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Real Scene

A partial point cloud from
ScanNet real scene data
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Real Scene

The ground truth
1s unavailable

A partial point cloud from
ScanNet real scene data
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Completion Results

Real Scene Objects
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Our Method
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Our Method
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Evaluation

Unpaired:
* A classifier.
Our new evaluation method:

* We build a dataset from ScanNet (real scene data) and ShapeNet (artificial)
utilizing the annotations of Scan2CAD.

* The dataset contains real scene partial point clouds and paired ground truths that
are only used for evaluation in our experiments.
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Table 1. Point cloud completion comparison on our dataset in terms of L1 Chamfer Distance cd'' x 10? (lower is better).All the methods
are trained with our dataset and the unsupervised methods including ours are trained on single category data. Boldface denotes the best
among unsupervised methods in Tables 1, 2 and 3.

Method AVG  chair table trashbin TV cabinet bookshelf sofa  lamp bed tub
PoinTr [34] 14.37 13.65 12.52 15.26 12.69  17.32 13.99 1236 17.05 15.13 13.77

Sup. Disp3D [23]  7.78 6.24 8.20 7.12 7.12 10.36 6.94 5.60 14.03 6.90 5.32
TopNet [19]  7.07 6.39 5.79 7.40 6.26 8.37 7.02 5.94 850  7.81 7.25
g;‘f;i'sed Shapelnv [36]  21.39 1797 17.28 33.51 15.69  26.26 25.51 1428 16.69 3233 1443
Unpaired [32] 1047 841 7.52 12.08 6.72 17.45 9.95 6.92 1936 10.04 6.22

Unsup. Cycle4 [24] 11.53  9.11 11.35 11.93 8.40 15.47 12.51 10.63 1225 1573 7.92

Ours 856 822  7.68 10.36 7.66 10.77 7.84 6.14 1193 820 6.75
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Comparison & Results

Table 2. Comparison on our dataset trained with single cate-
gory and multi-category data in terms of L1 Chamfer Distance
cd' x 102 (lower is better) and F-scores F%17% x 102, F17%  x
102 (higher is better). “Ours” and “Ours(classifier)” denote our
method with probability-guided and classifier-guided discrimina-

tors, respectively.

Method

single category

multi-category

TFS.:}%KQ TFslc%)re J,Cdll TF.chzja TFslﬁ)re
PoinTr [34] - - 14.37 18.35 80.41
Disp3D [23] - - 7.78  30.29 78.26
TopNet [19] - - 7.07 12.33 80.37
Shapelnv [36]  15.58 66.53 19.35 16.98 69.66
Unpaired [32]  12.20 64.33 10.12 10.86 66.68
Cycled [24] 9.98 60.14 12.00 8.61 56.57
Ours 17.49 7341 8.96 16.88 72.31
Ours(classifier) - - 8.76 17.12 73.75
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Figure 8. Visualization of t-SNE results of the latent codes by
Unpaired [32] and our method. (a) and (b) are the results on multi-
category, where different colors denote different categories. Dark
and light denote real scene data and artificial data respectively. (c¢)
and (d) are the results on the chair category only.
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An end-to-end unsupervised network for completion of real scene point cloud objects.
e Symmetric shape-preserving.

* Multi-category.

* More accurate and uniform points.

A new evaluation method for real scene point cloud completion.
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