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1 Implementation Details and Dataset

1.1 3D Semantic Segmentation

Implementation details: For 3D semantic segmentation, we use Cylinder3D [14]
in our experiments without modification for a fair comparison to existing work.
We use a labeling percentage of pτ = 0.75 and only require a single iteration of
self-training. We use K=9 passes.
Dataset: We run our experiments on the SemanticKITTI [2] which is the most
popular dataset for LiDAR semantic segmentation. SemanticKITTI consists of
11 sequences, with sequence 8 reserved for validation. We further show results
on ScribbleKITTI [11], a realistically weakly labeled dataset built on top of
SemanticKITTI consisting of only 8% labeled points. Following precedent we
uniformly sample the data at varying thresholds [8] and report the mIoU on the
val -set.

1.2 3D Instance Segmentation

Implementation details: For 3D instance segmentation, we use the same back-
bone Sparse U-Net [7, 13] in our experiments. We use a labeling percentage of
pτ = 0.75 for instance masks and again only require a single iteration of self-
training. We use K=9 passes.
Dataset: We evaluate our method on the indoor 3D datasets ScanNet [6] and
S3DIS [1]. ScanNet consists of 1613 scenes, of which 312 are reserved for vali-
dation. For the training splits, we follow the limited reconstruction setting from
Hou et al . [7] and report the mAP and AP at threshold 50% and 25% on the
val -set. S3DIS is a much smaller dataset consisting of only 271 scenes collected
from 6 different areas, of which we reserve Area 5 as the validation set following
precedent [5]. Due to its small size, we tackle the semi-supervised setting for
labeling splits ranging from 5% up to 50%.

1.3 Dense 3D Visual Grounding

Implementation details: For 3D visual grounding, we use the current state-of-
the-art ConcreteNet [12] in our experiments. We use pτ = 75% for the grounding
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Table 1: Classwise results for semi-supervised 3D semantic segmentation on Se-
manticKITTI [2].
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Sup-only [14] 45.4 90.9 24.5 2.8 35.1 20.4 31.7 49.5 0.0 85.5 23.4 67.5 1.3 85.0 46.0 84.1 49.1 70.3 55.0 40.6
DiAL [10] 45.4 91.2 13.2 5.4 47.3 14.5 29.0 37.3 0.0 86.8 22.6 70.3 1.2 86.7 45.4 84.7 59.4 70.9 55.8 40.8
CBST [15] 48.8 92.4 16.3 6.4 61.9 27.0 35.7 49.4 0.0 88.9 29.4 73.2 0.7 89.1 49.5 83.9 51.4 68.1 59.8 44.0
CBST [4] 46.7 92.0 13.5 7.1 37.8 12.7 33.0 54.5 0.0 89.8 25.0 73.8 0.0 88.8 50.1 83.6 57.4 67.8 58.2 42.1
LaserMix [8] 50.6 91.8 35.7 19.8 37.5 25.6 53.6 45.7 2.5 87.8 33.5 71.3 0.7 87.3 43.8 84.6 62.7 69.3 59.8 47.6
Ours 49.8 93.1 21.3 24.8 44.7 20.8 48.3 38.3 0.0 90.3 29.5 73.9 0.0 85.0 42.5 88.2 59.5 75.1 64.6 46.5

1
0
%

Sup-only [14] 56.1 93.4 38.4 47.7 65.7 31.0 61.9 64.9 0.0 90.7 37.7 75.3 0.9 89.2 50.5 86.4 56.0 73.9 56.2 46.0
DiAL [10] 57.1 94.1 40.5 58.4 56.0 38.0 66.5 75.6 0.0 88.4 22.7 72.0 1.5 87.9 49.3 86.7 66.1 74.2 58.0 49.2
CBST [15] 58.3 93.6 40.3 43.5 80.4 33.8 57.6 78.1 0.0 91.6 36.3 76.6 5.1 89.2 51.1 86.3 61.9 71.2 61.3 49.7
CBST [4] 58.7 94.0 38.7 51.0 60.3 39.8 65.7 80.0 0.0 91.4 33.2 76.4 2.9 89.8 53.8 87.2 65.7 74.6 61.5 50.0
LaserMix [8] 60.0 93.8 44.9 58.4 65.6 39.4 65.8 80.9 0.2 92.0 44.2 77.1 3.9 89.1 49.0 86.2 66.8 72.3 58.4 51.2
Ours 61.7 95.4 47.3 53.8 82.3 43.2 63.6 81.2 0.0 93.8 43.2 79.8 1.4 89.9 54.6 87.3 66.1 73.3 63.9 51.8

2
0
%

Sup-only [14] 57.8 94.0 31.6 47.3 89.5 38.3 57.9 79.1 0.0 91.6 29.6 76.1 0.9 87.8 43.6 86.6 63.7 72.5 61.8 47.5
DiAL [10] 59.2 94.4 38.7 52.5 81.2 45.8 64.2 78.0 0.0 90.9 35.2 75.7 1.8 89.2 49.8 86.3 65.6 72.6 56.0 47.6
CBST [15] 59.4 94.2 41.8 51.4 77.7 39.8 65.4 79.8 0.0 91.7 29.8 76.3 3.5 89.2 49.7 87.1 66.1 74.2 60.1 51.3
CBST [4] 59.6 94.2 41.8 52.9 78.2 39.6 66.1 80.6 0.0 91.9 30.2 76.4 3.7 89.2 50.0 87.0 66.6 73.7 60.0 51.1
LaserMix [8] 61.9 94.4 46.0 68.0 74.3 47.6 68.1 83.7 0.2 92.6 42.7 78.0 1.9 89.7 52.9 86.0 69.3 70.6 59.2 51.7
Ours 63.7 96.4 50.7 61.6 79.2 55.4 73.3 85.3 1.1 93.8 40.6 80.1 2.1 89.9 58.0 87.5 66.4 72.5 63.4 52.9

5
0
%

Sup-only [14] 58.7 93.9 40.4 48.0 81.4 33.7 65.7 79.7 0.0 91.9 32.6 76.7 1.3 89.0 51.8 87.2 61.4 72.5 58.7 48.7
DiAL [10] 60.0 94.1 41.3 57.7 64.6 39.5 65.3 86.8 0.0 91.3 32.8 75.2 3.5 89.7 48.6 85.4 65.9 70.6 58.7 49.1
CBST [15] 59.7 94.9 40.9 54.4 75.3 43.8 67.3 86.8 0.0 91.5 33.3 75.7 2.6 89.3 50.7 86.7 63.9 72.4 56.4 48.8
CBST [4] 60.5 94.6 43.3 55.3 80.5 42.5 67.9 84.6 0.0 92.0 34.3 76.9 2.2 89.8 52.3 86.0 67.4 71.1 59.5 49.4
LaserMix [8] 62.3 94.7 48.4 64.7 65.2 44.5 71.0 88.3 2.1 92.7 43.0 78.4 2.0 90.3 54.9 88.1 68.1 75.3 66.6 51.7
Ours 64.1 96.4 51.1 64.3 84.6 57.5 70.8 83.9 0.0 93.4 41.5 79.6 6.3 88.8 53.8 87.9 67.8 73.8 64.3 52.7

pseudo-labels when including verbal cues in the unlabeled set and only require
a single iteration of self-training. We use K=9 passes.
Dataset: We evaluate our method on the ScanRefer [3] dataset using axis-
aligned bounding boxes that are fitted onto the predicted instance masks. Scan-
Refer builds on top of ScanNet but only consists of a single furniture arrangement
per room. We construct three semi-supervised splits of 5%, 10%, and 20% where
we ensure the data split is valid for both the number of 3D scenes and the number
of available utterances.

1.4 Classwise 3D Semantic Segmentation Results

In reference to the Tab. 1 on the main manuscript, we provide Tab. 1 and
Tab. 2 that show the classwise IoUs for the same semi-supervised 3D semantic
segmentation experiments on SemanticKITTI and ScribbleKITTI respectively
(apart from [9]). Here we observe two key feats of our Bayesian self-training
method: (i) Our method outperforms existing work in head classes that are
more prone to the softmax overconfidence issue; (ii) our method shows great
improvements over the baseline on classes that have similar 3D shapes (e.g.
car, truck, other vehicle). The inclusion of uncertainty-based filtering allows
the network to reduce the number of false positives, allowing better separation
between geometrically similar objects.
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Table 2: Classwise results for semi-supervised 3D semantic segmentation on Scrib-
bleKITTI [11].
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Sup-only [14] 39.2 83.2 13.8 3.4 26.3 11.8 28.0 25.2 0.0 72.5 13.0 59.5 0.2 86.6 33.7 78.7 55.7 58.4 54.0 40.3
DiAL [10] 41.0 82.3 15.8 7.1 32.0 15.4 23.7 36.3 0.0 75.0 12.6 61.4 0.9 85.3 30.0 80.1 57.0 67.0 56.1 41.3
CBST [15] 41.5 83.7 22.1 5.9 28.3 13.4 27.1 34.7 0.0 74.0 14.4 61.7 0.2 88.1 36.6 80.3 58.7 60.4 57.1 41.4
CBST [4] 41.4 82.8 18.2 11.4 20.9 15.1 22.5 35.5 0.0 74.7 15.7 61.6 0.4 86.0 34.2 82.2 58.4 69.9 56.7 40.0
LaserMix [8] 44.2 82.6 25.5 18.8 29.0 19.8 41.1 47.2 0.6 71.5 10.5 64.2 2.2 85.1 33.5 82.0 59.9 65.8 54.5 45.2
Ours 43.9 85.7 13.8 23.6 7.9 7.6 48.8 30.2 0.0 81.3 15.7 68.8 0.2 84.2 40.0 85.7 60.3 71.2 63.9 45.3

1
0
%

Sup-only [14] 48.0 85.7 25.6 21.3 52.8 29.9 46.5 47.2 0.1 79.5 15.4 63.8 0.3 85.4 39.6 84.8 59.7 71.5 57.7 45.8
DiAL [10] 50.1 83.7 32.6 45.1 41.0 34.7 56.0 59.2 0.0 75.9 14.0 64.0 0.7 85.6 37.9 83.3 62.6 68.2 59.7 47.0
CBST [15] 50.6 85.8 31.4 30.5 58.5 24.4 55.1 58.8 0.0 82.6 15.3 67.8 0.5 87.7 40.0 82.8 62.5 65.0 62.0 50.8
CBST [4] 51.8 84.6 34.9 47.1 37.5 29.5 60.1 69.1 0.0 79.8 16.5 67.3 2.7 88.0 39.2 84.5 64.5 71.0 60.4 47.9
LaserMix [8] 53.7 85.8 34.7 45.6 54.9 35.8 63.2 73.6 1.3 79.8 25.0 68.2 1.8 87.7 35.4 84.0 65.8 70.8 59.4 48.2
Ours 58.9 89.9 41.4 60.6 51.0 50.4 66.7 76.8 0.0 86.7 29.4 74.7 1.6 89.4 53.7 88.3 68.5 75.2 63.3 51.2

2
0
%

Sup-only [14] 52.1 86.9 38.0 39.5 67.3 29.7 56.5 69.9 0.0 79.0 16.0 66.0 0.3 87.0 38.6 84.3 60.6 66.2 58.8 45.2
DiAL [10] 52.8 85.9 27.9 41.5 55.5 33.0 64.1 72.0 1.2 81.0 22.5 67.8 1.2 89.1 39.9 82.9 63.7 66.9 60.5 46.7
CBST [15] 53.3 86.6 36.8 40.9 72.9 28.3 58.0 69.5 0.0 81.1 18.3 68.2 0.7 88.7 44.3 83.6 63.3 64.4 60.3 47.5
CBST [4] 53.9 85.4 37.2 44.7 58.9 32.9 63.5 71.0 0.0 81.6 23.1 69.2 1.9 88.4 38.2 83.8 65.7 69.2 60.2 48.9
LaserMix [8] 55.1 88.0 38.8 51.3 54.8 36.6 60.2 73.9 0.0 78.8 22.7 71.9 1.5 90.3 43.3 85.3 66.5 70.9 60.3 51.6
Ours 60.1 90.7 45.1 56.7 76.1 44.2 71.1 80.9 0.0 88.7 30.5 76.6 3.8 89.5 53.7 84.6 69.1 65.7 65.0 51.6

5
0
%

Sup-only [14] 53.8 87.5 37.2 41.3 71.4 29.6 58.8 80.4 0.0 81.1 16.7 67.5 0.4 88.4 39.4 83.1 64.4 65.5 61.8 47.5
DiAL [10] 53.9 86.9 33.6 46.2 48.9 33.2 62.8 77.7 0.0 82.7 22.8 68.6 3.2 89.2 38.6 83.8 66.4 68.0 62.3 48.5
CBST [15] 54.5 87.6 39.5 36.7 65.9 35.7 62.8 78.1 0.0 82.4 20.4 69.6 0.1 88.8 42.3 84.2 64.0 67.4 60.1 50.1
CBST [4] 54.8 85.1 35.2 45.2 68.6 32.0 65.7 77.9 0.2 81.2 21.7 69.0 1.6 89.2 40.2 84.5 65.1 70.1 60.9 48.5
LaserMix [8] 56.8 88.0 40.8 51.6 63.1 38.4 61.7 79.9 2.0 83.1 26.1 71.2 2.8 90.1 41.7 85.9 69.5 70.5 63.0 51.6
Ours 61.2 95.1 45.2 57.1 62.7 45.5 71.2 82.1 0.0 93.1 42.3 78.4 4.3 89.6 52.4 88.1 63.3 74.3 64.7 53.7
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