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Method Effects of Vision Backbone Initialization
Cityscapes pretraining performs (1% SemanticKITTI),
BALVIT Architecture highlighting the value of domain-aligned vision backbones.
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Ablation Study on BALVIT Components
The 2D-3D adapter and BEV decoder contribute most to gains

. 3D Positional Embeddings: Provide spatial alignment between
RV and BEV, enabling seamless cross-view attention in the
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Inference Fusion

. The output Is selected based on the highest logit confidence
y from RV and BEV predictions, using a fixed threshold s.

. This simple uncertainty-aware selection favors fine-grained
RV when confident and falls back to BEV for globally
consistent context.
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