
Click Through Rate Prediction on GNNs 

Saw Nay Htet Win 1, Phaphontee Yamchote1, Thanapon Noraset1,   
Chainarong Amornbunchornvej2, 

1 Mahidol University, Faculty of ICT, Nakhon Pathom, 
nayhtetwin.saw@student.mahidol.ac.th 
phaphontee.yam@student.mahidol.ac.th 

thanapon.nor@mahidol.ac.th 
2 National Electronics and Computer Technology Center(NECTEC), 

chainarong.amo@nectec.or.th 

Abstract. Click-through rate (CTR) prediction Click-through rate (CTR) predic-
tion is essential in online advertising and recommendation systems, affecting user 
engagement and revenue. Traditional methods like linear models and deep learn-
ing often struggle to effectively capture complex, high-order feature interactions. 
Graph Neural Networks (GNNs) offer improved performance by modeling these 
intricate relationships but face challenges regarding computational efficiency and 
interpretability, affecting scalability. We propose a new static graph-based GNN 
architecture for CTR prediction, incorporating advanced feature selection to en-
hance representation and reduce complexity. Our model employs a bilinear inter-
action mechanism to efficiently prioritize high-order interactions. Experiments 
on benchmark datasets show our approach achieves near state-of-the-art results, 
surpassing traditional deep learning models. 

Keywords: Click-through Rate (CTR) Prediction, Graph Neural Networks 
(GNNs), Sparse feature selection, Online advertising, Recommendation systems 

1 Introduction 

Click-through rate (CTR) prediction is crucial for online advertising and recommenda-
tion systems, directly impacting user engagement and revenue through improved tar-
geting and personalization [3, 16]. Predicting CTR accurately is challenging due to 
high-dimensional, sparse feature interactions, prompting the exploration of advanced 
modeling techniques [14, 26]. Traditional methods like logistic regression and factori-
zation machines, focusing on linear and second-order interactions, have limitations in 
capturing complex interactions [7, 8]. Deep learning approaches, such as cross field 
networks and attention mechanisms, have advanced modeling high-order interactions 
[4, 6], with recent architectures employing two-stream designs that combine MLPs and 
explicit interaction mechanisms [15]. 

Recent studies have integrated graph neural networks (GNNs) into CTR prediction 
to explicitly capture complex feature interactions. GNNs effectively model non-Euclid-
ean relationships, structuring data as graphs to represent dependencies explicitly, 
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beneficial for capturing intricate relationships among categorical and numerical fea-
tures [11, 24]. By transforming tabular data into feature graphs, GNNs propagate and 
aggregate information across connected features, enhancing representation learning be-
yond traditional methods. For instance, Fi-GNN [11] and GraphFM [12] use graph at-
tention and feature memory modules, respectively, to model interactions explicitly. 
Compared to models relying on feature independence, feature graphs allow adaptive 
learning of relationships, improving generalization for CTR tasks [5, 25]. 

Despite their advantages, GNNs in CTR prediction face challenges balancing com-
putational efficiency with high-dimensional feature complexity. Researchers have ad-
dressed these issues by simplifying graph structures or optimizing feature sets for better 
interpretability and efficiency [20, 22]. Dynamic models like Gated Deep Cross Net-
work (GDCN) [19] introduce mechanisms for dynamic interaction prioritization, but 
static graph-based models also benefit from advancements like node embeddings, 
higher-order message passing, and adaptive aggregation, further enhancing static graph 
expressiveness. 

1.1 Feature Interaction Modeling for CTR 

Click-through rate (CTR) prediction is vital in online advertising and recommendation 
systems, largely relying on effective feature interaction modeling. Traditional methods 
like Logistic Regression (LR) capture simple first-order interactions, while Factoriza-
tion Machines (FM) model second-order interactions through embedding vector prod-
ucts. However, FM cannot efficiently represent complex higher-order interactions. 

Variants such as Field-aware Factorization Machines (FFM) [8] introduce field-spe-
cific embeddings, and Attention Factorization Machines (AFM) [21] apply attention 
mechanisms to emphasize significant feature pairs. Yet, these methods still focus only 
on second-order interactions. Deep learning approaches address these limitations by 
modeling higher-order interactions. Models like DeepFM [7] and NFM combine FM-
based structures with deep neural networks (DNNs), implicitly capturing linear and 
non-linear interactions. Although effective, the implicit nature of these methods reduces 
interpretability. 

Explicit interaction modeling is explored in models like xDeepFM [1], which uses 
the Compressed Interaction Network (CIN) to capture interactions through outer prod-
uct operations. However, such methods face scalability issues. Recent improvements, 
like DCNV2 [10], tackle these challenges by employing low-rank techniques for effi-
cient feature interaction approximation. 

1.2 Graph Neural Networks for Feature Interaction Modeling 

Graph Neural Networks (GNNs) model feature interactions by treating features as 
nodes and interactions as edges in a graph, allowing structured representation of com-
plex relationships. This approach is particularly effective for CTR prediction, as it nat-
urally represents interactions among features. Fi-GNN [11] was an early application of 
GNNs for CTR tasks, using a fully connected graph of categorical feature fields. It 
employs gated graph neural networks (GGNNs) to iteratively update node states based 
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on neighboring information and utilizes attention mechanisms to weight feature inter-
actions. GraphFM extends Fi-GNN by combining factorization machine (FM) interac-
tions with GNN aggregation methods, explicitly modeling both second-order and 
higher-order interactions. GraphFM introduces a learned weighted adjacency matrix to 
select meaningful interactions, reducing irrelevant noise, and uses multi-head attention 
to capture diverse feature relationships, improving representational quality. 

1.3 Opportunities and Challenges in Leveraging GNNs for CTR Prediction 

Despite their advantages, GNN-based methods face several challenges. Computational 
efficiency remains an issue, especially for large-scale CTR datasets with high-dimen-
sional, sparse features. The iterative aggregation process in GNNs can be computation-
ally intensive, particularly with dense graphs representing numerous interactions. An-
other challenge is effective graph construction. Fully connected graphs, used by meth-
ods like Fi-GNN, may introduce noise by modeling irrelevant interactions. Although 
GraphFM addresses this by dynamically learning graph structures, further research is 
needed to improve scalability and robustness. Interpretability is also crucial for practi-
cal use. While methods such as Fi-GNN and GraphFM provide some interpretability 
through attention mechanisms and weighted edges, explaining specific feature interac-
tions clearly remains challenging. Future research might combine the interpretability of 
factorization machines (FM) with the expressive capabilities of GNNs. In summary, 
GNNs offer significant potential for CTR prediction through structured modeling of 
feature interactions. Continued advancements in graph construction, attention mecha-
nisms, and interaction selection will help overcome current limitations, enhancing their 
applicability in real-world scenarios. 

2 Our Model 

In this chapter, we introduce SparseGateGNN, a novel Graph Neural Network (GNN) 
designed for efficiently model feature interactions. Our model integrates key compo-
nents, including gated graph learning, residual connections, adaptive normalization, 
and a dedicated Graph Layer for cross-feature interactions. This architecture aims to 
create sparse, interpretable graph structures while maintaining high predictive perfor-
mance. Our model extends traditional GNN architectures by introducing a learnable 
graph structure that adapts dynamically to feature embeddings. The model is structured 
into three main components:  

(1) Feature embedding 
(2) Gated graph learning 
(3) A prediction layer with cross-feature interaction 

These components collectively capture and process complex relationships between fea-
tures. 
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2.1 Feature Embedding Layer 

The feature embedding layer transforms raw input features into dense, low-dimensional 
vectors. We follow FiGNN Li et al. [11] to represent features in a continuous vector 
space where semantic relationships can be learned. Given input 𝑋 with 𝑛 features and 
an embedding dimension 𝑑, the output is E ∈ R𝑛×𝑑 , where E𝑖 represents the embed-
ding of the 𝑖-th feature. 

2.2 Gated Graph Learning Module 

The gated graph learning module constructs a dynamic, sparse graph structure based on 
pairwise feature interactions. In this structure, edges represent interactions between fea-
tures, allowing information to propagate and influence node representations. This mod-
ule employs a gating mechanism to prioritize significant feature connections and in-
cludes steps for sparsity enforcement and normalization. 

Pairwise Interaction Scores 
Pairwise interaction scores G are computed using a learnable interaction matrix K: eq1 

 𝐺 =  𝜎 (𝐾𝐾்), (1) 

where 𝜎 is the sigmoid function. 

Sparsity Enforcement 
A threshold 𝜏 is applied to enforce sparsity : 

 𝐺′௜௝ =  ൜
𝐺௜௝ , 𝑖𝑓 𝐺௜௝ >  τ  

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,
 (2) 

Normalization 
The adjacency matrix G is normalized to ensure numerical stability [17]:  

 𝐺௡௢௥௠ =   𝐷ିଵ/ଶ𝐺′𝐷ିଵ/ଶ, (3) 

where D is the degree matrix. The resulting sparse graph Gnorm is then used for mes-
sage passing and feature interaction. 

2.3 Graphic Layer with Cross-Feature Interaction 

A central component of SparseGateGNN is the Pairwise interaction scores, which inte-
grates simple message passing and cross-feature interactions into the graph propagation 
process. This layer combines these mechanisms to refine feature embeddings and cap-
ture higher-order feature relationships critical for CTR prediction. Recent works Liu et 
al. [13], Zhang et al. [24] have demonstrated the effectiveness of incorporating GNN-
based interaction modeling for CTR prediction. 
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Linear Message Passing 
The Graph Layer applies a normalized adjacency matrix Gnorm to Propagate messages 
between neighboring features. This propagation is modulated by learnable weights to 
enhance feature embeddings:  

 𝐻ᇱ =  𝐺௡௢௥௠ · H௢௨௧, (4) 

where Hout = Wout . H represents the transformed feature embeddings, and Wout is a 
learnable weight tensor. 

Cross-Feature Interaction 
To complement message passing, the Graph Layer computes cross-feature interactions 
by calculating pairwise relationships between feature embeddings. These interactions 
are captured as: 

 𝐻௖௥௢௦௦ =  ∑ G௡௢௥௠ · C௜௝௞
௡
௝ୀଵ , (5) 

where: 𝑖, 𝑗 are node indices representing different entities in the graph. 𝑘 is the feature 
dimension index, indicating the specific feature dimension of the interaction. H𝑖 and H𝑗 
are the feature representations (embeddings) of nodes 𝑖 and 𝑗, respectively. Wcross is a 
learnable weight matrix that governs the transformation of the feature interactions. The 
cross-interaction terms C𝑖 𝑗𝑘 are further scaled by the normalized adjacency matrix 
Gnorm to align the interactions with the graph’s structure: 

 𝐻௖௥௢௦௦ =  ∑ G௡௢௥௠ · C௜௝௞
௡
௝ୀଵ , (6) 

Combining Message Passing and Cross-Feautre Interaction. 
The outputs of message passing H′and cross-feature interactions Hcross are aggregated 
to capture both local and global feature relationships: 

 𝐻௖௢௠௕௜௡௘ௗ =  𝐻ᇱ + H௖௥௢௦௦ , (7) 

Final Transformation 
The combined outputs are processed through a learnable transformation and a non-lin-
ear activation function:  

 𝐻௙௜௡௔௟ =  𝐿𝑁(𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(W௜௡ · H௖௢௠௕௜௡௘ௗ + 𝑏)), (8) 

where Win and b are trainable parameters, and LeakyReLU introduces non-linearity. 
Layer normalization(LN) is applied to stabilize training and enhance model generaliza-
tion. By integrating simple message passing with cross-feature interactions, the Graph 
Layer effectively captures both direct feature relationships and higher-order interac-
tions. This combination enhances the representational power of the model, making it 
well-suited for tasks like CTR prediction. 
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2.4 Residual Learning and GRU Updates 

To enhance feature representation, we adopt the following two components from 
FiGNN [11]: Residual Connections: These preserve the original feature information 
by adding input embeddings to the graph output:  

 𝐻 =  𝐸 + 𝐻௙௜௡௔௟ , (9) 

GRU-Based Updates: When enabled, gated recurrent units (GRUs) refine feature rep-
resentations over multiple graph layers by modeling sequential dependencies: 

 𝐻௧ =  𝐺𝑅𝑈(𝐻௧ିଵ, 𝐻௙௜௡௔௟), (10) 

2.5 Transformer Pooling 

The Transformer pooling mechanism leverages the Transformer encoder to enhance 
feature representation by modeling long-range dependencies among features. This ap-
proach integrates self-attention and feed-forward layers to refine feature embeddings 
before applying a pooling operation. Inspired by prior works Dwivedi and Bresson [5], 
Yun et al. [23] in Graph Transformers, we adapt this mechanism for CTR tasks, build-
ing on the foundations of the original Transformer model Vaswani [18]. Given input 
embeddings H ∈R𝑛×𝑑 , where 𝑛 is the number of features and 𝑑 is the embedding di-
mension, the Transformer encoder processes the embeddings to capture intricate feature 
dependencies:  

 𝐻௧௥௔௡௦௙௢௥௠௘ௗ =  𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝐻௧), (11) 

where the encoder consists of 𝐿 layers, each including multi-head self-attention and 
feed-forward sublayers. The self-attention mechanism ensures that critical interactions 
between features are identified and preserved. 
Pooling and Prediction. After transformation, mean pooling aggregates the feature rep-
resentations across all dimensions: 

 𝐻௣௢௢௟௘ௗ =  
ଵ

௡
∑ 𝐻௧௥௔௡௦௙௢௥௠௘ௗ,௜

௡
௜ୀଵ , (12) 

This pooled representation is passed through a fully connected layer to produce the final 
prediction: 

 𝑦ො = 𝜎(W௣௥௘ௗ · H௣௢௢௟௘ௗ + 𝑏) (13) 

where 𝜎 is the sigmoid activation function, Wpred is the weight matrix, and 𝑏 is the 
bias term. 

The prediction layer uses a Transformer-based pooling mechanism to aggregate fea-
ture representations. The Transformer encoder captures long-range dependencies 
among features, and mean pooling aggregates the information across all dimensions. 
The model is trained using binary cross-entropy (BCE) loss for CTR prediction, with 
an additional 𝐿1 penalty on the adjacency matrix to encourage sparsity. 
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3 Experiments 

In this section, we describe the experimental setup and results for evaluating the pro-
posed SparseGateGNN model. We perform experiments on the widely used Criteo da-
taset for click-through rate (CTR) prediction under multiple configurations to validate 
the effectiveness and robustness of our model. 

3.1 Experiment Setup 

We use the Criteo[9] dataset and Avazu[2] Dataset, standard benchmark for CTR pre-
diction tasks. These datasets contain millions of user-item interactions, with dense and 
sparse features, making it suitable for evaluating feature interaction models. Those da-
tasets are preprocessed following common practices, including feature normalization 
and transformation into a format compatible with SparseGateGNN. Base configuration 
for SparseGateGNN is provided in Table 1. This serves as the reference setup for com-
paring different experimental variations. 

3.2 Main Results 

In our experiments, we evaluate the performance of our proposed SparseGateGNN 
model for click-through rate (CTR) prediction. The key finding is that SparseGateGNN 
achieves an AUC score of 0.8132 while utilizing only approximately 33% of the con-
nections in the graph. This demonstrates the model’s ability to effectively reduce com-
putational complexity while maintaining competitive performance. Can see the perfor-
mance comparison in Table 2. Among graph-based models for CTR prediction, 
SparseGateGNN outperforms existing approaches, highlighting the effectiveness of 
gating mechanisms. However, when compared to other state-of-the-art models outside 
the graph domain, it does not achieve the highest AUC. Nevertheless, the AUC score 
remains close to top-performing models, indicating that SparseGateGNN provides a 
promising trade-off between model complexity and predictive accuracy. 

Table 1. Base Configuration for SparseGateGNN 

Hyperparameter Value Hyperparameter Value 
Dataset ID criteo_x1 Use Residual Connec-

tions 
True 

Task  Binary Classification Use GRU False 
Loss Function Binary Cross-En-

tropy 
Reuse Graph Layer False 

Metrics Logloss, AUC Embedding Regularizer 1 × 10−8 
Optimizer Adam Max Gradient Norm 1.0 
Learning Rate 1 × 10−4 Net Regularizer 0 
Embedding Dimension 32 Epochs 100 
Batch Size 512 Shuffle True 
GNN Layers 4 Seed 2019 
Layer Normalization True Early Stopping Patience 4 
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Table 2. Performance Comparison Across Datasets 

Class Model Criteo Avazu 

  Logloss AUC Logloss AUC 

Graph Models FiGNN[11] 0.4453 80.62 0.3825 77.62 

 GraphFM[12] 0.4399 80.91 0.3781 77.98 

 
SparseGateGNN 

(ours) 
0.4389 81.32 0.3749 78.86 

Classical Models LR[11] 0.4695 78.20 0.3964 75.60 

 FM[11] 0.4700 78.36 0.3856 77.06 

 AFM[11] 0.4584 79.38 0.3854 77.18 

 FmFM[12] 0.4434 80.83 0.3859 77.46 

Cross Field Network CIN[11] 0.4517 80.09 0.3829 77.58 

 CrossNet[12] 0.4591 79.07 0.3868 76.67 

 DCNv3[10] 0.4358 81.62 0.3695 79.70 

 GDCN[19] 0.4364 81.58 0.3739 79.05 

 
SparseGateGNN outperforms other GNN-based models for CTR prediction in terms of 
AUC and logloss metrics. And also, performance is comparable to other sate of arts 
model. Table 2 summarizes the comparative performance. 
 
Graph and Threshold. 
The feature interaction graph, representing relationships with interaction scores, stabi-
lizes by epoch 13, confirmed by decreasing differences from the final graph and appli-
cation of a 0.65 threshold to highlight key interactions. SparseGateGNN dynamically 
selects relevant feature interactions, reducing graph connectivity by 33% while main-
taining high accuracy and lowering computational overhead compared to models like 
Fi-GNN and GraphFM. This demonstrates the benefit of sparsity in CTR tasks.  

While SparseGateGNN outperforms other GNN-based CTR models (Fi-GNN, 
GraphFM) in AUC and logloss, it doesn't match top deep learning models like DCNv3 
and GDCN in AUC, though the difference is small, offering a good balance between 
complexity and performance. This trade-off is partly due to bilinear message passing 
and Transformer pooling, with ablation studies showing bilinear interaction as crucial 
for modeling high-order dependencies and Transformer pooling aiding in capturing 
long-range dependencies. 
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Fig. 1. Heatmap of 𝑘-interaction values learned by SparseGateGNN with 1st epoch left and 13th 
epoch right 

3.3 Analysis 

Ablation Study 
To evaluate individual components of our model, we conducted an ablation study by 
selectively disabling features and comparing the resulting AUC scores (summarized in 
Table 3). Our full model, including L1 loss with self-loop, GRU, Transformer, and 
bilinear interaction, achieved the highest AUC of 0.8132. Removing Transformer pool-
ing slightly reduced performance to 0.8124, underscoring its importance. Replacing 
GRU activation caused a decline to 0.8120, highlighting its role in sequential modeling. 
Omitting L1 loss and self-loop mechanisms further decreased the AUC to 0.8119, 
showing their contribution to node representation refinement. Excluding bilinear mes-
sage passing resulted in the most substantial performance drop to 0.8084, emphasizing 
its critical role in capturing feature interactions. Overall, these results confirm the sig-
nificant contribution of each component, particularly bilinear message passing and 
Transformer aggregation. 

Table 3. Ablation study results showing the effect of disabling specific components on the 
model’s AUC score of Criteo dataset 

Model AUC 
Ours 0.8132 
Ours – Transformer Pooling 0.8124 
Ours - GRU Activation 0.8120 
Ours - L1 and Self-loop 0.8119 
Ours - Bilinear Message Passing 0.8084 

Impact of Hyperparameter Settings 
The impact of various hyperparameter settings was evaluated to understand their influ-
ence on model performance. Adding L1 regularization enhances graph sparsity, espe-
cially when used alongside self-loops, which alone also consistently boost performance. 
Thresholding methods showed minimal differences; however, fixed thresholding (e.g., 
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0.65) occasionally outperformed schedule-based approaches. Increasing the embedding 
regularizer value helped reduce overfitting and slightly improved test AUC. Lastly, 
larger embedding dimensions (e.g., 32) led to better AUC scores, albeit with a rise in 
model complexity. 

Table 4. Experimental results for different hyperparameter settings. 

Threshold Regularizer L1 loss Self-loop Dim Parameters AUC 

Schedule 1.00 ×10−8 No No 16 33,553,665 0.8072 

0.65 1.00 ×10−8 No No 16 33,553,665 0.8074 

0.65 1.00 ×10−6 Yes No 32 67,440,001 0.8011 

0.65 1.00 ×10−6 No Yes 32 67,440,001 0.8110 

0.65 1.00 ×10−6 Yes Yes 32 67,440,001 0.8113 

0.65 1.00 ×10−5 Yes Yes 32 67,440,001 0.8132 

4 Conclusion 

This study introduced SparseGateGNN, a novel GNN architecture for efficient and in-
terpretable high-order feature interaction in CTR prediction. It combines gated graph 
learning, sparse selection, and transformer pooling, achieving an AUC of 0.8132 on 
benchmark datasets with only 33% of feature connections, demonstrating reduced over-
head without sacrificing predictive power. Key components like bilinear message pass-
ing and transformer pooling proved significant. While outperforming other GNNs and 
competitive with state-of-the-art models, SparseGateGNN doesn't yet surpass top non-
GNN models. 

Limitations include the scarcity of diverse benchmark datasets, hindering generali-
zation assessment, and the performance gap compared to leading CTR models. Future 
work includes exploring hybrid architectures (e.g., with DCN/DeepFM) and using 
meta-learning for dynamic graph optimization. Overall, graph-based approaches like 
SparseGateGNN show a promising balance of performance, efficiency, and interpreta-
bility. 
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