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Abstract

Adapting pre-trained LiDAR segmentation models to dy-
namic domain shifts during testing is of paramount impor-
tance for the safety of autonomous driving. Most exist-
ing methods neglect the influence of domain changes and
point density in continual test-time adaption (CTTA), re-
lying on backpropagation and large batch sizes for sta-
bility. We approach this problem with three insights: 1)
Point clouds at different distances usually have different
densities resulting in distribution disparities; 2) The fea-
ture distribution of different domains varies, and domain-
aware parameters can alleviate domain gaps; 3) Fea-
tures are highly correlated and make segmentation of dif-
ferent labels confusing. To this end, this work presents
D3CTTA, an online backpropagation-free framework for
3D continual test-time adaption for LiDAR segmentation.
D3CTTA consists of a distance-aware prototype learning
module to integrate LiDAR-based geometry prior and a
domain-dependent decorrelation module to reduce feature
correlations among different domains and different cate-
gories. Extensive experiments on three benchmarks show-
case that our method achieves a state-of-the-art perfor-
mance compared to both backpropagation-based methods
and backpropagation-free methods. Code is available at
https://github.com/ZhaoJichun1/D3CTTA.

1. Introduction
Leveraging simulation data to train segmentation models
for autonomous driving becomes a favorable choice for its
scalable label collection and wide coverage of diverse cor-
ner cases [33, 38]. However, real-world testing scenes have
a very different data distribution from the synthetic ones,
raising a critical problem for the robustness and safety of
autonomous driving. Moreover, a driving car can encounter
dynamic and diverse domain changes over time due to dif-

*Joint Corresponding Authors. Haiyong is the Project Lead.

ferent sensor configurations, environmental changes, and
viewpoint shifts. To address these problems, we aim at on-
line continual test-time adaptation (CTTA) for LiDAR seg-
mentation without access to the source domain.

The origin of CTTA can be traced to test-time adaption
(TTA) [14, 40, 47, 48] that adapts a source-trained model to
a single specific domain at test time. Therefore, TTA-based
methods are designed for adapting to a single test domain
rather than handling continuous domain shifts. The semi-
nal work on CTTA, CoTTA[41], utilizes the mean teacher
framework for continual parameter updating and stochas-
tic restoration to mitigate cumulative errors. Subsequent
works [1, 2, 9, 23] follow the mean teacher framework
and focus on improving pseudo-label quality and stabilizing
model updates across domains. Particularly, GIPSO [33]
addresses 3D TTA by utilizing a highly time-consuming ge-
ometric feature encoder for label propagation. While ef-
fective, these methods require computationally expensive
backpropagation and some even need large batch sizes for
stable parameter updates, limiting their practicality for au-
tonomous driving scenes. Furthermore, most of these meth-
ods are primarily designed for 2D classification tasks and
merely leverage the unique density distributional properties
of LiDAR data, particularly when point cloud density and
geometric structures vary significantly across domains.

To address these issues, we propose a domain-aware
backpropagation-free approach for 3D LiDAR CTTA,
termed D3CTTA. The first idea is to leverage density vari-
ations within a LiDAR scan to enhance domain adaptation.
Traditional prototype-based methods [14] construct a pro-
totype for each category. Considering varying point cloud
densities usually result in distributional disparities [5, 11,
12, 43], representing them with different prototypes accord-
ing to densities is a better choice. The density of LiDAR
points is correlated to their distance to the LiDAR sensor,
therefore we can construct distance-aware prototypes for
better discriminativity. Moreover, the semantic consistency
among neighboring regions also provides a geometric clue
to select reliable predictions for model adaption.
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Another observation is that point-wise features are
highly correlated, resulting in susceptible classifications to
noisy input, as shown in the left and middle of Fig. 3 (a).
Compared to the backpropagation-based CTTA, removing
feature correlations can be conducted online without any
optimization and is very efficient. Considering the data dis-
tribution of different testing domains varies a lot, we make
the decorrelation and classification domain-specific, further
alleviating domain confusion.

To fulfill the above ideas, we present a domain-
dependent decorrelation method for 3D CTTA. The
overview of the method is shown in Fig. 1. D3CTTA con-
sists of two core modules: a Distance-Aware Prototype
Learning (DAPL) module and a Domain-Specific Decor-
relation (DSD) module. The DAPL module constructs
distance-aware prototypes by accounting for the influence
of varying point cloud density on learned point cloud fea-
tures. The DSD module conducts domain-specific decorre-
lation with reliable predictions from the DAPL module and
finally predicts the LiDAR segmentation.

To summarize, our contributions lie in the following as-
pects.
• A novel framework for online 3D CTTA without back-

propagation.
• The distance-aware prototype learning module to incor-

porate the LiDAR geometry prior to CTTA.
• The domain-specific decorrelation module to reduce

point-wise feature correlations for less category confu-
sion.

• State-of-the-art performance on three CTTA benchmarks,
Synth4D to SemanticKITTI-C, Synth4D to nuScenes-C,
and repeating domains from Synth4D to SemanticKITTI-
C, demonstrating its effectiveness for 3D CTTA.

2. Related work

2.1. Test-Time Adaptation

Test-time adaptation aims to adapt source-pretrained mod-
els to target domains during inference. A typical line of
works [10, 14, 33, 39, 45, 47, 48] relies on pseudo labels
to guide the adaptation. Pseudo-labels are not equally cer-
tain and important, so some methods [14, 48] select confi-
dent samples for prototype construction, while ProDA [47]
weights samples based on their distance to prototypes. Re-
cent works [33, 51] on 3D segmentation only leverage geo-
metric prior for reliable pseudo-label construction.

Batch normalization (BN) updates [13, 22, 29, 40, 42]
form another kind of approach for TTA. TENT [40] up-
dates BN layers by minimizing entropy and ensures fast
adaptation by recalculating batch statistics on the fly, while
DIGA [42] proposes updating BN statistics using exponen-
tial moving averages to adapt smoothly. TTN [22] adjusts
BN layers based on domain shift sensitivity, dynamically

balancing source and target domain statistics. Another strat-
egy for TTA is to use entropy minimization [7, 21, 29, 40,
46, 49] to encourage more confident predictions on target
domain samples. For example, TENT [40], AugMix [7],
and MEMO [46] directly minimize prediction entropy to
encourage confident outputs. These methods collectively
provide diverse pathways to improve TTA, balancing effi-
cient adaptation through pseudo-labeling, BN updates, and
robust entropy minimization, ensuring models remain reli-
able across changing target domains. In this work, we focus
on continual TTA for LiDAR segmentation.

2.2. Continual Test-Time Adaptation

CTTA is a special case of TTA with continuously chang-
ing target domains during adaption. The pioneering work
CoTTA [41] introduces a mean teacher framework using
augmentation-average predictions to mitigate cumulative
errors and a stochastic restoration mechanism to prevent
catastrophic forgetting. To improve prediction accuracy and
stability, some methods enhance the mean teacher frame-
work with a symmetric cross-entropy loss [6], regulariza-
tion on the posterior distribution [1], and across-modal la-
bel fusion [2]. Another category of methods [9, 36, 44] ad-
dresses CTTA through data augmentation, additional data
memories, and adaptive sampling. Additionally, some ap-
proaches [20, 23, 27] tackle domain-specific challenges
by dynamically detecting domain changes and learning
domain-specific models by low-rank experts [20] and mod-
eling resetting [27]. ViDA [23] exploits high-rank embed-
ding for domain-specific knowledge and low-rank embed-
dings for domain-shared knowledge.

2.3. Domain Adaption for LiDAR Segmentation

Point cloud semantic segmentation has been widely stud-
ied, with various methods proposed to tackle different chal-
lenges in 3D scene understanding [50]. However, au-
tonomous driving presents unique domain adaptation chal-
lenges due to diverse domain shifts, such as varying num-
bers of LiDAR beams and changing weather conditions.
These domain changes have a significant impact on the
robustness of 3D perception and make it urging to prop-
erly adapt the trained model. Data mixing is a widely
adopted domain adaption method and is also suitable for Li-
DAR segmentation [18, 19, 32]. Adversarial methods have
also been explored for LiDAR segmentation [3, 4], typi-
cally leveraging adversarial training frameworks to gener-
ate fake target-domain data, thereby aligning the source do-
main distribution with the target domain. Furthermore, the
semantic continuity in the geometry structures and tempo-
ral motion patterns consists of two important clues to con-
struct better pseudo labels [24, 30, 34, 35]. Another obsta-
cle lies in the changes in LiDAR beam densities. There-
fore, density-aware features and data augmentation strate-
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Figure 1. Framework of our backpropagation-free D3CTTA. The Distance-Aware Prototype Module learns prototypes for point clouds at
varying distances and refines pseudo-labels through KNN filtering. The Domain-Specific Decorrelation Module reduces feature confusion
by applying decorrelations. It distinguishes the domain of the current sample by evaluating the similarity of batch normalization (BN)
between consecutive frames and domain distributions, then updates distinct decorrelation matrices and prototypes for each domain.

gies [12, 15, 16, 35] are good strategies to sidestep domain
gaps caused by the density of LiDAR beams. In this work,
we focus on domain-specific adaptions in an online setting.

3. Methodology

This work aims at online continual test-time adaption of a
pre-trained source model for 3D LiDAR segmentation in
different target domains. The online CTTA takes as in-
put one unlabeled LiDAR scan X from a target domain
D = {DT1

, DT2
, . . . , DTn

} and updates the source model
Fs to a target model Ft without training. The challenges
of the problem lie in two aspects. First, the data distribu-
tion of target domains may diverge from the source training
domain and can change over time due to factors like sensor
variations, environmental changes, or shifts in viewpoints.
Second, the adaption process does not have access to source
domain data and allows only a one-time pass through each
target domain.

To address this problem, we propose a domain-specific
adaption method called D3CTTA, consisting of a Distance-
Aware Prototype Learning module and a Domain-Specific
Decorrelation module. The overview is shown in Fig. 1.
First, the method takes as input a LiDAR scan and pre-
dicts pseudo labels with the source model. The DAPL mod-
ule selects reliable predicted pseudo labels with a Space-
Aware Filter and continuously updates classification pro-
totypes with reliable pseudo labels (see Sec. 3.2). After-
ward, the DSD module takes the reliable pseudo labels and
constructs unique decorrelation matrices and prototypes for
each domain (see Sec. 3.3). This module enables us to opti-

mize feature distributions effectively without computation-
ally intensive backpropagation while minimizing the mu-
tual influence of distributional differences across domains,
ultimately achieving more accurate predictions. At last, we
take the prediction of the DSD module as the final result.

3.1. Preliminary: Prototype-based TTA

Pseudo-prototypical classifier [14] is a typical method for
optimization-free TTA. And prototypes are typically used to
capture data and class characteristics [8, 25]. Assuming the
pre-trained segmentation model can be divided into the last
linear layer gw for point-wise classification and a feature
extractor fθ for the rest network. The method replaces gw
with a prototype-based classifier and adjusts prototype fea-
tures according to the support set Stk for each time step t and
category k. The support set is initiated as S0k = { wk

||wk||} and
updated by appending L2 normalized point features with re-
liable pseudo labels, where wk are the parameters of gw for
a category. Afterward, the prototype is updated with the L2
normalized centroid of Stk:

P t
k =

1

|Stk|
∑
z∈Stk

z, (1)

where Stk collects normalized point features with reliable
pseudo label k at each testing step. A point from LiDAR
scan X with feature z ∈ fθ(X) is then classified by
argmaxk z ·P t

k . The probability distribution for each point
from LiDAR scan X with feature z ∈ fθ(X) is defined as

exp(z·P t
k)∑

j exp(z·P t
j )

. Reliable pseudo labels are selected by taking
points with an Entropy smaller than a preset threshold.
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Figure 2. Visualization results of point clouds at varying distances
within the same scene. Near-range point clouds (left) and far-range
point clouds (right) show a clear difference in density.

3.2. Distance-aware Prototype Learning

Prototype-based TTA constructs a prototype for each cat-
egory. In this work, we take it further by constructing
distance-aware prototypes. Given the close relationship
between point cloud density and sensor distance, we ob-
serve that point clouds with varying densities exhibit dis-
tinguishable distributional disparities when the model faces
challenges in representing cross-domain data, as shown in
Fig. 2. To address this, we propose a distance-based seg-
mentation strategy, dividing the point cloud into m distinct
regions according to density levels. Specifically, we define
a set of thresholds ϕ = {ϕ1, ϕ2, . . . , ϕm} with ϕ1 < ϕ2 <
· · · < ϕm that segment the point cloud based on sensor dis-
tance. For a point q ∈ R3, if its xy-coordinate (qx, qy)

satisfies ϕj ≤
√
q2
x + q2

y < ϕj+1, the point belongs to re-

gion j and we denote it as Θj(q)=1 (otherwise Θj(q)=0).
Each region has its specific prototypes, allowing the model
to capture region-aware variations. We update the prototype
P ∗

i,j for each class i in region j over time using an Expo-
nential Moving Average (EMA) [25] with a momentum α
as follows:

P t+1
i,j = α ·P t

i,j +(1−α) ·
∑

qk∈X,zk∈fθ(X) Θj(qk) · zk∑
qk∈X Θj(qk)

.

(2)

Due to domain shifts, predictions are often unreliable,
so we have to refine pseudo-labels further. While con-
ventional approaches rely on prediction confidence or en-
tropy for refinement, our experiments show that these met-
rics can sometimes be biased in cases of large domain
shifts. Therefore, we leverage the spatial consistency of
K-Nearest Neighbors (KNN) to assess prediction stability
across neighboring points. Specifically, we define Λ(p) as
the ratio of neighboring points that share the same pseudo-
label as the current point p. Then points with consistency
Λ(·) greater than a threshold are assumed to have reliable
pseudo labels, improving the model’s adaptability to do-
main shifts.

3.3. Domain-Specific Decorrelation for Adaption

Despite improved predictions with the DAPL module, the
extracted point-wise features from fθ are still highly corre-
lated among different categories due to the domain gap, es-
pecially in a training-free setting. As shown in Fig. 3a(left),
we calculate the Pearson correlation matrix between proto-
types of different classes and observe a high level of corre-
lations across class features, indicating a tendency for class
confusion.

Therefore, we decorrelate extracted features to counter-
strike the correlation problem. Following RanPAC [26],
we first apply a randomly initialized fixed random projec-
tion matrix W ∈ Rd×d′

to map features into a higher-
dimensional space, where d is the original feature dimen-
sion and d′ is a higher dimension, and then perform decor-
relation on both the features and the prototypes to construct
better representations. For sample Xt at time step t, we
compute the cumulative Gram matrix Gt and the prototyp-
ical features Ct as follows:

Gt =

t∑
k=1

hk ⊗ hk, Ct =

t∑
k=1

hk ⊗ yk, (3)

where ⊗ means outer products, ht = ϕ(fθ(X
t) ·W ) rep-

resents the projected high-dimensional feature, and ϕ is a
nonlinearity function. Note that the prototype C here differs
from the prototype P in the DAPL module. P is directly
computed from the raw features and is used for pseudo-label
optimization, whereas C is derived from decorrelated fea-
tures to obtain the final prediction. The final prediction ŷ
for this sample is given by:

ŷ = ht(Gt + λ · I)−1Ct, (4)

where λ is a regularization to avoid ill-posed Gram matrix.
For further details, refer to the derivation in RanPAC.

As shown in Fig. 3a(middle), the decorrelation process
significantly reduces the degree of class feature confusion.
Additionally, in Fig. 3b, We calculate the cosine similar-
ity distribution between each sample feature and its corre-
sponding class prototype (red) as well as the prototypes of
the other C − 1 classes (green). After decorrelation, the
overlap area between these distributions decreases notably,
highlighting the reduction in cross-class feature confusion.

To achieve a more precise and stable computation of the
decorrelation matrix, we use a cumulative summation ap-
proach, rather than an EMA-based accumulation, to calcu-
late the Gram matrix. However, different domains exhibit
feature shifts among each other, resulting in differences in
their respective decorrelation matrices (see Fig. 4). In light
of this cross-domain confusion, we employ separate Gram
matrix Gt

d and prototypical features Ct
d for each domain,

aiming for more accurate predictions. We distinguish do-
mains using BN statistical parameters similar to previous
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Figure 3. Correlations and similarity distributions. (a) Pearson correlation coefficients for 7 class prototypes of “cross sensor” domain.
(b) Similarity distribution between all point-wise features and prototypes from the “fog” domain scenes: green indicates similarity with
their corresponding class prototype, and red with prototypes from other classes. In both (a) and (b), from left to right: results without
decorrelation, results with domain-specific decorrelation (a separate decorrelation matrix for each domain), and results with a global
decorrelation matrix (calculated across all domains) applied to all prototypes and features.
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Figure 4. Distance distribution between features and prototypes
within the same domain (blue) and across different domains (red)
for the “vehicle” class. The intra-domain uses “cross-sensor”.

methods [27, 37]. Specifically, we use BN statistical pa-
rameters of the last layer with the most downsampling ra-
tio, denoted as µ̂t, (σ̂t)2 and maintain domain-specific BN
parameters µt

d, (σ
t
d)

2 for each domain d for domain detec-
tion. Since autonomous driving involves sequential data,
adjacent frames within the same domain tend to exhibit high
similarity, allowing us to detect domain shifts by computing
the similarity between consecutive frames:

c = sim(µ̂t, µ̂t−1), (5)

where sim(·, ·) calculates the cosine similarity. If c exceeds
a preset threshold τc, we assume the domain remains un-
changed, and continue updating the domain’s decorrelation

parameters (Gt
d,C

t
d) and the domain’s mean and variance:

µt
d = µt−1

d +
µ̂t − µt−1

d

t
, (6)

(σt
d)

2
= (σt−1

d )
2
+

(σ̂t)
2 − (σt−1

d )
2

t
, (7)

with initial values µ0
d = µ̂0, (σ0

d)
2 = (σ̂0)2and µ̂t, (σ̂t)2

are the mean and variance value of BN parameters for the
current input.

If the similarity c falls below threshold τc, we as-
sume a domain change occurs. To determine if this
new domain has been encountered before, we calculate
the Wasserstein distance[31] between the BN parameters
(µ̂t, (σ̂t)2) of the current sample and those of known do-
mains {µt

d, (σ
t
d)

2}d∈{1,··· ,n}, as it effectively reflects the
similarity between distributions and offers relatively stable
computation. If the minimum Wasserstein distance is be-
low a certain threshold, we assign the sample to the match-
ing domain and use point features for pseudo labels from
the DAPL module to update the decorrelation parameters
(Gt

d,C
t
d). Otherwise, we initialize a new domain. The

domain-specific Gram matrix (c.f. Fig. 3a-middle) provides
a significantly more effective decorrelation compared to the
global Gram matrix (c.f. Fig. 3a-right).
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Table 1. Quantitative comparison of continual test-time adaptation from Synth4D to SemanticKITTI-C. We report the mIoU for each
domain as well as the average mIoU across all methods. BP for backpropagation.

Method DA Type BP Domain mIoUBeam Sensor Crosstalk Fog Echo Motion Snow
PSLabel TTA ✓ 26.32 23.31 25.69 18.42 17.52 17.61 16.22 20.73

TENT[40] TTA ✓ 23.82 14.75 12.40 9.17 4.86 10.21 10.34 12.22
GIPSO[33] 3D TTA ✓ 31.49 29.36 26.69 22.83 29.06 16.55 22.89 25.55
EATA[28] CTTA ✓ 28.34 33.01 31.66 25.06 33.72 30.34 21.95 29.15
ViDA[23] CTTA ✓ 31.10 32.72 24.33 20.74 27.52 14.16 20.70 24.47

Source - ✗ 30.92 32.02 23.82 21.12 27.48 13.84 20.52 24.25
T3A[14] TTA ✗ 31.89 30.87 23.10 20.97 27.09 13.09 21.02 24.00

Ours 3D CTTA ✗ 29.47 34.56 32.36 26.45 35.34 32.67 24.92 30.82

Table 2. Quantitative comparison of continual test-time adaptation from Synth4D to nuScenes-C. We report the mIoU for each domain as
well as the average mIoU across all methods.

Method DA Type BP Domain mIoUBeam Sensor Crosstalk Fog Echo Motion Snow
PSLabel TTA ✓ 22.87 20.09 21.52 18.00 21.97 20.78 21.18 20.92
TENT TTA ✓ 14.29 6.04 3.87 14.66 10.05 9.37 11.71 10.00
GIPSO 3D TTA ✓ 26.01 23.39 18.83 18.24 31.95 23.13 20.05 23.09
EATA CTTA ✓ 25.71 22.90 19.60 19.84 30.64 24.50 23.14 23.76
ViDA CTTA ✓ 29.12 25.00 12.78 16.96 33.59 12.60 20.30 21.48
Source - ✗ 26.10 25.01 12.29 16.75 33.33 11.78 20.03 20.75
T3A TTA ✗ 27.60 23.85 10.74 16.22 32.04 10.40 19.24 20.01
Ours 3D CTTA ✗ 26.10 23.15 19.17 20.11 31.12 26.12 23.26 24.15

4. Experimental Results
4.1. Task Settings

Datasets and Metrics. We evaluate our method on
two benchmarks: Synth4D-nuScenes-C and Synth4D-
SemanticKITTI-C. Both benchmarks use Synth4D[33] as
the source domain, containing 20K simulated LiDAR
point clouds. The target domains, nuScenes-C and
SemanticKITTI-C[17], are derived from the real-world
32-beam LiDAR dataset (nuScenes) and 64-beam LiDAR
dataset (SemanticKITTI) with different kinds of synthetic
corruption to simulate urban driving environments. For the
corruption types, we use beam missing, cross-sensor noise,
crosstalk, fog, incomplete echo, motion blur, and snow at
moderate levels, applying each sequentially as a distinct
domain for adaptation, thereby constructing a continuously
evolving target domain. To prevent duplicate scenes across
different corrupted domains, we divide each dataset into
seven equal parts and present them in a fixed order.

Following [33], we adopt mean Intersection over Union
(mIoU) as the evaluation metric.
Baselines. We compare our approach with existing TTA
and CTTA methods on both benchmarks. ‘Source’ is the
model pre-trained on the source domain without any adap-
tation. For TTA, we select several approaches: a pseudo-
labeling method that selects predictions with entropy below

a certain threshold as pseudo-labels to guide model param-
eter updates using cross-entropy loss, an entropy minimiza-
tion method called Tent [40], a prototype-based method
known as T3A [14], and GIPSO [33] leveraging geomet-
ric features and temporal consistency. For CTTA, we in-
clude EATA [28], which optimizes BN parameters through
a weighted Fisher regularizer, and ViDA [23], an adapter-
based approach. Except for the T3A, all the other methods
require backpropagation of the source model.
Implementation Details. Following GIPSO, we use
MinkowskiNet pre-trained on the Synth4D dataset as the
source model. For the DAPL module, we divide the point
cloud into three segments by distance range [0, 50] meters
and set the EMA momentum to 0.95, K to 20, and the con-
sistency threshold to 0.8. For domain-specific decorrelation
for adaption, point-wise features are projected from 96 to
1024 dimensions, with ReLU as the nonlinearity function
ϕ(·). For cross domain detection, cosine similarity sim(·, ·)
is used with a threshold of 0.85. All methods adhere to a
strict one-pass protocol.

4.2. Comparisons on Cross-domain CTTA

We compare with the competing methods as shown in
Tab. 1. Our method achieves state-of-the-art (SOTA) per-
formance in average mIoU across all domains and mIoU on
most individual domains. It improves by 27.1% over the
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Table 3. Performance comparison for the repeated domain setup
from Synth4D to SemanticKITTI-C. We repeat the target domain
sequence three times sequentially and report the average mIoU as
well as the mIoU on each domain for each round.

Time t −−−−−−−−−−−−−−−→
Round 1 2 3

PSLabel 28.43 27.69 24.74
Tent 17.69 12.86 12.84

GIPSO 26.58 27.21 26.77
EATA 29.35 28.99 28.34
ViDA 25.65 25.60 25.55
Source 25.65 25.65 25.65
T3A 24.98 24.98 24.98
Ours 31.14 31.19 31.27

Table 4. Ablation study on Synth4D-SemanticKITTI-C. We se-
quentially report the average mIoU across all domains when
adding each module: decorrelation, domain detection, prototype
learning, distance-aware prototype, and KNN filter.

Decorrelation Domain Prototype Distance KNN Mean
Exp1 - - - - - 24.25
Exp2 ✓ - - - - 30.17
Exp3 ✓ ✓ - - - 30.32
Exp4 ✓ ✓ ✓ - - 30.17
Exp5 ✓ ✓ ✓ ✓ - 30.44
Exp6 ✓ ✓ - - ✓ 30.42
Exp7 ✓ ✓ ✓ ✓ ✓ 30.82

source model and 5.7% over the previous SOTA method,
both achieved without backpropagation. Methods like
PSLabel and TENT perform poorly, likely due to their sim-
plistic reliance on prediction probabilities for pseudo-label
selection, which struggles with large domain gaps. TENT’s
entropy minimization approach appears to further amplify
this issue, causing misalignment of the model’s updates.
In contrast, methods with more refined selection or regu-
larization, such as T3A, GIPSO, and ViDA, achieve mod-
erate improvements. Our approach stands out by offering
substantial performance gains across most domains, partic-
ularly where the source model performed poorly. For ex-
ample, our method achieves significant improvements in
“crosstalk” (34.56%) and “fog” (26.45%) domains, high-
lighting its robustness in challenging conditions. While
our method experiences a minor performance drop in the
“beam missing” domain compared to some baselines, it still
consistently surpasses the source model and most previous
methods in terms of overall performance.

Tab. 2 presents the results on Synth4D-nuScenes-C,
where our method again achieves SOTA average mIoU,
exceeding the previous SOTA method by 1.6% and the
source model by 16.4%, with SOTA results in three do-
mains. Compared to SemanticKITTI-C, the point clouds
in nuScenes are sparser, increasing task difficulty. Con-
sequently, our backpropagation-free approach shows a
slightly less pronounced improvement on this benchmark
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Figure 5. mIoU curves for domain-specific decorrelation (blue)
and global decorrelation (red), evaluated on the Synth4D to
SemanticKITTI-C setting.

and experiences performance drops in the “cross sen-
sor” and “incomplete echo” domains. Nonetheless, our
method consistently demonstrates strong overall effective-
ness across most domains and in average performance.

These results underscore our method’s capability to
adapt across diverse and challenging domain shifts, demon-
strating significant improvements in 3D CTTA tasks. More
results on the light corruption level are presented in the Ap-
pendix. A.1. Results under reverse order are shown in the
Appendix. A.2

Performance on Repeated Domains. Tab. 3 presents
the performance of different methods on domains that re-
occur in a sequence. In this setup, we use three domains,
including “cross sensor”, “crosstalk”, and “fog”, repeat-
ing them cyclically. Our method achieves SOTA perfor-
mance under these conditions, with an improvement of
21.4%, 21.6%, 21.9% over the source model and 6.1%,
7.6%, 10.3% over the previous SOTA method in each re-
spective round. Notably, PSLabel, TENT, and EATA ex-
perience significant performance drops in the later rounds,
suggesting that as they adapt to new domains, the mod-
els tend to forget past domains. T3A maintains consis-
tent performance across all rounds, likely due to its con-
servative prototype update strategy and the lack of model
parameter updates. ViDA, by introducing low-rank and
high-rank adapters to capture domain-shared and domain-
specific knowledge, exhibits only minor degradation in per-
formance. GIPSO shows the most improvement per round,
though its overall performance is not better than some com-
peting methods. By retaining unique decorrelation parame-
ters and prototypes for each domain, our approach not only
achieves optimal performance but also shows steady im-
provement over time, highlighting that our approach can ef-
fectively retain and utilize prior knowledge. More results
on additional repetition rounds (c.f. Appendix. A.3) further
demonstrate the improvements of our method.

4.3. Ablations

Effectiveness of Different Modules. We conduct an ab-
lation study on Synth4D-SemanticKITTI-C to evaluate the
contribution of each component, including the decorrelation

11870



Table 5. Pseudo label accuracy and mIoU using entropy, probability, and KNN filters. The baseline refers to results without any filtering.

Method baseline Ent(30%) Ent(50%) Ent(70%) Prob(30%) Prob(50%) Prob(70%) KNN
Accuracy 54.45 66.36 63.83 60.58 66.35 63.81 60.54 60.77

mIoU 30.44 29.38 29.85 30.36 29.34 29.78 30.34 30.82

module, domain detection, the DAPL module consisting of
prototype and distance partitioning, and KNN filtering, as
shown in the Tab. 4. The decorrelation module significantly
improves model performance for 24.4%, indicating the im-
portance of this module for the CTTA task. When we in-
troduce domain detection to differentiate parameters across
domains, model performance improves further, validating
our previous observations. As shown in Fig. 5, Exp2 and
Exp3 perform similarly on the first domain, but from the
second domain onward, the decorrelation matrix and pro-
totypes of Exp2, which mix information from different do-
mains, experience a noticeable drop in performance. This
phenomenon becomes more pronounced with repeated do-
mains. We conducted 13 rounds of testing, and the results
show that after adding the domain detection module, the
improvement increased from 0.1 to 0.43, detailed data can
be found in the Appendix. A.3. And our domain detection
module achieves an accuracy of 84.28%, where accuracy is
defined as the mean maximum overlap rate per domain. The
accuracy is based solely on the corruption-defined domains
we established, while feature shift plays a more critical role
in performance, influenced by factors such as scene varia-
tions. Thus, it serves only as a rough reference for domain
detection. The ablation study on the threshold of the domain
detection module is presented in Appendix. B.2. Both Exp2
and Exp3 directly use the predictions of the source model as
pseudo labels. In Exp4, adding the DAPL prototype slightly
decreases performance. We suspect that this is due to ex-
cessive incorrect labels causing bias in the prototype update
direction, as distance partitioning and pseudo-label filter-
ing are not yet applied. However, as we sequentially add
distance partitioning and KNN filtering, the model perfor-
mance improves further, resulting in an overall increase of
2.1% compared to the initial Exp2 configuration. When the
DAPL module is removed, as shown in Exp6, the perfor-
mance drops from 30.82 to 30.44, highlighting the module’s
significance.

Effectiveness of the KNN Filter. We test the results
of different strategies for selecting pseudo-labels, includ-
ing entropy, probability, and KNN, examining the result-
ing pseudo-label accuracy and final mIoU of the model’s
predictions, as shown in Tab 5. For each of the en-
tropy and probability-based strategies, we select pseudo-
labels with thresholds of top 30%, 50%, and 70%, respec-
tively. We observe that all filtering methods significantly
improve pseudo-label accuracy. However, both entropy and
probability-based selection led to a decrease in model per-
formance. The KNN filter, though providing a relatively

small improvement in pseudo-label accuracy, achieves the
best overall model performance, underscoring the impor-
tance of spatial information in 3D CTTA.

Further examining results for entropy and probability fil-
ters reveals that as we apply stricter thresholds, pseudo-
label accuracy improves, yet mIoU decreases. This sug-
gests that when a substantial domain gap exists, the distri-
bution of predictions may diverge from the true distribution.
As stricter selection thresholds favor more confident predic-
tions, the pseudo-labels increasingly align with the biased
distribution center, thereby resulting in performance degra-
dation. Further ablation studies on K values are discussed
in Appendix B.1.

5. Conclusion and Discussions

We present a novel domain-aware backpropagation-free ap-
proach for 3D CTTA of LiDAR segmentation. Our method,
D3CTTA, integrates two key modules: the distance-aware
prototype learning module and the domain-specific decor-
relation module. With these two modules, we significantly
improve the robustness and accuracy of LiDAR segmenta-
tion across dynamic and diverse real-world environments.
This approach provides a practical solution for adapting
models to continuously changing conditions without the
need for backpropagation, making it highly suitable for au-
tonomous driving applications. Experimental results across
several benchmark settings demonstrate that our method
outperforms state-of-the-art approaches.

Limitations and Future Work. While our method
achieves state-of-the-art performance, it still degrades in
certain domains. Additionally, Geometric features signifi-
cantly enhance segmentation, yet our approach relies only
on a simple distance prior. In future work, leveraging more
precise geometric features could further enhance perfor-
mance. Another challenge lies in constructing unbiased
pseudo-labels, which remains an open area for exploration.
Our findings indicate that, in the presence of bias, pseudo-
label accuracy does not directly correlate with the model’s
final performance. For instance, selecting the top 30%
entropy-based predictions and filtering out incorrect labels
with ground truth yielded accurate labels, but did not lead
to any performance gain. Conversely, randomly selecting an
equivalent number of labels from the ground truth allowed
the model to nearly match supervised performance. In this
work, we found that directly using KNN is relatively effec-
tive for label selection, yet more refined and precise filtering
techniques are still needed for further improvement.
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