
DOODLE: Diffusion-based Out-of-Distribution Learning for Open-set LiDAR
Semantic Segmentation: Supplementary Material

In this supplementary material, we provide additional
materials not included in the main paper due to the page
limitation. The following sections are the implementation
details and additional experimental results.

A. Implementation Details
Feature projection. We utilize 3D semantic point features
projected onto 2D range view as input to our DOODLE
framework. The projected feature resolution is (64, 1024) for
SemanticKITTI [1] acquired from 64-beam LiDAR sensors,
and (32, 1070) for nuScenes [2] with 32-beam sensors.
Diffusion model training. Conventional U-Net [3]-based
diffusion models require a significant amount of computa-
tional load. For ease of implementation and a cost-efficient
framework, we employed U-Net with EfficientNet as the
backbone. For diffusion model training, we set the total
timesteps 𝑇 = 1, 024, and sampled with total timesteps
𝑇 = 256 for cost efficiency.
Detailed algorithm of DAP. The Density-Aware Post-
processing (DAP) algorithm is designed to refine 3D point
cloud predictions by eliminating low-confidence points and
adjusting scores based on spatial density and depth cues. It
operates in three main stages: semantic filtering, clustering
with score adjustment, and density-aware suppression.
Stage 1: Semantic Score-Based Point Filtering. Given a
set of points P = {(𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖)}𝑛𝑖=1 ∈ R

3 with corresponding
semantic scoresS = {𝑠𝑖}𝑛𝑖=1, DAP first filters out points with
scores below a threshold 𝜏score. This results in a reduced set
Pfiltered that contains only high-confidence predictions.
Stage 2: Object Clustering and Score Adjustment. The
filtered point set Pfiltered is clustered using HDBSCAN, pro-
ducing 𝑀 object clusters {𝐶 𝑗 }𝑀𝑗=1 and a set of outliersPoutlier.
Points in the outlier set are assumed to be false negatives and
have their semantic scores boosted by a factor 𝛾 > 1, forming
the adjusted score set S′.
Stage 3: Density-Aware False Positive Suppression. Each
cluster 𝐶 𝑗 is evaluated for potential false positives based on
spatial density and depth consistency. The local density 𝜌 𝑗

of a cluster is estimated using the average 𝑘-nearest neighbor
(kNN) distance of its points. Depth consistency is then
measured by comparing the mean depth of the cluster to
that of the entire filtered point set, resulting in a relative

Figure 1. Diffusion-generated semantic features. Conditioned
on the depth map shown on Top (as well as reflectance), our dif-
fusion model generates the semantic features as shown on Bottom,
demonstrating strong correspondence with the depth map.
Algorithm 1 Density-Aware Post-processing (DAP)
Input: Points P = {(𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖) | 𝑖 = 1, 2, . . . , 𝑛} ∈ R3, corre-

sponding semantic scores S = {𝑠𝑖 | 𝑖 = 1, 2, . . . , 𝑛}
Output: Post-processed points P′ w/ corresp. semantic scores S′

1: // Stage 1. Semantic score-based point filtering
2: for (𝑝, 𝑠) in zip(P,S) do
3: Pfiltered ← 𝑝 if 𝑠 > Percentile(S, 100 − 𝜏score)
4: end for
5: // Stage 2. Object clustering and score adjustment
6: {𝐶 𝑗 }𝑀𝑗=1,Poutlier ← HDBSCAN(Pfiltered)
7: S′ ← 𝛾 · S, for ∀𝑝 in Poutlier
8: // Stage 3. Density-aware false positive suppression
9: for 𝑗 = 1 to 𝑀 do

10: // Compute density of kNN clusters
11: 𝑑𝐶 𝑗

= 1
|𝐶 𝑗 |
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12: 𝜌 𝑗 ← 1/𝑑𝐶 𝑗
⊲ 𝜌: density

// Depth-based correction
13: 𝜌rel, 𝑗 ← 𝜌 𝑗 · (

∑
𝑝∈𝐶 𝑗

𝛿𝑝/
∑

𝑝∈𝑃filtered 𝛿𝑝)
2 ⊲ 𝛿: depth

14: if 𝜌rel, 𝑗 < 𝜏density then
15: 𝑆′

𝑗
← 𝛾 · 𝑆 𝑗 , ∀𝑝 ∈ 𝐶 𝑗

16: end if
17: end for

deviation term 𝛿rel, 𝑗 . If 𝛿rel, 𝑗 falls below a suppression
threshold 𝜏density, the cluster is considered anomalous and
its scores are scaled down by the same factor 𝛾.

The algorithm then outputs a refined set of points P′ and
corresponding semantic scores S′, where outliers are en-
hanced and noisy or inconsistent predictions are suppressed.
This improves the overall reliability of point-level predic-
tions in noisy or cluttered environments.

B. Additional Experimental Results
In Fig. 2, 3, We present qualitative comparisons, show-
ing that DOODLE effectively identifies out-of-distribution
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objects on the SemanticKITTI and nuScenes datasets.

C. Discussion
Our DOODLE utilizes a diffusion model to learn in-
distribution semantic features. If the model has truly cap-
tured the underlying semantics, it should generate coherent
semantic features under appropriate conditioning. In Fig. 1,
we visualize features produced by our diffusion model con-
ditioned on depth and reflectance; the generated features
exhibit a high correspondence with the conditioning depth
map, indicating that the model has effectively internalized
the semantic distribution. As an add-on module, our ap-
proach incurs additional inference time; relative to the LiON
baseline [4], runtime increases by 21.30%. To improve ap-
plicability to autonomous driving, where low latency is crit-
ical, future work will explore more efficient diffusion sam-
pling to lower inference time while preserving the observed
accuracy gains.
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Ground Truth Baseline DOODLE (ours)

Figure 2. Additional qualitative comparison. We compare the OOD detection results on SemanticKITTI base model. Ours detect OOD
class regions remarkably outperforms the baseline. From top to bottom rows: 3D LiDAR point clouds and 2D range-view projections.
From left to right columns: Ground Truth (GT), LiON [4], and DOODLE.
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Ground Truth Baseline DOODLE (ours)

Figure 3. Additional qualitative comparison. We compare the OOD detection results on nuScenes. Ours detect OOD class regions
remarkably outperforms the baseline. From top to bottom rows: 3D LiDAR point clouds and 2D range-view projections. From left to right
columns: Ground Truth (GT), LiON [4], and DOODLE.
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