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I 1. (Moderate) MC EE0I20] w2 Y & Mz B3} (AP)
Table 1. Performance Variation by Model with MC Dropout (AP)

Car Pedestrian Cyclist

0.32 63.41 30.29 45.67
0.32_MD 62.58 33.19 45.89
0.16 72.24 40.18 59.85
0.16_MD 72.57 42.33 58.49




F 2. (Hard) MC =80t20f w2 29 & Mz Hs} (AP)
Table 2. Performance Variation by Model with MC Dropout (AP)

Car Pedestrian Cyclist

0.32 58.99 28.21 42.92
0.32_ MD 58.34 30.49 42.56

0.16 66.54 37.95 55.83
0.16_MD 69.53 39.39 54.42
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