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Abstract In recommender system, both of accuracy and flexibility are important for recommender algorithms. In order
to provide a high flexibility while keeping high accuracy, this paper proposed a random walk based multidimensional re-
commender algorithm, First, this paper built a multidimensional recommender system model using users’ context, se-
cond, divided the user query into several sub-queries, and built a bipartite graph, finally, ranked candidate items accor-
ding to the random walk model,and returned top-£ results. Experiments show that the proposed algorithm can satisfy

flexible recommender requests while keeping high prediction accuracy,and is more effective than related algorithms.
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¢Jack’}, MOVIE = {“ Superman’, 300’, ‘Rent’}, DATE=
{€09-16-2008’, €09-17-2008 } #1 LOCATION={‘Seoul’} , 5
B4 L 18 (‘Matt’?, *Superman’, “09-16-2008 ", ¢ Se-
oul’), (*Jack’, €300, €09-17-2008 7, ‘ Seoul’) 1 (‘ Matt’,
‘Rent’, “09-17-2008 , “Seoul”) 3 704 .

F1 mBHAERE

USER MOVIE DATE LOCATION
Matt Superman 09-16-2008 Seoul
Jack 300 09-17-2008 Seoul
Matt Rent 09-17-2008 Seoul
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E 4 Q= {USER, DATE, LOCATION} , }k 48 1 & 1
MBI Q T IR —5A.

V~{USER}

B

N

Vo={USER,DATE }
Matt, 09-16-
2008
Matt, 09-17-
2008
Jack, 09-17-
2008
V2={USER,LOCATION
Matt, Seoul

Jack, Seoul

Superman

DO

Qi
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Lk RR AR topk MMEER, # hit HE kEANERPERE
Bela s hHEERT 2 MO
3.2 HiEs

SRR EL IR AR last. fm 1 LG Oz Store
SHE LR R AT WAL . last. fm BB M E 1699 M/
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Query Set Weight

FI=(f, —(USER}} =10
F2={f; ={USER, Day}} w; =10
3={f, = {USER, DOW} } w,=1.0
4={f, = { USER, Month} } w=1.0

f, ={USER} W =0.5

- {f2={USER Day) } Wy =0, 5
o {fl—{USER } w,=0.5
f,={USER, DOW} Wy =0. 5

_ { (USER} } W, =0.5
{USER,Month} wy, =0.5
f, = {USER) w,=0. 25
f, ={USER, Day} wy =0, 25
F8=1 {,= (UsER, DOW} wy =0, 25
{, = {USER, Month} wy =0. 25

AL L3R B AL AR B R AU 43 1 X 4 SCHR H
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x3 HARMEWEELSRER

OZSTORE
F1 F2 F3 F4 F5 F6 F7 F8
HR@10 0.048 0.046 0.028 0.008 0.008 0.058 0.057 0.062
HR@20 0.089 0.070 0.060 0.022 0,018 0.100 0.095 0.103
HR@30 0.118 0.147 0.091 0.039 0.031 0.125 0.135 0.130
HR@40 0.139 0.170 0.106 0.064 0.047 0,159 0,183 0,169
HR@50 0.157 0.207 0.138 0.091 0.070 0.195 0.223 0.233
LASTFM
F1 F2 F3 F4 F5 F6 F7 F8
HR@10 0.096 0.011 0.015 0.098 0.024 0.097 0.095 0.099
HR@20 0.158 0.022 0.024 0.160 0.037 0.164 0.161 0. 164
HR@30 0.193 0.038 0.039 0.208 0.044 0.210 0.209 0.210
HR@40 0.232 0.047 0.047 0.240 0.054 0.248 0.242 0.249
HR@50 0.274 0,057 0.053 0.294 0,062 0.291 0.270 0.292
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HW L BAH A SR i f9 B B MuldD 5 POP, UKNN,
PSVD il IRANK #47  Xf . o T X BB AEARR top-k
TRHERR P, AT BN B T BB AE top-10, top-20, top-30,
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B i, AR ) MultD B37e S 808 00 T 508 ST s it .

F4 EESRERLEE

OZSTORE
POP UKNN PSVD IRANK MultiD
HR@10 0.027 0.041 0.050 0.045 0. 051
HR@20 0.043 0.084 0.090 0.081 0, 089
HR®@®30 0.075 0.124 0.123 0.108 0.118
HR@40 0,100 0,137 0.152 0,135 0.153
HR@50 0.126 0,157 0.149 0.153 0. 157
LASTFM
POP UKNN PSVD IRANK MultiD
HR@10 0.011 0,014 0.05 0.088 0. 096
HR@20 0.024 0.036 0,090 0.151 0. 158
HR@30 0.036 0.062 0.121 0.181 0.193
HR@40 0.044 0,078 0.152 0.215 0.232
HR@50 0.053 0.097 0.181 0.241 0.274
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