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1 Motivation 3 Result
Existing hybrid methods to alleviate the sparsity in collaborative filtering: Dataset | #user  #item  #rating #word | #density avg. words
Amazon | 8,514 28,262 56,050 1,845,387 | 0.023% 65.3
F-dimensional Local Block Cheetah | 15,890 84,802 477,685 612,839 | 0.035% 7.2
user latent factors Biases Sinintutnininiec . rinlniniaieiei i ,
J W ERR . N e Method
] l Embedding C . mazon - MeC "BpPR HFT TBPR MLP LCMR PNE
= | predictor | <= (- e : HR |.0810 .1077 .1517 .2100% .2024 .2352
Map B 3K T | topK=5 NDCG | .0583 .0815 .1208 .1486* .1451 .1646
User factors ftem factors| || D - Words MRR | .0509 .0729 .1104 .1283% .1263 .1413
— | ~ Initemi HR |.1204 .1360 .1777 .2836* .2836* .3186
ertent I B / | topK=10 NDCG | 0710 .0907 .1291 .1697* .1678 .1915
user text prior : Embeddin A: MRR | .0561 .0767 .1138 .1371* 1356 .1524
TBPR, Hu et al, PAKDD'17 MR, Hu et || 8% HR | .1821 2782 2268 3820 3951*% .4221
ol arXiv'1s | - | topK=20 NDCG | .0864 .1252 .1414 .1899 .1918* .2175
ARV IO | mmmmmmm g mmm i m MRR | .0602 .0854 .1171 .1426% .1420 .1595
 TBPR treats different words In  LCMR uses a softmax (NOT ———
. . . . . . . cino
the item document as equal sigmoid) activation function Cheetah  Metric o ——=r—8pR  MIP LCMR PNE
Importance: between two hidden layers HR | .4380 .4966 4948 5380 .5476* .5648
topK=5 NDCG | .3971 3617 .4298* 4121 4189 .4345
. MRR | 3606 .3175 .3826* .3702 .3762 .3911
fi = T Zwe PR - . The values would be fairly HR | 4941 5580 .5466 6176 .63161* .24;;1
wi wi . - topK=10 NDCG | 4182 4093 .4499* 4381 4460 .45
szl_l causing f_ivan'Tdh'Sg MRR | 3694 3365 .3913* 3810 3874 .4016
. . . graaient since It wou e HR | .5398 .6547 .6123 .6793 .6927* .6952
Wherg e Is the word embec!dlng normalized to a probability topK=20 NDCG | 4316 4379 .4682* 4529 4619 .4732
and f Is the text feature for item distribution MRR | 3730 .3445 .3958* 3851 3918 .4053
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