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<it 2> sfojA g " WSO == EF
6 | CEGCN | HGNN | HNHN @ UniGNN | Allset | TriCL 6 | CEGCN | HGNN | HNHN @ UniGNN | Allset | TriCL
100 | 71.692 77.841 | 77.032 77.382 | 76.761 : 81.651 100 | 85.220 : 90.090 : 89.690 90.080 : 90.100 : 91.200
< | 80 | 69.852 76.301 | 74.843 75.762 1 73.871 : 80.201 [ , | 80 [ 84.520 : 89.210 = 88.660 89.180 : 89.380 : 90.760
g 60 | 66.372 72.802 ; 70.993 72.432  70.093 ; 78.421 5’ 60 | 83.870  88.110 : 87.490 87.990 : 88.320 : 89.980
Ol 40 | 64592 70.451 : 68.884 69.732 | 66.942 : 76.551 e 40 | 83.200 : 86.880 @ 86.110 86.620 : 87.130 : 88.120
20 | 61.082 65.762 | 65.571 65.682 | 63.072 ; 73.891 20 | 82540 | 84.900 : 84.110 84,720 : 85.230 ; 87.600
100 | 60.392 67.232 | 67.282 68.531 | 68.671 ; 72.121 100 | 93.200 : 99.680 : 99.710 99.810 : 99.810 : 99.830
5| 80 | 59.552 66.972 | 66.581 67.352 : 66.802 : 71.351 % 80 | 94.410 . 99.430 : 99.510 99.730 : 99.780 : 99.760
% 60 | 59.352 65.652 : 65.562 66.102 : 66.482 : 70.241 % 60 | 94.140 . 99.150 : 99.430 99.640 : 99.720 | 99.620
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20 76.981 79.750 | 79.430 79.520 79.680 @ 81.110 20 65.681 70.552 | 70.572 69.002 72212+ 72.552
100 | 67.851 78.381 | 76.010 77.691  76.251 : 82.130 - 100 | 86.850 : 94.910 : 96.930 95.170 | 96.830 : 97.080
o| 80 | 66.331 76.651 | 73.331 75.861 : 74.901 : 80.580 % 80 | 86.870 : 94.830 : 96.560 95.050 : 96.770 : 97.070
g 60 | 64.701 74.221 | 70.991 73541 | 72.491 ; 78.751 % 60 | 87.170 | 94.930 : 96.350 94.920 : 96.790 ; 97.220
Ol 40| 64141 71.201 | 68.381 70.761 : 70.051 : 76.320 g 40 | 87.610 : 94.970 @ 95.820 94,710 : 96.770 : 97.090
20 | 63.001 67.331 | 64.631 67.511 | 66.641 ; 73.561 20 | 89.580 | 94.910 : 95.150 94.550 | 96.330 : 96.580
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