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Abstract

LiDAR point cloud semantic segmentation plays a cru-
cial role in autonomous driving. In recent years, semi-
supervised methods have gained popularity due to their
significant reduction in annotation labor and time costs.
Current semi-supervised methods typically focus on point
cloud spatial distribution or consider short-term tempo-
ral representations, e.g., only two adjacent frames, of-
ten overlooking the rich long-term temporal properties in-
herent in autonomous driving scenarios. In driving ex-
perience, we observe that nearby objects, such as roads
and vehicles, remain stable while driving, whereas dis-
tant objects exhibit greater variability in category and
shape. This natural phenomenon is also captured by Li-
DAR, which reflects lower temporal sensitivity for nearby
objects and higher sensitivity for distant ones. To lever-
age these characteristics, we propose HiLoTs, which learns
high-temporal sensitivity and low-temporal sensitivity rep-
resentations from continuous LiDAR frames. These repre-
sentations are further enhanced and fused using a cross-
attention mechanism. Additionally, we employ a teacher-
student framework to align the representations learned by
the labeled and unlabeled branches, effectively utilizing the
large amounts of unlabeled data. Experimental results on
the SemanticKITTI and nuScenes datasets demonstrate that
our proposed HiLoTs outperforms state-of-the-art semi-
supervised methods, and achieves performance close to Li-
DAR+Camera multimodal approaches.

1. Introduction
LiDAR point cloud semantic segmentation is crucial in au-
tonomous driving for tasks such as obstacle avoidance [45],
lane detection [13], localization and mapping [5, 14].
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Figure 1. Different semantic classes exhibit varying degrees of
sensitivity to temporal changes. Objects farther from the vehicle
(e.g., vegetation, building, person, etc.) change more frequently
over time, as indicated by the red box. In contrast, objects closer to
the vehicle (e.g., road, sidewalk, etc.) are less sensitive to temporal
changes, as shown by the blue box.

Most existing segmentation works are fully-supervised ap-
proaches [1, 11, 24, 46], which have several drawbacks.
They require extensive point-wise annotations, leading to
significant labor costs and time consumption. Additionally,
the need for large labeled datasets limits their scalability
and adaptability to new environments, highlighting the need
for more efficient and scalable approaches, such as semi-
supervised learning (SSL) methods that can leverage unla-
beled data and reduce reliance on costly annotations.

To achieve SSL LiDAR segmentation, many works
leverage the spatial distribution information of point
clouds [8, 23, 27]. For example, SSPC-Net [8] introduces
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an area partition method, constructing a super-point graph
structure with both labeled and unlabeled point clouds for
semi-supervised learning. DDSemi [23] addresses outlier
issues in point-to-point SSL methods by employing a point-
density-guided contrastive learning technique. In addition
to utilizing the spatial distribution of point clouds, some
works exploit temporal information [2, 9, 29, 33]. For in-
stance, Aygün et al. [2] directly fuses multi-frame point
clouds and inputs them into a standard encoder-decoder
network to produce segmentation results. Shi et al. [33]
proposes a temporal matching method, performing one-to-
one matching based on differences and similarities between
point clouds of two consecutive frames. Although these
methods demonstrate strong performance, they tend to fo-
cus on either the spatial or the temporal characteristics of
point clouds, without fully integrating both aspects.

In driving experience, we observe a phenomenon: ob-
jects closer to the vehicle, such as roads and cars, tend
to have stable categories and shapes as the vehicle moves,
while distant objects, such as pedestrians, guardrails, plants,
and buildings, exhibit significant variations in category and
shape. Surprisingly, this nature is also reflected in LiDAR
point cloud data, as shown in Fig. 1, where the relevant
areas are highlighted. To leverage this phenomenon, we
propose HiLoTs, which consists of a High Temporal Sen-
sitivity Flow (HTSF) and a Low Temporal Sensitivity Flow
(LTSF). The HTSF focuses on regions where distant objects
experience significant changes in category and shape, while
the LTSF focuses on nearby regions where object categories
and shapes remain relatively stable. Furthermore, the fea-
tures from HTSF and LTSF are fused and interact through
a cross-attention mechanism. To better represent near and
far objects, we convert the point cloud into cylindrical vox-
els using a cylindrical voxelization network [46]. To further
optimize computational efficiency, we aggregate multiple
spatiotemporally neighboring cylindrical voxels, enabling a
more efficient computation of HTSF and LTSF.

For semi-supervised point cloud segmentation, we adopt
the mainstream Mean Teacher architecture [35], which
effectively leverages a small amount of labeled LiDAR
frames and a large amount of unlabeled data. In HiLoTs,
the labeled LiDAR frames are fed into the student network,
while the unlabeled LiDAR frames are processed through
the teacher network. In each iteration, a consistency loss is
computed to align the predictions made by the teacher net-
work with those from the student network. The student net-
work gradually updates the teacher network’s parameters, a
process that can be likened to the student slowly growing
into the teacher. After training, the teacher network is used
for the LiDAR segmentation during inference.

We evaluate HiLoTs on two widely-used autonomous
driving benchmarks, SemanticKITTI and nuScenes. Ex-
tensive results show that HiLoTs outperforms the latest

LiDAR-only semi-supervised methods and achieves perfor-
mance comparable to multimodal approaches such as [6,
19], which combine LiDAR and camera data. Additionally,
ablation studies confirm the effectiveness of the proposed
HTSF and LTSF components, aligning with our observa-
tions from driving experience. In summary, our work claims
the following main contributions:
• We observe a natural but often overlooked phenomenon

in driving as shown in Fig. 1. We propose HiLoTs, de-
signed to focus on this characteristic. We believe this
design could provide valuable insight for future advance-
ments in LiDAR segmentation tasks.

• HiLoTs includes several novel techniques, such as multi-
voxel aggregation and temporal sensitivity embedding
units, which are efficient and effective in LiDAR spa-
tiotemporal representation learning.

• Experimental results show that HiLoTs surpasses the lat-
est semi-supervised methods and achieves performance
comparable to LiDAR+Camera multimodal methods.

2. Related Work
2.1. Semi-supervised LiDAR Segmentation

Various works utilize LiDAR to capture objects’ 3D rep-
resentation since point clouds can accurately reflect the
structural characteristics of objects [20, 22, 24, 25, 36].
However, most of the existing works are based on fully-
supervised learning, while it is difficult to annotate point
clouds due to the intensive labor and time costs. Con-
sequently, many works have attempted to leverage SSL
methods [8, 15, 18, 23, 26, 37, 41]. GPC [15] uses large
amounts of unlabeled data as pseudo-label guidance to
reduce the negative impact of intra-class negative pairs,
achieving good results in both indoor and outdoor scenar-
ios. LaserMix [18] deeply analyzes point cloud distribu-
tion priors of various objects and performed fusion between
labeled and unlabeled point clouds. Nevertheless, continu-
ous point clouds in autonomous driving usually contain rich
temporal features. Current SSL methods mainly focus on
spatial feature extraction, neglecting the inherent temporal
representations of outdoor point clouds.

2.2. Point Cloud Representation

Mainstream outdoor point cloud representation learning can
be analyzed from both spatial and temporal perspectives.
For spatial representation, since 3D point clouds are un-
ordered sets [31], it is necessary to first convert the point
clouds into volumetric grids, where it can be input into neu-
ral networks as tensors. Current mainstream approaches in-
clude range mapping [1, 16], cubic-voxelization [44], pillar-
based voxelization [22, 25], spherical [20] and cylindri-
cal representation [46]. For temporal representation, com-
monly used methods can be divided into data-level [2, 9, 29]
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Figure 2. Our segmentation model involves three stages. During voxelization, cylindrical voxelization is applied to transform unordered
points into volumetric grids, followed by a spatial feature extraction backbone. Then, HiLoTs processes the labeled and unlabeled cylin-
drical features through a student-teacher framework. It also integrates the attention map from HiLoTs embedding unit (HEU) to produce
voxel-level segmentation maps. Finally, a point-wise refinement network is utilized to obtain point-level segmentation results.

and feature-level [33] multi-frame fusion. However, data-
level fusion [2, 9] directly increases computational over-
head, making hardware resources a primary bottleneck.
Also, current feature-level fusion in semi-supervised learn-
ing [33] is based on two adjacent frames, which is insuf-
ficient to encode temporal changes compared to multiple
frames. We observe that during driving, distant objects
show frequent changes in both object categories and shapes
over time, while closer objects exhibit more stable distribu-
tion. To fully capture this property, we propose HiLoTs.

3. Methods
Fig. 2 illustrates the overall pipeline of the proposed
method. We first introduce the preliminary of the task.
Next, we provide a detailed description of each component
in the proposed HiLoTs. Finally, we present the loss func-
tions for training the overall network.

Preliminary. Suppose D = {Di | i = 1, · · · , N} de-
notes the point cloud dataset, where N is the total number
of sequences. Each sequence Di includes ti point cloud
frames, {fj | j = 1, · · · , ti}. fj = (xp, yp, zp, rp) ∈
RP×4 represents P point clouds in one frame, where
(xp, yp, zp) and rp denote the Cartesian coordinates and
LiDAR intensity, respectively. In the semi-supervised se-
mantic segmentation task, given a supervised ratio of s%,
Di = [f1, · · · , fti ] contains uniformly sampled s% labeled
frames, and (1− s)% unlabeled frames.

3.1. Voxelization with Cylindrical Network

Common visual modalities such as images and videos are
in volumetric grids, which are efficient for neural network
processing. However, point clouds are unordered sets [31].
To transform point clouds to volumetric grids for network

processing, we employ a mainstream and efficient feature
extraction method, namely cylindrical voxelization [46],
which can adequately represent point clouds of different
densities at different ranges.

The first step of cylindrical voxelization is to convert
the Cartesian coordinates of each point, represented as
(x, y, z), into the corresponding cylindrical coordinates
(ρ, θ, z), where ρ =

√
x2 + y2 and θ = arctan( yx ) rep-

resent the radial distance and the azimuth, respectively.
Next, since LiDAR captures dense point clouds in near

areas and sparse point clouds in far areas, during voxeliza-
tion, we set the size of cylindrical cells to increase with the
distance, maintaining a balanced number of points in dif-
ferent cylindrical cells. Each cell contains the cylindrical
coordinate (ρ, θ, z) of the original point cloud, with the re-
mission rϵ. For multiple points projected onto the same cell,
we retain the point with the closest range. The resulting
volumetric grid of each frame is xf ∈ RR×Θ×H×C , where
C = 4 containing (ρ, θ, z, rϵ), and R, Θ and H represent
the maximum radius, azimuth, and height, respectively.

Further, we employ 3D ResNet50 [12] to extract the ini-
tial cylindrical features for the following LiDAR segmenta-
tion, xf → xf ∈ RM×d, where M = R×Θ×H , d = 256.

3.2. HiLoTs Embedding Unit

We observe that nearby objects, mainly roads and vehi-
cles, remain relatively stable in their spatial and categori-
cal characteristics during driving, while distant objects dis-
play greater variability in both category and shape. Lever-
aging this observation, we propose HiLoTs Embedding
Unit (HEU) that distinguishes between high temporally sen-
sitive features for distant scenes and low temporally sensi-
tive features for nearby scenes. By capturing these distinc-
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Figure 3. HiLoTs Embedding Unit (HEU). The distant voxel fea-
tures are passed into high temporal sensitivity flow, while voxel
features in closer areas undergo low temporal sensitivity flow. The
output map of HEU is fused with the bottleneck feature map from
the segmentation model, further passed into the decoder.

tions, HiLoTs can more accurately interpret dynamic scenes
and better adapt to the varying spatial-temporal characteris-
tics across different distances.

As shown in Fig. 3, HEU processes two types of ini-
tial cylindrical features, which first undergo Multi-Voxel
Aggregation. Voxels located at distant ranges are directed
through the High Temporal Sensitivity Flow, while those
within closer ranges are processed via the Low Temporal
Sensitivity Flow. The resulting feature maps from each flow
are then integrated, which facilitates interaction between the
high- and low-sensitivity features. These enriched features
subsequently serve as inputs to the segmentation network.

3.2.1 Multi-Voxel Aggregation

Recent Transformer-based models [10, 21, 34, 38, 42] have
demonstrated remarkable performance in various tasks such
as LiDAR semantic segmentation [1, 20]. Given that Trans-
formers serve as a unifying foundation for multimodal mod-
eling, we also employ a Transformer-based architecture to
implement our HEU model. However, the computational
complexity of the attention mechanism is O(n2), where
n represents the number of tokens. With the extensive
number of voxels in outdoor scenes, applying the atten-
tion mechanism to all voxels becomes computationally pro-
hibitive. To address this, we designed a multi-voxel ag-
gregation method (MVA), which groups neighboring vox-
els into super-voxels. This approach not only significantly
reduces the token count, thus alleviating computational de-
mands, but also aggregates voxel features, enhancing the
model’s performance by capturing more coherent semantic
information within each super-voxel. As shown in Fig. 3,
the proposed MVA includes two steps. (1) Spatial aggre-
gation: we aggregate M cylindrical voxels into m super
voxels in spatial as:

F ′ = MLPθ1(NNGroup(F,m)) (1)

where F ∈ RM×d×t represents cylindrical features across
t frames; NNGroup(·) represents nearest neighbor group-
ing and MLPθ1 is a multi-layer perceptron (MLP) with pa-
rameters of θ1. F ′ ∈ Rm×d×t (m < M ) is the spatially
aggregated cylindrical features.

(2) Temporal fusion: we further fuse super-voxel fea-
tures across temporal dimension as:

V = MLPθ2(AvgPool(F ′)) (2)

where AvgPool(·) represents temporal average pooling and
MLPθ2 is an MLP with parameters of θ2. V ∈ Rm×d is the
final output of the Multi-Voxel Aggregation process.

3.2.2 High Temporal Sensitivity Flow

The High Temporal Sensitivity Flow (HTSF) is designed to
process aggregated voxels at greater distances, e.g., those
within the farthest 70% of the range. This flow enables
point cloud representation learning by focusing on tempo-
rally dynamic and spatially variable distant regions, where
object categories and shapes are more likely to fluctuate.
The process can be represented as follows:

Vi = Softmax

(
dot(ViWQ, ViWK)√

dk

)
ViWi

Vi+1 = MLPi(Vi)

(3)

where Vi ∈ Rm×d represents the far-range voxel features
of the i-th encoder layer, WQ ∈ Rd×dk , WK ∈ Rd×dk and
WV ∈ Rd×dv denotes the weight parameters for Query,
Key and Value matrices. dot(·, ·) denotes matrix multipli-
cation. Vi+1 ∈ Rm×d represents the output of the current
encoder layer, which is also the input to the next layer.

3.2.3 Low Temporal Sensitivity Flow

As discussed, the point cloud distribution of closer objects,
such as roads, remains relatively stable over time in LiDAR
point cloud. To capture these low temporally sensitive fea-
tures accurately, we design the Low Temporal Sensitivity
Flow (LTSF), depicted in the lower part of Fig. 3. In this
process, all distant voxels are first excluded from the voxel
set, leaving only those that represent low temporal sensi-
tivity voxel features. These selected voxels then undergo
Multi-Voxel Aggregation and self-attention, similar to the
HTSF process. Further, a cross-attention is applied with the
attention map generated by HTSF, enabling an interaction
between the high and low temporal sensitivity features.

By stacking multiple HTSF and LTSF layers, we obtain
the final output of the HiLoTs Embedding Unit. To fuse the
HEU output with the bottleneck encoder feature map of the
segmentation network, we introduce two learnable param-
eters, α1 and α2, which control the feature fusion process.
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S = α1 · BottleNeckEn(xf ) + α2 ·HEU(F ) (4)

where xf and F are described in Sec. 3.1 and Equation. 1.
Finally, the decoder of the bottleneck network takes S
as input and outputs the voxel-level features, denoted as
BottleNeckDe(S) → S ∈ RM×d. We use Minkowski-
UNet [9] as the bottleneck network for segmentation.

3.3. Voxel to Point Cloud Results

Since HiLoTs employs a voxelized approach to convert
point clouds into volumetric grids, this inevitably leads
to information loss when points from different objects are
mapped to the same voxel. We first reverse voxel-level fea-
tures S to point-level features, S → RP×d, where P repre-
sents the number of points in the frame, based on the point-
to-voxel mapping table from voxelization process described
in Sec. 3.1. Then, we apply a point-wise refinement net-
work [46] to output point-level segmentation results, where
S are fused with the point coordinates and LiDAR intensity.

ŷ = RefineNet(S, (xp, yp, zp, rp)) (5)

where ŷ ∈ RP×K represents K object classification confi-
dences for P points, i.e., semantic segmentation results.

3.4. Semi-supervised Learning and Loss Functions

Our HiLoTs model adopts Mean Teacher architecture [35]
to achieve semi-supervised segmentation of point clouds.
It includes two segmentation networks, namely the student
and teacher network. The student network receives the la-
beled point clouds and uses the corresponding ground-truth
for supervised training. Specifically, we use focal loss [28]
as the supervised loss function, which addresses the class
imbalance problem in point cloud semantic segmentation.

Lsup = FocalLoss(ŷs, y) (6)

where ŷs represents the student network’s segmentation
prediction and y represents the ground-truth labels.

In contrast, the teacher network receives unlabeled data,
which are also fed into the student network. The teacher
network’s loss function is the consistency loss between the
two networks, represented as:

Lcon = ∥ŷs − ŷt∥2 (7)

where ŷt denotes the prediction from the teacher network;
∥·∥2 represents the L2 norm. After obtaining the supervised
loss and consistency loss, the final loss of the model is the
weighted sum of the two:

L = αLsup + βLcon (8)

where α and β are to balance two losses. In our experi-
ments, we set both to 1.

The weights of the teacher network are initialized by
exponential moving average (EMA) [35], transferring the
student network’s trained parameters to the teacher model,
which can be represented as follows:

W ′
t = γW ′

t−1 + (1− γ)Wt (9)

where W ′
t and W are for teacher network and student net-

work at the time of t, respectively. The process of mean-
teacher semi-supervised learning is akin to a student grad-
ually growing into a teacher, slowly absorbing knowledge
and refining their understanding over time. Ultimately, we
obtain the teacher network, which is then used for inference.

3.5. Implementation Details

HiLoTs is trained for 50,000 iterations with an early stop-
ping strategy. AdamW optimizer [30] is used with the initial
learning rate set to 1e-3. All experiments are conducted on
a server with four RTX 3090 GPUs, using a batch size of
4 per GPU, resulting in a total batch size of 16. In cylin-
drical voxelization, we set the maximum point cloud range,
azimuth, and height to (0, 50) meters, (−π, π), and (−4, 2)
meters, respectively. The resolution of voxelized grids is set
to (240, 180, 20). Considering both the model performance
and the GPU memory cost, we set t = 5 as the temporal
length in all experiments. The layers of both encoder and
decoder of the Transformer are set to N = 6.

During training, HiLoTs takes 1 frame (central frame)
and its neighboring t − 1 frames as input. If the central
frame is labeled, it is processed by the labeled branch for
supervised segmentation. Otherwise, it is routed to the unla-
beled branch. Regardless of label presence, all t frames pass
through the HEU module. During inference, HiLoTs takes
t-frame LiDAR point clouds as input and leverages the
teacher network to estimate semantic segmentation for the
central frame.

4. Experiments and Analysis
4.1. Datasets and Evaluation Metric

We evaluate our approach on two widely-used autonomous
driving datasets: SemanticKITTI [3] and nuScenes [4]. Li-
DAR point clouds from SemanticKITTI were collected with
a 64-beam Velodyne HDL-64E device at 10Hz, including
19 semantic classes. Sequences 00-07 and 09-10 serve as
the training set, with 19120 point cloud scenes, while se-
quence 08 is used as the validation set, with 4070 scenes.
The nuScenes dataset, also widely used, was collected with
a 32-beam Velodyne HDL-32E device at 20Hz. It contains
16 semantic classes, with the training and validation sets of
27287 and 5850 point cloud scenes, respectively.

Following prior semi-supervised segmentation
works [18, 23, 26], we report the model’s performance on
the validation sets of both datasets. We set the labeled ratio
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Methods Modality
SemanticKITTI nuScenes

1% 10% 20% 50% 1% 10% 20% 50%

Cylinder3D [46] (2021) Lidar 45.4 56.1 57.8 58.7 53.4∗ 63.4∗ 67.0∗ 71.9∗

RangeViT [1] (2023) Lidar 43.8∗ 53.4∗ 56.6∗ 58.8∗ 53.8∗ 64.6∗ 67.8∗ 73.1∗

SphereFormer [20] (2023) Lidar 41.2∗ 59.8∗ 60.6∗ 62.4∗ 49.5∗ 65.3∗ 69.2∗ 73.7∗

MarS3D [29] (2023) Lidar 44.5∗ 58.6∗ 60.2∗ 61.7∗ 51.8∗ 65.5∗ 68.4∗ 72.8∗

GPC [15] (2021) Lidar 41.8 49.9 58.8 59.9 - - - -
PolarMix [39] (2022) Lidar 50.1 60.9 62.0 63.8 55.6 69.6 71.0 73.8
LaserMix [18] (2023) Lidar 50.6 60.0 61.9 62.3 55.3 69.9 71.8 73.2
LiM3D [26] (2023) Lidar 58.4 62.2 63.1 63.6 - - - -
ImageTo360 [32] (2023) Lidar 54.5 58.6 61.4 64.2 - - - -
IGNet [37] (2024) Lidar 49.0 61.3 63.1 64.8 - - - -
DDSemi [23] (2024) Lidar 59.3 65.1 66.3 67.0 58.1 70.2 74.0 76.5
FRNet [40] (2025) Lidar 55.8 64.8 65.2 65.4 61.2 72.2 74.6 75.4
CyMix+IPSL [6] (2024) Lidar+Camera 52.8 64.8 64.9 65.9 59.1 76.0 78.7 80.5
LaserMix++ [19] (2024) Lidar+Camera 63.2 67.5 67.7 68.6 65.3 75.3 75.2 76.3

HiLoTs (Ours) Lidar 58.6 65.7 66.5 67.6 58.7 72.2 75.2 76.9

Table 1. Performance comparisons with current state-of-the-art. Methods highlighted in yellow represents fully-supervised methods, while
blue denotes semi-supervised methods. Best scores are bolded and the second best scores are underlined. Results in ∗ are reproduced.

in {1%, 10%, 20%, 50%} and use mean Intersection-over-
Union (mIoU) scores across all semantic classes as the
evaluation metric.

4.2. Performance Comparisons

Table 1 presents a comparison of HiLoTs with supervised
methods with limited labeled data [1, 20, 29, 46], LiDAR-
only semi-supervised methods [15, 23, 26, 32, 37, 39, 40],
and LiDAR+Camera semi-supervised methods [6, 19].
Comparisons with Fully-supervised Methods. Cylin-
der3D [46], RangeViT [1], SphereFormer [20], and
MarS3D [29] are fully supervised methods that do not in-
corporate semi-supervised techniques. We re-train both
methods using the same amount of labeled data as our semi-
supervised approach, with re-trained results marked with
the ∗ in Table 1. HiLoTs consistently outperforms these
fully supervised approaches by a notable margin. For in-
stance, using only 1% SemanticKITTI labeled dataset, our
method achieves a mIoU of 58.6, while Cylinder3D and
MarS3D reach 45.4 and 44.5, respectively. This is because
the mean-teacher semi-supervised strategy can effectively
leverage unlabeled data to improve segmentation perfor-
mance. Although involving more labeled data can gradu-
ally enhance the performance of fully supervised methods,
the high labeling cost in customized point cloud segmenta-
tion tasks makes semi-supervised methods more feasible.
Comparisons with Semi-upervised Methods. In main-
stream semi-supervised point cloud segmentation for au-
tonomous driving, existing methods can be categorized into
single-modal methods that rely solely on LiDAR, and multi-
modal methods that incorporate both LiDAR and camera.

As shown in Table 1, HiLoTs outperforms most
current state-of-the-art LiDAR-only semi-supervised ap-
proaches, including recent methods such as FRNet [40] and
DDSemi [23], across various labeling ratios. This demon-
strates the effectiveness of the HiLoTs Embedding Unit
module, described in Sec. 3.2, which leverages the distinct
temporal and spatial variations of point clouds at different
distances, making it highly effective for point cloud seg-
mentation in autonomous driving.

We also compare our method with two recent LiDAR
+ Camera multimodal semi-supervised approaches, i.e.,
CyMix+IPSL [6] and LaserMix++ [19]. HiLoTs achieves
performance comparable to LaserMix++ on both datasets,
performing slightly better than CyMix+IPSL on Se-
manticKITTI dataset and slightly worse on nuScenes
dataset. Overall, HiLoTs demonstrates considerable ef-
fectiveness even when compared to multimodal methods.
Its advantage lies in not requiring a camera or labeled
RGB data from the camera, making the system more cost-
effective and reducing the labeling cost.
Class-wise Performance. In terms of class-wise perfor-
mance, as shown in Table 2, our method performs well
on the class “parking” but shows weaker performance on
the class “terrain”. This highlights HiLoTs’s capability to
identify distant objects effectively. Additionally, all meth-
ods demonstrate relatively low performance on the “other-
ground”, “bicycle”, and “traffic-sign”, which remains a sig-
nificant challenge in semi-supervised LiDAR point cloud
segmentation. Future strategies could focus on improving
recognition for these classes.
Segmentation Visualization. We further present typ-
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Figure 4. Error maps visualization (blue and red points are for correct predictions and incorrect predictions, respectively.). The left three
columns are segmentation results from SemanticKITTI dataset, while the right three columns are from nuScenes. Our HiLoTs method
shows a significant improvement in the area of distant objects.

ical examples of LiDAR point cloud semantic segmenta-
tion results at a 50% annotation ratio in Fig. 4, with or-
ange boxes highlighting areas of significant differences be-
tween HiLoTs and LaserMix [18]. Compared to LaserMix,
HiLoTs shows a distinct advantage in accurately segment-
ing distant areas with objects rapidly changing classes or
shapes. This supports the design rationale behind our high
and low temporal sensitivity flows, confirming the effective-
ness of targeting regions with varying temporal dynamics.

4.3. Ablation Study

(a) HiLoTs Embedding Unit (HEU). HEU is the primary
innovation of this work, focusing on both nearby regions
with minimal class and shape changes and distant regions
with more substantial variations. It mainly consists of the
high temporal sensitivity flow (HTSF) and low temporal
sensitivity flow (LTSF). Table 3(a) presents a performance

comparison for segmentation by showing results with HEU
entirely disabled, HTSF-only, LTSF-only, and with the
complete HEU module. It shows that HTSF and LTSF sig-
nificantly improve LiDAR segmentation performance. Fur-
thermore, HTSF, which targets temporally sensitive regions
with variations in both class and shape, contributes more
prominently to performance enhancement than LTSF. The
best results are achieved when both are combined in the
HEU module.
(b) Cross-Attention and Fusion. As shown in Fig.3,
when performing cross-attention between HTSF and LTSF,
HTSF is used as the key (K) and value (V), while LTSF is
used as the query (Q). We also test by using HTSF as Q
and LTSF as Q, as well as simple addition or concatenation
of HTSF and LTSF. The experimental results, reported in
Table 3(b), show that performing cross-attention between
high-sensitive flow and low-sensitive flow improves perfor-

1435



Table 3. Ablation study on the core components of HiLoTs.

Structure
SemanticKITTI nuScenes

10% 20% 50% 10% 20% 50%
None 59.2 60.3 60.9 66.8 68.4 69.2
HTSF 63.4 63.9 64.5 69.2 71.8 74.3
LTSF 62.8 63.5 64.3 68.5 71.2 73.9
HEU 65.7 66.5 67.6 72.2 75.2 76.9

(a) HEU components. “None” denotes no HEU
is applied. “HTSF” and “LTSF” denote only ap-
plying high and low temporal sensitivity flow, re-
spectively. “HEU” represents the original method.

Fusion
SemanticKITTI nuScenes

10% 20% 50% 10% 20% 50%
Add 63.6 64.7 65.3 69.8 72.8 74.6
Concat 64.3 65.1 65.9 70.3 73.5 75.2
High as Q 65.4 66.1 66.9 71.5 75.4 76.5
Low as Q 65.7 66.5 67.6 72.2 75.2 76.9

(b) Fusion in HEU. “Add” and “Concate” denote
element-wise addition and concatenation, respec-
tively. “High as Q” represents the self-attention
map from HTSF serves as Query, and “Low as Q”
denotes the original method.

Sampling
SemanticKITTI nuScenes

10% 20% 50% 10% 20% 50%
Random 63.5 64.2 64.9 69.3 72.4 73.5
Density 63.9 64.8 65.4 69.5 73.2 74.1
Aggregate 65.7 66.5 67.6 72.2 75.2 76.9

(c) Voxel down-sampling strategies in MVA.
“Random” denotes random selection, and “Den-
sity” denotes voxels with the most point cloud
density. “Aggregate” denotes our approach.

Backbone
SemanticKITTI nuScenes

10% 20% 50% 10% 20% 50%
Cubic 64.3 65.7 66.8 71.4 73.3 75.8
Pillar 62.4 64.1 65.2 69.4 71.5 73.2
Sphere 64.8 65.9 67.2 71.6 73.8 76.2
Cylin. 65.7 66.5 67.6 72.2 75.2 76.9

(d) Backbone networks. We test cubic, pillar,
spherical, and cylindrical voxelization. All meth-
ods perform well.

EMA
SemanticKITTI nuScenes

10% 20% 50% 10% 20% 50%
0.5 65.2 65.9 67.1 71.5 74.5 76.1
0.9 65.5 66.2 67.3 71.7 74.8 76.3
0.99 65.7 66.5 67.6 72.2 75.2 76.9
0.999 64.7 65.3 66.7 71.3 74.1 75.8

(e) EMA ratio. As the EMA ratio increases,
segmentation performance shows a upward trend,
reaching its peak at 0.99.

# Comp. mIoU Fog Snow Beam Echo

SK
-C

CENet 62.6 42.7 53.6 55.8 53.4
FRNet 68.7 47.6 57.1 62.5 58.1
Ours 67.8 56.2 58.0 58.5 57.9

N
S-

C CENet 73.3 67.0 61.6 50.0 53.3
FRNet 79.0 69.1 69.5 68.3 58.7
Ours 77.3 68.3 70.2 65.7 61.9

(f) Robustness. HiLoTs has comparable robust-
ness with SoTA fully-supervised models in “Fog”,
“Snow”, “Wet”, and “Echo” conditions.

mance by approximately 2%. This indicates that the cross-
attention between high and low temporal sensitivity features
allows the model to better capture both dynamic and stable
object information, leading to more accurate performance.
(c) Multi-Voxel Aggregation. As described in Sec. 3.2.1,
we apply multi-voxel aggregation among nearby voxels
to reduce computation complexity in HiLoTs Embedding
Unit. We also conduct two additional experiments to re-
duce the number of input voxels. The first method ran-
domly selects m voxels, while the second method chooses
the top-m voxels with the highest point cloud density. Since
both methods inevitably discard information from the unse-
lected voxels, our proposed method outperforms these two
approaches by 2-3%, as reported in Table 3(c).
(d) Backbone Networks. In the voxelization step shown
in Fig. 2, we can arrange LiDAR point clouds in cubic [45],
pillar [22], and spherical [20] formats, and leverage corre-
sponding backbone networks to generate feature maps. As
shown in Table 3(d), all these voxelization methods perform
well, indicating that HiLoTs can effectively capture LiDAR
spatial characteristics at both near and far ranges if the
arrangement of point clouds inherently encodes distance-
related properties. We choose the cylindrical voxelization
in HiLoTs since it performs the best.
(e) EMA Ratio. The EMA update ratio is a relatively sen-
sitive factor that impacts segmentation performance in pre-
vious semi-supervised mean-teacher architecture [18, 26].
In contrast, as shown in Table 3(e), changes in the update
ratio have less impact on the performance outcomes, indi-
cating HiLoTs exhibits a high level of stability and robust-
ness with respect to EMA ratio.

(f) Performance on Out-of-distribution Datasets. In
addition to conventional segmentation evaluation, we fur-
ther investigate HiLoTs’s robustness under various data
perturbations using SemanticKITTI-C and nuScenes-C
datasets [17, 43], and compare it with CENet [7] and FR-
Net [40]. As shown in Table 3(f), HiLoTs exhibits com-
parable robustness under three types of perturbations: se-
vere weather conditions (Fog, Snow), external disturbances
(Beam-missing), and internal sensor failures (Echo). These
results demonstrate the effectiveness of high-low temporal
sensitive representation learning in various conditions.

5. Conclusion and Limitation

In this paper, we propose a novel semi-supervised Li-
DAR point cloud segmentation method, HiLoTs, which ef-
fectively leverages temporal dynamics through the High
Temporal Sensitivity Flow and Low Temporal Sensitiv-
ity Flow. By focusing on different regions with varying
temporal characteristics, HiLoTs significantly improves Li-
DAR semantic segmentation performance, especially for
distant objects with rapidly changing shapes and categories.
Our experimental results, evaluated on the widely used
SemanticKITTI and nuScenes datasets, demonstrate that
HiLoTs outperforms both fully-supervised and state-of-the-
art semi-supervised methods under limited annotations.

Since HiLoTs is specifically designed for the au-
tonomous driving domain, where it leverages point clouds
from consecutive frames, it is not suitable for general ob-
ject point cloud segmentation task, such as posed in Point-
Net [31] and KPConv [36].
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