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Type Method MovieLens Bookcrossing
MAE nDCG; nDCG3 | MAE nDCG; nDCGs
PPR 0.1820 0.9796 0.9831 | 3.8092 0.8242  0.8494
Recommendation of existing items | Wide & Deep | 0.9047  0.9090  0.9117 | 1.6206 0.9012  0.9172
for existing users MelLU-1 0.7661 0.8866  0.8904 | 0.7799 0.9563 0.9572
MeLU-5 0.7567  0.8370  0.8919 | 0.7955 0.9546  0.9552
PPR 1.07483  0.8299  0.8468 | 3.8430 0.3201  0.8434
Recommendation of existing items | Wide & Deep | 1.0694  0.8559  0.8639 | 2.0457 0.8238  0.8515
for new users MelLU-1 0.7884 0.8799 0.8310 | 1.8701 0.8265 0.3527
MelLU-5 0.7854 0.8803 0.8812 | 1.8767 0.8263 0.8532
PPR 1.2441  0.7289  0.7632 | 3.6821 0.83115  0.8367
Recommendation of new items for | Wide & Deep | 1.2655 0.7420  0.7721 | 2.2648 0.8190  0.8437
existing users MeLU-1 0.9361 0.7715 0.7990 | 2.1047 0.8202 0.8441
MeLU-5 0.9275 0.7697 0.8005 | 2.1236  0.8190  0.8440
PPR 1.2596  0.7292  0.7634 | 3.7046 0.8171  0.8381
Recommendation of new items for | Wide & Deep | 1.3114  0.7680  0.7874 | 2.3088  0.8160  0.8405
new users MelLU-1 0.9299 0.7760 0.8011 | 2.1475 0.8184 0.8410
MeLU-5 0.9235 0.7752  0.8008 | 2.1721 0.8184 0.8422
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