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With the development of information technology, a huge amount of users’ action history data has been accumu-
lated on web sites.On such background, recommender system making use of these rich data has become important
tool for searching contents or products. Diversifying the recommendation lists in recommender systems could
potentially satisfy users’ needs. In a previous research, the diversity is raised by the topic diversification method
using Latent Dirichlet Allocation, but since the items belonging to the same topic are not diversified, there is a
high possibility that they are similar. Therefore, this reserach proposes a recommendation method considering
item diversification. Experimental results on MovieLens datasets demonstrate that our approach keeps accuracy
produces more diversified results.
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2.1 Latent Dirichlet Allocation(LDA)
LDA

LDA

LDA

M U = {u1, · · · , uM} N

V = {v1, · · · , vN} K Z =

{z1, · · · , zK} um ∈ U
zk ∈ Z θm,k

θm = (θm,1, · · · , θm,K)�

zk vn ∈ V φk,n

φk = (φk,1, · · · , φk,N )� θm φk

α = (α1, · · · , αK)� β = (β1, · · · , βN )�

um vn P (vn|um)
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(1)

P (vn|um) =

K∑
k=1

∫ ∫
θm,kP (θm,k|α)φk,nP (φk,n|β)dθm,kdφk,n (1)

2.2 Xing
LDA um
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∏
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f(v|Sm) (3)
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Xing
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Sm vn
g(vn|Sm) (5)
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g(vn|Sm) = P (vn|um) + γ min
vs∈Sm

(1− sim(vn, vs)) (5)
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v∗ = arg max
v∈Im\Sm

g(v|Sm) (6)

Step3) l ← l + 1 Sm ← Sm ∪ {v∗}

Step4) l < L Step2 l = L
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4.1

MovieLens
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αk = 1/K (1 ≤ k ≤ K) βn =

1/N (1 ≤ n ≤ N)
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5.1
L = 10

1 1.0× 10−4 ≤ γ ≤ 1.0

Xing 1.0× 10−3 ≤ λ ≤ 1.0
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MovieLens
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