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A kernel contextual bandit recommendation algorithm

WANG Ding', MEN Changgian', WANG Wenjian'*

(1. College of Computer and Information Technology, Shanxi University, Taiyuan 030006, China; 2. Key Laboratory of Computa-
tional Intelligence and Chinese Information Processing of Ministry of Education, Shanxi University, Taiyuan 030006, China)

Abstract: Personalized recommendations are becoming increasingly significant in the Internet era; however, conven-
tional recommendation algorithms cannot adapt to the highly changing scenarios. Applying the linear contextual bandit
algorithm (linear upper confidence bound, LinUCB) to personalized recommendations can effectively overcome the lim-
itations of conventional recommendation algorithms; however, the accuracy is not sufficiently high. Herein, an im-
proved kernel upper confidence bound (K-UCB) algorithm is proposed to handle the insufficient recommended accur-
acy of the LinUCB algorithm. The proposed algorithm breaks through the unreasonable linear hypothesis of the Li-
nUCB algorithm and uses the kernel method to fit the nonlinear relation between the expected reward and context. A
new method for calculating the upper confidence bound of estimate rewards under nonlinear data is established to the
exploration —exploitation balance in the recommendation process. Experiments show that the proposed K-UCB al-
gorithm exhibits higher recommended accuracy than other recommendation algorithms based on multiarmed bandits and

can better adapt to the need for personalized recommendations in changing scenarios.
Keywords: personalized recommendation; changing scenarios; multi-armed bandits; linear contextual bandits; kernel

method; click-through rate; nonlinear; exploration-exploitation dilemma
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Table 3 Grid search results of K-UCB in Learning Bucket

B

a

0.01 0.05 0.1 1 10
0.1 1.20 1.62 1.50 1.28 1.28
0.2 1.40 1.67 1.72 1.32 1.12
0.3 1.22 1.62 1.6 1.39 0.96
0.4 1.44 1.61 1.58 1.08 1.04
0.5 1.42 1.40 1.26 1.08 0.96
0.6 1.32 1.35 1.24 1.16 1.04
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Table 4 Grid search results of K-UCB in Deploying Bucket

B

a

0.01 0.05 0.1 1 10
0.1 1.12 1.62 1.49 1.36 1.32
0.2 1.32 1.65 1.68 1.36 1.04
0.3 1.12 1.61 1.63 1.39 1.09
0.4 1.36 1.61 1.59 1.06 1.04
0.5 1.41 1.34 1.46 1.20 1.12
0.6 1.36 1.14 1.26 1.16 1.04
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