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Abstract

LiDAR semantic segmentation must remain robust under
various sensor and environmental corruptions to be reli-
able in safety-critical applications. Existing test-time adap-
tation methods, including approaches based on pseudo-
labels and normalization statistics, have shown promising
results but can still struggle under severe distribution shifts.
To complement these approaches, we propose a geometry-
aware test-time training framework that leverages an aux-
iliary self-supervised objective. Our method is based on
geometric inlier discrimination (GeoID), which injects syn-
thetic off-manifold points into the input and trains the model
to distinguish geometry-consistent inliers from synthetically
displaced outliers, enabling adaptation on unlabeled test
data. To further stabilize this process under real corrup-
tions, we introduce bidirectional unreliable point filtering
(BiUPF), which uses inlier scores from the source-trained
model to filter out unreliable regions on both original and
synthetic points, focusing updates on high-confidence sam-
ples. Experiments on two large-scale corruption bench-
marks, SemanticKITTI-C and nuScenes-C, show that our
method consistently outperforms strong test-time adapta-
tion baselines and improves robustness across diverse Li-
DAR corruptions. Our code is available at https://
github.com/hskim617/GeoID.

1. Introduction
LiDAR semantic segmentation (LSS) predicts a semantic
label for each point in a 3D point cloud captured by LiDAR
and is vital for understanding the surrounding environment
in applications such as autonomous driving and robotics.
With recent advances in deep learning, data-driven super-
vised LSS methods [1, 7–10, 12, 13, 21, 23, 27, 32, 33,
41, 42, 45, 49, 52] have demonstrated remarkable perfor-
mance. These approaches achieve strong accuracy when
the test data follows the same distribution as the training
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Figure 1. Overview of the proposed method. At test time,
we adapt the model using a geometric inlier discrimination task,
which serves as self-supervision for test-time training. Synthetic
off-manifold points are injected into the raw test input, and the
model is trained to distinguish geometry-consistent inliers from
synthetically displaced off-manifold outliers, learning to capture
the shared geometric structure under corruptions.

data, but in practice this assumption is often violated due
to sensor failures and changing environmental conditions.
Such data corruptions have been shown to significantly de-
grade the performance of LSS methods, weakening their
robustness [22, 47]. In dynamic environments such as au-
tonomous driving, where conditions constantly evolve and
are inherently unpredictable, adapting to distribution shifts
in an unsupervised manner at test time is therefore critical.

Test-time training (TTT) adapts a model to the test dis-
tribution by utilizing unlabeled test data online during test-
ing. There have been several studies on TTT in the 2D im-
age domain, focusing on regularizing the model by using
the entropy of predictions in the test data as the objective
function [25, 43, 48], updating batch normalization statis-
tics with test data [28, 30, 38], or solving self-supervised
tasks on the test data to provide supervision for adapta-
tion [26, 40]. However, directly applying these method-
ologies to 3D point clouds has proven to be less effec-
tive [29, 35]. In recent work on LiDAR semantic segmen-
tation, several studies have explored online TTT to adapt
to distribution shifts in LiDAR point clouds [35, 51, 53].
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These methods either aim to obtain more accurate pseudo-
labels for self-training or to stabilize adaptation by fusing
normalization statistics. However, self-training methods
can be limited in effectiveness due to inaccurate model pre-
dictions, especially in severely corrupted environments or
under substantial domain shifts. This highlights the need
for an effective self-supervised objective for test-time train-
ing in LiDAR semantic segmentation.

In this paper, we introduce a test-time training frame-
work for LiDAR semantic segmentation under corruption
that exploits an auxiliary self-supervised objective. Our
key idea is to identify and leverage geometry-consistent
inliers that remain close to the underlying scene mani-
fold at test time. To this end, we propose geometric in-
lier discrimination (GeoID), which trains the model to dis-
tinguish geometry-consistent inliers from synthetically dis-
placed off-manifold outliers. Concretely, we construct syn-
thetic off-manifold points by applying axis-aligned spa-
tial displacements to the input point cloud and form a bi-
nary discrimination task between original and off-manifold
points, as illustrated in Fig. 1. In the source domain,
the model is jointly trained for semantic segmentation and
GeoID. At test time, it is adapted on unlabeled target data
using only the GeoID loss, which encourages the encoder
to capture the geometric structure of the target scenes even
under corruption. To further stabilize this self-supervision
under real corruptions, we propose bidirectional unreli-
able point filtering (BiUPF), which uses inlier scores from
the source-trained model to estimate point-wise reliability.
Then, it filters out ambiguous regions on both original and
synthetic points, retaining only high-confidence inliers and
outliers for GeoID updates. This focuses adaptation on
points that clearly follow or violate the scene geometry, pre-
venting harmful updates. Overall, our framework enables
geometry-aware test-time training that is robust to a wide
range of LiDAR corruptions, and consistently outperforms
strong TTA baselines on two large-scale corruption bench-
marks, SemanticKITTI-C and nuScenes-C.

Our main contributions are as follows: (1) We pro-
pose a geometry-aware test-time training framework for Li-
DAR semantic segmentation under corruption, based on ge-
ometric inlier discrimination (GeoID) as an auxiliary self-
supervised objective. (2) We introduce bidirectional un-
reliable point filtering (BiUPF), which filters out unreli-
able points on both original and synthetic inputs to stabi-
lize GeoID supervision and prevent harmful updates. (3)
We show that our method consistently outperforms strong
test-time adaptation baselines on SemanticKITTI-C and
nuScenes-C across diverse LiDAR corruptions.

2. Related Work
Unsupervised Domain Adaptation for LiDAR Semantic
Segmentation. LiDAR semantic segmentation is a core

component of scene understanding for robotics and au-
tonomous driving. Extensive research has explored how to
efficiently process LiDAR data, including point-based [13,
24, 33, 42], voxel-based [8, 41, 52], and projection-based
methods [1, 6, 21, 45, 49], each tailored to the sparse and
irregular nature of 3D measurements. Despite their success,
adapting such models to out-of-distribution (OOD) data re-
mains challenging, as changes in sensors, environments,
and weather can significantly degrade performance.

Unsupervised domain adaptation (UDA) has been ac-
tively studied to mitigate this issue by bridging the distribu-
tion gap between a labeled source domain and an unlabeled
target domain. Feature-alignment methods [4, 46] reduce
the discrepancy between source and target representations,
while adversarial training [16, 34] introduces a domain dis-
criminator to encourage domain-invariant features. More
recent approaches further enhance robustness by explicitly
learning domain-invariant representations [18, 19, 36, 37,
50]. Although UDA has shown promising results by lever-
aging unlabeled target data during training, real-world de-
ployments often impose stricter constraints: the source data
may be unavailable due to privacy or storage limitations,
and target data may not be accessible before deployment.
These constraints highlight the need for source-free, test-
time adaptation approaches that can robustly handle distri-
bution shifts using only target domain observations at infer-
ence.

Test-Time Training. Test-time training (TTT) refers to
adapting a model, initially trained on source data, to tar-
get data when access to the source data is unavailable dur-
ing testing. Several prominent TTT techniques have been
proposed in the image domain, including entropy mini-
mization and batch normalization adaptation. [31, 43] use
the entropy minimization objective on model predictions
to perform adaptation to the target domain. [25] extends
entropy minimization by incorporating a diversity objec-
tive, transferring the hypothesis learned from the source
data to the target distribution. [17, 28, 30, 38] adjust the
model batch normalization statistics for adaptation. An al-
ternative approach employs self-supervision for TTT, ini-
tially introduced through rotation prediction [40] as a self-
supervised task, which has since expanded to include var-
ious auxiliary tasks [2, 11, 26]. Moreover, recent stud-
ies have validated the effectiveness of TTT in various
3D vision tasks, including point cloud classification [29],
3D shape completion [39], and semantic scene comple-
tion [15]. In the LiDAR domain, TTT methods have also
been explored. For example, [35] leverages pseudo-labels
to facilitate synthetic-to-real adaptation, while [53] learns
prototypes in the target domain and uses them to refine
pseudo-labels. Batch normalization adaptation has also
been explored for LiDAR [51]. However, existing LiDAR-
focused TTT methods can suffer from erroneous optimiza-
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Figure 2. Overview of our GeoID-based test-time training framework for LiDAR semantic segmentation. During source training, the
encoder is jointly optimized with a segmentation head and a GeoID head using raw and synthetic point cloud. At test time, GeoID together
with bidirectional unreliable point filtering (BiUPF) selects reliable inliers and outliers to drive self-supervised adaptation.

tion caused by inaccurate model predictions or unstable
adaptation under severe distribution shifts, particularly in
heavily corrupted environments. To address these chal-
lenges, we propose a novel TTT framework for LSS that
incorporates a self-supervised task. Our work demonstrates
the advantages of using geometric inlier discrimination as
an auxiliary task for TTT through experiments on datasets
corrupted by adverse weather or sensor failure.

3. Method
In this work, we propose a test-time training (TTT) frame-
work for LiDAR semantic segmentation. Given a model F
trained on a source domain Dsrc ∼ Psrc and deployed on
a target domain Dtgt ∼ Ptgt, the goal of TTT is to adapt
model to Ptgt using only unlabeled test samples, thereby
improving robustness under domain shift without requiring
semantic supervision.

In practice, various LiDAR corruptions at test time
(e.g., adverse weather, sensor failures) distort the observed
point cloud and push measurements away from the clean
scene geometry learned in the source domain. Never-
theless, the underlying 3D structure of the environment
(roads, buildings, vehicles) remains largely shared across
domains. Our key idea is to identify and leverage geometry-
consistent inliers that remain close to the true scene mani-
fold, while down-weighting corrupted, off-manifold mea-
surements at test time. To this end, we introduce geo-
metric inlier discrimination (GeoID) as an auxiliary self-
supervised objective (Sec. 3.1), which trains the model to
distinguish geometry-consistent inliers from synthetically
displaced off-manifold outliers. Our overall framework is
illustrated in Fig. 2. During source training, we jointly
optimize the semantic segmentation head and the GeoID
branch with a shared encoder (Sec. 3.2). At test time, we
update the encoder and the GeoID decoder using inlier dis-
crimination loss (Sec. 3.3). To further stabilize this self-
supervision, we discard low-confidence predictions on both
original and synthetic points and update the model only with

high-confidence inlier and outlier samples.

3.1. Geometric Inlier Discrimination
We introduce GeoID, a self-supervised task that explicitly
leverages LiDAR scene geometry. Given an input LiDAR
point cloud, we construct a synthetic outlier distribution Q
that intentionally breaks local geometric regularity and use
it to supervise a binary discrimination between geometry-
consistent inliers and off-manifold outliers.

We denote the raw point cloud by X = {pi}Ni=1, where
each point is represented as

pi = (xi, ri) ∈ R4, (1)

with xi ∈ R3 the 3D coordinate and ri ∈ R the LiDAR
intensity. We construct off-manifold outliers by applying
axis-aligned spatial displacements to the point coordinates
along a randomly selected axis:

x̃i = xi + ea u, u ∼ U([−δ, δ]), (2)

where ea is one of the three unit vectors aligned with the x,
y, or z axis. For each displaced coordinate x̃i, we assign an
intensity by copying from its nearest real point,

r̃i = rj(i), j(i) ∈ argmin
k

∥x̃i − xk∥2, (3)

and define the synthetic point p̃i = (x̃i, r̃i). Let X̃ =
{p̃i}Ni=1 denote the set of synthetic points. We then form
an augmented point cloud X̂ = X ∪ X̃ = {p̂i}2Ni=1 by in-
jecting the synthetic points into the original point cloud. We
denote by P the real inlier distribution over X and by Q the
synthetic, geometrically implausible outlier distribution in-
duced by Eq. (2).

Finally, we assign binary labels zi ∈ {0, 1}, with zi = 1
for original points pi ∈ X and zi = 0 for synthetic points
p̃i ∈ X̃ . These self-supervised labels define the GeoID ob-
jective and are used to train the inlier-outlier discriminator
both during source training and at test time for adaptation.
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3.2. Joint Training
We jointly optimize the semantic segmentation decoder Φs

and the GeoID decoder Φg with a shared encoder Φe on
source data. This multi-task setup encourages Φe to cap-
ture features that are both semantically discriminative and
sensitive to geometric plausibility.

Given a labeled point cloud X = {pi}Ni=1 with labels
Y = {yi}Ni=1, we generate synthetic point cloud X̃ and
form the augmented point cloud X̂ . Synthetic points in X̃
are excluded from the segmentation loss via an ignore mask.
Let p(y | p) = softmax(Φs(Φe(p)))y . Then, we minimize
the cross-entropy on raw points X for the semantic segmen-
tation:

Lseg =
1

|X |
∑
pi∈X

[
− log p

(
yi | pi

)]
. (4)

The GeoID decoder produces inlier scores c(p̂i) =
σ(Φg(Φe(p̂i))) ∈ [0, 1], where σ(·) denotes the sigmoid
function, and is trained with the binary cross-entropy loss:

Lgeo =
1

|X̂ |

∑
p̂i∈X̂

[
−zi log c(p̂i)−(1−zi) log

(
1−c(p̂i)

)]
.

(5)
The overall joint training objective simply sums the seg-

mentation loss and the GeoID loss:

Ltrain = Lseg + Lgeo. (6)

Through this joint optimization, Φe learns to segment the
real inlier distribution P while simultaneously separat-
ing geometry-consistent regions likely under P from off-
manifold regions likely under Q, providing a suitable ini-
tialization for test-time training with GeoID.

3.3. Test-Time Training
At test time, LiDAR points arrive sequentially, and the
model adapts using only the GeoID objective. For each
test sample X , we construct B independent synthetic out-
lier sets {X̃b}Bb=1 as in Eq. (2) and form a mini-batch of
augmented point clouds

{X̂b}Bb=1 =
{
X ∪ X̃b

}B

b=1
, (7)

where B is the mini-batch size.
Bidirectional Unreliable Point Filtering. In real-world
corruptions at test time, some LiDAR measurements are ar-
tifacts, and conversely, a displaced synthetic point can occa-
sionally lie on a geometric surface. Both situations indicate
regions where the real-synthetic labeling can be unreliable
due to geometric ambiguity.

To avoid unstable updates from such cases, we introduce
bidirectional unreliable point filtering (BiUPF) shown in
Fig. 3. We keep the source encoder and GeoID decoder,

BiUPF Label

Confidence
Filtering

Synthetic Point
Injection

Raw Input

Augmented Unreliable Points
Outliers
Inliers

Figure 3. Overview of BiUPF. We use inlier scores from the
source model to filter out unreliable points, retaining only high-
confidence inliers and outliers for GeoID supervision.

Φsrc
e and Φsrc

g , frozen after joint training and use them to
compute an inlier score for each point:

csrc(p) = σ
(
Φsrc

g (Φsrc
e (p))

)
∈ [0, 1]. (8)

We then filter out low-reliability points by using the inlier
score csrc(p) as a reliability measure. On the raw input,

Iin =
{
i
∣∣ pi ∈ X , csrc(pi) ≥ τr

}
, (9)

and on the synthetic set X̃ =
⋃B

b=1 X̃b,

Iout =
{
j
∣∣ p̃j ∈ X̃ , csrc(p̃j) ≤ 1− τr

}
, (10)

where τr denotes the reliability threshold. We then define
the reliable index set as I = Iin ∪ Iout. Computing the
GeoID objective only over I focuses gradients on points
that clearly exhibit or clearly violate geometric regularity,
stabilizing self-supervision and steering the encoder toward
geometry-aware features during adaptation.
Test-Time Training. Given the reliable set I from BiUPF,
we perform a self-supervised update for each test sample
using only the GeoID task. We assign binary targets zi = 1
for i ∈ Iin and zi = 0 for i ∈ Iout. We define the GeoID
inlier score produced by the current test-time model with
parameters θ as

cθ(p) = σ
(
Φg(Φe(p))

)
. (11)

The per-sample objective is the binary cross-entropy over
the retained points:

Ltest =
1

|I|
∑
i∈I

[
−zi log cθ(p̂i)−(1−zi) log

(
1−cθ(p̂i)

)]
.

(12)
We update the shared encoder Φe together with the

GeoID decoder Φg . This adaptation refines Φe so that
geometry-consistent structures in the target point cloud are
emphasized and mapped to features that remain compatible
with the segmentation decoder Φs.
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3.4. Theoretical Insight and Intuition
We explain why the proposed geometric inlier discrimina-
tion task with test-time training provides a geometry-aware
self-supervised signal that improves LiDAR semantic seg-
mentation under corruption.
Setup. Let Psrc and Ptgt be the source and target Li-
DAR point distributions, and Qsrc, Qtgt the correspond-
ing synthetic outlier distributions. The GeoID inlier scores
c(x) = σ(Φg(Φe(x))) is trained to predict 1 for real points
and 0 for synthetic points with Eq. (5). During TTT on the
target domain, Φe and Φg are updated using unlabeled test
samples and their synthetic counterparts.
Assumptions. We rely on three mild, realistic assump-
tions: (i) Geometry-consistent inliers: real LiDAR points
are more likely to form coherent geometric patterns (sur-
faces, object shapes, locally consistent structures) than ar-
bitrary off-structure configurations. (ii) Geometry-breaking
synthetic noise: our displacement-based outlier construc-
tion more frequently produces geometrically implausible
(off-manifold) points than real observations. (iii) Shared
geometry-driven semantics: typical shifts (sensor, sparsity,
weather) alter density and appearance, but the semantic
meaning of geometric patterns (e.g., planar roads, vertical
facades) is largely preserved across domains.
Geometric inlier discrimination. For a fixed (P,Q), the
Bayes-optimal auxiliary classifier is

c∗(x) =
P (x)

P (x) +Q(x)
. (13)

Under (i) and (ii), geometry-consistent points have P (x) ≫
Q(x) so c∗(x) ≈ 1, while geometrically implausible points
have Q(x) ≫ P (x) so c∗(x) ≈ 0. Thus, the optimal so-
lution behaves like an indicator of geometry-consistent in-
liers, without requiring an explicit parametric model of sur-
faces. Minimizing Lgeo therefore encourages the shared en-
coder Φe to separate geometry-consistent and off-manifold
patterns in feature space.
Why geometry over corruption-specific cues. At test
time, supervision comes only from the real versus synthetic
labels. Our synthetic points are designed to break geo-
metric plausibility rather than imitate specific corruptions.
Corruption-specific artifacts (e.g., snow, sensor noise, spar-
sity) arise from the scene and the sensing process and thus
can occur in both real and synthetic points. Because these
cues are not reliably aligned with the real-synthetic labels,
they are suboptimal for minimizing Lgeo. In contrast, geo-
metric consistency is intentionally aligned: coherent struc-
tures are more often real, displaced structures more often
synthetic. Hence, optimization naturally favors geometry-
consistent features over corruption-specific statistics.
Role of bidirectional unreliable point filtering. BiUPF
further sharpens this effect by discarding low-reliability
predictions from both sides. Original points predicted as

noise and synthetic points predicted as real are excluded
from the GeoID loss. This restricts self-supervision to
high-confidence real points that exhibit stable geometry and
high-confidence synthetic points that clearly violate it, rein-
forcing the interpretation of the GeoID task as learning a
robust inlier indicator.
Test-time training effect. Under distribution shift, Φe’s
target features drift, creating a decision boundary mismatch.
TTT with the GeoID loss updates Φe so that target points
forming coherent geometric patterns are mapped to inlier-
like features, while synthetic and clearly off-manifold pat-
terns are pushed away. This reconstruction of a geometry-
consistent inlier region in the target feature space reduces
the mismatch with the source-trained Φs under assumption
(iii), providing a geometry-aware, label-free regularization
that improves robustness across diverse corruptions.
Intuitive view across corruption types. The above per-
spective can be intuitively interpreted across common Li-
DAR corruptions.
• Sensor change / sparsity: Different sensors or ranges re-

duce density, but large-scale shapes (roads, facades, vehi-
cles) remain. GeoID pushes the encoder to focus on such
geometry-consistent patterns rather than absolute density,
so sparse yet coherent structures are still treated as inliers.

• Weather / artifacts: Snow, fog, and spurious returns
create clutter. Since synthetic points are designed to
break geometric regularity and BiUPF removes ambigu-
ous points, the adaptation signal emphasizes stable struc-
tures over clutter-like artifacts.

• Dropout / occlusion: Even with missing regions, remain-
ing points locally preserve consistent geometry. GeoID
reinforces these residual coherent regions as inliers, form-
ing a cleaner inlier manifold from incomplete observa-
tions.

Across these cases, the GeoID with BiUPF consistently
amplifies geometry-consistent patterns and suppresses off-
manifold behavior in the target representation, thereby re-
ducing mismatch with the segmentation decoder.

4. Experiments
4.1. Experiment Protocol
4.1.1. Evaluation Dataset.
We use two large-scale LiDAR semantic segmentation
datasets, SemanticKITTI and nuScenes-lidarseg, as our
source datasets and evaluate their corrupted counterparts,
which introduce various real-world corruptions.
SemanticKITTI [3] consists of 19,130 training samples
and 4,071 evaluation samples from sequence 08, captured
by a 64-beam LiDAR and annotated with 19 semantic
classes.
nuScenes-lidarseg [5] comprises 28,130 training samples
and 6,019 test samples, captured by a 32-beam LiDAR and
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Table 1. Comparison results against test-time adaptation methods, reporting mIoU (%) for each corruption type in SemanticKITTI-C. The
best result is highlighted in bold.

Method Fog Wet Ground Snow Motion Blur Beam Missing Crosstalk Incomplete Echo Cross Sensor Mean

Source-only 33.20 45.53 32.04 54.09 51.05 24.46 50.54 47.76 42.33
TTT [40] 36.79 47.84 33.69 53.23 51.20 27.10 50.81 47.99 43.58
TENT [43] 35.80 38.37 35.04 52.19 48.70 29.37 48.60 44.55 41.58
DUA [28] 32.46 39.13 35.09 52.73 49.52 28.58 49.39 45.68 41.57
GIPSO [35] 31.64 37.47 34.87 51.09 47.68 31.83 47.38 43.80 40.72
HGL [53] 35.92 37.84 35.62 52.05 48.42 28.51 48.10 44.75 41.40
GeoID (Ours) 40.14 47.66 40.63 54.59 52.10 40.82 50.79 48.97 46.96

annotated with 16 semantic classes.
Corruption dataset [22] consists of SemanticKITTI-C and
nuScenes-C, which apply eight types of corruptions, includ-
ing adverse weather, disturbances, and sensor failures, to
the original datasets. We follow the same split configura-
tion as the original datasets. Each corruption dataset pro-
vides three severity levels, and we report the average over
all levels for our main evaluation.

4.1.2. Baseline

Most existing TTA methods for LSS primarily target
synthetic-to-real adaptation and use MinkowskiNet [9] as
their backbone. Following this setting, we evaluate corrup-
tion robustness on real-world datasets using MinkowskiNet,
and compare our approach against these LiDAR TTA meth-
ods as well as several representative TTA methods origi-
nally proposed for 2D vision. In addition, we evaluate our
method on a recent corruption-robustness benchmark built
on top of the Cylinder3D [52] backbone.
Source-only models are trained only on semantic labels and
evaluated on test samples using original LiDAR data.
TTT [40] adapts the model parameters using an auxiliary
self-supervised task, specifically rotation prediction. Orig-
inally designed for the image domain, the implementation
was modified for LiDAR by predicting rotations of 0, 30,
60, and 90 degrees. The rotation prediction branch shares
the same encoder as the main segmentation branch.
TENT [43] updates batch normalization statistics and trans-
formation parameters using an entropy minimization objec-
tive, thus managing the distribution gap between the source
and target domains.
DUA [28] adapts the statistics of the batch normalization
layer during the online evaluation of target data.
GIPSO [35] generates pseudo labels using the frozen
source model and propagates them based on geometric fea-
tures from an auxiliary branch. The generated pseudo labels
are then used to adapt the target model online.
HGL [53] generates local geometric pseudo-labels using
a KNN-based clustering strategy, and prototypes are em-
ployed to finetune the pseudo-labels.

4.1.3. Implementation Details
We train the model from scratch on both source datasets
with a learning rate of 0.01 and a batch size of 4. For
all training, including both the baselines and our method,
we use data augmentations such as random rotation around
the z-axis, random translation, scaling, and random flipping
along the x, y, or x–y plane. However, for TTT [40], we use
quantized rotation angles instead of fully random rotations
for the rotation prediction task. For a fair comparison, we
keep the architectural details identical to those of the cor-
responding baselines. During test-time training, we use a
learning rate of 0.001 for both evaluation datasets. We em-
ploy the Adam optimizer [20] for both joint training and
test-time training, and use a mini-batch size of B = 2 dur-
ing test-time training. Additional implementation details
are provided in the supple.

4.2. Results
Table 1 shows the results for all corruption types on
SemanticKITTI-C. Our method significantly outperforms
all baselines across most corruption types. This demon-
strates that the proposed GeoID provides effective self-
supervision during test-time training, allowing the model to
successfully adapt to corrupted LiDAR data. Methods such
as TENT [43], which introduces entropy-based regulariza-
tion, and DUA [28], which updates batch normalization
statistics, show poor performance, suggesting that methods
originally designed for the 2D image domain are not effec-
tive when directly applied to LiDAR point clouds. Surpris-
ingly, GIPSO [35] and HGL [53] that were proposed specif-
ically for test-time adaptation in LiDAR semantic segmen-
tation also perform poorly except for a few corruption types.
We suspect that self-training methods relying on pseudo-
labels struggle to adapt under severe distribution shifts, as
inaccurate pseudo-labels hinder effective adaptation.

In contrast, TTT [40] slightly outperforms the source-
only model overall, indicating that the rotation prediction
task helps the model adapt by capturing information across
the entire LiDAR scene. However, the large performance
gap between our method and TTT [40] suggests that the
rotation prediction task is less suitable for test-time train-
ing of LSS models than the proposed GeoID task. Overall,
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Table 2. Comparison results against test-time adaptation methods, reporting mIoU (%) for each corruption type in nuScenes-C. The best
result is highlighted in bold.

Method Fog Wet Ground Snow Motion Blur Beam Missing Crosstalk Incomplete Echo Cross Sensor Mean

Source-only 47.23 69.12 37.69 67.20 63.07 19.71 59.62 46.38 51.25
TTT [40] 46.11 66.91 45.03 65.17 61.89 16.84 59.14 47.16 51.03
TENT [43] 33.94 63.77 40.29 64.10 59.34 32.40 56.30 42.52 49.08
DUA [28] 34.83 68.34 42.82 67.27 62.72 32.90 58.85 45.95 51.71
GIPSO [35] 35.74 65.49 39.35 64.12 59.98 28.88 56.94 43.20 49.21
HGL [53] 33.81 64.05 39.55 63.76 59.39 31.62 56.16 42.46 48.85
GeoID (Ours) 57.40 69.27 53.91 69.12 63.49 30.84 59.72 50.11 56.73

Source-only HGL Ground truthGeoID (Ours)TTT

Car Road SidewalkBuilding Fence Vegetation Snow

Figure 4. Qualitative results on SemanticKITTI-C. The region highlighted in the red circle indicates incorrect predictions.

these results demonstrate that our method is highly effective
at adapting to the target distribution by identifying geomet-
rically consistent inliers and successfully handling a wide
range of corruption scenarios in LiDAR point clouds.

Table 2 shows the results for all corruption types on
nuScenes-C. Our method outperforms the baselines on
most corruption types and performs comparably to the best
method in the remaining cases. This highlights the strong
generalization capability of the proposed approach. Meth-
ods originally designed for the 2D image domain [40, 43]
and LiDAR-domain adaptation methods [35, 53] exhibit se-
vere failures to adapt in some corruption cases. DUA [28]
achieves slightly better overall performance than the source-
only model, but our method still maintains a substantial per-
formance margin over all baselines, further validating the
suitability of the GeoID task for test-time training across
two large-scale benchmarks.

Table 3 reports a comparison on a recent test-time adap-
tation benchmark [51] for LiDAR corruption robustness
built on the Cylinder3D backbone. Even with the Cylin-
der3D backbone, our method achieves the best overall per-
formance and consistently outperforms existing TTA base-
lines. This indicates that our method is not tied to a specific
architecture, but generalizes well across different LiDAR
segmentation backbones. A detailed breakdown of perfor-
mance for each corruption type is provided in the supple.

In Fig. 4, we visualize qualitative semantic segmenta-
tion results on SemanticKITTI-C. Under snow corruption,
both the source-only model and TTT [40] misclassify the
car as vegetation, while HGL [53] misclassifies vegetation

Table 3. Comparison results between GeoID and other test-
time adaptation methods on SemanticKITTI-C using the Cylin-
der3D [52] segmentation model.

Source-only MixNorm TENT CoTTA NormFusion GeoID
[14] [43] [44] [51] (Ours)

52.43 53.83 52.86 54.11 55.25 55.46

as a fence. In contrast, our GeoID correctly predicts the
labels for these points.

4.3. Analysis

We first conduct an ablation study to analyze the effects
of GeoID and BiUPF during test-time training, and then
evaluate how our method performs under different update
strides for sparse adaptation and under continually chang-
ing corruption-induced distribution shifts. All experiments
in this analysis are conducted on SemanticKITTI-C at the
moderate corruption severity level. Additional results on
clean target datasets, the correlation between GeoID and
semantic segmentation, and sensitivity analyses of the re-
liability threshold τr, maximum displacement δ, and per-
turbation direction, are provided in the supple.
Ablation Study. To assess the contribution of each compo-
nent of our method, we perform an ablation study on GeoID
and BiUPF at test-time training. The results are summarized
in Tab. 4. When GeoID is applied together with BiUPF, the
performance consistently improves over the pre-adaptation
model across all corruption types, yielding an average gain
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Figure 5. Effect of update stride on FPS and adaptation per-
formance in test-time training. With a stride of 30, our method
achieves over 12 FPS while preserving its adaptation effect.

Table 4. Ablation study of GeoID and BiUPF within the test-time
training framework on SemanticKITTI-C.

Method Fog Wet Ground Snow Motion Blur

Pre-adapt. 38.3 45.0 33.7 53.0
Adapt. (w/o BiUPF) 42.5 (+4.2) 45.4 (+0.4) 39.8 (+6.1) 54.5 (+1.5)
Adapt. (w/ BiUPF) 42.6 (+4.3) 46.9 (+1.9) 40.7 (+7.0) 54.6 (+1.6)

Method Beam Missing Crosstalk Incomplete Echo Cross Sensor

Pre-adapt. 51.7 25.5 51.3 50.9
Adapt. (w/o BiUPF) 50.5 (-1.2) 43.1 (+17.6) 50.5 (-0.8) 48.2 (-2.7)
Adapt. (w/ BiUPF) 52.7 (+1.0) 40.9 (+15.4) 51.7 (+0.4) 51.3 (+0.4)

of 4.0%. This empirically demonstrates that, under a rea-
sonable assumption on the target distribution, geometric in-
lier discrimination on unlabeled target data can effectively
adapt the model. In contrast, when BiUPF is disabled and
only GeoID is applied, the performance slightly degrades
for all corruptions. For several corruptions (beam missing,
incomplete echo, and cross sensor), the performance even
falls marginally below the pre-adaptation baseline. These
observations indicate that removing unreliable points from
the supervision signal via BiUPF is crucial for GeoID, pre-
venting harmful updates and enabling stable adaptation un-
der corrupted LiDAR inputs.
Update Stride in Test-Time Training. Most of the compu-
tational cost in test-time training arises from backpropaga-
tion. Therefore, when a high frame rate (FPS) is required,
sparse adaptation with a larger update stride can improve
overall FPS. We evaluate our method with various update
strides, as shown in Fig. 5. On an NVIDIA A6000 GPU,
our method runs at over 12 FPS, incurring only a 2.31%
performance penalty when the model is updated every 30
samples, while maintaining an adaptation speed comparable
to typical LiDAR frame rates. Even under this setting, our
method still yields a 2.41% improvement over the source-
only model, showing that it can sustain high FPS while pre-
serving a reasonable level of adaptation.
Continual Test-Time Training. In real-world deploy-

Table 5. Continual test-time training results on SemanticKITTI-
C. “Comb. 1-3” denote three random continual test streams con-
structed by combining eight different LiDAR corruptions.

Method Comb. 1 Comb. 2 Comb. 3

Pre-adapt. 42.79 42.14 44.79
Adapt. 46.61 48.01 49.29

ments, sensor data are often affected by time-varying cor-
ruptions (e.g., noise, blur, and adverse weather). To evalu-
ate the adaptation performance of our method in a contin-
ual test-time training scenario under such evolving corrup-
tions, we construct a setting in which different corruption
types appear in sequence. Specifically, we partition the test
data stream into eight equal segments and randomly assign
one of eight corruption types to each segment. We gener-
ate three such random combinations in total, with full de-
tails provided in the supple. Results on this benchmark are
reported in Tab. 5. Across all combinations, our method
consistently improves over the pre-adaptation performance,
with an average gain of 4.37%. These results show that our
method can successfully adapt even under challenging con-
ditions with continuously evolving corruptions.

5. Conclusion

In this paper, we addressed test-time training for LiDAR se-
mantic segmentation under corruption. We proposed a test-
time training framework that leverages an auxiliary self-
supervised task based on geometric inlier discrimination
(GeoID). We demonstrated that GeoID provides strong self-
supervision under distribution shifts by identifying geomet-
rically consistent inliers in corrupted LiDAR point clouds.
In addition, we introduced bidirectional unreliable point fil-
tering to further improve adaptation by removing unreliable
points from the supervision signal. Finally, we showed that
our method supports efficient sparse adaptation and remains
effective even when distribution shifts change continuously
over time, leading to robust performance across diverse cor-
ruption scenarios.

Limitations and Future Works. Our current instantiation
of off-manifold points relies on simple axis-aligned dis-
placements, without explicitly modeling fine-grained sur-
faces. Developing more accurate surface models and princi-
pled off-manifold perturbations could lead to a more faith-
ful geometry-consistent manifold for test-time adaptation.
In addition, we do not explicitly detect real artifacts caused
by corruptions, nor do we handle highly complex mixtures
of corruptions, both of which are promising directions. Fi-
nally, our method assumes that different domains share sim-
ilar underlying geometry; relaxing this assumption to han-
dle cases where geometry itself changes remains an impor-
tant avenue for future work.
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