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Figure 1 Improved Wide&Deep model structure
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Figure 2 Deep convolutional neural networks module
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Table 1 Experimental results of DCNN parameters

HMEH  ESHEIE RE AUC HURERE
L, 0.745  0.788 0. 549
1E 4k L, 0.723  0.784 0.558
none 0.718 0.782 0. 560
tanh 0.722  0.784 0.557
oG BRI Relu 0.745  0.788 0. 549
sigmoid 0.719  0.783 0.558
12 0.719  0.784 0.558
™ £ |2 8 2 )2 0.745  0.788 0. 549
32 0.733  0.785 0.554
100 4~ 0.717  0.781 0.559
2T 200 4~ 0.745  0.788 0. 549
300 > 0.725 0.784 0.554
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Table 2 Conversion rate estimation based on

original feature

BA FFE AUC SURREUE IR /s
Xgboost  0.690  0.743 0.588 2 075. 840
BP 0.653  0.713 0. 620 1 335.471
DCNN  0.643  0.686 0. 639 2 075. 840
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Table 3 Performance analysis of algorithms based

on important features

BA ORE AUC HRUKRREE IR A /s
Xgboost  0.688  0.737 0. 593 1 758.265
BP  0.661 0.725 0. 607 1 .362.392
DCNN  0.629  0.683 0. 648 2 130. 745
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Table 4 Performance of DCNN with FFM

feature extraction

B K B2 AUC B BE NGRS

FIABIE  0.643  0.686 0. 639 2 075. 840
WA 0.653  0.713 0. 628 2 356.276
FFM+DCNN 0.694  0.728 0. 605 2 575. 840
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Table 5 Conversion rate prediction based on different

feature extraction models

%! il AUC R B I ZR ) /s
BP 0. 631 0. 689 0.751 2 536.212
DCNN 0.653  0.713 0.620 2 356.276
M 0.682  0.731 0.598 869. 135
FFM 0.698  0.742 0.586 1 208. 568
DNNFFM  0.728  0.769 0. 569 2 942.759
DCNFFM  0.746  0.788 0. 549 2 786. 007
Wide&Deep 0.718  0.759 0.571 2 369. 487
Wide&Cross 0.723  0.768 0. 559 2 469.134
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The Mobile APP Conversion Rate Prediction Based on Improved Wide&Deep
of Interactive Feature Extraction

SUN Xiaoyan, NIE Xin, BAO Lin, CHEN Yang

(School of Information and Control Engineering, China University of Mining and Technology, Xuzhou 221008, China)

Abstract; The conversion rate prediction (CRP) of mobile APP advertising was challenging due to the high-
dimension, sparsity, and high interactions. Motivated by this an improved Wide&Deep model was proposed by
fusing field-aware factorized machine ( FFM) and deep convolutional neural network ( DCNN) to effectively
and automatically obtain the lower-order and higher-order interactions of high-dimensional sparse features, so
as to realize the automatic and efficient combination of features and improve the accuracy of CRP. The frame-
work of the proposed algorithm was first delivered, and a feature combination algorithm based on the width
module FFM to extract the interactive relations of lower-order features was presented for the embedded sparse
data. The extraction of the higher-order interactive features based on a DCNN was further given by fusing the
latent features obtained by the FFM. Finally, the interactive feature combinations obtained by width and depth
modules were integrated for the CRP. The application of the proposed algorithm in predicting the conversion
rate of Tencent’s mobile APP advertisements demonstrated the effectiveness of the method.

Key words: conversion rate prediction; feature interaction; field-aware factorized machine; Wide&Deep;

mobile APP



