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Figure 1. Left: The LiDAR point cloud contains strong spatial prior. Objects and backgrounds around the ego-vehicle have a patterned
distribution on different (lower, middle, upper) laser beams. Middle: Following the scene structure, the proposed LaserMix blends beams
from different LiDAR scans, which is compatible with various popular LiDAR representations. Right: We achieve superior results over
SoTA methods in both low-data (10%, 20%, and 50% semantic labels) and high-data (full semantic labels) regimes on nuScenes [11].

Abstract

Densely annotating LiDAR point clouds is costly, which
often restrains the scalability of fully-supervised learning
methods. In this work, we study the underexplored semi-
supervised learning (SSL) in LiDAR semantic segmenta-
tion. Our core idea is to leverage the strong spatial cues
of LiDAR point clouds to better exploit unlabeled data. We
propose LaserMix to mix laser beams from different Li-
DAR scans and then encourage the model to make con-
sistent and confident predictions before and after mixing.
Our framework has three appealing properties. 1) Generic:
LaserMix is agnostic to LiDAR representations (e.g., range
view and voxel), and hence our SSL framework can be uni-
versally applied. 2) Statistically grounded: We provide
a detailed analysis to theoretically explain the applicabil-
ity of the proposed framework. 3) Effective: Comprehen-
sive experimental analysis on popular LiDAR segmentation

(∗) Lingdong and Jiawei contributed equally to this work. (B) Ziwei
serves as the corresponding author. E-mail: ziwei.liu@ntu.edu.sg.

datasets (nuScenes, SemanticKITTI, and ScribbleKITTI)
demonstrates our effectiveness and superiority. Notably,
we achieve competitive results over fully-supervised coun-
terparts with 2× to 5× fewer labels and improve the
supervised-only baseline significantly by relatively 10.8%.
We hope this concise yet high-performing framework could
facilitate future research in semi-supervised LiDAR seg-
mentation. Code is publicly available1.

1. Introduction
LiDAR segmentation is one of the fundamental tasks in

autonomous driving perception [41]. It enables autonomous
vehicles to semantically perceive the dense 3D structure of
the surrounding scenes [15, 34, 39]. However, densely an-
notating LiDAR point clouds is inevitably expensive and
labor-intensive [18, 23, 47], which restrains the scalability
of fully-supervised LiDAR segmentation methods. Semi-
supervised learning (SSL) that directly leverages the easy-
to-acquire unlabeled data is hence a viable and promising

1https://github.com/ldkong1205/LaserMix.
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solution to achieve scalable LiDAR segmentation [13, 14].
Yet, semi-supervised LiDAR segmentation is still under-

explored. Modern SSL frameworks are mainly designed
for image recognition [2, 3, 42] and semantic segmenta-
tion [6,21,37] tasks, which only yield sub-par performance
on LiDAR data due to the large modality gap between 2D
and 3D. Recent research [20] proposed to consider semi-
supervised point cloud semantic segmentation as a fresh
task and proposed a point contrastive learning framework.
However, their solutions do not differentiate indoor and out-
door scenes and therefore overlook the intrinsic and impor-
tant properties that only exist in LiDAR point clouds.

In this work, we explore the use of spatial prior for semi-
supervised LiDAR segmentation. Unlike the general 2D/3D
segmentation tasks, the spatial cues are especially signif-
icant in LiDAR data. In fact, LiDAR point clouds serve
as a perfect reflection of real-world distributions, which
is highly dependent on the spatial areas in the LiDAR-
centered 3D coordinates. As shown in Fig. 1 (left), the
top laser beams travel outward long distance and perceive
mostly vegetation, while the middle and bottom beams tend
to detect car and road from the medium and close distances,
respectively. To effectively leverage this strong spatial prior,
we propose LaserMix to mix laser beams from different
LiDAR scans, and then encourage the LiDAR segmenta-
tion model to make consistent and confident predictions be-
fore and after mixing. Our SSL framework is statistically
grounded, which consists of the following components:
1) Partitioning the LiDAR scan into low-variation areas.
We observe a strong distribution pattern on laser beams as
shown in Fig. 1 (left) and thus propose the laser partition.
2) Efficiently mixing every area in the scan with foreign
data and obtaining model predictions. We propose Laser-
Mix to manipulate the laser-grouped areas from two LiDAR
scans in an intertwining way as depicted in Fig. 1 (middle)
and serves as an efficient LiDAR mixing strategy for SSL.
3) Encouraging models to make confident and consistent
predictions on the same area in different mixing. We hence
propose a mixing-based teacher-student training pipeline.

Despite the simplicity of our overall pipeline, it achieves
competitive results over the fully supervised counterpart us-
ing 2× to 5× fewer labels as shown in Fig. 1 (right) and sig-
nificantly outperforms all prevailing semi-supervised seg-
mentation methods on nuScenes [11] (up to +5.7% mIoU)
and SemanticKITTI [1] (up to +3.5% mIoU). Moreover,
LaserMix directly operates on point clouds so as to be
agnostic to different LiDAR representations, e.g., range
view [32] and voxel [58]. Therefore, our pipeline is
highly compatible with existing state-of-the-art (SoTA)
LiDAR segmentation methods under various representa-
tions [46, 56, 57]. Besides, our pipeline achieves compet-
itive performance using very limited annotations on weak
supervision dataset [47]: it achieves 54.4% mIoU on Se-

manticKITTI [1] using only 0.8% labels, which is on-par
with PolarNet [56] (54.3%), RandLA-Net [19] (53.9%),
and RangeNet++ [32] (52.2%) using 100% labels. Spatial
prior is proven to play a pivotal role in the success of our
framework through comprehensive empirical analysis. To
summarize, this work has the following key contributions:

• We present a statistically grounded SSL framework
that effectively leverages the spatial cues in LiDAR
data to facilitate learning with semi-supervisions.

• We propose LaserMix, a novel and representation-
agnostic mixing technique that strives to maximize the
“strength” of the spatial cues in our SSL framework.

• Our overall pipeline significantly outperforms previ-
ous SoTA methods in both low- and high-data regimes.
We hope this work could lay a solid foundation for
semi-supervised LiDAR segmentation.

2. Related Work
LiDAR Segmentation. Various approaches from different
aspects have been proposed for LiDAR scene segmenta-
tion, i.e., range view [8, 32, 49, 57], bird’s eye view [56],
voxel [44, 58], and multi-view [26, 50] methods. Although
appealing results have been achieved, these fully-supervised
methods rely on large-scale annotated LiDAR datasets and
their performance would degrade severely in the low-data
regime [13]. Recent works seek weak [18,55], scribble [47],
and box [28] supervisions or activate learning [27, 31] to
ease the annotation cost. We tackle this problem from the
perspective of semi-supervised learning (SSL), aiming at di-
rectly leveraging the easy-to-acquire unlabeled data to boost
the LiDAR semantic segmentation performance.
SSL in 2D. Well-known SSL algorithms are prevailing in
handling image recognition problems [2, 3, 24, 42, 45]. In
the context of semantic segmentation, CutMix-Seg [12] and
PseudoSeg [60] apply perturbations on inputs and hope the
decision boundary lies in the low-density region. CPS [6]
and GCT [21] enforce consistency between two perturbed
networks [29]. These perturbations [30, 36, 52], however,
are either inapplicable or only yield sub-par results in 3D.
Another line of research is entropy minimization. Methods
like CBST [59] and ST++ [51] generate pseudo-labels [25]
offline per round during self-training. The extra storage
needed might become costly for large-scale LiDAR datasets
[1, 4, 11]. Our framework encourages both consistency reg-
ularization and entropy minimization and does not require
extra overhead, which better maintains scalability.
SSL in 3D. Most works focus on developing SSL for object-
centric point clouds [22, 43] or indoor scenes [7, 9, 17, 34],
whose scale and diversity are much lower than the outdoor
LiDAR point clouds [1, 4]. Some other works [38, 40, 48]
try to utilize SSL for 3D object detection on LiDAR data.
A recent work [20] tackles semi-supervised point cloud se-
mantic segmentation using contrastive learning, but it still
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mainly focused on indoor scenes and does not distinguish
between the uniformly distributed indoor point clouds and
the spatially structured LiDAR point clouds. We are one
of the first works to explore SSL for LiDAR segmentation.
Our work also establishes comprehensive SSL benchmarks
upon popular autonomous driving databases [1, 11, 47].

3. Approach
In this section, we first introduce our SSL framework

that leverages the spatial prior of LiDAR data by encour-
aging confidence and consistency in predictions (Sec. 3.1).
We then present LaserMix which strives to maximize the
“strength” of the spatial prior and mixes LiDAR scans in
an efficient manner (Sec. 3.2). Finally, we elaborate on the
overall pipeline (Sec. 3.3) and the pseudo-code (Algo. 1).

3.1. Leveraging the Spatial Prior for SSL

Spatial Prior Formulation. The distribution of real-world
objects/backgrounds has a strong correlation to their spatial
positions in the LiDAR scan. Objects/backgrounds inside a
specified spatial area of a LiDAR point cloud follow similar
patterns, e.g., the close-range area is most likely road while
the long-range area consists of building, vegetation, etc. In
another word, there exists a spatial area a ∈ A where Li-
DAR points and semantic labels inside the area (denoted
as Xin and Yin, respectively) will have relatively low vari-
ations. Formally, the conditional entropy H(Xin, Yin|A) is
smaller. Therefore, when estimating the parameter θ of the
segmentation network Gθ, we would expect:

Eθ[H(Xin, Yin|A)] = c , (1)

where c is a small constant. Similar to the classic entropy
minimization [16], the constraint in Eq. (1) can be converted
to a prior on the model parameter θ using the principle of
maximum entropy:

P (θ) ∝ exp(−λH(Xin, Yin|A))

∝ exp(−λH(Yin|Xin, A)) ,
(2)

where λ > 0 is the Lagrange multiplier corresponding to
constant c; H(Xin|A) has been ignored for being indepen-
dent of the model parameter θ. We consider Eq. (2) as the
formal formulation of the spatial prior and discuss how to
empirically compute it in the following sections.
Marginalization. To utilize the spatial prior defined in
Eq. (2), we empirically compute the entropy H(Yin|Xin, A)
of the LiDAR points inside area A as follows:

Ĥ(Yin|Xin, A) =

ÊXin,Yin,A[P (Yin|Xin, A) logP (Yin|Xin, A)] ,
(3)

where .̂ denotes the empirical estimation. The end-to-
end LiDAR segmentation model Gθ usually takes full-sized

data as inputs during inference. Therefore, to compute
P (Yin|Xin, A) in Eq. (3), we first pad the data outside
the area to obtain the full-sized data. Here we denote the
data outside the area as Xout; we then let the model infer
P (Yin|Xin, Xout, A), and finally marginalize Xout as:

P (Yin|Xin, A) = ÊXout [P (Yin|Xin, Xout, A)] . (4)

The generative distribution of the padding P (Xout) can be
directly obtained from the dataset.
Training. Finally, we train the segmentation model Gθ us-
ing the standard maximum-a-posteriori (MAP) estimation.
We maximize the posterior that can be computed by Eq. (2),
Eq. (3) and Eq. (4), which is formulated as follows:

C(θ) = L(θ)− λĤ(Yin|Xin, A) = L(θ)

− λÊXin,Yin,A[P (Yin|Xin, A) logP (Yin|Xin, A)].
(5)

Here, L(θ) is the likelihood function computed using la-
beled data, i.e., the conventional supervised learning. Min-
imizing Ĥ(Yin|Xin, A) requires the marginal probabil-
ity P (Yin|Xin, A) to be confident, which further requires
P (Yin|Xin, Xout, A) to be both confident and consistent
with respect to different outside data Xout.

In summary, our proposed SSL framework in Eq. (5)
encourages the segmentation model to make confident and
consistent predictions at a predefined area, regardless of the
data outside the area. The predefined area set A determines
the “strength” of the prior. When setting A to the full area
(i.e., the whole point cloud), our framework degrades to the
classic entropy minimization framework [16].
Implementation. There are three key steps for implement-
ing our framework:

• Step 1): Select a proper partition set A which main-
tains strong spatial prior;

• Step 2): Efficiently compute the marginal probability,
i.e., P (Yin|Xin, A);

• Step 3): Efficiently minimize the marginal entropy, i.e.,
Ĥ(Yin|Xin, A).

We propose a simple yet effective implementation following
these steps in the next section.

3.2. LaserMix

Partition. LiDAR sensors have a fixed number (e.g., 32,
64, and 128) of laser beams which are emitted isotropically
around the ego-vehicle with predefined inclination angles
as shown in Fig. 2. To obtain a proper set of spatial areas
A, we propose to partition the LiDAR point cloud based on
laser beams. Specifically, points captured by the same laser
beam have a unified inclination angle to the sensor plane.
For point i, its inclination ϕi is defined as follows:

ϕi = arctan(
pzi√

(pxi )
2 + (pyi )

2
) , (6)
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where (px, py, pz) is the Cartesian coordinates of the Li-
DAR points. Given two LiDAR scans x1 and x2, we first
group all points from each scan by their inclination angles.
Concretely, to form m non-overlapping areas, a set of m+1
inclination angles Φ = {ϕ0, ϕ1, ϕ2, ..., ϕm} will be evenly
sampled within the range of the minimum and maximum in-
clination angles in the dataset (defined by sensor configura-
tions), and the area set A = {a1, a2, ..., am} can be formed
by bounding area ai in the inclination range [ϕi−1, ϕi).

Role in our framework: Laser partition effectively “ex-
cites” a strong spatial prior in the LiDAR point cloud,
as described by Step 1 in our framework. As shown in
Fig. 1 (left), we find an overt pattern in semantic classes de-
tected by each laser beam. More concrete evidence on this
aspect has been included in the Appendix. Despite being an
empirical choice, we will show in later sections that laser
partition significantly outperforms other partition choices,
including random points (MixUp-like partition [54]), ran-
dom areas (CutMix-like partition [53]), and other heuristics
like azimuth α (sensor horizontal direction) or radius r (sen-
sor range direction) partitions.
Mixing. To this end, we propose LaserMix, a simple yet
effective LiDAR mixing strategy that can better control the
“strength” of the spatial prior. LaserMix mixes the afore-
mentioned laser partitioned areas A from two scans in an
intertwining way, i.e., one takes from odd-indexed areas
A1 = {a1, a3, ...} and the other takes from even-indexed
areas A2 = {a2, a4, ...}, so that each area’s neighbor will
be from the other scan:

x̃1, x̃2 = LaserMix(x1, x2) ,

x̃1 = xa1
1 ∪ xa2

2 ∪ xa3
1 ∪ · · · ,

x̃2 = xa1
2 ∪ xa2

1 ∪ xa3
2 ∪ · · · ,

(7)

where x
aj

i is the data crop of xi in the area aj . The seman-
tic labels are mixed in the same way. LaserMix is directly
applied to the point clouds and is thus agnostic to the vari-
ous LiDAR representations [19,32,56,58]. We show Laser-
Mix’s instantiations with the range view and voxel repre-
sentations as in Fig. 1 (middle), since they are currently the
most efficient and the best-performing options, respectively.

Role in our framework: LaserMix helps to efficiently
compute the marginal probability P (Yin|Xin, A), as de-
scribed by Step 2 in our framework. The cost for directly
computing the marginal probability in Eq. (4) on real-world
LiDAR data is prohibitive; we need to iterate through all
areas in A and all outside data in Xout, which requires
|A| · |Xout| predictions in total. To reduce the training over-
head, we take advantage of the fact that a prediction in an
area will be largely affected by its neighboring areas and
let Xout fill only the neighbors instead of all the remain-
ing areas. LaserMix mixes two scans by intertwining the
areas so that the neighbors of each area are filled with data
from the other scan. As a result, we obtain the prediction on
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Figure 2. Laser partition example. We group LiDAR points
(pxi , p

y
i , p

z
i ) whose inclinations ϕi are within the same inclination

range into the same area, as depicted in the color regions.

all areas A of two scans from only two predictions, which
on average reduces the cost from |A| to 1. The scan be-
fore and after mixing counts as two data fillings, therefore
|Xout| = 2. Overall, the training overhead is reduced from
|A|·|Xout| to 2: only one prediction on original data and one
additional prediction on mixed data are required for each Li-
DAR scan. During training, the memory consumption for a
batch will be 2× compared to a standard SSL framework,
and the training speed will not be affected.

3.3. Overall Pipeline

We show the overall framework in Fig. 3 and the pseudo-
code in Algo. 1. There are two branches in our pipeline, one
Student net Gs

θ and one Teacher net Gt
θ. During training, a

batch is composed of half labeled data and half unlabeled
data. We collect the predictions from both Gs

θ and Gt
θ, and

produce pseudo-labels from Teacher net’s prediction with
a predefined confidence threshold T . For labeled data, we
compute the cross-entropy loss between the Student net’s
prediction and the ground-truth as Lsup. For unlabeled data,
LaserMix blends every scan with a random labeled scan, to-
gether with their pseudo-label or ground-truth. Then, we let
Gs
θ predict on the mixed data and compute the cross-entropy

loss Lmix (w/ mixed labels). The point-wise cross-entropy
loss for a scan x and its corresponding ground-truth/pseudo-
label y on the segmentation net Gθ is defined as:

Lce =
1

|x|

|x|∑
i=1

CrossEntropy(y(i),G(i)
θ (x)) , (8)

where (i) denotes the i-th point. Moreover, we adopt the
mean teacher idea in [45] and use Exponential Moving Av-
erage (EMA) to update the weights of Gt

θ from Gs
θ , and com-
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Figure 3. Framework overview. The labeled scan xl is fed into the Student net to compute the supervised loss Lsup (w/ ground-truth yl).
The unlabeled scan xu and the generated pseudo-label yu are mixed with (xl, yl) via LaserMix (Sec. 3.2) to produce mixed data sample
(xmix, ymix), which is then fed into the Student net to compute the mixing loss Lmix. Additionally, we adopt the EMA update in [45] for the
Teacher net and compute the mean teacher loss Lmt over Student net’s and Teacher net’s predictions.

pute the L2 loss between their predictions as Lmt:

Lmt = ||Gs
θ(x)− Gt

θ(x)||22 , (9)

where || · ||22 is the L2 norm. The overall loss function is
L = Lsup + λmixLmix + λmtLmt, where λmix and λmt are
loss weights. We use the Teacher net during inference as it
empirically gives more stable results. There will be no extra
inference overhead in our framework.

Role in our framework: Our overall pipeline minimizes
the marginal entropy, as described by Step 3 in our frame-
work. Since the objective for minimizing the entropy has a
hard optimization landscape, pseudo-labeling is a common
resort in practice [25]. Unlike conventional pseudo-label
optimization in SSL which only aims to encourage the pre-
dictions to be confident, minimizing the marginal entropy
requires all predictions to be both confident and consistent.
Therefore, we use the ground-truth and pseudo-label as an
anchor and encourage the model’s predictions to be confi-
dent and consistent with these supervision signals.

4. Experiments
4.1. Settings

Protocol. We follow the Realistic Evaluation Protocol [35]
when building the benchmark. Specifically, all experiments
share the same backbones and are within the same code-
base. All configurations and augmentations are unified to
ensure a fair comparison among different SSL algorithms.
Data. We build three SSL benchmarks upon nuScenes [11],
SemanticKITTI [1], and ScribbleKITTI [47]. nuScenes
[11] and SemanticKITTI [1] are the two most popular Li-
DAR segmentation datasets, with 29130 and 19130 train-
ing scans and 6019 and 4071 validation scans, respectively.

Algorithm 1 Pseudo-code for one training iteration.

1: Input: Shuffled labeled batch (Xl, Yl) = {(x(b)
l , y

(b)
l ); b ∈

(1, . . . , B)}, shuffled unlabeled batch Xu = {x(b)
u ; b ∈

(1, . . . , B)}, threshold T , loss weights λmix and λmt, Student net
and Teacher net.

2: for b = 1 to B do
3: x

(2b−1)
mix , x(2b)

mix = LaserMix(x(b)
l , x(b)

u ) // LaserMix data
4: end for
5: Xmix = {x(i)

mix; i ∈ (1, . . . , 2B)}
6: Sl, Su, Smix = Student

(
Concat(Xl, Xu, Xmix)

)
// Student pred

7: Ŝl, Ŝu = Teacher
(
Concat(Xl, Xu)

)
// Teacher pred

8: Yu = PseudoLabel(Ŝu, T ) // Pseudo-label generation process
9: for b = 1 to B do

10: y
(2b−1)
mix , y(2b)mix = LaserMix(y(b)l , y(b)u ) // LaserMix label

11: end for
12: Ymix = {y(i)mix; i ∈ (1, . . . , 2B)}
13: Lsup = CrossEntropy(Sl, Yl) // Supervised loss
14: Lmix = CrossEntropy(Smix, Ymix) // Mixing loss
15: Lmt = L2

(
Concat(Sl, Su), Concat(Ŝl, Ŝu)

)
// MeanTeacher loss

16: L = Lsup + λmixLmix + λmtLmt // Overall loss
17: Backward(L), Update(Student), UpdateEMA(Teacher)

ScribbleKITTI [47] is a recent variant of SemanticKITTI
[1], which contains the same number of scans but is an-
notated with line scribbles (approximately 8.06% valid se-
mantic labels) rather than dense annotations. For all three
LiDAR segmentation datasets, we uniformly sample 1%,
10%, 20%, and 50% labeled training scans and assume the
remaining ones as unlabeled. This is in line with the con-
ventional settings from the semi-supervised image segmen-
tation community [6, 21, 37]. We also conduct experiments
with sequential splits and show the results in the Appendix.
Implementation Details. We adopt FIDNet [57] and Cylin-
der3D [58] as the segmentation backbones for the range
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Table 1. Benchmarking results among different SSL methods with the LiDAR range view (top) and voxel (bottom) representations. All
mIoU scores are given in percentage (%). The best and second best score for each data split is highlighted in bold and underline.

Repr. Method nuScenes [11] SemanticKITTI [1] ScribbleKITTI [47]
1% 10% 20% 50% 1% 10% 20% 50% 1% 10% 20% 50%

R
an

ge
V

ie
w

Sup.-only 38.3 57.5 62.7 67.6 36.2 52.2 55.9 57.2 33.1 47.7 49.9 52.5

MeanTeacher [45] 42.1 60.4 65.4 69.4 37.5 53.1 56.1 57.4 34.2 49.8 51.6 53.3
CBST [59] 40.9 60.5 64.3 69.3 39.9 53.4 56.1 56.9 35.7 50.7 52.7 54.6

CutMix-Seg [12] 43.8 63.9 64.8 69.8 37.4 54.3 56.6 57.6 36.7 50.7 52.9 54.3
CPS [6] 40.7 60.8 64.9 68.0 36.5 52.3 56.3 57.4 33.7 50.0 52.8 54.6

LaserMix (Ours) 49.5 68.2 70.6 73.0 43.4 58.8 59.4 61.4 38.3 54.4 55.6 58.7
∆ ↑ +11.2 +10.7 +7.9 +5.4 +7.2 +6.6 +3.5 +4.2 +5.2 +6.7 +5.7 +6.2

Vo
xe

l

Sup.-only 50.9 65.9 66.6 71.2 45.4 56.1 57.8 58.7 39.2 48.0 52.1 53.8

MeanTeacher [45] 51.6 66.0 67.1 71.7 45.4 57.1 59.2 60.0 41.0 50.1 52.8 53.9
CBST [59] 53.0 66.5 69.6 71.6 48.8 58.3 59.4 59.7 41.5 50.6 53.3 54.5

CPS [6] 52.9 66.3 70.0 72.5 46.7 58.7 59.6 60.5 41.4 51.8 53.9 54.8

LaserMix (Ours) 55.3 69.9 71.8 73.2 50.6 60.0 61.9 62.3 44.2 53.7 55.1 56.8
∆ ↑ +4.4 +4.0 +5.2 +2.0 +5.2 +3.9 +4.1 +3.6 +5.0 +5.7 +3.0 +3.0

Table 2. Comparison to the state-of-the-art 3D SSL
method [20] on the val set of SemanticKITTI [1]. All
mIoU scores are given in percentage (%).

Method 5% 10% 20% 30% 40%

GPC [20] 41.8 49.9 58.8 59.4 59.9

Ours (RV) 54.6 58.8 59.4 60.1 60.8
∆ ↑ +12.8 +8.9 +0.6 +0.7 +0.9

Ours (Voxel) 56.7 60.0 61.9 62.1 62.3
∆ ↑ +14.9 +10.1 +3.1 +1.7 +1.4

Table 3. Ablation results on the val set of nuScenes [11]. (1) Baseline re-
sults [45]; (2) Results with Student net supervision (SS); (3) Results with Teacher
net supervision (TS). All mIoU scores are given in percentage (%).

# Lmt Lmix SS TS 1% 10% 20% 50%

(1) ✓ 42.1 60.4 65.4 69.4

(2)
✓ ✓ 45.6(+3.5) 64.3(+3.9) 67.8(+2.4) 71.6(+2.2)

✓ ✓ ✓ 47.0(+4.9) 65.5(+5.1) 69.5(+4.1) 72.0(+2.6)

(3)
✓ ✓ 46.0(+3.9) 64.1(+3.7) 69.5(+4.1) 72.3(+2.9)

✓ ✓ ✓ 49.5(+7.4) 68.2(+7.8) 70.6(+5.2) 73.0(+3.6)

view and the voxel options, respectively. The input resolu-
tion of range images is set as 64× 2048 for SemanticKITTI
[1] and ScribbleKITTI [47], and 32 × 1920 for nuScenes
[11]. The voxel resolution is fixed as [240, 180, 20] for all
three sets. The number of spatial areas m in LaserMix
is uniformly sampled from 2 to 6 areas. We denote the
supervised-only baseline as sup.-only. Due to the lack of Li-
DAR SSL works [20], we also compare SoTA consistency
regularization [6, 12, 45] and entropy minimization [59]
methods from semi-supervised image segmentation. We re-
port the intersection-over-union (IoU) over each semantic
class and the mean IoU (mIoU) scores over all classes in
our benchmarks. All experiments are implemented using
PyTorch on NVIDIA Tesla V100 GPUs with 32GB RAM.

4.2. Comparative Study

Improvements over Baseline. Tab. 1 benchmarks results
on nuScenes [11], SemanticKITTI [1], and ScribbleKITTI
[47]. For all three sets under different data splits, we ob-
serve significant improvements in our approach over the
sup.-only baseline. Such gains are especially evident in
range view, which reach up to 11.2% mIoU. We also ob-
serve constant improvements for the voxel option, which
provide on average 4.1% mIoU gains over all splits across
all sets. The results verify the effectiveness of our frame-

work and further highlight the importance of leveraging un-
labeled data in LiDAR semantic segmentation.
Compare with SoTA. We compare LaserMix with GPC2

[20], the SoTA 3D SSL method tested on SemanticKITTI
[1]. The results in Tab. 2 show that our approach exhibits
much better results than GPC [20], especially in scenarios
where very few annotations are available. We also reimple-
mented popular SSL algorithms from the image segmenta-
tion domain and show their results in Tab. 1. We find that
these methods, albeit competitive in 2D, only yield sub-par
performance in the LiDAR SSL benchmark, highlighting
the importance of exploiting the LiDAR data structure.
Compare with Full Labels. As shown in Fig. 1 (right), the
comparisons between the prevailing LiDAR segmentation
methods attests that our approach can achieve more com-
petitive scores over the fully-supervised counterparts [5, 8,
32, 56] while with 2× to 5× fewer annotations. The strong
augmentation and regularization ability of LaserMix have
yielded better results in the high-data regime and extreme
low-data regime (i.e., 0.8% labels on [47]), which validates
the generalizability of our approach.
Qualitative Examination. Fig. 5 visualizes the scene seg-
mentation results for different SSL algorithms on the val

2Note that GPC uses private backbone / split. See Appendix for details.
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Figure 4. Ablation studies on: Left: Different mixing-based techniques used in point partition & mixing; Middle: Different EMA decay
rates between the Teacher net and the Student net; Right: Different confidence thresholds T used in the pseudo-label generation.

set of nuScenes [11], where each example covers a driving
scene centered by the ego-vehicle. We find that previous
arts [6, 45, 59] can only improve predictions in limited re-
gions, while our approach holistically eliminates false pre-
dictions in almost every direction around the ego-vehicle.
The consistency enlightened by LaserMix has yielded bet-
ter segmentation accuracy under annotation scarcity.

4.3. Ablation Study

Without loss of generalizability, we stick with the 10%
budget setting and range view backbones in our ablations.
Framework Setups. The component analysis in Tab. 3
shows that Lmix contributes significantly to the overall im-
provement. Meanwhile, using the Teacher net instead of
the Student net to generate pseudo-labels leads to better re-
sults, as the formal is temporally ensembled and encourages
consistency in-between mixed and original data, which is
crucial besides enforcing confident predictions. It is worth
noting that all of our model configurations have achieved
superior results than the baseline MeanTeacher [45], which
further emphasizes the effectiveness of our framework in
tackling LiDAR segmentation with semi-supervisions.
Mixing Strategies. Fig. 4 (left) compares LaserMix with
other mixing methods [10, 33, 53, 54]. MixUp and CutMix
can be considered as setting A to random points and ran-
dom areas, respectively. We observe that MixUp has no
improvements over the baseline on average since there is no
distribution pattern in random points. CutMix has a consid-
erable improvement over the baseline, as there is always a
structure prior in scene segmentation, i.e., the same seman-
tic class points tend to cluster, which reduces the entropy in
any continuous area. This prior is often used in image se-
mantic segmentation SSL [12]. However, our spatial prior
is much stronger, where not only the area structure but also
the area’s spatial position has been considered. LaserMix
outperforms CutMix by a large margin (up to 3.3% mIoU)
on all sets. CutOut can be considered as setting Xout to

Table 4. Ablation studies on laser beam partitions (horizontal: in-
clination direction ϕ; vertical: azimuth direction α). (i-α, j-ϕ)
denotes that there are i azimuth and j inclination partitions.

Baseline (1α, 2ϕ) (1α, 3ϕ) (1α, 4ϕ) (1α, 5ϕ) (1α, 6ϕ)

60.4 63.5(+3.1) 65.2(+4.8) 66.5(+6.1) 66.2(+5.8) 65.4(+5.0)

(2α, 1ϕ) (2α, 2ϕ) (2α, 3ϕ) (2α, 4ϕ) (2α, 5ϕ) (2α, 6ϕ)

61.5(+1.1) 63.3(+2.9) 65.9(+5.5) 66.1(+5.7) 66.7(+6.3) 65.3(+4.9)

(3α, 1ϕ) (3α, 2ϕ) (3α, 3ϕ) (3α, 4ϕ) (3α, 5ϕ) (3α, 6ϕ)

60.9(+0.6) 64.2(+3.8) 65.9(+5.5) 66.3(+5.9) 66.0(+5.6) 65.2(+4.8)

(4α, 1ϕ) (4α, 2ϕ) (4α, 3ϕ) (4α, 4ϕ) (4α, 5ϕ) (4α, 6ϕ)

60.9(+0.6) 64.7(+4.3) 65.3(+4.9) 65.6(+5.2) 65.7(+5.3) 65.2(+4.8)

a dummy filling instead of sampling from datasets, and it
leads to a considerable performance drop from CutMix.
Orderless Mix. We revert the area ordering (i.e., put the
topmost laser beam at the bottom, and vice versa) in Laser-
Mix, and the performance drops from 68.2% to 64.4%
(−3.8% mIoU). When we shuffle the ordering, the per-
formance drops to 63.8% (−4.4% mIoU), which becomes
comparable with CutMix. The results once again confirm
the superiority of using spatial prior in LiDAR SSL.
Other Heuristics. Besides our proposed inclination parti-
tion, the LiDAR scans can also be split based on azimuth
(sensor horizontal direction). Results in Tab. 4 reveal that
in contrast to laser partitioning, pure azimuth splitting (the
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Figure 5. Error maps visualized from LiDAR bird’s eye view and range view on nuScenes [11]. Each example shows a street scene of size
50m by 50m by 8m. The correct and incorrect predictions are painted in green and red to highlight the differences. Best viewed in color.

first column) does not improve the performance, which is
attributed to the fact that the semantic distribution has a
weak correlation in the azimuth direction. We also observe
that the results tend to improve as the mixing granularity
increases (row direction in Tab. 4). The scores start to drop
when the granularity is beyond a certain limit (e.g., the last
two columns). We conjecture that over-fine-grained parti-
tion and mixing tend to hurt semantic coherence.
Mix Unlabeled Data Only. To verify that our method is
more than trivially augmenting seen data and label pairs,
we apply LaserMix only on unlabeled data. Instead of mix-
ing an unlabeled scan with a labeled scan as described in
Sec. 3.3, we mix two unlabeled scans with their pseudo-
labels. The score drops from 68.2% to 66.9% (−1.3%
mIoU) but still outperforms all existing methods by large
margins. This verifies that LaserMix indeed brings a strong
consistency regularization effect during SSL.
EMA. Fig. 4 (middle) provides results with different EMA
decay rates, Typically, a rate between 0.9 and 0.99 yields
the best possible results. Large rates like 0.999 tend to hurt
the consistency between the two networks. The results also
verify that the teacher-student pipeline [45] has good syn-
ergy with our proposed SSL framework. Thanks to this sim-
plicity, more modern SSL techniques can be easily incorpo-
rated into the current framework in future works.
Confidence Threshold. As pseudo-labels play an impor-
tant role in our framework, we further analyze the impact
of the threshold parameter T used in pseudo-label genera-
tion and show results in Fig. 4 (right). When T is too low,

a forced consistency to low-quality pseudo-labels tends to
deteriorate the performance. When T is too high, the bene-
fits from mixing might diminish. Generally, T is a dataset-
dependent parameter and we find that a value around 0.9
leads to the best possible results on the three tested LiDAR
segmentation datasets [1, 11, 47] in our benchmark.

5. Conclusion
In this work, we exploit the unique spatial prior in Li-

DAR scenes for semi-supervised LiDAR semantic segmen-
tation. We proposed a statistically-principled and effective
SSL pipeline, including LaserMix, a novel LiDAR mixing
technique that intertwines laser beams from different scans.
Through comprehensive empirical analysis, we show the
importance of spatial prior and the superiority of our ap-
proach on three popular benchmarks. The effectiveness and
simplicity of our framework have shed light on the scalable
deployment of the LiDAR semantic mapping system.
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