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ABSTRACT

Recently, the recommender system has been widely used in various fields such as movies, music, online shopping, and social media,
and in the meantime, the recommender model has been developed from correlation analysis through the Apriori model, which can
be said to be the first-generation model in the recommender system field. In 2005, many models have been proposed, including deep
learning-based models, which are receiving a lot of attention within the recommender model. The recommender model can be
classified info a collaborative filtering method, a content-based method, and a hybrid method that uses these two methods integrally.
However, these basic methods are gradually losing their status as methodologies in the field as they fail fo adapt to internal and
external changing factors such as the rapidly changing user-item interaction and the development of big data. On the other hand,
the importance of deep learning methodologies in recommender systems is increasing because of its advantages such as nonlinear
transformation, representation learning, sequence modeling, and flexibility. In this paper, among deep learning methodologies, RNN,
CNN, and GAN-based models suitable for sequential modeling that can accurately and flexibly analyze user-item interactions are
classified, compared, and analyzed.
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(Table 1) Sequential recommendation tasks and related deep learning models

Tasks

Deep Learning Models

Multi-Layer Perceptron(MLP)

Experience-based

Recurrent Neural Network(RNN)

Recurrent Neural Network(RNN)

Convolutional Neural Network(CNN)

Multi-Layer Perceptron(MLP)

Transaction-based

Attention Mechanism

Graph Neural Network(GNN)

Other Networks

Recurrent Neural Network(RNN)

Multi-Layer Perceptron(MLP)

Interaction-based

Attention Mechanism

Graph Neural Network(GNN)
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(Figure 1) Comparison between (a) experience-based, (b) transaction-based, and
(c) interaction-based sequential recommender behavior
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(Figure 2) Comparison of similarities and differences between (a) session-based recommendation

and (b) Sequential recommendation
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(Figure 3) A Comparison of model structure between (a) FFNN and (b) RNN
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(Table 2) Comparision between research content and advantages/disadvantages of RNN, CNN, and GAN
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