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Abstract: Knowledge graph-enhanced recommendation has gained increasing attention
for its ability to provide structured semantic context. However, most existing approaches
struggle with two critical challenges: the sparsity of long-tail relations in knowledge graphs
and the lack of adaptability to users’ dynamic preferences. In this paper, we propose
GLARA, a novel recommendation framework that combines semantic abstraction and
behavioral adaptation through a two-stage modeling process. First, a Virtual Relational
Knowledge Graph (VRKG) is constructed by clustering semantically similar relations into
higher-level virtual groups, which alleviates relation sparsity and enhances generalization.
Then, a global Local Weighted Smoothing (LWS) module and a local Graph Attention Net-
work (GAT) are integrated to jointly refine item and user representations: LWS propagates
information within each virtual relation subgraph to improve semantic consistency, while
GAT dynamically adjusts neighbor importance based on recent interaction signals. Exten-
sive experiments on Last.FM and MovieLens-1M demonstrate that GLARA outperforms
state-of-the-art methods, achieving up to 5.8% improvements in NDCG@20, especially in
long-tail and cold-start scenarios. Additionally, case studies confirm the model’s inter-
pretability by tracing recommendation paths through clustered semantic relations. This
work offers a flexible and interpretable solution for robust recommendation under sparse
and dynamic conditions.

Keywords: knowledge graph embedding; graph attention network; virtual relation; long-tail
sparsity; user preference modeling; recommendation systems; interpretable recommendation

1. Introduction
In the era of big data, the exponential growth of online information has made recom-

mendation systems indispensable for mitigating information overload. These systems have
been widely applied across domains such as e-commerce, social media, and content deliv-
ery platforms. Traditional collaborative filtering (CF) techniques, which rely on historical
user–item interaction data to infer user preferences, often suffer from two major issues:
data sparsity and the cold-start problem [1–3].

To address these challenges, Knowledge Graphs (KGs)—structured semantic networks
encoding entities and their interrelations—have been introduced into recommendation
frameworks. By enriching item representations with rich entity attributes and relation
semantics, KGs enable more informed inference [4]. For instance, in the movie domain, a
KG can link items like Inception and Interstellar via shared relations such as “director” or
“genre”, thereby capturing semantic similarity beyond user behavior alone.
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Current KG-based recommendation approaches can be grouped into three main cat-
egories: embedding-based methods, which learn vector representations of entities and
relations path methods (e.g., TransE [5], CKE [6]); path-based methods, which mine se-
mantic paths between users and items (e.g., RippleNet [7] and MCRec [8]); and graph
neural network (GNN)-based methods [9], which leverage the power of graph structures
to model user–item interactions. Methods such as KGAT [10] and KGINKGIN [11] have
demonstrated the effectiveness of leveraging attention-based and relation-aware propaga-
tion mechanisms, respectively. Specifically, KGAT uses attention mechanisms to weight
neighbors, and KGIN employs relation-aware propagation to separate collaborative and
knowledge signals. These methods have improved recommendation performance by cap-
turing multi-hop dependencies, but they still face two critical challenges: the sparsity of
long-tail relations and the inability to effectively model dynamic user preferences.

Despite their success, these approaches still exhibit significant limitations: First, long-
tail relationships—which dominate most real-world KGs—often occur infrequently, making
it difficult to learn quality embeddings for rare relations [12,13]. Second, current models
usually assume static user preferences, failing to capture users’ evolving interests over
time [14,15]. Third, existing GNN models often treat relations independently and ignore
higher-level semantic clusters formed by related relations (e.g., “Director” + “Actor” ->
“Creative Team”).

To overcome these issues, we propose a novel recommendation framework, GLARA,
which integrates a Virtual Relational Knowledge Graph (VRKG) with a Graph Attention
Network (GAT). The VRKG is constructed by clustering semantically similar relations (e.g.,
“Director” and “Writer”) into virtual relation groups (e.g., “Creative Team”) using unsuper-
vised methods. This abstraction mechanism not only alleviates the data sparsity caused by
long-tail relations but also enhances semantic connectivity, ensuring better generalization
in scenarios with sparse data. Furthermore, GLARA introduces a two-level optimization
framework that synergistically combines both global and local perspectives: At the global
level, a Local Weighted Smoothing (LWS) module aggregates semantic information across
related nodes, promoting embedding convergence for semantically similar entities. This
process ensures that the embeddings remain consistent across the graph, mitigating the
sparsity of long-tail relations. At the local level, a GAT layer dynamically assigns attention
weights to recent interactions, enabling the model to capture fine-grained, temporally
adaptive user preferences. The combination of VRKG’s global semantic abstraction and
GAT’s local attention-based adaptation offers a novel synergy that is not achievable by
either approach alone. This integrated framework allows GLARA to effectively address
both the long-tail problem and the dynamic nature of user preferences.

This synergistic integration enables GLARA to effectively bridge global semantic
consistency and local behavioral dynamics, leading to more accurate and adaptive recom-
mendations. Experimental results on two benchmark datasets demonstrate that our model
significantly outperforms state-of-the-art baselines, especially in long-tail recommendation
and dynamic preference modeling scenarios.

The main contributions of this work are summarized as follows:

• We propose GLARA, a novel recommendation framework that combines a Virtual
Relational Knowledge Graph (VRKG) with a Graph Attention Network (GAT) to
address both global semantic sparsity and local dynamic preference modeling.

• We design a hierarchical co-optimization architecture, where the global layer employs
a Local Weighted Smoothing (LWS) strategy to align semantically related node em-
beddings, and the local layer uses attention-based interaction modeling to capture
time-sensitive user interests.
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• We conduct extensive experiments on two benchmark datasets (Last.FM and
MovieLens-1M), and the results demonstrate that our model consistently outper-
forms state-of-the-art baselines in terms of both accuracy and robustness, particularly
in long-tail and cold-start scenarios.

2. Related Work
Knowledge graph-enhanced recommendation has attracted significant attention in

recent years, giving rise to a variety of techniques aimed at improving the expressiveness
and generalizability of user and item representations. These methods can be broadly
classified into three categories: embedding-based methods, path-based methods, and graph
neural network (GNN)-based methods.

2.1. Embedding-Based Methods

Embedding-based methods [6,16–21] aim to map entities and relations in a knowledge
graph into a low-dimensional vector space, enabling semantic similarity computations via
vector operations. (Classical models like TransE [5]) learn such embeddings by minimizing
the distance between head and tail entities via relation translation. Extensions such as
TransR [22] and ComplEx [23] support more complex relation types via matrix or tensor
decomposition.

In the context of recommendation, methods like CKE [6] combine collaborative filtering
with KG embeddings, integrating TransR with matrix factorization to jointly learn user–
item relevance.Other works (e.g., KTUP [17]) employ joint optimization frameworks to
enhance both recommendation quality and KG completion.

Despite their efficiency, these methods face two core limitations:

• They primarily capture first-order relations, lacking mechanisms for higher-order
semantic propagation.

• They operate under static embedding assumptions, failing to reflect dynamic user
interests or contextual shifts over time.

2.2. Path-Based Methods

Path-based methods [8,24–27] explicitly explore multi-hop semantic paths connecting
users and items to uncover latent interests. For example, RippleNet [7] propagates user
preferences along KG paths rooted at items the user has interacted with, while PGPR [28]
formulates path selection as a reinforcement learning problem.

These methods offer strong interpretability, as they reveal why a user might be linked
to a given item. However, their effectiveness is hindered by the following:

• The need for manually crafted meta-paths or domain-specific rules, which limit gener-
alizability across domains.

• High computational overhead, especially as the number of hops increases exponentially.
• A loose coupling between path selection and recommendation objectives, which may

lead to suboptimal performance.

2.3. GNN-Based Methods

The graph neural network (GNN)-based methods [10,11,29–34] have become a dom-
inant paradigm in knowledge-aware recommendation by leveraging message-passing
mechanisms to aggregate multi-hop neighborhood information. For instance, KGAT [10]
integrates both user–item interactions and KGs into a heterogeneous graph and uses at-
tention mechanisms to weight neighbors, while CKAN [33] separates collaborative and
knowledge signals using dual-channel aggregation.

These models excel at capturing long-range dependencies, but several challenges remain:
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• Many assume independent treatment of relation types, which ignores higher-level
semantic structures (e.g., related roles like “Actor” and “Director”).

• Noise propagation from irrelevant neighbors may degrade representation quality.
• Most GNNs rely on static graph structures, limiting their ability to model temporal

dynamics in user behavior.

3. Problem Formulation
In a typical recommendation scenario, the user–item interaction data can be modeled

as a bipartite graph:
GI = (U , I , EI) (1)

where U and I denote the sets of users and items, respectively, and EI ∈ U × I represents
observed interactions (e.g., clicks, ratings). The interactions are stored in a binary matrix
R ∈ {0, 1}|U |×|I|, where

Rui =

1, if user u interacted with item i

0, otherwise
(2)

To incorporate external semantic information, a knowledge graph (KG) is defined as

GK = (EK,RK, TK) (3)

where EK is the set of entities (e.g., items, actors, and genres), RK is the set of relation types,
(e.g., “belongs to a category”, “has a tag”, etc.), and TK = {(h, r, t)} is the set of relational
triples, with head entity h, tail entity t, and relation r ∈ RK.

Given both the interaction graph GI and the knowledge graph GK, the objective is to
learn low-dimensional embeddings eu ∈ Rd and ei ∈ Rd for each user u ∈ U and item
i ∈ I , such that a scoring function ŷui estimates the likelihood of user u interacting with
item i:

ŷui = f (eu, ei) = e⊤u ei (4)

The final list of personalized recommendations is generated based on ŷui.
The task of the recommendation model is to rank unobserved items for each user by

predicting their relevance scores and recommending the top-K items.
Despite recent progress, two major challenges remain in this task:

• Long-tail sparsity: Many relations in real-world KGs follow a long-tail distribu-
tion. Rare relations (e.g., “coproducer”) occur infrequently, making it difficult to
learn meaningful embeddings and resulting in poor generalization for cold-start or
niche items.

• Dynamic preference modeling: User preferences are not static but evolve over time.
Most models use fixed embeddings that fail to reflect recent behavioral shifts or
short-term interests.

4. The Proposed Model
We propose a unified recommendation framework named GLARA that integrates a

Virtual Relational Knowledge Graph (VRKG), a Local Weighted Smoothing (LWS) module,
and a Graph Attention Network (GAT) to jointly model global semantics and local dynamic
preferences, and we present the overview of the model in Figure 1.
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Figure 1. Overview of the proposed GLARA model.

4.1. Virtual Relational Knowledge Graph (VRKG) Construction

In real-world knowledge graphs (KGs), the relation set R often follows a long-tail dis-
tribution, where many relations occur infrequently and lead to sparse semantic connections.
The virtual centers for clustering are initialized using the k-means clustering algorithm,
which groups relations based on their semantic similarity. The number of clusters K is
selected through cross-validation to determine the optimal balance between abstraction
and generalization. Specifically, we evaluate different values of K and select the one that
minimizes the reconstruction error while maintaining a compact and coherent representa-
tion of the relations. This clustering approach not only alleviates the data sparsity caused by
long-tail relations but also enhances semantic connectivity, ensuring better generalization
across infrequent relations.

4.1.1. Virtual Relation Clustering

Given the original relation embedding matrix R =
[
r1, . . . , r|R|

]
∈ Rd×|R|, we define

a virtual relation center matrix V = [v1, . . . , vK] ∈ Rd×K, where K is the number of
virtual relation clusters. Each original relation rp is softly matched to virtual centers via
temperature-scaled attention:

αpk =

exp
(

r⊤p vk
τ

)
∑K

j=1 exp
(

r⊤p vj
τ

) , ∀k ∈ {1, ..., K}, (5)

where τ is the temperature parameter controlling assignment sharpness.
The reconstructed virtual relation embedding for rp is then defined as

r̃p =
K

∑
k=1

αpk · vk. (6)
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To ensure clustering consistency and semantic coherence, we impose a regularization
term that penalizes reconstruction loss:

Lcluster =
|R|

∑
p=1

∥∥rp − r̃p
∥∥2

2. (7)

This regularization term, Lcluster, is used during the clustering phase to encourage the
model to learn consistent and coherent virtual relation clusters. However, it is not directly
included in the final loss function since its effect is implicitly integrated into the global
optimization framework through the clustering process. The primary optimization focuses
on improving the recommendation task, while Lcluster ensures the semantic consistency of
the virtual relation embeddings during the clustering step. This approach allows the model
to focus on the recommendation objective while maintaining the integrity of the semantic
relationships learned during clustering.

4.1.2. Knowledge Graph Reconstruction

After computing virtual relation embeddings, we replace the original triples (h, r, t) ∈
T with virtualized triples (h, r̃, t) ∈ T̃ . To formalize this, we define a projection operator
ϕ : R → Rd, where

ϕ(rp) = r̃p. (8)

The reconstructed knowledge graph becomes

G̃ =
(
E , R̃, T̃

)
, T̃ = {(h, ϕ(r), t) | (h, r, t) ∈ T }. (9)

This transformation improves embedding quality and facilitates better generalization
over sparse relations by reducing high-variance gradients from tail edges.

4.1.3. VRKG Construction

To support parallel computation and semantic disentanglement, we further partition
G̃ into K disjoint subgraphs {G1, . . . ,GK}, each corresponding to a virtual relation group.

Let
k∗ = arg max

k
αpk, ∀rp ∈ R. (10)

Then, subgraph Gk is defined as

Gk =

{
(h, r̃p, t) | (h, rp, t) ∈ T , arg max

j
αpj = k

}
. (11)

The complete VRKG is expressed as the union of all virtual–relation subgraphs:

GVRKG =
K⋃

k=1

Gk. (12)

This subgraph partitioning allows the model to learn disentangled embeddings under
semantically consistent supervision, improving both scalability and representation modularity.

4.2. Local Weighted Smoothing and Representation Learning

To promote embedding consistency and mitigate relation-level sparsity, we introduce
a Local Weighted Smoothing (LWS) module. This component aggregates information from
neighboring entities within each virtual relation subgraph, enabling semantic propagation
and contextual enrichment. LWS ensures that semantically related entities across virtual
relation clusters converge to similar embeddings, thus improving the robustness of the
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model in scenarios dominated by long-tail relations. The smoothing process effectively
bridges gaps between infrequent relations by aggregating their related neighborhood infor-
mation. This synergy with the VRKG abstraction ensures that both long-tail and frequently
occurring relations contribute to embedding learning, providing a more consistent and
effective representation for downstream recommendation tasks. LWS is applied over the
VRKG constructed in Section 4.1 and serves as the global-level encoder of our model.

4.2.1. Neighborhood Definition and Similarity Computation

Given a virtual relation subgraph Gk = (E ,Vk, Tk), we define the local neighborhood
of entity h as

Nk(h) = {t | (h, r̃, t) ∈ Tk}. (13)

To measure local semantic coherence, we compute the pairwise similarity between h
and each neighbor t ∈ Nk(h) using dot-product:

ωht =
e(0)h

⊤e(0)t∥∥∥e(0)h

∥∥∥ · ∥∥∥e(0)t

∥∥∥ , (14)

where e(0)h and e(0)t are the initial embeddings of h and t, respectively.

4.2.2. Weighted Embedding Aggregation

The smoothed embedding of entity h under virtual relation group k is defined as a
similarity-weighted average over its neighbors:

e(1)h,k = ∑
t∈Nk(h)

γht · e(0)t , (15)

where the normalized attention weight γht is computed as

γht =
exp(ωht)

∑t′∈Nk(h) exp(ωht′)
. (16)

Then, we combine the original embedding with the smoothed result through a resid-
ual connection:

u(1)
h,k = e(0)h + λ · e(1)h,k , (17)

where λ is a smoothing coefficient that controls the influence of neighbors.

4.2.3. Multi-Hop Smoothing Propagation

We repeat the smoothing process for L iterations (or layers). At each layer l, the
smoothed representation is computed as

u(l)
h,k = u(l−1)

h,k + λ · ∑
t∈Nk(h)

γ
(l)
ht · u(l−1)

t,k . (18)

To avoid scale explosion and maintain numerical stability, we apply normalization at
each step:

û(l)
h,k =

u(l)
h,k∥∥∥u(l)

h,k

∥∥∥
2

. (19)
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4.2.4. Representation Output for Entities

To obtain the final representation of entity h, we aggregate over all virtual rela-
tion subgraphs:

eLWS
h =

K

∑
k=1

βk · û(L)
h,k , (20)

where βk denotes the learned importance of subgraph Gk and is computed via a softmax-
based attention:

βk =
exp

(
q⊤ · û(L)

h,k

)
∑K

j=1 exp
(

q⊤ · û(L)
h,j

) , (21)

with q ∈ Rd being a learnable query vector.
The final smoothed embedding eLWS

h integrates multi-hop neighborhood signals
under different semantic views, and serves as the input for downstream user–item
interaction modeling.

4.3. Graph Attention Embedding Representation

While the LWS module captures global semantic consistency via virtual subgraph
smoothing, it lacks the ability to dynamically adapt to evolving user preferences. To
address this, we incorporate a Graph Attention Network (GAT) to model the local user–
item interaction graph with adaptive neighbor weighting.

4.3.1. Interaction Graph and Input Embeddings

Given the LWS-optimized embeddings e(L)
u and e(L)

i for user u and item I, we apply
a GAT layer to compute attention coefficients αui reflecting the relevance of each neigh-
bor. This attention mechanism dynamically adjusts the importance of recent interactions,
allowing the model to capture fine-grained, temporally adaptive user preferences. By
focusing on more relevant and recent interactions, GAT refines the model’s understand-
ing of user behavior and preferences, complementing the global smoothing provided by
LWS. The combination of VRKG’s semantic abstraction and GAT’s attention mechanism
allows GLARA to address both global semantic consistency and local behavioral dynamics,
offering an innovative approach that adapts to evolving user preferences over time.:

αui =
exp(LeakyReLU(aT [e(L)

u ||e(L)
i ]))

∑j∈N (u) exp(LeakyReLU(aT [e(L)
u ||e(L)

j ]))
(22)

where || denotes vector concatenation, a is a learnable weight vector, and N (u) is the set
of items user u has interacted with.

This mechanism allows the model to assign higher weights to recently or frequently
interacted items, thus capturing fine-grained user interest shifts.

4.3.2. Attention-Guided Aggregation

The final embedding of a user is computed as a weighted sum of the embeddings of
interacted items:

eGAT
u = σ

 ∑
i∈N (u)

αui · e(L)
i

 (23)
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where σ(·) is a non-linear activation function such as LeakyReLU or ReLU. Similarly, for
item i, we compute

eGAT
i = σ

 ∑
u∈N (i)

αiu · e(L)
i

 (24)

4.3.3. Multi-Layer Attention Propagation

To capture higher-order dependencies, we stack multiple GAT layers, where the output
of layer l − 1 serves as the input to layer l:

e(l)u = σ

 ∑
i∈N (u)

α
(l)
ui · e(l−1)

i

, e(l)i = σ

 ∑
u∈N (i)

α
(l)
iu · e(l−1)

u

. (25)

In our implementation, we adopt a two-layer GAT architecture (L = 2) to balance
expressiveness and computational cost. Through layer-wise propagation, GAT enables the
model to integrate multi-hop semantic and behavioral signals, while dynamically adjusting
the importance of neighbors based on learned attention.

4.4. Prediction

After obtaining the final representations for users and items from the GAT module, we
define a scoring function to estimate the likelihood of user–item interactions. Let eGAT

u , eGAT
i ∈

Rd denote the final GAT-enhanced embeddings for user u and item i, respectively.

Scoring Function

The predicted preference score of user u for item i is computed via a dot product
scoring function. By integrating the global semantic abstraction of VRKG and the local
dynamic adaptation of GAT, GLARA generates more accurate and contextually relevant
predictions. While the objective function combines the recommendation loss and regu-
larization terms, the regularization term Lcluster is not explicitly included in the final loss
function. Instead, it plays an important role during the virtual relation clustering process,
ensuring that the clustering is semantically consistent. The main focus of the loss function
is to optimize the recommendation accuracy, while Lcluster ensures the quality of the virtual
relation embeddings by regulating the clustering step. This design allows the model to
concentrate on improving the recommendation task while maintaining the integrity of the
semantic relationships learned during clustering. The synergy between these components
ensures that both long-tail relations and recent user preferences contribute to the final
prediction, providing a more personalized and adaptive recommendation:

ŷui = f (u, i) =
(

eGAT
u

)⊤
eGAT

i . (26)

This formulation assumes that user preferences are proportional to the similarity
between latent representations in the shared embedding space.

Alternatively, a bilinear scoring function can be adopted for higher expressiveness:

ŷui =
(

eGAT
u

)⊤
Ws eGAT

i , Ws ∈ Rd×d, (27)

where Ws is a learnable interaction weight matrix.

4.5. Optimization

We adopt a pairwise learning strategy to train the model, using the Bayesian Person-
alized Ranking (BPR) loss to maximize the margin between observed and unobserved
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interactions. Specifically, for each user u, we sample a positive item i ∈ I+
u and a negative

item j ∈ I−
u , and minimize the following loss:

LBPR = − ∑
(u,i,j)∈D

log σ(ŷui − ŷuj) + λ∥Θ∥2, (28)

where σ(·) is the sigmoid function, D is the set of training triplets, Θ denotes the model
parameters, and λ is a regularization coefficient.

The model is optimized via mini-batch stochastic gradient descent (SGD) with back-
propagation. All components—including VRKG construction, LWS propagation, GAT
attention, and scoring—are trained end-to-end.

5. Experiments
We conduct an empirical study to demonstrate the effectiveness of the proposed

methodology, with a particular focus on how the synergistic combination of VRKG, LWS,
and GAT addresses both global semantic consistency and local dynamic preferences. The
experimental results answer the following research questions, which are designed to
validate the effectiveness of each component in overcoming long-tail sparsity and modeling
dynamic user preferences:

• RQ1: How does this paper’s method perform in terms of recommendation perfor-
mance compared to state-of-the-art knowledge graph methods?

• RQ2: What is the contribution of the key components of this paper’s approach to
model performance?

• RQ3: How do hyperparameters such as the number of iterations of LWS, number of
GAT layers, embedding dimension, etc.) affect the model performance?

• RQ4: How does this paper’s approach explore user preferences and provide intuitive
interpretability?

5.1. Experiment Settings
5.1.1. Datasets

We evaluate the proposed GLARA model on two publicly available benchmark
datasets commonly used in knowledge-aware recommendation research:

• Last.FM: This dataset contains user listening records for music tracks, along with
associated artist and tag metadata. We follow previous work [ref] by extracting
2000 users, 8302 items, and 23,355 interactions, supplemented by a domain-specific
knowledge graph built from music-related entities (e.g., genre, singer, and album).

• MovieLens-1M (ML-1M): This widely used dataset contains approximately 1 million
user movie ratings. We binarize the interactions by retaining only ratings ≥ 4 as posi-
tive feedback. The dataset includes 6040 users, 3706 movies, and 996,314 interactions.
To construct the knowledge graph, we align movie entities with external sources such
as IMDb and DBpedia, integrating side information like genres, directors, actors, and
production companies.

Consistent with previous research, we converted the logged data into user–item pairs
as active interaction data and used Microsoft Satori to match the headers of all the triples
in each dataset with the item IDs to construct a knowledge graph. The basic statistics of the
two datasets are shown in Table 1.

All datasets are split into training (80%), validation (10%), and test (10%) sets using
the leave-one-out strategy, where for each user, the most recent interaction is held out
for testing.
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Table 1. Dataset Statistics.

Dataset User–Item Interaction Knowledge Graph

#User #Item #Rating #Entity #Relation #Triplet

Last.FM 1872 3846 42,346 9366 60 15,518
Movie-1M 6036 2347 753,772 6729 7 20,195

5.1.2. Methods of Comparison

To validate the effectiveness of the proposed method, we compare it with the following
knowledge graph-based recommendation methods:

• FM [35]: A classical latent factor model that captures pairwise feature interactions
using second-order terms, widely applied in recommendation and ranking tasks.

• NFM [36]: An extension of FM that replaces manual interaction modeling with a neural
network, enabling the capture of higher-order and nonlinear feature interactions.

• CKE [6]: A knowledge-aware recommendation model that integrates collaborative
filtering with knowledge graph embedding (TransR), modeling both structural, and
semantic item features.

• KGAT [10]: A graph neural network-based model that jointly learns embed-
dings from user–item interactions and KG triples via an attention-guided message-
passing framework.

• KGIN [11]: A recent GNN-based model that separates collaborative and knowledge
signals using relation-aware propagation and semantic-level attention mechanisms.

• VRKG4Rec [34]: A virtual relational KG-based model that clusters original relations
into high-level virtual categories to alleviate sparsity and enhance recommenda-
tion performance.

• LightGCN [37]: A simplified graph convolutional model that focuses on pure neighbor
aggregation without feature transformation or nonlinear activation, achieving strong
performance on collaborative filtering tasks.

• Wide & Deep [38]: A hybrid model combining linear (wide) and deep (nonlinear)
components to jointly learn low- and high-order interactions, widely adopted in
industrial recommender systems.

5.1.3. Evaluation Metrics

We use Recall@K and NDCG@K as evaluation metrics, where K is set to 20. These
metrics are widely used in the evaluation of recommendation systems and can effectively
measure the accuracy and diversity of recommendation lists.

5.1.4. Parameter Setting

We implemented the model using PyTorch 1.8.2, with the embedding dimension set
to 64, the optimizer to Adam, the learning rate to 0.001, and the batch size to 1024. The
number of iterations Q for LWS was defaulted to 3, and the number of layers L for GAT
was defaulted to 2. The regularization factor Λ was set to 0.0001.

For the other hyperparameters, such as the number of virtual clusters K, the tempera-
ture τ, and the smoothing coefficient λ, these were selected using grid search. The value
of K was determined through cross-validation to find the optimal number of clusters that
balances generalization and clustering consistency. The temperature τ controls the sharp-
ness of the soft attention assignment during clustering, with lower values leading to more
focused assignments. The smoothing coefficient λ controls the weight of the smoothed
embeddings, balancing the influence of the original graph structure and the smoothed
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representation. These hyperparameters were fine-tuned based on preliminary experiments
to ensure stable convergence and optimal recommendation accuracy.

5.2. Performance Comparison (RQ1)

We first compare the recommended performance of the proposed method with the
existing methods on the two datasets. Table 2 shows the performance of different methods
on Recall@20 and NDCG@20.

Table 2. Overall comparison of performance.

Model Last.FM MovieLens-1M

Recall20 NDCG20 Recall20 NDCG20

FM 0.1402 0.0772 0.2911 0.2798
NFM 0.1497 0.0805 0.2759 0.2484
CKE 0.2695 0.1625 0.3130 0.2918

KGAT 0.2059 0.1671 0.2637 0.2305
KGIN 0.3549 0.2169 0.3150 0.1935

VRKG4Rec 0.3878 0.2302 0.3412 0.3192
LightGCN 0.2246 0.1326 0.2730 0.2366

Wide & Deep 0.1748 0.1103 0.2683 0.2305
GLARA 0.3953 0.2482 0.3627 0.3325

As shown in the table, our proposed method outperforms all baselines in most cases on
both datasets. This demonstrates that the integration of the VRKG-based global smoothing
mechanism and the GAT-based local attention mechanism enables the model to capture
complex user–item interactions more effectively, thereby enhancing recommendation per-
formance. We perform the following analysis and discussion:

First, the improvement can be attributed to the design of the Virtual Relational Knowl-
edge Graph (VRKG), which consolidates numerous original relations in the knowledge
graph into a small set of virtual relations. These virtual relations not only uncover semanti-
cally related edges but also help encode more informative and task-relevant knowledge
for downstream recommendation. Additionally, the Local Weighted Smoothing (LWS)
mechanism generates item embeddings by aggregating features from their neighbors, focus-
ing on transforming relational knowledge into neighborhood-aware item representations.
This design encourages closer proximity between semantically connected entities in the
embedding space.

Second, the Graph Attention Network (GAT) component enhances both user and
item embeddings via a dynamic attention mechanism. The GAT can adaptively assign
importance weights to neighboring nodes, for example by prioritizing recent interactions
to reflect users’ evolving preferences. Furthermore, it aggregates multi-hop semantic
signals (e.g., connections via directors, actors, etc.) through stacked layers. Compared
to traditional GCNs with fixed-weight aggregation, the GAT effectively suppresses noise
propagation and improves embedding expressiveness. Importantly, the GAT and LWS are
complementary: while LWS mitigates the sparsity of long-tail relations through virtual
relation clustering, GAT refines fine-grained interaction modeling via attention-based
aggregation. This synergistic architecture balances global semantic consistency and local
behavioral dynamics, leading to both accuracy and adaptability in recommendation.

Among the baselines, FM and NFM perform poorly on both datasets due to their
inability to utilize external knowledge graph information, limiting their capacity to learn ex-
pressive item embeddings. Although CKE incorporates first-order knowledge via TransR, it
lacks the capacity to model multi-hop semantics. In contrast, KGAT and KGIN apply GNN-
based propagation to capture higher-order neighbor signals. However, the effectiveness
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of this propagation heavily depends on graph structure and domain characteristics—for
instance, KGAT performs poorly on Last.FM, possibly due to over-smoothing or noise
accumulation in sparse relational paths.

Interestingly, CKE and KGIN exhibit dataset-specific performance trade-offs: KGIN
outperforms CKE on Last.FM, while the opposite is observed on MovieLens-1M. This may
be because the knowledge graph of MovieLens-1M primarily consists of shallow, one-hop
triples, which TransR in CKE can exploit more effectively. In contrast, KGIN may introduce
noise during multi-hop propagation, resulting in degraded performance.

5.3. Ablation Experiments (RQ2)

To investigate the contribution of each key component in our proposed GLARA model,
we conduct an ablation study. In addition to comparing the performance of the full model
with the ablated versions, statistical significance tests (such as t-tests) were performed
to ensure that the observed differences were statistically significant. The performance
differences between the full model and the ablated versions were consistently significant,
with p-values of less than 0.05. Moreover, the standard deviation across 10 runs was
calculated to assess the stability of the results.

• GLARA w/o VRKG: Disable virtual relationship clustering and keep the original
relationship type.

• GLARA w/o LWS: Disable LWS smoothing and use the raw knowledge graph directly.
• GLARA w/o GAT: Replacing GAT attention with mean pooling.

The results in Table 3 show that the full model performs significantly better than
all variants:

Table 3. Performance comparison of different GLARA versions.

Model
Version Recall@20 Recall@20 Std

Dev
p-Value
(Recall) NDCG@20 NDCG@20

Std Dev
p-Value
(NDCG)

w/o VRKG 0.3379 0.013 0.03 0.3162 0.012 0.04
w/o LWS 0.3251 0.015 0.02 0.3085 0.013 0.03
w/o GAT 0.3432 0.017 0.045 0.3216 0.014 0.05

Full Model 0.3627 0.013 - 0.3325 0.011 -

The ablation results clearly indicate that each component plays a critical role in the
overall effectiveness of the model. Specifically, removing any one of VRKG, LWS, or GAT
results in a noticeable drop across all metrics on both datasets, though to varying degrees.
The reasons for these degradations are analyzed below:

1. Removal of VRKG (w/o VRKG):
When we eliminate the Virtual Relational Knowledge Graph, the model relies solely on
the raw relations from the original knowledge graph. In this setting, long-tail relations
are treated as independent and isolated, lacking semantic clustering or abstraction.
As a result, the model suffers from relation sparsity, leading to poor generalization for
infrequent entity pairs. This is especially detrimental for low-frequency or cold-start
items, where VRKG’s semantic grouping plays a vital role in enhancing connectivity
and embedding robustness.

2. Removal of LWS (w/o LWS):
Without Local Weighted Smoothing, the model loses its semantic denoising and
neighbor regularization mechanism. The original LWS module helps smooth item
embeddings by incorporating information from semantically similar neighbors within
each virtual relation group. Removing it disrupts the global semantic consistency in
the representation space and makes the model more sensitive to noise from sparse
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or noisy connections. In particular, the model becomes overly dependent on the raw
structure of the graph, which can be unstable and noisy, especially in datasets with
long-tail distributions.

3. Removal of the GAT (w/o the GAT):
Disabling the Graph Attention Network results in the most significant performance
drop. This is because the GAT serves as the core mechanism for modeling local dy-
namic user behavior. Without it, the model can no longer assign adaptive importance
to recent or behaviorally relevant interactions, nor can it effectively capture temporal
preference shifts. Additionally, the lack of attention leads to uniform weighting of
neighbors, which is both inefficient and susceptible to irrelevant or noisy signals.

This highlights that the GAT is essential for capturing personalized, time-sensitive
interaction patterns, and complements the global smoothing of LWS by focusing on high-
resolution local signals.

Taken together, these results confirm that VRKG, LWS, and the GAT each contribute
unique and complementary strengths to the model. Their integration leads to a balanced
architecture that captures both global semantic regularities and local dynamic preferences,
and removing any one of them disrupts this balance, thus validating the overall design
of GLARA.

5.4. Parameter Sensitivity Analysis (RQ3)

To evaluate the sensitivity of our model to key hyperparameters, we analyze the impact
of varying the number of LWS iterations Q and GAT layers L on overall recommendation
performance. This analysis provides further insight into how the balance between global
semantic smoothing (via LWS) and local attention-based adaptation (via GAT) affects the
model’s ability to adapt to evolving user preferences and effectively handle long-tail data
distributions. We conduct experiments on the Last.FM and MovieLens-1M datasets with
the number of virtual relations K set to 3. Figure 2 shows the performance on both datasets
for Recall@20 and NDCG@20.

As shown in Figure 2a,b, we fix the number of GAT layers L and vary the number
of iterations Q in the range 1, 2, 3, 4. We notice that the performance curve also increases
and then decreases on the Last.FM dataset. The results show that as Q increases, items
will be closer to similar neighbors in the embedding space will benefit from the item
representation in the recommendation task. However, as Q increases, the node embeddings
will be too close to differentiate, thus impairing the model performance. In addition,
the performance tends to decrease when iterating over MovieLens-1M with increasing
Q, because the knowledge graph of MovieLens-1M is richer and has fewer entities than
Last.FM, and the dense connectivity makes the embeddings more prone to over-smoothing.

In the context of this study, the number of iterations, Q, was fixed at a particular value,
and the value of L was varied within a specific range. The results demonstrated an initial
enhancement in performance, followed by a subsequent decline. Specifically, as L increases
from 1 to 2, the attention mechanism is able to capture higher-order semantic information
(e.g., key connections in long-tail relationships) more accurately by dynamically assigning
the neighbor weights, thus significantly improving the recommendation effect. However,
when L = 3, although the attention mechanism mitigates the oversmoothing problem of
uniform aggregation, the attention weights of some paths in deep propagation may fail due
to semantic dilution or noise interference, resulting in a slight performance degradation.
This phenomenon is more pronounced in sparsely-connected KGs (e.g., Last.FM), where the
complexity of the deep propagation paths exacerbates the difficulty of attention allocation,
and in densely-connected KGs (e.g., MovieLens-1M), where attentional redundancy may
further erode the gains of the deep structure.
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(a) (b)

Figure 2. (a) Last.FM. (b) Movie-1M.

In summary, as the layer L increases, the model performance initially improves sig-
nificantly and subsequently declines uniformly, independent of the number of iterations
Q. This indicates that the GAT layer L is the primary determinate of model performance,
and its attentional mechanism enhances the directionality of information propagation,
yet does not fully address the inherent limitations of deep propagation. The number of
layers L determines the depth of the receptive field, and stacking L layers enables the
item embedding to fuse multi-hop neighbor information. The number of iterations Q
controls the similarity between the embedding and its local neighborhood by adjusting the
smoothing degree of the first-order neighbors. The attentional mechanism further enhances
the weight assignment of critical neighbors; however, peak performance is still limited by
the reasonable choice of the number of layers L.

5.5. Interpretability Analysis (RQ4)

To evaluate the interpretability of GLARA, we conduct a case study by visualizing a
real recommendation scenario using the Last.FM dataset. As shown in Figure 3, we select a
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specific user u57 and a recommended item i33, to illustrate the preference propagation path
from historical interactions to the recommended item.

(a) (b)

Figure 3. Case study from the Last.FM dataset. (a) Shows user u57’s preferences and clustering
relationships for interaction items. Best viewed in color. (b) Shows the semantics of the relationships
in the case study and the corresponding virtual relationships.

Figure 3 presents the multi-hop structure of u57’s interaction history, including user
nodes (blue), item nodes (orange), and knowledge entities (green), along with their semantic
clustering relationships. Figure 3b illustrates the semantic relations associated with this
case and their corresponding virtual relation mappings, showing how original KG relations
such as r15and r30 are abstracted into the same virtual relation v0. These two original
relations are both associated with “awards”, reflecting a coherent semantic group. Similarly,
relations aligned with v2 pertain to “location”-related semantics.

We observe that the model clearly identifies preference propagation paths from his-
torical items to i33 via semantically enriched virtual connections. Furthermore, through
the attention mechanism, the model assigns higher weights to items or paths more aligned
with the user’s preferences. For instance, the attention score assigned to i33 indicates a
stronger relevance to user u57, which implies that the model deems it more informative in
capturing current interests.

In Figure 3b, attention scores are displayed for each virtual relation during the embed-
ding fusion process. These scores reflect the degree of attention user u57 pays to different
semantic aspects when generating the recommendation. Notably, the model assigns a
higher score to virtual relation v0(awards), suggesting that awards are more influential than
location information in this user’s preference. This provides a clear semantic explanation
for why item i33 is recommended—it matches the user’s interest in award-related content.

In addition, Table 4 shows the exposure frequencies of different virtual relations
across the dataset. The distribution indicates that the use of virtual relations balances
the exposure of originally sparse relations, helping mitigate the long-tail problem. This
further confirms that VRKG not only improves model interpretability but also enhances
knowledge coverage.

Table 4. Shows the number of exposure of the virtual relations.

Virtual Relation V0 V1 V2

Expouse Count 14,145 12,493 4398
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6. Conclusions
In this paper, we proposed GLARA, a novel recommendation framework that com-

bines a Virtual Relational Knowledge Graph (VRKG) and Graph Attention Network (GAT)
to enhance both the semantic expressiveness and behavioral adaptability of recommenda-
tion systems. Specifically, we introduced a global-level Local Weighted Smoothing (LWS)
module to mitigate relation sparsity and promote semantic cohesion, and a local-level
attention mechanism to model user-specific interaction dynamics.

To address the long-tail distribution problem in knowledge graphs, we designed
a virtual relation clustering strategy that aggregates infrequent or semantically similar
relations into higher-level abstractions, improving knowledge coverage without manual
path engineering. Furthermore, the GAT module adaptively adjusts attention weights
based on recent user behaviors, allowing the model to effectively capture temporal
preference shifts.

Comprehensive experiments on two benchmark datasets, Last.FM and MovieLens-
1M, demonstrate that GLARA outperforms a variety of strong baselines across multiple
evaluation metrics. Ablation studies further confirm the unique and complementary
contributions of each component. A case study illustrates the model’s ability to generate
interpretable recommendations via virtual relation tracing and attention weight analysis.

Overall, this work offers a unified and flexible solution for combining global seman-
tics and local dynamics in knowledge-aware recommendation. In future work, we plan
to extend our framework to multi-modal knowledge graphs and explore reinforcement
learning-based interaction policies for further personalization.

However, we acknowledge that there are recent advancements in contrastive learning
approaches, such as Knowledge Graph Contrastive Learning and Sparse Group Lasso
systems, as well as LLM-based retrieval methods. These methods have shown promise in
recommendation tasks but typically require extensive hardware resources, such as large
GPU clusters, which were not feasible in the current study. As a result, we have not in-
cluded these methods in our comparison. We plan to explore these techniques in future
work, where we will investigate their integration with GLARA and examine their perfor-
mance with respect to the hardware and computational constraints involved. This is an
important direction for enhancing the scalability and robustness of our model in real-world
industrial applications.
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