagement intensity between student u; and resource 7.

Dual-view Homophily Modeling

To model the homophily among similar students, effectively
aggregating information from high-order neighbors via a
powerful graph representation learning module is crucial.
On the one hand, the inherently sparse structure of educa-
tional social networks heightens vulnerability to the over-
smoothing problem during deep message propagation. On
the other hand, the heterogeneous node and relation types in
the learning graph introduce distinct semantics across dif-
ferent types of learning resources. To address these two is-
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sues, we adopt graph transformers as our foundational ho-
mophily modeling module, which inherently enhances ro-
bustness against over-smoothing via attentive multi-hop ag-
gregation. We further adapt the multi-hop tokenizer to ac-
commodate the heterogeneous node types within each hop.

Multi-hop Tokenizer. To utilize graph transformers, hop-
level tokenization is a critical step that converts graph-
structured data into sequential multi-hop tokens suitable for
Transformer-based architectures. Formally, following prior
works (Ying et al. 2021; Chen et al. 2023), we incorpo-
rate the Laplacian positional embeddings derived from two
graphs, denoted as Pg ,Pg, € RY*% (o encode node
structural information. Then, attribute matrix X € RN xd2
is concatenated to obtain initial node representations:

Xg, = X||Pg., Xg, = X||Pg,. (1)

Next, a hop-level token sequence is constructed via a
multi-hop propagation process to capture high-order dense
subgraph structures. With the homogeneous social graph, for
each central student node u € G, we recursively aggregate
its k-hop neighbors in a layer-wise manner, as follows:

>

neN (u;Gs

sk

k+1
Xns

u

)~( =

S )
, VD.D,
where N(u;G,) denotes the neighbors of u in G,, and
ﬁ is a symmetric normalization term based on de-
grees. By repeating this process up to K times, we ob-
tain the hop-level token sequences of all nodes, denoted as
Sg. = {X9 X} .- XK} e RN*(E+Dxd Here, XY
is the individual-level representations of all central nodes
themselves, and ng increasingly encodes broader struc-
tural contexts from their k-hop neighbors in the social graph.

To discern semantical differences across learning behav-
iors with heterogeneous resources, we modify the tokenizer



with type-aware neighborhood aggregation by grouping k-
hop neighbors by different node types to form (k,t)-hop
neighbors. Then, multi-hop propagation process of the learn-
ing graph G; can be adaptively conducted as follows:

X = Z Vi
u(j)(n -

~k+1 ~

xith= D e Kyl

¢(n)€Rl

where oy (,) is achieved via type-aware attention mech-
anism. Finally, the hop-level token sequence of learning

graph G, is obtained as Sg, = {X$ , X} ,--- XK1

Transformer Encoder. After tokenizing graph data into
hop-level token sequences, we apply transformer encoders
with the same structures to learn social-view and cognitive-
view representations, respectively. Formally, taking the so-
cial view as an example, we linearly transform the input to-
ken sequences into H% = Sg, W, and then stack multi-
ple transformer layers of Multi-Head Attention (MHA) and
Feed Forward Network (FFN) as follows:

H{™) = MHA(LN(HY ) + HY, @
HY Y = FEN(LNEG ) + B,

where LN denotes layer normalization. After stacking L lay-
ers, we can obtain Hf = {Hé;o, e ,Hé;K} from social
graph G,. Meanwhile, H = {Hél’o, e ,Hé’K} can also
be similarly obtained from learning graph G;

Overall, for a given student u, we take the center node to-
ken as its individual-level representations and aggregate re-
maining neighborhood tokens into its community-level rep-
resentations via attentive readout as fOIIOWS'

ei,ind HL 0[ u com Z Qg - HL g ]
Q)
eg,ind H [ u com Z A - HL b ]

Cross-view Disentanglement

We further design a cross-view disentanglement module
which refines representations in Eq.(5) to extract view-
specific representations while suppressing irrelevant or over-
lapping information. Both explicit multi-task driven disen-
tanglement and implicit contrastive disentanglement are de-
signed to jointly ensure the decoupling effect.

Multi-task Driven Disentanglement. To explicitly super-
vise the disentanglement process, one feasible way is to at-
tach representations to corresponding downstream tasks and
perform multi-task learning. For enriching social-view rep-
resentations, social link prediction task is suitable to exclu-
sively focus on extracting social- side semantics. Therefore,
we additionally refine e .ina and eu com Via an auxiliary so-
cial link prediction loss, which is defined as follows:

Lsip =— g / )BCELoss(yui,uj,.Fs(e;f ,ei_))7
Uij,Uj
(6)
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where e, = [ef . 4 and Fg can be any link pre-

diction function. gy, ., € {0, 1} indicates whether the social
relation among the given student pair exists or not.

For enriching cognitive-view representations, we resort to
the cognitive diagnosis task (Shen et al. 2024), specifically
designed to diagnose students’ knowledge mastery based on
learning behaviors With responses i.e., correctness or incor-
rectness. Formally, e €y ing and eu com, are combined to pre-
dict the performance on question- typed resources:

€3 com]

c

Lep=— Y BCELosS(yu,.r,, Fo(eS, —ef)), (D)
(UL',T‘Q)
where e, =[S, ,ll€€ ... and e is the question rep-

resentation obtained from learning graph transformer. Not-
ing that the input of cognitive diagnosis function ¢ is com-
monly modeled as e§ — e, measuring the gap between

question difficulty and students’ cognitive level.

Disentangled Contrastive Learning. The disentangle-
ment effect of the aforementioned auxiliary tasks heavily
relies on the quality of supervision signals, leading to limita-
tions in situations where low-quality social labels or sparse
question-answering behaviors are provided. To get rid of
over-reliance on supervision signals, we propose to utilize
self-supervised learning (SSL) (Jing et al. 2023) to achieve
implicit yet effective representation disentanglement.
Specifically, we adopt the mutual information (MI) regu-
larization mechanism to construct contrastive learning opti-
mization objectives. The core idea is to select positive pairs
whose MI should be maximized and negative pairs whose
MI should be minimized. Specifically, we assign intra-view
positive pairs as mutual information maximization terms to
maintain semantical consistency within each view. In con-
trast, we assign cross-view negative pairs as mutual infor-
mation minimization terms to ensure semantical distinctive-
ness across views. As shown in Figure 2, given two student
u; and u, their individual-level and community-level repre-
sentations constitute the following contrastive pairs:

S S C C
M‘[:izlam = {(eui,ind7 eui,com)’ (eui,ind7 eui,com)} ’
S C S C
Ml::zlzn = {(eu,,ind’ eu, ,L’nd)? (eui,cmm eui,com)} ’
S c ®)
U, (em ind> u],znd) (eui,com’ er,com)
M‘vavnj = c S .
(eul ind’ u],znd) (eui,com7 er,com)

Then, our cross-view contrastive optimization objective
based on InfoNCE (Hjelm et al. 2018) is defined as follows:

_ 5" s €2 £ (P0S)/7)
for = ZV 5 g 2D f (neg) /7)’

where f(-) is a function measuring the mutual information
contained in representations, for which we adopt cosine sim-
ilarity. 7 is a softmax temperature hyperparameter. Here, pos
and neg denote the positive and negative pairs drawn from
MY, and {MI |J Zuj MI'" Y, respectively.
Through the cross-view disentanglement module, disen-

tangled social-view and cognitive-view representations are

—log



obtained. To make a comprehensive recommendation deci-
sion, EAGCL adaptively fuses representations to get holistic
student and resource representations, as follows:

s _ S S S S
€, =9 'eu,ind+(1_g )'eu,conw

ezCLj = gC : eg’,ind + (1 - gC) : eg,comv (10)
€y = Hu(eiveg)aer = HT(e9)7

where ¢° and ¢ are learnable fusion gates, and ., H,
are the student encoder and resource encoder. We employ
the dot-product to forecast 4, , = €] - e, and adopt the
Bayesian Personalized Ranking (BPR) loss to encourage a
higher prediction than a sampled unobserved counterpart:

>

(u,rt,r—)eO

‘CREC' = —1In O-(zgu,rJr - gu,r*) + /\”@”27
an
where O = {(u, 7", r7)|(u,7") € YT, (u,r”) € Y}
is the pair-style samples, Y, Y~ denotes the positive and
unobserved interactions, respectively. A controls the Lo reg-
ularization strength to prevent over-fitting.
Overall, the total joint loss function is defined as follows:

L=Lrrpc+a-Lep+B-Lsip+7v-Lon, (12)

where «, (3, and y are hyperparameters that control the con-
tributions of different disentanglement components.

Performance Evaluation
Experiential Settings

Datasets and Evaluation Metrics. We conduct exper-
iments on two real-world educational datasets, MOOC-
CubeX (Yu et al. 2021) and MOOPer (Liu et al. 2021),
because they contain both learning and social behaviors of
students. We filter out students with fewer than 5 learning
behaviors and retain only those who engage in both types
of behaviors. After that, we split the learning sequences into
training, validation, and testing sets in a ratio of 6:2:2. Fo-
cusing on item ranking, we adopt Recall@K, NDCG@K
and MRR as the evaluation metrics, where K is set to 5
and 10 following the conventions. In line with recent stud-
ies (Yang et al. 2024b,a), we use an all-ranking protocol
that ranks each positive item with all non-interacted items.
Dataset statistics are summarized in Table 1.

Dataset | MOOCCubeX | MOOPer
Students 10,893 6,057
Resources 66,891 3,784
Social Edges 3,589,654 1,316,667
Social Graph Density 3.03% 3.59%
Learning Edges 2,150,392 422,602
Learning Graph Density 0.29% 1.63%
Avg. Learning Sequence Length | 191 | 68

Table 1: Statistics of datasets.
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Comparative Methods. We compare EdGCL with 10
representative recommendation models: KGCL (Yang et al.
2022), KGRec (Yang et al. 2023), ACKRec (Gong et al.
2020), GCARec (Yu et al. 2023), CL-KCRec (Gu et al.
2024), DSL (Wang, Xia, and Huang 2023), RecDiff (Li, Xia,
and Huang 2024), HGSR (Yang et al. 2024b), HDSR (Hu
et al. 2025), TALLRec (Bao et al. 2023). The first two are
general GNN-based recommendation models, the next three
are educational recommendation models using graphs, the
following four are recent social recommendation models us-
ing graphs, and the last one is an LLM-based recommen-
dation model, where we select DeepSeek-R 1-Distill-Qwen-
7B (Guo et al. 2025) as the backbone LLM.

Implementation Details. The EAGCL model is imple-
mented in PyTorch and optimized using the Adam optimizer.
The learning rate is set to 1le~3 with a weight decay of 1le=>
for MOOPer and le~" for MOOCCubeX. The hop length
K, defining the graph neighborhood range, is set to 4 for
MOOCCubeX and to 5 for MOOPer. The node feature di-
mensions are set to 128 for MOOPer and 64 for MOOC-
CubeX, and we use the 15 eigenvectors of the Laplacian
matrix as the positional encodings, which are fed into a 3-
layer Transformer encoder. For auxiliary tasks, we conduct a
grid search on the loss weights and set «, 3, 7y to 0.01, 0.01,
5e¢~° for MOOCCubeX and 0.05, 0.1, 1le=* for MOOPer.
The temperature in contrastive learning is set to 0.05. The
temperature of DeepSeek is set to 0.1. All experiments are
conducted on an NVIDIA A800 GPU with 80GB memory.

Overall Performance

Table 2 presents the overall performance comparison be-
tween EAGCL and comparative baselines. All Results are
averaged over 4 runs with different random seeds. We de-
rive the following observations: (1) EQAGCL consistently out-
performs all baselines across all metrics. Compared with
the best-performing baselines (underlined), it achieves sig-
nificant improvements on both datasets for all metrics. (2)
Compared to the first two general graph-based recommen-
dation methods and the next three graph-based educational
recommendation methods, EAGCL explicitly incorporates
social behaviors to enrich student semantic representations,
enabling better capturing of peer influence that is critical
in educational settings. (3) Compared to the following four
graph-based social recommendation methods, EdAGCL lever-
ages Graph Transformer to more effectively capture high-
order homophily patterns in both cognitive and social views.
(4) TALLRec performs generally worse than other base-
lines, indicating that LLMs do not necessarily adapt well
to specific tasks like recommendation. In summary, EdAGCL
achieves the new SOTA performance by disentangling social
and cognitive homophily.

Ablation Study

To better understand the contribution of each component in
EdGCL, we conduct ablation studies from two perspectives:
modeling components and disentanglement objectives.

Modeling Perspective. We first analyze the effectiveness
of the core modeling components in EAGCL by design-



Model | MOOCCubeX ‘ MOOPer

| Recall @5 |Recall@ 10| NDCG@5|NDCG@10| MRR | Recall @5 |Recall@ 10| NDCG@5|NDCG@10| MRR
KGCL [2022] 0.2875 0.4816 0.3465 0.4973 0.2591 0.3898 0.5486 0.4093 0.5007 0.2809
KGRec [2023] 0.3259 0.4953 0.3939 0.5468 0.2814 0.4409 0.5479 0.4801 0.5450 0.3469
ACKRec [2020] 0.2757 0.4566 0.3736 0.5057 0.2619 0.4110 0.5215 0.4457 0.5130 0.3025
GCARec [2023] 0.2426 0.4344 0.3663 0.5127 0.2762 0.3889 0.5526 0.3904 0.5161 0.2906
CL-KCRec [2024]| 0.3397 0.5368 0.4141 0.5779 0.2794 0.4358 0.5834 0.4672 0.5531 0.3502
DSL [2023] 0.2781 0.4474 0.3375 0.4813 0.2556 0.3730 0.5019 0.3893 0.4649 0.2741
RecDiff [2024] 0.2917 0.4549 0.3694 0.5242 0.2605 0.4115 0.5499 0.4369 0.5217 0.3013
HGSR [2024] 0.3359 0.5214 0.3928 0.5534 0.2688 0.4312 0.5405 0.4716 0.5392 0.3381
HDSR [2025] 0.3403 0.5391 0.4277 0.5693 0.2865 0.4506 0.5605 0.4824 0.5596 0.3483
TALLRec [2023] | 0.2808 | 04953 | 0.1757 | 02444 | 02020 | 0.2622 | 04891 | 0.1596 | 02319 | 0.1889
EdGCL 0.3596" | 0.5576" | 0.4369 0.5867" 0.3051" | 0.4755* | 0.6136" | 0.5014" 0.5797* 0.3674"

(1 0.0193)| (1 0.0185) (1 0.0092)| (1 0.0088) [(1 0.0186)|(T 0.0249)| (1 0.0302) | (1 0.0190)| (1 0.0201) |(1 0.0172)

Table 2: Recommendation performance comparison between EAGCL and existing models. The best results are bold and the
second-best results are underlined. * indicates significant difference (p-value < 0.01 in the t-test).
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Figure 3: Ablation study from modeling perspectives.

Model | MOOCCubeX | MOOPer
| R@10 [ N@10 | MRR | R@I0 | N@10 | MRR

0.6136 | 0.5797 | 0.3674 | 0.5576 | 0.5867 | 0.3051
0.6023 | 0.5659 | 0.3595 | 0.5507 | 0.5793 | 0.3030
0.5936 | 0.5594 | 0.3538 | 0.5391 | 0.5686 | 0.2939
0.5809 | 0.5435 | 0.3423 | 0.5489 | 0.5790 | 0.3015

EdGCL
w/o CL
w/o SLP
w/o CD

Table 3: Ablation study from disentanglement perspectives.

ing four ablated variants: Base learns unified represen-
tations from a single graph constructed with both learn-
ing and social behaviors. Cog. learns cognitive represen-
tations solely from learning behaviors, without incorporat-
ing social behaviors. Cog.+Hom. extends Cog. by model-
ing individual- and community-level cognitive representa-
tions, but still based only on learning behaviors. Cog.+Soc.
disentangles cognitive and social views without consider-
ing representations at both individual and community lev-
els. The results are shown in Figure 3. EAGCL outperforms
all variants, demonstrating the necessity of jointly modeling
social and cognitive homophily, and that of designing both
individual- and community-level representations.

Disentanglement Perspective. We further assess the im-
pact of different disentanglement objectives by removing
each one individually: w/o CL removes the cross-view con-
trastive loss, w/o SLP removes the social link prediction
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Figure 4: Varying the hop length K.

loss, and w/o CD removes the cognitive diagnosis loss. As
shown in Table 3, removing any of the objectives leads
to performance degradation across all metrics, confirming
the complementary role of each disentanglement constraint.
Notably, removing cognitive diagnosis leads to the largest
degradation on MOOCCubeX, while removing social link
prediction leads to the largest degradation on MOOPer. The
results validate the effectiveness of disentanglement effects.

Hyperparameter Analysis

Impact of Hop Length. The hop length K defines the
neighborhood range in the graph. Although larger K en-
ables the model to capture higher-order structural signals,
conventional GNN-based models typically limit K to 2 or 3
due to over-smoothing, where node representations become
indistinguishable (Chen et al. 2020). In contrast, EdGCL
leverages Graph Transformer to aggregate community-level
representations from multi-hop sequences, effectively alle-
viating over-smoothing. As shown in Figure 4, we observe
that EdAGCL achieves the best performance for K = 4 on
MOOCCubeX and K = 5 on MOOPer.

Impact of Loss Weights. Figure 5 illustrates the results of
varying the loss weights of three auxiliary tasks: a for cog-
nitive diagnosis, ( for social link prediction, and -y for cross-
view contrastive learning. We perform a grid search for each
weight. As shown in the figure, moderate weight values lead
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Figure 6: The t-SNE visualization of student representations.

to the best results. Specifically, EAGCL achieves the best
performance with « = 0.01, 8 = 0.01, and v = 5e~% on
MOOCCubeX, and with « = 0.05, 5 = 0.1, and v = le*
on MOOPer. These results highlight the importance of bal-
ancing the influence of each objective.

Case Study

To demonstrate the effectiveness of EdGCL in capturing ho-
mophily influence in both learning and social behaviors, we
examine two pairs of students with social ties. As shown in
Figure 6, the pair (5729,.53572) exhibits high overlap in
learning behaviors, while (53536, S3766) shows low over-
lap. But, S3536 and S3766 frequently interact with each
other in the discussion forum. We visualize the student rep-
resentations learned by the two best baselines CL_KCRec
and HDSR as well as EAGCL using t-SNE. All models po-
sition S729 and S3572 very close, indicating their ability to
capture the cognitive homophily in learning behaviors. How-
ever, only EAGCL positions 53536 and S3766 in a close
distance, while the other models fail to position them close.
This indicates that EAGCL effectively captures both social
and cognitive homophily in learning and social behaviors.

Related Work
Graph-Based Educational Recommender Systems

Educational Recommender systems have attracted much at-
tention (Da Silva et al. 2023), among which graph-based
methods have been extensively studied (Wang et al. 2023;
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Zhang et al. 2023; Gong et al. 2023). For example, Gong
et al. (2020) construct a heterogeneous information network
(HIN) consisting of entities such as students, videos and
knowledge concepts, and use the meta-paths of the HIN to
guide the propagation of students’ preferences. Wang et al.
(2022) propose a hyperedge-based graph neural network to
model students’ relationships and use a modified graph at-
tention network to learn course representations for recom-
mendation. Guan et al. (2023) construct a knowledge graph
for exercise recommendation while providing recommenda-
tion reasons. Wang et al. (2023) propose a graph-enhanced
multi-objective method for computerized adaptive testing,
ensuring concept diversity and question exposure control.
Gu et al. (2024) utilize a relation-updated graph convolu-
tional network and a stacked multi-channel graph neural net-
work to model the explicit and implicit relations in the HIN
for recommendation. The above methods have not consid-
ered the social homophily among students.

Social Recommendation

Social Recommendation improves traditional recommender
systems by exploiting social relations among users (Tang,
Hu, and Liu 2013). Recent studies have widely leveraged
graph neural networks for social recommendation (Fan et al.
2019; Yang et al. 2024a; Sharma et al. 2024). For instance,
Huang et al. (2021) jointly inject the inter-dependent knowl-
edge across items and users into recommendations, enabling
global graph structure awareness. Wang, Xia, and Huang
(2023) learn graph neural relations from both interaction
and social views, and alleviate the noisy effects of transfer-
ring social knowledge into interaction modeling. Xia et al.
(2023) design a disentangled graph neural network to main-
tain factorized representations for heterogeneous types of
user and item connections. Yang et al. (2024b) exploit so-
cial structure with hyperbolic social embedding pre-training
and treat the embeddings as additional features to learn user
preference. Hu et al. (2025) introduce a hierarchical denois-
ing method to tackle both intra-domain noise resulting from
social trust relationships and inter-domain noise stemming
from the entanglement of the latent factors over heteroge-
neous relations. To the best of our knowledge, we are the
first to explicitly model social relations for educational rec-
ommender systems.

Conclusion

In this paper, we introduce EdAGCL, a novel graph-based
educational recommendation framework that explicitly dis-
entangles social and cognitive homophily to enhance per-
sonalized learning experiences in online education plat-
forms. EAGCL adopts graph transformers to enhance ro-
bust representation learning via attentive multi-hop aggre-
gation and designs a cross-view contrastive disentanglement
mechanism to push social-view representations away from
cognitive-view representations, respectively. Experimental
results on two large-scale real-world educational datasets
demonstrate that EAGCL significantly outperforms state-of-
the-art baselines across various evaluation metrics. In the fu-
ture, we plan to extend the current study by investigating
learning communities formed by social relations.
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