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This document provides additional visual examples, including both the successful and less successful ones. In addition,
we show more class-specific quantitative results.

A. Class-wise quantitative performance

In Table 1 and Table 2 of the submitted paper, we report our method’s average performance for object segmentation on
the ScanNet [1] and S3DIS [2] datasets. Here we provide the detailed class-wise results for each type of weak supervision,
including scene-level, subcloud-level, and 20 labeled points (around 0.01%) annotations. Table 1 and Table 2 show the
class-wise performance of our method on the ScanNet and S3DIS datasets under different types of supervisions, respectively.

Supervision |wall floor cabinet bed chair sofa table door window B.S. picture cnt desk curtain fridge S.C. toilet sink bathtub other|mIOU
Scene 52.150.6 8.3 46327939.7209 158 268 40.2 8.1 21.122.0 459 45 166152324 212 80| 262
Subcloud  [66.0 80.6 28.0 58.2 68.8 63.2 47.6 23.8 11.8 609 6.0 92 464 72.0 13.6 56.8 68.8 34.0 66.7 34.4| 458
20pt (0.01%)|74.7 92.3 53.2 74.582.777.9 612438 39.0 679 25 443503 53.1 39.8 64.279.6 425 77.3 353|578

Table 1. Quantitative results (mloU) of the proposed method with diverse supervision settings on the ScanNet dataset. “B.S.” denotes
bookshelf; “S.C.” stands for shower curtain and “cnt” denotes counter.

Supervision| ceil floor wall beam column window door chair table bookcase sofa board clutter|mIOU

Scene 249 47 40.0 0.0 1.3 22 18 5.6 168 33.0 321 0.1 58 | 129
0.02% 86.693.2750 0.0 293 453 46.7 605 623 565 475 337 322|514

Table 2. Quantitative results (mloU) of the proposed method with diverse supervision settings on the S3DIS dataset.

B. Qualitative results

Figure 1 displays the point cloud segmentation results generated by our method on the S3DIS and ScanNet datasets,
including both successful and less successful examples. In general, the proposed method generates clear segmentation
contours for objects as shown in Figure 1. For example, most chairs in both datasets are well-segmented with fine chair
legs. However, objects with similar colors and depths cause segmentation difficulties, such as the whiteboard on the wall in
the example of the last column of the fifth row in Figure 1. Also, small objects may be left out, such as those in the last row
of Figure 1.

Figure 2 demonstrates additional comparison with an existing method [3]. Our method using only 0.02% labeled points
can generates much smoother segmentation results compared with Xu et al.’s method [3] under 0.2% labeled annotations.
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Figure 1. Examples of segmentation results on the ScanNet and S3DIS datasets. For each example, we show the input point cloud, the
ground-truth segmentation, and our segmentation results in order. The first four rows show successful examples, while the last two rows
show less successful ones.
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Figure 2. Examples of segmentation results on the S3DIS dataset. (a) Input point cloud, (b) Ground truth, (c) Xu et al.’s method [3], (d)
Ours. Our method generates more accurate and smoother segmentation results than Xu et al.’s method.



