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Abstract: Click-Through Rate (CTR) prediction is a fundamental task in personalized advertiéing and recommendation
systems. This study proposes a model named ADditional Variational AutoEncoder (ADVAE) based on an improved
denoising autoencoderto improve CTR prediction and cold-start. It:adds random Gaussian noise to the input data and
generates new embedded features by the improved denoising autoencoder. Then, multi-level features interact to predict
the users’ clicking. This method can learn the relationship between feature embedding and interactions in data sparse and
cold-start situations. In addition, it has strong robustness since it focuses on the interaction in feature domains and
dynamically repairs feature émf)edding of low-frequency data. Besides, this method can be dynamically applied to other
deep learning models, with high flexibility. The results show that the proposed approach outperforms its counter parts in
terms of CTR prediction and cold-start.
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R4 BRBSLIGHE M RER I
o K =20% K =40% K =60%
Ctriteo Avazu Ctriteo Avazu Ctriteo Avazu
LR 0.7860+0.0003 0.7501+0.0003 0.7743+0.0001 0.7455+0.0011 0.7561+0.0001 0.7369+0.0012
FM 0.7951+0.0001 0.7693+0.0003 0.7873+0.0006 0.7664+0.0008 0.7696+0.0004 0.7481+0.0008
FFM 0.7964+0.0005 0.7698+0.0007 0.7852+0.0004 0.767620.0008 0.770140.0007 0.7454+0.0004
DCN 0.8019+0.0009 0.7788+0.0005 0.7910+0.0003 0.7772+0.0004 0.774240.0007 0.7489+0.0005
Wide & Deep 0.7957+0.0008 0.7748+0.0003 0.7861+0.0007 0.7728+0.0004 0.7684+0.0008 0.7476+0.003
AFM 0.7956+0.0008 0.7541+0.0010 0.7764+0.0010 0.7510:0.0008 0.7596+0.0012 0.7428+0.0005
Autolnt 0.8022+0.0007 0.7782+0.0007 0.7921+0.0005 0.7480:£0.0008 0.7712+0.0009 0.7482+0.0005
xDeepFM 0.8014::0.0001 0.7718+0.0004 0.7909+0.0008 0.7702+0.0009 0.7746+0.0005 0.7515+0.0006
Fibi 0.7987+0.0004 0.7845+0.0008 0.7896:0.0004 0.7812+0.0002 0.7703+0.0005 0.7507+0.0005
AVDAE(£ ) 0.8077+0.0004 0.7866+0.0003 0.7964+0.0006 0.7856+0.0008 0.770310.0052 0.778620.0005
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