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Abstract

3D semantic segmentation serves as a fundamental com-
ponent in many applications, such as autonomous driving
and medical image analysis. Although recent methods have
advanced the field, adapting these methods to new envi-
ronments or object categories without extensive retraining
remains a significant challenge. To address this, we in-
troduce xMHashSeg, a novel training-free cross-modal Li-
DAR semantic segmentation framework. xMHashSeg lever-
ages foundation models and non-parametric network to ex-
tract features from 2D images and 3D point clouds, sub-
sequently integrating these features through hash learning.
Specifically, We develop point-SANN, a novel self-adaption
non-parametric network that can extract robust 3D features
from raw point clouds, while 2D features are directly ex-
tracted through the foundation model DINOv2. To reconcile
inconsistencies across different modals, we introduce a Hash
Code Learning Module that projects all information into a
common hash space, learning a consistent hash code that en-
hances feature integration. Additionally, depth maps are uti-
lized as an intermediary form between 2D and 3D data to
facilitate convergence during hash code learning. Our exper-
imental results on various multi-modality datasets demon-
strate that xMHashSeg outperforms zero-shot learning ap-
proaches and achieve performance close to that of unsuper-
vised domain adaptation and test-time adaptation methods,
without requiring any annotations or additional training.

Code — https://github.com/Kznnd/xMHashSeg

Introduction

3D understanding (Qi et al. 2017; Wu et al. 2019; Zhang
et al. 2024) has emerged as a pivotal research domain, gar-
nering significant attention from both academic and indus-
trial sectors. The advancements in this field have substan-
tially propelled innovations across multiple sectors includ-
ing autonomous driving, robotic navigation, virtual reality,
and medical image analysis. With the continuous evolu-
tion of deep learning algorithms and remarkable improve-
ments in computational power, the accuracy and efficiency
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of 3D semantic segmentation have witnessed unprecedented
enhancements, showcasing its tremendous potential in ad-
dressing complex real-world problems.

Despite these advancements, a significant challenge re-
mains in the application of 3D semantic segmentation: the
time-consuming and resource-intensive process of learning
new models for different scenarios. Traditionally, adapting
segmentation models to new environments or object cate-
gories necessitates extensive retraining. In recent years, the
advent of training-free technologies has offered a promising
alternative. These approaches leverage pre-trained founda-
tional models to perform inference without the need for ad-
ditional training, significantly reducing the associated costs
and making it feasible to apply 3D semantic segmentation in
a broader range of open-vocabulary settings.

In this paper, we introduce a novel training-free multi-
modal LiDAR semantic segmentation framework named
xMHashSeg. xMHashSeg focuses on leveraging foundation
models and non-parametric network to extract multi-modal
(or multi-view) features and optimizing a unified hash code
for effective feature fusion, achieving segmentation without
training data and annotations. Specifically, we address two
pivotal questions that guide our approach to achieving ac-
curate LiDAR semantic segmentation. Intuitively, integrat-
ing multiple modalities information can complement each
other and provide richer information. However, as no joint
training with labels, the feature space and representation
among different modality features are different, and directly
adding or concatenating them for feature fusion can result in
feature imbalance. So how to effectively integrate multi-
modal information? To solve this problem, this paper in-
troduce HCLM to map multi-view features into a common
hash space and learn a unified hash representation, promot-
ing efficient fusion of multi-modal information. This nat-
urally raises another question, which modal information
should be used? Firstly, RGB images provide rich color
and texture details, while point clouds offer precise 3D ge-
ometric structures. These two modalities are usually easily
obtainable with current technology and provide us with rich
information. However, there are significant modal gap be-
tween them, which are not conducive to the iterative con-
vergence of the unified hash code. Therefore, we further in-



troduce depth map modality which is like an intermediary
form between 2D images and 3D point clouds, functioning
exceptionally well as a bridge to integrate information from
both. It significantly enhances convergence during the iter-
ative optimization of hash code, which is validated through
the ablation experiment below.

Based on the above analysis, without loss of generality,
we employ DINOv2 (Oquab et al. 2024) to extract 2D fea-
tures from images. To complement this, we develop a novel
non-parametric point cloud network called Point-SANN
(Self-Adaptive Non-Parametric Network) that directly ex-
tracts 3D features from raw point clouds, which can be used
in different scenarios with uneven point density. However,
when integrating features of different views, a critical chal-
lenge arises from the inconsistency in feature representation.
To overcome this challenge, We adopt the concept of Bi-
nary Multi-View Clustering (BMVC) (Zhang et al. 2018) to
construct a Hash Code Learning Module (HCLM). HCLM
projects all view information into a common hash space,
where a unified hash representation is learned. This unified
learning process harmonizes the variations among different
view representations and ensures that complementary infor-
mation from various modalities is fully exploited. Further-
more, considering the modal gap between 2D and 3D data,
we introduce depth map view, which not only enriches the
available information but also serves as an intermediate state
that bridges 2D images and 3D point clouds, thereby facili-
tating the convergence of these three views towards a unified
center during the learning of unique hash codes. After that,
the learned hash code can be used for accurate segmentation.

In summary, the main contributions of this paper are de-
pict as follows:

* We propose xMHashSeg, a novel training-free frame-
work for multi-modal LiDAR semantic segmentation in
open-world scenarios, which replace traditional learning
methods that require retraining when encountering new
scenes or categories.

We develop a self-adaption non-parametric network
Point-SANN to extract 3D features from raw LiDAR
point clouds in open-scene with uneven point density,
which fills the gap left by the current absence of foun-
dation models in the 3D domain.

To address the challenge of inconsistent feature scales
derived from different data views, we introduce Hash
Code Learning Module to project multiple views into
the same hash space and learn a unified hash represen-
tation. This technique ensures that features from diverse
views are harmoniously integrated, allowing for comple-
mentary information to be fully utilized.

Through comprehensive experiments, the proposed
framework achieves appreciable results in 3D semantic
segmentation tasks, even without using any labels or en-
gaging in additional training processes.

Related Work
LiDAR semantic segmentation

LiDAR semantic segmentation has emerged as a pivotal
task within the realm of computer vision, essential for
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applications ranging from autonomous driving to robotics
navigation. Initially, the field was dominated by fully su-
pervised learning approaches, which rely heavily on large
datasets with precise annotations for training deep neural
networks (Alonso et al. 2020). However, the acquisition
and annotation of voluminous point cloud data are both
time-consuming and costly endeavors. To mitigate the de-
pendency on exhaustive labeling, semi-supervised learning
strategies (Zhang et al. 2021, 2025) have been introduced.
By leveraging a small set of labeled data alongside a larger
pool of unlabeled data, these techniques aim to enhance
model generalization while reducing the need for extensive
manual annotation (Mei et al. 2019; Kong et al. 2023).

Unsupervised Domain Adaptation (UDA) (Wu et al.
2024a) represents a significant advancement by addressing
the issue of domain shift between training and testing envi-
ronments. In scenarios where annotated data from one do-
main is insufficient or unavailable for another, UDA facili-
tates the transfer of knowledge across domains. Techniques
such as adversarial training (Peng et al. 2021; Yuan et al.
2023) have shown promise in adapting models trained on
source data to perform well on target scans without requiring
additional labeled data. Building on this concept, Test-Time
Adaptation (TTA) (Shin et al. 2022; Cao et al. 2024) enables
models to adapt dynamically during inference. TTA exploits
the incoming data stream at test time to refine model pa-
rameters or predictions, thereby enhancing accuracy under
changing conditions.

In addition, Zero-Shot Learning (ZSL) methods presents
an innovative approach that bypasses the necessity for any
labeled examples of unseen classes during training. ZSL
frameworks (Yang et al. 2023; Lu et al. 2023) typically in-
corporate auxiliary information, such as attributes or textual
descriptions, to bridge the gap between seen and unseen cat-
egories. However, these methods are all based on learning
and time-consuming.

Foundation models

Foundation models have become a cornerstone in the field
of artificial intelligence, representing large-scale pre-trained
models that are designed to perform a wide array of tasks
with minimal fine-tuning. These models, such as Stable Dif-
fusion (Rombach et al. 2022), DINOv2 (Oquab et al. 2024),
and CLIP (Radford et al. 2021), have been developed across
various modalities including text, images, and videos. In
terms of application, foundation models have demonstrated
remarkable versatility when applied to downstream tasks
such as classification and segmentation. These models of-
ten require only minor adjustments or even none at all. For
example, many of works (Ali and Khan 2023; Qian and Hu
2024) have successfully employed CLIP for zero-shot image
classification, relying on the model’s pre-existing knowl-
edge base to infer class labels. Similarly, work done on DI-
NOV2 (Veasey and Amini 2024) shows that it can achieve
state-of-the-art results on image classification benchmarks
with minimal fine-tuning, highlighting the robustness of its
learned representations. Segmentation tasks have also bene-
fited from the advent of foundation models. SAM (Segment
Anything Model) (Kirillov et al. 2023), which builds upon
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Figure 1: Overview framework. It employs DINOv2 to
extract both 2D and depth features. Depth estimation is
achieved through DAM, while point features are acquired
using the developed Point-SANN. These views are subse-
quently aligned by learning a unified hash representation.
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the principles of foundation modeling, offers a unified ap-
proach to image segmentation that requires no task-specific
training. It can generate high-quality segmentation masks
for any object in an image, guided merely by user-defined
prompts. In summary, foundation models represent signifi-
cant milestones in Al research, offering powerful tools for a
multitude of applications.

Method

Problem Definition

Training-free (TF) refers to methods that leverage pre-
trained foundation models or other non-learning techniques
to perform downstream tasks without updating the model’s
parameters. The cross-modal TF LiDAR semantic segmen-
tation task aims to derive 3D semantic segmentation re-
sults Y* from a set of paired 2D images and 3D point
clouds {X?, XP} by leveraging foundation models and
non-parametric network. Unlike UDA, TTA and ZSL meth-
ods, our approach does not require labeled data or a data-
specific trained model, making it highly versatile and effi-
cient for various applications.

Overview

Based on the two Q&A mentioned in the introduction, this
paper constructs a framework as shown in Fig. 1. 2D images
X! are first processed through DAM to generate the corre-
sponding depth map X, which is displayed in grayscale
format. Since X is fundamentally a 2D image, it is fed
into DINOV2 alongside X to extract their respective fea-
tures F'/, FP . For 3D feature extraction, we utilize an self-
adaptive non-parametric network that builds upon the Point-
NN (Zhang et al. 2023), called Point-SANN. It demonstrates
robustness to variations in point cloud density, making it par-
ticularly well-suited for handling LiDAR point clouds with
uneven density and effectively applicable to any scenario.
Point-SANN processes the 3D point cloud to obtain detailed
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point-wise features F'©'. Subsequently all the modality fea-
tures (F'1, FP, P are input HCLM to learn a unified hash
code and perform clustering to achieve semantic segmenta-
tion. Further details are provided below.

Multi-modal Information Extraction

For 2D images, our method directly employs DINOvV2 to
obtain pixel-wise features. Since DINOv2 divides images
into multiple patches based on patch size to extract features,
we upsample these features to the original image size using
bicubic interpolation to obtain F'Z.

For depth maps, to reduce the initial amount of informa-
tion required, we utilize DAM to predict them. It generates
relative depth map using just a single RGB image as input,
without relying on additional sensors or prior scene infor-
mation. Once the depth maps have been generated, we per-
form feature extraction using a methodology analogous to
that employed for 2D images. This process allows us to de-
rive features F'°

For 3D point clouds, we develop Point-SANN, an im-
provement over Point-NN (Zhang et al. 2023), to extract
features from LiDAR point clouds. Point-NN is a non-
parametric network that leverages geometric priors and at-
tention mechanisms to perform tasks such as classifica-
tion and segmentation in a unsupervised manner. However,
Point-NN does not address the issue of uneven point cloud
density. When there are significant differences in density be-
tween different regions of the LiDAR point cloud, the re-
ceptive field used to capture local features can vary greatly,
leading to substantial discrepancies in feature representa-
tion. Furthermore, Point-NN relies solely on positional en-
coding during initialization, which lacks semantic informa-
tion and is insufficient for modeling long-range dependen-
cies or handling non-sequential data structures, potentially
introducing bias when applied to unordered inputs. To over-
come these limitations, we introduce a self-adaption mech-
anism to capture features without sensitive to density varia-
tions and a richer embedding strategy that incorporate both
positional and semantic information.

The framework of Point-SANN and the differences from
Point-NN is shown in Fig. 2. We uses Fast Point Feature His-
tograms (FPFH) (Szalai-Gindl and Varga 2024) concatenate
with point coordinates as the initial embedding method:

E = concat(FPFH(X?), XT),

2. wa-S

q€N(p)

(D

FPFH(p) = S(p,q)

(¢;p), (@

|(|

where p € X% and N(p) represent the k-neighborhood
of p. S(p,q) = [a, ¢, 0] are the angle calculated between
the vectors of p, ¢, and their estimated normals, represent-
ing the pose-invariant relationship between two points. Sim-
ilarly, S(g, p) is defined in the same manner. The weight w,
is the reciprocal of the Euclidean distance between p and
q. In this way, E demonstrates enhanced robustness to noise
and variations in data without being overly sensitive to small
perturbations or sampling differences.
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Figure 2: The framework of (a) Point-NN and (b) Point-SANN. The primary distinctions are as follows: (1) Embedding
Method. In Point-SANN, we modify the embedding method by incorporating FPFH descriptors, which provide richer semantic
information; (2) Geometric Aggregation. The incorporation of feature similarity scores and distance-weighted local features
enhances the discriminative power for different geometric objects and improves robustness to variations in point cloud density.

Self-Adaption Local Geometry Aggregation. To further
enhance the local features. In this procedure, E will be in-
put into a multi-stage hierarchy to obtain point cloud fea-
tures F'*, which mainly includes three modules: Farthest
Point Sampling (FPS), K-Nearest Neighbors (KNN), and
Self-adpation Local Geometric Aggregation. For each stage,
we denote the input point cloud and feature from previous
stage as {p;, f;}iL,, where i is the point index and M de-
notes point number. FPS is adopted to downsample the point
number from M to % by selecting a subset of points from
the point cloud in a way that ensures even distribution and
maximum coverage:

(pes L322, = FPS({ps, fi}M1)), 3)

Then, k-NN is used to grouping k spatial neighbors for each
center c:
Nc = KNN(pm {pl})a

where A, represents the indices of k nearest neighbors.

Then we introduce two processes to incorporate local
information, thereby enhancing the feature representation.
Normally, if neighboring points and the center point do not
originate from the same object, their feature descriptions F;
always exhibit differences. Regarding this prior, we tend to
preserve similar feature to improve local feature expression:

W? = cos(fe, fi), i € N, 5)

where W*° denotes the similarity score between the center
point and each neighbor point, and cos represents the cosine
similarity operation. In addition, considering the issue of un-
even distribution of point cloud density, we also take into
account the distance between points within local region:

Wid = Bxp(*ED(pcapi)Q/(2 * 0_2))72- € Nm (6)

where E D represents the Euclidean distance between center
point p. with neighbor points p; and o is a hyperparameter.
Then the local features of the center point can be obtained
by weighting the features of neighboring points:

= Z W x (Wid X fi),

€N,

“

N

12541

where X represent matrix multiplication. Finally, integrating
the two features f; with f. to obtain aggregated features F:

Mfe+ Afi, ®)

where A\ € [0, 1] is a balance factor and we set A = 0.25 in
our experiments.

Feature Decoding. Starting from the last stage of encod-
ing, upsample the point cloud features step by step. Interpo-
late the aggregated center point features and assign features
to the points before downsampling:

=y WIF,

ceN;
d _ 1
¢ ED(pivpcy

the features output from the final stage is F'.

F.=(1-

/\/i :KNN(piv{pc})v (9)

Hash Code Learning Module

To integrate multi-modal data, we project each feature into a
shared space using a randomly initialized anchor for uniform
dimensions. These features are then encoded into a hash
space using a binary hash encoder. A unified hash code is
generated by aggregating the weights of each view, as shown
in Fig. 3. This approach finds the optimal clustering center
and learns a generalized representation, which can be sum-
marized by two optimization functions:

Collaborative Discrete  Representation Learning
(CDRL). For data point z; from the v-th view, define the
binary hash function as:

h(f(22),U") = sgn(U" f(x7)),

where sgn(-) is an element-wise sign operator, f(z?) € R™
indicates a nonlinear embedding constructed from a ran-
domly initialized anchor, s denote the s-th point, and U” €
R!*™ is the mapping matrix for the v-th view. Here [ is the
length of the hash code and m is the number of anchor sam-

(10)



ples. The objective of CDRL is formulated as:

M
: VAT
goin ) ()
v=1

O llbs = R211% + BIT|IF — v

s=1

s.t. Za” =1;a" >0; by € {—1,1}*1
v

Zvar(hz))
s=1

(11)

where by is the collaborative binary code for the s-th point,
a = lat,...,aV] € RV is a nonnegative normalized weight-
ing vector balancing the significance of different views,
r > 1 is a scalar controlling the weights, and /3,y are both
nonnegative constant. || - || denotes Frobenius norm. The
first term ensures the learning of a unified binary code across
different views, while the second and third terms contribute
to achieving stable solutions and balanced bit distributions,
respectively.

Binary Clustering Structure Learning (BCSL). To main-
tain consistent cluster structures among different views, the
following equation is used to construct the BCSL scheme:

3 _ 2
g{gjllbs Cysll%
st.CT1=0; C e {-1,1}}*¢;

9s € {0,135 ) gia =1, (12)

where C' and g, are the clustering centroids and indicator
vector, respectively. 1 represents the all-ones vector.

Overall Objective Function. Combining both parts, the
overall objective function is formulated as:

min F(U", B,C, G, a)

M
(@) (1B~ U° 53+ BT |
1

- %tr((U”f(:v”))(U”f(x”))T)) +¢l|B — CGIf

s.t. CTI = O;Za” = 1;@” > 07B c {_1’ 1}l><n;
v

Ce{-1,1}%4G e {0,137 gis =1, (13)

where B = [by,...,b,],G = [g1, ..., gn], and € is the regu-
larization parameter. n is the number of points.

The optimization process involves iteratively updating
several key components while keeping others fixed. For
more details, please refer to BMVC (Zhang et al. 2018). Dif-
ferent from its original purpose, our method performs fine-
grained point-wise operation within a single scene, rather
than simple object-level clustering. After these processes,
multi-modality features with different expressions are pro-
jected into a same hash representation B, fully integrating
the information of each view.
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Figure 3: The process of HCLM. The initial variables are
constructed via the non-blue solid line process. The Anchor
initializes all view information into a common space, which
is then transformed into the hash space. The binary code B
and cluster center C' are iteratively refined through the blue
dashed line process.

Experiments
Datasets

In this study, we utilize two classical publicly available out-
door datasets for evaluation: nuScenes (Caesar et al. 2020)
and SemanticKITTI (SKITTI) (Behley et al. 2019). Both
datasets provide synchronized RGB and 3D point cloud
pairs, along with calibration parameters that facilitate seam-
less 2D to 3D projection. We compare our proposed method
against existing multi-modal UDA, TTA, and ZSL methods.
This comparison helps validate the effectiveness of our ap-
proach in handling complex, real-world data without requir-
ing extensive labeled datasets or high computational costs.
When compare with UDA and TTA methods, our evalu-
ation covers four primary configurations: nuScenes with 6
classes, and SKITTI with 6, 9, 10 classes. For the UDA
experiments, we evaluate on setups SKITTI-nuScenes,
VKITTI-SKITTI and A2D2-SKITTI with 6, 6, 10 classes,
respectively. VirtualKITTI (VKITTI) (Gaidon et al. 2016)
and A2D2 (Geyer et al. 2020) are datasets frequently em-
ployed in autonomous driving research. In contrast, the
TTA scenarios closely mirror those of UDA but substitute
the VKITTI-SKITTI setup with Synthia-SKITTI, which
includes 9 classes. Synthia (Ros et al. 2016) is another
widely adopted outdoor dataset. To maintain fairness, we
re-evaluated the TTA method on the test set, rather than the

nuScenes SKITTI

Method [Type] mloU  mloU
3DGenZ(Michele et al. 2021)[ZSL] 3.2 6.5
TGP(Chen et al. 2023)[ZSL] 14.1 13.3
SMKM(Lu et al. 2023)[ZSL] 224 23.9
xMHashSeg (ours)[TF] | 244 24.2

Table 1: Quantitative results (mloU, %) compared to all set-
tings of ZSL. Bold indicates the highest value in each type.



nuScenes(6 class) | SKITTI(6/9” class) | SKITTI(10 class)

Method Type | Train [source] mloU [source] mloU [source] mloU
xMUDA(Jaritz et al. 2020) UDA Vv [SKITTI] *64.0 [VKITTI] 48.2 [A2D2] 44.0
CLIP2UDA(Wu et al. 2024b) | UDA vV [SKITTI] *58.9 [VKITTI] 60.4 [A2D2] 50.0
LMSAM(Peng et al. 2024) | UDA | +/ - [VKITTI] 64.9 [A2D2] 52.1
FtD(Wu et al. 2025) UDA vV [SKITTI] *55.3 [VKITTI] 52.6 [A2D2] 51.1
MM-TTA(Shin et al. 2022) TTA vV [SKITTI] *55.0 [Synthia] *37.5" [A2D2] *51.1
Latte(Cao et al. 2024) TTA 4 [SKITTI] *54.5 [Synthia] *39.6” [A2D2] *53.4
xMHashSeg (ours) | TF | x | [N/A]409 | [N/A]32.7(244) | [N/A]235

Table 2: Quantitative results (mloU, %) compared to all settings of UDA and TTA. **’ indicates different category setting in
TTA. “*’ indicates the reproduced results. Bold indicates the highest value in each type.

entire dataset as reported in the original publication.

For ZSL methods, we compare them in two scenarios:
nuScenes and SKITTI, each involving another 6 classes
which are unseen classes in ZSL methods.

Implementation Details

For DINOv2, we utilize the *ViT-B’ pre-trained model as the
2D feature extractor. On the other hand, DAM employs the
"ViT-L’ model trained on *VKITTI’, which is particularly
well-suited for outdoor scenes.

When evaluating performance, we use the Hungarian al-
gorithm to optimally match the clustering results with the
ground truth labels before calculating the mIoU value.

The number of iterations for hash code generation is set
to 300, with an early stopping mechanism that triggers when
the binary code B no longer changes. Under the UDA or
TTA class setting, the anchor dimension m is configured to
be 500, and the hash code length L is set to 32. In the com-
parison setting with ZSL, we set the anchor dimension to 30
and the hash code length L to 8.

All experiments were performed on a system equipped
with a single NVIDIA RTX 3090 GPU. The average infer-
ence efficiency of our method is about 1.1 seconds per scene
under nuScenes dataset and about 1.5 seconds per scene
under SKITTT dataset, outperforming Latte’s inference ef-
ficiency of 1.2 seconds and 2.7 seconds.

Results and Analysis

According to our understanding, the order of conditional
sufficiency between UDA, TTA, ZSL and TF method is
roughly: UDA ~ TTA > ZSL > TF. This is because UDA or
TTA have fully supervised data on other domain, while ZSL
has fully supervised data on other classes in the same do-
main. In contrast, our TF method xMHashSeg performs seg-
mentation completely unsupervised and without additional
training, which is obviously the most demanding condition.
By comparing with these methods, we aim to verify that our
approach can achieve competitive results under more chal-
lenging conditions.

We compare the mean Intersection over Union (mloU)
of our TF method with multi-modal UDA, TTA and ZSL
methods in outdoor scenes to demonstrate the efficiency and
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scene generalization ability of our method. The comparison
results are shown in Tab. 1 and Tab. 2.

Comparison with ZSL. methods As shown in Tab. 1, it
demonstrate that our method outperforms ZSL methods in
unseen classes. The mloU values of our method are 24.4%
and 24.2% in nuScenes and SKITTT respectively, which are
2 and 0.3 points higher than the SOTA multi-modal ZSL
method. This comparison is especially pertinent because the
ZSL method has the closest conditions to the TF method but
is more advantageous, the improvement in performance here
further demonstrates the effectiveness of our method.

Comparison with UDA and TTA methods From Tab. 2,
it can be seen that although our method does not perform
as well as UDA and TTA methods, it also demonstrates that
our method has the potential to achieve similar performance
under more limited conditions.

Overall, our method eliminates the need for labor-
intensive labeling and high computational training. It op-
erates without requiring any pre-existing dataset, enabling
direct inference on arbitrary scene images and making it
highly effective across a wide range of real-world scenarios.

Fig. 4 visualizes the qualitative semantic segmentation re-
sults of first two settings with 6 classes. It indicate that our
method achieves promising overall segmentation accuracy,
effectively delineating major object boundaries and regions.
However, finer details such as small objects and intricate
edges are not captured as accurately. Future work will fo-
cus on improving the model’s ability to handle fine details.

Ablation Study

In this section, we analyze the effectiveness of each com-
ponent in our method through ablation study. In order to im-
prove ablation efficiency, we split the Night scenes (a subset)
from nuScenes datasets and use it for ablation study, using
the same class settings as xMUDA.

Effectiveness of Point-SANN To assess the effectiveness
of the improved Point-SANN, we performed an ablation
study where all other variables were kept constant, and the
original Point-NN was used to extract point cloud features.
The segmentation performance was subsequently evaluated.
The results, presented in the first row of Tab. 3, show that us-
ing the original Point-NN resulted in a mIoU score of 32.1%.
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Figure 4: Qualitative results of our method. The incorrectly segmented area is highlighted by a red rectangle.

Model | Point-SANN Depth Hash Learning | mIoU (%)

#1 v v 32.1
# v v 36.9
#3 v v 33.9
#4 v v v 417

Table 3: Ablation study on the effectiveness of important
components of our methods.

This score is 9.6 points lower than the mloU achieved with
the improved Point-SANN, clearly indicating the enhanced
performance of the updated model.

Role of Depth modality To evaluate the contribution of
depth information to our framework, we removed it and as-
sessed performance using only two views: 2D images and
3D point clouds. The results, presented in the second row of
Tab. 3, show a mloU value of 36.9%. This is approximately
4.8 points lower than the 41.7% achieved when depth infor-
mation is included. These findings highlight the critical role
of depth maps in bridging the gap between 2D images and
3D point clouds. Even though depth maps are estimated val-
ues generated through our DAM, they significantly enhance
the overall segmentation performance. This underscores the
importance of incorporating depth information for achieving
more accurate multi-modal feature integration.

Effectiveness of Hash Learning To verify the effective-
ness of learning a unified hash expression for clustering, we
compared our method with k-means. Specifically, we first
normalized the three features separately to ensure consistent
scales before concatenating them. We then evaluated their
segmentation performance using k-means clustering. The re-
sults, presented in the third row of Tab. 3, show an mloU

12544

A ] 0 ]025]05[075] 1
mloU (%) | 37.1 | 41.7 | 38.7 | 37.8 | 37.6

Table 4: Parameter sensitivity analysis of balance factor \.

value of 33.9% for the k-means approach. This is 7.8 points
lower than the mloU achieved by learning a hash code for
clustering. This underscores the significance of aligned fea-
ture representation in achieving superior performance.

Parameter Sensitivity Analysis To evaluate the sensitiv-
ity of our method to hyper-parameters, we conducted a sen-
sitivity analysis on the Night scene. Specifically, we ana-
lyzed the impact of the balance factor A during feature ag-
gregation in Point-SANN. The results, presented in Tab. 4,
demonstrate that the optimal performance is achieved when
A = 0.25. This optimal setting was chosen for all configura-
tions in our experiments.

Conclusion

In conclusion, this paper introduces xMHashSeg, a novel
training-free framework for unsupervised LiDAR semantic
segmentation using cross-modal hash learning. xMHashSeg
leverages foundation models for 2D feature extraction and
captures robust 3D features from raw point clouds via devel-
oped Point-SANN. It reconciles feature scale inconsisten-
cies across views through HCLM and enhances hash code
convergence by introducing depth maps as a bridge. Ex-
perimental results on multi-modality outdoor datasets show
that xMHashSeg outperforms ZSL methods and approaches
UDA and TTA performance without requiring annotations
or additional training. Its strong generalization and adapt-
ability make it a promising solution for real-world applica-
tions with unlabeled data.
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