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Our Representation

. Our world is full of 3D objects in motion Represent motion by a temporally and spatially Representation Power
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4D Reconstruction by Learning Particle Dynamics UUNIVERSITAT

Experiments

Inferring such a model from sparse sensory T
inputs requires knowledge of the worlid
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ONet 4D 94.6 % 0.028 15.845

OFlow 92.5 % 0.037 0.689
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But in the real world, objects are in motion
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IoU Chamfer Correspond. IoU Chamfer Correspond.

) . . PSGN 4D - 0.258 2.576 PSGN 4D - 0.108 3.234

Time Time LO S S FO rm u I a t I O n PSGN 4D (w/ cor.) - 0.265 2.580 PSGN 4D (w/ cor.) - 0.101 0.102
> > ONet 4D 44.0%  0.348 i ONet 4D T79%  0.084 i

OFlow 56.6 % 0.193 0.292 OFlow 791%  0.077 0.129

Image Sequence Neural Network A1) Representation OFlow (w/ cor.) 59.6 %  0.166 0.226 OFlow (w/ cor.) 81.2 %  0.066 0.096
4D Reconstruction from Image Sequences (D-FAUST) 4D Point Cloud Completion (D-FAUST)
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How can we extend the 3D models to 4D? = Pedced .@
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== Slow inference Correspondence Loss Reconstruction Loss
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