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ABSTRACT

This paper investigates advertisement click-through rate (CTR) prediction models based on Gated
Deep Cross Networks and analyzes the impact of different deep learning network architectures on
prediction performance. The paper provides an introduction to the background and related research
of CTR prediction tasks, as well as a detailed discussion of the model structure and design. In the
experimental section, experiments were conducted using publicly available datasets. Various
network structure configurations were tested, including changes in activation functions and dropout
rates. The results indicate that certain configurations in the experimental group exhibited superior
performance compared to the control group, showing significant advantages. Overall, the paper
demonstrates the strong performance of Gated Deep Cross Networks in CTR prediction and
explores how different network structures affect model performance. Finally, the research work is
summarized, and future research directions are proposed, providing valuable insights and
references for CTR prediction tasks.
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1. INTRODUCTION

With the advancement of internet advertising technology, click-through rate prediction plays a crucial
role in personalized recommendations and ad placements. [1] As a typical machine learning problem,
click-through rate prediction has driven innovation in model design and optimization methods. By
exploring new neural network architectures and learning approaches, researchers continuously
improve the prediction accuracy and generalization capability of the models. Click-through rate
prediction models also have widespread applications in real life.

On major e-commerce platforms, video recommendation services, and music recommendation
systems, these models analyze users’ historical behavior and interest data to provide personalized
content recommendations and enhance user experience. For example, Alibaba’s innovative Deep
Intent Awareness Network (DIAN) is a notable application in this field. [2] However, despite the
success of existing models, challenges remain, such as further improving prediction accuracy and
optimizing computational efficiency. This paper aims to enhance current models by specifically
adjusting network structures, optimizing parameter settings, and validating the effectiveness of these
improvements through experiments.
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2. REVIEW OF CLICK-THROUGH RATE PREDICTION RESEARCH

Researchers have conducted numerous studies on click-through rate prediction algorithms. One such
study [3] introduces an advertisement click-through rate prediction model based on convolutional
neural networks, which integrates a mechanism for factor decomposition and a CNN structure. The
model’s foundation is a factorization embedding layer that maps high-dimensional sparse features
(encoded using one-hot encoding) to latent vector spaces. This approach provides a direction for
model construction, namely, to utilize convolutional and pooling layers following the factorization
embedding layer for feature extraction and dimension reduction, and to integrate deep features from
various layers through a fully connected layer. The model also optimizes performance by modifying
activation functions and dropout layers. For instance, replacing the ReLU activation function with
the Selu activation function effectively prevents overfitting.

In addition, a click-through rate prediction model based on deep neural networks [4] proposes the
Long-Short Term Interest Network (LSTIN). Using AUC as the metric, this model demonstrates
improved prediction performance compared to some foundational models in the CTR prediction
domain. It enhances the model’s perceptual capacity and provides advantages through sequence
modeling. Furthermore, the model processes long-term and short-term interests differently, resulting
in better performance.

Recently, researchers have proposed the Gated Deep Cross Network (GDCN), an emerging deep
learning model that combines the advantages of deep neural networks and cross networks. By
capturing high-order interactions between features, this model has made significant advancements
[5]. This paper focuses on comparing different deep learning network structures to study their impact
on click-through rate prediction performance, aiming to provide theoretical support and empirical
validation for improving prediction accuracy and promotional effectiveness.

3. GDCN MODEL STRUCTURE

The Gated Deep Cross Network (GDCN) is composed of an embedding layer, a Gated Cross Network
(GCN), and a Deep Neural Network (DNN). The embedding layer transforms high-dimensional
sparse inputs into low-dimensional dense representations, converting sparse high-dimensional
features into dense low-dimensional embedding matrices. A key distinction of GDCN is the
introduction of an information gate that adaptively filters cross features in each layer, rather than
uniformly aggregating all features. This allows GDCN to effectively utilize deeper high-order cross
information without performance degradation, providing dynamic interpretability for each instance.

The Gated Cross Network (GCN) is the core structure of GDCN, designed to model feature
interactions using information gates. In each gated cross-layer, there are two core components: feature
crossing and information gates. The input to the (I + 1)-th order gated cross-layer comes from the
output features of the previous I-th order layer. However, not all first-order and second-order feature
combinations positively impact the model’s predictions. As the number of feature crossings increases,
the number of cross features grows exponentially, including many combinations that may be
detrimental or even harmful to the model. The number of generated cross features grows
exponentially with the depth of feature crossing, potentially introducing noise and reducing model
performance, i.e., decreasing prediction accuracy or efficiency. This is why information gates are
introduced in the model. These gating components adaptively learn and adjust the weights of each
first-order and second-order feature crossing. As the number of cross-layers increases, each layer’s
information gate filters the cross features for the next layer, effectively controlling the information
flow. The GDCN structure employs parallel and stacking structures, with DNN and GCN being
parallel and stacked respectively. This paper evaluates the GDCN model by assessing both GDCN-p
(parallel) and GDCN-s (stacked) configurations [5].

56



4. EXPERIMENTAL ANALYSIS

This study conducts experiments using GDCN on publicly available datasets, comparing the
performance of the model before and after modifications. First, the section introduces the datasets
used in the experiments, the model-related parameter settings, the improvements made, and the
evaluation metrics for the experimental results.

4.1. Dataset

The experiments in this paper use the Frappe dataset [6] for comparative analysis. The Frappe dataset
(see Table 1) contains app usage logs of users under different contexts (e.g., time, weather, city, etc.),
with a total of 96,203 app records. In addition to userID and appID, each record includes 8 contextual
features: weather, city, time, etc. After applying one-hot encoding, the features have a dimensionality
of 5,382, and a label of 1 indicates that the user used the app.

Table 1. Frappe Dataset
Dataset Instance Feature User Item
Frappe 288,609 5,382 957 4,082

4.2. Parameter Setting

This study utilized the implementation publicly available in the GitHub repository of the authors
Fangye Wang et al. [5] as the foundation for this research, enabling the training and evaluation of the
model. The experimental environment is detailed in table 2.

Table 2. Experimental Environment

Experimental Environment Detailed Information
Processor AMD R5600H 6-core
RAM 16GB
GPU NVIDIA RTX 3060
Deep Learning Framework PyTorch 2.2.1
Programming Language python 3.8.8

The experiments were conducted using PyTorch and based on the publicly available code. The
following settings were used: the Adam optimizer was employed for all models with a default learning
rate of 0.001. During training, the Reduce-LR-On-Plateau scheduler was utilized, which decreases
the learning rate by a factor of 10 if the performance does not improve for 3 consecutive epochs. The
batch size was set to 4096. The embedding dimension for all datasets was 16, and all activation
functions were ReLU. For GCN, GDCN-S, and GDCN-P, if not specified otherwise, the default
number of cross layers is 3.

4.3. Improvement Strategies

Introduce residual connections. When using GDCN-P for click-through rate prediction on the Frappe
dataset, during forward propagation, the input data is first subjected to linear transformation and
nonlinear activation through a multilayer perceptron, with a dropout parameter set to 0.5 to deactivate
some neurons. To address issues such as vanishing and exploding gradients in deep neural networks
[7], a newly introduced residual connection is then applied to the input data for linear transformation.
The two sets of processed data are subsequently fused, combining the features learned by the
multilayer perceptron with the supplementary information learned from the residuals. This enhances
the model’s ability to learn complex features, reduces the risk of overfitting, and improves the model’s
generalization capability.
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Parameter Tuning for Each Layer. To further leverage the advantages of the GDCN model, enhance
feature interactions, and capture higher-order interactions among features, we attempted to increase
the number of GateCrossLayer layers and set the parameters of the MultiLayer Perceptron to (512,
512, 256). To prevent overfitting, early stopping was employed with a patience value of 3. For DCN-
v2-p, the learning rate was adjusted from 0.001 to 0.002.

Modify Network Architecture. Additional MLP layers and two extra fully connected layers were
incorporated into the DeepFM model [8]. These layers are concatenated after the outputs of the
existing LR, FM, and MLP components. This modification helps capture more complex feature
interactions and patterns. During forward propagation, the original LR, FM, and MLP components
remain unchanged, but the new fully connected layers are added in the final prediction process.

4.4. Evaluation Metrics

In experiments with click-through rate prediction models, two common metrics are used for
evaluation: AUC (Area Under the ROC Curve) and Logloss (Logarithmic Loss) [9].

4.5. Results and Analysis

In this section, five models were selected for comparative analysis. The experimental results are
shown in Tables 3 and 4. Table 3 presents the model performance before modifying the network
structure, while Table 4 shows the model performance after the modification. The comparison of the
two metrics before and after the improvements is illustrated in Figures 1 and 2.

Table 3. Performance of the Model Before Improvements

Model Name AUC Logloss
DeepFM 0.977963 0.219289
GDCN-p 0.978069 0.331797
GDCN-s 0.978221 0.225335

DCN-v2-p 0.974238 0.220868
DCN-v2-s 0.977648 0.184890

Table 4. Performance of the Improved Model

Model Name AUC Logloss
DeepFM 0.978037 0.203236
GDCN-p 0.978260 0.322841
GDCN-s 0.979613 0.221773

DCN-v2-p 0.976018 0.217208
DCN-v2-s 0.978175 0.180090

From the experimental results in Tables 3 and 4, it can be observed that improving the network
structure through experimentation leads to performance enhancements for the models on the Frappe
dataset. The stacked structure model GDCN-s, after improvements, achieved a 0.14% increase in
AUC and a 0.36% decrease in Logloss on the Frappe dataset. Similarly, the DCN-v2-s model, also
with a stacked structure, saw a 0.05% increase in AUC and a 0.48% decrease in Logloss after
improvements. For the DCN-v2-p model, changing the learning rate from 0.001 to 0.002 resulted in
a 0.19% increase in AUC and a 0.37% decrease in Logloss. Overall, whether before or after the
improvements, the GDCN model consistently outperforms other models. The AUC value predicted
by GDCN-p is 0.02% higher than that of the DeepFM model, 0.22% higher than that of the DCN-v2-
p model, and 0.01% higher than that of the DCN-v2-s model. The AUC value predicted by GDCN-s
is 0.12% higher than that of the DeepFM model, 0.36% higher than that of the DCN-v2-p model, and
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0.14% higher than that of the DCN-v2-s model. This indicates that the improvement methods are
indeed effective and have significantly enhanced the predictive ability of the click-through rate
prediction models.

Improved vs. Original AUC Comparison

— before improvement after improvement

DeepFM GDCN-p GDCN-s DCN-v2-p DCN-v2-s

Figure 1. AUC Comparison Before and After Improvements

Improved vs. Original Logloss Comparison

— before improvement after improvement

DeepFM GDCN-p GDCN-s DCN-v2-p DCN-v2-s

Figure 2. Logloss Comparison Before and After Improvements



5.

CONCLUSION

This paper conducts a series of experiments on five models to explore their performance in click-
through rate prediction. The improvement methods vary depending on the model. For instance,
residual connections were introduced to the GDCN model, fully connected layers were added to the
DeepFM model, and parameter fine-tuning such as setting the parameters for multilayer perceptrons
and dropout rates was applied to optimize these five models to some extent.
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