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In this file, we supplement more content from the follow-
ing aspects to support the findings and experimental results
in the main body of this paper:

* Sec. A provides more technical details of the LiDAR
range view and voxel representations.

 Sec. B gives a concrete case study on the strong spatial
prior in the outdoor LiDAR data.

* Sec. C elaborates on additional implementation details
for different SSL algorithms in our experiments.

e Sec. D provides additional experimental results, in-
cluding class-wise IoU scores (quantitative results) and
visual comparisons (qualitative results).

¢ Sec. E acknowledges the public resources used during
the course of this work.

A. LiDAR Representation

The LiDAR data has a unique and structural format.
Various representations have been proposed to better cap-
ture the internal information in LiDAR data, including raw
points [9, 15, 19], range view (RV) [0, 13,21, 23], bird’s
eye view [3,22], and voxel [17,24] representations. This
section reviews the technical details for RV projection and
cylindrical voxel partition, which are currently the most ef-
ficient and the best-performing LiDAR representations, re-
spectively.

A.1. Range View Projection

Given a LiDAR sensor with a fixed number (typically 32,
64, and 128) of laser beams and 7' times measurement in
one scan cycle, we project LiDAR point (p*, p¥, p*) within
this scan into a matrix x,(u,v) (i.e., range image) of size
h x w via a mapping IT : R3 — R2, where h and w are the
height and width, respectively. More concretely, this can be
formulated as follows:

B 3 [1 — arctan(p¥, p*) 7~ w
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where (u,v) denotes the matrix grid coordinates of x;y;
r = /()2 + (p¥)2 + (p*)? is the range between the
point and the LiDAR sensor; & = [¢up| + [pdown| denotes
the inclination range (also known as field-of-view or FOV)
of the sensor; ¢y, and @gown are the inclinations at the up-
ward direction and the downward direction, respectively.

Note that A is set based on the number of laser beams
of the LiDAR sensor, and w is determined by its horizon-
tal angular resolution. The projected range image 2y (u, v)
serves as the input for RV-based LiDAR segmentation net-
works [6, 13,23]. The semantic labels are projected in the
same way as Ty, (u, v).

For range view representation, training losses are calcu-
lated on the range view predictions of size [k, h, w], where
k denotes the number of semantic classes.

A.2. Cylindrical Partition

The cylinder voxels used in [24] exhibit better segmen-
tation performance than the conventional cubic voxels on
the LiDAR data. This is because the outdoor LiDAR point
clouds have varying density, which decreases as the range
increases. More formally, the cylindrical partition trans-
forms points in the Cartesian coordinate (p®,pY,p*) into
cylinder coordinate (p, o, p*), where p is the distance to the
origin in X-Y plane and « is the azimuth in the sensor hor-
izontal direction. The transformation can be formulated as
follows:

p =)+ )

pY
a = arctan(—).  (2)
p

Given a predefined voxel resolution [n,, nq, 7], points
in the cylinder coordinate can be partitioned into the corre-
sponding voxel cells. The semantic labels are split into par-
titioned cylinder voxels, where all points within the same
voxel are assigned a unified label via majority voting.

For cylindrical representation, training losses are calcu-
lated on the voxel predictions of size [k, n,, nqa,n|, where
k denotes the number of semantic classes.



B. Case Study: Spatial Prior in LiDAR Data

As mentioned in the main body of this paper, the Li-
DAR point clouds collected by the LiDAR sensor on top of
the autonomous vehicle contain inherent spatial cues, which
lead to strong patterns in laser beam partition. In this sec-
tion, we conduct a case study on SemanticKITTI [1] to ver-
ify our findings (see Tab. A).

B.1. Laser Partition

The LiDAR scans in the SemanticKITTI [1] dataset are
collected by the Velodyne-HDLE64 sensor, which contains
64 laser beams emitted isotropically around the ego-vehicle
with predefined inclination angles. In this study, we split
each LiDAR point cloud into eight non-overlapping areas,
i.e., A ={ay,as,...,as}. Each area a; contains points cap-
tured from the consecutive 8 laser beams.

B.2. Spatial Prior

As can be seen from the fourth column in Tab. A, dif-
ferent semantic classes have their own behaviors in these
predefined areas. Specifically, the road class occupies
mostly the first four areas (close to the ego-vehicle) while
hardly appearing in the last two areas (far from the ego-
vehicle). The vegeration class and the building class be-
havior conversely to road and appear at the long-distance
areas (e.g., ag, ay, ag). The dynamic classes, including
car, bicyclist, motorcyclist, and person, tend to appear in the
middle-distance areas (e.g., a4, a5, ag). Similarly, from the
heatmaps shown in the fifth column in Tab. A, we can see
that these semantic classes tend to appear (lighter colors) in
only certain areas. For example, the traffic-sign class has a
high likelihood to appear in the long-distance regions from
the ego-vehicle (upper areas in the corresponding heatmap).

These unique distributions reflect the spatial layout of
street scenes in the real world. In this work, we propose
to leverage these strong spatial cues to construct our SSL
framework. The experimental results verify that the spatial
prior can better encourage consistency regularization in Li-
DAR segmentation under annotation scarcity.

C. Additional Implementation Detail

In this section, we first compare the configuration details
for the three LiDAR segmentation datasets (nuScenes [7],
SemanticKITTI [1], and ScribbleKITTI [20]) used in this
work (see Tab. B). We then provide more detailed informa-
tion on different SSL algorithms implemented in our semi-
supervised LiDAR segmentation benchmark.

C.1. Dataset

nuScenes. As a comprehensive autonomous driving
dataset, nuScenes' [7] provides 1000 driving scenes of 20s
duration each collected by a 32-beam LiDAR sensor from
Boston and Singapore. We follow the official frain and
val sample splittings. The total number of LiDAR scans is
40000. The training and validation sets contain 28130 and
6019 scans, respectively. The semantic labels are annotated
within the ranges: p* € [50m, —50m], p¥ € [50m, —50m)],
and p* € [3m, —5m]. Points outside the range are labeled
as ignored. The inclination range is [10°, —30°]. We use the
official label mapping which contains 16 semantic classes.

SemanticKITTI. Derived from the famous KITTI Vi-
sion Odometry Benchmark, SemanticKITTI [1] is another
large-scale LiDAR segmentation dataset widely adopted in
academia. It consists of 22 driving sequences, which are
split into a train set (Seq. 00 to 10, where 08 is used for val-
idation) and a test set (Seq. 11 to 21). The LiDAR point
clouds are captured from Karlsruhe, Germany, by a 64-
beam LiDAR sensor. The inclination range is [3°, —25°].
We follow the official label mapping and use 19 semantic
classes in our experiments.

ScribbleKITTI. Efficiently annotating LiDAR point clouds
is a viable solution for scaling up LiDAR segmenta-
tion. ScribbleKITTI [20] adopts scribbles to annotate Se-
manticKITTI [1], resulting in around 8.06% semantic la-
bels compared to the dense annotations. The other config-
urations are the same as SemanticKITTI [1]. We use the
densely annotated set (Seq. 08 in SemanticKITTI [1]) as
the validation set.

In summary, we choose datasets with different num-
bers of laser beams (i.e., 32 for nuScenes [7] and 64 for
SemanticKITTI [1] and ScribbleKITTI [20]), different in-
clination ranges (i.e., [10°,—30°] for nuScenes [7] and
[3°, —25°] for SemanticKITTI [ 1] and ScribbleKITTI [20]),
and different annotation proportions (i.e., 100% for
nuScenes [7] and SemanticKITTI [1] and 8.06% for Scrib-
bleKITTI [20]). Our proposed SSL framework exhibit con-
stant and evident improvements on all three datasets, which
further verifies the scalability of our approaches.

C.2. Model Configuration

FIDNet. We use the ResNet34-point variant in FIDNet [23]
as our range view segmentation backbone. It contains fewer
parameters (6.05M) than the one used in the original paper
(19.64M) while still maintaining good segmentation perfor-
mance: 58.8% mloU (compared to 59.5% mlIoU) on the val
set of SemanticKITTI [1], and 71.6% mlIoU (compared to
72.3% mloU) on the val set of nuScenes [7]. We refer to
the FIDNet [23] paper for more details on the model archi-

IRefer to the lidarseg set in nuScenes, details at https: //www .
nuscenes.org/lidar-segmentation.



Table A. A case study on the strong spatial prior in the LiDAR data (statistics calculated from the SemanticKITTI [!] dataset in this
example). For each semantic class, we show its type (static or dynamic), occupation (valid # of points in percentage), distribution among
eight areas (A = {a1, as, ..., as}, ie., eight laser beam groups), and the heatmap in range view (lighter colors correspond to areas that

have a higher likelihood to appear and vice versa).

Class ‘ Type ‘ Proportion ‘ Distribution ‘ Heatmap
vegetation static 24.825% o mnl
road static | 22.545% H H 17
sidewalk | static | 16.353% H B0
building static 12.118% o m
terrain static 8.122% |_| |_| H H H
fence static 7.827% "B H H H
car dynamic | 4.657% 0 H H H
parking static 1.681% |_| I s =
trunk static 0.580% o an
other-ground | static 0.396% S |‘| H H 5
pole static 0.296% o amnnmnl |_| H
other-vehicle | dynamic | 0.229% e m B0 H H H
traffic-sign static 0.061% - H —
motorcycle | dynamic 0.045% m ﬂ H H H ﬂ N
bieyele | dynamic | 0.018% | o H H ' e . l
motorcyclist | dynamic 0.004% _n H mn o —

tecture and other related configurations.

Cylinder3D. We use a more compact version of Cylin-
der3D [24] as the voxel segmentation backbone in our
experiments, which has 28.13M parameters (compared to
56.26M for the one used in the original paper). We also use
a smaller voxel resolution ([240, 180, 20]) compared to the
original configuration ([480, 360, 32]). This saves around

4x memory consumption and further helps to speed up
training. We found that with the smaller resolution (larger
voxel size), the performance drops from 76.1% mloU to
74.1% mloU on the val set of nuScenes [7]. We refer to
the Cylinder3D [24] paper for more details on the model
architecture and other related configurations.

Training Configurations. All SSL algorithms imple-



Table B. Configuration details for the three LiDAR segmentation datasets (nuScenes [2], SemanticKITTI [1], and ScribbleKITTI [20])
used in this work. Rows from top to bottom: visualization examples, number of semantic classes, number of training scans, number of
validation scans, resolution for range view inputs, resolution for voxel inputs, number of laser beams, inclination angle range, x-axis range,
y-axis range, z-axis range, the proportion of semantic labels, sensor intensity examples, range examples, and semantic label examples.
Images in the second row are adopted from [7] and [20]. Images in the last three rows are generated from the corresponding datasets.

nuScenes [2] SemanticKITTI [1] ScribbleKITTI [20]

(

| | |
#Class | 16 | |
#Train | 29130 | 19130 | 19130
#Val | 6019 | 4071 | 4071
Res. (RV) | 32 x 1920 | 64 x 2048 | 64 x 2048
Res. (voxel) | (240, 180, 20] | [240, 180, 20] | [240, 180, 20]
#Beam | 32 | 64 | 64
[fup: 1ow] | [10°, —30°] | [3°, —25°] \ [3°, —25°]
[PEaxs Prain) ‘ [50m, —50m] ‘ [50m, —50m] ‘ [50m, —50m]
[Phax: Pinin] | [50m, —50m] | [50m, —50m] | [50m, —50m]
[PZaxs Poin) ‘ ‘ [2m, —4m)] ‘ [2m, —4m)]
#Label | | 100% | 8.06%
Intensity ‘ ‘
bl L TE |
S

mented in this work share the same LiDAR segmentation
backbones, i.e., FIDNet [23] for the LIDAR range view rep-
resentation and Cylinder3D [24] for the LiDAR voxel rep-
resentation. For both FIDNet and Cylinder3D, we adopt
AdamW [12] as the optimizer and use the OneCycle learn-
ing rate scheduler [16]. The maximum learning rate is
0.0025 for FIDNet and 0.001 for Cylinder3D. The batch
size for the LiDAR range view representation is 10 for
nuScenes and 4 for SemanticKITTI and ScribbleKITTI.
The batch size for the LiDAR voxel representation is 8 for
nuScenes and 4 for SemanticKITTI and ScribbleKITTI.
Data Augmentation. The data augmentations used for the
range view inputs for all SSL algorithms include random jit-
tering, scaling, flipping (for nuScenes), and shifting (for Se-
manticKITTI and ScribbleKITTI). The data augmentations
used for the voxel inputs for all SSL algorithms include ran-
dom rotation and flipping (for nuScenes, SemanticKITTI,
and ScribbleKITTI).

Other Configurations. For LaserMix, the number of spa-
tial areas is uniformly sampled from 1 to 6. The weight
Amix 18 set as 1 for all three datasets. The weight Ay is set
as le3 for nuScenes and 2e3 for SemanticKITTI and Scrib-

bleKITTI. For CPS [4], the weight Acy is set as 1 for all
three datasets. We tried 2 and 6 and found 1 yielded the
best results. For MeanTeacher [18], the weight Ay is set
as le3 for nuScenes and 2e3 for SemanticKITTI and Scrib-
bleKITTI. For CutMix-Seg [£], the weight A\ oy is set as 1
which is the same as the original paper. For CBST [25], we
use the sup.-only checkpoints to generate the pseudo-labels
and then train the segmentation network from scratch with
the pseudo-labels. We refer to the original papers for the
aforementioned algorithms [4, 8, 18,25] for additional tech-
nical or implementation details.

GPC Split. In the main body, we compared our approach
with GPC [10], a 3D SSL method using contrastive learn-
ing on point clouds. Since this model is not open-sourced,
we directly use the scores reported in their paper for com-
parison, which might involve factors that are not aligned,
e.g., different backbones and data splits. To better align the
benchmark settings, we form a sequential track in our code-
base” taking into account the LiDAR data collection nature.
Kindly refer to our benchmark for more details on this track.

Zhttps://github.com/ldkongl205/LaserMix.



Table C. Benchmarking results on the val set of Cityscapes [5].

Method |1/16 1/8 1/4 1/2
MeanTeacher [ 18] ‘ 66.1 71.2 744 76.3
w/ Ours 68.7 72.3 T75.7 76.8

AT +2.6 +1.1 +1.3 +0.5

CCT [14] 66.4 725 757 76.8
GCT [11] 65.8 71.3 753 T77.1

CPS [4] 69.8 744 76.9 78.6
CPS-CutMix [4] \ 745 T76.6 77.8 78.8
w/ Ours 75.5 771 783 79.1
At 1.0 +0.5 +0.5 +0.3

D. Additional Experimental Result

In this section, we provide the class-wise IoU results for

our comparative studies and ablation studies in the main
body of this paper. Since our proposed SSL framework
is a generic design, we also include the benchmarking re-
sults on Cityscapes [5] to further verify our generalizability
on structural RGB data. To provide more qualitative com-
parisons, we attach a video demo containing visualizations
from the val set of SemanticKITTI [1].
Comparative Study. Tab. D, Tab. E, and Tab. F pro-
vide the class-wise IoU scores for different SSL algorithms
on the val set of nuScenes [7], SemanticKITTI [1], and
ScribbleKITTI [20], respectively. For almost all seman-
tic classes, we observe overt improvements from LaserMix.
This can be credited to the strong consistency regularization
encouraged by our SSL framework.

Ablation Study. Tab. G and Tab. H provide the class-wise
IoU scores for the granularity studies of the LiDAR range
view and voxel representations, respectively. Among differ-
ent LaserMix strategies, we find that increasing the gran-
ularity along inclination tends to yield better segmentation
performance. In our benchmarking experiments, we com-
bine different strategies together by uniformly sampling the
number of spatial areas. This simple ensembling further in-
creases diversity and provides higher segmentation scores.

Extension to RGB Data. To further attest to the scalabil-
ity of our proposed spatial-prior SSL framework, we con-
duct experiments on Cityscapes [5], which contains struc-
tural RGB images collected from street scenes. We follow
the data split from recent work [4] and show the results
in Tab. C. Since the images from this dataset also contain
strong spatial cues, the mixing strategy used here is similar
to that for the LiDAR range view representation, i.e., parti-
tioning areas along the image vertical direction. We com-
bine our proposed L;x with MeanTeacher [18] (L) and
CPS [4] (Leps). The results verify that our SSL framework
can also encourage consistency for image data. For all four
splits, our approaches constantly improve the segmentation
performance on top of the SoTA methods [4, | 8].

Video Demos. We have attached three demos to show more
qualitative results of our approach (see our project page).
Specifically, we show the error maps, i.e., the differences
between the model predictions and the ground-truth, on the
val sets of SemanticKITTI [1]. The models are trained with
1% labeled data, as discussed in our experiment section. We
compare the sup.-only model and MeanTeacher [18]. As
usual, the error maps are visualized from the LiDAR bird’s
eye view and range view. Each sub-figure in the video frame
shows a LiDAR point cloud of a street scene of size 50m
(IPmax)) by 50m (|pimax|) by 6m (|pfe| — [Pfal)- Addition-
ally, we have included several examples from the demos in
this file, i.e., Fig. A, Fig. B, Fig. C, Fig. D, and Fig. E.

E. Public Resources Used

We acknowledge the use of the following public re-
sources, during the course of this work:

e nuScenes® ..................... CCBY-NC-SA 4.0
* nuScenes-devkit* .............. Apache License 2.0
 SemanticKITTI® ............... CC BY-NC-SA 4.0
e SemanticKITTI-API® ................. MIT License
e ScribbleKITTI” ......................... Unknown
e FIDNet® ... ...cooiiiiiiiiiienn ., Unknown
e Cylinder3D” ................... Apache License 2.0
* TorchSemiSeg'’ ..................... MIT License
e« Mix3D! L Unknown
e MixUp'? ........... Attribution-NonCommercial 4.0
o CutMix ... MIT License
e CutMix-Seg'* ............ ... ... MIT License
e CBST® ............ Attribution-NonCommercial 4.0
* MeanTeacher'® .. ... Attribution-NonCommercial 4.0

3https://www.nuscenes.org/nuscenes.
“https://github.com/nutonomy/nuscenes—devkit.
Shttp://semantic-kitti.org.
Shttps://github.com/PRBonn/semantic-kitti-api.
Thttps://github.com/ouenal/scribblekitti.
8nttps : / / github . com / placeforyiming / TROS21 —
FIDNet-SemanticKITTI.
9https://github.com/xinge008/Cylinder3D.
Onttps://github.com/charlesCXK/TorchSemiSeg.
“https://github.com/kumuji/mix3d.
2nttps : / /github . com/ facebookresearch / mixup —
cifarlO.
Bhttps://github.com/clovaai/CutMix-PyTorch.
Whttps://github.com/Britefury/cutmix - semisup-
segq.
Bhttps://github.com/yzou2/CBST.
nttps://github.com/CuriousAI/mean-teacher.



Table D. Class-wise IoU scores of different SSL algorithms on the val set of nuScenes [2]. All IoU scores are given in percentage (%).

The and the best scores for each semantic class within each split are highlighted in and blue, respectively.

Split ‘ Repr. ‘ Method ‘ mloU ‘ barr  bicy bus car const moto ped cone trail truck driv othe walk terr manm veg

\ | Sup-only | 383|237 05 342 685 09 26 251 266 131 286 89.8 413 49.7 612 734 742

% | MeanTeacher [15] | 421 | 305 0.9 356 719 05 42 396 332 152 263 922 513 552 633 774 759

> CBST [25] 409 | 281 1.7 393 711 20 29 276 326 146 328 908 441 519 636 753 759

% | CutMix-Seg[s] | 438 |446 07 308 757 04 27 369 381 181 298 925 459 569 67.6 801  80.0

g CPS [4] 407 | 284 04 383 735 03 05 361 254 136 224 915 441 544 661 778 7838

o \ |  LaserMix | 495 |50.7 1.8 396 807 0.6 179 534 476 232 419 935 455 609 694 821 824

C | Sup-only | 509 | 411 19 600 77.2 74 337 476 396 213 511 934 519 602 658 821 808

o | MeanTeacher[18] | 51.6 | 489 08 704 792 15 338 50.6 139 269 580 938 545 621 665 829 826

5 CBST [25] 530 | 59.3 26 682 778 142 83 546 422 249 513 931 575 605 67.0 835 826

- CPS [4] 529 | 441 1.8 633 791 44 281 542 427 227 576 929 564 635 684 838 840

\ |  LaserMix | 553 | 536 19 672 792 211 297 573 468 280 555 936 548 621 665 839 833

| | Sup-only | 575 | 654 147 589 820 20.7 171 604 540 351 542 946 60.5 653 700 841 829

% | MeanTeacher [18] | 60.4 | 69.0 125 67.0 836 27.2 220 637 550 404 588 950 638 672 713 856 846

> CBST [25] 605 | 68.0 16.8 61.6 832 284 406 621 564 345 541 949 627 663 712 845 833

% | CutMix-Seg[s] | 639 | 705 227 692 834 266 695 652 547 394 59.2 952 592 683 723 843 828

g CPS [4] 60.8 | 66.6 9.8 666 857 224 197 635 572 434 622 954 653 698 738 859 853

L% \ |  LaserMix | 682 | 739 27.0 748 869 342 691 687 609 480 655 958 681 710 743 873 86.0

° | Sup-only | 659 | 69.5 140 872 835 308 619 635 557 47.6 752 951 635 68.1 696 858 841

5 | MeanTeacher [18] | 66.0 | 71.1 19.7 85.1 833 420 435 64.0 549 456 73.7 953 668 698 69.6 86.7 849

5 CBST [25] 665 | 70.1 13.6 859 822 351 591 619 521 575 740 945 650 701 718 866 850

- CPS [4] 66.3 | 72.3 164 845 818 385 603 627 534 471 701 947 654 701 717 871 855

\ | LaserMix | 699 | 721 233 877 846 413 724 67.9 572 567 772 955 674 708 712 87.0 856

\ | Sup-only | 627 | 694 19.1 697 849 291 364 640 585 446 610 952 63.6 672 709 857 846

% | MeanTeacher [18] | 65.4 | 70.7 189 753 856 324 485 722 59.0 461 640 952 653 683 728 869 857

- CBST [25] 643 | 71.6 19.0 704 844 299 497 662 608 463 613 954 623 684 717 861 84.6

$ | CutMix-Seg[8] | 64.8 | 727 232 718 863 343 382 694 591 469 632 955 620 69.1 727 869 856

g CPS [4] 649 | 69.6 7.0 751 866 235 508 685 59.0 502 665 958 688 711 739 859 856

207 \ |  LaserMix | 706 | 741 26.1 803 892 362 746 731 628 550 734 960 686 713 743 881 86.7

’ \ | Sup-only | 666 | 715 27.1 821 827 372 686 63.6 534 422 705 948 659 678 694 8.1 837

5 | MeanTeacher [18] | 67.1 | 721 26.0 89.1 844 395 184 713 57.6 593 77.5 956 669 713 719 87.6 858

5 CBST [25] 69.6 | 73.4 295 861 837 37.0 757 667 566 530 737 955 685 715 708 873 856

> CPS [4] 700 | 731 293 880 834 372 760 66.6 57.8 545 757 955 678 712 705 874 859

| |  LaserMix | 71.8 | 73.6 321 896 841 414 770 69.0 600 60.9 787 958 69.6 722 729 87.9 845

| | Sup-only | 676 | 725 326 785 874 328 436 70.6 623 540 683 957 664 698 727 877 864

% | MeanTeacher [18] | 69.4 | 734 33.0 812 87.6 352 610 719 623 551 694 958 665 711 731 875 861

> CBST [25] 69.3 | 72.7 352 80.8 8.0 357 537 682 629 602 720 955 674 703 730 873 858

$ | CutMix-Seg[s] | 69.8 | 744 335 79.9 887 373 60.8 70.0 620 57.8 70.6 958 67.3 709 73.3 875 858

) CPS [4] 680 | 71.2 318 719 871 290 574 674 623 586 69.0 956 687 711 741 867 854

50% | | LaserMix | 730 | 760 356 850 899 433 766 725 639 615 751 961 69.6 723 748 882 869
b

° | Sup-only | 712 | 731 356 890 852 412 733 67.9 592 509 784 956 715 720 730 873 859

5 | MeanTeacher [18] | 71.7 | 73.7 36.2 90.6 850 423 765 683 549 614 743 957 69.9 722 726 872 860

5 CBST [25] 716 | 73.3 361 902 848 422 757 678 566 615 743 957 69.1 722 727 871 859

- CPS [4] 725 | 73.9 356 910 849 429 790 68.6 603 60.1 783 958 712 723 732 876 852

| | LaserMix | 732 | 745 363 911 849 482 785 70.5 596 598 789 951 70.7 735 741 886 86.9




Table E. Class-wise IoU scores of different SSL algorithms on the val set of SemanticKITTI [1]. All IoU scores are given in percentage

(%). The and the best scores for each semantic class within each split are highlighted in and blue, respectively.
Split ‘ Repr. ‘ Method ‘ mloU ‘ car bicy moto truck bus ped bcyc m.cyc road park walk o.gro build fence veg trunk terr pole sign
| | Sup.-only 362 | 868 0.6 00 130 57 121 6.6 0.0 879 134 713 0.1 804 423 787 381 628 525 357
% | MeanTeacher [15] | 37.5 [ 88.0 01 01 124 36 130 126 00 892 196 730 00 816 448 80.2 418 644 540 333
> CBST [25] 399 |84 1.9 00 46 58 273 34 0.0 913 259 765 0.0 839 49.1 827 564 681 57.5 336
% CutMix-Seg [8] | 37.4 | 8.6 02 00 32 15 186 64 00 908 242 749 00 815 455 81.3 500 657 529 34.6
ks CPS [4] 365 |89 00 00 31 04 57 27 00 908 137 767 0.0 834 522 79.9 408 638 559 323
% | | LaserMix 434 |88 371 02 21 41 107 407 02 919 323 770 0.0 8.9 488 814 559 694 59.0 417
’ | | Sup.-only 454 1909 245 28 351 204 317 495 00 855 234 675 13 8.0 460 841 49.1 703 550 40.6
5 | MeanTeacher [18] | 454 | 91.2 132 54 473 145 290 373 00 8.8 226 703 12 867 454 847 594 709 558 408
5 CBST [25] 488 | 924 163 64 619 27.0 357 494 0.0 889 294 732 0.7 891 495 839 514 681 59.8 44.0
> CPS [4] 46.7 | 920 135 7.1 378 127 33.0 545 0.0 898 250 738 0.0 888 50.1 83.6 574 67.8 582 421
| | LaserMix 50.6 | 91.8 35.7 19.8 375 256 536 457 25 878 335 713 0.7 873 438 846 627 693 598 476
| | Sup.-only 522 | 904 342 226 482 245 597 609 0.0 922 318 781 05 857 479 839 593 693 59.0 442
% | MeanTeacher [18] | 53.1 | 91.1 308 231 589 27.5 60.1 579 00 929 347 787 09 873 535 833 596 669 570 441
> CBST [25] 53.4 | 91.7 33.7 289 620 29.7 579 552 0.0 929 325 787 0.8 871 53.7 835 594 681 56.7 424
% CutMix-Seg [8] | 54.3 | 90.9 349 372 574 317 561 639 0.0 929 345 786 05 87.0 523 83.6 588 688 552 44.7
S CPS [4] 52.3 [ 902 328 197 540 238 568 505 0.0 927 363 795 04 87.6 520 857 594 69.2 586 45.1
Lo | | LaserMix 588 | 920 435 504 761 371 699 743 0.0 934 388 801 0.6 871 533 842 632 683 588 453
’ | | Sup.-only 56.1 | 934 384 47.7 657 310 619 649 0.0 90.7 37.7 753 09 892 505 864 56.0 739 56.2 46.0
5 | MeanTeacher [18] | 57.1 | 941 40.5 584 560 380 66.5 756 0.0 8.4 227 720 15 879 493 867 661 742 580 49.2
5 CBST [25] 58.3 | 93.6 40.3 435 804 338 576 781 0.0 916 363 76.6 51 89.2 511 863 619 712 61.3 49.7
> CPS [4] 58.7 | 940 38.7 51.0 60.3 39.8 657 80.0 0.0 914 332 764 29 898 538 872 657 746 615 50.0
| | LaserMix 60.0 | 938 44.9 584 656 394 658 809 02 920 442 771 39 891 490 862 668 723 584 512
| | Sup.-only 55.9 | 922 384 349 688 351 631 694 0.0 931 338 79.0 11 86.6 504 841 609 69.2 569 453
% | MeanTeacher [18] | 56.1 | 93.2 331 363 673 391 649 668 0.0 933 367 798 10 87.6 540 839 60.7 67.7 565 43.7
- CBST [25] 56.1 | 928 33.2 339 649 389 66.6 69.1 0.0 932 369 79.7 17 873 53.6 845 60.7 69.1 551 44.9
& CutMix-Seg [8] | 56.6 | 91.5 42.8 39.8 60.6 329 643 716 0.0 931 398 793 0.6 871 538 850 61.6 710 56.1 454
g CPS [4] 56.3 | 90.8 44.0 40.7 67.9 30.7 655 580 0.0 933 39.1 795 11 875 556 838 604 679 56.8 46.7
0% | | LaserMix 594 | 925 433 515 731 458 694 747 0.0 940 404 804 50 873 53.7 838 641 66.7 580 446
' | | Sup.-only 578 | 940 31.6 47.3 895 383 579 791 0.0 91.6 296 761 09 878 436 866 637 725 618 475
5 | MeanTeacher [18] | 59.2 | 944 387 525 812 458 64.2 780 0.0 909 352 757 18 892 498 863 65.6 726 56.0 47.6
5 CBST [25] 59.4 | 942 41.8 514 777 398 654 798 0.0 9.7 298 763 35 892 49.7 87.1 66.1 742 60.1 513
> CPS [4] 59.6 | 942 41.8 529 782 396 66.1 80.6 0.0 919 302 764 3.7 892 500 87.0 66.6 73.7 60.0 511
\ | LaserMix 619 | 944 460 680 743 47.6 681 837 0.2 926 427 780 1.9 897 529 860 693 70.6 59.2 517
| | Sup.-only 572 | 913 411 477 702 412 660 744 0.0 930 392 792 20 860 442 834 593 686 555 45.1
3 | MeanTeacher [18] | 57.4 | 931 386 424 610 450 657 739 0.0 931 381 794 21 875 538 850 603 715 536 472
> CBST [25] 56.9 | 91.5 40.0 429 66.1 41.7 648 742 0.0 93.0 349 792 12 87.0 487 837 59.6 689 553 47.1
£y CutMix-Seg [8] | 57.6 | 92.0 43.3 48.9 446 40.7 674 785 0.0 933 391 79.7 3.0 872 542 86.0 61.6 748 551 44.8
& CPS [4] 57.4 | 921 385 443 69.6 452 665 710 0.0 935 366 801 1.7 87.0 480 839 623 680 58.0 43.7
5% | | LaserMix 614 | 925 456 588 73.0 532 712 824 0.0 937 432 80.7 55 875 526 854 640 719 579 479
’ | | Sup.-only 58.7 | 939 404 480 814 337 657 797 0.0 919 326 767 13 89.0 518 872 614 725 587 487
5 | MeanTeacher[18] | 60.0 | 941 413 577 646 395 653 8.8 00 913 328 752 35 897 486 854 659 706 587 49.1
5 CBST [25] 59.7 | 94.9 409 544 753 438 673 868 0.0 915 333 757 26 893 50.7 86.7 639 724 564 488
> CPS [4] 60.5 | 946 433 553 80.5 425 67.9 846 0.0 920 343 769 22 898 523 860 674 711 59.5 494

‘ ‘ LaserMix 62.3 ‘94.7 48.4 64.7 652 445 710 883 21 927 430 784 20 903 549 881 681 753 66.6 517




Table F. Class-wise IoU scores of different SSL algorithms on the val set of ScribbleKITTI [20] (the same as SemanticKITTI [1]). All
IoU scores are given in percentage (%). The and the best scores for each semantic class within each split are highlighted in
and blue, respectively.

Split ‘ Repr. ‘ Method ‘ mloU ‘ car bicy moto truck bus ped bcyc m.cyc road park walk o.gro build fence veg trunk terr pole sign
| | Sup.-only 331 | 813 26 04 117 83 115 87 00 767 109 618 0.1 758 263 738 40.7 56.1 489 325

% | MeanTeacher [15] | 34.2 | 823 1.7 01 104 67 61 47 00 786 134 678 0.1 807 313 761 43.1 600 53.3 328

> CBST [25] 357 | 848 16 04 11.7 106 149 8.0 0.0 836 134 681 01 795 324 771 446 605 530 344

%;o CutMix-Seg [8] | 36.7 | 847 09 0.0 55 09 187 19 00 893 251 746 0.1 826 270 77.7 521 650 54.7 358

& CPS [4] 337 |87 01 00 09 01 29 41 00 8.9 89 708 00 812 473 781 360 612 519 275

% | | LaserMix 383 |85 19 09 128 29 259 26 00 908 250 758 10 839 264 77.8 555 639 56.7 382
’ | | Sup.-only 392 | 832 138 34 263 11.8 280 252 0.0 725 130 595 02 86.6 337 787 557 584 54.0 403
5 | MeanTeacher[18] | 41.0 | 823 158 7.1 320 154 237 363 00 750 126 614 09 853 300 80.1 570 67.0 56.1 413

5 CBST [25] 415 | 837 221 59 283 134 271 347 0.0 740 144 617 02 881 36.6 803 587 604 571 414

> CPS [4] 414 | 828 182 114 209 151 225 355 00 747 157 616 04 860 342 822 584 69.9 56.7 40.0

| | LaserMix 44.2 | 826 255 188 290 198 411 472 06 715 105 642 22 8.1 335 820 599 658 545 452

| | Sup.-only 47.7 | 851 302 204 404 209 544 559 00 828 216 684 05 842 405 803 586 619 560 452

% | MeanTeacher [15] | 49.8 | 835 30.0 227 622 311 591 524 0.0 779 17.6 705 20 868 426 820 612 626 584 465

> CBST [25] 50.7 | 90.3 27.2 181 53.1 246 60.3 565 0.0 903 324 760 0.7 861 460 8.1 587 64.5 51.7 45.0

?,;o CutMix-Seg [8] | 50.7 | 87.4 28.1 259 60.5 245 584 57.7 0.0 855 275 721 1.3 84.7 394 824 588 683 564 444

2 CPS [4] 50.0 | 85.8 26.7 17.4 545 205 544 537 0.0 889 292 744 0.6 865 486 824 586 652 573 45.1

0% | | LaserMix 544 | 871 354 444 625 364 669 726 0.0 8.8 278 737 06 852 352 839 60.6 70.0 59.3 51.6
’ | | Sup.-only 48.0 | 8.7 256 21.3 528 299 465 472 0.1 795 154 638 0.3 8.4 396 848 597 715 57.7 458
5 | MeanTeacher [18] | 50.1 | 83.7 326 451 41.0 347 560 592 00 759 140 640 0.7 856 379 833 626 682 59.7 470

5 CBST [25] 50.6 | 85.8 314 30.5 585 244 551 588 0.0 826 153 678 0.5 87.7 40.0 828 625 650 62.0 508

> CPS [4] 51.8 | 84.6 349 471 375 295 60.1 69.1 00 798 165 673 2.7 880 392 845 645 710 604 479

| | LaserMix 53.7 | 858 347 456 549 358 632 736 13 798 250 682 18 877 354 840 658 708 594 482

| | Sup.-only 49.9 | 86.3 322 238 495 303 605 584 00 8.6 224 695 1.1 8.1 40.6 80.9 599 623 559 464

§ MeanTeacher [18] | 51.6 | 82.9 27.7 43.1 595 328 59.5 60.7 0.0 808 257 70.3 0.7 853 41.6 821 60.5 66.0 556 45.7

> CBST [25] 52.7 | 90.0 331 302 536 338 600 604 00 893 303 758 0.6 856 448 835 586 70.3 54.7 47.1

Eo CutMix-Seg [8] | 52.9 | 86.9 30.0 356 648 357 609 636 0.0 883 290 747 09 852 403 820 594 652 56.5 455

2 CPS [4] 52.8 | 86.3 354 281 67.1 27.7 595 59.2 0.0 89.0 28.0 750 0.8 867 473 831 61.0 66.9 581 44.6

20% | | LaserMix 55.6 | 87.3 36.0 343 69.5 406 663 70.6 0.0 842 272 723 24 864 446 841 628 698 594 57.7
! | | Sup.-only 521 | 869 38.0 395 673 29.7 565 69.9 0.0 79.0 160 660 03 870 386 843 60.6 66.2 588 452
5 | MeanTeacher[18] | 52.8 | 859 27.9 415 555 330 641 720 12 8.0 225 678 12 891 399 829 637 669 605 46.7

5 CBST [25] 53.3 | 86.6 36.8 40.9 729 283 580 695 0.0 8L.1 183 682 0.7 887 443 836 633 644 603 475

> CPS [4] 53.9 | 85.4 37.2 44.7 589 329 635 710 00 81.6 231 692 1.9 884 382 838 657 692 60.2 489

| | LaserMix 55.1 | 880 388 51.3 548 366 602 739 0.0 788 227 719 15 903 433 853 665 709 60.3 516

| | Sup.-only 52.5 | 86.7 35.9 402 559 30.1 632 629 0.1 8.6 253 708 11 851 400 829 604 69.0 563 483

3 | MeanTeacher [18] | 53.3 | 86.9 319 375 586 363 633 620 0.0 876 295 741 10 864 407 826 613 689 580 470

> CBST [25] 54.6 | 90.1 360 36.6 647 41.6 612 667 00 904 338 768 3.8 84.5 443 837 57.6 702 484 478

ga CutMix-Seg [¢] | 54.3 | 88.1 353 40.0 688 393 624 698 0.0 880 320 743 09 851 384 824 593 674 563 445

& CPS [4] 54.6 | 87.1 350 41.0 66.1 408 632 655 0.0 879 30.0 746 14 861 424 827 60.9 67.9 57.5 482

S0% | | LaserMix 58.7 | 882 371 560 80.9 51.8 708 750 0.0 87.0 31.8 747 08 86.6 413 846 621 729 598 53.7
o | | Sup.-only 538 | 875 37.2 41.3 714 296 588 804 0.0 811 167 675 04 884 394 831 644 655 618 475
5 | MeanTeacher[18] | 53.9 | 86.9 33.6 462 489 332 628 777 00 827 228 686 3.2 892 386 838 664 680 623 485

5 CBST [25] 54.5 | 87.6 39.5 36.7 659 357 628 781 0.0 824 204 69.6 0.1 888 423 842 64.0 674 60.1 50.1

> CPS [4] 54.8 | 85.1 352 452 68.6 320 657 779 02 8.2 21.7 690 1.6 89.2 402 845 651 70.1 60.9 485

‘ ‘ LaserMix 56.8 | 88.0 40.8 51.6 63.1 384 61.7 79.9 20 8.1 261 712 28 901 41.7 859 69.5 70.5 63.0 516




Table G. Class-wise IoU scores for ranularity studies on the range view representation (under 10% split on the val set of nuScenes [2]).
All scores are given in percentage (%). The best score for each semantic class is highlighted in bold.

Melhod‘ Tlustr. ‘mIoU ‘ barr  bicy  bus car const moto ped cone trail truck driv  othe walk terr manm  veg

Baseline 604 | 69.0 12,5 67.0 83.6 272 220 63.7 550 404 588 950 638 672 713 85.6 84.6

(1o, 2¢) 63.5 | 70.8 17.8 653 849 269 447 658 59.2 46.6 622 955 643 692 725 86.1 84.9

(e, 39) 65.2 | 723 215 671 851 262 571 704 593 458 60.7 956 654 693 73.7 870 8.9

(1o, 4¢) 66.5 | 73.7 224 729 87.0 263 594 702 603 447 64.7 958 678 709 742 870 859

(1a, 5¢) 66.2 | 72.8 241 740 857 36.3 478 715 60.8 458 645 957 648 699 733 871 859

(la, 6¢) 654 | 72.6 252 698 846 338 483 70.1 60.5 448 619 954 653 689 733 868 855

(2a, 1¢) @ 61.5 | 684 19.1 671 835 281 261 648 57.6 415 59.0 951 644 681 720 854 843

(2a, 2¢) @‘ 633 | 70.8 11.9 648 844 273 514 692 583 418 595 956 638 69.8 732 862 853
G4

2a, 39) « )| 659 | 71.9 242 691 863 282 585 715 600 447 634 957 653 701 734 869 85.9

(2w, 49) @ 66.1 | 729 278 704 864 342 541 714 615 429 613 954 646 69.0 733 869 858
4

2a, 5¢) «»/“ 66.7 | 73.1 205 69.6 87.5 271 678 711 61.0 434 646 956 69.1 701 741 87.0  85.7

2a, 6¢) @ || 653 | 71.9 235 686 8.3 322 510 696 602 452 636 954 636 69.2 733 864 851
=/

Ba, 1¢) gg\\} 60.9 | 67.4 147 653 829 252 395 636 57.0 347 552 950 64.6 671 714 856 847
>
N

(Ba, 2¢) J| 642 | 71.4 155 66.3 862 258 544 684 604 443 632 955 633 693 726 8.3 851

(Ba, 3¢) @3 65.9 | 73.1 157 744 853 280 59.7 69.0 60.6 453 634 956 688 705 743 865 852
N\

(3a, 49) 4‘ J| 66.3 | 72.1 167 73.1 86.2 342 666 673 584 455 624 957 656 705 740 86.7 85.6

(Ba, 5¢) @3 66.0 | 72.1 184 727 860 319 688 66.0 583 429 619 956 657 700 739 865 854
N

(3a, 6¢) ‘ﬁ‘ 652 | 71.0 26.4 68.6 85.6 293 547 69.1 59.6 435 621 953 639 687 734 863 85.1

(4o, 1¢) (}Q 60.9 | 69.1 16.7 66.2 837 235 268 644 562 40.6 604 950 63.7 670 715 856 84.6

(4o, 2¢) @ 64.7 | 71.0 16.7 66.4 84.7 284 594 706 60.7 421 60.3 954 654 69.6 732 864 855

(4o, 30) @ 653 | 720 249 685 85.6 251 527 713 593 452 623 955 669 69.6 73.1 86.8  85.8

(4o, 49) ((":“» 65.6 | 71.9 213 713 864 328 440 69.3 61.8 455 64.0 957 67.7 702 739 871 862
—

(4a, 5¢) (((@» 65.7 | 71.9 248 721 845 316 522 716 60.6 43.6 604 955 651 70.1 738 871 86.1

(4o, 6¢) ((((@))) 65.2 | 72.1 188 699 83.7 325 572 69.0 602 432 59.1 955 66.1 698 735 87.0 86.1

=




Table H. Class-wise IoU scores for granularity studies on the voxel representation (under 10% split on the val set of nuScenes [2]). All
scores are given in percentage (%). The best score for each semantic class is highlighted in bold.

Melhod‘ Tllustr. ‘mIoU‘ barr  bicy  bus car const moto ped cone trail truck driv  othe walk terr manm  veg

N\
Baseline ( % )| 66.0 | 71.1 19.7 851 833 42.0 435 64.0 549 456 73.7 953 66.8 69.8 69.6 86.7 849
N/
O\
(1a, 2¢) KO )| 687 | 724 207 870 831 383 667 658 57.5 549 766 954 671 703 716 869 84.6
7
(la, 3¢) (@ 69.0 | 71.5 215 87.0 83.7 395 681 661 575 566 772 955 66.5 70.7 719 869 846
&
(e, 4¢) ‘]‘ 694 | 71.8 241 872 845 408 69.6 66.7 571 554 761 955 672 707 709 86.7 854
/
- 1 | i |
(1o, 5¢) \@3) 69.6 | 71.1 244 881 830 421 722 664 574 577 752 954 672 705 70.7 869 855
4
(1er, 60) < 69.3 | 70.3 231 873 835 386 741 658 565 572 767 955 657 708 710 8.9 857
(2a, 19) @ 67.2 | 70.0 19.7 843 863 39.6 657 626 521 50.7 734 952 644 692 714 866 846
(2a, 2¢) @\J 67.7 | 70.7 259 847 847 374 653 635 526 536 719 953 658 698 T1.6 86.6 84.7
G4
(a, 3¢9) ‘i )| 685 | 70.3 198 862 862 381 709 64.0 55.7 557 747 953 659 69.8 72.0 87.0 84.7
(2, 4¢) @ 69.6 | 723 242 863 85.0 418 721 66.2 56.6 565 764 954 66.7 706 714 869 855
Sl
2a, 5¢) /»‘ 69.3 | 724 21.7 86.3 848 405 687 669 56.6 580 768 953 670 703 715 869 855
(2a, 6¢) @ ‘ 69.1 71.9 205 87.7 842 416 693 66.5 569 550 765 954 66.4 70.7 711 86.9  85.5
=
Ba, 1) @\3 67.3 | 70.1 20.7 828 86.3 344 66.5 625 53.6 552 745 951 644 691 714 866 844
>
0\
(Ba, 2¢) J| 683 | 71.9 166 859 830 395 663 66.0 570 56.6 763 954 643 705 717 86.7 84.6
(3a, 3¢) @3 68.6 | 709 202 86.7 864 39.1 680 662 56.7 533 745 953 662 700 718 871 85.0
N\
Ba, 4¢) r@ )| 685 | 70.6 19.9 86.7 86.1 393 67.6 662 568 541 742 953 656 70.1 719 871 84.9
(3o, 5¢) @:‘ 69.8 | 722 243 873 848 412 736 67.0 571 559 769 954 671 704 712 869 856
N\
(B, 6¢) ‘ 69.1 71.9 205 87.7 842 416 693 66.5 569 550 765 954 664 70.7 711 86.9  85.5
(4o, 1) CQZ) 66.7 | 70.5 154 851 86.5 352 67.5 625 513 510 729 951 639 685 71.6 862 845
(4a, 2¢) @ 68.4 | 709 18.6 86.0 853 395 69.9 656 564 542 73.6 954 655 700 717 87.0 848
(4o, 30) @ 68.7 | 70.3 221 86.5 866 396 678 66.0 571 532 754 953 66.0 699 719 872 85.0
(4o, 49) @ 68.9 | 71.5 23.8 869 831 386 745 658 56.5 508 751 956 658 708 704 871 85.6
(4o, 59) (((@» 69.0 | 71.0 233 87.7 835 403 73.7 66.1 569 51.6 751 956 653 70.7 704 871 85.6
(4o, 6¢) ((((@») 69.4 | 709 252 879 835 408 73.0 665 572 540 764 956 651 709 70.6 87.1 858
=
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Figure A. Additional qualitative results (error maps). Models are trained with 1% labeled data on SemanticKITTI [1]. To highlight the
differences, the correct and incorrect predictions are painted in gray and red, respectively. Each scene is visualized from the bird’s eye
view (top) and range view (bottom) and covers a region of size 50m by 50m, centered around the ego-vehicle. Best viewed in colors.
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Figure B. Additional qualitative results (error maps). Models are trained with 1% labeled data on SemanticKITTI [1]. To highlight the
differences, the correct and incorrect predictions are painted in gray and red, respectively. Each scene is visualized from the bird’s eye
view (top) and range view (bottom) and covers a region of size 50m by 50m, centered around the ego-vehicle. Best viewed in colors.
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Figure C. Additional qualitative results (error maps). Models are trained with 1% labeled data on SemanticKITTI [1]. To highlight the
differences, the correct and incorrect predictions are painted in gray and red, respectively. Each scene is visualized from the bird’s eye
view (top) and range view (bottom) and covers a region of size 50m by 50m, centered around the ego-vehicle. Best viewed in colors.
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Figure D. Additional qualitative results (error maps). Models are trained with 1% labeled data on SemanticKITTI [1]. To highlight the
differences, the correct and incorrect predictions are painted in gray and red, respectively. Each scene is visualized from the bird’s eye
view (top) and range view (bottom) and covers a region of size 50m by 50m, centered around the ego-vehicle. Best viewed in colors.
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Figure E. Additional qualitative results (error maps). Models are trained with 1% labeled data on SemanticKITTI [1]. To highlight the
differences, the correct and incorrect predictions are painted in gray and red, respectively. Each scene is visualized from the bird’s eye
view (top) and range view (bottom) and covers a region of size 50m by 50m, centered around the ego-vehicle. Best viewed in colors.
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