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Abstract In recent years,the study of the click-through rate prediction model has attracted much attention from acade-
mia and industry. As for the existing CTR prediction models for displaying targeted advertising, this paper studied the
preprocessing techniques for features of samples, the CTR prediction schemes based on traditional machine learning
models and the latest deep learning models.and the main performance evaluation indexes of CTR prediction models.
Specially, these typical CTR prediction schemes were evaluated based on a public dataset, further some quantitative anal-

ysis and performance comparison were given. Finally, the problems and research trends in CTR prediction were dis-

cussed.
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Fig. 1 Process of display advertisement from delivery to landing to conversion
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Fig. 2 Click-through rate predicting problem
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Table 2 Features of scheme based on traditional machine

learning model
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Table 3 Features of scheme based on deep learning model
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Table 4 Statistics of two data sets

Adwvertiser ID=1458 Advertiser ID =3 386

% & R % il % & R %
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o d 2454 515 2076 445
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R AE 560802 560802 556 884 556 884
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Table 5 Predictive performance of typical schemes when the

proportion of positive and negative samples is 1 :1000

Advertiser ID =1458 Adwvertiser ID =1458

(O ft R A% i KA
P
LogLoss LogLoss
AUC 5 AUC 3
(%10 °) (%10 °)
LR 0.7017 6.558 0.8283 4.535
FM 0.7038 6.565 0.8308 4.539
FFM 0.8190 5.519 0.8209 5.616
GBDT+LR 0.6914 6.585 0.8138 4.747
FNN 0.7062 6.561 0.8321 4.553
PNN 0.7062 6.547 0.8282 4.509
Wide & Deep 0.6913 6.587 0.8277 4.474
DeepFM 0.6981 6.475 0.8199 4.570
Deep & Cross 0.6999 6.569 0.8261 4.491
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Fig. 12 Performance improvement of LR scheme after negative
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Table 6 Performance comparison of typical schemes

N 4R AR LR FM FFM  GBDT+LR
Advertiser ID =1458 ¥4 &
AUC 0.8282  0.8308  0.8209 0.8138
LogLoss( x 10~ %)  4.535 4,539 5.616 4.747
AUC # 7/ % 1.777 2.084 0.8713
LogLoss % 7+/%  19.249 19.174 — 15.470
Adwvertiser ID =3386 # 1 &
AUC 0.8048  0.8038  0.7839 0.7798
LogLoss(» 1073)  5.895 5. 970 6.957 5.993
AUC ##/% 3. 200 3.071 0.521 —
LogLoss #7t/%  15.256 14.190 — 13. 850
LR, ST LA T T VR B A ) AR TR Y T 58 A T M
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Table 7 Performance comparison of schemes based on deep

learning model

WA AT FNN pay  Wide & DeepfM  DC¢P &
Deep Cross
Adwvertiser ID=1458 %142 &
AUC 0.8321 0.8282  0.8277  0.8199  0.8261
LogLoss( * 107 %)  4.553 4.508 4.474 4.570 4,491
AUC #£#4/% 2.252 1.771 1.707 0.748 1.516
LogLoss # /%  18.931 19.712 20. 340 18. 622 20. 033
Adwvertiser ID=23386 % £ &
AUC 0.8067  0.8078  0.8099 0.803 0.8008
LogLoss( x 107 %)  5.888 5.911 5.931 6.011 5.899
AUC # 4/ % 3. 446 3.583 3.855 2.963 2. 687
LogLoss #Ft/%  15.365 15.037 14,748 13.59 15. 208
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Fig. 13 Comparison of AUC metric in typical schemes
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Fig. 14 Comparison of LogLoss metric in typical schemes
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