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Problem Related Work

Normalised Object Coordinates
ROCA [1]

Segmentation NOCs

Render-and-Compare
Im2CAD [2]

From a single RGB image predict aligned 3D shapes that represent the given
scene.
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Limitations:

* NOCs are difficult to predict

e Ambiguity in alignments at train time
cause displacements at test time

e Scale is predicted directly from the

RGB image

Limitations:

* Slow as require large number of iterations ([2]: 250, [3]: 1000)

* Slow as perform and process full render (Total time: [2] 4 min, [3] 36s)
* Require very good initialisation
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Quantitative Results - ScanNet
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Method bathtub bed bin bkshlf cabinet chair display sofa table | class instance
Number of Instances # 120 70 232 212 260 1093 191 113 553 9 2844
Total3D-ODN [4] 10.0 29 16.8 2.8 4.2 14.4 13.1 5.3 6.7 8.5 10.4
Mask2CAD-b5 [5] 7.5 29 246 1.4 5.0 29.9 13.1 5.3 5.6 10.6 16.7
ROCA [1] 20.8 8.6 263 9.0 13.1 39.9 24.6 106 12.7 | 184 25.0
SPARC-Net (ours) 25.8 257 246 14.2 20.8 51.5 17.8 283 154 | 249 31.8
SPARC-Net + ROCA rot init 25.0 30.0 36.2 14.2 19.2 52.3 20.4 28.3 27.3 34.1

Sparse Inputs Reduce Overfitting
Discussion

K Vel Loss Sparse e | e Sparse Render-and-Compare produces more accurate alignments compared to NOCs.
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