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Abstract: In the recommendation system, a critical challenge is that individual environment context log may not
contain sufficient item access records for mining his/her environment context preferences. This paper designs a
Contextual Topic-based Relevance Recommendation (CTRR) algorithm. The CTRR algorithm uses the
CTRR_LDA model and a postfiltering strategy to recommend items to users in a specific environment context.
CTRR_LDA is an improved LDA model, which combines environment contexts and item feature contexts to
calculate the probability of the item appeared. In this model, the environment context is divided into multiple
environment context factors. Each environment context factor can be expressed as a K-dimensional topic
distribution. Then the CTRR_LDA model is used to mine the latent topic of the items in each environment
context factor. According to the experimental results on the LDOS-CoMoDa datasets, the reliability of algorithm
is validated in the context-aware recommendation scenario.
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Input: the dataset of LDOS-CoMoDa; parameters e, 3,6 ;
Output: item-context relevance probability Rank, »(m) ;
1) for each topic ¢t € K do

2
3

draw a distribution over movies g, ~ Dir(8) ;
draw a distribution over features ¢, ~ Dir(6) ;
4) end
6
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draw a distribution over topic 4y, ~ Dir(c);
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5) for each environmental context ¢ € C do
)
)
)

assign a topic t given the environment context ¢~
Mult(~,) ;
(9) draw a movie from the chosen topic m,, |t~
Mult (g, ) ;
(10)  draw a feature from the chosen topic p,,|¢t ~ Mult ((p,) ;
(11)  end
(12) end

(13) compute P (m
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(14) compute Rank, .(m) = P (m|C)- Score,(m) ;

(15) return  Rank, ~(m)
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