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Study on Interpretable Click-Through Rate Prediction Based on Attention Mechanism

YANG Bin' . LIANG Jing®,ZHOU Jiawei® and ZHAO Mengci®

1 China Unicom Research Institute,Beijing 100048, China

2 School of Computer Science, Beijing University of Posts and Telecommunications, Beijing 100876, China

3 School of Artificial Intelligence, Beijing University of Posts and Telecommunications, Beijing 100876, China
Abstract  Click-Through Rate(CTR) prediction is critical to recommender systems. The improvement of CTR prediction can di-
rectly affect the earnings target of the recommender system. The performance and interpretation of the CTR prediction algorithm
can guide developers to understand and evaluate recommender system accurately. That’s also helpful for system design. Most
existing approaches are based on linear feature interaction and deep feature extraction, which have poor model interpretation in the
outcomes. Moreover,very few previous studies were conducted on the model interpretation of the CTR prediction. Therefore,in
this paper,we propose a novel model which introduces multi-head self-attention mechanism to the embedding layer, the linear fea-
ture interaction component and the deep component,to study the model interpretation. We propose two models for the deep com-
ponent. One is deep neural networks(DNN) enhanced by multi-head self-attention mechanism, the other computes high-order fea-
ture interaction by stacking multiple attention blocks. Furthermore, we calculate attention scores and interpret the prediction re-
sults for each component. We conduct extensive experiments using three real-world benchmark datasets. The results show that
the proposed approach not only improves the effect of DeepFM effectively but also offers good model interpretation.

Keywords Recommender system, Click-Through Rate prediction, Multi-head self-attention mechanism, Feature interaction, Mo-
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Table 1 Performance comparison of the proposed model and baseline
models
Criteo Avazu Moviel.ens

¥ 7l
"z AUC  Logloss  AUC  Logloss  AUC  Logloss
LR 0.7308 0.5133 0.7296 0.4059 0.7716 0.4424
FM 0.7543 0.5192 0.7394 0.4011 0.8252 0.3998
xDeepFM 0.7836 0.4703 0.7656 0.3949 0.8413 0.3298
AFM 0.744 1 0.4964 0.7362 0.4337 0.8227 0.4048
Autolnt 0.7878 0.4822 0.7655 0.4070 0.8357 0.3324
DeepFM 0.7661 0.4955 0.7450 0.3984 0.8323 0.3343
#A 1 0.7781 0.4844 0.7560 0.4019 0.8124 0.3602
BA 2 0.7786 0.4752 0.7654 0.3959 0.8390 0.3306
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Table 2 Performance of ablation experiment 1:result of independent component experiment
N R Criteo Avazu MovieLens
BE BAE aEEs —
DNN & B AUC Logloss AUC Logloss AUC Logloss
0.7661 0.4955 0.7450 0.3984 0.8323 0.3343
N 0.7764 0.4840 0.7568 0.3995 0.8137 0.3570
A N 0.7771 0.4722  0.7597  0.3979  0.8197  0.3437
J 0.7803 0.4772 0.7651 0.3982 0.8439 0.3329
N/ N N 0.7781 0.4844 0.7560 0.4019 0.8124 0.3602
N 0.7815 0.4705 0.7656 0.3939 0.8406 0.3356
A2 ~
NG NG N 0.7786 0.4752 0.7654 0.3959 0.8390 0.3306

TE o~/ SRR AE X RSB £ Sk [ R T HLE

N T B R BER G S AR R T AT R IR K
IIFEREAL 1 FOREAL 2 B9 6 al) 1303t 188 ST Al sE g, 20 91
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DA IEAS [ BE S 5 B S50CR . SRR RNk 3 Bl
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Table 3 Performance of ablation experiment 2:result of combined component experiment
) o (N Criteo Avazu MovieLens

g BAE  mEEH - . . -
DNN EFmE AUC Logloss AUC Logloss AUC Logloss
N/ N N 0.7781 0.4844 0.7560 0.4019 0.8124 0.3602
N/ N 0.7771 0.4731 0.7563 0.4018 0.8080 0.3561

#A 1

v N 0.7777  0.4745  0.7576  0.4006  0.8146  0.3522
N N 0.7758 0.4727 0.7591 0.3998 0.8339 0.3468
N/ N N 0.7786 0.4752 0.7654 0.3959 0.8390 0.3306
A 2 N N 0.7770 0.4772 0.7548 0.4015 0.8284 0.3400
N/ NG 0.7844 0.4744 0.7677 0.3950 0.8404 0.3295

T~/ R AE X PSR AN 2 S [ R I L]
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Fig. 10 Attention weights diagram of deep features in model 2
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