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Abstract— Moving object segmentation (MOS) is founda-
tional for autonomous vehicle safety. However, the increasing
diversity of LiDAR sensors creates a significant domain shift
problem, causing models trained on one sensor to perform
poorly when deployed on another. A naive approach of training
on combined data from heterogeneous sensors leads to a
biased model that favors high-density sensors while failing
on sparse, low-resolution sensors. To address this issue, we
propose X-MOS, a novel generalization framework based on
multi-teacher knowledge distillation. X-MOS generates sensor-
specific expert teacher models and employs a sensor-aware
knowledge distillation strategy. This strategy uses the sensor
type as privileged information to activate the most appropriate
teacher at each training step, providing unambiguous learning
signals to a single student model. Extensive experiments on
the HeLiMOS dataset, which comprises four different LiDAR
sensors, demonstrate the effectiveness of our framework. X-
MOS mitigates training bias and achieves an overall test
mIoU of 0.717, outperforming both naive training and the best
individual expert teacher. Notably, it more than doubles the
performance on the most challenging low-channel sensor. Fur-
thermore, our model exhibits strong zero-shot generalization to
unseen datasets with similar sensor types. This work provides
a robust and scalable methodology for achieving cross-sensor
generalization, which is foundational for more practical and
adaptable perception systems in autonomous driving.

I. INTRODUCTION

Autonomous driving has rapidly advanced in recent years,
bringing significant convenience to human society. A central
challenge in its commercialization lies in ensuring a safe
driving environment. To achieve this, autonomous vehicles
must accurately perceive and respond to moving objects in
their surroundings using various sensors, such as cameras,
radar, and LiDAR. Moving object segmentation (MOS),
which segments moving objects from 3D point clouds, is
instrumental in understanding dynamic environments.

Numerous preceding studies, including LMNet [1],
4DMOS [2], MapMOS [3], RVMOS [4], and StreamMOS
[5] developed and validated their models on SemanticKITTI
[6], [7] dataset and achieved excellent performance. For
additional experiments, these studies also evaluated the per-
formance on other datasets, such as nuScenes [8], Apollo
[9], and the Sipailou Campus [10] datasets.

However, the recent LiDAR sensor market has been diver-
sifying with the release of products featuring various channel
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Fig. 1: Comparison of the training methods between a naive approach
and the proposed X-MOS framework. A model trained naively on
heterogeneous-sensor data becomes biased toward a specific sensor. In con-
trast, the proposed framework uses multiple expert teachers and privileged
information to guide the MOS network to better generalization.

counts, fields of view, and scan patterns to meet the demands
of cost-effectiveness and specific applications. This diversity
led to a domain-shift problem between datasets constructed
using conventional high-quality sensors and those from new
sensors because deep learning models are sensitive to such
domain shifts and tend to exhibit performance degradation
[11], [12]. HeLiMOS [13] experimentally demonstrated that
the differences in LiDAR sensor specifications were a major
factor hindering the generalization performance of the mod-
els. Specifically, a model trained on SemanticKITTI achieved
an intersection over union (IoU) below 0.06 on Velodyne’s
16-channel sensor, clearly indicating a severe domain gap.

This performance degradation stems from differences in
the physical specifications related to the sensor resolution,
such as the number of channels, field of view (FoV), and scan
patterns, which directly affect the density and distribution of
point clouds. This causes a model trained on existing high-
quality datasets to encounter unfamiliar input data, thereby
causing a severe domain shift during the inference process.
Therefore, for the practical dissemination of autonomous
driving technology, it is essential to achieve robust general
performance across these varied sensor specifications without
training bias toward any particular sensor data.

A simple and naive approach (Fig. 1(a)) for addressing
this issue involves using data from all available sensors for
training. However, as discussed in Sec. IV, although this
method contributes to an overall improvement in metrics,
it introduces bias. From the perspective of sparse and dense
sensors, numerical improvements tend to be skewed toward
maximizing the performance of dense sensors, even while
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trading off the performance of sparse sensors.
Therefore, to overcome these limitations, we propose

X-MOS, a framework that achieves a stable and well-
rounded performance in heterogeneous LiDAR sensor envi-
ronments (Fig. 1(b)) without bias toward any specific sensor.
The main contributions of this study are as follows:

• Multi-teacher learning: We generated sensor-specific
expert teacher models and trained a student model that
avoided the training bias and performance tradeoffs
inherent in naive single-model training.

• Sensor-aware knowledge distillation: We leverage the
sensor type as privileged information during training to
guide a single student model, enabling it to effectively
absorb knowledge from multiple expert teachers without
confusion.

• Cross-sensor and cross-dataset generalization:
Through extensive experiments, we verify that our
framework prevents models from overfitting to a
specific sensor or dataset, thereby demonstrating
practical robustness in real-world heterogeneous
hardware environments.

II. RELATED WORK

A. General Approaches in Moving Object Segmentation

Research on MOS has been conducted through various
approaches that can be broadly categorized into projection-
based and non-projection-based methods. Studies on LMNet,
RVMOS, and MF-MOS [14] projected 3D point clouds onto
range view (RV) images. They proposed various methods
to accumulate these images over time and calculated their
differences to segment the moving objects. StreamMOS
highlighted the limitations of using only single RV images
and proposed a multi-view technique that incorporates bird’s-
eye view (BEV) images alongside RV images.

However, these projection-based ideas are designed with
prior consideration of the channel count (i.e., vertical res-
olution) of the spinning (omni-directional) LiDAR and the
height resolution of the RV image. This directly leads to
degradation of the image representation when projecting
from a low-channel-spinning LiDAR, as multiple blank hori-
zontal lines appear in the RV image. Furthermore, beyond the
issue of vertical resolution, utilizing LiDARs with different
scan patterns (e.g., Livox LiDAR) results in projected images
with different patterns, unless the point cloud is extremely
dense. This makes existing models highly susceptible to
performance degradation caused by domain shifts.

Furthermore, when using sensors with different fields of
view, creating an RV image similar to a 360-degree spinning
LiDAR results in large empty regions, which presents a
limitation that necessitates the redefinition of the RV image
projection method for each sensor.

In contrast, non-projection-based MOS approaches, such
as 4DMOS and MapMOS, stack the 3D point cloud along
the time axis to use 4D spatiotemporal data as the input.
This does not require different input processing depending
on the sensor, unlike the projection-based methods, the ap-
proach faces several challenges. The unique scan patterns and

resolutions of different sensors lead to distinct spatial point
distributions, and, consequently, varied voxel representations.
Therefore, a model must learn generalizable spatiotemporal
patterns that are invariant to these sensor-specific artifacts,
rather than overfitting the data structure of a particular
sensor.

B. Generalization in LiDAR Perception Tasks

In the MOS field addressed in this study, generalization
approaches for heterogeneous sensors have not yet been
actively researched. However, broader LiDAR-based tech-
nologies, such as 3D object detection [15], LiDAR semantic
segmentation (LSS) [16], and simultaneous localization and
mapping (SLAM) [17], efforts to resolve issues related to
sensor-resolution differences and specification changes have
been relatively persistent.

For instance, Wei et al. [18] identified a significant domain
gap problem between high- and low-resolution sensors for
3D object detection. To avoid having to train a model
from scratch using low-resolution data, they proposed a
curriculum-learning approach. This method starts training
with high-resolution data and applies progressive downsam-
pling based on the vertical and horizontal angles, θ and ϕ.
They showed that by guiding the model to first learn the
essential features of objects from information-rich data and
then gradually adapt to sparser data, a stable generalization
performance can be achieved.

The “Complete & Label” [19] in the LSS domain pre-
sented another novel methodology for domain generalization.
As the name suggests, this study introduced a step to first
complete sparse and incomplete point clouds, which vary de-
pending on the sensor type at the voxel level. By generating
this standardized, dense input data, the subsequent segmenta-
tion network learns domain-agnostic representations that are
independent of the sensor resolution or scan pattern.

Although this allows us to achieve high segmentation
performance, it incurs significant computational costs during
inference and imputation. Meanwhile, KISS-SLAM [20] is
a case of achieving robustness by reducing dependence on
deep learning. Following the “Keep It Small and Simple”
design philosophy, it minimizes the parameters of the deep
learning model and rather adopts an approach based on
classical geometric principles. Geometric principles can be
universally applied regardless of the statistical properties
of the sensor, such as the point density or distribution.
Therefore, it achieves excellent generalization performance
without being constrained by the input sensor or requiring a
separate domain. adaptation process.

C. Generalization Methods based on Knowledge Distillation

The concept of knowledge distillation begins with model
compression as proposed by Hinton [21]. However, it has
recently evolved into a method for resolving data distribution
gaps between domains, such as different LiDAR datasets, or
for enhancing the cooperative performance between modali-
ties, such as LiDAR-to-camera [22]–[25]. Therefore, numer-
ous studies have demonstrated that knowledge distillation is
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Fig. 2: Overview of the proposed X-MOS framework. (a) Given co-located sequences from heterogeneous LiDAR sensors, (b) expert teacher models are
trained for each sensor type, tailored to its characteristics. (c) For an arbitrary sensor input, a specific teacher is selected using the sensor type as privileged
information. The student model then absorbs knowledge from the teacher to become the final generalized model.

highly effective for domain adaptation and sensor fusion,
significantly enhancing model performance.

Among these advancements, the multi-teacher knowledge
distillation (MTKD) paradigm has emerged, which moves
beyond the conventional single-teacher-student structure by
utilizing domain-expert teachers [26], [27]. MTKD helps
the student model secure robust generalization performance
preventing it from being biased toward a specific domain,
by integrating knowledge from multiple teacher models
specialized for different data or tasks.

Furthermore, studies based on privileged information,
which leverage additional information available only during
the training process and not during inference, have focused
on enhancing the efficiency of knowledge distillation [28]–
[30]. Zhao et al. [30] defined this as the ‘learning using
privileged information (LUPI)’ paradigm and proposed a
knowledge distillation method that maximizes learning ef-
ficiency.

In a heterogeneous sensor environment, the sensor type
and its specifications can be used as powerful privileged
information. Therefore, an approach that effectively utilizes
the expertise of each teacher in a multi-teacher environ-
ment based on privileged information remains an important
research direction for the unresolved heterogeneous sensor
generalization issue.

In summary, while promising generalization techniques
such as knowledge distillation and privileged information
have been explored in other fields such as LSS, most existing
MOS studies have not directly addressed the issue of sensor
heterogeneity, rather focusing on improving single-model
performance. To overcome these limitations, a generalization
framework based on knowledge distillation that leverages the
sensor identity as privileged information naturally emerges.

III. METHODOLOGIES

A. Heterogeneous LiDAR Sensor Analysis

(b) (c) (d)(a)

Fig. 3: Qualitative analysis of heterogeneous LiDAR sensors. From left:
Velodyne (V), Ouster (O), Aeva (A), and Livox (L). Moving points are
highlighted in green.

The HeLiMOS dataset serves as the foundation of this
study by providing data for the same location scanned by
four different heterogeneous LiDAR sensors. Figs. 3(a) to
(d) show the point clouds collected by the Velodyne VLP-16
(16-channel), Ouster OS2-128 (128-channel), Aeva Aeries II,
and Livox Avia sensors. These are defined as V, O, A, and L
in Fig. 2. Each sensor has different physical specifications,
leading to significant variations in the data characteristics.
When qualitatively comparing the difficulty of the MOS in
terms of density, the O, A, and L sensors shown in Figs. 3(b),
(c), and (d) represent the shapes of moving pedestrians or
cars with relative clarity (see green points).

By contrast, as shown in Fig. 3(a), low-resolution V sensor
data exhibits extreme point sparsity for dynamic pedestrians,
which worsens at greater distances. This range-dependent
sparsity makes recognition difficult for both human observers
and deep learning models [6]. While V and O differ signif-
icantly in vertical resolution (128 vs. 16 channels), A and
L are limited by a front-only FoV. Training these diverse
sensors together with a general MOS network degrades
generalization and biases the model toward easier sensors.
Therefore, we utilize dedicated expert teachers for each
sensor to ensure stable and reliable learning.
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Fig. 4: The process of the multi-level adaptive teacher generator. To facilitate
multi-stage adaptation from a high-resolution source sensor to a low-
resolution target sensor, data with pseudo-resolutions are generated. This
process guides the model for the lower-resolution sensor to mimic the output
of the model for the higher-resolution sensor.

B. Multi-Teacher Generation

The proposed framework generates expert teacher mod-
els for each sensor by considering the data density and
corresponding learning difficulty. For the relatively easy-to-
learn sensors O, A, and L, which have higher data densities,
teacher models were created using an Easy-to-Learn Teacher
Generator. For the significantly more challenging sensor V,
which has extremely low density, an expert teacher was built
using a Multi-Level Adaptive Teacher Generator.

We divided this training strategy into two because applying
a single complex approach to all sensors would be inefficient.
High-density sensors can achieve expert status through sim-
ple supervised learning, whereas low-density sensors require
a progressive curriculum to ensure stable learning in a sparse
data environment.

1) Easy-to-Learn Teacher Generator: Our proposed
framework is designed to be universally applicable to any
arbitrary 3D MOS network, without dependence on a specific
architecture. Expert teachers with high density sensors O,
A, and L (MT

O ,MT
A ,MT

L ) are generated by training the
original MOS network architecture directly on each sensor’s
respective dataset without modification.

2) Multi-Level Adaptive Teacher Generator: The expert
teacher for low-density sensor V also utilizes the original
MOS network, but it incorporates a progressive curriculum
into the training process. This method aims to enable the
model to learn effectively from a sparse dataset, such as V’s
by using gradual adaptation to more difficult tasks. The entire
process is depicted in detail in Fig. 4.

First, a model (M128
O ) was pre-trained using the easy-to-

learn method from Sec. III-B.1 on the dataset from the high-
density sensor O, which has a scan pattern most similar to V,
except for the vertical resolution. Subsequently, rather than
drastically reducing the density from 128 channels to 16,

we sequentially generate pseudo low-density data (Plow) by
progressively reducing the number of channels (e.g., 128 →
64 → 32 → 16). This process is defined by the channel
down operator Ψ as follows:

Plow = Ψ(Phigh;K,M, p) (1)

Here, the operator Ψ represents the process of converting a
high-resolution point cloud (Phigh) into a low-resolution one
(Plow). Specifically, the operator first calculates the elevation
angle (θ) for every point in the input cloud.

Inspired by [18], the operator performs K-Means cluster-
ing [31] at these angles to approximate the original beam
structure with K distinct clusters, each representing a vertical
beam. This is because, rather than simply dropping points
randomly, this approach mimics the physical structure of a
real low-channel LiDAR sensor that emits laser beams at
discrete, physically determined elevation angles.

From these K clusters, the operator selects the target num-
ber of beams, M , by choosing clusters at uniform intervals
based on their sorted centroids. Finally, to match the density
of a native low-resolution sensor, the sensor probabilistically
samples the points belonging to these selected beams with
a keep probability of p, generating the final low-resolution
point cloud (Plow).

Next, as shown by the first downward light blue dashed
arrows in Fig. 4, the weights from the pre-trained 128-
channel model (M128

O ) were transferred to a model intended
for 64-channel training. In this step, the 64-channel model
receives the pseudo 64-channel data (Plow) as input, whereas
the 128-channel model receives the original high-density data
(Phigh). Knowledge distillation was then performed to guide
the low-channel model to mimic the output of the high-
channel model by defining the loss function as follows:

Lmimic = λ1LMOS(ylow, ŷlow)+λ2LKD(ŷhigh, ŷlow) (2)

where ylow is the ground truth label for the pseudo 64-
channel data Plow, while ŷlow and ŷhigh are the point-wise
logits predicted by the student (64-channel) and teacher (128-
channel) models, respectively. LMOS denotes a loss function
of native MOS model and LKD represents the knowledge
distillation loss that encourages the student’s output to mimic
that of the teacher.

The hyperparameters λ1 and λ2 are weighting factors that
balance these two terms. The reason for defining the loss
function in this simple form ensures the generality of the
framework. As most MOS architectures output point-wise
logits in their final layers, this method, which does not
depend on complex internal feature maps, can be applied
to any MOS model without modification.

By repeating this process for 16 channels, a model trained
on pseudo 16-channel data (M16

P ) is generated. This model’s
weights are used to initialize the student model effectively
and powerfully (see Sec. III-C and Sec. IV-E). Finally, after
completing the training down to 16 channels with pseudo
data, the model is fine-tuned on the real 16-channel V sensor
dataset to create the final V expert teacher (MT

V ).
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TABLE I: LiDAR performance comparison. Results from training, validating, and testing on the HeLiMOS dataset with the 4DMOS network without any
special techniques (native method). The Configuration Name is an alias for the train-validation target pair. The best performance for each single sensor is
marked in bold. The best model is chosen based on the highest mIoU (Val) score.

#Case Configuration
Name

Train
Target

Validation
Target

mIoU
(Val)

Omni-Directional LiDARs (Test) Solid-State LiDARs (Test) Test
mIoUOuster (O) Velodyne (V) Omni-mIoU Aeva (A) Livox (L) Solid-mIoU

001 Ouster O O 0.786 0.706 0.086 0.396 0.570 0.523 0.547 0.471
002 Velodyne V V 0.508 0.321 0.215 0.268 0.215 0.392 0.304 0.286
003 Aeva A A 0.813 0.686 0.313 0.500 0.776 0.655 0.716 0.608
004 Livox L L 0.853 0.560 0.148 0.354 0.615 0.690 0.653 0.503

005 Omni O+V O+V 0.675 0.736 0.225 0.481 0.621 0.578 0.600 0.540
006 Solid A+L A+L 0.844 0.737 0.288 0.513 0.814 0.736 0.775 0.644

007 All O+V+A+L O+V+A+L 0.831 0.776 0.386 0.581 0.795 0.723 0.759 0.670

TABLE II: Ablation study. The Configuration Name follows the naming convention from Table I. MLA denotes the teacher training method using multi-level
adaptation. Our proposed framework (Case 010) shows the best performance on both the validation set and the test sets for individual sensors.

#Case Configuration
Name Method mIoU

(Val)
Omni-Directional LiDARs (Test) Solid-State LiDARs (Test) Test

mIoUOuster (O) Velodyne (V) Omni-mIoU Aeva (A) Livox (L) Solid-mIoU

008 Velodyne MLA Teacher Generation 0.644 0.683 0.499 0.591 0.716 0.638 0.677 0.634

009 All Random Init Weights
+ Sensor-Aware 0.825 0.810 0.396 0.603 0.816 0.733 0.775 0.689

010 All (ours) Weight Transfer
+ Sensor-Aware 0.831 0.799 0.486 0.643 0.824 0.757 0.791 0.717

011 All Weight Transfer
+ Attention 0.815 0.789 0.245 0.517 0.778 0.733 0.756 0.636

012 All Weight Transfer
+ Average 0.810 0.790 0.263 0.527 0.798 0.733 0.766 0.646

C. Sensor-Aware Knowledge Distillation

With the expert teachers (MT
O , MT

V , MT
A , and MT

L ) gener-
ated via the process described in Sec. III-B and the initialized
student model (M16

P ), we performed the multi-teacher knowl-
edge distillation. The student model was trained by randomly
sampling sensor data from the entire training dataset, as
shown in Fig. 2(c). At this stage, the student model receives
both the input data and ‘privileged information’, indicating
the sensor (i) from which the data originate.

A ‘teacher activator (TA)’ uses this privileged information
to select the optimal expert teacher (TA(i)) for the current
training step. The student model then underwent both su-
pervised learning with the ground truth (yi) and knowledge
distillation to mimic the predictions of an activated expert
teacher. The final loss function is defined as follows:

Ltotal = λ1LMOS(yi, ŷi) + λ2LKD(TA(i), ŷi)

where i ∈ {V,O,A,L}
(3)

Through this process, the final student model (SX ), which
has progressively learned from all expert teachers, achieves a
robust cross-sensor generalization performance without bias
toward any particular sensor.

IV. EXPERIMENTS

A. Experimental Setup

To validate the generalization capabilities of the frame-
work across diverse sensor types, we utilized the HeLiMOS
dataset collected using heterogeneous LiDAR sensors. Fol-
lowing established practices in MOS research, we adopted
the IoU as our primary evaluation metric, defined as follows:

IoU =
TP

TP + FP + FN
, (4)

where, in the context of MOS, a ‘positive’ corresponds to a
‘moving’, and TP, FP, and FN represent true positives, false
positives, and false negatives, respectively.

To further assess the generalization performance across
different datasets, we evaluated our model on the Apollo-
Southbay, Sipailou Campus, and SemanticKITTI datasets.
Performance was measured directly on the respective valida-
tion and test sets without any additional training. Regarding
the dataset composition, Apollo-Southbay consists of five
test sequences with no separate validation sets. The Sipailou
Campus dataset included one validation sequence (seq. 06)
and two test sequences (seq. 00 and 07). The SemanticKITTI
comprises a validation sequence (seq. 08). and 11 test
sequences (seq. 11-21). For datasets with multiple sequences,
the reported performance was the average IoU score for each
sequence.

B. Implementation Details

We selected 4DMOS, a representative non-projection-
based model, as our baseline to demonstrate the framework’s
generalizability. All experiments were conducted using an
NVIDIA RTX 4090 GPU. While our multi-stage distillation
process increases the total training time by approximately
five to six times compared to standard baseline training, the
number of parameters in the final student model remains
identical. While we adopted the general training hyperpa-
rameters from 4DMOS, the key parameters for our channel
down operator Ψ (Eq. 1) were configured specifically.

For the multi-level teacher generation, the number of target
beams M was sequentially set to [64, 32, 16], with the cor-
responding number of source clusters K set to [128, 64, 32].
We applied an intra-beam keep probability of p = 0.5; this
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TABLE III: Zero-shot generalization performance on unseen datasets. The
Apollo-Southbay dataset consists only of test sequences. * denotes the IoU
score reported in the original paper when the model was trained with the
4DMOS architecture.

Test Dataset Test Sensor IoU(Val) IoU(Test)

Apollo-Southbay Velodyne VLS-128 – 0.779

Sipailou Campus Avia Livox 0.978 0.948

SemanticKITTI Velodyne HDL-64E 0.432
(*0.719)

0.569
(*0.652)

probabilistic reduction in point density is analogous to the
stepwise halving of the channels. For our loss functions, we
set λ1 = 0.3 for LMOS, λ2 = 0.7 for LKD, and temperature
parameter τ = 3. These hyperparameters were chosen by
analyzing the relative signal strength between native MOS
logit and distillation loss, ensuring the LKD term provides a
dominant guiding force to maximize the training effect.

C. Sensor-Ignoring Setup

Before proposing the sensor generalization methodology,
we conducted preliminary experiments to establish a per-
formance baseline for individual and combined sensor con-
figurations. Tab. I compares the mIoU performances of the
models trained on each sensor were compared independently
with those trained on specific combinations.

The individual sensor training results from Cases 001-
004 show that while sensors O, A, and L achieved high
mIoU scores, sensor V exhibited poor performance at 0.215,
suggesting an inherent difficulty in learning from its data.
Furthermore, although Cases 005 and 006, in which the
sensors were grouped by scanning type, showed an overall
performance improvement, the gain was not substantial.

This highlights the limitations of a naive data integration
strategy based on simple physical characteristics. The model
trained on all the sensors (Case 007) yielded the highest
overall mIoU (Val) of 0.831. However, a per-sensor analysis
revealed that although the performance of sensor V improved
to 0.386, it remained markedly lower than that of the other
sensors. Conversely, sensors O, A, and L outperformed their
individually trained counterparts.

This demonstrates that a high aggregate score can mask the
underperformance of a specific sensor. These results demon-
strate that naive data integration induces a training bias,
where the optimization of the model is skewed toward spe-
cific sensors (O, A, and L), while hindering the performance
improvement for more challenging sensors (V). Therefore,
addressing this issue to ensure robust performance across
all sensors requires more advanced methodology capable of
reflecting the unique characteristics of each sensor.

D. Effectiveness of Sensor-Aware Teacher Generation

Before training the student model, we generated an expert
teacher for each sensor, as described in Sec. III-B. The
effectiveness of the proposed multilevel adaptive teacher
generator for the most challenging sensor, V, is clearly
demonstrated in Case 008 in Tab. II. Compared to Case 002

in Tab. I, where the V sensor was trained in isolation, the
test mIoU for the V sensor surged more than two-fold, from
0.215 to 0.499.

This indicates that a progressive learning curriculum for
sparse 16-channel data is highly effective. Interestingly, this
V-sensor teacher model also achieved an enhanced perfor-
mance on other sensors (O, A, and L), nearly matching the
respective expert teachers (Case 001, Case 003, and Case
004). This can be analyzed as a positive side effect, where
learning in a difficult (sparse) environment enhances the
general feature extraction capabilities of the models, which
are transferred s to other dense environments.

E. Ablation Study of Core Components

Next, we conducted an ablation study to verify the core
components of student model training. To ascertain the
importance of the pretrained weights (M16

P ), that is, the
importance of the ready-to-learn model’s weights shown in
Fig. 2, we compared Case 010 (ours), which uses weight
transfer, with Case 009, which was trained from randomly
initialized weights (see Tab. II). The test mIoU increased
from 0.689 to 0.717, indicating that the weight transfer was
a significant contributor to the final performance.

This goes beyond providing a good starting point, which
means that the student model begins with a strong prior on
handling the most difficult sensor data distribution. This prior
knowledge is a stable foundation that regularizes the entire
training process, enabling students to absorb knowledge from
other teachers more efficiently.

The result for Case 010 highlights the powerful syn-
ergy between weight transfer and sensor-aware knowledge
distillation. This model achieved the highest performance
among all the configurations, with a total test mIoU of 0.717.
This score not only surpasses the naive ‘all-in’ training of
Case 007 (0.670) but also exceeds the performance of the
best individual expert teacher. The per-sensor test scores
of O (0.799), V(0.486), A(0.824), and L(0.757) indicated
that the students performed on par with or better than each
expert teacher. This proves that X-MOS is a well-rounded
generalization model that achieves high performance across
all sensors without bias.

Finally, to validate the efficacy of the core component of
our framework, the ‘teacher activator (TA)’, we compared it
with alternative teacher aggregation methods: an attention-
based method (Case 011) and a teacher-logit averaging
method (Case 012). Both alternatives performed significantly
worse than the final model (0.717) and the randomly ini-
tialized model (0.689). This suggests that indiscriminate
blending of knowledge from teachers with disparate special-
izations (e.g., sparse versus dense) provide conflicting and
ambiguous learning signals that hinder student learning.

By contrast, our sensor-aware approach uses the sensor
type as clear privileged information to activate the single
most appropriate teacher at each step, ensuring that the
student receives unambiguous guidance without interference.
This ablation study clearly demonstrated that each proposed
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Fig. 5: Qualitative comparison of results. (a) Comparison before and after applying the X-MOS framework. The cyan circles highlight the significant
increase in true positives. (b) Excellent segmentation performance on the Sipailou Campus dataset without any fine-tuning. (c) Inference results on the
SemanticKITTI dataset without fine-tuning, showing a considerable number of false positives and false negatives.

component is essential for achieving the final state-of-the-art
(SOTA) performance.

F. Zero-Shot Generalization

To validate the generalization capability of the proposed
framework, we conducted zero-shot experiments by accu-
rately evaluating the model on the validation and test sets
of new unseen datasets without any additional training. The
results are presented in Tab. III. The experiments utilized
the Apollo-Southbay, Sipailou Campus, and SemanticKITTI
datasets, each of which was composed of sensors with
different specifications (e.g., beam (channel) count and scan
pattern) and was collected in various environments and
locations.

The experimental results show an excellent generalization
performance on the Apollo-Southbay test sequences, achiev-
ing an IoU of 0.779 without any fine-tuning. Furthermore, the
model demonstrated an overwhelmingly strong performance
on the Sipailou Campus dataset, with an IoU of 0.978 for the
validation set and 0.948 for the test set. This can be analyzed
because the model effectively learns the features of the 128-
channel omnidirectional sensor (Ouster) and the solid-state
sensor (Livox) included in the HeLiMOS dataset during the
sensor-aware knowledge distillation process. Consequently, it
achieved a high generalization performance even on unseen
datasets composed of similar sensors, specifically the 128-
channel Velodyne sensor in Apollo-Southbay and the Livox
sensor in the Sipailou Campus datasets.

By contrast, on the SemanticKITTI dataset, which is
composed of data from a Velodyne HDL-64E sensor, the
model achieved relatively modest IoUs of 0.432 and 0.569
for the validation and test sequences, respectively. The lower
performance of this dataset was attributed to the model
encountering an unfamiliar number of channels (64 beams)
during inference, which was not experienced during the
sensor-aware knowledge distillation stage, thus posing a
challenge to generalization.

G. Qualitative Results

Fig. 5 presents a qualitative analysis of the proposed
framework. In Fig. 5(a), we compare the results obtained
with (bottom row) and without (top row) the X-MOS
framework. As highlighted by the cyan circles, our method
successfully converted a significant number of FN into TP,
which indicates an improved recall.

However, a limitation is observed in the vehicle example
on the left: although the result is improved, the framework
does not perfectly segment the entire object at the instance
level. Figs. 5(b) and (c) show the zero-shot cross-sensor
generalization performance of our model, which was trained
solely on the HeLiMOS dataset and then evaluated on unseen
datasets without any fine-tuning.

For the Sipailou Campus dataset, the model achieved a
high IoU value of 0.978 (Tab. III). This strong quantitative
result is visually supported by Fig. 5(b), which shows that
most points were correctly classified as TP (green), with very
few FN or FP. This demonstrates that the proposed model
robustly generalizes to new scenes and sensor types.

Conversely, Fig. 5(c) shows the limitation in evaluating
the SemanticKITTI dataset. Unlike in the previous case,
there were noticeable numbers of FN and FP. We attributed
this performance degradation to the use of a 64-channel
LiDAR sensor, and the configuration of the model was not
encountered during training, as mentioned in Sec. IV-F.

Furthermore, it should be noted that due to the inherent
limitations of the 4DMOS architecture used as a baseline,
there is a tendency for a certain level of FPs and FNs
to occur on the SemanticKITTI dataset, even with direct
training (see * mark in Tab. III). In summary, our qualitative
analysis suggests that X-MOS operates robustly in novel
environments with familiar sensor configurations. However,
its performance is less stable when encountering sensors with
characteristics such as the number of channels that were not
represented in the training data.
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V. CONCLUSION

This study proposes X-MOS, a framework that addresses
the generalization in heterogeneous LiDAR environments
using sensor-specific expert teachers and sensor types as
privileged information. Our framework mitigates the train-
ing bias of naive data integration and achieves a balanced
generalization. The student model matches or exceeds the
performance of individual expert teachers, particularly for
challenging low-specification sensors. Although it general-
izes well to similar environments, its performance remains
modest for sensors with novel specifications.

Future work will integrate a few-shot learning [32] ap-
proach to facilitate rapid adaptation to unknown sensors with
minimal data, while simultaneously conducting extensive
experiments on diverse model architectures to further analyze
the broad robustness of the proposed framework.
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