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Improved Feature Interaction Algorithm Based on Meta-learning

BAI Jing, GENG Xinyu, YI Liu, MU Yukun,CHEN Qin and SONG Jie

School of Computer Science,Southwest Petroleum University, Chengdu 610000, China

Abstract Feature interaction is crucial in the field of advertising click-through rate (CTR) prediction in recommendation sys-
tems. However, current industry practices for feature interaction often rely on matrix transformations such as inner and outer
products, which do not introduce additional information and can only serve as a means of measuring the similarity between two
vectors, Therefore,such methods may not reliably represent feature interaction and may not effectively improve the performance
of CTR prediction. To address this issue, this paper first introduces additional parameters to learn a mapping from the perspective
of improving the feature interaction,assuming that this mapping can map the representation of two vectors to the representation
of interaction. The process of learning mapping can be achieved through meta-learning, which constructs a learner to represent
feature interactions in a functional manner. Additionally,different features may not adopt the same interaction method,and it is
impossible to obtain all feature pairs through a single interaction method. Therefore,a set of meta-lear-ners is designed to learn
the mapping function.and a GateNet is introduced to learn the distribution of meta-learners in the model,so that a set of meta-
learners can represent different feature embeddings. Based on these two points,a feature interaction algorithm is proposed that
combines multiple meta-learners with GateNet(gate-MML) , which improves the quality of each feature interaction by learning the
connections and differences between different features. To verify the performance of the proposed algorithm, gate-MML is used
for further feature interaction in the xDeepFM model, and experiments are conducted on two real advertising click-through rate
prediction datasets using Logloss as the loss function and AUC as the evaluation metric. Experimental results show that compared
with traditional CTR prediction models, the improved algorithm enhances the prediction performance of advertising click-through
rate prediction tasks.

Keywords Feature interaction, Advertising click-through rate prediction, Meta-learning, GateNet, Recommender system
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Table 2 Performance comparison in five combination modes

- Criteo Ali-CCP
iR . <

AUC Logloss AUC Logloss
L+D+CIN 0.7896 0.4581 0.6293 0.1503
L+D+OML 0.7907 0.4540 0.6177 0.1525
L+D+CIN+OML 0.7923 0.4543 0.6319 0.1509
L+D+ gate MML 0.7951 0.4531 0.6326 0.1498
L+ D+ CIN+gate MML  0.7971 0.4522 0.6358 0.1467
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Table 3 Performance comparison of different models on Criteo
A AUC BA/ % Logloss BH/ Y% HA AUC ®A/% Logloss B/ %
LR 0.7674 0 0.4678 0 PNN 0.7850 2.293 0.4621 1.218
FM 0.7756 1.069 0.4656 0.470 DCN 0.7850 2.293 0.4570 2.309
FFM 0.7789 1. 450 0.4603 1.603 xDeepFM 0.7896 2.893 0.4581 2.074
DNN 0.7761 1.134 0.4626 1.115 OMIL-xDeepFM 0.7923 3.245 0.4543 2. 886
DeepFM 0.7847 2.254 0.4637 0.876 gate-MML-xDeepFM 0.7971 3.870 0.4522 3.335
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Table 4 Performance comparison of different models on Ali-CCP

A AUC  ##/%  Logloss #®#4/% LE AUC #/%  Logloss #A/%
LR 0.5874 0 0.1576 0 PNN 0.6234 6.129 0.1518 3.680
FM 0.5952 1.328 0.1538 2.411 DCN 0.6288 7.048 0.1512 4.061
FFM 0.6039 2.809 0.1531 2.855 xDeepFM 0.6293 7.133 0.1503 4.632
DNN 0.6156 4. 801 0.1526 3.173 OML-xDeepFM 0.6319 7.576 0.1509 4.251
DeepFM  0.6220 5.890 0.1529 2.982 gate- MML-xDeepFM 0.6358 8.240 0.1467 6.916
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