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Abstract  As the key component of recommender system and online advertising, the click-through
rate (CTR) prediction has received great attention in both the academia and the industry. The most
common approaches to CTR prediction are regarding it as a regression prediction task in machine
learning. At beginning, simple models like logistic regression (ILR) and factorization machine (FM)
are used to do predictions, however the prediction performances are not so good because only
low-order feature interactions are explored. Therefore, models with stronger ability of feature
representation learning are developed, for example, a Factorization-machine supported Neural
Network (FNN) and a Product-based Neural Network (PNN), which are promising to exploit
deep neural networks to learn sophisticated and selective feature interactions. The major downside
of FNN and PNN is that they focus more on high-order feature interactions while capture little
low-order interactions. In order to make full use of low- and high-order feature interactions, some
hybrid architectures are proposed, containing both a shallow component and a deep component.
In this paper, we firstly study several typical CTR prediction models, especially the deep learning
models based on hybrid architectures, to describe the development process of CTR prediction;
and then, inspired by existing works, a new click-through rate prediction model based on a hybrid
network is proposed—DPSN (Deep &. Product supported Stacking Network). The new model can
integrate different deep neural networks (DNNs) to learn the high-order representation of original
high-dimensional sparse features respectively, which enables the prediction model to take advantage

of more abundant information of high-order feature interactions. In addition, we also design a
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new embedding layer for DPSN, where nodes come from not only the embedding vector but also
the weight of each feature, which are both pre-trained by FM model. To our best knowledge,
this is the first attempt to improve the prediction performance by adding few weight nodes in the
embedding layer. Furthermore, a simplified analysis of the parameter complexity is given;
meanwhile, the convergence of the DPSN model is analyzed and proved. We evaluate the prediction
performance of the proposed model based on two real-world data sets, iPinYou and Criteo, by
using Logloss and AUC metrics. In the first and second experiments, we verify the convergence of
the DPSN model and illustrate the performance improvements of FNN and PNN by adding the
weight nodes of each feature in the embedding layer. In the third experiment, we analyze the
influences of different model parameters on the prediction performance of DPSN, including the
number of hidden layers, hidden layer nodes, activation function, and embedded vector dimension.
The fourth experiment is used to evaluate the effects of the new embedding layer on the prediction
performance of the DPSN model. The fifth and sixth experiments respectively compare the
influences of different architectures and negative sampling ratios on DPSN prediction performance.
The last experiment is to compare the performance of the DPSN model with other typical CTR

prediction models, and the experimental results demonstrate that the new model has better

performance than major stat-of-the-art models on Logl.oss metrics and AUC metrics.
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—
f=)
T
1

=
o0
T

e
=
T

=4
e
T

=
o
T

—=—1458(AUC)

SRz ReAH L IR & 43 L /%

ok —o—1458(Logl.oss) 4
1 1 1 1 1 1 1
100 200 300 400 500 600 700
ANRE RIS TR
T T T T T T T
o Lar ]
é
= 12 1
R
Mo o1.0+ ]
&=
¢ 0.8F B
g
B 06 A
=
22 04r 1
H
W 0.2F :
| 3386(AUC) |
iy —e—3386(Logloss)
0.2 !

100 200 300 400 500 600 700
T BRI T

10 AN B )2 A 22 ST 550 B 0 T30 44 Rt ) 42 T



1582 it B

Bl

1R 2019 4

o
=B

AUC 545 M F B 43 B b X an T, Bl & 54 B )2
PR Y9 R B o AR AT D 2 B R 2 A AR e B R AR
24 o P 0 1 e A T SR 2 500 AN BT AR
U2 2 BB T O 2 3 A PR, P85 im B2 1 AL X g
BT S A 2 B 0 B RRAE AL AT R JC R, 2
AT 22 M DT ol A T8 5 8¢ 1) 000 2 B T . PRI U
SIS B 3 B3 v A 8 oG B H BV AT, 7R AR SO JE 22
SEE AT AR 1R B A B2 A 2 0 EE Sy 500.

(4) A [R) 8 37 o 500 T 14 B 1) 52

SEE 3-4 FH T3 A A [ B2 2 e I 0T R
Xof S T8 YR P4 R 5 e AR5 SCHRC 17 109 23 B s Re LU
Ml Tanh pR %L L Sigmoid &% 538 & T 38 A,
A AR SR EL 8 ReLU il Tanh 28 %50 06 45 780 F3 300 A
REMIRZ . Ry T MRk, Al 4549 Hh B B 5 9 CTR il
Iy 1B PR TT 2 A Y T A R 4R 0 I B pR VBRI B R
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4 D=10 0.7126 6. 5361 0. 8046 5.9021
HigE D= 20 0. 7069 6. 5450 0. 8002 5. 9246
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— B L 1458 3386
& AUC LogLoss(107%)  AUC LogLoss(10™%)
E 0.7126 6. 5361 0. 8046 5.9021
N 0. 7030 6.5831 0. 7920 5. 9456
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samples that are really clicked in the dataset is extremely
small.

In this paper, we firstly study several typical CTR
prediction models, especially the deep learning models based
on fusion architecture; and then a new click-through rate
prediction model based on a hybrid network is proposed. The
new model can integrate flexibly different deep neural networks
(DNNs) to learn the high-order representation of original
high-dimensional sparse features respectively, which enables
the prediction model to take advantage of more abundant
information of high-order feature interactions. We evaluate
the performance of the proposed model based on a real-world
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