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CADSIm

ivation: Realistic Sens imulation esu
e Long-tail scenarios are critical for robot learning and evaluation e CADSiIm: (a) accurate shape and appearance, (b) editable & controllable, (c) fast and robust e Qualitative comparison with SOTA approaches:
e Simulation to generate experiences in a scalable and affordable way! 3D reconstruction (d) real-time rendering NeRF-based Implicit Surface Geometry-based
o Realistic sensor simulation is key for running the full autonomy system — Shape Energy Exnae Data Energy Eunea T Cinstantne ' U ners Neus | | sAWP ours !
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. . e Quantitative comparison with SOTA approaches:
Geometry Appearance Material / Ligh i idi

. . Method PSNRt SSIMt LPIPS| T (hour) FPS
: s Instant-NGP [Miiller et al., 2022] 21.68 0.641 0319 0.05 1.14
A G‘E j NeRS [Zhang et al., 2021] 18.49 0.562 0.265 1.37 3.23
w O fed NeuS [Wang et al., 2021] 21.37 0.640 0.247 6.25 0.02
Munkberg et al., 2022 SAMP [Engelmann et al., 2017] 1952 0.628 0283 0.09  7L4%
CADSim (ours) 2172 0674 0220 013 49.6%
Vehicle Re-Animation Texture Transfer e Energy minimization: * using differentiable render nvdiffrast. Faster rendering (>100 FPS) is expected with modern graphics engines

e Texture transfer in the real world:
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. argmin{Edata (M7 I, A Z, P) + )\shapeEshape (M) + )\appEapp (M7 I, A Z, P)}
Building Assets from In-the-Wild Data MILA —————
Matching sensor observation

o Building digital twins from the real world:
o scalable: data collection platform drives anywhere to collect data

M :mesh A:appearance II: sensor intrinsic/extrinsic Z: images 7P: point cloud

o diverse: different types of actors observed under different conditions e Vehicle parameterization:
o realistic: same operational area and smaller sim-real domain gap (a) scale (tire radius and thickness) S ®
% £ R, |
o Existing methods: (b) front wheel rotation / translation - 2&, ' h q ‘5;
o poor underlying geometries under sparse and noisy observations (c) back wheel translation ’ ":R, 3‘ T
o generated rigid mesh cannot be articulated — physically plausible model B/ 3:1
o training is computationally expensive (>hours)
o non real-time rendering (<30 FPS) o Learning shape priors from a CAD library:
Sedan Suv Minivans Pickup-Truck Mean
ENE
23
‘ Deformed P
NeuS NeRS NVDiffRec - Meshes X 5 S
..
ours e Limitations: (a) fixed topology, (b) limited inpainting capacity, (c) requires segm.
z % '%? :E‘ ‘g | masks and camera parameters, (d) limited quality when topology is complex

Sphere Deform Ellipsoid Deform SAMP




