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#F 1 ShapeNet-R2N2 (81 % CD, EMD TOJE &l

CDx100 | EMDx100 |
Method Car Chair Air Avg. Car Chair Air Avg.
Self-Sup. [39] 5.48 10.91 7.11 7.11 4.95 14.9311.07 10.31
DIFFER [23] 6.35 9.78 5.67 7.27 6.03 16.21 9.90 10.71
ULSP [19] 5.40 9.72 5.91 7.01 4.78 10.18 7.66 7.54

RGB2point [26] 4.22 5.43 2.70 4.33 5.63 9.53 6.86 7.83

pPC? [36] (256-NFE) 4.95 5.60 3.37 4.84 4.69 5.36 4.27 4.84
BDM [51] (276-NFE) 5.12 5.02 3.12 4.64 4.25 4.53 3.92 4.28

Ours (1-NFE) 4.22 4.29 2.76 3.92 3.82 4.29 3.04 3.82
w/o PMA 4.58 4.29 3.01 4.12 4.02 4.62 3.54 4.13
w/o DSA 5.21 6.16 3.71 5.23 4.89 6.08 4.12 5.16
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Method Chair Sofa Table Avg. Chair Sofa Table Avg.

PC? (256-nvE)  7.07 5.87 11.39 7.82 7.13 6.14 10.72 7.75
BDM (276-NFE) 6.62 5.55 8.35 7.12 7.05 4.98 8.79 7.12
RGB2point 6.62 5.40 9.70 7.06 9.34 7.11 12.69 9.59

Ours (1-NFE)  6.48 5.02 8.20 6.53 6.74 5.06 7.94 6.61
w/o PMA 7.58 5.58 8.45 7.28 7.23 5.52 8.34 7.06
w/o DSA 8.82 6.58 10.1 8.58 8.88 7.02 9.76 8.62
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5 Pix3D O MEEF.

£ 3 HERFE 2 ¥'—2 VRAM (RTX A4000).

Method Time [ms/sample] VRAM [GiB]
PC? (256-NFE) 22000 + 200 1.730
BDM (276-NFE) 28000 + 200 1.970
RGB2point 28.39 + 2.18 0.818
Ours (1-NFE) 63.45 + 0.25 1.282
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