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Intro

� In this paper, we propose DuoSpaceNet, a novel framework that 
fully unifies BEV and PV feature spaces within a single detection 
pipeline for comprehensive 3D perception. Our design includes a 
decoder to integrate BEV–PV features into unified detection 
queries, as well as a feature enhancement strategy that enriches 
different feature representations. In addition, DuoSpaceNet can be 
extended to handle multiframe inputs, enabling more robust 
temporal analysis.

Design
� Multi-view 2D perspective view (PV) features are extracted by the 

backbone and the feature pyramid network (FPN) [1]. Our 2D to 3D 
BEV lifting strategy consists of a parameter-free voxel projection 
following SimpleBEV [2] and a divergence enhancement process to 
make resulting BEV features more distinctive w.r.t. PV features. In 
our duo space framework, multi-view PV features and BEV features 
are identified as equally important and are fed into the decoder 
together. Each decoder layer has one self-attention layer and two 
deformable cross-attention layers [3]. The self-attention layer acts 
on both BEV and PV spaces, whereas each cross-attention layer 
only attends to either BEV features or PV features.
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Figure 1. DuoSpaceNet (ours) where 3D detection benefits from both 
3D BEV and 2D PV feature space. For instance, it is easier to interpret 
3D positions from the above BEV heatmap, whereas PV heatmap 
preserves finer semantic details at higher resolution.

Figure 2. Overall architecture of the proposed DuoSpaceNet. 

Table 1. Comparison on 3D detection results on nuScenes val set.

Figure 4. Qualitative comparison of top-down 3D detection results among our method, 
PV-only, and BEV-only models. Ground truth bounding boxes are in green and 
predictions are in blue. Our prediction aligns most accurately with the ground truth. Figure 3. Diagram of the proposed duo space temporal modeling. Temporal 

pose embeddings. Pose are generated by warping pose vectors at current 
timestamp through motion compensation. Subsequently, temporal duo space 
queries are assembled by broadcasting current content embeddings over the 
time dimension and then combining them with the temporal pose embeddings. 
We then conduct space-specific cross-attention using recent BEV and PV 
feature maps, both of which are maintained by their respective memory queue. 


