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Abstract

4D point cloud segmentation is crucial for autonomous driv-
ing with continuous LiDAR streams. While test-time adap-
tation (TTA) is the standard approach for handling dynamic
environments, current methods suffer from catastrophic error
accumulation due to over-reliance on pseudo-labels. Active
learning could provide reliable annotations for critical sam-
ples, but combining it with TTA faces severe challenges: real-
time processing requirements and expensive 3D labeling costs.
In this paper, we propose ATTA-4DSeg, the first framework
to achieve efficient active test-time adaptation for 4D point
cloud segmentation under extreme budget constraints. Our
key insight is a self-reinforcing loop: oracle annotations refine
adaptation prototypes, which then guide the selection of subse-
quent high-value samples from regions with severe distribution
shifts, maximizing each annotation’s impact. Specifically, we
propose three key innovations: (1) dual-prototype comparison
that precisely localizes distribution shift boundaries to narrow
annotation scope, (2) Class-Inverse Budget Allocation (CIBA)
ensuring balanced adaptation across all categories, coupled
with hybrid uncertainty scoring combining voxel-level geome-
try and point-wise variance for optimal sample selection, and
(3) a refinement strategy leveraging sparse oracle annotations
to improve predictions on unlabeled points, maximizing anno-
tation utility. Extensive experiments show ATTA-4DSeg im-
proves mIoU by 18.87%, 19.92%, and 3.6% on three domain
adaptation benchmarks using only 1% annotation budget. Our
method operates 2.28× faster than state-of-the-art methods.
Remarkably, our approach reaches 90% of fully-supervised
performance using only 5% annotation budget.

Introduction
Point cloud segmentation is crucial in real-world applications
such as autonomous driving (Li et al. 2021), robotics (Chen
et al. 2021b) and scene understanding (Wang et al. 2024; Hu
et al. 2024). However, models trained on synthetic or curated
datasets often fail when deployed due to distribution shifts
from environmental changes (Chen et al. 2023). The real-
time processing demands of 4D LiDAR streams exacerbate
this problem, making offline adaptation methods impracti-
cal (Saltori et al. 2022; Zou et al. 2024). A natural direction to
address this issue is Test-Time Adaptation (TTA) (Wang et al.
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2021; Sivaprasad and Fleuret 2021; Saltori et al. 2022; Zou
et al. 2024; Shin et al. 2022; Jiang et al. 2024; Chen, Tang,
and Huang 2024), which enables online model adjustment
using unlabeled target data. While existing TTA methods
attempt to solve this problem, they face critical limitations:
entropy-based approaches (Wang et al. 2021; Sivaprasad and
Fleuret 2021) often fail due to the inherent sparsity of point
clouds, and pseudo-labeling strategies (Saltori et al. 2022;
Zou et al. 2024; Jiang et al. 2024) are prone to error accumu-
lation from unreliable predictions.

Crucially, mispredicted samples in pseudo labels often in-
dicate regions where distribution shifts occur and the model
struggles most (Wang, Peng, and Zhang 2021; Wang, Liang,
and Zhang 2024). Rather than treating all pseudo labels
equally, Active Test-Time Adaptation (ATTA) leverages ac-
tive learning (Ren et al. 2021; Prabhu et al. 2021; Ma, Gao,
and Xu 2021; Xie et al. 2022; mathelin et al. 2022) to strategi-
cally identify these challenging samples for oracle annotation.
By obtaining ground truth labels for the most difficult cases
where the model fails, ATTA enables targeted adaptation
to distribution shifts. While this approach is theoretically
promising, existing ATTA methods like SimATTA (Gui, Li,
and Ji 2024) and HILTTA (Li et al. 2024), despite success
in 2D applications, fail in 3D segmentation. SimATTA (Gui,
Li, and Ji 2024) cannot handle the unordered nature and
geometric properties of 3D point clouds, and its incremen-
tal clustering algorithm struggles with dense point clouds.
HILTTA (Li et al. 2024) employs model selection techniques
that are computationally prohibitive for large-scale stream
data in autonomous driving scenarios (Behley et al. 2019;
Caesar et al. 2020). Even if these technical limitations were
addressed, the challenge intensifies in 4D LiDAR streams
where both real-time constraints and the inherently expensive
nature of 3D annotation severely limit annotation budgets.
Despite each frame containing tens of thousands of points,
only a minimal fraction (<1%) can be practically annotated.
This scarcity makes every annotation precious, as selecting
outliers or points with minimal distribution shifts can perform
even worse than random selection (Mittal et al. 2019; Munjal
et al. 2022). This motivates the critical research question:

How to maximize adaptation effectiveness with minimal
annotation budget in large-scale and sparse point cloud seg-
mentation?

In this paper, we propose ATTA-4DSeg, a novel active test-
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Figure 1: ATTA-4DSeg framework overview.

time adaptation framework specifically designed for 4D point
cloud segmentation. Our key innovation is the elegant and ef-
ficient integration of active learning and test-time adaptation
that creates a self-reinforcing cycle. Specially, ATTA-4DSeg
operates through a closed-loop adaptation cycle integrating
four key components: First, we leverage dual prototypes to
first filter outliers, then precisely locate samples near distri-
bution shift boundaries - regions where shifts are most severe
and the model struggles most. Prioritizing annotation of these
boundary samples enables rapid model adaptation to difficult
cases, maximizing the impact of minimal annotation budgets
by focusing resources on the most informative samples that
represent unhandled distribution shifts, as shown in the green
circle of Fig. 1 left. Second, from the previously identified
target regions, we leverage point cloud geometric properties
and hybrid uncertainty entropy - combining voxel-level se-
mantic uncertainty with point-level prediction variance - to
precisely select the most informative points for annotation,
effectively handling point cloud irregularities (Fig. 1 middle).
Finally, we maximize oracle-annotated samples’ utility by
refining unlabeled data with adaptive prototype updates and
conservative pseudo-labeling in stable regions. This signif-
icantly expands the pool of reliable labels beyond limited
oracle annotations (Fig. 1 right), creating a self-reinforcing
cycle for continuous adaptation to evolving 4D streams.

Method
Preliminary
Test-time Adaptation (TTA) for point cloud segmentation.
Given a segmentation source model Fs pre-trained on source
domain Ds, TTA initializes a target model Ft and online
adapts its parameters θt using unlabeled target data during
inference to handle distribution shifts. For 4D point cloud seg-
mentation, the target model processes streaming point clouds
and must continuously adapt its parameters to maintain seg-
mentation performance across changing environments.
Active Learning strategically selects the most informative
samples from an unlabeled pool for oracle annotation to max-
imize model performance with minimal labeling cost. Given
annotation budget B, the goal is to identify samples that pro-
vide maximum information gain for model improvement.
Active Test-Time Adaptation (ATTA) combines both
paradigms by actively selecting high-value samples from
streaming test data for oracle annotation during the adaptation
process. Within each point cloud frame, the model iteratively
performs active selection for each pseudo-predicted class.
Specifically, for the t-th pseudo-predicted class in the current

frame, the model selects a subset A(t) ⊂ X(t) for annotation
subject to budget constraint |A(t)| ≤ B(t), then updates pa-
rameters using both oracle labels and refined pseudo-labels:

θt = argmin
θt

Loracle(A(t)) + λLpseudo(R(t)),

where R(t) represents reliable pseudo-labeled points. This
active selection process is conducted once for each pseudo-
predicted class, resulting in T total selections per frame,
where T corresponds to the number of distinct pseudo-
predicted classes present in the current point cloud frame.

Overview
Our ATTA-4DSeg framework operates through three syner-
gistic phases that create a self-reinforcing adaptation cycle:
• Shift Detection (Step 1): Efficiently narrows the annotation

search space by precisely identifying points at distribution
shift boundaries, reducing computational overhead while
focusing on the most informative regions.

• Uncertainty Fusion (Step 2): Combines voxel-level geo-
metric structure with point-wise uncertainty to select high-
quality annotation candidates that boost adaptation effec-
tiveness.

• Knowledge Propagation (Step 3): Amplifies the impact
of limited annotations by propagating oracle knowledge to
refine pseudo-labels in stable regions, creating a multiplier
effect for each annotated sample.

The pipeline as shown in Fig. 2. The complete ATTA-4DSeg
pipeline integrating shift detection, active selection, and
knowledge propagation. Detailed algorithmic procedures are
provided in the Appendix.

Prototype-Driven Shift Detection (Step 1)
Let X = {xi}Ni=1 be points in the current frame with pseudo-
labels ŷ from Ft. Following the fixed prototypical bound-
ary strategy (Chen et al. 2021a; Gong et al. 2025), our
dual-prototype framework serves two purposes: (1) identi-
fying high-value regions with distribution shift for active
annotation, and (2) detecting stable regions suitable for
pseudo-labeling. The source prototype qk = Wk ∈ Rd

for class k uses the target model’s segmentation weights,
remaining fixed during testing to preserve source domain
boundaries (i.e., the final segmentation head weights will
be frozen). The target prototype p

(t)
k ∈ Rd is computed

as p
(t)
k = 1

|Xt|
∑

xi∈Xt
fi, where Xt = {xi|ŷi = t} and

fi = Ft(xi). We iterate through all classes sequentially over
T = K iterations, updating the target prototype p

(t+1)
k

after each iteration using oracle-annotated samples from
D(t)

shift (detailed in next Section). For each point xi with pre-
dicted class k, we measure its alignment with both domains
through normalized cosine similarities: sq,i =

⟨fi,qk⟩
∥fi∥∥qk∥ and

sp,i =
⟨fi,p(t)

k ⟩
∥fi∥∥p(t)

k ∥
. These similarities directly measure distri-

butional shifts, we partition points into two candidate pools:

D(t)
shift = {xi | sq,i ≥ τq ∧ sp,i < τp},

D(t)
stable = {xi | sq,i ≥ τq ∧ sp,i ≥ τp}. (1)
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Figure 2: ATTA-4DSeg system architecture. The target model processes point clouds through three phases: (Step 1) Shift
detection using dual prototypes, (Step 2) Active update with CIBA budget allocation and uncertainty fusion, (Step 3) Pseudo-
label refinement. The framework creates a closed-loop adaptation cycle iteration t times.

The intuition is that points in D(t)
shift maintain source domain

characteristics (sq,i ≥ τq) but deviate from current target
distribution (sp,i < τp), indicating informative boundary
regions where the model struggles most. Points in D(t)

stable
remain consistent between source and target domains, repre-
senting regions suitable for reliable pseudo-labels. We adap-
tively set thresholds τq = Qγ(sq) and τp = Qγ(sp) using

the γ-percentile, where γ =
⟨qk,p

(t)
k ⟩

|qk||p(t)
k |

measures source-target

prototype alignment. When domains are well-aligned, we use
higher percentiles to focus on significant shifts; when poorly
aligned, lower percentiles capture broader variations.

Guided Active Update (Step 2)
From the candidate pool D(t)

shift, we select a subset of high-
value points for oracle annotation through three steps: (1)
allocate annotation budget across classes using our Class-
Inverse Budget Allocation (CIBA) method, (2) identify the
most informative points within each class using a hybrid
uncertainty measure, and (3) update the target prototype p(t)

k
with the selected oracle-annotated points.

Class-Inverse Budget Allocation (CIBA). Our CIBA
method addresses a critical challenge: minority classes often
suffer severe distribution shifts yet receive insufficient atten-
tion in uniform sampling. Given a total annotation budget
B = ⌊αN⌋ (typically α = 1%), we allocate budget inversely
proportional to class frequency:

Bk = ⌊wkB⌋ , where wk =
1/nk∑K
j=1 1/nj

. (2)

Here, nk = |{xi|ŷi = k}| denotes the number of points
predicted as pseudo class k. This ensures underrepresented
classes receive proportionally more annotations. For instance,
if vehicle class contains 10,000 points while pedestrian has
1,000, pedestrian receives 10× more budget per point, en-
abling balanced adaptation across all semantic categories.
Voxel Uncertainty Score. Point-wise uncertainty alone can
be noisy due to the sparse and non-uniform nature of 3D

point clouds. We therefore aggregate local geometric con-
text through voxelization. We partition the space into voxels
V = {vm}Mm=1 with size κ, considering only voxels that
intersect with D(t)

shift. For each voxel vm, we compute the
pseudo class distribution:

pm,k =
nm,k∑K
j=1 nm,j

, (3)

where nm,k = |{xi ∈ vm : ŷi = k}|. The voxel’s seman-
tic uncertainty is measured by normalized entropy:

Svoxel(m) =
H(m)

log(C(m))
, H(m) = −

K∑
k=1

pm,k log(pm,k).

(4)
where C(m) =

∑K
k=1 I(nm,k > 0) counts the number of

unique classes. The normalization factor log(C(m)) ensures
fair comparison: a voxel with 2 classes uniformly distributed
(uncertainty = 1) is considered more uncertain than a voxel
with 3 classes where one dominates.
Point Uncertainty Score. While voxel uncertainty captures
local semantic confusion, we also need fine-grained predic-
tion variance. Using Monte Carlo Dropout (Gal and Ghahra-
mani 2016; Saltori et al. 2022), we perform J forward passes
with different dropout masks for each point xi, obtaining
prediction vectors {pji ∈ RK}Jj=1:

Spoint(i) =
1

J

J∑
j=1

∥pji − p̄i∥2, where p̄i =
1

J

J∑
j=1

pji (5)

Higher variance indicates greater epistemic uncertainty in the
model’s predictions.
Acquisition Function. For each point xi ∈ D(t)

shift with
pseudo label ŷ = k, we combine both uncertainty measures:

Sk(i) = Spoint(i) + Svoxel(m), where xi ∈ vm (6)

This score leverages both geometric context and prediction
confidence. Within pseudo class k, we select the top Bk points
with highest Sk(i) scores to form the annotation set Pk.
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Target Prototype Update. With oracle-annotated points
from Pk, we update the target prototype p

(t)
k to incorporate

new domain knowledge while maintaining stability. We com-
pute the oracle-guided prototype:

p̂k =
1

|Pk|
∑

xi∈Pk

fi. (7)

The updated target prototype balances new annotations with
existing knowledge:

p
(t+1)
k = βp̂k + (1− β)p

(t)
k , where β =

|Pk|
nk

. (8)

Here, nk represents the total number of points belonging
to class k in the target domain. That is, the more annotated
points available, the more reliable the updated prototype
p̂
(t+1)
k becomes, allowing the model to trust oracle annota-

tions more. This oracle-guided update progressively refines
the target prototype representation, improving the accuracy
of D(t+1)

shift and D(t+1)
stable partitioning in subsequent iterations.

Oracle-Guided Refinement (Step 3)
After processing all K classes, we leverage oracle annota-
tions to refine pseudo-labels in stable regions, amplifying the
impact of our limited annotation budget. We first consolidate
the point sets:

Poracle =
K⋃

k=1

Pk, Dstable =
K⋃

k=1

D(k)
stable. (9)

Using the voxel grid, we compute local class distributions
from oracle-annotated points. For each voxel vm containing
oracle annotations:

Am = {xi ∈ vm ∩Poracle}, qm,k =
|xi ∈ Am : yi = k|

|Am|
(10)

For each point xj ∈ Dstable in voxel vm, we compute a hy-
brid refinement score combining local voxel-level class distri-

bution qm,k with global feature alignment sj,k =
⟨fj ,p(K)

k ⟩
∥fj∥∥p(K)

k ∥
:

ϕj(k) = qm,k + sj,k, ŷrefj = argmax
k

ϕj(k). (11)

We apply conservative filtering to maintain high confidence:

Preliable = {xj ∈ Dstable : ŷ
ref
j = ŷj} (12)

This consistency check ensures we only propagate oracle
knowledge to points in stable regions where refinement
agrees with original predictions, effectively multiplying the
value of each annotation.

Training Objective
Following prior works (Saltori et al. 2022; Zou et al. 2024),
we optimize a composite soft dice loss and time consistance
loss function:

L = Loracle
dice + λLreliable

dice + Lreg (13)

Loracle
dice applies the soft Dice loss to high-quality oracle-

annotated points in Poracle, while Lreliable
dice applies the same

loss to refined pseudo-labeled points in Preliable with confi-
dence weighting λ. We further incorporate Lreg , a temporal
consistency regularization term that ensures smooth predic-
tions across consecutive frames. More details are provided in
the Appendix.

Experiments
Setup
Dataset: We utilize synthetic SynLiDAR (Xiao et al. 2022)
and Synth4D (Saltori et al. 2022) for training, and real-world
SemanticKITTI (Behley et al. 2019) and nuScenes (Caesar
et al. 2020) for validation. Our method addresses (i) synthetic-
to-real adaptation (e.g., SynLiDAR → SemanticKITTI), and
(ii) cross-condition generalization (e.g., weather and sensor
variations). Experiments cover diverse environments, point
densities, and class distributions. Evaluation Metric: Fol-
lowing the standard assessment framework established in
GIPSO (Saltori et al. 2022) and HGL (Zou et al. 2024), we
evaluate performance using semantic segmentation metrics.
We assess the intersection-over-union (IoU) for individual
semantic categories as well as the overall mean intersection-
over-union (mIoU) across all classes. Results show perfor-
mance gains relative to the baseline source model to demon-
strate adaptation effectiveness.
Implementation Details: We adapt MinkowskiNet (Choy,
Gwak, and Savarese 2019) as the backbone for point cloud
segmentation and utilize the same training recipe for prepar-
ing the source model as GIPSO (Saltori et al. 2022). We use
the Adam optimizer with learning rate of 0.0004. Unless spec-
ified, all experiments are conducted with voxel size κ = 30,
λ = 0.8 in Eq. (14), and budget α = 1% in Eq. (2).
Baseline Methods For test-time adaptation, we compare
against classic baselines that have proven successful in
2D applications, including ProDA (Zhang et al. 2021),
SHOT (Liang, Hu, and Feng 2020), TENT (Wang et al. 2021),
and ConjugatePL (Goyal et al. 2022), as well as state-of-the-
art 3D methods GIPSO (Saltori et al. 2022) and HGL (Zou
et al. 2024). For active learning, we evaluate against classic
methods including Random, Entropy (Wang and Shang 2014),
and Margin sampling (Joshi, Porikli, and Papanikolopoulos
2009), along with VCD (Xie et al. 2023) which demonstrates
high efficiency in 3D scenarios. Full experimental details are
available in the Appendix.

Main Results
We evaluate our ATTA-3DSeg across three domain adapta-
tion scenarios, comparing TTA and AL methods.
SynLiDAR → SemanticKITTI. In Table 1, Our method
achieves 18.87% average mIoU improvement, substantially
outperforming the best TTA method HGL at 6.72% and AL
method Random at 12.59%. Traditional TTA methods suffer
from catastrophic negative transfer by relying on entropy
minimization without distinguishing reliable pseudo-labels
from domain-induced noise. Pure AL methods show posi-
tive gains but lack domain-specific adaptation. Our +13.27%
improvement on Pedestrian class is particularly noteworthy,
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Model Vehicle Pedestrian Road Sidewalk Terrain Manmade Vegetation Avg.
Source 59.80 14.20 34.90 53.50 31.00 37.40 50.50 40.19

Test-time Adaptation Methods
ProDA (Zhang et al. 2021) -53.30 -13.79 -33.83 -52.78 -30.52 -36.68 -49.29 -38.60
SHOT (Liang, Hu, and Feng 2020) -57.83 -12.64 -24.80 -46.02 -30.80 -36.83 -49.32 -36.89
TENT (Wang et al. 2021) -0.27 -3.54 +1.63 +1.49 -0.33 +4.96 +4.15 +1.15
ConjugatePL (Goyal et al. 2022) +4.16 -0.73 +1.82 +1.80 -1.36 +5.27 +4.95 +2.27
GIPSO (Saltori et al. 2022) +13.95 -6.76 +3.26 +5.01 +3.00 +3.34 +4.08 +3.70
HGL (Zou et al. 2024) +14.76 +5.66 +1.83 +5.43 +7.33 +5.64 +6.40 +6.72

Active Learning Methods
Random +15.58 -11.63 +7.13 +15.99 +23.71 +22.54 +14.82 +12.59
Entropy (Wang and Shang 2014) +15.86 -11.95 +7.43 +16.27 +25.39 +21.48 +11.49 +12.28
Margin (Joshi, Porikli, and Papanikolopoulos 2009) +15.40 -11.57 +7.21 +14.47 +22.18 +21.31 +13.24 +11.75
VCD (Xie et al. 2023) +9.19 -6.84 +4.49 +6.60 +18.16 +15.47 +11.16 +8.32

Ours +15.77 +13.27 +8.30 +18.10 +28.72 +24.38 +23.58 +18.87

Table 1: mIoU improvement (%) comparison in SynLiDAR → SemanticKITTI test-time adaptation.

Model Vehicle Pedestrian Road Sidewalk Terrain Manmade Vegetation Avg.
Source 63.90 12.60 38.10 47.30 20.20 26.10 43.30 35.93

Test-time Adaptation Methods
ProDA (Zhang et al. 2021) -57.77 -12.34 -37.36 -46.95 -19.97 -25.62 -42.48 -34.64
SHOT (Liang, Hu, and Feng 2020) -62.44 -12.00 -28.27 -40.20 -20.00 -25.47 -42.55 -32.99
TENT (Wang et al. 2021) +5.40 -0.30 -2.40 -3.95 -0.95 +5.73 +3.42 +0.99
ConjugatePL (Goyal et al. 2022) +5.93 -0.03 -1.69 -1.86 +1.43 +1.62 +4.98 +1.48
GIPSO (Saltori et al. 2022) +13.12 -0.54 +1.19 +2.45 +2.78 +5.64 +5.54 +4.31
HGL (Zou et al. 2024) +13.24 +3.84 +0.79 +1.95 +5.27 +10.98 +8.73 +6.40

Active Learning Methods
Random +11.14 -7.75 +2.87 +18.67 +28.21 +22.77 +15.10 +13.00
Entropy (Wang and Shang 2014) +11.06 -9.02 +2.98 +18.78 +28.71 +23.42 +14.69 +12.95
Margin (Joshi, Porikli, and Papanikolopoulos 2009) +11.35 -8.28 +2.40 +16.52 +26.63 +22.41 +13.91 +12.14
VCD (Xie et al. 2023) +6.99 +2.45 -0.01 +9.30 +25.04 +26.98 +20.31 +13.01

Ours +11.50 +9.23 +3.72 +20.24 +33.95 +32.24 +28.59 +19.92

Table 2: mIoU improvement (%) comparison in Synth4D → SemanticKITTI test-time adaptation.

Model Vehicle Pedestrian Road Sidewalk Terrain Manmade Vegetation Avg.
Source 22.45 14.38 42.03 28.39 15.58 38.18 54.14 30.75

Test-time Adaptation Methods
ProDA (Zhang et al. 2021) +0.57 -1.40 +0.73 +0.09 +0.71 +0.40 +0.91 +0.29
SHOT (Liang, Hu, and Feng 2020) +0.82 -1.77 +0.68 -0.05 -0.70 -0.54 +1.09 -0.07
TENT (Wang et al. 2021) -0.16 -0.20 -1.25 -0.29 +0.02 -0.12 -0.34 -0.34
ConjugatePL (Goyal et al. 2022) +1.14 -0.41 +0.15 +0.67 +0.41 +0.58 +1.40 +0.57
GIPSO (Saltori et al. 2022) +0.55 -3.76 +1.64 +1.72 +2.28 +1.18 +2.36 +0.85
HGL (Zou et al. 2024) +1.42 -2.58 +5.57 +2.80 +2.16 +1.02 +2.32 +1.87

Active Learning Methods
Random +2.69 -2.45 +2.09 +5.14 +6.45 +2.38 +3.57 +2.88
Entropy (Wang and Shang 2014) +2.96 -3.01 +2.33 +4.93 +6.16 +2.23 +3.72 +2.82
Margin (Joshi, Porikli, and Papanikolopoulos 2009) +2.76 -3.17 +2.09 +4.98 +6.06 +2.12 +3.37 +2.66
VCD (Xie et al. 2023) +2.17 -2.23 +1.39 +3.15 +3.29 +0.79 +2.45 +1.62

Ours +2.01 -1.78 +3.98 +6.20 +6.92 +2.80 +4.93 +3.62

Table 3: mIoU improvement (%) comparison in Synth4D → nuScenes test-time adaptation.

as pedestrians consistently represent the worst performing
class across all baselines due to severe class imbalance. This
demonstrates our CIBA strategy’s effectiveness - by allo-
cating annotation budget inversely proportional to class fre-
quency, we ensure comprehensive coverage of all semantic
categories, particularly those that confidence-based filtering
approaches struggle with due to insufficient samples.
Synth4D → SemanticKITTI. As shown in the Table 2,
We achieve 19.92% improvement, representing a 3.1× en-
hancement over HGL’s 6.40%. Traditional AL methods show
positive gains but have clear limitations under domain shift.
Looking at AL baseline results, they achieve very similar
performance, showing that standard uncertainty measures
fail to work properly in cross-domain settings. This occurs

because domain shift makes uncertainty estimation unreli-
able: entropy-based methods mistake domain differences for
model uncertainty, selecting samples that seem “hard” but
are actually just noisy (Karamcheti et al. 2021). Our dual-
prototype approach models both domain features directly,
allowing it to distinguish truly informative samples from
domain-caused false uncertainty.
Synth4D → nuScenes. Despite cross-sensor challenges, our
method achieves +3.62% improvement, outperforming HGL
(+1.87%) and VCD (+13.01%) (See Table 3). The smaller
gains reflect compounded challenges from sensor gaps: 64
vs 32-beam differences and varying point densities. Yet our
approach maintains resilience on difficult classes, showing
our dual-level uncertainty quantification (geometric struc-
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ture + point-wise prediction) enables more robust sample
selection than baseline single-metric approaches. Our hybrid
method delivers 2-3× gains through superior AL score design.
Unlike entropy-based methods relying solely on prediction
confidence, our multi-scale uncertainty fusion captures geo-
metric consistency and prediction reliability, enabling stable,
informative selection at 1% budget.

Figure 3: Budget analysis on Synth4D → SemanticKITTI

Budget
To evaluate our method’s efficiency under varying annota-
tion constraints, we conduct comprehensive budget analysis
across different annotation percentages of 0.1%, 0.5%, 1%,
and 5% on the Synth4D → SemanticKITTI adaptation task,
as illustrated in Fig. 3. Our method consistently outperforms
all active learning baselines across all budget levels. At the
minimal 0.1% budget, approximately 80 points per frame,
our approach achieves 6.2% mIoU. Notably, our method ap-
proaches the Full Annotation performance of 22.8% mIoU
more rapidly than baselines. At 5% budget, we achieve 22.3%
mIoU, reaching 90% of full supervision performance. This
rapid convergence validates that our prototype-guided selec-
tion identifies the most critical samples early in the annota-
tion process, demonstrating high practicality for real-world
deployment where annotation resources are severely limited.

Ablation Study
Selection Strategy. To validate our Class-Inverse Budget
Allocation (CIBA), we examine class coverage impact on
Synth4D → SemanticKITTI (Fig. 4). Results show mono-
tonic improvement with increasing coverage. Allocating bud-
get solely to the frequent Vehicle class degrades performance
(-12.1% avg), boosting Vehicle (+5.2%) but hurting rare
classes (e.g., Sidewalk -29.3%). Performance reaches +18.9%
mIoU with full 7-class coverage. Diminishing returns at
higher levels (6→7: +1.2% vs. 3→4: +2.8%) confirm CIBA
efficiently prioritizes critical classes. Thus, inverse-frequency
coverage is essential for adaptation, preventing performance
drops in underrepresented categories common in frequency-
based methods.
Active Learning Score. To validate our hybrid uncertainty
measurement, we conduct an ablation study examining indi-
vidual components of our active learning score (Table 4). The
full pipeline (#4) achieves 18.87% mIoU. Without proto-
type updates (#1), performance drops to 17.12%, highlight-
ing the importance of adaptive refinement across iterations.

#ID Svoxel Spoint update pk mIoU
1 ✓ ✓ ✗ 17.12
2 ✗ ✓ ✓ 13.90
3 ✓ ✗ ✓ 15.89
4 ✓ ✓ ✓ 18.87

Table 4: Ablation study of our pipeline.

Method GIPSO HGL Entropy VCD Ours

Inference time (s) 0.96 2.76 0.70 1.79 1.21
Selection Complexity - - O(n log n) O(n) O(n+ c log c)

Table 5: Computational efficiency comparison.

Among individual uncertainty measures, voxel uncertainty
(#3) achieves 15.89% mIoU, outperforming point uncer-
tainty (#2) at 13.90%. This 1.99% gap demonstrates that
voxel-level scoring better captures spatial context in sparse
3D point clouds. Combining both uncertainties (#4) yields a
2.98% improvement over each individual method, as voxel
scoring provides geometric consistency while point scoring
captures prediction confidence. The prototype update mech-
anism contributes +1.75% improvement (comparing #1 vs
#4), ensuring selection criteria evolve with the target domain.
This ablation confirms that each component addresses differ-
ent uncertainty aspects necessary for robust sample selection
under extreme annotation constraints.

Analysis of Time Efficiency
Table 5 presents the computational efficiency comparison
on Synth4D → SemanticKITTI. Our method achieves 1.21s
inference time, 2.28× faster than HGL (2.76s) while maintain-
ing superior performance. Compared to pure active learning
methods, our approach exhibits moderate computational over-
head (+0.58s vs VCD) because we perform sample selection
only within designated region candidates, while VCD re-
quires evaluating the entire point cloud of each frame. For se-
lection complexity, traditional AL methods require O(nlogn)
for global sorting. Our method achieves O(n+clogc), where
c ≪ n represents shift region candidates. The O(n) handles
prototype similarity for all points, while O(clogc) covers
sorting within the reduced set. Since shift regions typically
contain <10% of points, the overall complexity becomes
around O(n). This efficiency makes our approach practical
for real-time 4D LiDAR task with low latency constraints.

Visualization
Fig. 5 shows qualitative results on SemanticKITTI. Our
method achieves more accurate segmentation, particularly for
challenging minority classes. In the circled regions, GIPSO
and HGL exhibit significant misclassifications and bound-
ary confusion, while our approach produces cleaner class
boundaries closer to ground truth. This visual improvement
demonstrates how our dual-prototype mechanism and CIBA
strategy effectively handle distribution shifts and class imbal-
ance in real-world scenarios.

Related Work
Test-time Adaptation (TTA). TTA are designed to mitigate
distribution discrepancies between source and target domain
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Figure 4: Class coverage analysis on SynLiDAR → SemanticKITTI.
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Figure 5: Qualitative results on SemanticKITTI.

datasets. For two-dimensional image processing, TTA frame-
works employ entropy-based optimization (Wang et al. 2021),
pseudo-label generation (Wang et al. 2022), or augmenta-
tion invariance principles (Sun et al. 2020) to refine network
weights across diverse 2D applications. Despite achieving
considerable success in 2D visual tasks, the direct application
of these methodologies to 3D scenarios frequently results in
subpar performance, primarily due to inadequate considera-
tion of the distinctive geometric structural properties inherent
in 3D point clouds (Shin et al. 2022). CloudFixer (Zhang
et al. 2021) achieves model adaptation by optimizing geomet-
ric transformation parameters. GIPSO (Saltori et al. 2022)
employs geometric and temporal information for pseudo-
label propagation to mitigate domain shift. HGL (Zou et al.
2024) utilizes a hierarchical geometric structure in point-
cloud streams and a temporal consistency regularization mod-
ule to adapt the pre-trained model. CoMAC (Cao et al. 2023)
leverages class-Wise momentum queues prevent catastrophic
forgetting. MOS (Chen et al. 2025) introduced dynamic
checkpoint selection for LiDAR-based detection. While these
methods achieve adaptation through self-supervised learning
with pseudo-labels, they suffer from error accumulation due
to unreliable pseudo-labels in regions with severe distribution
shifts. To address this limitation, our work integrates active
learning with TTA to strategically incorporate oracle annota-
tions for enhanced model adaptability.
Active Learning. The high cost of 3D annotation drove in-
novation in active learning strategies that achieve near-full

performance with minimal labeled data (Luo et al. 2023).
HPAL (Xu et al. 2023) introduced point-level selection with
hierarchical context. VCD (Xie et al. 2023) introduces a
voxel-centric active learning baseline that leverages voxel
confusion degree to exploit local topology relations and point
cloud structures. These active learning methods have made
significant contributions to the 3D domain, but most of them
cannot meet the requirements of TTA methods due to real-
time constraints.
Active Test-time Adaptation (ATTA). ATTA is a powerful
synthesis of active learning and test-time adaptation, provid-
ing theoretical guarantees while maintaining practical effi-
ciency. SimATTA (Gui, Li, and Ji 2024) provided the first
formal ATTA framework with learning theory guarantees.
Their real-time sample selection uses entropy balancing to
prevent catastrophic forgetting while incorporating limited
labeled test instances. EATTA (Wang and Ding 2025) min-
imized annotation burden to one sample per batch. Their
border sample identification uses feature perturbation to find
samples feasible for single-step adaptation. In this work, we
mainly focus on how to improve the utilization of oracle an-
notations under low budget constraints on 3D applications.

Conclusion

In this paper, we introduce ATTA-4DSeg, a novel active test-
time adaptation framework for 4D point cloud segmentation
under severe annotation constraints. By efficiently identifying
informative samples at distribution boundaies while main-
taining balanced adaptation across all classes, ATTA-4DSeg
achieves effective adaptation with minimal annotation budget.
Extensive experiments demonstrate significant performance
improvements over baselines while maintaining computa-
tional efficiency, validating its effectiveness for real-world
LiDAR deployment. This work opens promising directions
for extending active adaptation to broader 3D perception
tasks and autonomous driving scenarios.
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