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Abstract

3D semantic segmentation using an adapting model trained from a source domain
with or without accessing unlabeled target-domain data is the fundamental task in
computer vision, containing domain adaptation and domain generalization. The
essence of simultaneously solving cross-domain tasks is to enhance the general-
izability of the encoder. In light of this, we propose a groundbreaking universal
method with the help of off-the-shelf Visual Foundation Models (VFMs) to boost
the adaptability and generalizability of cross-domain 3D semantic segmentation,
dubbed UniDSeg. Our method explores the VEMs prior and how to harness them,
aiming to inherit the recognition ability of VFMs. Specifically, this method in-
troduces layer-wise learnable blocks to the VFMs, which hinges on alternately
learning two representations during training: (i) Learning visual prompt. The
3D-to-2D transitional prior and task-shared knowledge is captured from the prompt
space, and then (ii) Learning deep query. Spatial Tunability is constructed to the
representation of distinct instances driven by prompts in the query space. Integrat-
ing these representations into a cross-modal learning framework, UniDSeg effi-
ciently mitigates the domain gap between 2D and 3D modalities, achieving unified
cross-domain 3D semantic segmentation. Extensive experiments demonstrate the
effectiveness of our method across widely recognized tasks and datasets, all achiev-
ing superior performance over state-of-the-art methods. Remarkably, UniDSeg
achieves 57.5%/54.4% mloU on “A2D2/sKITTI” for domain adaptive/generalized
tasks. Code is available athttps://github.com/Barcaaaa/UniDSeg|

1 Introduction

As deep learning technology develops by leaps and bounds [47, 157} 159], 3D scene understanding has
become the foundation for many real-world applications, including autonomous driving, robotics,
augmented reality, smart cities, etc. Based on the LiDAR sensor, 3D semantic segmentation is a
critical task that provides an accurate and robust semantic prediction of the surrounding scenarios.
However, annotating large-scale datasets for training every new scenario is labor-intensive and time-
consuming, especially for the tasks demanding point-wise annotations. These limitations hinder their
practical applicability in real-world scenarios where acquiring high-quality labeled data.

Currently, domain adaptive 3D semantic segmentation (DA3SS) [[19} 132,138 14548} 151]] and domain
generalized 3D semantic segmentation (DG3SS) [21] 27, 149! |60] have been widely explored in
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autonomous driving scenes. Their difference lies in that the former seeks to narrow the domain gap
between the source and target domain data without assigning 3D semantic labels, while the latter
aims to learn a generic and robust model before being exposed to the target domain. Albeit successful,
their applications in 3D semantic segmentation have primarily focused on generalizing or adapting
between synthetic and real scenes or across different scene layouts. This leaves a gap in exploring a
universal framework, enabling the generalization and adaptation of 3SS models across datasets.

With the above considerations, this paper focuses on studying a universal framework for cross-domain
3D semantic segmentation. The essence of simultaneously solving cross-domain tasks is to enhance
the generalizability of the encoder. Therefore, a generalizable 3D model with source-domain data
discrimination power to the target domain is necessary. It is performed solely with access to source
domain data, enabling the model to develop the ability to discriminate domain-agnostic and domain-
specific features. Unfortunately, one limitation has arisen, the scarcity of 3D pre-training datasets
hinders this endeavor. More recently, Visual Foundation Models (VFMs) (23| 34} 36] have emerged
as the de-facto visual backbone in 2D image classification and segmentation. Such VFMs are trained
on massive raw web-curated images, achieving promising open-vocabulary recognition. Hence,
two natural questions are thrown up: (i) How to borrow 2D prior knowledge from VFMs? and (ii)
How to harness 2D prior knowledge to boost 3D performance? To begin with, for issue (i), visual
prompt tuning [[16} [20]] is a parameter-efficient strategy to exploit the representational potential of
VEMs. We consider freezing the whole VFMs and only learn several trainable lightweight blocks as
supplementary input, which inherit parameters of VFMs trained at scale to the maximum extent. After
that, for issue (ii), we consider a more effective prompt tuning that introduces an extra depth-guided
prompt space and extends the model input with the prompt, which could guide the generalization of
powerful representations to achieve desirable performances.

Accordingly, in this paper, we introduce UniDSeg, dig deeper into prompt tuning in the VFM-based
encoder, and introduce a Learnable-parameter-inspired Mechanism to the off-the-shelf VFMs with
frozen parameters. Our VFM-based encoder is designed to learn alternately between two lightweight
modules: i.e., Modal Transitional Prompting (MTP) and Learnable Spatial Tunability (LST). The
former depends on the transitional guidance from 3D-to-2D unnatural images, i.e., sparse depth,
which exists in the prompt space before being fed into the encoder layer. The latter depends on the
customized context length of vectors, which exists in the query space for seeking matched prompting
after encoding in the layer. Hereby, depending on the number of VFM-based encoder layers involved,
we place layer-wise MTP and LST blocks to take full advantage of semantic understanding of
diverse levels and modalities. The proposed mechanism not only avoids any unnecessary attempts to
manipulate the original visual space but also inherits the pre-existing target awareness from the VFMs
to the maximum extent. Ultimately, by integrating the proposed two modules into a cross-modal
learning framework, our method efficiently mitigates the domain gap and enables 2D and 3D models
to learn domain-invariant representations.

The key contributions of our work are summarized as follows: 1) Our method is groundbreaking
in introducing the prompt-tuning concept into the universal model for DG3SS and DA3SS tasks.
2) We propose a novel learnable-parameter-inspired mechanism to the off-the-shelf VFMs, which
maximally preserves pre-existing target awareness in VFMs to further enhance its generalizability. 3)
Extensive experimental results demonstrate the effectiveness of our method across widely recognized
tasks and datasets, all achieving superior performance for DG3SS and DA3SS.

2 Related Works

2.1 Domain Adaptive 3D Semantic Segmentation

In general, DA3SS seeks to narrow the domain gap between the source and target domain data, which
can be grouped as uni-modal [[61} |54} 48], 138} 156} 155} 24} 32]] and multi-modal [19} [30} |35} 28], 58|,
50,145,161 15, (511 13} 146] conditions. For uni-modality, early methods [48l 61]] exploit the generative
adversarial network to mitigate domain shift caused by appearance and sparsity differences. Later
on, Yuan et al. [55,156] propose the adversarial network based on category-level and prototype-level
alignments to address the mismatch of sampling patterns. CosMix [38] and ConDA [24] construct an
intermediate domain by utilizing joint supervision signals from both the source and target domains for
self-training. 3D surface representation is also considered an effective method. Complete&Label [54]



transforms domain adaptive task into a 3D surface completion task. SALBPAdarns an implicit
underlying surface representation simultaneously on source and target data.

Compared to uni-modality, multi-modality exploits the exclusive information of paired images and
point clouds to complement each other. xMUDE] is a pioneering method of cross-modal mutual
learning for DA3SS. To facilitate learning domain-robust dependencies, several methods extend 2D
techniques to learn the 3D domain-invariant representations, such as adversarial 1&;r86g58],

style transfer28], and contrastive learnindg()]. Based on these dependencies, S5% fpresents a
self-supervised learning mechanism from plane-to-spatial and discrete-to-textured representations.
BFtD [45] presents cross-modal fusion-then-distillation to mitigate imbalanced modality adaptability.
Recently, Segment Anything Model (SAM23] has presented its strong capability in generating
semantics-aware regions, making it a suitable option for cross-modal interaction. Mp&Ad[
VFMSeg b1] harness the knowledge priors learned from SAM to produce more accurate pseudo-
labels for unlabeled target domains.

In contrast to DA3SS, where the inputs in the target domain, although without 3D labels, are accessible
during the training process, DG3SS is evaluated on data from totally unseen target domains.

2.2 Domain Generalized 3D Semantic Segmentation

The goal of DG3SS is to rst learn as generic and robust representations as possible before being
exposed to any target-domain data during training. Research on DG3SS has recently withessed a
surge, as highlighted in several studies, including uni-modal condi2ibr8[, 39, 40, 49, 60] and
multi-modal condition 27, 14]. Kim et al.[21] leverage sparsity invariant feature consistency at the
feature level and semantic correlation consistency at the output level to constrain the modatl. Ryu

al. [37] and Sancheet al.[40] incorporate multi-frame aggregation with 6-DoF ego-motions via
randomized LiDAR con gurations augmentation and label propagation, respectively. However, these
methods are limited when 6-DoF ego-motion is unknown, and they need to be estimated using the
off-the-shelf LIDAR SLAM method 2]. Recently, 3D representation under Bird's-Eye-View (BEV)

has also been considered an effective method for learning domain-invariant features. 138|OG [
introduces a dense top-down prediction auxiliary task and supervises it by employing BEV-view of
semantic labels, while BEV-D@J/] introduces a BEV-view of cross-modal representation fusion to
alleviate the domain gap. Particularly, 3D scenes also exist in several adverse weather conditions
including fog, snow, and rairdp]. UniMix [ 60] leverages physically valid adverse weather simulation

to construct a bridge domain and then blends it with samples of normal weather conditions.

Our endeavor is tailored to designing a universal cross-domain multi-modal learning framework that
enhances the performance of both DG3SS and DA3SS.

3 Method
3.1 Preliminary

Problem De nition. ~ Given a source domaids = f (X 22 ; X 3% ; v3P:S gl with n labeled

data and a target domaly = f(X > ;X.*®T )g'y, with n, unlabeled data under the condition

that the source and target data distributions are not equal. For DA3SS, the task seeks to adapt models
trained on the source domdi to a target domail without labels. For DG3SS, the task aims to
exploit the knowledge from the source domain to achieve generalization to the target domain, while
the model remains unexposed to the target domain during traingnd)+ is unseen. Both tasks

are framed with the expectation of having paired images and point clouds and learning a mapping
functionf : X 20T ;X 3T 1 y3DT that could predict the target-domain 3D labels.

Revisiting ViT. Given a pre-trained Vision Transformer (ViT)Q] model withL layers, an input is
divided intoM = HPV\Z’ xed-size patchesx, 2 RF * D-m=1:2;:::;M,whereH andW are
the height and width of the original inpWR, is the patch size, and is the constant latent vector size
through all of its layers. Each patch is then embeddedindimensional latent space:

el = Embed(xy); € 2 RP: (1)
We indicate the collection of 2D patch embeddings,; = fe" ; 2 R°j1 m Mg, as input
to thel-th VIiT encoder layet (). Specially,ES® 2 RM D learns beforehand together with class




encodingEqs 2 R P and positional encodingpes 2 R M) D to create initial patch embedding
Eo. Hence, the whole ViT encoder is formulated as:

Eo=(Eus ] Egre) + Epos; (2)
Er=Li(E 1); =120 3)
whereE; 2 RI* M) D s the patch embedding output frdm( ),] denotes concatenation on the

sequence length dimension. Each lalygconsists of several multi-head self-attention modules and
feed-forward networks together with skip connection [17] and LayerNorm [1].

3.2 Learnable-parameter-inspired Mechanism

Overall Framework. As depicted in
Fig. 1, the overall framework of UniD-
Seg is decomposed to a 2D network
F?0 = E2® G?° H?P and a 3D
network F30 = E® G380 H 3D,
where E(), G), andH() denote en-
coder, decoder, and classi er, respec-
tively. The main insight of UniDSeg is
to provide a universal framework that en-
hances the generalizability and adaptabil-
ity of cross-domain 3D semantic segmen-
tation. Thereby, we introduce a novel
task-speci c VFM-based encoder, which

1S g_wded by point-level prompts fromFigure 1: Overall framework of UniDSeg for DG3SS

3D information. Formally, point cloud :
3D i 3D and DAS3SS. The backbone of the VFM-based Encoder is

X% is input to 3D networlE °* to gen- . p »

erate 3D prediction, while image 2° frozen and onl'y trains several learnable modulgs. Samp.

Dep i ! means sampling of 2D features. Only the points falling

and sparse deptk; "™ are input t0 2D into the intersected eld of view are geometrically associ-

networkF 2P to generate 2D predictionated with multi-modal data.

with the help of VFMs priorsX P is

derived from the LiDAR sensor via per-

spective projection. Afterward, we employ cross-modal learning on the source/target predictions via

auxiliary classi erHx . In summary, we place layer-wise learnable blocks to take full advantage of
semantic understanding of diverse levels and modalities, which inherits potential target information
of VFMs into the current training model. Our method is parameter-ef cient and could be directly
deployed to various pre-trained transformer-based architectures without modifying the basic units.

VFM-based Encoder. Since the feature extraction of VFMs still lacks task-speci ¢ information,
freezing parameters may lose some domain-agnostic contextual semantic information from source-
domain data or ne-tuning parameters may alter some pre-existing target representation from large-
scale pre-trained data. To provide a remedy, we reconsider the role of pre-trained models, balancing
the capture of contextual information and the over tting issue of source-domain data. As illustrated in
Fig. 2, we introduce &earnable-parameter-inspired Mechaniswhich provides a set of continuous
embeddingj.e., 3D-to-2D transitional prompts and tunable deep queries. The former not only
learns spatial distance perception prompts from point clouds but also learns invariance to sample
perturbations. The latter ensures that the feature distributi&h wfill not be modi ed drastically,

thus making better use of the pre-trained knowledge from VFMs. Only these prompts and queries are
updated during ne-tuning, while parameters of other layersf the ViT encoder are kept frozen.

Depending on the number of ViT layers involved, our VFM-based encoder is designed to learn
alternately between two lightweight moduldgodal Transitional Promptindg® G, ( ; ) andLearnable

Spatial TunabilityT B, (). The former depends on the transitional guidance from 3D-to-2D unnatural
images, which exists in the prompt space before being fed into layavhile the latter depends

on the customized context length of vectors, which exists in the query space for seeking matched
prompting after encoding in layér . With deliberate design, the newer task-speci ¢ ViT encoder
can be decomposed into:

Ei=LI(E 1)+ (Li(Ey 1)); 1=1;2:u5L; (4)



Figure 2: The architecture of VFM-based Encoder. We explore two layer-wise learnable blocks:
(a) Modal Transitional Prompting and (b) Learnable Spatial Tunability. During training, only the
parameters of two modules are updated while the whole ViT encoder layer is frozen.

Ei 1[15:]= Er 1[15:0+ PG(X ;X ), ©)
whereE| is the nal re ned patch embedding output from our proposed VFM-based encoder.
According to the DG or DA taskX?® 2 R" W 3 means source or target image a8 2
RH W 1'means source or target sparse depth. Note that as Eq. (5) shows, the prompt output from
P G, is aligned to the patch embedding without contactiRg .

Modal Transitional Prompting.  Previous methodsl, 20] have proved that visual prompt-tuning
brings exibility to the pre-trained VFMs for downstream tasks. However, their prompts like pixel-
level perturbations or learnable vectors are black boxes with limited learning capacity, which cannot
reliably explore convincing knowledge bene cial for cross-domain 3D semantic segmentation. Lee
et al. [26] have proved that source data internally know much more about the world and how the
scene is formed, called Privileged Information. Therefé€, is designed to capture 3D-to-2D
transitional prior and task-shared knowledge of this information from the prompt space, which might
be useful for cross-domain learning.

To achieve this goal, following Eq. (1), a patch embed module borrowed from the plain VIiT is
re-initialized and applied to obtain a sequence of attened patch embedaffyE S 2 RM D
Particularly, sparse depthP®P as a point cloud representation via perspective projection, presents
an unnatural image. From the view of modal characteristics, it is easy to access and contains the prior
spatial distance information that is lacking in 2D representation. From the view of deep encoding, it
focuses on the scope of scenes at different receptive elds, tightly coupled with semantic information,
so that their corresponding features have different contents when constructed. NXt@%hamnly

has the 1-channel to show the depth value in camera coordinates, we repeat the depth channel to
make it equal to the number of RGB channels. In addition, considering that low-frequency bands of
the amplitude spectrum tend to capture style information (or low-level statisiigisW|e provide a

simple way to perturb the amplitude spectra of the source image to ensure that the VFM is exposed
to more variations in low-frequency components during training. The perturbed images can be
obtained by using a low-frequency lter, and then Eq. (1) is also employed to generate corresponding
attened patch embedding{™ 2 RM D . After that, to effectively integrate prompt-tuning to
visual embedding output from each frozen layer, we exibly build a lightweight layer that contains
exclusive MLP () for adapting-th encoder layer and shared MLP ) across whole ViT. This
implementation is written as:

EF®=( (EZ] E§ | Eg)); (6)

whereEP¢ 2 RM D s the 3D-to-2D transitional prompt output frofG,. MLP is built with
a two-layer bottleneck structure (Linear-GELU-Linear) with the hidden layer reducing the input
dimension by 3.



Learnable Spatial Tunability. To progressively improve feature generalization via 3D-to-2D
transitional prompt, inspired bya], 44], T B, is introduced to bridge the discrepancy between the
pre-training dataset and the target scene. To achieve this goal, aftethttayer, T B, starts with a

set of learnable toker®, 2 RK P, whereK is the length of the token and each token is initialized
randomly. Considering the essential need in 3D semantic segmentation to discern multiple instances
within a framed scend, B, exploits an attention mechanism, which enables VFMs to seek matched
prompting to the features of distinct instances, thereby assisting VFMs in adapting to the differences
between pre-training and cross-domain data. Concreldy,adopts a dot-product operation to
generate the af nity matrix;, which captures the associations between prompted patch embedding
L/(E, 1) and learnable toker3,. Then, aSoftMaxfunction is applied to align each patch with a
unique instance. This implementation is written as:

3 = softmax (21E l)élﬁ:; 1 00y g 2R K, (7)
O =0Oia  Op; (8)

whereOp, 2 RK Pm andOy, 2 RP» P are constructed as low-rank matricds][ reducing

the trainable parameters by learning pairs of rank-decomposition matrices. Note that the low-rank
dimensionD,, D (D =32 inour case). Besides, we further process the embeddings through a
down-projection layer with parametéféio,, 2 RK P followed by an up-projection layer with
parameter§V,, 2 RP» D which is then element-wise added via the residual connection. After
that, to enhance the exibility in feature adjustmenB; employs several layers to produce:

EF® = 2Li(Bi O[5+ Wo  Wawn  Li(ET DIL5D+ 3 2(O)); )

whereE"® 2 RM D s the tunable deep query output fron®;, 1() and () are linear layers.

3.3 Cross-modal Learning

The point-wise supervised segmentation loss of the source domain is formulated as follows:

1 X 3D;S
Lseg = ¢ Yoo 100PGcy: (10)

n=1 c=1

where main predictio® is eitherP?®S or P??'S | N andC being the number of points of the
source point cloud and the number of classes, respectively.

The goal of unsupervised learning across modalities is two-fold. Firstly, we want to transfer knowl-
edge from 2D modality to 3D modality on the source-domain and target-domain dataset. Secondly,
we devise mutual learning on the output level, where the task is to transfer the pre-existing target
information of VFMs to a 3D model. Same to xMUDAY|, we choose the Kullback-Leibler
divergenceD ( jj ) for the cross-modal lodsyy and de ne it as follows:

L)?M - DKL (PZD;S ” P3D;S 7'2D;S ) + DKL (P3D;S JJ PZD;S 7! 3D;S )’ (11)
LIM — DKL (PZD;T ” P3D;T 7' 2D;T )+ DKL (P3D;T JJ PZD;T 7'3D;T )' (12)

whereP?PS andP®P*S s to be estimated by mimicking predictioR3® " 20'S gndp?PiS 7 3DiS
from the respective auxiliary classi etd2® andHZ2P . The same goes for target predictions.
Ultimately, the overall loss functiohpg of DG3SS and.ps of DA3SS are de ned as:

Lpe = Lseg + SLEM , (13)
Loa = Lseg+ sliaw + tLyw s (14)

where s and 1 are the weights trading off cross-modal loss on source and target domain inputs.

4 Experiments

4.1 Datasets

For evaluation, we use four public autonomous driving benchmarks, including three real datasets:
nuScenefd], SemanticKITT[3], A2D2[12] and one synthetic dataséfirtualKITTI [11]. For all



Table 1: Performance comparison of multi-modal domain adaptive and domain generalized 3D
semantic segmentation methods in four typical scenarios. We report the mloU resultbestith
and2nd beston the target testing set for each network as well as the ensemble resL xM ) by
averaging the predicted probabilities from the 2D and 3D networks.

S:Source / T:Target nuScenes:USA/Sing. nuScenes:Day/Night  vKITTI/sKITTI A2D2/sKITTI
Task Method 2D 3D xM 2D 3D xM 2D 3D xM 2D 3D xM
Source-only 58.4 62.& 68.2 47.8 68.8 63.3 26.8 42.0 422 342 359 404
logCORAL [33] 64.4 63.2 69.4 47.7 687 63.7 414 36.8 47.0 351 41.0 422
MinEnt [43] 57.6 615 66.0 47.1 688 63.6 39.2 433 47.1 378 39.6 42.6
BDL [29] 62.0 648 704 47.0 69.6 63.0 215 443 356 34.7 417 452
xMUDA [19] 644 632 694 555 69.2 674 421 46.7 482 38.3 46.0 44.0
AUDA [30] 640 64.0 69.2 556 69.8 64.8 358 37.8 41.3 43.0 43.6 46.8
DA DsCML [35] 65.6 56.2 66.1 509 493 532 384 384 455 39.6 451 445
Dual-Cross [28] 64.7 58.1 66.5 585 69.7 68.0 40.7 35.1 442 459 40.0 48.6
SSE [58] 649 639 69.2 628 69.0 689 459 40.0 496 445 46.8 484
BFtD [45] 63.7 62.2 694 57.1 704 683 415 455 515 405 444 48.7

MM2D3D [6] 717 668 724 705 702 721 534 503 565 423 46.1 46.2
VFMSeg [51] 70.0 656 723 60.6 705 66.5 57.2 520 61.0 45.0 52.3 50.0
UniDSeg 67.2 676 729 632 712 712 605 509 620 50.7 554 575

xMUDA [19] 58.7 623 68.6 43.0 689 59.6 257 374 39.0 349 36.7 41.6
DG MM2D3D [6] 69.7 623 709 653 632 68.3 37.7 40.2 442 396 359 43.6

UniDSeg 665 645 723 57.0 705 70.0 57.6 447 60.0 488 46.3 54.4

real datasets, LiDAR sensor and RGB cameras are synchronized and calibrated, allowing 2D-to-3D
projection, and for the synthetic dataséittualKITTI provides depth maps so we simulate LiDAR
scanning via uniform point sampling. Following DA3SS settintig,[we exclusively utilize the front
camera image and the corresponding LiDAR points that are projected onto it.

Our experimental scenarios cover typical real-to-real single domain adaptation and generalization chal-
lenges like lighting changes(ScenesDay/Night), scene layout of countryn(iScenesUSASing;
nuScenesSing/USA), and sensor setupsZD2sKITTI; A2D2nuScends Note that, the source

and target classes are coincident. For the rst three scenarios, we choose 6 merged classes while
for the last two scenarios, we select 10 and 8 shared classes between two datasets. In addition, the
synthetic-to-real domain adaptation and generalization challenges are also considEFgtgKITTI,
simulated depth, and RGB to real LIDAR and camera, with 6 merged classes). Details of the class
partition are provided in supplementary materials.

4.2 Implementation Details

For the 2D backbone, we use the visual encoders of CR&#Pdnd SAM [23], a large-scale pre-
training model. Our selection of Vision Transformé&f] includes ViT-Base (ViT-B) and ViT-Large

(ViT-L) architectures. Then, we utilize the MMSegmentati@hdodebase for the decoder head,
SemanticFPNZ2], a widely-used segmentation head, is integrated with the visual encoder that serves
as the 2D backbone. Meanwhile, depth information is a 3D attribute derived from LiDAR sensors,
without the need to introduce additional datasets, thus ensuring fairness under equal experimental
conditions. For the 3D backbone, we employ SparseConvgtith a U-Net architecture in Sparse
Convolution Library P]. The voxel size is set to 5cm in the 3D network. This voxel size ensures that
each voxel contains only one 3D point, maintaining a level of granularity suitable for the task.

Our model is trained on “nuScenes:Day/Night”, “A2D2/sKITTI”, and “A2D2/nuScenes” for 100k
iterations. We utilize an iteration-based learning schedule where the initial learning rate is set to 1e-3
except for the 2D encoder which is 1e-4, and then it is divided by 10 at 80k and 90k iterations. For
“nuScenes:USA/Sing.” and “nuScenes:Sing./USA’, the training is performed for 60k iterations, and
the learning rate is divided by 10 at the 40k and 50k iterations. For vKITTI/sKITTI, the training is
performed for 30k iterations, and the learning rate is divided by 10 at the 25k and 28k iterations. The
batch size is set to 8. As regards the hyper-parameters, follod#ig [s and 1 in cross-modal loss

are setto 1.0 and 0.1 on “nuScenes:Day/Night”, “nuScenes:USA/Sing.”, and “nuScenes:Sing./USA’,
0.1 and 0.01 on “vKITTI/sKITTI", “A2D2/sKITTI”, and "A2D2/nuScenes” respectively, without
performing any ne-tuning on these values. All experiments are conducted on NVIDIA RTX 3090.



Figure 3: Qualitative results of DG3SS. We showcase the ensembling result of four scenarios.

4.3 Quantitative and Qualitative Comparison

We compare the proposed method with three classic 2D domain adaptive methods, which can be
easily extended to multi-modal conditions. Moreover, eight multi-modal DA3SS and two multi-modal
DG3SS are discussed. As shown in Tab. 1, we tabulate the comparison results in mean Intersection
over Union (mloU, %) on the target testing data. Note that not all datasets provide image labels.
Thus the quantitative evaluation of 2D semantic segmentation depends on the 3D-2D corresponding
point-wise prediction. Overall, our method achieves the best performance on all scenarios against
the competitorsy:r:it: ensemble result “xM”, except for DA3SS on “nuScenes:Day/Night” gets the
second best. As shown in Fig. 3, we visualize the DG3SS results of four settings. By the merit of the
visual foundation models, our method can segment detailed objects very well. From top to bottom,
the focused areas are the sidewalk near the drivable surface, the trunk of a tree, the pro le of the road,
and most importantly, bicycles safely riding on the road.

Comparison of DG3SS. In terms of DG task, compared with baseline (xMUDA) and MM2D3D,

our method still achieves remarkable results, exhibiting 3.7%/1.4%, 10.4%/1.7%, 21.0%/15.8%,
and 12.8%/10.8% mloU improvement. It is worth noting that our method, without exposure to
any target-domain data, shows performance that is close to or even surpasses that of most DA3SS
methods €.g, the result of Ours-DG is comparable to VFMSeg on “nuScenes:USA/Sing.”). All
results demonstrate that utilizing the powerful open-vocabulary recognition capability of VFMs is
bene cial for addressing generalization problems in domains with signi cant discrepancies.

Comparison of DA3SS. The source-only model is the lower bound, which is not domain adaptive
as it is only trained on the source-domain data. It is observed that our method brings a signi cant
adaptation effect on all scenarios compared to the source-only model, with the gain®%o¥ 496,

19.8%, and 17.% in mloU, respectively. Compared with baseline (xXMUDA) for all DA competitors,
our method exceeds it by large margins with gains 0#43.8.8%, 13.8%6, and 13.56 in mloU.
Particularly, on the “A2D2/sKITTI” scenario, our method typically yields a higher score compared to
the best “xM” in VFMSeg (57.5% vs. 50.0%).

4.4 Ablation Study

Evaluation of Different VFMs Training Strategies. Our analysis of various training strategies
for VFMs in six experimental scenarios within and across datasets can be found in Tab. 2. Note



Table 2: Ablation study on VFM-based encoder with different training strategies for DG3SS. This
setup is based on the same LiDAR-Camera con guration but different environments (top-3 scenarios),
and different LIDAR-Camera con gurations (bottom-3 scenarios). Of note, “Params” denote trainable
parameters in the encoder.

S:Source / T:Target nuScenes:USA/Sing. nuScenes:Day/Night nuScenes:Sing./USA
Strategy  Visual Backbone Params 2D 3D xM 2D 3D xM 2D 3D xM
Finetune 86.9M 624 641 69.6 533 70.7 688 657 67.9 729
Frozen CLIP:VIiT-B 0.OM 59.7 64t 69.7 468 710 698 583 679 712
Ours 182M 638 647 715 559 707 70.0 682 680 74.0
Finetune 305M 655 645 704 549 707 67.3 699 678 745
Frozen CLIP:VIT-L 0.0M 604 64z 701 502 705 695 622 67.8 733
Ours 470M 665 645 723 57.0 705 70.0 70.6 680 75.1

S:Source / T:Target VKITTI/sKITTI A2D2/sKITTI A2D2/nuScenes
Strategy  Visual Backbone Params 2D 3D xM 2D 3D xM 2D 3D xM
Finetune 86.9M 549 415 558 43.0 438 515 554 501 60.2
Frozen CLIP:VIT-B 0.0M 49.1 42.C 544 353 438 487 512 494 581
Ours 1.82M 55.6 436 58.0 432 446 520 56.3 503 610
Finetune 305M 57.4 435 587 469 443 53.0 57.2 508 61.3
Frozen CLIP:VIT-L 0.0M 540 42¢ 584 418 444 514 537 50.0 59.6
Ours 470M 57.6 44.7 60.0 48.8 46.3 544 580 50.7 619

Table 3: Ablation study on the effectiveness of signi -
cant components in UniDSeg with the ViT-B backbone
for DG3SS task.

nuScenes:Sing./USA A2D2/sKITTI
2D 3D xM 2D 3D xM
FrozenVFM 583 679 712 353 438 487

X 63.9 678 725 404 440 505
X 65.7 678 733 418 442 511
X X 68.2 68.0 740 432 446 520

MTP LST

Figure 4: Effect of the learnable token length.

that due to the xed and relatively small number of trainable parameters in the decode head, the
count of trainable parameters presented in the tables is focused solely on the visual architecture. In
this setup, we separately select CLIP:ViT-B and CLIP:ViT-L backbone with ne-tuning, freezing,
and our proposed Learnable-parameter-inspired Mechanism for analysis. The results indicate that
frozen VFMs outperform previous DA3SS methods without specialized design. In addition to
“nuScenes:Day/Night”, VFMs with full parameter ne-tuning exhibit enhanced performance relative

to their frozen counterparts because the 3D modality is less sensitive to light, thus dominating
in ensemble prediction direction. Remarkably, our method achieves even superior generalization
capabilities, surpassing the full parameter ne-tuning ®5/% mloU with merely 2% trainable
parameters compared to the original backbone. This ablation experiment demonstrates that our
method can inherit the pre-existing target awareness from the VFMs to the maximum extent.

Evaluation of Different Components. As shown in Tab. 3, we train four models on two scenarios

for DG3SS, including (1) Frozen parameter of ViT backbone; (2) only performing MTP in the frozen
ViT by using prompt tuning, leading to a signi cant mloU boost (1.3% and 1.8%). This highlights
the robustness of the 3D-to-2D transitional prompts in cross-domain learning; (3) only performing
LST in the frozen VIT by customizing a learnable token, demonstrating that learnable tokens can
encourage the model to learn domain-invariant representations (increasing 2.1% and 2.4% mioU); (4)
combining two proposed components to reach peak value.

Evaluation of Learnable Token Length. We illustrate the impact of learnable token length
on the overall 2D performance of UniDSeg with the ViT-B backbone for DG3SS. As shown in
Fig. 4, the results demonstrate a consistent upward trend. WHhsrset to 100, the relatively small



Table 4: Effect of using Segmentable 5: Effect of applyin

Anything Model (SAM) as thedifferent training strategi STable 6: Effect of using different 3D

€Backbones on the DA3SS methods.

2D backbone. to the SAM-based model. USAS
- - ing.

3D Backbone DA3SS___ 7" "9

Task 2D Backbonew Task Strategym 2D 3D xM
2D 3D xM 2D 3D M MUDA 64.4 63.2 69.4
g CLIPVIT-L 665 645 723 - Finetune 65.9 643 70.8 SparseC0nvNetfjniDSeg 672 67.6 72.9
SAM:VIT-L  66.8 64.7 72.6 Ours 66.8 64.7 726 VUDA 659 640 697
pa CLIP:VITL 67.2 67.6 729 . Finetune 665 67.9 71.4 MinkowskiNet fjniDSeg 675 68.6 73.1
SAM:VIT-L  67.8 68.8 73.3 Ours 67.8 68.8 733 - - i

training parameters and high performance make it the preferred choice for subsequent experiments.
Meanwhile, this observation suggests that the model bene ts from incorporating visual information
from multiple layers, enabling it to capture more nuanced and discriminative features.

Evaluation of Different 2D and 3D Backbones. The motivation of this work is to study a
universal framework based on VFMs to enhance the generalizability and adaptability of cross-domain
3D semantic segmentation, demonstrating the effectiveness of the visual foundation model priors.
However, CLIP is not designed for common surveillance-relevant tasks like semantic segmentation.
Hereby, we dedicate ourselves to verifying its effectiveness on VFMs designed for segmentation
tasks such as SAMPR]. Firstly, in Tab. 4, we evaluate the effect of SAM as the 2D backbone. It is
observed that SAM-based UniDSeg exhibits better performance on “USA/Sing” scenario, with a “xM”
gain of 0.3% on DG and 0.4% on DA. Then, in Tab. 5, we evaluate the effect of applying different
training strategies to the SAM-based model. It is observed that our Learnable-parameter-inspired
Mechanism for tuning the SAM-based encoder can achieve 1.8% and 1.9% “xM” gain compared to
ne-tuning strategy. In addition, we evaluate UniDSeg on another 3D backhendlinkowskiNet,

making it more convincing as a “universal” framework for cross-domain 3D semantic segmentation.

Table 7: The parameters and computational costs of CLIP-based and SAM-based 2D backbones.
“Cost” means the percentage of trainable parameters in MTP and LST compared to ne-tuning the
whole encoder consumed.

2D Backbone| Full Params  Trainable Paranjs Cost MTP LST

CLIP:ViT-B 86.9M 1.82M 2.09% 0.48M 1.34M
CLIP:ViT-L 305M 4.70M 1.54% 1.78M 2.92M
SAM:VIT-L 307M 4.34M 1.41% 1.42M 2.92M

Evaluation of Computation Cost. In Tab. 7, we have reported model parameters of CLIP: ViT-B,
CLIP: VIiT-L, and SAM: ViT-L for the VFM-based encoder along with all trainable parameters. Note
that, the entire VIiT backbone in our VFM-based encoder is frozen during downstream training for
DA3SS and DG3SS. Only two layer-wise learnable blocks, MTP and LST, are trainable. It is obvious
that our method requires only 1-2% parameters optimization to exceed the ne-tuning results.

5 Conclusion

In this work, we delve into a universal method that can enhance the adaptability and generalizability of
cross-domain 3D semantic segmentation, dubbed UniDSeg. For this purpose, we introduce a learnable-
parameter-inspired mechanism to the off-the-shelf VFMs with frozen parameters, which maximally
preserves pre-existing target awareness in VFMs, further enhancing the generalizability of VFMs.
Our method achieves state-of-the-art performance in both DA3SS and DG3SS, as demonstrated
by extensive experiments on different scenarios. We believe that our work will inspire a deeper
investigation of cross-domain 3D semantic segmentation in autonomous driving.

Acknowledgments. This work was supported by the National Natural Science Foundation of
China under Grant N0.62176224, N0.62306165; Natural Science Foundation of Chongging under
No0.CSTB2023NSCQ-JQX0007; China Computer Federation (CCF) Lenovo Blue Ocean Research
Fund; China Academy of Railway Sciences N0.2023YJ357.
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A Appendix / supplemental material

This section starts with more information on UniDSeg, including dataset split, extensible tasks, more
ablation studies, and additional visualization results.

A.1 Dataset Split of Cross-domain Learning
To compose our domain adaptive and generalized scenarios, follob8hge exploit public datasets,

including nuScened], VirtualKITTI [ 11], SemanticKITTI B], and A2D2 [L2]. The split details are
tabulated in Tab. 8.

Table 8: Size of the splits in frames for all proposed cross-domain learning scenarios.

Source Target

Scenarios : -
Train  Train Val/Test

Categories

Vehicle: [bicycle, bus, car, construction_vehicle, motorcycle, trailer, truck];

nuScenes:USA/Sing. 15695 9665  2770/292 Driveable Surface Sidewalk; Terrain; Manmade; Vegetation

9665 15695 -/3090

nuScenes:Day/Nighi 24745 2779 606/602

nuScenes:Sing./US,

VKITTI: Car; Truck ; Road; Object: [traf c sign, traf c light, pole, misc];
Building; Vegetation [terrain, tree, vegetation]

sKITTI: Car; Truck; Road; Object: [fence, pole, traf c-sign, other-object];
Building; Vegetation [vegetation, trunk, terrain]

A2D2: Car; Truck; Bike: [bicycle, small vehicle]Person Road; Parking;
Sidewalk [sidewalk, curbstoneObject; Building; Vegetation
sKITTI: Car; Truck; Bike: [bicycle, motorcycle, bicyclist, motorcyclistPerson Road;
Parking; Sidewalk; Object; Building; Vegetation [terrain, trunk, vegetation]

A2D2: Car; Truck; Bike: [bicycle, small vehicle]Person Road,
Sidewalk [sidewalk, curbstoneBuilding ; Vegetation
nuScenesCar; Truck ; Bike: [bicycle, motorcycle]Person Road: [driveable_surface];
Sidewalk; Building: [manmade]Vegetation [terrain, vegetation]

VKITTI/sKITTI 2126 18029 1101/407+

A2D2/sKITTI 27695 18029 1101/4071

A2D2/nuScenes | 27695 25330 2800/6019

nuScenes. It contains 1,000 scenes, each of 20 seconds, corresponding to 40k annotated keyframes
taken at 2Hz. The original scenes are split into 28,130 training frames and 6,019 validation frames.
Each frame contains a 32-beam LiDAR point cloud with point-wise annotations and six RGB images
captured by six cameras from different views of LiDAR. For nuScenes:Day/Night, we choose 602
night scenes for testing data, while for nuScenes:USA/Sing. and nuScenes:Sing./USA, we choose
2,929 Singapore and 3,090 USA scenes for testing data, respectively. Both of them merge the objects
into 6 categoriesVehicle, Driveable Surface Sidewalk, Terrain, Manmade, andVegetation

VirtualKITTI. It consists of 5 driving scenes which are created with the Unity game engine by
real-to-virtual cloning of the scenes 1, 2, 6, 18, and 20 of the real KITTI dataset. Different from real
KITTI, VirtualKITTI does not simulate LiDAR, but rather provides a dense depth map, alongside
semantic, instance, and ow ground truth. Each of the 5 scenes contains between 233 and 837 frames,
i.e, in total 2126 for the 5 scenes. Each frame is rendered with 6 different weather/lighting variants
(clone, morning, sunset, overcast, fog, rain) which we use all.

SemanticKITTI. Itis a large-scale dataset based on the KITTI Odometry Benchmark captured in
Germany. The original scenes are split into 19,130 training scans and 4,071 validation scans. Unlike
nuScenes, SemanticKITTI only provides the front-view images and a 64-layer front LIDAR. 19
categories are used for segmentation.

A2D2. It consists of 20 drives, which corresponds to 28,637 frames. The point cloud comes from
three 16-layer front LiDARS (center, left, and right), where the left and right LiDARSs are inclined.
By projecting 3D point clouds onto 2D images, corresponding 2D semantic labels are regarded as 3D
point-wise labels, which contain 38 categories.

Note that, we select 6 merged categories between the VirtualKITTl and SemanticKITT]I, including
Car, Truck, Road, Object, Building, andVegetation Between A2D2 and nuScenes, we select 8
merged categories, includir@ar, Truck, Bike, Person Road, Sidewalk, Building, andVegetation
Between A2D2 and SemanticKITTI, 2 additional merged categories are considered, whilhjeot
andParking.
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Figure 5: Qualitative results of our method on the validation set of SemanticKITTI. The misclassi -
cation points are signed in red.

A.2 Fully-supervised 3D Semantic Segmentation

The proposed method can also work reliably in handling fully-supervised large-scale 3D semantic
segmentation. As shown in Tab. 9, we simply compare the results of some typical uni-modal and multi-
modal methods, including MinkowskiNet];, SPVCNN (2], Cylinder3D [62], and 2DPASS %2,

on the publicly availabl&emanticKITTMalidation set. According to the of cial setting in 00-10
sequences, sequence 08 is the validation set, while the remaining sequences are the training set.

In this experimental setup, we make some slight modi cations to the training strategy. Considering
that fully-supervised learning assumes the training and validation/testing sets are independent identi-
cally distribution, without involving domain shift problems in cross-domain learning., @void

over tting the source-domain data distribution). Therefore, when training our model, we replace
the 2D backbone in 2DPASS with our VFMs backbone and ne-tune its parameters in the same
way. Moreover, we reduce the learning rate of the 2D backboire 00 :024 while keeping the
learning rates of the other modules= 0:24 and the number of training epochp = 64 unchanged

to ensure the fairness of the experiment. Similar to 2DPASS, we tabulate the validation results with
and without Test-Time Augmentation (TTA) and set the number of views to 12 as the default. Some
visualization results are shown in Fig. 5. 2DPASS has a higher error recognizing small objects and
region boundaries, while our method recognizes small objects better thanks to the knowledge prior of
visual foundation models.

A.3 Source-Free Domain Adaptive 3D Semantic Segmentation

Source-free domain adaptation (SFDA) seeks to learn models whererttdercan trade only the

source model and thdient can perform target adaptation without accessing source-domain data.
Drawing inspiration from Jogended al.[25], SFDA enables partition into two tasks: (a) source-only
domain generalization and (b) source-free target adaptation. Hereby, towards the former, we utilize
UniDSeg to achieve models with generalization capability. Towards the latter, we utilize target
3D pseudo-labels (PL) obtained from the source model for self-training. When selecting PL from
the target-domain data, we consider the ensemble result “xM” as the fusion PL to supervise both
the 2D and 3D branches. As shown in Tab. 10, we adopt conventional consistency learning and
pseudo-label self-training to address the source-free domain adaptive 3D semantic segmentation
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Table 9: Fully-supervised 3D semantic segmentation results dadmanticKITThalidation set. We
report per-class loU.y" denotes the reproduced result referring to the of cial codebase. “w/ TTA’
means using test-time augmentation in the inference stage.

2 g 5 = c
3] 3] o <] <
@ 3 c 2 ¢ 2§52 0§ c S
o S x o O £ I 5 ~x £ o
- > 5 © 0w 2 > 5 8 = v 2 = e > < g o < |o
Method § 8 € 2 2 8 8 € ¢ § 88 2 & ¢ 2 g 8 E[E
MinkowskiNet [7] - - - - - - - - - - - - - - - - - - - 611
SPVCNN [42] - - - - ... . ... o . . . - - . . |e38
CylinderaD [62] e )
2DPASS [52] 95.3 47.1 73.7 81.8 56.0 73.5 87.6 2.1 92.4 452 78.6 1.0 90.8 61.8 88.4 69.5 75.5 58/5451.8
2DPASS [52]w/ TTA|96.6 52.2 77.9 91.1 68.2 77.9 92.0 0.2 94.0 50.6 81.4 1.2 91.8 66.3 89.6 72.0 77.3 63|6853.5
Ours 96.2 47.2 70.1 84.3 64.5 74.1 89.5 2.1 92.6 46.6 79.1 3.2 90.9 62.8 88.3 69.9 75.1 58|6552¢L9
Oursw/ TTA 97.0 52.3 73.4 92.6 71.1 78.3 92.3 0.0 94.1 51.3 81.8 3.3 92.1 67.4 89.5 72.0 77.0 63|88FHH.4

Table 10: Performance comparison of SFDA3SS methods in three typical scengridasnottes the
reproduced result referring to the of cial codebase, as the different category splits applied in the same
adaptation scenario.

S:Source / T:Target nuScenes:USA/Sing. nuScenes:Day/Night A2D2/sKITTI
Task Method Source-free 2D 3D xM 2D 3D xM 2D 3D xM
Baseline X 584 628 68.2 47.8 688 633 342 359 404
Consistency X 58.7 63.2 68.1 504 66.8 63.6 37.1 365 41.8
DA Pseudo-Label X 589 62.7 685 483 69.0 632 37.6 36.6 415
SUMMITY [41] X 61.6 66.2 684 538 689 682 429 43.7 46.8
UniDSeg 67.2 676 729 632 712 712 50.7 554 575
UniDSeg X 69.3 717 735 626 70.7 687 49.6 59.1 58.6

(SFDAS3SS). Moreover, we compare UniDSeg under the source-free condition with the pioneering
method SUMMIT B1]. Experimental results demonstrate that our method achieves superior perfor-
mance, remarkably on “USA/Sing.” and “A2D2/sKITTI”. Note that we do not adopt any source-free
adaptive learning methods, but only extend the DG3SS model to SFDA3SS tasks, to prove that a
good generalization model is conducive to the execution of SFDA3SS. We have reason to believe that
well-designed source-free adaptive learning can bring even more performance improvements.

A.4  Re-training DA3SS with Pseudo-Label

In general, cross-modal learning and self-training with pseudo-labels are complementary in their
combination. As shown in Tab. 11, when re-train the DA3SS model with PL, our method still achieves
competitive performance. Similar to SFDA3SS, when selecting PL from the target-domain data, we
consider the ensemble result “xM” as the fusion PL to supervise both the 2D and 3D branches.

Limitation. Nevertheless, compared to other methods that achieve performance improvements of
1 2% mloU in 2D prediction with the help of target PL, our method only improves via the 3D pseudo
supervision of the target domain, with almost no impact on the 2D prediction. We speculate that
the proposed learnable-parameter-inspired mechanism is more effective in unleashing the potential
of VFMs, providing more pre-existing target information. With the increase in reliable target label
information, the limited learnable parameters cannot bear more contextual information, which hinders
the “1+1=2" effect. This is the problem that our uni ed cross-domain 3D semantic segmentation
model needs to be improved in the future.

A.5 Evaluation on the Roles of Sparse Depth

MM2D3D [6] provides an effective approach to solving the DA3SS task by utilizing depth as an
auxiliary input. By adding a parallel reinitialized encoder to the 2D backbone to process the sparse
depth obtained from the point cloud. Therefore, we consider analyzing whether the sparse depth needs
to be deeply encoded or employed as a prompt. As shown in Fig. 6, we illustrate the architecture of
two learning manners: (&)epth Deep Encodingnd (b)Depth as Point-level Prompts
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Table 11: Performance comparison of multi-modal domain adaptive 3D semantic segmentation
methods with pseudo-labelg’ ") re-training on four typical scenarios.

S:Source / T:Target nuScenes:USA/Sing. nuScenes:Day/Night  vKITTI/sKITTI A2D2/sKITTI
Task Method 2D 3D xM 2D 3D xM 2b 3D xM 2D 3D xM
XMUDAp [19] 67.0 654 712 576 69.6 644 458 514 520 412 49.8 475
AUDApR [30] 659 653 70.6 543 69.6 61.1 359 455 459 46.8 48.1 50.6

DsCMLp [35] 656 575 66.9 514 498 538 396 418 422 468 51.8 524
DA Dual-Cross, [28] 66.5 59.8 68.8 59.1 69.8 68.2 43.1 394 476 449 528 523

SSEk [58] 669 644 70.6 59.1 67.0 66.3 47.2 535 552 459 515 525
BFtDp [45] 659 660 713 606 70.0 66.6 486 554 575 426 53.7 52.7
MM2D3Dp [6] 743 683 749 713 69.6 722 554 550 59.7 46.4 48.7 50.7
UniDSeg 674 700 73.0 645 719 71.7 605 527 62.7 504 57.3 58.6

For (a), similar to MM2D3D, we replace the 2D backbones with two ViT-B models. The sparse depth

is fed into the ViT-B that trains from scratch, while the image is fed into the ViT-B pre-trained on
large-scale datasets. After that, we can obtain encoded output by concatenating two representations.
For (b), that is the simple architecture of only sparse depth as prompt for ne-tuning. Tab. 12 shows
the comparison results of the aforementioned learning manners. Compared to (a), (b) not only requires
0.6% ne-tuning parameters of the 2D backbone but also achieves superior segmentation performance,
making it exible to expand to various 3D semantic segmentation tasks with multi-modal learning.

Figure 6: Role of Depth with brief diagram.

Table 12: Performance comparison of two sparse depth learning roles for DG3SS.
nuScenes:Sing./USA
2D 3D xM

Deep Encoding 86.9M 66.1 67.7 73.0
Point-level Prompts 0.48M 67.8 679 73.8

Role of Depth Params

A.6 Additional Visualization Results

In this part, we demonstrate more qualitative results of our proposed UniDSeg to illustrate the
effectiveness of our DA3SS framework. The corresponding qualitative results from 2D and 3D
predictions will also be provided (See Figs 7, 8, 9, and 10). Note that the prediction differences are
signed in the red rectangle.
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Figure 7: Additional qualitative results ouScenes:Day/Nigtscenario for DA3SS.
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Figure 8: Additional qualitative results ouScenes:USA/Singcenario for DA3SS.
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Figure 9: Additional qualitative results oKITTI/sKITTIscenario for DA3SS.

Figure 10: Additional qualitative results 82D2/sKITTIscenario for DA3SS.
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