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Sequential Recommendation of Multi-Interest Network Based on Stable Learning
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Abstract: Multi-interest models, which extract interests of a user as multiple representation vectors, have shown promising perfor-
mances for sequential recommendation. However, considering that multiple interests of a user are usually highly correlated, the mod-
el has chance to learn spurious correlations between noisy interests and target items. Once the data distribution changes, the correla-
tions among interests may also change, and the spurious correlations will mislead the model to make wrong predictions. To solve
such problem, we propose a novel model of Multi-Interest network with Stable Learning (MISL), which attempts to de-correlate the
extracted interests, and thus spurious correlations can be eliminated. MISL applies an attentive module to extract multiple interests,
and then selects the most important one for making final predictions. Meanwhile, MISL incorporates a weighted correlation estima-
tion loss based on independence criterion, with which training samples are weighted, to minimize the correlations among extracted
interests. Extensive experiments have been conducted under both Out-of-Distribution (OOD) and random settings, and up to 36.8%
and 21.7% relative improvements are achieved respectively.
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Fig. 1 Causal analysis of multi-interest sequence recommen-
dation models
(a) Causal diagram of previous work; (b) the method proposed
in this paper aims to eliminate the dependency between stable

interests and noisy interests
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Fig. 2 The overall architecture of our proposed MISL

Note:Overview of our proposed method: After mapping user behavior sequences through an embedding layer, multiple interest ex-

tractors are employed to extract multiple interest representation vectors. The most significant representation vector is selected as the

user representation and is used in the construction of the main objective loss. Simultaneously, a weighted correlation estimation loss

is utilized to update sample weights, which are then applied as weights to the main objective loss. Only after being weighted, does

the main objective loss update the model parameters.
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Table 1 The experimental results on the out-of-distribution data
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Table 3 The experimental results on the in-distribution data
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Fig. 3 Trends in the Hilbert-Schmidt Independence Criterion between interests on the training set of book reviews and the change

in recall rate on the validation set

(a) The Hilbert-Schmidt Independence Criterion (HSIC) between interests on the trainingset; (b) recall rate on the validation set



478

PR AE2A4R (FARBEARR)

47(3) 2024

=

0.20

0.15

0.10

0.05

0.00

0.0 02 0.4 06 0.8 1.0
HARINE

B4 MISL A PFER A I L A REAA R 501
Fig. 4 The sample weight distribution trained by MISL on

the book review dataset

FR 2, L S A R T — 20 i DR R R

SE K

(1]

YU F, LIU Q, WU 8, et al. A Dynamic Recurrent Model
for Next Basket Recommendation[C]//Proceedings of the
39th International ACM SIGIR conference on Research
and Development in Information Retrieval. Pisa: ACM,
2016: 729-732. DOI: 10.1145/2911451.2914683.

TANG J X, WANG K. Personalized Top-N Sequential
Recommendation via Convolutional Sequence Embedding
[C]//Proceedings of the Eleventh ACM International Con-
ference on Web Search and Data Mining. Marina Del Ray:
ACM, 2018: 565-573. DOI: 10.1145/3159652.3159656.
LIU Q, ZENG Y F, MOKHOSI R, et al. STAMP: Short-
term Attention/Memory Priority Model for Session-
based Recommendation[C]//Proceedings of the 24th
ACM SIGKDD International Conference on Knowledge
Discovery & Data Mining. London: ACM, 2018: 1831-
1839. DOLI: 10.1145/3219819.3219950.

KANG W C, MCAULEY J. Self-attentive Sequential
Recommendation[C]//2018 IEEE International Confer-
ence on Data Mining (ICDM). Singapore: IEEE, 2018:
197-206. DOI: 10.1109/ICDM.2018.00035.

SUN F, LIU J, WU J, ef al. BERT4Rec: Sequential Rec-
ommendation with Bidirectional Encoder Representa-
tions from Transformer[C]//Proceedings of the 28th
ACM International Conference on Information and
Knowledge Management. Beijing: ACM, 2019: 1441-
1450. DOT: 10.1145/3357384.3357895.

LIC,LIUZY, WU M M, et al. Multi-interest Network with
Dynamic Routing for Recommendation at Tmall[C]//Pro-

ceedings of the 28th ACM International Conference on

[11]

[12]

[13]

[15]

[16]

Information and Knowledge Management. Beijing: ACM,
2019: 2615-2623. DOIL: 10.1145/3357384.3357814.
CENY K, ZHANG J W, ZOU X, et al. Controllable Multi-
interest Framework for Recommendation[C]//Proceedings
of the 26th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining. New York: ACM,
2020: 2942-2951. DOI: 10.1145/3394486.3403344.
TIAN 'Y, CHANG J X, NIU Y N, et al. When Multi-level
Meets Multi-interest: a Multi-grained Neural Model for
Sequential Recommendation[C]//Proceedings of the 45th
International ACM SIGIR Conference on Research and
Development in Information Retrieval. Madrid: ACM,
2022: 1632-1641. DOI: 10.1145/3477495.3532081.
LIU J S, SHEN Z Y, HE Y, et al. Towards Out-of-
distribution Generalization: A Survey[EB/OL]. arXiv
Preprint: 2108.13624, 2021. https://doi. org/10.48550/
arXiv.2108.13624.
ZHANG S Y, YAO D, ZHAO Z, et al. CauseRec: Coun-
terfactual User Sequence Synthesis for Sequential Rec-
ommendation[C]//Proceedings of the 44th International
ACM SIGIR Conference on Research and Develop-
ment in Information Retrieval. New York: ACM, 2021:
367-377. DOI: 10.1145/3404835.3462908.
YANG C X, WU Q T, WEN Q S, et al. Towards Out-of-
Distribution Sequential Event Prediction: A Causal
Treatment[J]. Adv Neural Inf Process Syst. 2022, 35:
22656-22670.
YANG Z Y, HE X N, ZHANG J Z, et al. A Generic
Learning Framework for Sequential Recommendation
with Distribution Shifts[C]//Proceedings of the 46th In-
ternational ACM SIGIR Conference on Research and
Development in Information Retrieval. Taipei: ACM,
2023: 331-340. DOI: 10.1145/3539618.3591624.
ARBOUR D, DIMMERY D, SONDHI A. Permutation
Weighting[EB/OL]. arXiv Preprint: 1901.01230, 2021.
https://doi.org/10.48550/arXiv.1901.01230.
WANG Z L, SHEN S Q, WANG Z P, et al. Unbiased Se-
quential Recommendation with Latent Confounders[C]//
Proceedings of the ACM Web Conference 2022. New York:
ACM, 2022: 2195-2204. DOL: 10.1145/3485447.3512092.
ZHANG Y, FENG F L, HE X N, et al. Causal Interven-
tion for Leveraging Popularity Bias in Recommendation
[C]//Proceedings of the 44th International ACM SIGIR
Conference on Research and Development in Informa-
tion Retrieval. New York: ACM, 2021: 11-20. DOI:
10.1145/3404835.3462875.
SHEN ZY, CUI P, ZHANG T, et al. Stable Learning via
Sample Reweighting[J]. Proc AAAI Conf Artif Intell, 2020,



X A FE TR e 7

> B 22 LT IR I 4

479

[17]

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

34(4): 5692-5699. DOI: 10.1609/aaai.v34i04.6024.
KUANG K, CUI P, ATHEY S, et al. Stable Prediction
across Unknown Environments[C]//Proceedings of the
24th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining. New York: ACM,
2018: 1617-1626. DOIL: 10.1145/3219819.3220082.
KUANG K, XIONG R X, CUI P, ef al. Stable Predic-
tion with Model Misspecification and Agnostic Distri-
bution Shift[C]//Proceedings of the AAAI Conference
on Artificial Intelligence. New York: ACM, 2020, 34
(4): 4485-4492. DOI: 10.1609/aaai.v34i04.5876.
GRETTON A, BOUSQUET O, SMOLA A, et al. Mea-
suring Statistical Dependence with Hilbert-Schmidt
Norms[M]//Lecture Notes in Computer Science. Berlin,
Heidelberg: Springer Berlin Heidelberg, 2005: 63-77.
DOI: 10.1007/11564089 7.

GRETTON A, FUKUMIZU K, TEO C H, et al. A Ker-
nel Statistical Test of Independence[C]//Proceedings of
the 20th International Conference on Neural Informa-
tion Processing Systems. New York: ACM, 2007: 585—
592. DOI: 10.5555/2981562.2981636.

BAHNG H, CHUN S, YUN S, ef al. Learning De-
biased Representations with Biased Representations
[EB/OL]. arXiv Preprint: 1910.02806, 2019. https://doi.
org/10.48550/arXiv.1910.02806.

RENDLE S, FREUDENTHALER C, SCHMIDT-
THIEME L. Factorizing Personalized Markov Chains for
Next-basket Recommendation[C]//Proceedings of the 19th
international conference on World wide web. New York:
ACM, 2010: 811-820. DOI: 10.1145/1772690.1772773.
HE R N, MCAULEY J. Fusing Similarity Models with
Markov Chains for Sparse Sequential Recommendation
[C]//2016 1EEE 16th International Conference on Data
Mining (ICDM). Barcelona: IEEE, 2016: 191-200. DOI:
10.1109/ICDM.2016.0030.

HE R N, KANG W C, MCAULEY J. Translation-based
Recommendation[C]//Proceedings of the Eleventh ACM
Conference on Recommender Systems. New York: ACM,
2017: 161-169. DOI: 10.1145/3109859.3109882.
HIDASI B, TIKK D. General Factorization Framework
for Context-aware Recommendations[J]. Data Min
Knowl Discov, 2016, 30(2): 342-371. DOI: 10.1007/
s10618-015-0417-y.

WANG J Y, LIU Q, LIU Z C, et al. Towards Accurate
and Interpretable Sequential Prediction: A CNN &
Attention-based Feature Extractor[C]//Proceedings of
the 28th ACM International Conference on Information
and Knowledge Management. New York: ACM, 2019:

(27]

(28]

[29]

[30]

[31]

(32]

[34]

[33]

1703-1712. DOI: 10.1145/3357384.3357887.

LIJC, WANG Y J, MCAULEY J. Time Interval Aware
Self-attention for Sequential Recommendation[C]//Pro-
ceedings of the 13th International Conference on Web
Search and Data Mining. New York: ACM, 2020: 322~
330. DOI: 10.1145/3336191.3371786.

ZHOU K, WANG H, ZHAO W X, et al. S3-rec: Self-
supervised Learning for Sequential Recommendation with
Mutual Information Maximization[C]//Proceedings of the
29th ACM International Conference on Information &
Knowledge Management. New York: ACM, 2020: 1893~
1902. DOI: 10.1145/3340531.3411954.

CHEN Y J, LIU Z W, LI J, et al. Intent Contrastive
Learning for Sequential Recommendation[C]//Proceedings
of the ACM Web Conference 2022. New York: ACM,
2022:2172-2182. DOI: 10.1145/3485447.3512090.
LIU C, LI X G, CAI G H, et al. Noninvasive Self-
attention for Side Information Fusion in Sequential Rec-
ommendation[J]. Proc AAAI Conf Artif Intell, 2021, 35
(5): 4249-4256. DOI: 10.1609/aaai.v35i5.16549.

XIEY Q, ZHOU P L, KIM S. Decoupled Side Informa-
tion Fusion for Sequential Recommendation[C]//Pro-
ceedings of the 45th International ACM SIGIR Confer-
ence on Research and Development in Information Re-
trieval. New York: ACM, 2022: 1611-1621. DOI:
10.1145/3477495.3531963.

DAMAK K, KHENISSI S, NASRAOUI O. Debiasing
the Cloze Task in Sequential Recommendation with Bi-
directional Transformers[C]//Proceedings of the 28th
ACM SIGKDD Conference on Knowledge Discovery
and Data Mining. New York: ACM, 2022: 273-282.
DOI: 10.1145/3534678.3539430.

XU C, XU J, CHEN X, et al. Dually Enhanced Propensity
Score Estimation in Sequential Recommendation[C]//
Proceedings of the 31st ACM International Conference on
Information & Knowledge Management. New York: ACM,
2022:2260-2269. DOI: 10.1145/3511808.3557299.
WANG Z L, ZHANG J S, XU H T, et al. Counterfactual
Data-augmented Sequential Recommendation[C]//Pro-
ceedings of the 44th International ACM SIGIR Conference
on Research and Development in Information Retrieval.
New York: ACM, 2021: 347-356. DOI: 10.1145/
3404835.3462855.

TAN Q Y, ZHANG J W, YAO J C, et al. Sparse-interest
Network for Sequential Recommendation[C]//Proceed-
ings of the 14th ACM International Conference on Web
Search and Data Mining. New York: ACM, 2021: 598-
606. DOI: 10.1145/3437963.3441811.



480

PR AE2A4R (FARBEARR)

47(3) 2024

[36]

[38]

[39]

[40]

ZHANG X X, CUI P, XU R Z, et al. Deep Stable Learn-
ing for Out-of-distribution Generalization[C]//2021
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Nashville: IEEE, 2021: 5368—
5378. DOI: 10.1109/CVPR46437.2021.00533.

FAN S H, WANG X, SHI C, et al. Generalizing Graph
Neural Networks on Out-of-distribution Graphs[J].
IEEE Trans Pattern Anal Mach Intell, 2024, 46(1): 322—
337.DOI: 10.1109/TPAMI.2023.3321097.

LUO YT, LIU Z C, LIU Q. Deep Stable Representation
Learning on Electronic Health Records[C]//2022 IEEE
International Conference on Data Mining (ICDM). Or-
lando: IEEE, 2022: 1077-1082. DOI: 10.1109/
ICDM54844.2022.00134.

LI HY, WANG X, ZHANG Z W, et al. OOD-GNN:
Out-of-Distribution Generalized Graph Neural Network
[J]. IEEE Trans Knowl Data Eng, 2023, 35(7): 7328-
7340. DOI: 10.1109/TKDE.2022.3193725.

XU R Z, CUI P, SHEN ZY, et al. Why Stable Learning

[41]

[42]

Works? A Theory of Covariate Shift Generalization[EB/
OL]. arXiv Preprint: 2111.02355, 2021. https://doi.org/
10.48550/arXiv.2111.02355.

COVINGTON P, ADAMS J, SARGIN E. Deep Neural
Networks for YouTube Recommendations[C]//Proceedings
of the 10th ACM Conference on Recommender Systems.
ACM, 2016: 191-198. DOI: 10.1145/2959100.2959190.
JEAN S, CHO K, MEMISEVIC R, et al. On Using very
Large Target Vocabulary for Neural Machine Translation
[C]//Proceedings of the 53rd Annual Meeting of the As-
sociation for Computational Linguistics and the 7th In-
ternational Joint Conference on Natural Language Pro-
cessing (Volume 1: Long Papers). Stroudsburg, PA, USA:
Association for Computational Linguistics, 2015: 1-10.
DOI: 10.3+3115/v1/p15-1001.

HIDASI B, KARATZOGLOU A, BALTRUNAS L, et al.
Session-based Recommendations with Recurrent Neural
Networks[EB/OL]. arXiv Preprints: 1511.06939, 2015.
https://doi.org/10.48550/arXiv.1511.06939.





