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I Data-driven: learn from data rather than predefined shape routines. 65._____1 : 30
T Generi@any complex shapes rather than simple shape primitives.
T Compositional: compose complex shapes by assembling simplejones.
T Versatileapplicable to various vision tasks.
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A large-scale CAD dataset of more than 150,000 models in 660 categories.
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Convert the depth map into volumetric representation - - B unknown =
+ ] obserwved surface
_ == Observed points
ldentify free space, observed surface, unknow space - - completed surface
Infer unknown space and label jointly by gibbs sampling
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[29] Depth 0.000 | 0.729 | 0.806 | 0.100 | 0.466 0.222 0.343 0.481 | 0.415 | 0.200 | 0.376
NN 0.429 | 0.446 | 0.395 | 0.176 | 0.467 0.333 0.188 0.458 | 0.455 | 0.400 | 0.374
ICP 0.571 | 0.608 | 0.194 | 0.375 | 0.733 0.389 0.438 0.349 | 0.052 | 1.000 | 0.471
3D ShapeNets 0.142 | 0.500 | 0.685 | 0.100 | 0.366 0.500 0.719 0.277 | 0.377 | 0.700 | 0.437
3D ShapeNetsAQH W X Q-B&7 | 0.703 | 0.919 | 0.300 | 0.500 0.500 0.625 0.735 | 0.247 | 0.400 | 0.579
[29] RGB 0.142 | 0.743 | 0.766 | 0.150 | 0.266 0.166 0.218 0.313 | 0.376 | 0.200 | 0.334
[29] RGBD 0.000 | 0.743 | 0.693 | 0.175 | 0.466 0.388 0.468 0.602 | 0.441 | 0.500 | 0.448
results on synthetlc depth Table2: Accuracyfor VL HZ E R.MHgecognitionon NYU dataset.
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three different next-view candidates

The original entropy of the first view,
H = H(p(y|X0 — XO))

Given a fixed number of views, the conditional entropy for

Hi - H(p(y|XL7XO — XO)) -th
1

— ZP(XL‘XO — XO)H(Y‘Xin Xo = Xo)

The reduction of entropy Is the mutual information between the ne

voxel and the label,
H— H; = I(y; X\ %0 = Xo) > 0

We choose the view with the maximum mutual information

V* _ argma’XV’i I(”g, X;‘XO — XO)

view

bathtub bed chair desk dresser monitor nightstand sofa table toilet all
Ours 0.80 1.00 0.85 0.50 0.45 0.85 0.75 0.85 0.95 1.00 0.80
Max Visibility 0.85 0.85 0.85 0.50 0.45 0.85 0.75 0.85 0.90 0.95 0.78
FurthestAway 0.65 0.85 0.75 0.55 0.25 0.85 0.65 0.50 1.00 0.85 0.69
RandomSelection 0.60 0.80 0.75 0.50 0.45 0.90 0.70 0.65 0.90 0.90 0.72

Table3: Comparisorof Different Next-Best-\few SelectiondBasedon RecognitionAccuracyfrom Two Views. Based
onanalgorithm’s choice,we obtaintheactualdepthmapfor the next view andrecognizeheobjectusingthosetwo views in

3 possible shapespredicted new freespace & Visible surfaceurap shapeNetsepresentation.



