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Improving Recommendation Diversity via Probabilistic Selection

ZHANG Dong CAI Guo-yong XIA Bin-bin
(School of Computer Science and Engineering, Guilin University of Electronic Technology,Guilin 541004, China)

Abstract Typical recommendation algorithms focus on optimizing the accuracy of recommendation lists, however, di-
versity is also considered as a key property to measure the quality of recommendation lists from both user and system
perspective, Many list diversification techniques improve diversity by re-ranking items. In this paper,a new probabilistic
selection model for improving the diversity of recommendation lists was proposed. This model transfers the list genera-
tion process to N-times probabilistic selection process,and each selection includes two steps: genre selection and item
selection. For the genre selection phase, genre information of items is included to compute user-genre probabilistic ma-
trix,and a genre is chosen based on this matrix. For the item selection phase, three properties including estimated score
of items, historical popularity of items,and recommending popularity of items are considered for item re-scoring. The i-
tem with the highest re-computed score will be selected into the recommendation list. The trade-off between diversity
and accuracy can be controlled by changing threshold value TR. Experiments on two movie recommendation datasets
show that our model can effectively improve recommendation lists diversity. At the same time, the comparative experi-

ments show that our model outperforms re-ranking method in almost all experimental results, except the case of individ-

ual diversity for matrix factorization.
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g BROBTE Tah emmen zm ONE
614 % 512 0.94 0, 54 0. 31 0,29 0,03 2.11
614 % 1087 0. 99 1.11 0. 28 0,24 0, 06 2.65
753 % 1924 1.02 2.41 0.31 0.24 0.12 4.10
781 % 6955 1.33 9, 40 0,28 0. 25 0, 44 11.71

%6 ET OpenMP & MNF HTEF ML

&l b3 4 Hhy% MNF%#% HBetl
#AE Tmif B, i .3 44 i b
614%512  18.34 7.2 47.76 10. 54

614 % 1087 21.91 7.51 54, 38 11,84
753 » 1924 21. 64 8.17 54,09 12. 66
781 * 6955 20. 99 8.12 54, 22 12, 82

# 7 #TF CPU/GPU By MNF 478 IE

&4 b33 Hhrz MNFX# B
% ikt AmEK Akt il
614 %512 8.59 40, 70 481, 65 20, 74
614 = 1087 20. 36 44, 35 569. 30 36. 63
753 % 1924 37.33 46, 23 595. 63 50. 61
781 % 6955 100. 87 42. 80 591, 28 61. 80

ME 6 B, BFHTHRYBUS—ERmE L, b
F CPU/GPU By77 R0 b3 K B & PO A 3% Kt
BB, XU T A SR R AT RA M. OpenMP il
HHAEIER PR, TERH T GPUNARB S MKES—
B, ZEBUBEET , — YR EEE Y cacheline PR, AT BRI FE ST
5%, H OpenMP ¥ A R . #%FF OpenMP HiTH R, ETF
CPU/GPU T 45 =X BUA% A9 0 bb 38 AR, 1 EL SR8 MU
K, B K, HP BB MEL Y 61. 8, XBIET
CPU/GPU Bz X F1% 48 R ML N 7E b 28 K S 30 4
FHIFATHERER S

70
60 /A
50
40 ~4—CPU/GP!I
30 / -8 OpenMP
2 —

10 »

° .

6149512 61441087 75341924 78196955

B 6 MNF [&4 8 t (CPU/GPU, OpenMP)

GWIE FtEEBREAAERETHERRGTEESR.
BREZHITRES . RARMITTFRESERIERGL
BN RFR, AR R E R EEE. AXNET HL
@ CPU/GPU R H i+ B &K, @R T #F CPU/
GPU SR B R 't T R 8 AL BT ST ORI R AR, B
AR EFHEM MBI EERE T BN SIALZHFEY
OpenMP R X AE A LB X tE B, RITH LA T ETF
CPU/GPU # OpenMP B % St 8 B . MNF B4t 8317
Bk, SEBUS T REFSELL, 2 CPU/GPU A &
HHH61. 8, OpenMP Bk BN oy 12. 82, BHE T F#
AERAEBRLEBIRWKRES .
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