
Dataset Regeneration for 
Sequential Recommendation

Mingjia Yin1 , Hao Wang1∗, Wei Guo2, Yong Liu2,

Suojuan Zhang1, Sirui Zhao1, Defu Lian1, Enhong Chen1

1. University of Science and Technology of China & State Key Laboratory of 
Cognitive Intelligence

2. Huawei Singapore Research Center

Code: https://github.com/USTC-StarTeam/DR4SR



Background

➢Users interacted with items provided by recommender systems
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Background

➢These behaviors are usually organized in a chronological order
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Background

➢Sequential recommendation in a model-centric paradigm
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➢Sequential recommendation in a model-centric paradigm

5

1 2 3 5

2 4 1

3 4 5 6

1 2 4 6

2 3 4 5

…
…

1 2 3

Model-centric paradigm: one dataset for all models

RNN Attention Graph

All Models
Indiscriminate Data Feeding



Motivation

➢Model-centric paradigm: dilemma
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Motivation

➢Data-centric paradigm: model-agnostic dataset regeneration
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How to regenerate data?

1 2

1 2 3

2 4

3 4 5

…

Transition patterns 𝒳′ User Preferences ℋ

Recommender

Recommendation

𝑓: 𝒳 → ℋ

Original Sequence 𝒳

1 2 3 5

2 4 1

3 4 5 6

1 2 4 6

2 3 4 5

…
…

1 2 3



9

Traditional recommenders need to learn a direct mapping from 𝒳 to ℋ
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It will be easier to learn a recommender that maps 𝒳′ to 𝐻
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Key idea: learning a dataset explicitly contains item transition patterns
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Dataset regeneration is a Seq2Seq
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Dataset regeneration with vanilla transformer
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Dilemma: no sequence-pattern pair datasets
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Solution: pre-training dataset with rule-based sequential pattern mining 
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Solution: pre-training dataset with rule-based sequential pattern mining 
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Solution: pre-training dataset with rule-based sequential pattern mining 
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Solution: pre-training dataset with rule-based sequential pattern mining 
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New issue: one-to-many mapping
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The vanilla transformer memory fails to tackle the one-to-many mapping issue

20

1 2

1 3

2 3

1 2 3

1 2

1 3

1 2 31 2 3 4 5

𝒳𝑝𝑟𝑒

1 2 3 4 5

1 2 3 4 5

1 2 3 4 5

1 2 3

1 31 2 3 4 5

⋯ ⋯

Pre-training dataset construction with rule-based pattern mining

One-to-many mapping issue

1 2 3 4 5 Encoder Decoder

1 2<BOS>

1 2 <EOS>𝑚



Different memories for different target patterns
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Different memories for different target patterns
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Target-pattern-aware selection with a diversity promoter (a Transformer encoder)
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Dataset regeneration with hybrid inference

➢Restrictive mode (Exploitation): limited to selecting items in input sequence

➢Generative mode (Exploration): no limitation
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Motivation

➢Data-centric paradigm: dataset regeneration
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Motivation

➢Data-centric paradigm: model-aware dataset regeneration
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How to personalize data?
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Learning coefficients for different patterns
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Dataset personalization with an MLP-based personalizer
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Personalized datasets functions in the training loss
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Trivial optimization leads to model collapse
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Dataset personalization as a bi-level optimization problem
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Dataset personalization as a bi-level optimization problem
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Dataset personalization as a bi-level optimization problem
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Dataset personalization as a bi-level optimization problem
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Dataset personalization as a bi-level optimization problem
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Dataset personalization as a bi-level optimization problem
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Dataset personalization as a bi-level optimization problem
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Dataset personalization as a bi-level optimization problem
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Dataset personalization as a bi-level optimization problem
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Dataset personalization as a bi-level optimization problem
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[1] Navon, Aviv, et al. "Auxiliary learning by implicit differentiation." arXiv preprint arXiv:2007.02693 (2020).

[2] Chen, Hong, et al. "Cross-domain recommendation with behavioral importance perception." Proceedings of the ACM Web Conference 2023.



Overall Evaluation
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1. DR4SR can regenerate informative and generalizable datasets

2. Different models favor different datasets
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Overall Evaluation
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1. DR4SR can regenerate informative and generalizable datasets

2. Different models favor different datasets
3. Denoising is only part of the problem in developing a better training dataset



Ablation study
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➢-diversity: replacing the regenerator with a vanilla Transformer

➢pattern: regarding the extracted rule-based patterns as regenerated dataset

➢end-to-end: directly optimizing the dataset personalizer



Extended experiments: more data forms should be regenerated
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➢Which dataset should be used to construct graphs or augmentation data: 
original one or regenerated one?



Future work
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➢Delving deeper into dataset regeneration
◆Regenerating more data formats

◼Graph: graph structure learning

◼Data augmentation: learnable data augmentation

◼……

◆Incorporating more knowledge
◼ Introducing semantic information by integrating LLMs

◼ Introducing multi-domain information by cross-domain dataset regeneration

◼……

◆Application

◼Privacy-preserving

◼……
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