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Abstract

LiDAR-based 3D object detection models often struggle to
generalize to real-world environments due to limited object
diversity in existing datasets. To tackle it, we introduce the
first generalized cross-domain few-shot (GCFS) task in 3D
object detection, aiming to adapt a source-pretrained model
to both common and novel classes in a new domain with
only few-shot annotations. We propose a unified framework
that learns stable target semantics under limited supervision
by bridging 2D open-set semantics with 3D spatial reason-
ing. Specifically, an image-guided multi-modal fusion injects
transferable 2D semantic cues into the 3D pipeline via vision-
language models, while a physically-aware box search en-
hances 2D-to-3D alignment via LiDAR priors. To capture
class-specific semantics from sparse data, we further intro-
duce contrastive-enhanced prototype learning, which encodes
few-shot instances into discriminative semantic anchors and
stabilizes representation learning. Extensive experiments on
GCFS benchmarks demonstrate the effectiveness and gener-
ality of our approach in realistic deployment settings.

Code — https://github.com/Castiel-Lee/GCFS-3Det

1 Introduction

LiDAR-based 3D object detection (Zhang et al. 2025c;
Baur, Moosmann, and Geiger 2024; Mao et al. 2023) has
significantly advanced autonomous driving by leveraging
annotated datasets collected across diverse global loca-
tions (Geiger, Lenz, and Urtasun 2012; Caesar et al. 2020;
Sun et al. 2020; Geyer et al. 2020). However, as summa-
rized in Table 1, existing datasets primarily focus on a lim-
ited set of common object categories (such as cars, pedes-
trians, and bicycles) within selected urban areas (e.g., USA,
Singapore, and German cities). In contrast, real-world de-
ployment introduces new geographic regions and novel ob-
ject categories, such as electric scooters in Chinese cities or
tuk-tuks in Thailand. Collecting and annotating large-scale
LiDAR datasets for each new environment is both time-
consuming and resource-prohibitive, which makes it unsuit-
able for rapid adaptation. This practical limitation highlights
the need for methods that can generalize beyond the con-
straints of existing datasets: adapting to new domains and
emerging object categories with minimal supervision.
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Figure 1: GCFS in 3D object detection aims to adapt source-
pretrained models for strong performance on common and
novel classes in the target domain via limited target samples.

Despite growing interest in these challenges, existing
LiDAR-based 3D detection methods still face key limita-
tions in effectively generalizing to novel categories with
limited target-domain data. Among existing approaches,
semi-supervised learning (Wang et al. 2023) and 3D open-
vocabulary detection (OVD) (Etchegaray et al. 2024; Zhang
et al. 2025a; Cao et al. 2024) often assume the availability
of large amounts of unlabeled target data, which isn’t always
feasible in model deployment. While 3D domain adaptation
(DA) (Wang et al. 2020b; Yang et al. 2022; Hegde and Pa-
tel 2024) focuses on addressing domain shifts, it does not
explicitly account for novel object categories unseen during
training. Simply labeling novel objects as “others” is often
insufficient in safety-critical scenarios where object-specific
recognition is necessary for decision making.

To bridge the gap from dataset-based training to real-
world deployment, we tackle a new task, generalized cross-
domain few-shot (GCFS) learning, for LIDAR-based 3D ob-
ject detection. As conceptualized in Fig. 1, the GCFS task
comprehensively considers efficient adaptation to the target
domain and stable semantic learning for novel and common
categories via minimal target supervision, offering a cost-
effective solution for rapid deployment in diverse environ-
ments. Unlike existing 3D few-shot learning (FSL) (Zhao
and Qi 2022; Tang et al. 2024; Li, Zhang, and Ma 2024), or
its extension, 3D generalized few-shot learning (GFSL) (Liu
et al. 2023), which assumes the same distribution between
training and deployment environments, GCFS accommo-
dates both domain discrepancies and semantic adaptation
target under limited target supervision.

Specifically, in GCFS tasks, a 3D object detection model
is initially trained on a source dataset including common ob-



Datasets Locations Classes Categories-of-interest
KITTI (2012) Karlsruhe (Germany) 7 Car, Pedestrian, Truck, Van, Person_sitting, Cyclist, Tram
NuScenes (2020) Boston (USA), Singapore 23 Car, Pedestrian, Truck, Barrier, Construction_vehicle, etc.
Waymo (2020) 3 cities in USA 4 Vehicle(car, truck, and bus), Pedestrian, Cyclist, Sign
Argoverse 2 (2023) 6 cities in USA 30 Car, Pedestrian, Truck, Bicycle, Motorcycle, Bus, Barrel, etc.
A2D2 (2020) 50 cities in Germany 14 Car, Pedestrian, Truck, Bicycle, Bus, Utility Vehicle, etc.

Table 1: Summary of common 3D Object Detection Datasets, where the most common detection categories are underlined.

ject classes along with other possible source-specific classes.
In the target environment, which may have a domain gap
from the source data due to environmental factors, sensor
configurations, and object appearances (Yang et al. 2022;
Hegde and Patel 2024; Li, Ma, and Li 2025), we assume
the presence of additional target-specific classes (i.e., novel
classes) alongside the common classes. Given the practical
feasibility and high cost of LiDAR data collection and an-
notation, we further assume that access to annotated data in
the target environment is restricted to only a minimal amount
(e.g., few-shot samples). The GCFS task, therefore, aims to
enable the pre-trained model to adapt with minimal supervi-
sion in the target environment, ensuring strong performance
on both common and target-specific novel categories. Al-
though certain tasks in 2D object detection, such as few-shot
domain adaptation (Gao et al. 2023; Nakamura et al. 2022)
and generalized few-shot learning (Fan et al. 2021; Zhang
et al. 2023b), offer methodological insights into combining
limited data adaptation with domain gap bridging, extend-
ing these 2D solutions effectively to the 3D domain remains
challenging due to the higher-dimensional complexity and
unique spatial characteristics of 3D data.

In this work, we introduce the first effective solution to
comprehensively address the challenge of stable semantic
representation learning under minimal target supervision in
GCEFS tasks. Our key insight is that generalization across do-
mains and object categories is possible by bridging 2D open-
set semantics and 3D spatial reasoning. By aligning sparse
3D observations with rich 2D vision-language priors and
refining object understanding through prototype-based se-
mantic anchoring, models can adapt robustly to both domain
shifts and novel object classes from a few labeled examples.
To realize this, we propose a unified GCFS framework built
on two synergistic components: (1) an image-guided multi-
modal fusion module that injects transferable 2D seman-
tic cues into the 3D detection pipeline, improving proposal
quality even in sparse point clouds; and (2) a contrastive-
enhanced prototype learning mechanism that encodes few-
shot target samples into discriminative, class-specific se-
mantic anchors. Notably, we introduce a physically-aware
box search strategy to improve 2D-to-3D alignment, and
use contrastive learning to stabilize semantic prototypes un-
der limited data. Together, these components enable robust
adaptation with minimal supervision, offering a practical
and generalizable solution for real-world 3D object detec-
tion. In evaluation, we design four GCFS benchmark set-
tings and conduct extensive experiments to illustrate the ef-
fectiveness of our solution. In sum, our contributions are:
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* We formulate the generalized cross-domain few-shot
task for 3D object detection and propose the first GCFS
solution, holistically addressing domain shifts and novel
object categories under limited supervision.

* We propose a unified framework that leverages image-
guided semantic grounding and contrastive prototype re-
finement to learn transferable object-level representa-
tions from sparse 3D data. Our framework illustrates that
combining 2D vision-language priors with 3D geometry
and few-shot semantic anchoring enables robust general-
ization across diverse environments and categories.

We establish four GCFS benchmark settings and show
that our approach outperforms existing methods, provid-
ing a standardized framework for future research on 3D
detection under domain and data constraints.

2 Related Works
2.1 LiDAR-based 3D Object Detection

LiDAR-based 3D object detection (Zhang et al. 2025c;
Gambashidze et al. 2024; Mao et al. 2023) aims to locate and
classify objects of interest from input point clouds. Its mod-
els are primarily categorized into point-based, voxel-based,
and point-voxel-based methods. Point-based models (Pan
etal. 2021; Shi, Wang, and Li 2019; Shi and Rajkumar 2020)
incorporate raw points and the PointNet-based backbones
for fine-grained representation at the point level, albeit with
high computational demands. Voxel-based methods (Yan,
Mao, and Li 2018; Mao et al. 2021; Deng et al. 2021; Zhou
and Tuzel 2018) represent the point cloud within a structured
voxel grid and utilize sparse convolution for feature extrac-
tion, offering a trade-off between computational efficiency
and spatial resolution. Point-voxel-based methods (Shi et al.
2023, 2020) combine both, achieving a balance between effi-
ciency and representation resolution, but often coming with
increased model complexity and computation.

2.2 Few-shot Learning in Object Detection

In object detection, FSL aims to enable models to detect ob-
jects with limited labeled samples. In 2D, extensive stud-
ies (Zhang et al. 2025b; Xin et al. 2024) tackle data scarcity
by exploiting techniques like meta-learning (Yan et al. 2019;
Ren et al. 2022), transfer learning (Wang et al. 2020a; Chen
et al. 2018), and data augmentation (Wu et al. 2020). In
3D object detection, most works focus on indoor scenarios.
Based on VoteNet (Qi et al. 2019), Proto-Vote (Zhao and Qi
2022) introduces a prototypical vote module for local fea-
tures refinement and a prototypical head module for global



feature enhancement. On top of it, a VAE-based prototype
learning (Tang et al. 2024) is designed, and contrastive learn-
ing (Li, Zhang, and Ma 2024) is further exploited to learn
more refined prototypical representations. However, extend-
ing 3D indoor object detection methods to outdoor scenar-
ios is challenging due to sparse point clouds at greater dis-
tances, dynamic objects, and varying lighting and weather
conditions. A recent work (Liu et al. 2023) proposes the
first outdoor generalized FSL solution for novel class learn-
ing. Yet, without dealing with domain gaps in cross-domain
scenarios, it leads to limited performance on GCFS settings.

2.3 Domain Adaptation in 3D Object Detection

The study of domain adaptation in 3D object detection
mainly focuses on unsupervised or semi-supervised set-
tings. Works (Yang et al. 2022; Chen et al. 2018) employ
a hybrid quality-aware triplet memory to generate pseudo-
labels for unlabeled target-domain data. A source-free un-
supervised DA approach (Hegde and Patel 2024) utilizes
class prototypes to suppress noisy pseudo-labels on target
data. Density-resampling-based augmentation and test-time
adaptation (Li, Ma, and Li 2025) are proposed to bridge
density-related domain gaps. Yet, dependence on large tar-
get datasets and the inability to handle novel classes make
these methods inapplicable to GCFS tasks

2.4 Open-vocabulary 3D Object Detection

Recently, open-vocabulary object detection (Wu et al. 2024;
Zareian et al. 2021; Gu et al. 2021; Zhang et al. 2023a; Li*
et al. 2022) has garnered significant attention. In 3D ob-
ject detection, these methods usually take advantage of 2D
VLMs to acquire novel open-set semantics and enable de-
tection on novel objects without annotations. For instance,
Lu et al. 2023 proposes to utilize CLIP-based VLMs to con-
nect open-set textual knowledge and point-cloud represen-
tations for novel object identification. Auto-label methods
(Najibi et al. 2023; Etchegaray et al. 2024) are applied to
point cloud sequences via a pretrained 2D VLM and en-
able novel semantic discovery for self-training. A 2D-3D
co-modeling approach (Zhang et al. 2025a) estimates corre-
sponding 3D boxes from 2D insights with temporal and spa-
tial constraints. Since these 3D-OVD methods rely on large
volumes of target data (including novel objects), their per-
formance on the GCFS task remains to be validated.

3 Methodology

Problem Statement: To formulate the GCFS of 3D ob-
ject detection, we distinguish LiDAR data from the source
dataset and target environment (dataset) with superscripts s
and ¢, respectively. In the source dataset used to pre-train the

model Mopreirained, W€ assume access to sufficient annotated
data D* = {Bf,C;,P;}V |, where P € RVP*3 denotes

. Ny
the point cloud, Bf = {b° | b* = [2,y,2,h,w,l,0] ;:lij
the 3D bounding boxes, and C; the corresponding object

category belonging to the source category space C°. For
the target dataset D' = (B!, C!, Pﬁ)f\il, only limited (few-
shot) samples are available for each target object category
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in the target category set C'. Here, we assume some cat-
egories are shared in C! and C®, so certain knowledge in
Mpretrained 18 Valuable to the target task. Formally, these com-
mon classes are defined by Ceom = CP N C® # (). We use
Csy = C*\ Ceom and CL, = C'\ Ceom to denote the
domain-specific novel classes. That is, objects belonging to
Ct,, are unseen in the source dataset. The goal of GCFS
tasks is to obtain a strong detection model Mgnemned through
refining Mpretrainea With the K -shot examples in DE.

Fig. 2 presents an overview of our framework. To learn
stable target semantics under limited supervision, we inte-
grate two key components: an image-guided multi-modal fu-
sion module and a class-specific contrastive prototype learn-
ing module. The fusion module exploits vision-language
models (VLMs) to extract open-set semantic cues from
point-cloud-aligned images, guided by a physically-aware
box searching strategy that models LiDAR scanning behav-
ior in the 3D geometric space. Meanwhile, the prototype
learning module encodes class-level semantics from few-
shot target samples into discriminative prototype anchors,
which refine and align object features during inference.

3.1 Image-guided Multi-modal Fusion (IMMF)

In GCFS tasks, detectors trained on source data must adapt
to new domains and categories via minimal target super-
vision. Yet, LiDAR data, which is sparse and geometry-
focused, offers limited semantic richness, especially for
novel objects. In contrast, aligned RGB images offer dense,
transferable visual features and access to open-set semantics
via pre-trained VLMs. To bridge this semantic gap, we intro-
duce an image-guided multi-modal fusion that enriches 3D
point representations with 2D semantic cues extracted from
Grounding DINO (GDino) (Liu et al. 2024) and SAM (Kir-
illov et al. 2023), improving detection robustness under do-
main and category shifts.

Image-guided feature fusion. Given the point cloud P, we
extract the non-empty voxel feature F¥*' ¢ RNwexC yig
a 3D backbone, where C' denotes the 3D feature dimen-
sion. For the paired image I € RP*WX3 we use object
category names (i.e., Ccom and Ct,) as text prompts to ac-
tivate GDino, producing Nop; 2D boxes B*> € RN x4 with
class labels as potential semantic clues. After non-maximum
suppression and confidence filtering, SAM takes B?® as
box prompts and generates dense object masks M?° ¢
R XWxIC'| We then project the coordinates P! of FYo*°!
onto the image to identify the object masks and obtain the

voxel-aligned object mask MY*°% € RNvow X|C'];

val—obj —_ fproj (MZD, onxe] )7 (1)

where fpri(+) denotes 2D-to-3D mapping based on known
camera intrinsics and extrinsics. To integrate 2D semantic
cues into the 3D representation, we apply an MLP to align
the channel dimensions and fuse the features:

Ffused — Fvoxel + MLP(MVXI_Obj)~ 2)

This fused feature F™ enhances the downstream region
proposal network (RPN), improving object recall for both
common and novel categories.
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Figure 2: Proposed GCFS Framework. We first pretrain a detection model with source data. During model finetuning using
target few-shot samples, each query—the image and point cloud pair—is processed by GDino+SAM and 3D backbone for 2D
instance-level masks and 3D features (top block). Insights from 2D context contribute to 1) enriching 3D features F™°¢ with
2D semantic clues and 2) proposing high-quality “Box Candidates” via a novel 2D-to-3D box search. Proposal features FP'? are
refined by learnable prototypes FP™ with an attention mechanism, and then passed to the final prediction (bottom block).

- Cyclist

LBVE

s S

Figure 3: Physical-aware box searching. Red boxes are GT
boxes, and blue ones are searched boxes. Regarding “Cy-
clist” (left) and “Car” (right), angle and center biases on
searched boxes are corrected by Lgyc and Lpyp.

Physical-aware 3D box searching from 2D masks. While
VLMs provide rich semantics, transferring these 2D cues
into the 3D space is inherently noisy in sparse LiDAR set-
tings. Calibration inaccuracies and vision misalignment can
lead to imprecise 2D-to-3D mappings. To ensure 2D seman-
tic cues are projected to geometrically plausible 3D box pro-
posals, we introduce a physically-aware box search strategy
that filters and aligns proposals based on spatial consistency.

Specifically, to estimate fine-grained box locations from
the 2D object masks M>P, we first project the raw point
cloud P into the image and identify points within masks by
P = f.,i(M*®,P)TP, where P™ denotes the points of
all object masks. For the i*" object, we extract its points
P’ € PP and use the mean and 2xstandard deviation of
point coordinates as the center and boundary of the valid
range to eliminate background points. For each class ¢ € C?,
we pre-define an anchor box with the size [h¢, w®, [€] via the
mean size of target few-shot objects. The goal of box search-
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ing is to find the optimal center [, y, z] and heading angle ¢
of the anchor box for each object. Specifically, for i-th ob-
ject, [z, y, z, 0] defines a rotation transformation T (see the
supplementary for details), and centered coordinates P!
are obtained by PI** = TPP". We first design an outside

distance loss Lop to constrain Pi"cal in the box,
Lop = Z min(abs(p) — BD¢,0). 3)
pepliocal
Here, BD® = [h¢/2,w"/2,1¢/2] denotes the local box

boundary for class c.

Furthermore, we notice that, due to central unidirectional
scanning, LiDAR-scanned object points present significant
differences in point distribution regarding different struc-
tural complexities. For simple structural objects with flat
surfaces, like vehicles (e.g., cars and buses), most points are
on smooth surfaces and front-viewed by LiDAR. For com-
plex structural objects with irregular surfaces (e.g., pedestri-
ans and bicycles), points are more to shape the whole objects
in the bird’s eye view. Motivated by this observation, we cat-
egorize general objects into two types: simple structural (SS)
objects and complex structural (CS) ones. For SS objects, we
design the front-viewed distance (FVD) loss to make points
closer to the front-viewed boundaries of the box,

Lpyp = Z |[p — FB¢|| - 1(P** € SS),
pePl’iocal

“

where the LiDAR front-viewed box boundaries FB¢ is de-
fined by [x,y, 2, 0] (see the supplementary for details). For
CS objects, we design the bird-viewed center (BVC) loss to



Figure 4: Few-shot feature extraction and CL-enhanced pro-
totype learning. In few-shot feature extraction, 2D and 3D
ground-truth labels replace GDino and RPN outputs to ex-
tract object features.

align the centers of points and boxes.

Lgvc = Z | fep (P -

local
pePim‘a

1Pt ecs), (5

where fop(-) simply obtains [z, y] of points. Applying Lgvc
and Lgyp facilitates the discovery of the correct centers and
heading angles for boxes, as shown in Fig. 3. In summary,
the box-searching loss for optimizing [z, y, z, 0] is:

Lpox = Lop + A1 Lrvp + A2 Lpvc. (6)

Since the computational load of box searching is low (due
to sparse object points), we use the Quasi-Newton BFGS
optimization (Head and Zerner 1985) to efficiently optimize
[x,y, z, 0] for each object. In essence, our physically-aware
box search acts as a semantic gatekeeper-ensuring that 2D-
to-3D knowledge transfer remains spatially coherent.

3.2 Class-specific Contrastive-Enhanced
Learnable Prototype and Feature Refinement

While our IMMF module improves proposal accuracy, do-
main shifts and limited annotations still hinder reliable
feature learning via simple fine-tuning. To overcome this,
we propose a contrastive prototype learning strategy that
builds robust, class-specific semantic anchors from lim-
ited examples and enhances them using contrastive learning
to increase generalization and inter-class separability. Un-
like the work (Li, Zhang, and Ma 2024), which uses con-
trastive learning to enhance static prototypes, our approach
uses few-shot-driven contrastive learning on learnable pro-
totypes, making our prototypes more discriminative.
Class-specific contrastive prototype learning. We build a
learnable target-specific feature bank F™ € RIC' %4 for all
object classes, where d is the dimension of features. These
prototypes are optimized together with the model fine-tuning
update. To accelerate convergence under limited data, we in-
troduce a contrastive loss for the learnable prototypes. As
shown in Fig. 4, we group the features of the few shots
F™ according to their box annotation as contrastive anchors.
Then for each class ¢ € C?, we construct positive pairs with
the corresponding prototype FP™ and its anchor F™, The re-
maining prototypes in the feature bank, denoted by F?° a
negative samples of the anchor.

— > log

ceC?

exp(Sim(F%, FP™) /7)
® 5 e xp(SIm(FE, F2°)7)’

LeL = N
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where Sim(+, -) calculates the cosine similarity between two
features in the InfoNCE loss (Oord, Li, and Vinyals 2018)
with a temperature 7. Since the anchors are directly obtained
from target-domain examples, our contrastive-enhanced fea-
tures help bridge the domain gap between source and target
environments and speed up F*™ acquiring semantic essences
of various classes under limited training data.

Feature refinement by prototypes. After obtaining the F
along with the model finetuning process, we use them to
refine the proposal features FPP of the query input. In the
multi-head cross-attention, we take FP™ to form the key and
value, and FP® as the query.

FPPWo (FPOWg) T
Vd

where [Wq, Wi, Wy] is the trainable transformation of the
query, key, and value. Finally,

pro

B

= Softmax( JFPWy,  (8)

PP

P =" L pre,

(©))

is passed to the object detection head for object detection.

3.3 Model Optimization and Inference

The model parameter update and our prototype learning are
conducted together. The Overall loss to optimize them is:

L= Lrpn + Laet + /\LCL> (10)

where Ly, and Lge are the standard losses of RPN and
detection head, and X is a weight hyper-parameter. To fur-
ther enable the model’s adaptability to a new domain under
limited data, we adopt an MAML-based (Finn, Abbeel, and
Levine 2017) training scheme. Briefly, during meta-training,
we leverage the source data to set up the K'-shot meta-task.
This meta-training facilitates finding a set of model param-
eters and FP for the quick model adaptation in the unseen
domain (see the supplementary for more details). During de-
ployment, aligned point clouds and images undergo the pro-
posed image-guided fusion to enhance semantic discovery
in proposals. After ROI pooling, object features are further
refined with class prototypes to improve discrimination.

4 Experimentation
4.1 Experimental Settings'

Benchmarks. Since no prior study on GCFS tasks
in 3D object detection, we leverage Nuscenes (2020),
Waymo (2020), KITTI (2012), A2D2 (2020), and Ar-
goverse 2 (2023) to construct 4 GCFS benchmarks:
NuScenes—FS-KITTI, Waymo— FS-KITTI, KITTI—FS-
A2D2, and KITTI—FS-Argo2. Specifically, we construct
few-shot datasets by sampling K-shot objects per class from
the train set of KITTI, A2D2, and Argoverse 2, form-
ing FS-KITTI, FS-A2D2, FS-Argo2. We set K = 5 for
main experiments, while our ablation study explores K &
{1,3,5,10, 20,40} for a comprehensive evaluation. The val
sets of KITTI and Argoverse 2 and the test set of A2D2

"Details on the benchmark setup and implementation are pro-
vided in the supplementary linked in the GitHub repository.



Metho ds‘ NuScenes—FS-KITTI \ Waymo—FS-KITTI \ KITTI—FS-A2D2 \ KITTI—FS-Argo2
\common novel overall \common novel overall \common novel overall\common novel overall

Source-only| 14.24 - - 26.85 - - 3.81 - - 6.65 - -
Target-FT 12.77(1_9) 5.48(1_2) 8.61(1_5) 23.06(1.6) 12.47(1'9) 17.01(1.3) 5.09(1.1) 0.70(0‘2) 2~90(0.6) 3.18(().2) 0.62(0‘1) 1.39(0.1)
Proto-Vote 7.56(2_4) 5.74(1,5) 6.52(1,9) 17.36(2_7) 12.08(1'8) 14.34(2.2) 3.61(0_8) ].86(0‘5) 2.74(().7) 3.33(0_9) 0.90(0‘4) 1.63(().5)
PVAE-Vote 8.01(2'8) 6.38(2'2) 7.08(2.5) 18.19(2.9) 12.79(2.2) 15.10(2,5) 3.43(0.9) 1.97(0.5) 2.70(0,7) 3.10(1.0) 0.92(0.3) 1.58(0‘5)
CP-Vote |10.6903) 7.84(.9) 9.06020) |17.6602.4) 12.17(1.9) 14.5202.1)| 4.28(0.9) 2.7209) 3.5009)| 2.72109) 0.930.4) 1.47 (0.5,
GFS-Det 12.83(2'4) 1.18(0,4) 6.17(1,2) 22~74(2.8) 1.26(0_4) 10.47(1.4) 4'39(0.6) 0.22(0‘1) 2.30(0.3) 6.1 ](0_1) 0.03(0‘0) 1.86(0.0)

Ours ‘15'99(1.6) 11.72(1.4) 13.55(15)‘25.40(2.0) 17.75(17) 21.03(143)‘ 7.78(().7) 5'22(0.6) 6.50(&6)‘ 6.71(().2) 2.07(().2) 3.46(042)
Full-Target | 41.34 1835 2821 | 41.34 1835 2821 | 36.61 599 2130 | 31.75 1848 2246

Table 2: Performance in mAP(%) of VoxelRCNN for NuScenes — 5shot-KITTI, Waymo — 5shot-KITTI, KITTI — 5shot-
A2D2, and KITTI — bHshot-Argo2. The bold values represent the best performance except Full-Target. Subscript values in
parentheses are standard deviations. Please refer to the supplementary for specifics across various categories.

are used for model evaluation. According to Table 1, we
select [Car, Pedestrian, Truck] as common classes for all
datasets. For sufficient samples for model evaluation and

Target- Image- CL-

FT Fusion Proto Common Novel Overall

avoiding class ambiguity, we target novel classes: [Van, (E) 5 v 1421;(7) géllg 180‘61
Person_sitting, Cyclist, Tram] in FS-KITTI, [Bicycle, Util- (b) ) ) 97
ity_vehicle, Bus] in FS-A2D2, and [Construction_barrel, © v v 1469 11.17 12.68
Traffic_cone, Large_vehicle, Bicycle, Bus, Motorcycle, Sign) @ v v v | 1599 1172 13.55

in FS-Argo2. We use Average Precision (AP) to measure

precision-recall trade-offs for each class (Geiger, Lenz, and Table 3: Component ablations in mAP(%). Image-Fusion is
Urtasun 2012) and mean Average Precision (mAP) across our proposed IMMF module and CL-Proto is our proposed
multi-classes to assess overall performance. We conduct ex- contrastive-learning-enhanced prototype learning.

periments 5 times and report the average mAP across trials,
along with the standard deviation for stability evaluation.

Implementation Details. We use VoxelRCNN (Deng et al. et al. 2022, 2021), and DenResamp (Li, Ma, and Li 2025))
2021) (voxel-based) and PV-RCNN++ (Shi et al. 2023) are not directly applicable to our GCFS benchmark, as they
(point-voxel-based) as base detectors. Pre-training applies rely on extensive unannotated data for unsupervised learn-
standard augmentations: random world flipping, scaling, and ing. To further assess the generalizability and potential of
rotation. In fine-tuning, we additionally use ground-truth our approach, we extend our ablation study to a more com-
object sampling to ensure all target classes are present in plex unsupervised few-shot learning setting, where these

each iteration. For box searching, we define SS classes [Car, 3D-0OVD and 3D-DA methods can be evaluated under con-
Ir uck, Van, Tram, Bus, Cons{r uction_barr ?l’,L‘” ge*"?h’d‘j” ditions more aligned with their original assumptions.

Sign] and CS classes [Pedestrian, Person_sitting, Cyclist, Bi-
cycle, Utility_vehicle, Traffic_cone, Motorcycle]. The Adam-

OneCycle optimizer (Team 2020; Song et al. 2024) is used 42 Experimental Results on GCFS Benchmark

with a 0.01 learning rate. All models are pre-trained for 30 As shown in Table 2, our method consistently achieves su-
epochs on NuScenes and Waymo, 80 epochs on KITTI, and perior performance in all GCFS benchmarks, demonstrat-
fine-tuned for 100 epochs in FS-datasets. Batch sizes are 2 ing strong generalization to both common and novel cat-
in pre-training and 1 in fine-tuning and testing. egories under limited supervision. It arises from two key
Compared Methods. As no prior work has specifically strengths. First, our method exhibits robust cross-domain
tackled GCFS tasks for outdoor 3D object detection, we use transferability under diverse density-domain shifts, includ-
a simple fine-tuning on few-shot target data (Target-FT) as ing varying LiDAR configurations across NuScenes (32-
the baseline. Source-only training and full target supervision beam), Waymo (64-beam), KITTI (64-beam), A2D2 (16-
(Source-only and Full-Target) serve as the performance with beam), and Argoverse 2 (32-beam). It effectively maintains
no and full adaptation. To benchmark our method, we com- detection quality despite drastic variations in point density
pare against SOTA 3D-FSL methods, Proto-Vote (Zhao and and sensor characteristics. Second, our approach enables ef-
Qi 2022), PVAE-Vote (Tang et al. 2024), and CP-Vote (Li, ficient few-shot adaptation to target semantic concepts, as
Zhang, and Ma 2024), as well as the 3D-GFSL method GFS- evidenced by its performance in semantically challenging
Det (Liu et al. 2023). Note that current outdoor OVD meth- settings like KITTI— 5shot-Argo2, involving seven diverse
ods (i.e., Unsup3D (Najibi et al. 2023), FnP (Etchegaray novel classes. In contrast, 3D-FSL methods show limited ro-
et al. 2024), and OpenSight (Zhang et al. 2025a)) and 3D- bustness on common classes due to their reliance on dense,
DA methods (i.e., SN (Wang et al. 2020b), ST3D++ (Yang close-range point clouds. Meanwhile, GFSL-Det struggles
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Prototype Common Novel Box Search CS SS

w/o CL 1523 10.33 Lop 4.65 12.56
w/ CL 1599 11.72 Lpox 6.74 13.58
Table 4: Performance in Table 5: Performance in

mAP(%) with box search-
ing by Lop only or Lyox (W/
Lop, Levp, and Lpyc).

mAP(%) of prototype learn-
ing with or without con-
trastive learning (CL).

Target- Proto- PVAE- CP-Vote GFS Ours

Methods| FT Vote Vote

Common| 1528 697 743 8.73 17.37 18.06
Novel 639 705 17.53 7.17 1.16 11.11
Overall | 1020 7.02 7.49 7.84 8.10 14.09

Table 6: Performance in mAP(%) of PV-RCNN for
NuScenes — 5Hshot-KITTI. Please refer to the supplemen-
tary for specifics across other GCFS tasks.

to generalize to novel classes, as its simplistic incremen-
tal learning strategy lacks mechanisms for semantic transfer
from common classes to novel ones.

Limitations and Future Work. Our method shows lim-
ited gains on certain hard classes (e.g. “Person_sitting”’) due
to ambiguous and diverse structures. In low-shift scenar-
ios without semantic changes (Waymo — FS-KITTI), im-
provements on common classes are marginal, due to the in-
terruption of novel classes. Future work will focus on hard
class learning, adaptability in shiftless settings, and code op-
timization for computation speed-up.

4.3 Ablation Studies

We conduct ablation experiments mainly on NuScenes —
5shot-KITTI with VoxelRCNN as detection model, to fur-
ther analyze our method (see the supplementary for details).
Component Ablation. Table 3 (a)—(b) indicates that our
adaptive prototype learning enhances performance in com-
mon and novel classes, illustrating its swift adaptation to
limited samples in the target domain. Applying our image-
guided multi-modal fusion (a)—(c) yields marked improve-
ment, especially on novel classes, showing its boost on ob-
ject recall. By combining both, our GCFS method achieves
the highest performance, demonstrating the complementar-
ity of the two approaches. Notably, removing MAML lowers
AP to 12.35, and replacing our box search with FnP gives
AP of 12.58, showing our method’s effectiveness.

We also conduct ablations on our proposed prototype
learning and box searching components. Table 4 shows that
the contrastive loss boosts model performance, indicating
its ability to swiftly adapt prototypes to few-shot data in
the target domain. In Table 5, integrating Lop with Lgyp
and Lgyc yields improvements on both CS and SS objects,
showing Lpyp and Lpyc enhancing recall rates for objects
with diverse structural complexities, thereby further opti-
mizing model effectiveness.

Ablation on Detection Backbone. We further evaluate our
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Shots K=1 K=3 K=5 K=10 K=20 K=40‘Full-shot
Common 7.27 12.27 15.99 23.56 27.59 32.05| 41.34
Novel 0.57 7.76 11.72 12.21 17.49 21.55| 18.35
Overall 3.44 9.70 13.55 17.08 21.82 26.05| 28.21

Table 7: Performances in mAP(%) with different K. Full-
shot denotes the training on the complete KITTI train set.

Method DA OvD
SN ST3D++ DenResamp| FnP Ours-OVD
Common|12.09 21.00 14.89 10.59  22.25
Novel - - - 2.66 8.26
Overall | - - - 6.06 14.26

Table 8: Comparison in mAP(%) for OVD and DA methods
in the unsupervised few-shot setting.

GCEFS framework using the point-voxel-hybrid detector PV-
RCNN. As shown in Table 6, our approach consistently out-
performs others across all three metrics, demonstrating the
generalizability of our solution.

Ablation on Numbers of Shots. Table 7 shows that our
method scales well with increasing K. At K = 40, the over-
all performance approaches the full-shot, narrowing the su-
pervision gap. Despite a reasonable gap in common-class
performance due to limited data, the novel-class perfor-
mance surpasses the full-shot result, due to class imbalance
in full-shot training and our image-guided design enhancing
novel object discovery. These results confirm the scalability
and generalization of our method under limited supervision.
Unsupervised few-shot ablation with OVD and DA meth-
ods. We establish an unsupervised few-shot setting with no
annotations for all classes. Our approach is benchmarked
against the SOTA 3D-OVD solution and well-established
3D-DA methods in Table 8. To create an OVD version of
our method, we incorporate a physical-aware box searcher to
generate high-quality pseudo-labels for target-specific train-
ing. Compared to OVD and DA methods, our OVD method
achieves the highest mAPs, showing strong domain gap
bridging capability and high learning efficiency from unla-
beled samples. Please refer to the supplementary for imple-
mentation and result details.

5 Conclusion

This paper tackled the generalized cross-domain few-shot
task in 3D object detection and introduced the first GCFS
solution. Beyond achieving state-of-the-art performance on
four GCFS benchmarks, our work demonstrated a general-
izable approach to few-shot 3D adaptation, grounded in the
idea that semantic alignment across modalities and domains
could be achieved by combining 2D open-set priors with 3D
structural cues and few-shot supervision. We believed this
framework opens new possibilities for 3D perception sys-
tems that must continually adapt to new environments and
emerging object types, without relying on exhaustive data
collection or domain-specific engineering.
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