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Abstract: Citation recommendation plays a critical role in scholarly information retrieval by

assisting researchers in identifying relevant and influential literature. Existing approaches typically

rely on either textual semantic modeling or graph-based citation analysis, but often fail to jointly

capture semantic relevance, structural dependencies, and temporal dynamics inherent in academic

citation networks. In this paper, we propose SB-TGAT, a context-aware citation recommendation

model that integrates scientific text representations with a Temporal-Aware graph attention

mechanism. Specifically, we employ SciBERT to encode the semantic information of paper

titles and abstracts, and design a Temporal-Aware Graph Attention Network (TGAT) to model

citation relationships while explicitly incorporating temporal decay effects. The Temporal-Aware

attention mechanism dynamically adjusts neighbor contributions according to publication time

differences, enabling the model to balance long-term foundational works and short-term emerging

research. To effectively integrate semantic and structural information, the textual embeddings

and Temporal-Aware graph embeddings are fused through a feature interaction module and

further optimized using a feed-forward neural network. We conduct extensive experiments on

the DBLP-v14 dataset and evaluate the proposed model using standard information retrieval

metrics, including MAP, MRR, and Recall@K. Experimental results demonstrate that SB-TGAT

consistently outperforms strong baseline methods, validating the effectiveness of Temporal-Aware

modeling and semantic–structural fusion for citation recommendation.
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1 Introduction

In recent years, the rapid development of the Internet and big data technologies has
fostered the emergence of new disciplines and the integration of cross-disciplinary
research. This trend has led to an exponential increase in the number of academic
publications, creating a serious information overload problem for researchers who need
to filter and retrieve high-quality and relevant literature. To address this challenge,
citation recommendation has become an important tool in scholarly information retrieval,
enabling researchers to efficiently discover related works.

Traditional recommendation approaches, such as Content-based Filtering (CBF)[Paz-
zani and Billsus 2007] and Collaborative Filtering (CF) [Resnick et al. 1994], have
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achieved certain success in scholarly recommendation. However, these methods still
suffer from limitations in efficiency and accuracy when processing large-scale academic
data. In particular, they often fail to fully exploit the textual content of papers (e.g., titles
and abstracts) and the complex structural relationships among citations. In recent years,
Graph Neural Network (GNN)–based recommendation models [Wang et al. 2018] have
attracted increasing attention due to their ability to integrate multi-source information,
leading to notable progress in academic paper recommendation. Moreover, the introduc-
tion of Knowledge Graphs (KGs) [Wang et al. 2019] has provided structured semantic
representations that facilitate the modeling of relationships among academic entities and
improve recommendation accuracy.

Despite these advances, existing approaches often struggle to jointly capture deep
semantic representations, structural graph information, and temporal dynamics within a
unified framework. As a result, they are limited in their ability to model the temporal
evolution of citation behavior, which plays a crucial role in scholarly writing and literature
review. To address these issues, this study presents a citation recommendation framework
that integrates SciBERT-based semantic representations with a temporal-aware graph
attention mechanism, aiming to jointly model textual relevance, citation structure, and
temporal dynamics.

The main contributions of this work are summarized as follows:
(1) To capture fine-grained semantic information in scientific literature, we employ

SciBERT [Beltagy et al. 2019] to construct contextual text embeddings. Leveraging its
strong capability in representing scientific language, SciBERT provides high-quality
semantic representations of paper titles and abstracts that serve as an effective foundation
for citation recommendation.

(2) To incorporate citation structure and temporal dynamics, we adopt a temporal-
aware extension of graph attention mechanisms to model publication time and citation
evolution within a heterogeneous citation graph. This design enables the model to reflect
the evolving influence of scholarly works while preserving structural dependencies
among papers.

(3) Based on the integrated semantic and graph representations, we conduct systematic
experiments on the publicly available DBLP-v14 [Tang et al. 2008] dataset. The proposed
framework is compared with representative citation recommendation baselines to analyze
the effects of semantic modeling, temporal awareness, and multimodal feature fusion.

Overall, this work focuses on a task-grounded integration of semantic text modeling
and temporal-aware graph learning for citation recommendation. While the proposed
approach is primarily integrative rather than paradigmatic, it provides a clear, well-
documented, and practically meaningful framework for modeling dynamic citation
behavior in large-scale academic networks.

2 Related Work

2.1 Traditional Academic Paper Recommendation Methods

Traditional academic paper recommendation systems primarily adopt collaborative
filtering and content-based filtering techniques.

Collaborative filtering methods compute similarity between users or papers based on
their interaction data (e.g., downloads, browsing, or citations) to generate recommenda-
tions. Bansal et al. [Bansal et al. 2016] modeled the features of academic articles using
gated recurrent units (GRU). Dai et al. [Dai 2018] optimized latent user–paper represen-
tations through joint matrix factorization to rank papers according to user preferences.
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Zhao et al. [Zhao et al. 2020] improved document feature representation by integrating
a latent factor model with a bidirectional gated recurrent unit (Bi-GRU). Li [Li 2018]
employed a BiLSTM network to learn paper text representations and combined it with
matrix factorization to predict users’ implicit feedback. Chen et al. [Chen et al. 2023]
obtained paper title and abstract embeddings through the pre-trained BERT model [De-
vlin et al. 2019] and designed a title–abstract attention mechanism combined with neural
collaborative filtering. Ma et al. [Ma and Zhang 2018] incorporated tag information into
a convolutional neural network to assist feature extraction and improve preference pre-
diction accuracy. Recent advances in deep learning have further enhanced content-based
citation recommendation by enabling more expressive contextual representations. For
example, Wang et al. [Wang et al. 2020] proposed DeepCite, which leverages BERT to
learn semantic representations of scientific papers. By incorporating CNN and BiLSTM
modules, DeepCite captures both local contextual patterns and long-range sequential
dependencies within citation contexts, achieving improved performance in local citation
recommendation tasks.

Although collaborative filtering and its variants have achieved encouraging results
in citation recommendation, they still suffer from several limitations: (1) data sparsity is
widespread; (2) traditional matrix-factorization-based methods struggle to capture rich
information such as textual semantics, temporal evolution, and social relationships; and
(3) they are unable to model the complex academic semantics and temporal dependencies
inherent in citation networks, which restricts scalability and generalization.

On the other hand, content-based filtering approaches model user preferences by ex-
tracting textual features such as paper titles, abstracts, and keywords, and then recommend
papers based on content similarity. Bhagavatula et al. [Bhagavatula et al. 2018] embedded
paper content into a vector space using a feed-forward neural network and selected the
most relevant papers through a discriminative model. Amami et al. [Amami et al. 2016]
combined latent Dirichlet allocation (LDA) to represent papers and authors as vectors and
generated recommendations via similarity computation. Chen [Chen 2017] addressed
the limitations of single-interest user modeling by proposing a frequent-pattern-based
multi-interest scholar model. Li [Li and Tan 2017] employed latent semantic analysis
(LSA) and maximal marginal relevance (MMR) to enhance recommendation diver-
sity and novelty. Xie et al. [Xie et al. 2021] introduced the HSLDA model to realize
cross-domain paper recommendation. Ravi et al. [Ravi et al. 2017] utilized RNN–LSTM
networks to measure the latent semantic similarity between papers and input documents
for context-aware recommendations. Guo et al. [Guo et al. 2020] proposed a title–abstract
attention memory network to capture semantic correlations between titles and abstracts,
thereby improving user interest modeling. Yang et al. [Yang et al. 2019] constructed
an attention-based encoder–decoder (AED) model for local citation recommendation.
Chaudhuri et al. [Chaudhuri et al. 2021] combined LDA and word2vec to build a hybrid
topic model and used an LSTM network to model users’ dynamic intentions. Wang et
al. [Wang et al. 2021] proposed the IDLSTM-EC model to capture temporal intervals
and durations of user behaviors, while Zhang et al. [Zhang et al. 2021] employed an
MLP-based framework to model citation behaviors over different time segments for
time-series-driven citation recommendation.

Although content-based recommendation methods can alleviate the data sparsity
problem inherent in collaborative filtering and effectively exploit textual semantic infor-
mation, they still have notable limitations. Traditional topic models and word embeddings
struggle to capture deep semantic representations and contextual dependencies, while
deep learning models often overlook explicit structural relationships among papers—
such as citation and co-authorship links. Moreover, these models tend to be sensitive



Liu J., Zhang H.: A Citation Recommendation Algorithm Based on SciBERT and ... 1473

to domain shifts and variations in text quality. Therefore, how to effectively integrate
textual semantics with graph structural relationships and construct models that can simul-
taneously capture both semantic associations and temporal characteristics of academic
networks has become an important research direction.

2.2 Graph-Based Academic Paper Recommendation Methods

In recent years, graph-based academic paper recommendation methods have attracted
considerable attention. As a structured knowledge representation, graphs can effectively
model complex relationships among academic entities such as papers, authors, and venues,
as well as their citation and collaboration links. Early approaches such as PageRank
treated node importance in citation networks as the basis for recommendation [Gori
and Pucci 2006], computing candidate paper relevance through biased random walks.
However, homogeneous graphs containing a single type of node fail to capture the diverse
entities and relationships within academic networks.

Heterogeneous Information Networks (HINs) have therefore been widely employed
in scholarly recommendation. By measuring node similarity through meta-paths, HINs
can capture complex semantic relationships among multiple entity types (e.g., paper–
author–venue), as demonstrated by Sun et al. [Sun et al. 2011]. Ren et al. [Ren et al.
2022] regarded citations as nodes rather than edges in a heterogeneous network and
incorporated full-text context to model citation intent. They designed a meta-path-based
random-walk scoring function from author-centric, citation-centric, and venue-centric
perspectives, and used pseudo-relevance feedback (PRF) to expand seed nodes and obtain
global academic information.

Beyondmeta-path-basedmethods, several studies have explored global representation
learning and heterogeneous network embedding for academic recommendation. Dai et
al. [Dai et al. 2021] proposed GRSLA, a global paper recommendation framework
based on an encoder–decoder architecture, which employs multiple neural networks to
learn scalable author and paper embeddings. Although effective in large-scale scenarios,
GRSLAprimarily focuses on static representations and does not explicitlymodel temporal
citation dynamics. Ali et al. [Ali et al. 2022] introduced CR-HBNE, a heterogeneous
bibliographic network embedding model that jointly learns node representations across
multiple entity types. By adopting Node2vec and flexible random-walk strategies, CR-
HBNE addresses cold-start and data sparsity issues while capturing diverse neighbor
interactions and researcher preferences. However, its reliance on static random walks
limits its ability to model fine-grained temporal evolution in citation behaviors.

Structured features derived from meta-paths and heterogeneous graphs have also
been extensively applied in literature recommendation. Wang et al. [Wang et al. 2021]
constructed an author–paper relevance matrix using two meta-paths (APTP and APJP)
to realize personalized recommendation. Ma et al. [Ma et al. 2019] built a heterogeneous
academic graph, selected user-preferred meta-paths, extracted topological features, and
generated new paper recommendations through supervised learning. Li et al. [Li et al.
2021] learned meta-path weights using meta-path-based random walks and Bayesian
personalized ranking. Xiao et al. [Xiao et al. 2023] integrated multiple semantic paths into
a heterogeneous networks for personalized recommendation. Xu et al. [Xu et al. 2019]
filtered high-value meta-paths via information gain and learned personalized weights
through regularized optimization. Cai, Chen, Ali, and Zhu et al. [Cai et al. 2019, Chen
et al. 2019, Ali et al. 2020, Zhu et al. 2021, Li et al. 2023, Ali et al. 2022] proposed
various heterogeneous-network-based embedding models that integrate papers, authors,
institutions, temporal factors, and topics into unified latent spaces.
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More recently, hybrid models that integrate textual semantics with graph representa-
tion learning have been proposed. Dinh et al. [Dinh et al. 2025] presented a SciBERT–
GraphSAGE framework that combines SciBERT-based textual representations with
GraphSAGE-based citation-link embeddings. By jointly considering citation context
and metadata, this model demonstrates the effectiveness of semantic–structural fusion.
Nevertheless, GraphSAGE operates on static neighborhood aggregation and does not
explicitly account for temporal variations in citation relationships.

Despite their success, most graph-based methods primarily focus on static graph
structures and neglect the dynamic evolution of academic networks over time. As a result,
they fail to capture temporal characteristics of research topics and citation behaviors,
which may lead to mismatches between recommendations and users’ actual information
needs. Motivated by these limitations, this study introduces a Temporal-Aware graph
neural network integrated with contextual textual embeddings to better characterize
dynamic relationships among papers and enhance citation recommendation performance.

3 The SciBERT–TGAT Citation Recommendation Model

3.1 Problem Definition

In this work, we address the task of citation recommendation in scholarly networks,
with a particular focus on modeling temporal citation behaviors. Given a collection of
scientific papers P = p1, p2, . . . , pN , each paper pi is associated with textual content
such as its title and abstract, as well as a publication year ti.

The citation relationships among papers form a directed graph G = (P, E), where
an edge (pi, pj) ∈ E indicates that paper pi cites paper pj , with ti ≥ tj . Each citation
relation naturally involves a temporal difference ∆tij = ti − tj , reflecting how citation
relevance evolves over time.

The goal of citation recommendation is to identify, for a given paper pi, a set of
candidate papers that are most relevant to be cited. To this end, the task is defined as
learning a scoring function s(pi, pj) that estimates the likelihood that paper pi will cite
paper pj . This scoring function is learned by jointly considering the semantic relevance
between papers derived from textual content, the structural dependencies encoded in the
citation graph, and the temporal influence associated with citation time gaps.

During training, observed citation links are treated as positive examples, while
non-cited paper pairs are sampled as negative examples. The model is optimized to
assign higher scores to true citation pairs than to non-cited ones. At inference time, the
learned scoring function is used to rank candidate papers and produce top-K citation
recommendations for each query paper.

3.2 Overall Framework

Based on the problem definition described above, we design a context-aware citation
recommendation framework that jointly models textual semantics and temporal citation
structures. The proposed model integrates scientific text representations with graph-based
learning techniques in order to capture the complementary factors underlying citation
behaviors.

Specifically, the framework consists of two main components. The first component
is a context encoder that extracts semantic representations from paper titles and ab-
stracts using SciBERT, a pre-trained language model optimized for scientific text. These
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embeddings capture fine-grained contextual relevance and topical similarity between
papers. The second component is a citation encoder built upon a Temporal-Aware Graph
Attention Network (TGAT), which models the citation graph while explicitly incorporat-
ing temporal differences between citing and cited papers. This encoder captures both
structural dependencies and time-sensitive citation influence.

Both encoders are trained jointly on contextual text and citation graph data to ob-
tain comprehensive paper representations. The resulting textual embeddings and graph
embeddings are subsequently fused through an attention-enhanced fusion module and
fed into a Feed-Forward Neural Network (FFNN) for feature interaction. Finally, a
Softmax layer produces citation likelihood predictions, and the model parameters are
optimized using a cross-entropy loss function. The overall architecture of the proposed
SciBERT–TGAT model is illustrated in Figure 1.

Figure 1: Overall architecture of the proposed SciBERT–TGAT framework. SciBERT
encodes textual semantics of papers, while TGAT models structural and temporal

dependencies in the citation graph, and the fused representations are used for citation
ranking.

As illustrated in Figure 1, the two encoders operate in parallel rather than in sequence:
the SciBERT branch focuses on what a paper is semantically about, while the TGAT
branch captures where the paper stands in the evolving citation network. Their outputs
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are complementary—one characterizes topical semantics, the other structural standing
and temporal recency—and it is precisely this complementarity that the fusion module
and the FFNN exploit when producing the final citation ranking.

In summary, during the construction of the integrated SciBERT–TGAT framework,
several major technical challenges were encountered:

(1) Capturing domain-specific terminology and contextual semantics in scientific
corpora. Scientific papers contain a large number of domain-specific terminologies,
mathematical symbols, and complex semantic structures, making it difficult for general-
purpose language models to accurately capture semantic dependencies. To address this
issue, we employ SciBERT, which is pre-trained on large-scale scientific corpora, to
enhance the model’s ability to represent specialized terminology and contextual relation-
ships in academic texts. Nevertheless, improving cross-sentence semantic modeling in
long documents and adapting to diverse disciplinary corpora remain open challenges.

(2) Incorporating temporal information and modeling dynamic citation relationships.
Citation behaviors exhibit clear temporal dependencies, as the influence and relevance
of papers evolve over time. Static graph-based modeling alone cannot effectively cap-
ture such dynamics. Therefore, we adopt a Temporal-Aware Graph Attention Network
(TGAT) that explicitly integrates temporal information while learning structural depen-
dencies among papers. Balancing temporal sensitivity with global semantic coherence
remains a key challenge in model design.

(3) Cross-modal fusion and model scalability. Textual representations extracted by
SciBERT and structural embeddings learned by TGAT differ significantly in feature
space and information granularity. Naïve concatenation may lead to semantic drift or
information redundancy. Thus, an effective fusion strategy is required to preserve their
complementary strengths while minimizing information loss. In addition, to ensure
scalability on large-scale citation networks, we systematically consider hyperparameter
optimization, data sampling strategies, and parallel training mechanisms.

3.3 Citation Representation Based on TGAT

In academic citation networks, citation behaviors exhibit strong temporal dependencies
and domain evolution characteristics. However, most traditional graph neural networks
(GNNs) operate on static graph structures and fail to explicitly model temporal informa-
tion, which limits their ability to capture the dynamic nature of scholarly communication.
To address this limitation, we propose a Temporal-Aware Graph Attention Network
(TGAT) built upon the classical Graph Attention Network (GAT)[Velickovic et al. 2017].

The TGAT model introduces temporal decay and domain-aware modeling mech-
anisms, enabling it to jointly capture the topological structure of citation graphs and
their temporal dynamics. Through a time-aware attention mechanism, TGAT dynami-
cally aggregates information from neighboring nodes while explicitly modulating their
contributions based on citation time differences. This design allows the model to charac-
terize the temporal dynamics of knowledge propagation in a principled manner while
maintaining computational efficiency.

To better capture temporal evolution and domain correlations among academic publi-
cations, we redesign the knowledge graph structure based on the original citation data, as
illustrated in Figure 2. Each node represents a scientific paper augmented with domain-
related features derived from field-of-study (FoS) information. Directed edges denote
citation relationships, and each edge is associated with a temporal attribute representing
the publication time difference between the citing and cited papers. This graph design
preserves the real citation structure while explicitly incorporating temporal and domain
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semantics for time-aware representation learning. Specifically, fos_index denotes the
categorical identifier of a research field, while fos_weight represents its corresponding rel-
evance score provided by the dataset. These features are directly adopted from the DBLP
metadata and normalized before being incorporated into node attributes. Meanwhile,
citation edges are augmented with temporal attributes to explicitly encode publication
time differences between citing and cited papers. Through this design, the constructed
graph preserves the citation topology while integrating both temporal and domain seman-
tic information. As a result, the proposed time-aware graph neural network can jointly
model structural dependencies and temporal decay effects during representation learning,
producing embeddings with enhanced temporal sensitivity and semantic expressiveness
for downstream citation recommendation tasks.

Figure 2: Structure of the citation knowledge graph. Nodes represent papers with
field-of-study features, and directed edges denote citation relations associated with

temporal information.

Although the original Graph Attention Network (GAT) effectively captures graph
topology, it ignores temporal differences between node interactions. In the context of
citation recommendation, this limitation is critical, as citation behaviors are inherently
time-dependent and influenced by domain evolution. To overcome this issue, we extend
the standard GAT by introducing a temporal-aware attention mechanism and designing a
dual-phase exponential decay function to model how citation influence varies with time.

The temporal decay function is defined as:

φ(∆tij) = exp(−g(∆tij)), (1)

where∆tij denotes the publication time difference between the citing paper pi and the
cited paper pj .

The function φ(∆tij)models how the influence of a cited paper gradually diminishes
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as the time gap increases. The piecewise formulation enables the model to distinguish
short-term citation effects from long-term historical influence. When ∆tij is small,
citations typically reflect active and up-to-date research relevance, resulting in a slower
decay rate. In contrast, citations with large time gaps correspond to older work whose
influence diminishes more rapidly. This design allows the model to capture realistic
temporal citation patterns observed in scholarly communication.

The piecewise decay function g(·) is formulated as:

g(∆t) =

{
λ1∆t, ∆t ≤ τ,

λ2(∆t− τ) + λ1 · τ, ∆t > τ,
(2)

where τ denotes the temporal threshold separating short-term and long-term citation
effects, and λ1 and λ2 control the corresponding decay rates.

Here, the parameter τ represents the temporal threshold distinguishing the short-term
and long-term decay phases, while λ1 and λ2 denote the short-term and long-term decay
rates, respectively. This function enables the model to distinguish short-term active
interactions from long-term weak connections, thereby more realistically modeling how
relationship strength decreases over time.

Based on the temporal decay function, the attention coefficient between paper pi and
its neighboring paper pj is computed as:

eij = LeakyReLU
(
aT

[
Whi ‖Whj ‖φ(∆tij)

])
, (3)

The coefficient eij measures the relative importance of paper pj when updating the
representation of paper pi. It jointly considers the semantic representations of both papers
as well as their temporal distance. By explicitly incorporating the temporal decay factor
into the attention mechanism, the model assigns higher importance to recently published
and semantically relevant papers, while suppressing outdated citation influence.

where the temporal decay function φ(∆tij) explicitly encodes the time difference
between the citing and cited papers.

The normalized time-aware attention weight is then obtained via:

αij =
exp(eij)∑

k∈N (i) exp(eik)
. (4)

The normalization ensures that attention weights are comparable across different
neighboring papers, allowing the model to selectively focus on the most informative
citation relations during neighborhood aggregation.

Finally, the node representation is updated as:

h′i = σ

 ∑
j∈N (i)

αij ·Whj

 . (5)

The updated representation h′i encodes how a paper is positioned within the evolving
citation network by integrating both structural dependencies and temporal dynamics.
This representation is particularly suitable for citation recommendation, as it reflects not
only topical relatedness but also the recency and influence of cited work.

As a result, the learned embedding captures how a paper is positioned within the
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evolving citation network, which is crucial for accurate citation recommendation.
This enhancement allows the model to precisely capture the temporal dynamics

embedded in citation relationships, improving the semantic expressiveness of node rep-
resentations. In citation networks characterized by significant temporal evolution, the
proposed mechanism enhances the model’s sensitivity to recency and overall recom-
mendation quality. The structure of the TGAT model is shown in Figure 3.The model
extends the standard GAT by incorporating a temporal decay function into the attention
mechanism. Neighboring nodes are weighted not only by semantic similarity but also
by the time difference between citation events, allowing recent and influential papers
to receive higher attention scores. This design enables the model to capture dynamic
citation patterns and temporal evolution in scholarly networks.

Figure 3: Structure of the Temporal-Aware Graph Attention Network (TGAT). Temporal
decay is incorporated into the attention mechanism to weight neighboring nodes

according to citation time differences.

In the proposed decay function, three key parameters—τ , λ1, and λ2—characterize
short-term and long-term temporal effects:

– Temporal Split Point (τ ). A threshold that separates short-term (t ≤ τ ) and long-term
(t > τ ) decay stages.

– Decay Coefficients (λ1, λ2). Control short-term and long-term decay rates, deter-
mined via grid search:

1. Construct a two-dimensional grid for λ1 and λ2 with ranges [λmin, λmax] and
step λstep.

2. For each pair (λ1, λ2), compute φ(t) = exp(−g(t;λ1, λ2)).

3. Retain parameter pairs that satisfy:

• Short-term decay φ(τ) above the threshold (ensures short-term influence is
preserved).
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• Long-term decay φ(tmax) within a predefined range (ensures reasonable
long-term effect).

All parameter pairs meeting these conditions are recorded for later experiments to select
the optimal configuration.

3.4 Model Fusion and Recommendation Mechanism

To effectively integrate semantic and structural information, the proposed model adopts
an attention-enhanced fusion strategy that combines textual embeddings generated by
SciBERT with graph embeddings learned by the Temporal-Aware GAT.

SciBERT embeddings encode fine-grained semantic information derived from paper
titles and abstracts, capturing contextual similarity and topical relevance between docu-
ments. In contrast, TGAT embeddings focus on modeling citation structure and temporal
dynamics, reflecting how citation influence propagates and evolves over time within the
scholarly network. These two representations are complementary but heterogeneous in
both feature space and information granularity.

To preserve their complementary strengths while avoiding dominance from either
modality, the model first concatenates the semantic and graph embeddings into a unified
paper representation. This fused representation is then processed by an attention-based
feature interaction module followed by a Feed-Forward Neural Network (FFNN). The
attention mechanism adaptively re-weights different feature dimensions, enabling the
model to dynamically balance semantic relevance and structural–temporal importance
for different candidate papers. As a result, the fusion module facilitates deep interaction
between textual semantics and citation graph structure, rather than performing a simple
feature-level combination.

To ensure compatibility between modalities, the output dimension of the TGAT
encoder is adjusted to match the 768-dimensional SciBERT embeddings. The overall
structure of the fusion and recommendation mechanism is illustrated in Figure 4.

For each mini-batch, the fused paper-level representations are processed by a multi-
head attention layer to model interactions across different feature dimensions. This
operation enables the model to capture cross-modal dependencies between semantic and
structural features. The resulting representations are then passed through Add & Norm
layers for normalization, defined as:

LN(X) = α× (X − µ)

σ
+ β (6)

where X denotes the fused embedding matrix, µ and σ represent the mean and
standard deviation computed across feature dimensions, and α and β are learnable
scaling and shifting parameters. Layer normalization stabilizes training by reducing
internal covariate shift, which is particularly important when integrating heterogeneous
representations from textual semantics and citation graph structures.

The normalized representations are then fed into a position-wise Feed-Forward Neural
Network (FFNN), which applies non-linear transformations to enhance representational
capacity. The FFNN is defined as:

FFN(X) = max(0, XW1 + b1)W2 + b2 (7)

whereW1,W2 and b1, b2 are learnable parameters. By introducing non-linearity, the
FFNN enables the model to capture complex interactions between semantic similarity and
structural–temporal dependencies, which are essential for accurate citation prediction.
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Figure 4: Fusion and recommendation module. Semantic embeddings from SciBERT and
structural–temporal embeddings from TGAT are combined and used to predict citation

relevance scores.

In the output layer, a Softmax function is applied to transform the predicted citation
scores into a probability distribution over citation and non-citation classes. This formula-
tion allows the model to estimate pairwise citation likelihoods, which are subsequently
used to rank candidate papers for recommendation:

P (yi|xi) =
exp(zi)∑2
j=1 exp(zj)

(8)

where zi denotes the predicted score for class i (citation or non-citation), and P (yi |
xi) represents the corresponding probability. During inference, these probabilities are
used to rank candidate papers and generate top-K citation recommendations.

During training, positive and negative paper pairs are constructed based on observed
citation data. Each paper together with its actual cited papers forms positive samples,
while negative samples are generated by pairing the same paper with non-cited papers.
Through this learning process, the model is optimized to assign higher scores to true
citation pairs than to non-cited ones, enabling effective citation prediction and recom-
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mendation.

3.5 Qualitative Analysis and Case Illustration

To illustrate the practical behavior of the proposed SciBERT–TGAT model, we present
a qualitative case study of the citation recommendation process.

Given a query paper pi focusing on a specific topic (e.g., graph neural networks for
scholarly recommendation), the model first encodes its title and abstract using SciBERT
to obtain a contextual semantic representation. This embedding captures fine-grained
topical signals, such as methodological characteristics and research objectives, enabling
the identification of semantically related candidate papers beyond surface-level keyword
matching.

In parallel, the TGAT-based encoder aggregates information from the local citation
neighborhood of pi. Through the temporal-aware attention mechanism, papers that are
cited within similar time periods or belong to closely related research fields receive higher
attention weights. The temporal decay function further emphasizes recent yet structurally
influential papers, while reducing the impact of outdated or weakly connected citations.

After fusing semantic and structural–temporal representations, the model jointly
considers topical relevance and citation influence. As a result, papers that do not share
identical keywords with pi, but play an important bridging or foundational role in the
citation graph, can still be recommended. This behavior aligns well with real-world
scholarly writing practices, where citations are often selected based on both semantic
relevance and their structural or temporal significance within a research area.

Overall, this qualitative example demonstrates that SciBERT–TGAT effectively
integrates textual semantics with dynamic citation structures, leading to context-aware
and practically meaningful citation recommendations.

4 Experiments and Results

4.1 Dataset Description

We evaluated the effectiveness of the proposed model using the DBLP-v14 dataset in a
local citation recommendation system. The DBLP-v14 dataset is a comprehensive and
in-depth bibliographic resource focused on the field of computer science and its related
disciplines. It provides detailed metadata for a wide range of scholarly publications,
including titles, abstracts, publication years, authors, field-of-study (FOS) information,
and citation relationships. The temporal attributes contained in this dataset offer strong
support for our research, playing a crucial role in analyzing academic influence, exploring
the evolution of research trends, and constructing dynamic time-aware recommendation
systems.

After selecting the dataset, we extracted papers from the past two decades and
performed data preprocessing. This process involved removing records with missing
essential fields (such as title, author, publication year, venue, abstract, or citation links)
and splitting the dataset into three subsets—training, validation, and testing—at a ratio
of 6:2:2. Subsequently, data transformation, normalization, and integration operations
were performed. The resulting dataset statistics are shown in Table 1.
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Dataset Train Val Test

DBLP-V14 783,489 261,163 261,163

Table 1: Split of the DBLP-v14 Dataset

4.2 Experimental Settings and Implementation

In this study, we constructed the proposed SB-TGAT citation recommendation frame-
work by integrating a SciBERT-based semantic encoder with a Temporal-Aware Graph
Attention Network (TGAT). All experiments were implemented in Python 3.9.20 using
TensorFlow 2.18.0 and PyTorch for downstream recommendation modeling.

For textual representation learning, we employed a pre-trained SciBERT model to
encode paper titles and abstracts. SciBERT consists of 12 Transformer encoder layers with
12 self-attention heads and a hidden dimension of 768. The maximum input sequence
length was set to 128 tokens, and shorter sequences were padded to ensure uniform
input size. To preserve the generalization capability of the pre-trained language model
and reduce computational overhead, SciBERT was used as a frozen encoder without
additional fine-tuning.

For graph representation learning, the TGAT component was constructed on the cita-
tion graph derived from the DBLP-v14 dataset. The input and output hidden dimensions
of the TGAT layers were both set to 768 to ensure dimensional consistency with SciB-
ERT embeddings. Each node aggregated information from up to 20 neighboring nodes
during message passing. To model temporal citation dynamics, a dual-phase exponential
time decay function was adopted. The temporal threshold τ was set to 5 years, reflect-
ing the commonly used citation window in bibliometric studies. The short-term decay
value φ(τ) was set to 0.5, while the long-term decay value φ(tmax) was set to 0.1. The
corresponding decay coefficients λ1 and λ2 were selected through grid search within the
range {0.05, 0.10, 0.15, . . .}. The final parameter configuration was determined based
on validation performance using Recall@K and MRR.

During TGAT training, full-batch gradient descent was employed, where the entire
citation graph was processed in each training epoch. This design choice follows standard
practice in graph neural network training on static citation networks and ensures stable
aggregation of global structural and temporal information. The TGAT module was
optimized using the Adam optimizer [Kingma and Ba 2014] with a learning rate of 0.01
and trained for 50 epochs.

After obtaining textual embeddings from SciBERT and structural–temporal embed-
dings fromTGAT, the two representations were concatenated and fed into a Feed-Forward
Neural Network (FFNN) for citation prediction. The FFNN module was trained sepa-
rately using mini-batch gradient descent with a batch size of 128. For training sample
construction, each positive citation pair was accompanied by two randomly sampled
negative paper pairs, resulting in a 1:2 positive-to-negative ratio. This setting balances
training efficiency and discriminative learning while avoiding excessive class imbalance.
The FFNN parameters were also optimized using the Adam optimizer.

For evaluation, sampled ranking was adopted to approximate large-scale citation
recommendation scenarios. Specifically, for each query paper, the candidate set consisted
of all ground-truth cited papers combined with a fixed number of randomly sampled non-
cited papers. Different negative sampling sizes were used for different evaluation metrics
to ensure stable and reliable estimation. Mean Average Precision (MAP) and Mean
Reciprocal Rank (MRR) were computed using 99 negative samples per query, while
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Recall@K was evaluated using 299 negative samples. This evaluation protocol follows
common practice in large-scale recommendation research and enables fair comparison
across different methods.

The complete hyperparameter configuration of the TGAT component is summarized
in Table 2.

Parameter Value

Batch size (FFNN) 128

Number of epochs 50

Learning rate 0.01

Hidden dimension (TGAT) 768

Number of neighbors 20

λ1 0.1

λ2 0.1

τ / φ(τ) 5 / (0.5, 0.1)

Table 2: Hyperparameter Settings of the TGAT and FFNN Components

4.3 Evaluation Results

We conducted a comprehensive comparison of the proposed SB-TGAT model against
several state-of-the-art citation recommendation methods widely used in local citation rec-
ommendation systems. The goal is to rigorously assess the advantages and performance
boundaries of our model relative to existing approaches. Through in-depth comparative
experiments, we aim to highlight the improvements achieved by our method and its
potential contributions to the field.

To verify the effectiveness of the proposed approach, we compared our SB-TGAT
model with the following baseline models on the DBLP-v14 dataset:

– DeepCite [Wang et al. 2020]: A citation recommendation model leveraging BERT
to learn representations of scientific papers. CNN and BiLSTM modules are used to
capture local contextual and sequential information.

– GRSLA [Dai et al. 2021]: A global paper recommendation model using an encoder–
decoder architecture with three neural networks to address scalability in author
embeddings.

– CR-HBNE [Ali et al. 2022]: A model that jointly learns node embeddings across
multiple object types in a heterogeneous bibliographic network (HBN), addressing
cold-start and sparsity issues. It applies Node2vec and flexible randomwalk strategies
to capture diverse neighbor interactions and researcher preferences.

– SciBERT-GraphSAGE [Dinh et al. 2025]: A hybrid model combining SciBERT
for textual representation learning and GraphSAGE for citation-link representation
learning, generating recommendations that jointly consider citation context and
metadata.
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Model MAP MRR Rec@10 Rec@20

DeepCite 0.2527 0.2795 0.3129 0.4028

GRSLA 0.2913 0.3418 0.4826 0.5347

CR-HBNE 0.4029 0.4495 0.5263 0.5827

SciBERT-GraphSAGE 0.5028 0.5473 0.6039 0.6915

SB-TGAT 0.5432 0.6002 0.6252 0.7532

Model Rec@40 Rec@60 Rec@80

DeepCite 0.4956 0.5244 0.6412

GRSLA 0.6352 0.6528 0.6784

CR-HBNE 0.6248 0.6616 0.7135

SciBERT-GraphSAGE 0.7824 0.8357 0.8726

SB-TGAT 0.8480 0.8890 0.9133

Table 3: Performance Comparison of Models on the DBLP-v14 Dataset

As shown in Table 3 the proposed SB-TGAT model outperforms all baseline models
across all evaluation metrics, demonstrating superior recommendation accuracy and
stability.

Specifically, the DeepCite model utilizes BERT to extract textual representations of
papers and employs CNN and BiLSTMmodules to model local and sequential contextual
semantics. Although it captures certain semantic information, its overall performance
remains limited (MAP = 0.2527, Recall@10 = 0.3129) because it ignores structural rela-
tionships and temporal dependencies among papers. The GRSLAmodel introduces global
structure learning through an encoder–decoder architecture, addressing the scalability
problem in author embeddings to some extent. However, due to its inability to effectively
integrate textual content with temporal dependencies, its recommendation performance
remains moderate (MRR = 0.3418). The CR-HBNE model employs a heterogeneous
bibliographic network (HBN) to jointly learn node embeddings, which partially mitigates
the cold-start and sparsity problems. Nonetheless, its shallow Node2vec-based random
walk strategy exhibits limited capability in modeling complex semantic relationships.

In contrast, the SciBERT–GraphSAGE model effectively combines textual features
learned by SciBERT with structural features learned by GraphSAGE, thereby integrat-
ing semantic and citation information. This multimodal feature learning substantially
improves recommendation quality (MAP = 0.5028, Recall@10 = 0.6039), suggesting
that combining textual and structural modalities is essential for enhancing scholarly
recommendation performance.

As shown in Figure 5, the proposed SB-TGAT model further introduces a Temporal-
Aware graph attention mechanism, which enables it to capture the temporal dependencies
and dynamic evolutionary relationships among academic papers. The model captures
the temporal influence of citation behaviors through a time decay function and fuses
SciBERT-based semantic embeddings with temporal graph embeddings, allowing it to
simultaneously learn content semantics, structural dependencies, and temporal evolution
features of scholarly documents. Experimental results show that SB-TGAT achieves the
best overall performance (MAP = 0.5432, MRR = 0.6002, Recall@10 = 0.6252) and
maintains leading accuracy even under broader recommendation ranges (Recall@60 =
0.8890, Recall@80 = 0.9133).

These results confirm the model’s remarkable advantages in multi-level semantic
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fusion and temporal dynamic modeling.

Figure 5: Performance comparison of SB-TGAT and baseline models on the DBLP-v14
dataset under multiple evaluation metrics.

In summary, traditional models based solely on text or graph structure are constrained
by their limited feature dimensions. By introducing a Temporal-Aware mechanism
and a dual-modality semantic–structural fusion framework, the proposed SB-TGAT
model effectively alleviates the challenges of cold-start, data sparsity, and inadequate
temporal modeling in scholarly citation recommendation. Consequently, it achieves more
comprehensive feature representation and more accurate recommendation outcomes.

5 Ablation Study

5.1 Ablation Experiment Design

To systematically verify the contribution of each component within the proposed SB-
TGAT model and further analyze the impact of the time decay mechanism and fusion
strategy on overall performance, multiple ablation experiments and parameter sensitivity
analyses were conducted. The ablation experiments aim to quantify the role of individual
modules in the citation recommendation task by gradually removing or replacing key
components, while the parameter analysis investigates how critical parameters in the
time decay function affect model stability and accuracy.

The complete SB-TGAT (Full) model consists of the following two core components:

1. Time–Aware GAT Layer: Captures both short–term and long–term temporal depen-
dencies through a dual–phase exponential decay function, dynamically adjusting the
weights of neighboring nodes.
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2. Semantic–Temporal Fusion Layer: Employs an attention–weighted mechanism
to dynamically fuse semantic vectors and temporal-aware embeddings, enabling
multidimensional feature interactions.

To evaluate the effectiveness of these modules, we constructed the following model
variants:

– SB-TGAT-w/o–Time: Removes the time decay mechanism and computes adja-
cency relationships solely based on the static graph structure, in order to verify the
contribution of temporal dynamics modeling to recommendation performance.

– SB-TGAT-ConcatFusion: Replaces the attention–based fusion strategy with a simple
concatenation or weighted averaging approach, to assess the importance of the
semantic–temporal fusion mechanism in feature interaction.

Model MAP MRR Rec@10 Rec@20 Rec@40

SB-TGAT (Full) 0.5432 0.6002 0.6252 0.7532 0.848

SB-TGAT-w/o-Time 0.409 0.4749 0.4525 0.5863 0.7117

SB-TGAT-ConcatFusion 0.4736 0.5324 0.5097 0.6371 0.7663

Table 4: Ablation Study Results of the SB-TGAT Model on the DBLP-v14 Dataset

Table 4 presents the results of the ablation experiments. By comparing different model
variants on the DBLP-v14 dataset, the contribution of the temporal-aware mechanism
and the semantic–temporal fusion strategy can be clearly observed. The complete SB-
TGAT (Full) model consistently outperforms both ablated variants across all evaluation
metrics, demonstrating the effectiveness of explicitly modeling temporal dynamics and
cross–modal feature interactions.

From a qualitative perspective, removing the temporal-aware mechanism (SB-TGAT-
w/o-Time) causes the model to treat all citation edges as equally informative regardless of
publication time. As a result, highly cited but temporally distant papers tend to dominate
the recommendation list, while recently published yet contextually relevant works are
under-emphasized. This shift in recommendation behavior explains the substantial perfor-
mance degradation observed in MAP (approximately 24.7%) and MRR (approximately
20.9%), as the model becomes less sensitive to evolving research trends and short–term
citation dynamics.

In contrast, the full SB-TGATmodel dynamically adjusts attention weights according
to temporal gaps, enabling a balanced consideration of long–term foundational papers
and short–term emerging contributions. This temporal re-weighting mechanism leads to
more diversified and temporally coherent recommendation lists, which is particularly
important in fast–evolving research domains.

Regarding the fusion strategy, replacing the attention–based semantic–temporal
fusion with simple concatenation (SB-TGAT-ConcatFusion) results in consistent per-
formance drops across all metrics. Simple concatenation assumes equal importance
across feature dimensions and lacks the ability to dynamically emphasize task–relevant
information, which may introduce redundancy or semantic interference between textual
and structural features. In contrast, the proposed attention–weighted fusion strategy
adaptively re–weights different feature dimensions according to their contribution to the
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citation prediction task, allowing the model to selectively emphasize semantic relevance
or temporal–structural signals when appropriate. This explains the observed improve-
ments of 14.7% in MAP, 12.7% in MRR, and 10.7% in Recall@40 achieved by the full
model.

Overall, these ablation analyses demonstrate that temporal awareness and semantic–
structural interaction are not merely auxiliary components, but fundamental mechanisms
that shape how citation relevance is modeled and ranked. The observed performance
differences reflect meaningful changes in recommendation behavior, confirming the
central role of temporal modeling in capturing the dynamic nature of scholarly citation
networks.

5.2 Parameter Sensitivity Analysis of the Time Decay Function

To further investigate the influence of key parameters in the time decay function on model
performance, experiments were conducted under fixed conditions of τ = 5, φ(5) = 0.5,
and φ(20) = 0.1. Within this setting, multiple pairs of short–term and long–term decay
rates (λ1, λ2) were selected, and the corresponding model performances were evaluated
on the validation set. The experimental results are presented in Table 5.

Parameter Settings λ1 λ2 MAP MRR Rec@10

A 0 0.05 0.3797 0.4357 0.4275

B 0 0.1 0.3628 0.4205 0.4066

C 0 0.15 0.4402 0.5028 0.4973

D 0.05 0.05 0.3644 0.4187 0.415

E 0.05 0.1 0.3078 0.3481 0.3439

F 0.1 0.05 0.367 0.4092 0.4261

G 0.1 0.1 0.5432 0.6002 0.6252

Table 5: Parameter Sensitivity Analysis of the Temporal Decay Function

As shown in the results, when λ1 = 0.10 and λ2 = 0.10, the model achieved the best
overall performance in terms ofMAP,MRR, andRecall@10. This indicates that the short–
term and long–term decay rates reach an optimal balance at this configuration, enabling
the model to effectively capture both immediate and persistent temporal influences.
These findings further confirm that the parameterization of the time decay function has a
significant impact on model performance and emphasize the importance of maintaining
an appropriate balance between short–term and long–term dynamics.

6 Conclusion and Future Work

This paper presents SB-TGAT, a citation recommendation framework that integrates
semantic text representations with temporal-aware graph modeling to better capture
dynamic citation behavior. The framework leverages SciBERT to extract contextual
semantic embeddings from scientific texts and incorporates a temporal-aware graph
attention mechanism to model the evolving influence of papers in citation networks.
Experimental results on the DBLP-v14 dataset demonstrate that SB-TGAT consistently
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outperforms representative baseline methods across multiple evaluation metrics, includ-
ing MAP, MRR, and Recall@K, validating the effectiveness of combining semantic,
structural, and temporal signals.

From a practical perspective, SB-TGAT is well suited for real-world scholarly recom-
mendation systems. The framework can be deployed using an offline–online decoupling
strategy, where SciBERT-based text embeddings and graph-based representations are
precomputed offline, while online inference focuses on efficient ranking of candidate
papers. This design reduces real-time computational overhead and supports scalable
deployment on large academic graphs.

In terms of scalability, the graph attention component aggregates information from
local citation neighborhoods rather than the entire graph, allowing the framework to scale
to large networks through neighbor sampling and batch-based processing. In addition, the
use of pre-trained SciBERT embeddings enables efficient reuse of textual representations
without repeated fine-tuning, further improving system efficiency.

The proposed framework also provides a practical solution to the cold-start problem.
For newly published papers with limited citation history, semantic embeddings derived
from textual content alone allow the model to generate meaningful recommendations.
As citation links accumulate over time, temporal-aware graph modeling progressively
incorporates structural and temporal signals, enabling the framework to adapt to the
evolving influence of new publications.

It should be emphasized that the contribution of this work lies primarily in the
systematic integration and task-specific grounding of existing techniques, rather than
in proposing a fundamentally new modeling paradigm. By aligning semantic modeling,
temporal graph learning, and citation recommendation within a unified framework, this
study provides a solid and practical foundation for future research on dynamic scholarly
recommendation.

Future work will focus on extending the framework to cross-domain academic
datasets, exploring more adaptive temporal modeling strategies, and investigating the
integration of large language models to further enhance contextual understanding in
dynamic citation networks.
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