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1 WOD detailed results

We also provide the detailed results on WOD [4] as Table 1 and Table 2 show.

. 3D mAP 3D mAPH
Difficulty | - Method 10,211 0-30m 30-50m 50-00|Overall 0-30m 30-50m 50m-oco
M3D-RPN{ [1]| 0.35 1.12 0.18 0.02| 0.34 1.10 0.18 0.02
LEVEL_1| PatchNetf[2] | 0.39 1.67 0.13 0.03| 0.37 1.63 0.12 0.03
@IoU 0.7 PCT [9] 0.89 3.18 0.27 0.07| 0.88 3.15 0.27 0.07

CaDDN [3] 5.03 1454 147 0.10| 499 1443 145 0.10
MonoFlexs [6]| 11.70 30.64 5.29 1.05| 11.64 30.48 527 1.04
DCD(Ours) | 12.57 32.47 5.94 1.24|12.50 32.30 5.91 1.23
M3D-RPN{ [1]| 0.33 1.12 0.18 0.02| 0.33 1.10 0.17 0.02
LEVEL_2| PatchNetf[2] | 0.38 1.67 0.13 0.03| 0.36 1.63 0.11  0.03
@IoU 0.7 PCT [9] 0.66 3.18 0.27 0.07| 0.66 3.15 0.26 0.07
CaDDN [3] 449 1450 142 0.09| 445 14.38 141 0.09
MonoFlexs [6]| 10.96 30.54 5.14 0.91| 10.90 30.37 5.11  0.91
DCD(Ours) |11.78 32.30 5.76 1.08|11.72 32.19 5.73 1.08
Table 1. The IoU@0.7 result on WOD [4] wval set. Italics: These methods utilize the
whole train set, while the others uses 1/3 amount of images in train set. {: M3D-RPN
is re-implemented by [3]. {: PatchNet is re-implemented by [5]. *: MonoFlex is our
baseline and re-implemented ourselves.

2 Keypoints visualization

Fig. 1 visualizes the 63 semantic keypoints.
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3D mAP 3D mAPH

Overall 0-30m 30-50m 50-c0 |[Overall 0-30m 30-50m 50m-co
M3D-RPN{ [1]| 3.79 11.14 2.16 0.26 | 3.63 10.70 2.09 0.21
LEVEL_1| PatchNet{[2] | 2.92 10.03 1.09 0.23 | 2.74 9.75 0.96 0.18
@IoU 0.5 PCT [5] 420 14.70 1.78 0.39 | 4.15 14.54 1.75 0.39

CaDDN [3] 17.54 45.00 9.24 0.64 | 17.31 44.46 9.11 0.62
MonoFlex* [6]| 32.26 61.13 25.85 9.03 | 32.06 60.75 25.71 8.95
DCD(Ours) | 33.44 62.70 26.35 10.16| 33.24 62.35 26.21 10.09
M3D-RPN{ [1]| 3.61 11.12 2.12 0.24 | 3.46 10.67 2.04 0.20
LEVEL_2| PatchNet{[2] | 242 10.01 1.07 0.22 | 2.28 9.73 0.94 0.16
@loU 0.5| PCT [7] 403 1467 174 036 | 399 1451 1.71 0.35
CaDDN [3] 16.51 44.87 8.99 0.58 | 16.28 44.33 8.86 0.55
MonoFlezs [6]| 30.31 60.91 25.11 7.92 | 30.12 60.54 24.97 7.85
DCD(Ours) |31.43 62.48 25.60 8.92 | 31.25 62.13 25.46 8.86
Table 2. The IoU@O0.5 result on WODI4] val set. Italics: These methods utilize the
whole train set, while the others uses 1/3 amount of images in train set. {: M3D-RPN
is re-implemented by [3]. {: PatchNet is re-implemented by [5]. *: MonoFlex is our
baseline and re-implemented ourselves.

Difficulty Method

Fig. 1. This figure shows the three views of 63 semantic keypoints of the car.
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