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Abstract: Personalized recommendation systems play a crucial role in enhancing user engagement and
decision-making across various domains. Traditional approaches, such as collaborative filtering and
matrix factorization, have shown effectiveness but suffer from data sparsity and cold-start problems.
Recent advances in deep learning, graph-based models, and attention mechanisms have significantly
improved recommendation performance. This paper proposes a novel hybrid recommendation model
that integrates Factorization Machines (FM), Graph Convolutional Networks (GCN), and Multi-Layer
Attention Networks (MLAN) to optimize feature representations and enhance prediction accuracy.
Experimental results demonstrate the superiority of the proposed approach over baseline methods in
key performance metrics.

Keywords: personalized recommendation; factorization machines; Attention Networks; Graph Convo-
lutional Networks

1. Introduction
Personalized recommendation systems have become essential components in various industries,

including e-commerce, digital content platforms, and social networks. These systems aim to enhance
user experiences by providing tailored suggestions based on behavioral patterns and historical in-
teractions. Conventional recommendation methods, such as collaborative filtering (CF) and matrix
factorization (MF), have been widely adopted but suffer from inherent limitations such as data sparsity,
scalability issues, and inability to model complex user-item relationships [1,2].

The hybrid FM-GCN-Attention model draws inspiration from the ensemble techniques in "In-
tegrated Machine Learning for Enhanced Supply Chain Risk Prediction," particularly in optimizing
feature interactions and adaptive learning. These methods enhanced the model’s ability to handle
data sparsity and refine user-item interaction predictions effectively [3]. Shen’s [4] study shows that
offloading computation to 5G MEC units reduces latency and improves performance for real-time
trading apps.

Furthermore, attention mechanisms have been widely utilized to dynamically weight important
user-item interactions, leading to more refined recommendations. Models such as Deep Interest Net-
work (DIN) [5] and Transformer-based architectures [6,7] have demonstrated significant improvements
in capturing long-range dependencies and sequential user behavior patterns.

Despite these advancements, challenges remain in designing hybrid models that effectively
combine factorization, graph learning, and attention mechanisms while maintaining computational
efficiency. Recent studies have explored such hybrid strategies, including Graph Factorization Ma-
chines (GFM) [8], which combine graph-based embedding techniques with FM to improve feature
representation learning.

Additionally, multi-objective learning has emerged as a promising direction in recommendation
systems. Lu et al. [9] proposed an ensemble learning approach to optimize multiple recommendation
objectives, balancing accuracy, diversity, and fairness. Furthermore, multimodal data fusion tech-
niques have been explored to enhance recommendation robustness by incorporating text, images, and
behavioral features [10].
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This study presents a novel Hybrid FM-GCN-Attention Model that integrates FM, GCN, and
MLAN to enhance recommendation accuracy. The major contributions of this work are as follows:

• Enhanced Feature Representation: The integration of FM and GCN enables the model to capture
high-order feature interactions and graph-structured user-item relationships simultaneously.

• Dynamic Attention Mechanism: A Multi-Layer Attention Network (MLAN) is employed to
dynamically weight user-item interactions, refining recommendations based on contextual impor-
tance.

• Hybrid Loss Optimization: The model incorporates a ranking-regression hybrid loss function,
balancing relevance ranking with predictive accuracy.

This paper presents a novel hybrid recommendation model that combines Factorization Machines,
Graph Convolutional Networks, and Multi-Layer Attention Networks to improve recommendation
accuracy and robustness. Experimental results validate the efficacy of the proposed approach, high-
lighting its advantages in capturing complex user-item interactions, handling data sparsity, and
leveraging graph-based structures. Future work will explore additional model optimizations and
expand the evaluation on large-scale real-world datasets.

2. Methodology
The overall architecture of our recommendation model is shown in Figure 1. It consists of three

main stages: data preprocessing, model training, and prediction. The preprocessing stage applies
sparse feature engineering and distance matrix completion. The training phase integrates Factorization
Machines (FM), Graph Convolutional Networks (GCN), and Multi-Layer Attention Networks (MLAN)
to model user-hotel interactions. The final prediction combines outputs from all components using a
weighted sum, optimized with a hybrid loss function.

Figure 1. Overall pipeline of the proposed FM-GCN-Attention recommendation model.

Factorization Machines model high-order feature interactions, while attention mechanisms high-
light key patterns. GCN represents users and hotels as nodes in a bipartite graph, capturing structural
relationships. Experimental results demonstrate that our model outperforms traditional recommenda-
tion systems in MAP@5 and Hit Rate, providing more personalized and accurate recommendations.
The detailed model structure is illustrated in Figure 2.
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Figure 2. The pipeline of the FM-based recommendation model.

2.1. Factorization Machines with Dynamic Feature Interactions

Factorization Machines (FM) effectively model high-order interactions in sparse data. Our model
employs a dynamic FM component to capture interactions between user-specific, hotel-specific, and
temporal features. For the i-th user-hotel pair, the FM model is:

ŷi = w0 +
N

∑
j=1

wjxij +
N

∑
j=1

N

∑
k=j+1

⟨vj, vk⟩xijxik (1)

Where:

• ŷi: predicted rating,
• w0: global bias,
• wj: feature bias,
• vj: factorization vector for feature xij.

Dynamic interactions are modeled by making vj time-dependent:

vj(t) = vj(0) + δvj(t) (2)

Here, vj(t) evolves over time, capturing temporal changes in user-hotel interactions.

2.2. Multi-Layer Attention Networks

A Multi-Layer Attention Network (MLAN) enhances the model’s focus on key features by
capturing long-range dependencies between user behavior and hotel preferences. The attention score
for the i-th input feature at layer l is:

αl
i =

exp(alThi)

∑N
j=1 exp(alThj)

(3)

Where:

• αl
i : attention weight for the i-th feature at layer l,

• al : learnable attention vector at layer l,
• hi: hidden state of the i-th feature.

MLAN enables the model to focus on critical user-hotel interactions, enhancing personalized
recommendations.
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2.3. GCN for User-Hotel Interactions

To model the spatial relationship between users and hotels in the recommendation space, we use
a Graph Convolutional Network (GCN). The GCN treats users and hotels as nodes in a bipartite graph
and captures their interactions. The pipline of GCN is shown in Figure 3.

Figure 3. The pipline of GCN for User-Hotel Interactions.

The graph convolution operation for the i-th user node at layer l is defined as:

hl+1
i = σ

 ∑
j∈N (i)

1√
didj

W lhl
j + bl

 (4)

Where:

• hl
i is the hidden representation of user i at layer l,

• N (i) is the set of neighboring hotel nodes for user i,
• di is the degree of node i,
• W l is the weight matrix at layer l,
• bl is the bias term,
• σ is the activation function (e.g., ReLU).

The GCN propagates information between user and hotel nodes, helping learn better latent
representations in the recommendation process.

2.4. Hybrid Loss Function

We propose a hybrid loss function that combines ranking and regression losses. The ranking
loss ensures that the predicted scores for relevant hotel recommendations are higher than those for
irrelevant ones, while the regression loss makes the predictions closer to true ratings. The hybrid loss
function is expressed as:

Lhybrid = λ1Lranking + λ2Lregression (5)

Where:

• Lranking is the ranking loss, computed using pairwise preference (e.g., hinge loss or log loss),
• Lregression is the Mean Squared Error loss,
• λ1 and λ2 are hyperparameters that control the trade-off between ranking and regression.

The final prediction ŷi is computed as a weighted combination of these components.

2.5. Final Prediction Model

The final output prediction ŷi for user i and hotel j is the weighted sum of the outputs from the
FM, attention, and GCN components:
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ŷi = α1ŷFM
i + α2ŷATT

i + α3ŷGCN
i (6)

Where:

• ŷFM
i , ŷATT

i , and ŷGCN
i are the outputs from the Factorization Machines, Attention Network, and

GCN components,
• α1, α2, and α3 are the weights for each component.

This weighted sum integrates information from all components, providing a final personalized
recommendation.

3. Data Preprocessing
Data preprocessing is essential for preparing raw data for model training. This process involved

three main steps: (1) Sparse Feature Engineering and Serialization, (2) Spatial Mapping of User and
Hotel Locations, and (3) Distance Matrix Completion.

3.1. Sparse Feature Engineering and Serialization

To handle sparse categorical features (e.g., user ID, hotel ID, location attributes), Factorization
Machines (FM) were used to model feature interactions. Categorical variables were one-hot encoded
and embedded into dense vectors to capture complex relationships. Temporal features, such as user
interaction history, were serialized into vectors to reflect evolving user preferences.

Xi = Serialize(xij) where xij ∈ X (7)

Here, Xi denotes the serialized vector for feature xij.

3.2. Distance Matrix Completion

To address the missing interaction data between users and hotels, we employed distance matrix
completion. Both user and hotel locations were initialized on the sphere, and missing distances were
predicted using gradient descent and the spherical cosine law. The location of the user and the hotel
on the sphere in Figure 4.

Figure 4. The user and hotel location on sphere.

The optimization was performed to minimize the error in the predicted distances:

d̂ij = arg min
U,H

∑
i,j

(
∥dij − d̂ij∥2

)
(8)

This approach helped improve the model’s ability to handle sparse interaction data and better
capture user-hotel relationships.
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4. Evaluation Metrics
To assess the performance of our proposed models, we employed the following four evaluation

metrics:

• Accuracy: Measures the proportion of correctly predicted recommendations.

Accuracy =
1
N

N

∑
i=1

I(ŷi = yi) (9)

where ŷi is the predicted recommendation, yi is the true label, and N is the number of predictions.
• Precision at K (P@K): Measures the proportion of relevant items in the top K recommendations.

P@K =
1
K

K

∑
i=1

I(yi ∈ Top-K Predictions) (10)

where K is typically set to 5 for evaluating top-5 recommendations.
• Mean Average Precision (MAP): Averages the precision at each rank across all queries, providing

a more comprehensive measure of recommendation quality.

MAP =
1
N

N

∑
i=1

∑K
k=1 Precision@k · I(yi ∈ Top-k)

Total Relevant Items for i
(11)

• Mean Reciprocal Rank (MRR): Measures the average rank of the first relevant recommendation
across all queries.

MRR =
1
N

N

∑
i=1

1
ri

(12)

where ri is the rank of the first relevant recommendation for the i-th query.

5. Experiment Results
The experimental results of five models, including the baseline model(Attention Net) and various

ablation variants, are shown in the table below. These results highlight the impact of different
components, such as Factorization Machines (FM), spatial mapping of user and hotel locations, and
the attention mechanism, on the model’s performance. The changes in model training indicators are
shown in Figure 5.

Figure 5. Model indicator change chart.
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Table 1. Comparison of Model Performance.

Model Name Accuracy P@5 MAP MRR
Attention Net 0.68 0.56 0.52 0.47

FM Sub-model Only 0.73 0.60 0.57 0.51
Spatial Mapping (H1) 0.75 0.62 0.59 0.53

FM + GCN Model 0.74 0.61 0.58 0.52
Model (FM + GCN + Attention) 0.79 0.67 0.63 0.58

6. Conclusion
In this paper, we proposed a comprehensive model for personalized recommendation using

Factorization Machines (FM), spatial mapping, and attention mechanisms. The experimental results
demonstrated that the combination of these components significantly improved the model’s perfor-
mance across multiple evaluation metrics, including accuracy, precision at K, MAP, and MRR. The full
model, integrating FM, spatial location mapping, and attention, outperformed all variants, confirming
the effectiveness of each component in capturing complex user-item interactions. Future work can
explore further optimization of the attention mechanism and the spatial mapping process to enhance
model robustness and scalability.
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