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Methodology: HyperDUM

(1) Prototype Learning (2) Channel & Patch Projection (3) Uncertainty-aware Fusion
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UQ) Method MB OFE UE LF Mean Dataset aiMotive DeLiVER
Night & Blur mlol. 52 93 mlol: 533 53 BEVFusion [33] | 64.10/63.69 | 62 40/59.26 | 63.537/63.25|165.07/65.08 | 63.7962.75 UQ Method FLOPs #Params FLOPs #Params
InfMCD [34] | 62.00/61.99 | 64.47/64.28 | 63.25/63.49 | 64.27/63.81 | 63.50/63.39 InfMCD [ 4] 990.00M _ 4.05K 184G 20.19K
InfNoise [34] 62.61/62.61 | 64.94/64.72 | 63 18/60.07 | 65.19/64 .99 | 63 .95/63.10 InfNoise [34] 000.00M 405K 1.84G 20.19K
PostNet [5] 60.42/58.90) 63.12/59.99| 60.20/59.25 | 64.13/60.60 | 61.97/59.69 LDU [10] 764.24M  44.04M 613.47M  102.24M
LU [10] 62.06/62.22 1 65.07/64 85 | 62.87/60.02 | 65.47/65.10 | 63.87/63.05 HyperDUM 111.84M  1.15M 338.40M 3R.RSM
HyperDDUM 64.39/63.99 | 66.16/65.39 | 64.18/63.91 | 65.89/65.22 | 65.16/64.62 —w/o Patch (4x) Proj. | 84.00M  1.13M  256.00M 3878M
aiMotive 3D ObleCt Detection (AP I) — w/0o Chan Proj. 6H.96M 338K 2060M  16.83K
_ Performance (4 Patch) [3Performance (16 Patch) C=Performance (64 Patch)
, _ UQ Methods (Metrics: mloU 1) —FLOPS (4 patch) FLOPS (16 patch) —FLOPS (64 patch)
Scenarios | CM] ) o1se  Fostivet semint | AyperDUM 68 2000
Baseline | CPB+PPB [38] [34] [34] [5] [10] [21] | (Ours) As the numbgrof pgtchesincrease, 5000
MB | 6291 6361 6355 6355 6316 |[GAZBITT gy O perdmensionperioms et
Dataset aiMotive DeLiVER OF 64.59 6539 65.17 6506 6473 - |6567% " g 7 4000 =
i i i " r . i — +1.20 A @
* CPB captures course-grain uncertainties,  Metric all-point AP/11-point AP + |  mloU 7 L 00 @38 QN 027 05 6120 - 3 1 [ |~ 3000 &
while PPB captures fine-grain uncertainties. 57— T fc ace o0 e TFTES o A 6592 6612 6625 6633 6640 - |6693" ' F 2000
] Hﬂ)ﬁf‘ﬂﬂﬂff 66.70/66.00 (Mean ﬂ} 67.59 (Mean &] FL 65 4% 6605 66.17 6606 6580 _ 668012 66.5 - -
- - - : rMnact - — — — — = = — ——- 2= e = e — — — — —| =T — = =T - s : : - ; I 1000
* Ablation studies reveal quantitative impact = "/, paich (dx) Proj. | ~ 65.67/65.23 67 1R — o 7 o o G ® I T 0 B e =
of CPB & PPB respectively — w/o Chan Proj 64.43/64.25 66.63 T - — - r - ' > 625 1250 2500 5000 ’
| | | J- T ‘ DeLiVER Semantic Segmentation (mloU 1) otch Proiact =
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