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ETNA PRM@10 MRR@10 HIT@10 nDCGQ@10 ItemCoverage@l0 AvgPop@l0 Gini@l0 TailPercent@10
Pop 46.90 0.1951 0.4698 0.1034 0.0362 315.3 0.9886 0.0000
BPR 189.2 0.4970 0.7911 0.2956 0.3381 222.1 0.8968 0.2183
Light GCN 196.6 0.5030 0.8049 0.3049 0.3518 215.2 0.8875 0.2449
RecVAE 200.4 0.5303 0.8165 0.3260 0.3446 215.4 0.8826 0.2281
SimpleX 162.6 0.4756 0.7667 0.2835 0.2644 228.8 0.9253 0.1334
TtemKNN 165.5 0.4623 0.7847 0.2834 0.2513 217.7 0.9135 0.1551
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%A PRM@10 MRR@10 HIT@10 nDCGQ10 ItemCoverage@l0 AvgPop@l0 Gini@Ql0 TailPercentage@10
BPR 8.589 -0.0159  -0.0085 -0.0095 0.0653 -14.99 -0.0278 0.0645
LightGCN  9.346 -0.0010  -0.0064 -0.0029 0.0392 -7.309 -0.0157 0.0330
RecVAE 1.243 -0.0021 0.0053 -0.0011 0.0089 0.2152 0.0004 0.0056
SimpleX 6.587 0.0030 0.0223 0.0067 0.0125 -2.448 -0.0040 0.0199
GCMC -4.166 0.0000 -0.0064 -0.0094 -0.0255 -0.0012 0.0078 -0.0091
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