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With the proliferation of online English learning platforms, the information overload problem has become
increasingly prominent, making personalized learning resource recommendation a critical research direction.
Existing methods often fail to effectively model the complex topological correlations in English learning
scenarios and cannot capture learners’ spatio-temporal interest evolution at multiple granularities. To address
these issues, this paper proposes a Dual-Graph Attention Network-based Spatio-Temporal Multi-Granularity
Interest (DGAT-STMGI) model for English learning resources recommendation. The model constructs two
heterogeneous graphs: a Learning Resource Semantic Graph (LRSG) depicting knowledge correlations among
resources and a Learner Behavior Interaction Graph (LBIG) representing dynamic interaction patterns between
learners and resources. We design a dual-graph attention mechanism to adaptively aggregate semantic and
behavioral features, enabling fine-grained feature fusion. Furthermore, we propose a spatio-temporal multi-
granularity interest encoding module that captures short-term, medium-term, and long-term interest dynamics
across temporal scales while integrating spatial topological dependencies. Extensive experiments on two
real-world English learning datasets demonstrate that DGAT-STMGI significantly outperforms state-of-the-art
recommendation methods in terms of Recall, NDCG, and MAP metrics, with maximum improvements of 8.73%,
7.62%, and 6.94% respectively, validating its effectiveness and superiority.
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1. Introduction

The rapid development of online education technology has
led to an explosive growth in the scale of English learning
resources. Massive open online courses (MOOCs), intel-
ligent learning applications, and digital libraries provide
learners with abundant choices, but also bring severe in-
formation overload [1, 2]. Learners struggle to efficiently
find resources that match their personalized needs from
the vast resource pool, which significantly reduces learning
efficiency and experience. Therefore, developing an accu-
rate and efficient personalized English learning resource

recommendation system is of great practical significance
for optimizing resource allocation and improving learning
outcomes [3].

Early learning resource recommendation methods were
dominated by collaborative filtering and content-based ap-
proaches. Wu et al. [4] applied matrix factorization to
MOOC recommendation, alleviating data sparsity to some
extent but still lacking in capturing deep features. Content-
based methods extract resource features (e.g., difficulty,
knowledge points) and match them with learner profiles,
but rely heavily on manual feature design [5].

With the rise of deep learning, neural network-based
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methods have become mainstream. Chen et al. [6] pro-
posed a GCN-based model for college English course rec-
ommendation, utilizing graph structure to model course
correlations. However, it only considered a single graph
and lacks temporal modeling. Sequential recommenders
like GRU4Rec [7] and BERT4Rec [8] model temporal inter-
est evolution but ignore structural information. Recent het-
erogeneous graph-based methods model complex learning
relationships but fail to integrate multi-granularity tempo-
ral dynamics.

Traditional recommendation methods, such as collabo-
rative filtering (CF) and content-based filtering [9, 10], have
been widely applied in learning recommendation scenarios.
However, CF methods suffer from severe data sparsity and
cold-start problems, especially in English learning where
learner interaction data is often sparse. Content-based
methods rely heavily on manual feature engineering and
cannot capture deep semantic correlations between learn-
ing resources. In recent years, deep learning-based recom-
mendation models, especially Recurrent Neural Networks
(RNN) and Transformer-based sequential recommenders,
have achieved certain success in modeling temporal inter-
est evolution [11, 12]. Nevertheless, these methods still
have two critical limitations when applied to English learn-

ing resource recommendation.

First, they ignore the complex topological structure
and semantic relationships inherent in English learning
resources. English learning resources (e.g., vocabulary, lis-
tening materials, reading passages, grammar exercises) are
not isolated but form a complex heterogeneous network
with rich semantic correlations (e.g., "vocabulary is con-
tained in reading passage", "listening material is related
to grammar point"). Traditional sequential models fail to
effectively utilize this structural information, leading to

insufficient feature representation.

Second, existing methods lack the ability to model
learner interests at spatio-temporal multi-granularities. On
one hand, learner interests evolve dynamically over time,
showing different patterns at short-term (recent sessions),
medium-term (recent weeks), and long-term (historical
learning) scales. On the other hand, interests are spatially
distributed across different knowledge modules (vocabu-
lary, listening, reading, writing) and resource granularities
(word, sentence, passage, course) [13, 14]. Most current
models only model temporal sequences at a single granu-
larity, failing to capture the multi-faceted nature of learner
interests.

To overcome the aforementioned limitations, this
paper proposes the Dual-Graph Attention Network-
based Spatio-Temporal Multi-Granularity Interest (DGAT-

STMGI) model for English learning resources recommenda-
tion. The main contributions of this paper are summarized
as follows:

(1) We propose a dual-graph architecture specifically de-
signed for English learning scenarios, constructing a Learn-
ing Resource Semantic Graph (LRSG) and a Learner Behav-
ior Interaction Graph (LBIG) to comprehensively model se-
mantic correlations among resources and dynamic learner-
resource interactions.

(2) We design a novel Dual-Graph Attention (DGA) mecha-
nism that performs adaptive feature aggregation on both
graphs simultaneously, enabling the model to capture
both semantic dependencies and behavioral patterns while
learning the importance of different graph structures.

(8) We develop a Spatio-Temporal Multi-Granularity In-
terest (STMGI) encoder that integrates temporal multi-
granularity (short/medium/long-term) interest modeling
with spatial topological feature fusion, achieving compre-
hensive and accurate learner interest representation.

(4) We conduct extensive experiments on two real-world
English learning datasets. The results demonstrate that our
model consistently outperforms state-of-the-art baseline
methods, validating its effectiveness and superiority.

2. Materials and methods

Graph Attention Networks (GAT) [15] introduce the at-
tention mechanism into graph neural networks, allowing
nodes to adaptively weight neighbor features. The core
GAT computation is defined as:

exp (LeakyReLU (uT [WhiHWh]'] ))

"I = Frox oxp (LeakyReLU (a (Whi[Whg)))
h: =0 Z (Xl]Wh] (2)
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Where h; denotes the feature of node i. W is a weight
matrix. 4 is the attention vector. N (i) is the neighbor set of
node i, and ¢ is an activation function. Subsequent works
extended GAT to dual-graph or multi-graph scenarios. For
example, GE2AT uses dual graph attention to model user
social and check-in graphs. However, these dual-graph
models are not tailored for English learning and lack spatio-
temporal multi-granularity modeling.

2.1. Problem Definition

Definition 1. Learning Resource Semantic Graph (LRSG).
We define a heterogeneous graph Gs = (Vs, &) where Vs =
V; U Vg includes resource nodes V; and knowledge point
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nodes Vg - & denotes semantic edges, including resource-
contains-knowledge and knowledge-related-to-knowledge
relationships.

Definition 2. Learner Behavior Interaction Graph (LBIG).
We define a heterogeneous graph G, = (V;, &) where V), =
VYV, UV, includes learner nodes V,, and resource nodes V;.&;,
denotes interaction edges with timestamps, representing
learner-interacts-with-resource behaviors (e.g., click, learn,
collect).

Problem Statement. Given the dual graphs Gs and G,
our goal is to learn a function f(u,r) that predicts the pref-
erence score of learner u for resource r, and recommend
top- N resources with the highest scores to u.

The overall architecture of DGAT-STMGI is illustrated
in Fig. 1. It consists of four main components: (1) Dual-
Graph Construction, (2) Dual-Graph Attention Encoder, (3)
Spatio-Temporal Multi-Granularity Interest Encoder, and

(4) Prediction Layer.
Graph Attention Spatio-Temporal
Data input Network (DGATS Modeling (STMG ) Output Prediction
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Fig. 1. Proposed DGAT-STMGI

2.2. Dual-Graph Attention Encoder

For LRSG Gs, we perform graph attention to capture seman-
tic correlations between resources and knowledge points.
The semantic attention coefficient vcls.]. is computed as:

¢}, = LeakyReLU (asT {wshf | wsh;D 3)

v - P )
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Where F is the initial feature of node i in LRSG. W and
al are learnable parameters, and N5 (i) is the neighbor set
of node 7 in LRSG.

The semantic-aware node embedding is obtained by
aggregating neighbors:

z=0 Z txf]«Wsh]S' (5)
JENS(i)

For LBIG G, we incorporate time-aware graph attention
to model dynamic interactions. The behavioral attention

coefficient oc?j considers both structural and temporal fac-

tors:

ef’i = LeakyReLU (ag [th?
b exp (ef?j)
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Where 7j; is the time decay factor of interaction between
i and j.w is the time weight vector. W), a] are learnable
parameters.

The behavior-aware node embedding is:

zf’ =0 E vcf’]-th? 8)
JEN, (i)

We fuse semantic and behavioral embeddings via a fu-
sion attention mechanism to learn their importance:
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Where wa is the fusion weight vector, and z; is the fused
dual-graph embedding.

2.3. Spatio-Temporal Multi-Granularity Interest Encoder

We divide learner interaction sequences into three temporal
granularities:

Short-term (ST): Recent 5-10 interactions, capturing im-
mediate interest.

Medium-term (MT): Last 1-4 weeks” interactions, cap-
turing recent trends.

Long-term (LT): All historical interactions, capturing
stable preferences.

For each granularity ¢ € {ST, MT, LT}, we use a multi-
head self-attention layer to encode temporal dependencies:

QgK{
exp | 7

A= — L 11
PQ |Sg| QgKgT ( )
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Where S is the sequence of granularity g - Qg, K¢, Vg
are query/key/value matrices. h is the number of heads,
and W, is the output projection.

We fuse multi-granularity temporal features with dual-
graph spatial features via a gated fusion unit:
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Where I, denotes the final spatio-temporal multi-
granularity interest embedding of learner u.g,, is the fusion
gate, and Wg, W1, W3, by are parameters.

2.4. Prediction Layer

After obtaining the comprehensive spatio-temporal multi-
granularity interest embedding I, of learner u and the
fused dual-graph embedding z, of learning resource r, the
prediction layer is designed to estimate the personalized
preference score that quantifies the degree of matching
between the learner’s interest characteristics and the re-
source’s semantic and behavioral attributes. This layer
serves as the final mapping function that transforms high-
dimensional latent representations into a scalar prediction
value, which is further used to rank candidate resources
and generate the top- N recommendation list for each
learner.

First, to measure the relevance between learner embed-
ding and resource embedding, we adopt the inner product
operation as the core scoring mechanism. Inner product
is widely utilized in recommendation systems due to its
efficiency in capturing feature correlation and its compat-
ibility with graph-based embedding spaces. It computes
the similarity between the learner’s spatio-temporal in-
terest distribution and the resource’s dual-graph feature
distribution by projecting the resource embedding onto the
learner’s interest vector space. The raw matching score

before activation is calculated as:

Jur = o (1) (15)

Where I7 denotes the transpose of the learner’s final
embedding, and z, represents the fused dual-graph embed-
ding of the target resource. This operation aggregates the
contributions of semantic topology, dynamic interaction,
and multi-granularity temporal information into a unified
relevance metric.

To constrain the prediction score within a reasonable
range and enhance the model’s discriminative ability for
binary classification (interaction vs. non-interaction), we
apply the sigmoid activation function ¢ (+) to the raw score.
The sigmoid function maps the unbounded inner product
result to the interval (0,1), where a value closer to 1 indi-
cates a higher likelihood that the learner will interact with

the resource, and a value closer to 0 indicates lower pref-
erence. The final predicted preference score is formulated
as:

1

e 16
1+exp (—Iz) (16)
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This probabilistic interpretation facilitates stable gradi-
ent propagation during model training and aligns with the
implicit feedback assumption in most real-world recom-
mendation scenarios.

For model optimization, we employ the binary cross-
entropy loss function tailored for implicit feedback data,
which is the dominant data type in online English learn-
ing platforms. Unlike explicit rating data, implicit feed-
back only records whether a learner has interacted with a
resource (positive sample) and treats unobserved interac-
tions as negative samples. The loss function penalizes in-
correct predictions for both positive and negative instances,
driving the model to assign higher scores to truly relevant
resources and lower scores to irrelevant ones.

Formally, we define D% as the set of observed positive
learner-resource interactions and D~ as the set of sampled
negative interactions. The overall loss L is computed as
the sum of negative log-likelihoods for all positive and
negative samples:

t=- %

(u,r)eD*

log (yur) — Z

(u,r)eD-

log (1 —yuw) (17)

To alleviate the imbalance between positive and neg-
ative samples and improve training efficiency, we adopt
negative sampling during each iteration. For each positive
interaction (u,r), we randomly select a fixed number of
negative resources that the learner u has never interacted
with. This strategy reduces computational overhead while
ensuring the model learns robust decision boundaries.

Furthermore, to enhance the generalization capability
and prevent overfitting, we integrate L2 regularization into
the loss function for all learnable parameters in the model,
including weight matrices in dual-graph attention, multi-
head self-attention, gated fusion units, and projection lay-
ers. The regularized loss is expressed as:

A
£total = £+§ 2 HGH% (18)
0c®

Where © denotes the set of all model parameters, and
A is the regularization coefficient controlling the strength
of weight decay. During training, we minimize the total
loss using the Adam optimizer, which adaptively adjusts
learning rates for different parameters and accelerates con-
vergence.
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After model training is completed, for each learner u,
we compute the preference scores yy, for all candidate re-
sources in the library. We then sort these resources in de-
scending order of their scores and select the top-K resources
with the highest values to form the final personalized rec-
ommendation list. This ranking mechanism ensures that
the recommended resources fully align with the learner’s
short-term urgent needs, medium-term learning trends,
and long-term stable preferences, while simultaneously
considering the semantic correlations and structural depen-
dencies among English learning resources.

The prediction layer’s design effectively integrates the
outputs of all upstream modules, converting complex
spatio-temporal multi-granularity features and dual-graph
topological information into interpretable and actionable
recommendation results. Its lightweight yet powerful struc-
ture ensures both prediction accuracy and computational
efficiency, making the DGAT-STMGI model suitable for
large-scale online English learning resource recommenda-

tion systems.

3. Results and discussion

3.1. Datasets

We conduct experiments on two real-world English learn-
ing datasets. (1) EL-R: Collected from a popular online
English learning platform, containing 12,345 learners, 8,926
resources, and 156,872 interactions. (2) MOOCCube-En:
English subset of MOOCCube dataset, including 28,671
learners, 13,452 resources, and 324,519 interactions. Data
statistics are shown in Table 1.

We compare with the following state-of-the-art mod-
els. (1) MF: Matrix Factorization, traditional collaborative
filtering. (2) GRU4Rec: Gated Recurrent Unit-based se-
quential recommender. (3) BERT4Rec: Transformer-based
sequential recommendation model. (4) GAT: Single graph
attention network [16]. (5) HinCRec: Heterogeneous graph-
based recommendation for learning [17]. (6) DualGAT:
Dual-graph attention model without multi-granularity.

We use three widely adopted ranking metrics. (1) Re-
call@k: Ratio of relevant resources in top-k recommenda-
tions [18]. (2) NDCG@k: Normalized Discounted Cumula-
tive Gain, considering ranking positions [19]. (3) MAP@k:
Mean Average Precision, evaluating overall ranking quality
[20]. We report results at k = 5,10, 20.

3.2. Performance Comparison

DGAT-STMGI consistently outperforms all baseline models
across all evaluation metrics (Recall@k, NDCG@k, MAP@k)
on both the EL-R and MOOCCube-En datasets. The

dual-graph attention architecture combined with spatio-
temporal multi-granularity interest modeling yields sta-
ble and substantial performance gains, especially on the
sparser MOOCCube-En dataset, demonstrating strong ro-
bustness and generalization ability. Table 2 and Table 3
present the performance on EL-R and MOOCCube-En
datasets respectively.

Matrix Factorization (MF) ranks the lowest on both
datasets. It suffers severely from data sparsity and fails to
model semantic correlations among learning resources or
temporal dynamics of learner interests. All deep learning-
based models (sequential models, GNN-based models)
achieve large improvements over MF, verifying the ne-
cessity of representation learning for English learning re-
source recommendation. Sequential models (GRU4Rec,
BERT4Rec) capture temporal interest evolution but ignore
topological structures of resources and learner interactions,
leading to inferior performance compared to GNN-based
methods. GNN-based models (GAT, HinCRec, DualGAT,
DGAT-STMGI) outperform sequential models by a clear
margin, proving that graph structure modeling is critical
for representing complex semantic and behavioral relation-
ships in English learning scenarios.

Single-graph GAT underperforms dual-graph baselines
(DualGAT) because it cannot simultaneously model re-
source semantics and learner behaviors. DualGAT im-
proves over GAT and HinCRec, confirming the value of
dual-heterogeneous-graph design. DGAT-STMGI further
improves upon DualGAT by adding spatio-temporal multi-
granularity encoding, which validates that temporal multi-

scale modeling enhances user interest representation.

3.3. Ablation Study

We conduct ablation experiments to verify the effectiveness
of key components. Results on EL-R dataset (Recall@20,
NDCG@20) are shown in Table 4. w/o LRSG: Remove
Learning Resource Semantic Graph; w/o LBIG: Remove
Learner Behavior Interaction Graph; w/o STG/MTG/LTG:
Remove Short/Medium/Long-Term Granularity.
Ablation results in Table 4 demonstrate that all core
components of DGAT-STMGI contribute significantly to
recommendation performance. Removing either the Learn-
ing Resource Semantic Graph (LRSG) or the Learner Be-
havior Interaction Graph (LBIG) leads to substantial drops
in Recall@20 and NDCG@20, confirming the necessity of
the dual-heterogeneous-graph architecture; notably, perfor-
mance degradation is more severe when excluding LBIG,
indicating that dynamic behavioral interactions play a more
critical role than resource semantic topology in this task.
For the spatio-temporal multi-granularity module, omit-
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Table 1. Statistics of Datasets

Dataset Learners Resources Interactions Density
EL-R 12,345 8,926 156,872 0.142%
MOOCCube-En 28,671 13,452 324,519 0.084%
Table 2. Overall Performance on EL-R Dataset
Model Recall Recall Recall NDCG NDCG NDCG MAP MAP MAP
ode @5 @10 @20 @5 @10 @20 @5 @10 @20
MF 0.1254 0.1876 0.2689 0.1432 0.1654 0.1892 0.1567 0.1789 0.1987
GRU4Rec 0.1872 0.2543 0.3421 0.2015 0.2267 0.2513 0.2145 0.2387 0.2612
BERT4Rec 0.2145 0.2896 0.3874 0.2367 0.2615 0.2893 0.2489 0.2734 0.2976
GAT 0.2367 0.3125 0.4108 0.2589 0.2843 0.3126 0.2712 0.2965 0.3214
HinCRec 0.2589 0.3367 0.4321 0.2813 0.3076 0.3358 0.2934 0.3198 0.3457
DualGAT 0.2765 0.3542 0.4513 0.3002 0.3268 0.3551 0.3127 0.3394 0.3653
DGAT-STMGI 0.3082 0.3915 0.4986 0.3374 0.3658 0.3962 0.3501 0.3786 0.4059
Improvement  +11.5 % +10.5 % +10.5 % +12.4 % +11.9 % +11.6 % +12.0% +11.6 % +11.1%
(a) Impact of Embedding Dimension (b) Impact of Attention Heads
- asb10 05030 e ) Optimal
049 0.4920
& 048 8 % 0.4850
E 047 é 0.48 u.4=uu
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Fig. 2. Parameter sensitivity analysis

ting short-term, medium-term, or long-term temporal gran-
ularity all reduces model effectiveness with long-term gran-
ularity causing the mildest decline and thus representing
the most essential preference signal, followed by medium-
term and short-term granularity. The full DGAT-STMGI
model achieves the best performance, verifying that the
dual-graph attention mechanism and multi-granularity in-
terest encoding are complementary and together enable
comprehensive modeling of semantic structures, dynamic
behaviors, and multi-scale temporal interests for English

learning resource recommendation.

3.4. Parameter Sensitivity

Fig. 2 illustrates the parameter sensitivity experiments of
the DGAT-STMGI model on the EL-R dataset, evaluated
by Recall@20, focusing on two critical hyperparameters:
embedding dimension (d) and number of attention heads
(h). The analysis reveals how these parameters affect model
expressiveness, fitting ability, and recommendation perfor-
mance.

(1) Sensitivity to Embedding Dimension (d) As the em-

bedding dimension increases from 32 to 64, Recall@20 con-
tinuously improves, indicating that higher dimensionality
provides sufficient space to encode complex semantic, be-
havioral, and spatio-temporal features of English learning
resources and learners. When the dimension exceeds 64,
the performance growth gradually slows and stabilizes,
showing no further significant gains. This trend suggests
that 64 dimensions are sufficient to capture full latent infor-
mation; excessively high dimensions introduce redundant
representations and do not enhance expressiveness, while
also increasing computational cost. Thus, d = 64 is iden-
tified as the optimal balance between performance and
efficiency.

(2) Sensitivity to Number of Attention Heads (h)

The model performance rises rapidly as the number of
attention heads increases from 1 to 4 , since multi-head
attention enables the model to capture diverse semantic
dependencies, behavioral patterns, and multi-granularity
temporal relationships simultaneously. When the number
of heads exceeds 4, performance starts to decline slightly,
which is caused by overfitting and increased model com-
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Table 3. Overall Performance on MOOCCube-En Dataset
Model Recall Recall Recall NDCG NDCG NDCG MAP MAP MAP
@5 @10 @20 @5 @10 @20 @5 @10 @20

MF 0.1032 0.1568 0.2315 0.1187 0.1402 0.1654 0.1321 0.1543 0.1768
GRU4Rec 0.1546 0.2213 0.3078 0.1724 0.1987 0.2265 0.1856 0.2103 0.2357
BERT4 Re ¢ 0.1821 0.2547 0.3512 0.2058 0.2326 0.2614 0.2189 0.2453 0.2718
GAT 0.2045 0.2813 0.3769 0.2287 0.2564 0.2857 0.2415 0.2689 0.2963
HinCRec 0.2268 0.3054 0.3987 0.2513 0.2798 0.3096 0.2642 0.2927 0.3205
DualGAT 0.2453 0.3246 0.4195 0.2706 0.2994 0.3298 0.2835 0.3124 0.3408
DGAT-STMGI 0.2865 0.3782 0.4768 0.3127 0.3435 0.3759 0.3258 0.3564 0.3872
Improvement  +16.8 % +16.5 % +13.7 % +15.6 % +14.7 % +13.9 % +149% +141% +13.6%

Table 4. Ablation Study Results

we plan to: (1) incorporate multi-modal features (text, au-
dio, video) of English learning resources; (2) explore dy-
namic graph adaptation to handle evolving learning envi-
ronments; (3) extend the model to cross-domain English

Variant Recall@20 NDCG@20
DGAT-STMGI w/o LRSG 0.4327 0.3465
DGAT-STMGI w /o LBIG 0.4105 0.3289

DGAT-STMGI w /o STG 0.4518 0.3624
DGAT-STMGI w/0o MTG 0.4632 0.3715
DGAT-STMGI w/o LTG 0.4706 0.3798

DGAT-STMGI (Full) 0.4986 0.3962

plexity. Too many attention heads lead to over-specialized
feature learning and unstable training. Therefore, h = 4
achieves the optimal trade-off between representation rich-
ness and generalization ability.
(3) Comprehensive Implications

The parameter sensitivity results confirm that DGAT-
STMGI is robust and stable within a reasonable range of
hyperparameters. The optimal settings (embedding dimen-
sion 64, 4 attention heads) are moderate and computation-
ally efficient, supporting the model’ s practical deployment
in real-world large-scale online English learning systems.
These findings ensure the reproducibility and reliability
of the model’s superior performance reported in previous
experiments.

4. Conclusions

In this paper, we propose DGAT-STMGI, a novel dual-
graph attention network-based model for English learning
resources recommendation that effectively models spatio-
temporal multi-granularity learner interests. The model
constructs dual heterogeneous graphs to capture resource
semantic correlations and learner behavioral interactions,
and employs a dual-graph attention mechanism for adap-
tive feature fusion. Furthermore, it integrates short-term,
medium-term, and long-term temporal interest modeling
with spatial topological feature encoding. Extensive experi-
ments on two real-world datasets demonstrate that DGAT-
STMGI significantly outperforms state-of-the-art methods,
validating its effectiveness and superiority. For future work,

learning recommendation scenarios.
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