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Collaborative Filtering Recommendation Algorithm Mixing LDA Model and List-wise Model
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Abstract Rranking-oriented collaborative filtering is affected by the sparsity of data, which leads to the inaccuracy of
recommendations. This paper proposed a hybrid ranking-oriented collaborative filtering algorithm based on LDA topic
model and list-wise model. The algorithm uses the LDA topic model to model the user-item ratings matrix,and obtains
the potential low-dimensional topic vector of the user,then measures the similarity between users with the topic vector.
Next, the list-wise learning function is used to directly predict the total order of items that satisfies the users prefer-
ence. The experimental results on the two real datasets of Movielens and EachMovie show that the algorithm can avoid
the inaccuracy of similarity calculation between users caused by too little common score information, and at the same
time reflect the superiority of learning to rank. It can effectively alleviate the effect of data sparsity and improve the ac-

curacy of recommendation.
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Table 1 Information statistics results on three datasets

Movielens-100K Movielens-1M EachMovie
JH F (users) 943 6040 36656
#, % (items) 1682 3952 1623
i 4 (ratings) 100000 1000209 2580222
F /R P 106 165. 6 70. 4
W/ e 59.5 253.1 1,589.8
0 B (sparsity) / % 93.7 95. 8 95.7

2 WP B SE R G (sparsity) R A E AT .
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Table 2 Effect of different £ values on accuracy and time of

LDAIlist-CF algorithm

3 1 2 3 4
NDCG@5 0.741 0.7514 0.7604 0.7697
Time/s 4.2 43.1 777.8 18872.9
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(1) 5% 9 A A [ 0 37 DU 46 A% . 838 /& £ Movielens-1M
B 4 T iR 2 AE EachMovie B85 £ 77, A SCHE H 9 LDAList-
CF B3k 0 RS o B A0 28 i T 0 A 3 AP vk, #ildn, 7
Movielens-1M ¥t#8 4 |, 248 NDCG@1,3 Hl 5 i}, LDAList-
CF 3 ik 2 [ [\ J2& %) £ HE 7 9 ListCF ik 8. 06%,
5.71%1 3.44% , 7E EachMovie $4 4 I, 24 B MAP@1,3
15 W, LDAList-CF 2535 b ListCF 298 il 2.25% ,1. 44 %
Mo0.72% . WE54 3% 1 v LLFE Y, EachMovie #0048 4 H & 4>
FH PB4 VRN AT R BE S B, X R4 3 W T LDAList-CF
BVRAE— B LT R R B R S

(2)LDAList-CF 2 ¥: i ListCF 53k # 2 5 T 51 K HE 5
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HOTT LA . A1 3 HE T ORS00 R O v AR G A g
J¥ 1 PointCF % vk F X 4% #lf )5 52 1% VSRank, i 411, 7£ Mo-
vielens-1M ¥t 3% 45 I, 1 % 2% HE )5 2 ¥ LDAList-CF
ListCF 7EL NDCG@1 B 43 31 & 11} PointCF 2% 14. 16 % Fl
6.10% s fEH MAP@ 1 B, 5 Al 35 12 43 51 & 1 VSRank 8 1k
4.26% M 2.34% , 3 H LDAList-CF %5 1 [ 7] 2 %)) 3 HE ¥ (10
ListCF 83 By RS 0 B2 32 &5 . [Ntk , LDAList-CF 533k B o 3%
T BCHE S B A 1) R, SR BT B % HE R A 4 A 5 7 Each-
Movie 4 45 [ 7T LIAS tH AH [F] 16 45 16
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JEOORE B0 B B R . B S8 BE ML A B Mivielens-1M £ 48 4 11
40 %6 HRAE A4 1 0 R B 98, 4 %6 I B dE 4R L Bl R 80 %6 H 4k 44
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Movielens-100K s 4 . i FH 5 Bl AS [R] () 7 0 48 A5 783X 3
i % 3 S AN () 1 B0 4 1 R AT S 50 90 IE 9 25 SR ANk 3 In%%
4 A (455 I (R R M ETE L 5 LDAList-CF 84 i RS
BEZAED

MEEF 3 Al LLZ I

(D3B3 AN 7] 7 i 1 00 B50H0 4 45 30 09 RS 6 B ol LLE
H LR SCHR Y LDAList-CF 535 H Al 3 b 45 2k A9 4% 1A o
TERCH AR B, A0, FE TR B A 96, 7% 9 BOHR 4 B L
NDCG @ 1 B}, LDAList-CF # 3% It PointCF, VSRank Al
ListCF B4 9 ih 10.53%,6.94%,4.25% , FFE A L&
B, TV B i AR 2k T A2 4k 56 T 3 R HEF 1 LDAList-
CF Hl ListCF B L 4R L 56 T % HEJF 19 VSRank 8 F1 3L T 25

oA & NDCG@k  PointCF  VSRank  ListCF  LDAList-CF
NDCG@1 0.6138  0.6527  0.6791 0.7125
T (9.87%)  (5.98%) (3.34%)
Movielens-1M NDCG@3 0.6592  0.6734  0.7019 0.7170
(98.4%) (5.78%) (4.36%) (1.51%)
NDCG@S5 0.7012  0.7179  0.7444 0.7506
(4.94%) (3.27%) (0.62%)
NDCG@1 0.6194  0.6553  0.6822 0.7247
T (10.53%) (6.94%)  (4.25%)
Movielens-1M NDCG@3 0.6591 0.6772 0. 7059 0.7953
(96.7%) (6.62%) (4.81%) (1.94%)
NDCG@S5 0.7086  0.7195  0.7459 0. 7571
(4.85%) (3.75%) (1.12%)
NDCG@1 0.6451 0.6740  0.6711 0,696 3
TG 12%) (2.23%)  (2.52%)
Movielens-100K NDCG@3 0.6788  0.6956  0.6982 0.7089
(93.7%) (3.01%) (1.33%) (1.07%)
NDCG@S5 0.7258  0.7343  0.7451 0. 7431
(1.73%) (0.88%)  (0.2%)
F4 A REETE 3 AR IIRE BB A 8R4 1 2L MAP 3

R 1A i 2 36 i

Table 4 Sparsity validati on of four algorithms on three data sets

with different sparsity by MAP

B g MAP@k  PointCF  VSRank  ListCF  LDAList-CF
MAP@1 0.7909  0.7784  0.8029 0.8203
T (3.84%)  (5.09%)  (2.64%) ’
Movielens-1M 0.7556 0.7424 0.7753
MAP@ 3 0.8104
(98.4%) (5.48%) (6.80%) (3.51%)
0.7341  0.7224  0.7535
MAP@5 0.7969
(6.28%) (7.45%) (4.34%)
MAPG 1 0.6748 0.6900 0.6991 0. 7054
TU(3.06%)  (1.54%)  (0.63%) i
Movielens-1M 0.6558  0.6561 0.6723
MAP@3 0.6866
(96.7%) (3.08%) (3.05%) (1.43%)
0.6341  0.6350  0.6527
MAP@5 0.6661
(4.85%) (3.11%) (1.34%)
MAPG 1 0.7070 0.6846 0.7404 0. 7484
T (4. 14%)  (6.38%)  (0.80%) ’
Movielens-100K 0. 6870 0.6514 0.7027
MAP@3 0.7396
(93.7%) (5.26%) (8.82%) (3.69%)
0.6527  0.6397  0.6870
MAP@5 0.7092
(5.65%) (6.95%) (2.22%)
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