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Supplementary Material

1. Implementation Details

We initialize the model using a Mask4Former check-
point pretrained on SemanticKITTI [1] and Panoptic CU-
DAL [10]. The model is then fine-tuned for up to 10 epochs
on the downstream datasets, with Perlin noise—synthesized
OOD samples included during training. Optimization uses
AdamW with a learning rate of 2 x 10~* and a batch size
of 8 on NVIDIA A100 GPUs. For the NDP matrix 1), the
embedding dimension d is set to 16 unless indicated oth-
erwise. In the SOE loss, the soft OOD target S is fixed to
0.9 for all experiments unless otherwise specified. To com-
pensate for the scarcity of auxiliary OOD points compared
to in-distribution points, their loss contribution is weighted
10000 times higher than that of ID points.

For the Perlin Raise algorithm, the patch radius r is sam-
pled from [0.75, 1.5], the noise strength « is set to 0.4, and
the target ratio p is fixed at 0.3.

2. Explanation of Evaluation Metrics

Point-level Evaluation Metrics Point-level evaluation
metrics for LIDAR OOD detection include AUROC,
FPR@95, and Average Precision (AP). These metrics are
widely used in OOD detection and anomaly segmenta-
tion [2, 4, 9, 12].

AUROC assesses how well the OOD score separates
OOD points from ID points across all possible thresholds.
It is obtained by ranking points by their OOD scores and
measuring how consistently OOD points receive higher
scores than ID points. Because it is threshold-free, AU-
ROC reflects the overall separability of the score function.
However, this metric is not ideal for scenarios with severe
ID/OOD imbalance, and AP is therefore often used as the
main evaluation metric [2, 9].

FPR@95 measures the reliability of the detector at a
high-recall operating point. We first determine the score
threshold that correctly identifies 95% of OOD points, and
then evaluate the proportion of ID points incorrectly flagged
as OOD at this threshold.

Average Precision evaluates the quality of OOD detec-
tion under the precision-recall trade-off. By sweeping the
score threshold from high to low, AP quantifies how well
the detector maintains high precision as it covers more OOD
points. The AP score is the integral of the resulting pre-
cision—recall curve, typically approximated through mono-
tonic interpolation. AP is especially informative for LIDAR
OOD segmentation because it naturally handles the severe
imbalance between ID and OOD points.

Object-level Evaluation Metrics The STU bench-
mark [9] provides fine-grained instance masks for all
OOD objects and adopts Panoptic Quality (PQ) [7]
as the primary metric for object-level anomaly seg-
mentation. PQ evaluates instance-level performance
by combining Segmentation Quality (SQ) and Recog-
nition Quality (RQ). For a class ¢, it is defined as:
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A predicted object is counted as a true positive (TI(’))if it
overlaps with a ground-truth instance with Intersection over
Union (IoU) greater than 50%. Unmatched predictions are
counted as false positives (FP), and missed ground-truth in-
stances as false negatives (FN). Ignore regions are excluded
from evaluation and predictions inside these regions are not
penalized.

For in-distribution classes, the final PQ score is obtained
by averaging PQ),_ over all classes. For anomaly segmenta-
tion, all OOD objects are grouped into a single class, and
PQ is reported for this aggregated category.

To quantify anomaly recall, STU also reports the Un-
known Quality (UQ) metric [11]:
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Unlike PQ, UQ does not penalize false positives, allowing
the metric to focus purely on the model’s ability to retrieve
anomaly instances. As with PQ, an IoU threshold of 50%
is required to count a prediction as a true positive. How-
ever, anomaly segmentation in LiDAR scenes requires both
high anomaly recall and careful control of false positives,
since excessive false alarms can negatively affect down-
stream planning [9].

3. Additional Visualization

Fig. 1 and Fig. 2 illustrate the qualitative performance of
our method. Across diverse environments, including nar-
row urban alleys and unstructured rural roads, the model
consistently identifies a broad range of OOD objects such as
armchairs, fallen branches, packages, and yoga mats. Our
method also substantially reduces the false positive rate.
In addition, baseline approaches such as MaxLogit [6] and
RbA [8] incorrectly label tree trunks as OOD in forest envi-
ronments, where dense geometry and cluttered backgrounds
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Figure 1. Additional visualization of OOD score map on the STU benchmark with image reference. Points are labeled as inlier, anomaly,
and unlabeled. Our approach yields precise and coherent anomaly masks while maintaining a low false-positive rate on inlier regions.

make boundary estimation difficult. Our model maintains
reliable predictions in these complex scenes, avoiding such
false positives and producing cleaner and more consistent
OOD masks under challenging structural variability.

In addition, as showin in Fig. 3, we provide visual-
izations of the OOD map on SemanticKITTI, where our
method still performs well, demonstrating generalization
across datasets.

4. Additional Results

Tab. 1 presents an ablation study on the template size d of
the NDP matrix ¢, where d determines the dimensionality
of the vectors stored in ¢ as the learnable prior. A moder-
ate NDP size yields the best performance: d = 16 achieves
the highest AP (74.24%) and a strong AUROC (99.53%).
Overall, NDP is not highly sensitive to this hyperparame-
ter. Smaller values of d store fewer parameters and struggle
to capture the dynamics of the logit distribution, whereas
larger values introduce additional parameters that are more
difficult to optimize and may lead to overfitting.

We validated our method using a lightweight

Table 1. Ablation study of template size d in NDP matrix v, where
d is the dimensionality of the vectors stored in 1) as the learnable
prior.

d AUROCt FPR@95] AP+
8 99.42 121 7029
16 99.53 143 7424
32 99.20 1.67  70.14

MinkUNet [5] backbone. As shown in Tab. 2, our
method consistently improves OOD detection performance.

Table 2. OOD Detection Results of NDP-EE using various back-
bones

Method AUROC1T FPR@95] AP?
Static Extended Energy 98.33 294  58.36
NDP-EE 99.19 2.89 70.29

Tab. 3 and Tab. 4 report the in-distribution per-class
panoptic segmentation performance on the STU and Se-
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Figure 2. Additional visualization of OOD score map on the STU benchmark. Points are labeled as inlier, anomaly, and unlabeled. Our
approach yields precise and coherent anomaly masks while maintaining a low false-positive rate on inlier regions.



Figure 3. Visualization of OOD score map on the SemanticKITTI. Points are labeled as inlier, anomaly, and unlabeled. Our approach
yields precise and coherent anomaly masks while maintaining a low false-positive rate on inlier regions.

Table 3. In-distribution per-class performance of the methods on the
panoptic segmentation performance to standard Mask4Former training.

validation set of STU [9] dataset. Our model retains comparable
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Table 4. In-distribution per-class performance of the methods on validation sets of SemanticKITTI [1]. Our model retains comparable

panoptic segmentation performance to standard Mask4Former training.
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manticKITTI validation sets. Our model (NDP-EE) pre-
serves segmentation accuracy comparable to the standard
Mask4Former [13] baseline. On STU [9], Mask4Former-
NDP achieves a PQ of 52.37, matching the closed-set
performance of Mask4Former and substantially surpass-
ing variants trained with void classification. On Se-
manticKITTI [1], Mask4Former-NDP maintains strong
segmentation quality with a PQ of 59.38, closely track-
ing the original closed-set Mask4Former and outperform-
ing other OOD-training-based counterparts. These results
indicate that the incorporation of the proposed NDP module
does not compromise closed-set segmentation performance.

5. Dataset Statistics

For OOD detection, class imbalance is especially severe in
LiDAR data and makes anomaly discrimination more diffi-
cult. This motivates the use of adaptive mechanisms such
as distribution-aware priors or dynamic reweighting.

As shown in Fig. 4, SemanticKITTI [1] exhibits an ex-
tremely long-tailed distribution. Vegetation, road, and side-
walk account for the majority of points. Vegetation alone
contributes more than one quarter of the dataset, and the
top four to five classes collectively comprise more than half
of all annotated points. In contrast, classes such as motor-
cyclist, bicyclist, bicycle, person, and traffic sign appear in
very small quantities, often below one percent of the total
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Figure 4. Class distribution in the SemanticKITTI dataset. In the dataset, vegetation, road, and sidewalk account for most points. Vegetation
alone contributes more than a quarter of all points, and the top four to five classes collectively exceed half of the dataset. In contrast, many
classes such as motorcyclist, bicyclist, bicycle, person, and traffic sign appear in extremely small proportions. These categories often fall

below one percent of the total point count.

point count.

In STU [9], most evaluation sequences provide only
three labels: inlier, anomaly, and unlabeled, without de-
tailed in-distribution class annotations. We therefore use
sequence 201, which includes full semantic labels, as a rep-
resentative example. As shown in Fig. 5, this scene contains
over 90 million LiDAR points. Similar to SemanticKITTI, a
few head classes, including vegetation, road, and sidewalk,
dominate the point cloud, while rare categories such as per-

son, traffic sign, and bicycle account for less than 0.5% of
all points.

Our innovation directly targets this issue. By introduc-
ing a learnable distribution prior and reweighting logits
through a class-dependent attention mechanism, the pro-
posed framework models the characteristic prediction pat-
terns of each class rather than assuming a uniform inlier dis-
tribution. This enables more faithful calibration across both
head and tail categories and substantially improves OOD
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Figure 5. Class distribution in the STU dataset. Using the sequence 201 with full annotation as an example, the scene contains over 90
million LiDAR points in total. A few dominant classes, such as vegetation, road, and sidewalk, occupy most of the point cloud. Rare
classes like person, traffic-sign, and bicycle comprise less than 0.5% of all points.

scoring in long-tailed LiDAR scenes.

6. Visualization of OOD Samples Generated by
Perlin Noise

The Perlin Raise augmentation produces synthetic OOD re-
gions highlighted in blue, which exhibit substantial vari-
ation in geometry and scale. As shown in Fig. 6, these
OOD insertions span small localized perturbations to larger,
irregular structures that integrate coherently with the sur-
rounding scene layout. This diversity yields a wide range

of anomaly shapes that are not repetitive and do not cor-
respond to any in-distribution semantic category. The re-
sulting samples provide a rich and varied training signal for
OOD detection, enabling the model to learn more gener-
alizable decision boundaries and reducing susceptibility to
overfitting on narrowly defined auxiliary OOD data.

Although Perlin noise does not explicitly model oc-
clusion, we observe that it still performs well in prac-
tice. Future work may incorporate more realistic ge-
ometric constraints, such as occlusion-aware genera-
tion.



Figure 6. Range-view visualization of Perlin Raise—generated
OOD samples. Blue regions denote synthetic anomalies.
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