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Abstract Click-through Rate (CTR) prediction has
become one of the core tasks of the recommendation

system and its online advertising with the development
of e-commerce. In the CTR prediction field, different
features extraction schemes are used to mine the user

click behavior to achieve the maximum CTR, which

helps the advertisers maximize their profits. At present,

achievements have been made in CTR prediction based

on Deep Neural Network (DNN), but insufficiently, DNN

can only learn high-order features combination. In this
paper, Product & Cross supported Stacking Network
with LightGBM (PCSNL) is proposed for CTR pre-

diction to solve such problems. Firstly, the L1 and L2

regularizations are imposed on Light Gradient Boosting

Machine (LightGBM) to prevent overfitting. Secondly,

the method of vector-wise feature interactions is added

to product layer in product network to learn second-

order feature combinations. Lastly, feature information

is fully learned through the cross network, product net-

work and stacking network in PCSNL. The online ads

CTR prediction datasets released by Huawei and Avazu

on the Kaggle platform are involved for experiments. It
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is shown that the PCSN model and PCSNL have bet-

ter performance than the traditional CTR prediction

models and deep learning models.

Keywords LightGBM · Click-through Rate · Inte-

grated Network · Deep & Cross · Product-based Neural
Network

1 Introduction

The Internet and cloud computing make it possible

for advertisers to use Internet platforms for precision

marketing. Compared with traditional advertising, on-

line advertising boasts the advantages of wide coverage,

high flexibility, strong pertinence, and low cost. One of

the main goals of online advertising is to maximize the

revenue of advertisers with a given budget, such as max-

imizing clicks or conversions of advertisements,which
is defined as CTR prediction problem (Chapelle et al.

2015; Richardson et al. 2007).

There are mainly four billing methods for online

advertising: monthly, Cost Per Mille (CPM), Cost Per

Click (CPC) and Cost Per Sales (CPS) (Asdemir et al.
2012; Miralles-Pechuán et al. 2017). CPC and CPS are

closely related to CTR, for that the order of CTR de-
termines the income of the enterprise. Therefore, adver-
tisers need a high CTR on the advertising platform to

help increase the revenue from advertising. The adver-

tising platform utilizes its massive user and consumer

resources to achieve precision advertising by tailoring

advertisements to different users and contexts. A small

increase in CTR can bring greater benefits to the enter-

prise. Therefore, CTR prediction is becoming more and

more important in the recommendation systems (Wen

2021; Vedavathi and Kumar 2021) and online advertis-

ing (Koren et al. 2009).
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In order to facilitate readers’ understanding of this

paper, a brief introduction of structure of the paper
is presented as follows. Section 2 introduces some re-

lated works about CTR prediction model. Section 3

provides some preliminary knowledge for understand-

ing CTR prediction model based on deep learning. In

Section 4, details of the integrated network of this pa-

per are explained. Section 5 presents and analyzes the
experimental results. Finally, a conclusion is made with

potential future works mentioned in Sec 6.

2 Related work

The CTR prediction problem is a typical regression

problem. At present, the most commonly used predic-

tion method is Logistic Regression (LR) (Richardson
et al. 2007). LR features a simple model, but the lin-

ear model can not learn high-order feature combina-
tion. Chang et al. (2010) proposed the Poly2 model

(Kudo and Matsumoto 2003) in 2010 for CTR pre-

diction. The Poly2 model retains the characteristics of

LR learning first-order features, and learns the pairwise

combination of second-order features. Due to its high

data dimensionality and sparsity, the Poly2 model cre-

ates an extra complexity of time and space when learn-

ing second-order feature combinations. For the reason,
Steffen (2010, 2012) proposed the Factorization Ma-

chine (FM) model in 2010. When FM does pairwise fea-

ture combinations, the high-dimensional sparse matrix

is mapped to the low-dimensional dense matrix. There

are also many feature engineering researchers who ex-

pand FM to Higher-order Feature Machines (HoFM)

(Blondel et al. 2016), Attentional Factorization Ma-

chines (AFM) (Xiao et al. 2017) and High-order At-

tentive Factorization Machine (HoAFM) (Tao et al.

2020). However, FM only engages the combination be-

tween two features. Learning feature combinations by

FM has different results, because the latent vectors in

feature domains may be distributed in different ways.

Therefore, Juan et al. (2016) further proposed Field-

aware Factorization Machine (FFM) related to feature

domains on the basis of FM. The basic concept of FFM

is dividing the features into multiple feature domains

for feature combinations, and combining the different

feature domains of the two features to learn different
latent vectors. In addition, researchers of Facebook (He

et al. 2014) used Gradient Boost Decision Tree (GBDT)

(Friedman 2001) to extract and filter distinguished fea-

tures and feature combinations, and combined the ex-

tracted features and the original ones into a whole as

the input to the LR model to solve the problem of fea-

ture combinations. This solution is called GBDT+LR.

In recent years, deep learning (Schmidhuber 2015;

Yu and Deng 2011; Sulthana et al. 2020) has become
successful in the fields of Computer Vision (Chu et al.

2020), Natural Language Processing, Language Recog-

nition(Mohamed et al. 2012a,b) and Cyberspace Secu-

rity (Yang et al. 2019; Yang and Liu 2020) because

of its great power of feature representation learning.
The strong learning ability of deep learning is also ap-

plied to CTR prediction. Zhang et al. (2016) proposed

the Factorization Machine supported Neural Network

(FNN) model in 2016. The input of FNN is the dense

latent vector obtained by the pre-trained FMmodel. Qu

et al. (2016) proposed the Product-based Neural Net-
work (PNN) model with the product layer integrated

into the DNN model, which contains latent vectors, and

includes the product operation between feature vectors

(inner product and outer product). Models that merely

use deep learning can only learn the high-order feature

combinations, but the low-order ones are equally im-

portant in CTR prediction. In 2016, Cheng et al. (2016)
proposed the Wide&Deep model by combining the LR

linear model and the deep learning model. Wide&Deep
model not only covers low-order feature combinations
in wide part (LR model), but also learns high-order
feature interactions in deep part (Neural Network). In

order to make up for the defect that the Wide&Deep

model can only learn first-order features in the linear

model part, Guo et al. (2017) proposed to replace the

linear part (Wide) of the Wide&Deep model with an
FM model, creating a new model called DeepFM.

In addition to the above-mentioned models combin-

ing two or more models, Multi-Layer Perceptron (MLP)
is used in many studies to directly learn the feature in-
teractions. Shan et al. (2016) proposed Deep Crossing

model for CTR prediction. The Deep Crossing model

is an MLP composed of an embedding layer, a Stack-

ing layer, a Multiple Residual Unit and a scoring layer.
Wang et al. (2017) proposed the Deep&Cross model

for CTR prediction. The Deep&Cross model consists of
DNN, cross network and stacking network, and the in-
put of stacking network is the combination of the out-

put of first two networks. Zhu et al. (2017) proposed

the Deep Embedding Forest (DEF) model. The forest

layer in The DEF model is used to learn high-order

interactions. However, the same feature information is

learned by the multiple residual unit in Deep Crossing.
The DEF model can effectively reduce the online pre-
diction time compared with the Deep Crossing model.

Lian et al. (2018) proposed eXtreme Deep Factoriza-

tion Machine (xDeepFM), the Compressed Interaction

Network (CIN) in xDeepFM as an explicit network of

learning feature interactions.
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Some traditional CTR prediction models can only

learn low-order feature combinations. Models based on
deep learning can learn both low-order and high-order
feature interactions, but the feature information learned

by most models is not sufficient. Hence, here proposes

an integrated network with LightGBM for CTR predic-

tion.

3 Preliminaries

3.1 LightGBM

Compared with eXtreme Gradient Boosting (XGBoost)

(Chen and Guestrin 2016), Light Gradient Boosting

Machine (LightGBM) (Ke et al. 2017) improves the cal-

culation speed of the algorithm while ensuring smaller
memory space and better algorithm performance. First,
LightGBM uses Histogram-based Algorithm (HA). Con-

tinuous feature in the data is discretized by HA, and

represented as a histogram of width k, as is shown in

Fig. 1. LightGBM gains many advantages by discretiz-

ing continuous feature values, including: reduced mem-

ory, convenient storage, faster calculation, etc.

…

…

…

#
fea

tu
re

#data

…

#
fea

tu
re

#bin

Fig. 1 Histogram-based Algorithm

Another important factor affecting the efficiency of

the algorithm is the information gain calculation method

of split nodes. Therefore, the leaf-wise tree growth strat-

egy with a maximum depth limit and Gradient-based

One-side Sampling (GOSS) (Ke et al. 2017) are used to
split nodes.

Compared with other strategies, the leaf-wise one

can require fewer split nodes with the same of algorithm

performance and error. The weaknesses of the leaf-wise

is that it is tendency to create a deeper decision tree,

which can lead to overfitting. LightGBM use the leaf-

wise tree growth strategy with a maximum depth limit

to prevent overfitting while ensuring high efficiency.

GOSS is a sampling algorithm when calculating sam-

ple information gain. The main goal is to reduce the

impacts of small gradient instances on split points. In

order to reduce the complexity of calculating the infor-

mation gain, GOSS divides the samples into two cat-

egories: large gradient ones and small gradient ones.

Samples with a large gradient take up a larger pro-

portion, so reducing most of the samples with a small

gradient have no great impact on the calculation of the

information gain. The samples are sorted in a descend-

ing order of the absolute value of their gradients. GOSS

firstly selects the first α∗100% instances as large gradi-

ent data, where α is the sampling ratio of large gradient
data. Then it randomly selects β ∗ 100% instances in

remaining data as small gradient data, where β is the

sampling ratio of large gradient data. Finally, it uses

(α + β) × 100% instances to calculate the information

gain as Eq. (1) (Ke et al. 2017).

Ṽ (d) =
1

n
(
(
∑

xi∈Al
gi +

1−α
β

∑

xi∈Bl
gi)

2

nl(d)

+
(
∑

xi∈Ar
gi +

1−α
β

∑

xi∈Br
gi)

2

nr(d)
),

(1)

where n is the number of (α + β) ∗ 100% instances.

nl(d) and nr(d) are respectively the number of samples

retained by the left node and the right node. Al and Ar

are respectively the large gradient sample sets where
the two child nodes (the left one and the right one) are

retained. Bl and Br are respectively the small gradient

sample set where the two child nodes are retained. 1−α
β

is used to modify the deviation of the sum of gradients

of Ac samples.

Exclusive Feature Bundling (EFB) in LightGBM, a
feature dimensionality reduction algorithm, reduces the

impacts of high-dimensional data on algorithm perfor-

mance. The industrial data is high-dimensional sparse

data. EFB bundles mutually exclusive into one feature

to achieve dimensionality reduction. Finally, the com-

plexity of the algorithm can be reduced from O(N ∗

Dfeature) to O(N ∗Dbundle), where Dbundle is the num-
ber of bundled features.

3.2 Embedding layer

In CTR prediction, most of the features are categorical

features, such as ”country=China”. For most models,

the categorical features can not be directly processed

and need to be converted into a binary matrix by one-

hot (Covington et al. 2016). For example, [0, 1, 0, 0, 0]

indicates that the feature only has five values, the sec-
ond of which is China. All categorical features are pro-
cessed into a high-dimensional sparse binary matrix by

one-hot. When it is directly used as the input of a

model, it generates exceptionally large computational

overhead. Adding the embedding layer before inputting

the data into a model can effectively reduce the com-

plexity of the overall model. The Eq.(2) shows the con-
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version method for a categorical feature (Wang et al.

2017).

xe,i = W e,ixi, (2)

where xe,i is the embedding matrix from i-th sparse

feature, xi is the one-hot matrix of i-th input feature,
W e,i ∈ R

nr×nc is the weight for handling one-hot vec-

tors, nr and nc are respectively the dimensions of the

embedding matrix and one-hot matrix of features. In

the end, we combine the embedding matrices and con-

tinuous features xd in data into one matrix X0 as the
input of model (Covington et al. 2016).

X0 = [xT
e,1,x

T
e,2, · · · ,x

T
e,k,xd] (3)

3.3 Cross Network

Most traditional CTR prediction models do feature en-

gineering before data are inputted. The role of cross

network is to reduce the workload of the personnel per-

forming the feature engineering. The iteration method

of each layer of cross network is:

xl+1 = x0x
T
l wl + bl + xl = f(xl,wl, bl) + xl, (4)

where xl,xl+1 ∈ R
d are the outputs of the l-th and the

(l+1)-th cross layer, and wl, bl are the weight and bias

parameters of the l-th layer (Wang et al. 2017). The

iteration of l-th layer in cross network is presented in
Fig. 2 (Wang et al. 2017).

=

*

+

*

+

Output Feature Crossing InputBias

1 0

T

l l l l l+ = + +x x x w b x

Fig. 2 The iteration of l-th layer in cross network

Cross network has the following advantages in learn-

ing cross features through Eq. (4):

1. Limited high-order. The cross multiplication order

is determined by the network depth. When the num-
ber of hidden layer is l, we can learn the cross fea-

tures of order l + 1.

2. Automatic cross product. Cross outputs include all

cross product combinations from the first order to
the l+1 order of the original features, and the model

parameters only increase linearly with the input di-
mension.

3. Parameters sharing. Cross product items have dif-
ferent weights, but not each cross product combina-
tion has an independent weight by sharing parame-
ters. Cross network effectively reduces the numbers

of parameters, and enables the model to be more

generalized and robust.

3.4 Product Network

Product network is an MLP with multiple hidden lay-

ers. Unlike traditional MLPs, it adds a product layer to

learn second-order feature interactions before the hid-

den layer. The product layer mainly includes embed-

ding vectors and their vectors product with the formula

as Eq. (5) or Eq. (6). Eq. (5) and Eq. (6) are respectively

the vectors of inner and outer product. When product
network contains only inner product, it is called IPNN.
OPNN contains only outer product. PNN contains both

the two products (Qu et al. 2016).

pi,j = 〈vi · vj〉 = [ v1i v2i · · · vki ]











v1j
v2j
...

vkj











=
k

∑

t=1

vtiv
t
j (5)

vi × vj =











v1i
v2i
...

vki











[ v1j v2j · · · vkj ] =







v11 . . . v1k
...

. . .
...

vk1 . . . vkk







=⇒ pi,j =

k
∑

i=1

k
∑

j=1

vij

(6)

In the MLP after the product layer, the hidden layers

are all fully connected.

3.5 Stacking Network

Stacking network combines the high-order features out-

putted by the cross network and the product network

as the new input of DNN, so that the entire model can

be a whole for parameter training. When the hidden
layer of stacking network is 0, stacking network is only
a simple CTR prediction model. In fact, subsequent ex-
perimental results show that adding a small number of

hidden layers can improve the performance to a certain

extent.
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4 Proposed algorithm

4.1 Improved LightGBM

The non-click and click samples in data is usually dis-

proportionate in CTR prediction. It is predicted that

the click-through rate of click samples is low, leading

to poorer performance of model. The decreasing abil-

ity of the model to recognize click samples eventually

causes overfitting. We impose L1 and L2 regularizations

(Zou and Hastie 2005) controlled by hyper-parameter

λ1 and λ2 on model parameter set ω to avoid overfit-
ting. For the disproportion of non-click and click sam-

ples, the click samples are given a higher weight when
calculating the loss function.

For the k-th tree of LightGBM, the original loss

function is defined as:

Loriginal = −
1

N

N
∑

i=1

L(yi, ŷi), (7)

where yi is true label, ŷi is the predicted value by the

k-th tree, and L(·) is the loss function. The most used
loss function is Logloss (Vovk 2015). The improved loss

function is:

Lmodified = −
1

N

N
∑

i=1

αiL(yi, ŷi)+
λ1

2
‖ω‖1+

λ2

2
‖ω‖22, (8)

where αi, the weight of modified samples, is defined as:

αi =

{

1, yi = 0

δ, yi = 1
(9)

When the label of sample is 0, the weight is 1. When

the label is 1, the weight is set as a number greater

than 1 and then impacts of non-click samples can be

further reduced. λ1

2
‖ω‖1 is L1 regularization, and the

λ1 is the hyper-parameter of L1.
λ2

2
‖ω‖22 is L2 regular-

ization, and the λ2 is the hyper-parameter of L2. ω in

L1 and L2 is the parameter in the k-th tree.

4.2 Improved PNN

PNN uses vector product to learn second-order feature
combination, including two ways of inner product and
outer product. In this paper, we add a matrix-based

vector-wise interaction algorithm (Lian et al. 2018) to

the product layer of the PNN, which is named as VPNN

(Vector & Product-based Neural Network). Its architec-

ture is presented in Fig. 3.

The vector-wise method rolls all the embedding vec-

tors into a two-dimensional matrix for learning. Figure

Product Layer……

… Product Network

…Input Layer

Embedding Layer …

Nonzero_value Feature

Embedding

Activation Function

Inner Product

Sigmoid Function

Embedding

Layer Connection

Normal Connection

Zero_value Feature

Field i Field j Field m…

Fig. 3 The architecture of VPNN

4 is the overview of the vector-wise architecture. The

dimension of feature vectors processed by vector-wise n

may be inconsistent with the dimension of the embed-

ding vector. The last second-order interaction matrix is

calculated via:

X
1
h,∗ =

m
∑

i=1

m
∑

j=1

W
1,h
ij (X0

i,∗ ◦X
0
j,∗), (10)

where 1 6 h 6 n,W 1,h ∈ R
m×m is the parameter

matrix for the h-th feature vector, X0
i,∗ and X

0
j,∗ are

the i-th and the j-th embedding vectors. ◦ denotes the
Hadamard product, such as 〈a1, b2, c3〉 ◦ 〈a1, b2, c3〉 =

〈a1a1, b2b2, c3c3〉.

The improved PNN can learn the pairwise feature

interactions, and combine feature vectors for interac-

tive learning. VPNN learns more features than PNN

to ensure that the model improves the CTR prediction

performance.

4.3 CTR prediction model

In this section, we introduce the details of PCSNLmodel.

As shown in Fig. 5, the architecture of PCSNL is com-

posed of embedding layer, cross network, product net-

work and stacking network.

The low-order interactions are learned in cross net-
work and product network. And The high-order com-

binations are learned in product network and stack-

ing network. The input of stacking network combines

the outputs of the cross and the product network. The

difference between cross network and traditional DNN

model is that cross network learns the feature inter-

actions through Eq. (4). Product network learns the

low-order feature combinations by adding a vector &

product layer in front of the DNN model, which can
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result for further learning

…

…

…

…

…

D

D

m

m

M

(b) Feature mapping. It com-
presses the temporary matrix M

to n embedding vectors

D

n

n

 

(c) Sum pooling. It com-
presses n embedding vec-
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sion n by sum pooling

Fig. 4 Components and architecture of vector-wise
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…
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…
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LightGBM Leaf

Zero_value Feature

Nonzero_value Feature

Embedding

LightGBM Feature

Activation Function

Inner Product

Sigmoid Function

Fig. 5 The architecture of PCSNL

effectively help the model extract feature information.
The model input consists of two parts: 1) the feature

interactions generated by LightGBM, and 2) the pre-
processed dataset. Compared with the existing CTR
prediction model, the PCSNL model uses LightGBM
to filter and extract feature combinations as the part

of input of the PCSNL model, which can reduce the

model’s learning of low-order feature combinations. At

the same time, the model can convert highly sparse data

into dense matrix by adding an embedding layer before

model training. In order to evaluate the performance of

the PCSNL model, datasets of Huawei and Avazu are

used to conduct experiments and the results are evalu-

ated with AUC and Logloss in this paper. The hidden

layers in the PCSNL model all adopt ReLU (Glorot

et al. 2011) as the activation function. It can avoid the

problem of either gradient explosion or gradient disap-

pearance.

Adam (Kingma and Ba 2014) optimization algo-

rithm is used to learn the weights and bias parameters

in the PCSNL model. The loss function is Logloss (Vovk

2015),

L(y, ŷ) = −
1

N

N
∑

i=1

(yi log ŷi + (1− yi) log(1− ŷi)) (11)

where yi is true label, ŷ is the click-through rate pre-

dicted by the PCSNL model, and N is the total number

of inputs.

5 Experiments

5.1 Experimental environment and datasets

5.1.1 Experimental environment

The experiment environment is presented in Table 1.
The normal machine learning models are implemented

like logistic regression with the library sklearn1 and for

1 https://scikit-learn.org/stable/
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Table 1 Experiment environments

CPU AMD Ryzen 5600X

GPU GeForce RTX 3060

Memory 32G

Operating System Windows 10

Python 3.8

CUDA 11.3

Keras 2.4.3

TensorFlow 2.4.0

Scikit-learn 0.24.1

neural network, we depend on the library tensorflow2

and keras3.

5.1.2 Datasets

The proposed model is evaluated with the following two

datasets:

1. Huawei Dataset. The Huawei dataset4, the mobile
ad CTR prediction contest released by Huawei on

the Kaggle in 2020, provides the advertising data of

mobile phone users collected by Huawei in 7 days.

2. Avazu Dataset. It is well known as a publicly

accessible5 industrial dataset to predict CTR. The

Avazu dataset contains the advertising behavior data

of Avazu’s website users within 10 days.

The statistics of the two datasets are presented in
Table 2. Huawei dataset contains 41,907,133 instances

of display advertising. The dataset has 1,445,488 sam-

ples with click behavior, accounting for only 3.449% of

the total. We negatively sample the dataset. The num-

ber of samples afterwards is 5,926,500, of which those

with click behavior account for 24.39%. The dataset

contains 35 categorical features. The ratio of training

set and testing set is 4:1. 4 categorical features with too

many values are discarded, and 31 categorical features

are retained.

Avazu dataset contains 40,428,967 instances of dis-

play advertising and has 6,865,066 samples with click

behavior, accounting for only 16.98% of the total. With

the same sampling method, we get the last dataset with

20,595,198 samples. The click behavior samples account
for 25%. 19 features are retained, which are 31,386 di-
mensions after being processed with one-hot.

2 https://tensorflow.org/
3 https://keras.io/
4 https://www.kaggle.com/louischen7/2020-digix-

advertisement-ctr-prediction
5 https://www.kaggle.com/c/avazu-ctr-prediction

5.2 Metrics

In the experimentations, AUC (Area Under the ROC
curve) (Graepel et al. 2010) and Logloss (cross entropy)

(Vovk 2015) are two metrics to evaluate the perfor-

mance of models. AUC is the under area in Receiver

Operating Characteristic (ROC), and is used as one of

assessment criteria in CTR prediction field. Some re-

searches have proven its effectiveness. Logloss reflects
the gap between the value predicted by the model and
the real data. Understanding the loss function is con-

ducive to subsequent optimization analysis model to

achieve the optimal prediction performance.

5.3 Models for comparisons

We use the following state-of-the-art methods as base-
lines in our experiments:

• LR (Richardson et al. 2007). LR is the most used

model in CTR prediction field for the longest time,

which can be used as a benchmark model in exper-

iments.

• FM (Steffen 2010, 2012). FM learns second features

combination by learning the latent vectors of pair-

wise features, whose effectiveness has been proven

by lots of competitions.

• FFM (Juan et al. 2016). FFM uses feature domains

to learn feature combinations on basis of FM.
• GBDT+LR (He et al. 2014). In GBDT+LR, the

input of the LR model is a combination of the fea-
tures generated by GBDT and the original features.

• Wide&Deep (Cheng et al. 2016). Wide&Deep con-

sists of LR model (Wide part) and DNN (Deep

part). LR model is responsible for mining low-order

feature information, and DNN mines the informa-

tion on high-order features.

• DeepFM (Guo et al. 2017). DeepFM strengthens
the ability of learning the low-order features infor-

mation on basis of Wide&Deep. FM and DNN in

DeepFM share the input.

• DCN (Wang et al. 2017). DCN uses the explicit fea-
ture interactions and neural network for CTR pre-

diction.

• PNN (Qu et al. 2016). PNN uses the vector prod-

ucts to obtain the interaction information. The in-

put of DNN in PNN is a combination of vector prod-

ucts and first-order features.

5.4 LightGBM hyper-parameter study

The grid parameter search algorithm is a basic param-

eter optimization algorithm. Its main idea is to divide
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Table 2 The statistics of two datasets

Huawei Dataset Avazu Dataset

Training Set Testing Set Training Set Testing Set

Sample Number 4,741,200 1,185,300 21,968,211 5,492,053
Click Number 1,155,662 289,826 5,491,121 1,373,945
Click Rate(%) 0.2437 0.2445 0.2499 0.2501
Feature Domain 31 31 19 19
Feature(sparse) 1,213 1,213 31,386 31,386
Embedding layer 341 341 209 209

the parameters that need to be optimized in a fixed

range according to the step size grid, and then traverse

all the parameter values to calculate the correspond-

ing algorithm results. Lastly, we study the parameters

corresponding to the best algorithm results obtained as

the optimal parameters. The optimal parameters are

presented in Table 3.

We firstly study the two parameters,max depth and
num leaves, to ensure that LightGBM has better pre-

diction performance. Because the non-click and click

samples of the data are not proportionate, LightGBM

may be overfitting. Therefore, we adjust the parame-

ters in Table 3 except max depth and num leaves to

prevent the problem.

5.5 Neural network hyper-parameters study

We use Huawei dataset to study the optimal hyper-

parameters, and finally use Avazu dataset to verify PC-
SNL model’s prediction performance.

5.5.1 Dimension of embedding vectors

The dimension of embedding vectors has great influ-
ences on the complexity of the entire model, especially
the inputs of cross network and product network. When
we study the optimal dimension, we set that both prod-

uct network and cross network have 4 hidden layers

and that stacking network has 2 hidden layers, so as to

ensure that the model learns features in a better way.

The structure of product network is {1024-512-256-64},

and stacking network is {512-64}. The dimension of the

embedding vector ranges among {5,10,15,20} to avoid

high model complexity. The parameters of the model

increase from 1,819,287 to 2,143,337, then to 2,467,387,

and finally to 2,791,437. Almost 1 million parameters to

be learned have been added, so it is necessary to adjust

the dimension of the embedding vector. The AUC and

Logloss gained by the varying dimension of the embed-

ding vector from 5 to 20 are not significantly improved.

The reason is that the embedding layer is only con-

nected to the first layer of the hidden layer, and has

little influences on subsequent model training. The re-

sults of experiment are shown in Table 4. We set the
dimension of embedding vector D as 10 according to

Table 4.

5.5.2 Numbers of hidden layers

The product network, cross network and stacking net-

work in the PCSNL model are all MLPs with different

structures. Different hidden layers have different effects

on the complexity of the model and the performance. In

this section, we mainly discuss the impacts of different

numbers of hidden layers on the three different network

structures and on the performance of the final model.
The hidden layer in product network ranges among

{2, 3, 4, 5, 6, 7}, and nodes range among {64, 128, 256,
512, 1024, 1024}. We set the maximum node of each

hidden layer as 1024. The hidden layer in cross network

ranges among {1, 2, 3, 4, 5, 6}. The hidden layer of

stacking network is set from 0 to 5, and the nodes are

{0, 64, 128, 256, 512}. The experiment first selects the
hidden layer of product network, then cross network,

and finally stacking network. As shown in Table 5 and
Fig. 6, when the number of hidden layer in product

network is 3, cross network 4, and stacking network 2,

the performance of PCSN model comes to its best.

5.6 Model performance

In this section, we compare the performance of PCSNL

with other CTR prediction models. We set the dimen-
sion of embedding vectorD in models (FM, FFM, Wide

& Deep, DeepFM, DCN, PNN, PCSNL) as 10. ReLU is
the activation function in models including DNN, and

Sigmoid (Marreiros et al. 2008) is the output node’s

activation function.
We train PCSNLmodel with parameters determined

by the previous experiments. It can be found that the
model has been trained for about 100 times to reach
convergence in Fig. 7. But the training results after 100

times jittered many times. The reason may be the dis-

proportion of non-click and click samples in the training
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Table 3 The hyper-parameters of LightGBM study

Feature Name Candidates optimal parameter

max depth {3,4,5,6,7,8} 7
num leaves (5,256,5)1 105
max bin (1,256,5)1 145

min data in leaf (10,200,5)1 75
feature fraction {0.6,0.7,0.8,0.9,1.0} 0.8
bagging fraction {0.6,0.7,0.8,0.9,1.0} 0.7
bagging freq (0, 81, 10)1 60
lambda l1 {1e-5,1e-3,0.01,0.03,0.08,0.1,0.2,· · · ,0.9} 0.4
lambda l2 {1e-5,1e-3,0.01,0.03,0.08,0.1,0.2,· · · ,0.9} 0.9

min split gain (0,1.0,20)2 0.45
min child leaf (0.001,0.01,10)2 0.005

αi {1,2,3,4,5,6,7,8,9,10} 3
λ1 {1e-5,1e-3,0.01,0.02,· · · ,0.09,0.1,0.2,· · · ,0.9} 0.2
λ2 {1e-5,1e-3,0.01,0.02,· · · ,0.09,0.1,0.2,· · · ,0.9} 0.1

1 (a,b,c) is an array with the minimum value a, the maximum value b, and the interval of c.
2 (a,b,c) is an arithmetic array with the minimum value a, the maximum value b, and the number
elements of c.

Table 4 Impact of the dimension of the embedding vector
on performance

vector dimension Logloss AUC

D = 5 0.4998 0.7096
D = 10 0.4990 0.7105

D = 15 0.5002 0.7093
D = 20 0.5006 0.7095

data. Dropout is used in PCSN to prevent overfitting,
with p set as 0.5. It means that 50% of the nodes in

each layer are randomly discarded during training.

The results of using the Huawei dataset are shown

in Table 6 and Fig. 8. It is shown in Fig. 8 that the

performance of the LR model is the worst, because the
LR model is a linear model and does not involve fea-

ture interactions. Compared with the LR model, FM,
FFM and GBDT+LR have better performance than
LR. Second-order feature interactions can be learned

in models (FM, FFM and GBDT+LR), but they do

not mine high-order feature interactions, so compared

with deep learning models, performance of model is a

bit worse. The models based on deep learning have

better performance than linear models, because they

have more advantages in learning high-order interac-

tion cross features than low-order ones. The four models

(Wide&Deep, DeepFM, PNN and DCN) have the abil-

ity to learn low-order feature interactions. Compared

with other deep learning models, Wide&Deep, which

only learns second-order feature interactions, has bet-

ter performance. The reason may be that the non-click

and click samples of the data are disproportionate, so

we sample the non-click data and discard some fea-

tures. The performance of the PCSNL model proposed
in this paper has achieved the best improvement on
the Huawei dataset. Compared with the LR model, the
AUC and Logloss increase by 2.123% and 3.292%, re-

spectively, which indicates that the cross network and

product network can obtain more useful information.

Hence, both of the networks are better for the model

to improve the performance.
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Fig. 6 Impact of number of hidden layers on Logloss and AUC performance
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Fig. 7 PCSN model training process on Huawei dataset

LR FM FFM

GBDT+
LR

Wide
&Dee

p

Dee
pF

M
PN

N
DCN

PC
SN

PC
SN

L

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

Im
pr

ov
em

en
t C

om
pa

re
d 

wi
th

 W
or

st
 P

er
fo

rm
an

ce
(%

)

AUC
Logloss

Fig. 8 Model performance on Huawei dataset

PCSNL has better performance than PCSN model

in Fig. 8. We combine features generated by LightGBM

with the original data as the input of the PCSN model,

so that low-order and high-order feature combinations

can be learned to ensure that the model has better

performance. The experimental results also show that

this method can improve the performance of the PCSN

model to a certain extent.

After adjusting the hyper-parameters of the model
using the Huawei dataset, the Avazu dataset is used to

verify the effectiveness of the model. In the experiments

in use of the Huawei dataset, it can be found that the

performance of LR model is the worst, while the perfor-

mance of the GBDT+LR model is the worst when using

the Avazu dataset. It can be found through comparison

that the results of experiments of other models based on

both datasets have no obvious disparity. Finally, PCSN

and PCSNL proposed in this paper achieve better per-

formance than other models. The experimental results
are shown in Table 7 and Fig. 9. Compared with the

GBDT+LR model, the AUC and Logloss of the PCSN

model increase by 4.21% and 4.617%, respectively, and

the PCSNL increases by 4.524% and 5.060%, respec-

tively.

In summary, the PCSNL model can achieve better
convergence by analyzing the PCSNL model training

process. At the same time, we use the Huawei dataset

and the Avazu dataset to compare the performance

with the existing traditional CTR prediction models.

The experimental results show that the PCSNL model

proposed in this paper can obtain better performance.

Finally, it is verified in this paper that the PCSNL

model has sound effectiveness in CTR prediction through

experiments.

6 Conclusion and future work

The application of deep learning models in CTR pre-
diction has become a new research direction. In this
paper, an integrated structure of deep learning model

is proposed, which can better learn low-order and high-

order interaction cross features. The main contributions

of this paper include:

1. The model input includes both first-order feature

and second-order interaction cross features by adding

LightGBM to the PCSN model.

2. The model combines cross network and improved
product network to predict CTR.

3. It is verified that the PCSNL model has good per-

formance in CTR prediction through experiments

based on two datasets.

Table 5 Impact of number of network hidden layers

Product Network Cross Network Stacking Network

layers Logloss AUC layers Logloss AUC layers Logloss AUC

2 0.4998 0.7109 1 0.5010 0.7095 0 0.5032 0.7073
3 0.4964 0.7119 2 0.5002 0.71 1 0.5020 0.7094
4 0.4990 0.7105 3 0.4994 0.7106 2 0.4964 0.7119

5 0.5002 0.7095 4 0.4964 0.7119 3 0.5000 0.7104
6 0.5005 0.7093 5 0.4990 0.7111 4 0.5017 0.7098
7 0.5013 0.7075 6 0.4999 0.7103 5 0.5011 0.7101
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Fig. 9 Model performance on Avazu dataset

Table 6 Model performance on Huawei dataset

Model Logloss GAP(%) AUC GAP(%)

LR 0.5133 0 0.6971 0
FM 0.5106 0.526 0.7022 0.732
FFM 0.5089 0.857 0.7052 1.162

GBDT+LR 0.5025 2.104 0.7061 1.291
Wide&Deep 0.4969 3.195 0.7114 2.051

DeepFM 0.5013 2.338 0.7102 1.879
PNN 0.4970 3.176 0.7096 1.793
DCN 0.4985 2.883 0.7100 1.851
PCSN 0.4964 3.292 0.7119 2.123

PCSNL 0.4945 3.663 0.7132 2.310

Table 7 Model performance on Avazu dataset

Models Logloss GAP(%) AUC GAP(%)

GBDT+LR 0.4960 0 0.7339 0
LR 0.4933 0.544 0.7360 0.286
FM 0.4920 0.807 0.7402 0.858
FFM 0.4896 1.290 0.7458 1.622

Wide&Deep 0.4743 4.375 0.7629 3.952
DeepFM 0.4749 4.254 0.7618 3.802
DCN 0.4756 4.113 0.7618 3.802
PNN 0.4759 4.052 0.7624 3.883
PCSN 0.4731 4.617 0.7648 4.210
PCSNL 0.4709 5.060 0.7671 4.524

Although the PCSNL model proposed in this paper

has achieved good performance in CTR prediction, it

still has some shortcomings. Therefore, further study

shall be conducted from the following aspects:

1. In this paper, hour, an attribute in the Avazu data,

represents the user’s click behavior at different time,

which indicates a potential link between the user’s
changes and time. It would be workable to add an

Attention Mechanism to the PCSNL model to learn
the distribution of user interests.

2. The currently used CTR prediction datasets have

the problem of disproportion between non-click and
click samples. It is considered to use the popular
Generative Adversarial Networks (GAN) (Goodfel-

low et al. 2014) or oversampling algorithm Geomet-
ric SMOTE (G-SMOTE) (Douzas and Bacao 2019)

to generate a small number of click samples.
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