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Abstract

Source-Free Domain Adaptation (SFDA) aims to transfer a
pre-trained source model to the unlabeled target domain with-
out accessing the source data, thereby effectively solving la-
beled data dependency and domain shift problems. However,
the SFDA setting faces a bottleneck due to the absence of
supervisory information. To mitigate this problem, Active
Learning (AL) is introduced to combine with SFDA, endeav-
oring to actively label a small set of the most high-quality
target points so that models with satisfactory performance can
be obtained at an acceptable cost. Nevertheless, several issues
remain unresolved, namely when to query new labels dur-
ing training, what kind of samples deserve labeling to ensure
rich information, and where the labels should be distributed to
guarantee diversity. Thus we elaborate OmniQuery to omni-
bearing address the “When, What, and Where” problems
about active points querying in source-free domain adaptation
for cross-modal 3D semantic segmentation. The method con-
sists of three main components: Query Decider, Point Ranker,
and Budget Slicer. The Query Decider determines the optimal
timing to query new points by fitting the validation curves
during training. The Point Ranker nominates points for an-
notation by calculating the ambiguity of neighboring points
in the feature space. The Budget Slicer allocates the anno-
tation quota, i.e., labeling percentage of the point cloud, to
different semantic regions by utilizing the advanced 2D se-
mantic segmentation capabilities of the Segment Anything
Model (SAM). Extensive experiments demonstrate the effec-
tiveness of our proposed method, achieving up to 99.64% of
fully supervised performance with only 3% of labels, and
consistently outperforming comparison methods across var-
ious scenarios.

Code — https://github.com/Kylin-XJX/ActiveSFDA

Introduction

The development of robotics and autonomous vehicles has
brought increasing attention to 3D cross-modality percep-
tion (He et al. 2021). Meanwhile, the high cost of data an-
notation and the unrealistic assumption of independent and
identically distributed data in deep learning (Hu et al. 2024;
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He et al. 2023; Hu et al. 2021) have attracted the interest
of researchers to Unsupervised Domain Adaptation (UDA)
methods (Wu et al. 2023, 2024a,b; Jaritz et al. 2023). These
methods use both labeled source and unlabeled target data
to tackle annotation and domain shift issues. However, due
to privacy concerns, access to source data is often restricted,
leading to Source-Free Domain Adaptation (SFDA), where
pre-trained models are transferred to the target domain via
self-training without source data access (Liang, Hu, and
Feng 2020; Liu, Zhang, and Wang 2021; Wu et al. 2024c),
thus their performance visibly lags behind fully supervised
methods. Can we exchange a little bit of annotation cost on
the target domain for more performance improvement?

Active Learning (AL) is a label-efficient paradigm that al-
lows a model to query the knowledge source for annotation
interactively. Deep learning methods typically require large
amounts of annotated data, but traditional AL can only pro-
vide a small portion of labeled data by the initial model at
the beginning, which conflicts with the deep learning pro-
cess and faces a cold start problem (Ren et al. 2021). In the
context of SFDA, the model is pre-trained, holds some in-
ference capability, and has access to a large amount of unla-
beled target data, so AL and SFDA are naturally compatible.
Since the model receives only limited supervision from the
target domain, AL methods must ensure the quality of labels,
specifically their high information richness and diversity.

Numerous methods have been proposed to maximize the
quality of labels in active source-free domain adaptation. For
instance, in 3D segmentation, Annotator (Xie et al. 2023)
quantifies the uncertainty of a voxel by computing the en-
tropy of the class distribution among the points it contains.
While such voxel-based (Xie et al. 2023) or similar region-
based (Wu et al. 2021) selection methods can inevitably lead
to inefficient use of label budget as low-information points
may also be selected within these base units. Moreover, with
a limited receptive field, they focus only on the neighbors
of the point. It hinders their ability to effectively interact
with points that are semantically related but spatially distant
in 3D space, failing to model the uncertainty of points ad-
equately. Another natural dilemma impacting label quality
is timing. Querying all samples at the beginning of training
(Ning et al. 2021) ensures full supervision throughout the



whole process, but selected points may be suboptimal due to
unrelieved domain differences. An alternate approach is dis-
tributing the annotation quota over time, initially annotating
a small amount and selecting superior samples later using
an improved model (Samet et al. 2023). However, determin-
ing other exact times to query new labels during training
is intractable. Incorrect query timing can directly affect the
quality of annotated points and, ultimately, the model perfor-
mance. Besides, diversity is a crucial aspect of high-quality
(Ren et al. 2021). Existing methods usually query samples in
specific regions, preventing the model from receiving plural
supervision across various categories and leading to lower
performance. Recently the Segment Anything Model (SAM)
(Kirillov et al. 2023) exhibits advanced capability in seg-
mentation, utilizing SAM to ensure diversity and then assist
AL is promising, but such approaches remain unexplored.

In summary, the problem of how to select informative and
diverse points for labeling can be broken down into three es-
sential challenges according to the above analysis: 1) When
to query: When should we annotate new points? i.e., allo-
cating the budget across a temporal scale. 2) What to query:
What criteria should be followed to select the most informa-
tive points and save the budget in the meantime? 3) Where
to query: Where to distribute the budget? i.e., allocating
the budget across a spatial scale to guarantee diverse super-
vision. Regarding the first challenge, inspired by previous
work (Liu et al. 2022) addressing the “Early Learning” issue
(Arpit et al. 2017; Liu et al. 2020), we decide to query new
labels when the model starts to overfit noise among pseudo-
labels. It is concretely detected by fitting mean Intersection
over Union (mloU) curves calculated with training set val-
idation output and pseudo-labels. As for the second chal-
lenge, we consider the point, the finest granularity in a point
cloud as the selection unit and calculate metrics in the fea-
ture space, in which semantic information is highlighted.
Concerning the last challenge, with abundant 2D images,
we resort to the powerful 2D semantic segmentation capa-
bilities of the recently proposed vision foundation model,
SAM. With box prompts, regions with semantic information
are obtained by SAM, then diverse labels can be selected
from these regions to provide multifarious supervision.

In this paper, we elaborate a method called OmniQuery to
address the problems about active points querying in source-
free domain adaptation for cross-modality 3D semantic seg-
mentation. Our method contains three significant compo-
nents: Query Decider, Point Ranker, and Budget Slicer, these
components solve the high-quality label querying problem
AL encountered in SFDA from all angles (When, What, and
Where). Specifically, Query Decider is proposed to solve the
“When to query” problem, by fitting the mIoU curves of
the current training phase, Query Decider queries new la-
bels when the change rate in the derivative reaches a certain
threshold. Furthermore, to choose the most valuable points
while saving budget, we design the Point Ranker, which
nominates points for annotation by calculating the ambi-
guity of neighboring points in the feature space, aiming to
solve the “What to query” problem. To ensure the model re-
ceives diverse guidance and to address the “Where to query”
problem, we present a direct module called Budget Slicer to
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allocate the current annotation quota across different seman-
tic regions generated by SAM. With these regions, a certain
portion of the corresponding points is then selected accord-
ing to the area of each region.

To sum up, our main contributions are as follows:

* We propose the method called OmniQuery for cross-
modality 3D semantic segmentation. To the best of our
knowledge, our work is the first to introduce AL meth-
ods into this field in the cross-modality scenario.

* We develop the Query Decider to address the less-
explored query timing issue, design the Point Ranker to
select the most valuable points and build the SAM-based
Budget Slicer for label diversity, omni-bearing solving
the high-quality label querying problems when incorpo-
rating AL to SFDA.

» Extensive experiments demonstrate the effectiveness of
our method, with the model consistently outperforming
comparison methods across all scenarios.

Related Works

Source-Free Domain Adaptation

With source data often unavailable in UDA settings, SFDA
has garnered attention. SFDA methods can be divided into
model-based and data-based approaches (Li et al. 2024):
model-based methods refine pseudo-labels for better self-
training, in contrast, data-based methods reconstruct virtual
domains to ease source-free constraints. Hegde et al. intro-
duced an uncertainty-aware mean teacher framework to fil-
ter out incorrect pseudo-labels implicitly. Saltori et al. sug-
gested a pseudo-label refinement method based on reversible
scale transformation and motion consistency. SUMMIT (Si-
mons et al. 2023) proposed two specific pseudo-label re-
finement strategies tailored to the extent of domain differ-
ences. Kurmi, Subramanian, and Namboodiri presented a
framework consisting of a generation module and an adapta-
tion module. Despite these advancements, the performance
of these methods generally lags behind fully supervised ap-
proaches due to the extremity of the source-free setting.

Active Learning

A key issue in AL methods is the design of selection criteria
(Settles 2009). FEAL (Chen et al. 2024) introduces Dirich-
let prior distribution to assess data uncertainty in federated
learning. In 3D semantic segmentation, Annotator (Xie et al.
2023) uses the class entropy within a large voxel as the se-
lection standard, while ReDAL (Wu et al. 2021) integrates
prediction entropy, color discontinuity, and structural com-
plexity into its selection criteria. In the SFDA setting, MHPL
(Wang et al. 2023) selects “minimum happy points” charac-
terized by neighbor-chaotic, individual-different, and source
dissimilar for annotation. (Wang, Han, and Yin 2024) also
proposes a framework with a Reciprocal Active Selection
module and Partial Proxy Mixup module, aligning the distri-
butions of inactive and active samples. However, AL meth-
ods in cross-modal SFDA remain unexplored. Additionally,
equally crucial selection timing and budget allocation strate-
gies have received little attention. Our work fills this gap.
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Figure 1: Overview of the workflow of OmniQuery, including Query Decider (Part A), Point Ranker (Part B), and Budget
Slicer (Part C) for “When, What, Where” problems about high-quality label query in SFDA for cross-modality 3D semantic
segmentation. The solid blue lines indicate the training and inference process and the purple dashed lines show the AL process

only activated during training.

Method
Problem Setup

In the SFDA scenario, { X2P, X3P Yg} € S denotes the
labeled source data that can not be obtained. We only have
access to the source model { 2P, F3P} pre-trained on the
source data, and the unlabeled target data {X2°, X3P} €

T. X2P ¢ RHXWX3 gtands for image and X3P ¢ RV*3
for corresponding point cloud, Ys € {1,2,...,C} are point-
wise labels, where C' denotes the number of categories. Note
that X3P includes only the points that are visible from the
RGB camera and assumes the calibration between LiDAR
and the camera is attainable and remains constant over time.
OmniQuery aims to leverage the pre-trained source model,
unlabeled target data, and a small portion of point annotation
Yr € {1,2,...,C, ©}, @ denotes unlabeled, acquired during
training to obtain models { F#”, F3P} that perform well in
predicting target domain 3D labels.

Overview

The workflow of OmniQuery is illustrated in Figure 1. We
begin by initializing the target model Fr using the source
model F, including the backbone and classifiers for each
modality. Subsequently, Fir generates point-wise pseudo-

labels )A’T for the target domain. There are twice queries in
OmniQuery with a total p% budget, i.e., label percent of the
point cloud quantity. Before training, we allocate b% of the
total budget to perform an initial query using the freshly ini-
tialized target model, obtaining Y7. As training progresses,
the Query Decider determines when to spend the remain-
ing budget for another query. During training or the early
stage of the query, 2D and 3D data from the target domain
are fed into the corresponding backbone to obtain 2D and
3D features. For the 2D features, points in the 3D space
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are projected onto the 2D plane via the calibration matrix
of the dataset, and 2D features in corresponding positions
are sampled to achieve feature sparsification. Then the spar-
sified 2D features and the 3D features are passed through
the classifiers to obtain point-wise segmentation probabili-
ties for each modality. These segmentation results will be
used to compute the loss or to query new 3D annotations.

Periodically, we evaluate the performance on the train-
ing set by computing mloU between model label outputs
VAP VAP V2PT3D and pseudo-labels. The mIoU of each
modality and their combinations are recorded and input to
the Query Decider to detect another query timing. During
the query process, the Point Ranker calculates mixed feature
ambiguity incorporating multi-modal information (2D+3D)
for active point selection. The Budget Slicer selects the top
total p% points with the highest ambiguity in each SAM
mask and turns to an Oracle for annotation. These few in-
formative annotations are used to supervise the training of
each modality. The specifics of the loss function and each
module will be discussed in the following sections.

Query Decider

In previous AL methods, the query timing was rather arbi-
trary. Besides mentioned before, some methods (Ren et al.
2021) query new labels when the training converges. How-
ever, these approaches suffer from performance degradation
due to the Early Learning problem in the self-training man-
ner where noise is ubiquitous across pseudo-labels. Specif-
ically, models tend to fit the training data with correct
pseudo-labels during the early learning stage and eventu-
ally memorize instances with noise. By the time current
training converges, the model has overfitted to these incor-
rect pseudo-labels. As illustrated in Figure 2, we analyze
the learning process of 2 example classes. The solid curves
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Figure 2: Examples of early learning phenomena for differ-
ent categories in nuScenes-Lidarseg dataset.

represent the Intersection over Union (IoU) on the train-
ing set calculated between model outputs and pseudo-labels
(IoU,,), while the dashed curves show the IoU with true
labels (IoU,;). The two curves exhibit completely opposite
trends. Initially, as learning progresses, the true IoU gradu-
ally increases while the pseudo-label-based IoU decreases.
Howeyver, as the model starts to memorize the noise in the
pseudo-labels, the pseudo-label-based IoU begins to rise,
while the true IoU starts to decline. This observation also
provides insight into determining when to query new labels.
Queries should be made right before the memorization oc-
curs, that is when the pseudo-label-based IoU curve reaches
the bottom and the model desires new annotations.

To tackle this, we design the Query Decider. During the
iteration-based training process, we validate the model using
the training set for every m iteration and calculate the mIoU
values for modality M with pseudo-labels. Here M is either
2D, 3D, or 2D+3D. After collecting n mloU values for each
modality, at current time ¢ > n, we consider these ¢ mloU
values as y and the indices in the list as x to fit the logarith-
mic function f(z) = bln(ax + 1) + ¢ by the least squares
method, and denote the derivative as y’. We then check if the
change rate of 3’ relative to its initial value at ¢; for all previ-
ous valid points ¢ € [n, t] exceeds a threshold 7 in modality
M, if so, the consensus counter C; increases:

ey

After checking all modalities, if the consensus is made be-
tween any two modalities or within a certain one, that is,
Cop 4+ Csp +Capysp > 2, aquery is triggered. A detailed
algorithm can be found in supplementary material.

i — vl /vt > 7.

Point Ranker

In AL algorithms, the most crucial aspect is selecting sam-
ples for annotation. Traditional voxel-based (Xie et al. 2023)
or region-based (Wu et al. 2021) query methods inevitably
lead to budget wastage and inefficient uncertainty model-
ing. Therefore, we choose the point as the selection unit
and focus on the feature space to address the issue of long-
range dependencies in point clouds: insufficient interaction
between semantically similar but spatially distant elements.
Specifically, during querying, the current model is first em-
ployed to infer the ith paired image I; and point cloud PC;
with V; points in the target training set, yielding features

D 3D .
= RN:ixD? P e RN xD*” and the segmentation
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probabilities P?P, P3P € RN:*C DD and D3P repre-
sent feature dimensions. The segmentation labels are derived
from averaged probabilities from the 2D and 3D networks:
YEPHP = argmaz((P?P + P?P)/2). The K nearest
neighbors of jth feature are then identified for both modal-
ities i.e., N (j) and divided into C' groups based on the
segmentation labels:

NAGY = {7 () | £ () € NM(5), VPP (u) = e}

2
here M is either 2D or 3D. When the neighbors of a point
belong to more categories in the feature space, it becomes
more challenging for the classifier to distinguish it. Hence,
labeling such points can provide stronger supervision. We
calculate the Feature Ambiguity (F'A) based on the entropy
of the proportion of different neighbor categories:

NJ\/I

i,c (.7)‘
K )

C NJW .
FAM(j) = 72‘ “;((‘7 N1 3)
c=1

where |-| denotes the size of the set. After obtaining F'A for
each modality, the final F'A value is derived by summation:
FA;(j) = FA?P(j) + FA2P(j). The Point Ranker sorts
the points by F'A value and nominates points with high F'A
for annotation. Furthermore, the labels YT%D +3D predicted
by the trained model are of higher quality than the initially
generated pseudo-labels Y. Therefore, we replace the old
pseudo-labels with the newly predicted labels.

Budget Slicer

After calculating the F'A value for each point, directly se-
lecting the top p’% (budget for current query) of unlabeled
points with the highest F'A values in a point cloud for an-
notation would result in annotations being concentrated in a
few specific classes, hindering training due to lack of diverse
supervision. Hence, we design the Budget Slicer, which uti-
lizes segmentation masks of SAM to divide the image into
several semantic regions. By considering the area of each
region and the F' A values of points within it, we balance di-
versity while selecting the most valuable points. Since the
regions obtained by vanilla SAM or other area segmenta-
tion methods like SLIC (Achanta et al. 2012) lack semantic
information, they can not fulfill our need for diverse supervi-
sion. So, we consider using the prediction results of the point
cloud to build prompts for SAM, thereby imparting semantic
information to the regions. Concretely, as shown in Figure 1
Part C, we first use the calibration matrix Rpgoy retrieved
from the datasets to project the 3D points onto the 2D image:
PCj img = RpcarPC;. Based on the previously obtained

segmentation labels }77%’? 3D points on the 2D plane are
then divided into C' sparse masks:

mask; {PCi7img(u) YﬁfHD (u) = c} @
Subsequently, we apply morphological operations such as
dilation and erosion to densify these sparse masks, Gaussian
Blur (GB) is then used to eliminate the jagged edges of the

masks, producing Coarse Masks (C'M). We then calculate



the bounding boxes of each disconnected coarse mask and
utilize them as box prompts for SAM.

CM,; = GB(erosion(dilation(mask;))), 5)

BoxPrompts; =BoundingBox(Contours(CM,)).

By inputting these prompts along with the 2D image into
SAM, we obtain delicate segmentation masks. We then tra-
verse these m; SAM Masks (SM) and select the top p'%
Active Points with the highest F'A values within each mask.
We then turn to Oracle for annotation, getting updated Y.

JAPCi(u) | Yru(u) = ,
j=1

ActivePoints;

(6)
PCZ‘ng(U) S SM],FAZ(’LL) > TOPj},

where TOP; is the p’ % top percentile of F'A; of unlabeled

points whose corresponding PCj ;g Within SM;. By slic-

ing the labeling budget to each region, the diversity of se-

lected points is guaranteed.

Overall Loss

The overall loss consists of three parts: active label loss,
pseudo-label loss, and cross-modal loss. The cross-entropy-
based active label and pseudo-label loss are as follows:

N; C
Y
LY, P)= =55 D Yiclog Pe, (1)

Ni i=1 c=1
Lact — LSEg(YT,PQD) 4 LSEQ(YT7P3D), (8)
LP¢ = L*9(Yy, P*P) + L*9(Y7, P*P). (9)

The double-head cross-modal alignment loss has been

proven highly effective for domain adaptation in (Jaritz et al.

2023), so we adopt this loss. The formulation based on
Kullback-Leibler (KL) divergence D, (-||-) is as follows:
L:Dm :DKL (PQD || P3D~>2D)

+DKL (P3D || ]32D—>3D)7

where P2?P and P3P are the target distribution from the
main prediction during training which is to be estimated
by the prediction P3P 2P and P2P—3D from the auxiliary
head in another modality. The final loss is formulated as:

L = aL®*" + BLPS¢ + yL[*™, (1
with a, 3, v being trade-off factors.

(10)

Experiments
Datasets

We utilize four public datasets: nuScenes-Lidarseg(Caesar
et al. 2020), VirtualKITTI (Gaidon et al. 2016), Se-
manticKITTI(Behley et al. 2019), and A2D2(Geyer et al.
2020), to construct four domain adaptation experimental
scenarios to validate our method. These scenarios include
variations in urban landscapes, such as left-hand vs right-
hand driving: USA—Singapore, and changes in lighting
conditions: Day—Night, both derived from the nuScenes-
Lidarseg dataset. Additionally, they include virtual to real-
world adaptation: VirtualKITTI—SemanticKITTI, and dif-
ferences in resolution and field of view caused by point
cloud sensor setups: A2D2—SemanticKITTI. Detailed in-
formation is provided in the supplementary material.
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Implementation Details

We use a U-Net (Ronneberger, Fischer, and Brox 2015) with
ResNet-34 (He et al. 2016) as the basic block for our 2D
backbone and the official SparseConvNet (Graham, Engel-
cke, and van der Maaten 2018) as our 3D backbone. We
voxelize the point cloud to a size of 5cm to fit the input
format of the 3D backbone. Notably, a size of Scm ensures
each voxel contains only one point as much as possible, and
we retain redundant ones, so the point remains the basic se-
lection unit during active querying. We initialize the target
model using the source model trained only on the source do-
main, as published by (Jaritz et al. 2023), to meet the source-
free setting. Except for the VirtualKITTI—SemanticKITTI
scenario, which runs 30k iterations to prevent overfitting, all
other scenarios are trained for 100k iterations. During the
active querying phase, we directly use labels from the tar-
get training set to simulate Oracle annotations. We exper-
iment under various label budgets p and set the initial per-
cent b of the budget to 50. Except for our method, which uses
the Query Decider to determine when to start another query,
other methods perform an additional query at the manually
set 30% milestone of the training process.

Quantitative and Qualitative Comparison

We compare our method with other AL approaches to ver-
ify its effectiveness, including traditional (Wang and Shang
2014) selection strategies such as random selection (Ran-
dom), selection by point-wise minimum prediction confi-
dence (Confidence), by the entropy of the predicted proba-
bilities (Entropy), and by the margin between the highest and
second-highest predicted probabilities (Margin). Addition-
ally, we compare with two AL methods specifically designed
for point clouds: Annotator (Xie et al. 2023) and ReDAL
(Wu et al. 2021). We extend these methods to multimodal
settings, using both 2D and 3D information to calculate the
selection metrics to ensure a fair comparison. We report the
2D, 3D, and 2D+3D segmentation mloU of each model on
the test sets across different scenarios.

Results under the 3% budget are shown in Table 1, ST de-
notes Self-Training on the target domain, while Oracle here
represents the upper bound of performance under full super-
vision of the target. Domain Gap represents the difference
between Oracle and ST. As illustrated in the table, Omni-
Query outperforms all comparison methods across scenar-
ios. Compared to the baseline ST, only 3% of the labels re-
sult in significant improvements, with increases of 11.62%,
6.81%, 30.80%, and 15.29% in the 2D+3D mloU, respec-
tively. Notably, in the USA—Singapore scenario, Omni-
Query achieves 99.64% of the fully supervised performance,
nearly merging the domain gap. In the Day—Night scenario,
with OmniQuery achieving the best performance, most
methods outperform Oracle as well, this may be due to the
particularity of the Day—Night scenario, where more super-
vision actually damages the knowledge in the source model.
In the more challenging later two scenarios with larger do-
main gaps, OmniQuery reaches 92.78% and 91.06% of the
fully supervised performance, respectively.

When compared with traditional AL methods, Omni-
Query shows improvements of approximately 1.5% to 5%



Methods USA—Sin. Day—Night Vir.K.—Sem.K. A2D2—Sem.K.
2D 3D 2D+3D 2D 3D 2D+3D 2D 3D 2D+3D 2D 3D 2D+3D
ST 61.10 65.15 67.83  49.65 6859 6327 27.00 4517 3998  33.67 4034 4472
Random 68.53 7272  77.00 5843 69.15 68.64 4728 68.00 6773 4454 58.61 58.36
Confidence  68.84 7242 7695 5536 68.11 67.63 46.79 63.03 68.19 4396 5641  56.50
Entropy 66.77 7098 7556 5445 6851 67.53 4427 6032 65.69 4141 53.86 54.27
Margin 68.52 72.67 7696 56,55 6893 68.63 48.63 6459 68.73 4435 5789 57.36
ReDAL 68.80 7293 76.87 5624 68.65 6848 4504 6659 6645 4373 5959  54.96
Annotator 69.99 7347 77.16 56.80 6930 68.18 4749 6326 68.06 48.81 56.58  57.06
Ours 7247 7562 7945 58.07 6882 70.08 5337 7164 70.78 46.82 60.15  60.01
Oracle 7538 7624 7974  60.28 68.64 68.16 5947 78.11 76.29 5524  66.51 65.90
Domain Gap 14.28 11.09 11.91 10.63  0.05 4.89 3247 3294 3631 2157 2617  21.18

Table 1: Performance comparison of OmniQuery with other AL methods by mloU(%) under 3% label budget. The abbre-
viations USA—Sin., VirK.—Sem.K., and A2D2—Sem.K. refer to USA—Singapore, VirtualKITTI—SemanticKITTI, and
A2D2—SemanticKITTI, respectively. The best and the second best results of 2D+3D are marked in bold and underlined.

USA—Singapore / 2D + 3D

Methods —4—p———p E F Ovenll
ST 82.03 94.72 39.29 52.59 60.32 78.01 67.83
Random 85.89 96.25 48.05 65.93 73.27 85.70 75.85
Confidence 86.70 96.06 48.92 65.70 68.90 83.18 74.91
Entropy 85.12 95.59 45.77 63.50 68.23 83.03 73.54
Margin  86.61 96.17 50.27 66.56 71.23 84.78 75.94
ReDAL  85.63 95.81 48.82 64.48 69.94 83.98 74.78
Annotator 84.58 96.52 51.73 65.19 70.27 84.85 75.53
Ours 89.23 96.78 54.03 69.23 76.16 87.13 78.76
Oracle  89.67 97.16 55.27 69.46 78.43 88.45 79.74

Table 2: Class-wise IoU(%) in USA—Sin. scenario under
1% label budget, A-F denote class names, i.e., Vehicle,
Driveable Surface, Sidewalk, Terrain, Manmade, and Veg-
etation respectively. Overall represents the mloU.

due to its advanced selection criteria, more suitable query-
ing timing, and more reasonable allocation strategy. Against
point-cloud-specific AL methods like Annotator, Omni-
Query achieves performance gains of 2.29%, 1.90%, 2.72%,
and 2.95% in the 2D+3D mloU.

As shown in Table 2, even with a relatively extreme set-
ting of 1% labels, OmniQuery demonstrates strong perfor-
mance, reaching 98.77% of the upper bound and surpassing
all comparison methods across all classes. Notably, for vehi-
cles (Marked as A), that are crucial for autonomous driving,
our method shows a significant improvement over the base-
line (+7.2%) and comparison methods (+2.53% at least), es-
sentially fulfilling our initial vision that “Models with satis-
factory performance can be obtained at an acceptable cost”.

We visualize some segmentation results in Figure 5, high-
lighting vehicle-related classes such as “car” and “bicyclist”.
Our method consistently achieves more accurate segmenta-
tion of these classes across various scenes, whether near or
far, demonstrating exceptional performance.

Ablation Study and Analysis

To further verify the effectiveness of each module and ex-
plore the impact of different hyperparameters, we conduct
in-depth ablation experiments and analysis.
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Settings Modules USA—Singapore
PR QD BS 2D 3D 2D+3D
Random - - - 68.53 7272  77.00
1 v - - 70.02 75.02  78.32
2 v v - 7190 7522  79.02
3 v - v 71.80 7548  79.01
4 v v v o 7247 7562 7945

Table 3: Ablation study of each module in OmniQuery.

Effectiveness of Each Module. As shown in Table 3, we
incrementally introduce each proposed module on basic ran-
dom selection. Replacing random selection with the Point
Ranker (PR) results in a 1.32% improvement in 2D+3D
mloU. Further incorporating the Query Decider (QD) for
querying decisions improves the quality of subsequent ac-
tive labels and mitigates the early learning problem, leading
to an additional 0.7% performance boost. Introducing the
SAM-based Budget Slicer (BS) brings a more rational label
allocation strategy resulting in a 0.69% increase. Combin-
ing all three components leads to significant improvements
of 2.45% in 2D+3D mloU over random selection.

Analysis in Query Decider. As shown in Figure 3 (a), the
model achieves optimal performance when threshold 7 is
set to 0.85. Figure 4 illustrates that automatic queries (red
hexagons) occur at about 10% of the training phase for most
scenarios. Vir.K.—+Sem.K. triggers query at about 30% due
to fewer iterations. Although the query timing is similar to
passive triggering, the superior selection and label allocation
strategy still makes it stand out in comparison with other
methods as shown in Table 1. The point plots in different
markers show that our method, after fitting the validation
curve and triggering queries, experiences a significant per-
formance boost. Compared to the passive triggering in An-
notator, Query Decider resolves the dilemma between long-
term gains and label quality, resulting in better outcomes.

Impact of K in Point Ranker. Figure 3 (b) shows that
the model achieves optimal performance when #neighbors
K is set to 4. With too few neighbors, the entropy calculated
around the feature space cannot effectively represent the un-
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USA—Singapore
Model Arch. D 3D D+3D
SLIC - 69.26 72.86 7691
Vanilla SAM ViT huge 7221 7559  79.11
Prompted SAM  ViTbase 72.32 7534  79.29
Prompted SAM  ViT large 72.31 7539  79.29
Prompted SAM  ViT huge 7247 75.62  79.45

Table 4: The impact of different 2D region segmentation
models on the final performance.

certainty around the query point. As K gradually increases,
the entropy of the neighboring classes approaches the en-
tropy of a specific region or even the entire scene. Imagine
if K is infinite, all points in the feature space would be in-
cluded in the entropy calculation, resulting in a fixed value.
This would harm the distinctness between different points,
leading to a performance decline.

Impact of 2D Segmentation Models in Budget Slicer.
Table 4 shows the results of experiments on the 2D seg-
mentation models used in Budget Slicer. When employ-
ing the traditional region segmentation algorithm SLIC, or
the vanilla SAM, suboptimal results are observed. However,
when SAM is prompted with bounding boxes, the perfor-
mance improves visibly. As the architecture of SAM be-
comes more complex, the performance gain becomes more
pronounced. With the ViT (Dosovitskiy et al. 2021) huge-
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GT

Figure 5: Qualitative Analysis. The abbreviations are the
same as in Table 1, GT stands for Ground Truth.

based SAM, our model achieves optimal performance.

Active Label Analysis. As shown in Figure 3 (c), the per-
formance of the model increases generally with a larger label
budget p, demonstrating its stability and ability to exploit the
information from active labels. As illustrated in Figure 3 (d),
we visualize the distribution of labels selected by different
methods on 2D images. It is evident that voxel-based An-
notator or region-based ReDAL selection strategies result in
more concentrated labels, particularly in the latter one. On
the other hand, the Random method yields more evenly dis-
tributed labels but is not that informative, easily classifiable
road points are extensively selected. Our method balances
information richness and diversity, providing the most ef-
fective supervision for training with premium active labels.

Conclusion

In this paper, we delve into the issues of source-free ac-
tive domain adaptation for cross-modal 3D semantic seg-
mentation. We design a method called OmniQuery to ad-
dress the critical questions of “When, What, and Where”
in high-quality active label querying. Specifically, a curve-
fitting-based Query Decider for optimal timing, a feature-
ambiguity-based Point Ranker for rich information, and a
SAM-masks-based Budget Slicer for label diversity are pro-
posed. Numerous experiments prove its effectiveness. We
hope this work will provide some inspiration to the active
learning and autonomous driving communities.
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