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Abstract  Online advertising fees are charged based on the number of times that users click on
ads, and therefore how to accurately predict Click-Through Rate (CTR) is a very concerned issue
for advertising companies. Current state-of-the-art methods focus on constructing various high-
order feature interaction models to predict CTR; however, high-order feature interactions will
lose low-order information, especially the information of original features. To this end, a novel
layer-by-layer residual interaction network framework is proposed in this paper, which leverages
the guiding role of the original features at each interaction, and is named as the Layer-by-layer
Residual Interaction Network (LRIN). LRIN emphasizes that higher-order feature interactions
should be based on the interactions of original features layer by layer. The interaction of n-order
features is obtained by the element-wise product between the original features and the n— 1-order
features. Moreover, a multi-scale approach is introduced to design attention network. Affected
by layer-by-layer interaction, the attention network is also designed into multiple layers, which is
called layer-by-layer attention networks. In order to combine the two, this paper proposes to take

the outputs of the layer-by-layer residual interaction network as the weights of the layer-by-layer
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attention network, and thus forms a novel dual-network training model. The experimental results
on multiple benchmark datasets indicate that the performance of LRIN is on average 1. 24%
better than current advanced methods on the Criteo dataset, 2. 16% better on the Avazu dataset,
1. 3% better on the MovieLens-1M dataset, and 1. 27% better on the Book-crossing dataset.

Keywords residual network; layer-by-layer; feature interaction; CTR prediction; attention
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B UIREAE 4 B 2R |]. 5% 2 2 4 DEURAE b
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discover similar features, and then, make recommendations
based on similar features. The traditional feature interaction
method utilizes the multiplication of feature vectors, so that the
similar features are relatively strengthened in the process of
vector multiplication, and the dissimilar features are relatively

weakened in the process of multiplication. Existing methods
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leverage deep neural networks to iteratively complete the
multiplication process of feature vectors. Therefore, the essence
of deep neural networks is feature interaction, and it is a
high-order feature interaction. In recent years, high-order
feature interaction methods have been widely studied, and the
design of interaction operators is a research hotspot. Early
work attempted to improve the performance of higher-order
feature interactions using the inner product. the Hadama
product, the outer product, the Kronecker product, and so
force. Recently, neural network methods combining high-
order feature interaction and low-order feature interaction
have emerged. Whether it is an interaction operator or a
neural network based on high-order interaction, its essence is
to make similar features enhanced and not similar features
weakened. The advantage of high-order feature interaction is
that it can quickly distinguish features, but it is easy to lose
the original information. The advantage of low-order feature
interaction is that it can better retain the information of the
original feature, while its classification ability is relatively
weak. MaskNetx (Wang et al. , 2021) and AutoHash (Xue
et al. , 2022) are state-of-the-art methods that combine high-

order feature interactions with low-order feature interactions.

On this basis, HAFM (Long et al. , 2022) introduces the
feature interaction method of hierarchical factorization machine,
which greatly improves the accuracy of CTR prediction.

Despite these successes, researchers have not considered
primitive feature-guided higher-order feature interactions.
which could potentially provide another means of higher-
order feature interactions. This motivates us to explore the
layer-by-layer residual interaction mechanism and attention
mechanism, which could cooperate with each other to form a
new higher-order feature interaction method, viz. , LRIN. In
LRIN, in order to alleviate the semantic loss problem of
high-order interaction, we interact with the original features
again with the results of each high-order interaction, and
let the original features guide the higher-order interaction,
thereby forming a residual network of layer-by-layer interaction.
Experimental results show that our improvement achieves
very good performance.
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