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Variational Continuous Bayesian Meta-learning Based Algorithm for Recommendation

ZHU Wentao"*,LIU Wei'"* ,LIANG Shangsong'®,ZHU Huaijie*® and YIN Jian®"*
1 School of Computer Science and Engineering, Sun Yat-sen University, Guangzhou 511436 ,China
2 School of Artificial Intelligence,Sun Yat-sen University,Zhuhai, Guangdong 519082, China

3 Guangdong Key Laboratory of Big Data Analysis and Processing.Guangzhou 510006, China

Abstract Meta-learning methods have been introduced into recommendation algorithms in recent years to alleviate the problem of
cold start. The existing meta-learning algorithms can only improve the ability of the algorithm to deal with a set of statically dis-
tributed data sets(tasks). When faced with multiple data sets subject to non-stationary distribution, the existing models often
have negative knowledge transfer and catastrophic forgetting problems,resulting in a significant decline in algorithm recommen-
dation performance. This paper explores a recommendation algorithm based on variational continuous Bayesian Meta-learning
(VC-BML). Firstly,the algorithm assumes that the meta parameters follow the dynamic mixed Gaussian model, which makes it
have a larger parameter space,improves the ability of the model to adapt to different tasks,and alleviates the problem of negative
knowledge transfer. Then,the number of task clusters in VC-BML is flexibly determined by Chinese restaurant process(CRP),
which enables the model to store knowledge of different task distributions in different mixed components and invoke this know-
ledge when similar tasks occur,helping to alleviate the catastrophic forgetting problem in traditional algorithms. To estimate the
posterior probabilities of model parameters,a more robust structured variational reasoning method is used to approximate the
posterior values to avoid forgetting knowledge. Finally, VC-BML outperforms the baselines on all four datasets with non-stationa-
ry distributions. Compared with point-based estimation methods, VC-BML improves the robustness of the model and helps alle-
viate the catastrophic forgetting problem.

Keywords Recommendation algorithm,Cold-start problem,Meta-learning. Dynamic Gaussian mixture model
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Table 1 Basic information of four datasets
Amazon Yelp
MovieLens Bookcrossing [ !
music restaurant
number of ~ _
6040 278858 736441 1987897
users
number of
. 3706 271379 465392 150346
items
ratetimes 1000209 1149780 1584082 6990280
gender, age, sign up time
user . .
. . occupation, age gender, age friends,
information A
zip code comments
. address,
item year,genre, year,author, year,genre,
. . . . . category,
information director,actor publisher singer K
opening hours
score range 1~5 1~10 1~5 1~5
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4.2 ERNEFBRISTBAEHBE LRI

SE Rl 4 AR B L B TS TRD Y S0 B X R A TR
AT 55+ ISk DK 265 58 114 00 B0 2 442 00 e BBUARE A5 380 A1) AT 45 40 R
TR . MRIRAE 3 B AT N GR E E E —
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Table 2 Average of performance over the data set that has been learned
Movielens Bookcrossing Amazon music  Yelp restaurantMAE

Algorithm
MAE nDCG MAE nDCG MAE nDCG MAE nDCG
TOE 0.737 0.909 1.168 0.793 1.358 0.738 1.471 0.724
FTML 0.696 0. 886 1.042 0.802 1. 204 0. 746 1.477 0.721
DPMM 0.685 0.936 1.012 0. 809 1.172 0.771 1.214 0.745
BOMVI 0.773 0. 887 1.021 0.788 1.124 0.769 1.115 0.766
MeLLU 0.768 0. 891 1.014 0.811 1.157 0.753 1.168 0.759
VCBML 0.724 0. 897 0.980 0.829 1.071 0.781 1.063 0.786
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Table 3 Mean absolute error of tests at each stage on each data set

Meta-training Stage Algorithm Movielens Bookcrossing Amazon music  Yelp restaurant

TOE 0.737 2. 864 1. 642 3.211

FTML 0.696 2.645 1.557 3.009

MovieLens DPMM 0. 685 2.537 1. 409 3.132
BOMVI 0.773 2.332 1.274 2.973

MeL U 0.768 2.418 1.384 3.02

VC-BML 0.724 2.247 1. 295 2.896

TOE 0.782 2.003 1.729 3.113

FTML 0.783 1. 885 1.623 2.997

Bookerossing DPMM 0.748 1.738 1. 398 3.131
BOMVI 0.786 1.339 1. 266 2.869

MeL U 0.791 1.963 1.407 3.132

VC-BML 0.764 1.294 1. 286 2.902

TOE 0. 805 2.419 1.118 3.132
FTML 0.862 2.132 1.031 3..014

Amazon music DPMM 0.811 1. 841 1.012 3.157
BOMVI 0.792 2.332 1. 006 2.935

MeLU 0.803 2.418 1. 095 3.221

VC-BML 0.778 1.317 0.992 2.881

TOE 0. 824 2.723 1.272 2.773

FTML 0.938 2.419 1.238 2.697

Yelp DPMM 0.872 2.012 1.213 2.431
restaurant BOMVI 0.807 1.553 1.031 1. 824
MeLU 0. 835 2.116 1.177 1.994

VC-BML 0.793 1.332 0.978 1.635
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Table 4 MAE of each meta-learning stage model on the learned

dataset
Moviel.ens  Bookcrossing /\maz-on Yelp
music restaurant
K=1 0.737 1.013 1.231 1. 186
K=2 0.742 0.995 1.103 1.092
K=14 0.718 0.984 1.078 1.074
K=6 0.724 0.980 1.071 1.063
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Fig. 3 Update process of VC-BML based recommendation system
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