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TLDR. Safely utilize aggressive augmentations for robust LIDAR segmentation by semantic shift localization

Introduction

Goal. Domain-generalized LiDAR semantic segmentation
aims to train on labeled point clouds under normal weather
and generalize to unseen adverse-weather conditions
without accessing target-domain data during training.

Mainstream Paradigm. Augmentation-based training
improves robustness by simulating weather-induced
distortions, e.qg., geometric perturbation and point drop, on
source-domain point clouds.

Problem. Although augmentation improves robustness, its

effectiveness is limited by a fundamental trade-off:

- Mild augmentations are insufficient to cover severe
weather conditions.

« Aggressive augmentations distort point cloud geometry

and density, causing semantic shift.
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Motivation. To fully exploit diverse augmentations, we
need to distinguish two factors in augmented point clouds:
« Semantic confusion: inherent ambiguity between similar
classes, which should be optimized with original labels.
« Semantic shift: augmentation-induced label-semantics
mismatch, which requires adapted supervision.
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Enhanced Augmentatlon Space. We enlarge the
augmentation space to better simulate diverse disturbances:
- Random jittering for geometric perturbation

- Point drop for beam attenuation / occlusion effects

We sample augmentation magnitudes from a broad range to
obtain light-to-heavy distortions during training.

SCP Latent Learning. To capture the model’s inherent
semantic confusion, we learn class-wise discrete Ilatent
representations from predictions on original point clouds:

e Use a VQ-VAE-style latent learner

* Encode prediction patterns into class-specific codebooks

« Reconstruct prediction to enforce informative embeddings
This module builds a semantic confusion prior, which models
normal class-wise ambiguity of the segmentation network.

SSR Localization. We localize semantic shift regions by

treating semantic shift detection as anomaly detection.

Use the frozen prior encoder to map augmented

predictions into latent space.

« Compare augmented latent embeddings with the learned
semantic confusion priors.

Region-Adaptive Optimization. After localization, we

apply different supervision strategies to different regions:

» SCR: optimize with the original labels

» SSR: replace hard supervision with latent prior distillation,
using the global nearest latent code as guidance

This avoids misleading optimization caused by Ilabel—

semantic mismatch in heavily augmented regions.

Eerriments

Quantitative Results on Different Benchmarks.

Table 1: Comparison results of [A] — [C]. * denotes the reproduced result with the same backbone.
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Table 2: Comparison results of [B] — [C]. * denotes the reproduced result with the same backbone.
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Qualitative Results on SemanticKITTI-SemanticSTF.
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