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Data Type Model Accuracy Precision Recall Fl-score 'Ijraining 'Test
Time(sec)  Time(sec)
RNN 0.9349 0.9356 0.9445 0.9400 317.7 98.2
Non GRU 0.9401 0.9510 0.9629 0.9569 303 96.5
Graph LSTM 0.9277 0.9334 0.9413 0.9373 329.4 120.3
Average 0.9342 0.9400 0.9495 0.9447 316.7 105
GCN 0.9410 0.9682 0.9650 0.9665 267.5 32.6
GAT 0.9363 0.9554 0.9508 0.9531 264.9 79.7
GIN 0.9347 0.9372 0.9421 0.9396 259.1 81.4
Graph DGCNN 0.9448 0.9621 0.9597 0.9610 273.8 81.7
GDC 0.9440 0.9618 0.9611 0.9614 262.2 30.6
GTN 0.9451 0.9699 0.9690 0.9694 258.8 79.3
Average 0.9410 0.9591 0.9580 0.9585 264.4 30.9
2.1 Graph Transformer Network based NIDS Aagstir. WA Z24 do) deoly A4S st
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